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Wenowhavemanyhugedatabasesaboutvariousfieldsandwewanttoobtain
neWknowledgefromthemKnowledgediscoveryindatabases(ＫＤＤ)isoneof
suchtopics・TheKDDprocesscontainsthefollowingsteps(Berry＆Lino風
1997;Ｌｉｕ＆Motoda,l998a,1998b)：
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Thedatawarehousingstepmcansdalacollecting(､ｒｏｍａｌｏｔｏｆｄｉ鮭rent

sources(theyareakindofdatabase)dependentonapplyingapplications・
Targetdatastepselectionmeansselectingdatalomakeadataset､Cleaning
stepmeansadjustingthedatasetbydeletingmissingvaluesandlowassociation
values・Inthemodelselectionstep,wcnecdtoselccl1hebestmodelingexpres‐
sionandmodelalgorithms（classincationorpattel･n-matchingalgorithm）
fbrapplication・Inthedataminingstep，weusesomemodelingalgorithms
(classificationorpattern-matchingalgorithm)toextractinterestingand/or
usefUlmodels・Theevaluationandin(erpreLalionsLepmeansvalidatingthe
resultsandconsideringtheirmeanings、Thennalstepofconsolidation
meansarrangingthediscovel･edinformaUonmol･eeasilytobecheckedand
reUsed・

Ｉｎｃｏｍｍｏｎ,eachstepisreflerredtoasfollows：
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・datawarehousing今datawarehousing，

otargetdataselection,cleaning,projeclion,ａｎｄreduction今preprocessing，
・modelselection,ｄａｔａmining今ｄａｔａmining，
・evaluationandinterpretation,consolidation今post-processing．

Fordatamining，varioustechlliqueshavebeenpl･oposedforthecon-
structionoftheinflerencesystcmusingclassincationlearning・Ingeneral，
thelearningspeedofasystemusingagelleticprogramming(GP)(Koza，
1992,1994)ｉｓslow,Moreover,bothproblembackgroundknