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Abstract. XCSis aclassifiersystenthatcombinegeinforcementearningandgenetic
algorithmsto learna setof rulesdescribingthe knowledgeinherentin a datasetRe-
centstudieshave shavn thatXCS is highly competitve with respecto otherclassifier
schemesHowever, thesestudieshave beenmainly basedntheanalysisandimprove-
mentof the classificationaccurag, payingfew attentionto the explanatoryability of
the system.This paperfocuseson the latter aspectWe highlight the high numberof
rulesthat XCS evolvesin real-world datasetswhich makesthe humaninterpretation
of theextractedknowledgedifficult. Therefore we investigateseseralalgorithmsthat
reducetherulesetaftertraining,with theaim of obtaininga simplerexplanationof the
datasetwithout loosingmuchgeneralizatiorability. We comparethreealgorithmsin
termsof the numberof rulesthatarefinally obtainedthe lossin classificatioraccu-
racy andthe CPUcost.We alsofind thattraining XCS duringhighnumberof iterations
doesnotimprove the classificatioraccurag of the systembut increaseshereliability
of thereductionalgorithms.

Key Words Evolutionary Computation ClassifierSystemsMachineLearning,Data
Mining, Classification.

1 Intr oduction

XCS[10, 11]is aclassifiersystenthatis recentlyarisingasa promisingmethodfor classifi-
cationproblemsanddatamining. It hasshawn to be highly competitve with respecto other
machinelearningtechniquessuchas nearesneighboralgorithms,decisiontrees,decision
forests.etc[2, 1], bothin termsof generalizatiorandexplanatorycapabilities.

In datamining, the explanatorycapabilityof a classifieris asimportantasits generaliza-
tion ability. In fact,in mary real-world domains(e.g, medical,financial),humanexpertsare
in searclof knowledgeextractedfrom the databasesatherthansimply amodelthatcanpre-
dict accuratelynew caseshut without accompaging explanationsin this framewvork, XCS
canoffer goodaccurayg resultstogethemwith anexplanationbasedn a setof rules.

Somestudieshave shavn that XCS tendsto evolve a compactruleset,thatis, a ruleset
formedby a minimumnumberof generakules[7]. But althoughthisis truefor classification
problemswith binaryandnominalattributes,this doesnot happerwith real-world problems,
whereattributesare usually real numbers.In thesetypesof problems, XCS usesa hyper
rectanglerepresentatioffil2, 9] thattendsto producea high numberof rules. This implies



little explanatorycapability i.e., moredifficulty to interpretthe knowledgerepresentatioex-
tractedin the ruleset.Moreover, the evolution of high numberof rulesmay producehigher
trainingtimes.

A possiblesolutionto this problemwould beto useadiscretizatiorof attributesandallow
XCStowork asif they werenominalvalues But hiswouldimposealimit onthegeneraliza-
tion ability thatthe systemcouldachiere, sincethediscretizationwould fix apriori the setof
intervalsthatshouldbe used.Insteadwe preferto allow XCS to evolve theseintervalsauto-
maticallyandapplyaposterioriprocesso reduceherulesetln fact,mostof therulesthatare
evolved with the hyperrectangleepresentatiomre redundantules,which overlap partially
with othersandarenot necessaryo achiase a goodclassificationaccurag. The goal of the
reductionalgorithmsis to eliminatesuchruleswithoutloosingmuchclassificatioraccurag.

This paperanalyseslifferentproposal®of reductionalgorithmsin seseralreal-world clas-
sification problems.We studysomealgorithmsproposedn the literature[13, 6], which are
notcomparedieeplysothatit is not clearwhich algorithmoffersbetterbenefits We analyze
thesealgorithmsin termsof the generalizatiorability afterthereductionalgorithm,the num-
berof rulesobtainedandthecomputationatost. Thepapers structuredasfollows. Section2
givesabrief descriptionof XCS andits representatiofor realattributes.Section3 describes
the threereductionalgorithmsusedin our study Next, we presenthe experimentalsetand
giveacomparatie betweerthesealgorithms Finally, we give our conclusionsandguidelines
for futurework.

2 Description of XCS

XCS is a classifiersystemthat learnsiteratively from the interactionwith the ervironment,
accordingto a reinforcementearningschemeand appliesa geneticalgorithmasa search
componentin thefollowing we give a brief descriptionof XCS.

2.1 Repesentation

XCS evolves a population[P] of classifierswhere eachclassifierhasa rule that consists
of a conditionpartanda class:condition — class. For real attributes, XCS usesthe hy-
perrectangleepresentationyherethe conditionpartis a setof intervals [I;, u;]', wherel is
the lengthof the input. Thus,arule’s conditionmatchesaninput example(z1, zo, ..., x;), if
Vi l; < z; < u;. Theactionof theruleis codifiedasaninteger.

To estimatethe quality of eachrule, therearethreemain parametersa) the payof pre-
diction p, anestimateof the payof thattheclassifieiwill receveif its classis selectedb) the
predictionerrore, which estimatesheerrorbetweerthe classifiers predictionandthe payof
andc) thefitnessF', computedasaninversefunctionof the predictionerror.

2.2 PerformanceComponent

XCS learnsincrementally accordingto a reinforcementearningscheme Eachtime step,
an input examplez coming from the training setis presentedo the system.Then, XCS
builds a matchset[M], consistingof thoseclassifiersvhoseconditionsare satisfiedby the
example.Then,a classificationis choserfrom thoseavailablein [M]. This classificationcan
beselectedrom avarietyof regimes,rangingfrom the pure-explore modeto the pure-exploit



mode In pure-&ploremode theclassis selectedandomly In pure-eplore mode,we select
the mostpromisingclass.Underclassificationpure-eploreis usedduringtraining,because
the systemis learningthe consequencesf using eachof the classesPure-aploit is used
whenthe systemis predictingnew unseerexamples.Oncethe classis selectedXCS builds
theactionset[A], whichis formedby all the classifieran [M] proposinghis class.

2.3 ReinfocementComponent

Oncethe classis selectedthe ervironmentreturnsa reward , which is usedto adjustthe
parametergprediction,errorandfitness)of the classifieran [A] (see[4] for the details).

2.4 DiscoveryComponent

The geneticalgorithm(GA) in XCS is usedasa searchmechanismgiscovering promising
rulesfrom the recombinatiorof existing onesanddeletingthoserulesthatdo not contrilute
to the knowledge.The GA is appliedto the actionsets.It selectswo parentsrom the cur-
rentactionset[A] with probability proportionatto fithess.Then,the parentsarecrossedand
mutatedwith probabilitiesy andy respectiely.

Theresultingoffspringareintroducednto thepopulation First,eachoffspringis checled
for subsumptiorj11] with its parentslif eitherof the parentss reliable,accurateandmore
generalthanthe offspring, thenthe offspring is not introducedon behalfof its parent.Sub-
sumptiontries to eliminate specific classifiersthat are coveredby more generalversions,
tendingthusto condensat¢he population.If the offspring classifiercannot be subsumedit
is insertedn the population deletinga potentiallypoorclassifierif the populationis full [8].

3 CompactRulesets:Description of Algorithms

In this sectionwe describehreereductionalgorithms.Thesealgorithmsareappliedoncethe
trainingis performedwith the aim of compactinghefinal rulesetwithoutloosingaccurag.

3.1 Wilson’s Algorithm

Thefirst proposalof areductionalgorithmfor XCS appearsn [13]. Thealgorithmworksas
follows:

1. First, the populationof rules[P] is sortedaccordingto somecriterion, suchasthe nu-
merosityof the rulesor their experience This sortedpopulationis denotedasM. Then,
thealgorithmselectdhe minimumsequentiasetof classifiersV/,, thatachievesthesame
generalizatioraccurag asM, whentestedover the trainingset7 . M,, is formedby all
classifiers;;, where: < n.

2. OnceM,, is obtainedthealgorithmdeleteshoseclassifierghatdo notincreaseheclas-
sificationaccurag. Thatis, if the accurag of M; is lessor equalthanthe accurag of
M;_1, thenclassifierc; is deleted Theresultingpopulationis denotedas B.

3. Next, thealgorithmtriesto deletetheredundantlassifiersThatis, it selectsheminimum
setof classifierghatcover all thetraininginstancesThis is aniterative processin each



step,it selectsthe rule that coversthe maximumnumberof instancesf 7. Thisrule is
copiedinto the final rulesetC andthe instancedhatit coversaredeletedfrom 7. The
procescontinuesuntil 7 is empty

Thus,thefirst two stepsof the algorithmtry to selectthe minimumnumberof classifiers
that achieve the sameclassificationaccurag asthe original population.The third stepse-
lectsthe minimumsetof classifierscoveringall thetrainingsampleswhereeachclassifieris
selectednaximizingcoverageof examples.

3.2 Proposalsby Dixonetal

In [6] thereareseveralproposal®f alternatve reductionalgorithms Basedonthem,we have
designedwo variantsof a algorithmthat collectsthe mainideasproposedoy Dixon et al.
Thealgorithmis composeaf two mainsteps:

1. Deletionof non-qualifiedclassifiersA qualifiedclassifiechashigh experiencelow error
andhigh prediction.To be exact,a qualifiedclassifieris consideredasonethatachieves:
exrp > Hreducta € < €reduct andp > Preduct Whereereduct’ €reduct andpreduct arethresholds
setby theuser

2. Deletion of non-usefulclassifiers.A useful classifieris consideredas onethatis used
for the classificationof sometraining example,similarly to the third stepof Wilson’s
algorithm.However, the computations different.Here,for eachexampleof thetraining
set7, we form a matchset[M] andwe mark as useful thoseclassifiersof the match
setthat contribute to the classificationof the example.To be exact, from the matchset
[M] we computethe winning class,asexplainedin section2.2. Then,we mark asuseful
only the classifierwith the highestpredictionamongthoseproposingthe winning class.
Anotherpossibilityis to markasusefulall the classifierproposingheselectedtlass We
call theseversionsasD1 andD2 respectiely.

4 Comparison of Reduction Algorithms

In this sectionwe compardhethreereductionalgorithmsnamedw, D1 andD2 respeciiely.
The comparisons madeusingan stratifiedten-fold cross-walidationtest[5] on ten datasets
containingonly realattributes.Most of thesedataset®elongto the UCI repository[3]: bupa
liverdisorderqbpa), Wisconsinbreastcancer(br e), glass(gl s), iris (i r s), pimaindians
diabetegpm ), vehicle(veh) andwine (wne). Biopsies(bps), mammographieémy) and
t ao belongto our own repository(see[2] for thedetails).

We have run XCS with thefollowing parametesettinggsee[4] for thenotation):iter. =
100,000, N = 6400, 8 = 0.2, 8,,,. = nhumberof actions ¢, = 0.001, « = 0.1, v =
5, 064 = 50, x = 0.8, u = 0.04, O, = 50, 0 = 0.1, doGASubsumption = yes,
doActionSetSubsumption = no, Os,, = 50, 79 = 0.1, sp = 0.6, Reward = 1000/0. These
arefairly standardsettingsfor realworld classificationproblems,so we have not tunedthe
parameterspecificallyfor ary particularproblem.The parameterbelongingto thereduction
algorithmsaresetasfollows: 8,.que: = 10, €requet = 0-1, Preduct = 999.

Table 1, first column,shows the high numberof rulesevolved by XCS aftertraining.In
mostof the datasetsthis numberof rulesis evenhigherthanthe numberof instanceof the



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

Dataset XCS W D1 D2
bpa 32536 89,6 934 11341
bps 6061,1 241,6 682,7 1060,7
bre 38858 63,9 68,6 1476,7
gls 41426 61,3 69,4 8484
irs 11410 12,9 10,0 480,9
mmg 5900,7 67,8 2254 2109,5
pmi 4234,2 157,6 196,9 1110,0
tao 788,2 46,9 54,8 209,9
veh 5776,8 1695 282,7 705,6
wne 5206,9 229 36,1 1802,0
Avg 4039,1 93,4 172,0 1093,8
%Reduction 97%  96% 71%

problemitself. ThisdoesnotmeanthatXCSis notgeneralizingln fact, XCS evolvesgeneral
rulesbut mostof themareredundanandoverlappartially with others.Thisis aconsequence
of thehyperrectangleepresentatiocoupledwith the crosseer andmutationoperatorsThe
reductionalgorithmsareall ableto reducesignificantlythis high numberof rules.Specially
theW andD1 algorithmsarethe mosteffective algorithmsin termsof reduction.They reduce
thepopulationin apercentagef 97%and96%respectrely. For example,in theiris problem,
XCSobtainsl141rulesin averagewhile thereductionalgorithmswW andD1 obtain12,9and
10rulesrespectiely. Thisis areasonabl@umberof ruleswhenconsideringhe explanatory
ability of the system.Moreover, the type of explanationobtainedby thesereducedsetsof
rulesis similar to thatobtainedoy decisiontreeslike C4.5(not shown for brevity), providing
amoremeaningfulexplanationthantherulesetwithoutreduction.Thereductionof D2 is less
pronouncedln averagejt performsareductionof 71%,which althoughbeingsignificant,is
not sufficient if we usethe final rulesetfor interpretationof humanexperts.For example,in
theiris datasetyve obtain480,9rules,which is still too high to have an easyexplanationof
theknowledge.

After seeingthe benefitsof the reductionalgorithmsfor the explanatoryability of the
system]et'sanalyzdf they causeasignificantdegradationn classificatioraccurag. For this
purposewe have appliedthe compactulesetdo thetestsetsof theten-fold cross-walidation
experimentandwe have comparedhe classificatioraccurag to thatobtainedby raw XCS.
Theresultsareshavn in table 2. Obsene thatin all casesthe reductionalgorithmsobtain
alossin classificationaccurag. And in mostof thesecasesthe degradationis statistically
significantaccordingto a two-tailed pairedt-testat 99% confidencdevel. This lossis less
pronouncedn the W algorithm,with a meanclassificatioraccurag of 74,60%comparedo
the 80,19%o0f raw XCS. The D2 algorithmis worsethanW, but betterthanD1 becausat
performslessreduction.In fact,thedegradationn classificatioraccurag is reasonablsince
XCS hasbeentrainedto maximizeaccurag with a high numberof rules,sothatreducingit
aposterioricausesiegradation.

We alsocomparethe CPU time of eachof thesealgorithms.Table 3 shovs the costof
thereductionalgorithmsrelatedto the algorithmthatspendghe minimum CPUtime, which
alwayscorrespondso the D2 algorithm.NotethatD1 and D2 arealmostequivalentin this
aspectwhile the W algorithmis significantlythe slowestalgorithm.For example,in the bps
datasett takes356 minutesto reducetheruleset(computedwith a PentiumlV at1.5 GHz).



Table2: Classificatioraccurag (%) aftertraining XCS andafterapplyingthereductionalgorithmsw, D1 and
D2. Statisticaldifferencesare shavn accordingto a two-tailedt-testat 99% confidencdevel. A ¢ is shovn
whentheclassificatioraccurayg 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. The costof theW andD1 algorithmsarerelatedto D2. Thetime of 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 algorithm computeshe reductionmakesthis algorithmto spend
suchCPUtime. Note thatthe W algorithmneedshe computatiorof the classificatioraccu-
ragy of severalsetsof rules.In comparisonthe D1 andD2 algorithmsonly needto compute
this once.In justonestep,the algorithmmarksthe usefulclassifiersTherefore considering
alsoCPUtime, the D1 algorithmoffersareasonablalternatve to the W algorithm.

4.1 Theeffectof highertrainingtime

Theresultsshonn in the previous sectionhighlight a significantdegradationof classification
accurag afterreduction.To avoid this degradationwe have performedan experimentwith
theWisconsinbreasttancerdatasetincreasinghe numberof trainingiterationsto 2,000,000
andthenapplyingagainthereductionalgorithms.Theresultsareshavn in table4.
Comparingheseresultswith thosein tables2 and1, we obsenrethatthe classificatiorac-
curagy of raw XCSis very similarin bothcasedut thenumberof rulesis lesswith 2,000,000
iterations.Thus,increasinghe numberof training iterationsdoesnot influencethe classifi-
cationaccurag. But althoughthe classificationaccurag doesnot increasethe population
achievedby XCS with highertrainingiterationsis different;with higheriterationsXCS has



Table 4: Resultsof XCS (classificationaccurag and numberof rules) training XCS for 2,000,000explore
iterationsin the Wisconsinbreasttancemataset.

Acc (%) #rules
XCS 95,42 1875,0

wW 93,71 26,0
D1 94,12 36,2
D2 92,53 696,0
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Figure 1: Learningcurve of XCS alongthe explore iterations.The curvesshaw respectiely the performance
(classificatioraccurag), the generalizatiorof therules,the numberof rulesandthe systems error.

moretimeto stabilizethe populationandobtaina moregeneralizedetof rules.Thatis why
thenumberof rulesaftertrainingfor 2,000,000terationsis lessthanwith 100,000terations.
This behaior is shavn in figure 1. As a consequencehe numberof rules after applying
the reductionalgorithmsis alsolesswith 2,000,000training iterationsthanwith the previ-
ousresults.The nice effect that ariseshereis that the classificationaccurag after applying
the reductionalgorithmsis not degradedas much asin the previous results(theseresults
alsoagreewith thosein [13]). A two-tailed pairedt-testat 99% confidenceevel revealed
no significantdifferencebetweenthe classificationraccurag of XCS andthatof eachof the
reductionalgorithms.Therefore jncreasinghe numberof training iterationsdoesnot mean
higher classificationaccurag of XCS, but implies betterreliability of the reductionalgo-
rithms. Theseresultsalsoapply to the restof the datasetswhich arenot shown for brevity.
Theonly dravbackof suchhigh numberof iterationsis the costof thealgorithm.It takes142
minutesto train XCS for 2,000,000terationson a singlefold of the Wisconsinbreastcancer
datase{runningonaPentiumlV at1.5GHz).

5 Conclusions

This paperarisesthe needof reducingthe rulesetevolved by XCS classifiersystemin order
to achieve a good explanatoryability. This is specificallyimportantwhen XCS is applied
to real-world datasetswherethe hyperrectangleepresentatiois used.The papercompares
differentapproachesf reductionalgorithmsin severaldatasetswilson’s algorithmshows a
high degreeof reductionandthe fewestdegradationof classificatioraccurag. Its dravback
is thatit consumes$igherCPUtime thanthe D1 andD2 algorithms.The D1 algorithmoffers
a reasonableeductionwith better CPU time, althoughit getslessclassificationaccurag



than Wilson’s algorithm. Training XCS for a high numberof iterationsdoesnot improve
the classificationaccurag but stabilizesthe rulesetso that the reductionalgorithmshave
betterreliability. In this casethereis not a significantlossof classificatioraccurag, andthe
differencesetweenW andD1 arelesspronouncedin termsof classificationaccurag). A
future consideratiorof this work is the useof reductionalgorithmsduring training, so that
we cankeepa compactulesetduringlearning,which couldconsequentlyeducethetraining
time.

Acknowledgments

Theauthorsagreethe supportof Enginyeriai Arquitectuia La Salle aswell asthe supportof
Ministerio de Cienciay Tecnolaia underprojectTIC2002-04036-C05-03.

References

[1] EsterBernad MansillaandJosepM. GarrellGuiu. Accurag/-Based_earningClassifierSystemsModels,
AnalysisandApplicationsto ClassificatioriTasks.EvolutionaryComputation11(3):209-2382003.

[2] EsterBernad Mansilla, Xavier Llora Fabreya, and JosepM. Garrell Guiu. XCS and GALE: a Com-
parative Studyof Two LearningClassifierSystemsn DataMining. In Advancesn LearningClassifier
Systems4th International\Wbrkshop volume2321of Lecture Notesin Artificial Intelligence pagesl15—
132.Springer 2002.

[3] C.L. Blake and C.J. Merz. UCI Repository of machine learning databases,
[http://vww.ics.uci.edumlearn/MLRepositoy.html].  University of California, Irvine, Department
of InformationandComputerSciences]1998.

[4] M.V. Butz and S.W Wilson. An algorithmic descriptionof XCS. In PL. Lanzi, W. Stolzmann,and
S.W Wilson, editors,Advancesn Learning Classifier SystemsProceeding=of the Third International
Workshop volume19960f Lecture Notesin Artificial Intelligence page253—-272.Springer 2001.

[5] ThomasG. Dietterich. ApproximateStatisticalTestsfor ComparingSupervisedClassification_earning
Algorithms. Neural Computation10(7):1895-19241998.

[6] Phillip William Dixon, David W. Corne,and Martin JohnOates. A RulesetReductionAlgorithm for
the XCS LearningClassifierSystem. In Fifth International Workshopon Learning Classifier Systems
(IWLCS’2002) 2002.

[7] Tim Kovacs. XCS Classifier SystemReliably Evolves Accurate, Completeand Minimal Representa-
tionsfor BooleanFunctions.In SoftComputingn EngineeringDesignand Manufacturing pagesc9-68.
SpringerVerlag,1997.

[8] Tim Kovacs. DeletionSchemedor ClassifierSystems.In Proceeding®of the Geneticand Evolutionary
ComputationConfeence (GECCO-99) pages329-336 MorganKaufmann,1999.

[9] ChristopheiStoneandLarry Bull. For Real! XCS with Continuous-\luedinputs. EvolutionaryCompu-
tation, 11(3):299-3362003.

[10] S.W. Wilson. ClassifierFitnessBasedon Accurag. EvolutionaryComputation3(2):149-1751995.

[11] StewartW. Wilson. Generalizationn the XCS ClassifierSystem.In GeneticProgramming:Proceedings
of the Third AnnualConfeence pages$65—674 MorganKaufmann,1998.

[12] StewartW. Wilson. GetReal! XCSwith Continuous-¥luedinputs.In L. Booker, S. Forrest,M. Mitchell,
andR Riolo, editors,Festsairift in Honor of John H. Holland, pages111-121.Centerfor the Study of
Complex Systemspniversity of Michigan,1999.

[13] Stewart W. Wilson. CompactRulesetsfrom XCSI. In Advancesn Learning Classifier Systems4th
InternationalWbrkshop volume2321of Lectuie Notesin Artificial Intelligence pagesl97—210Springer
2002.



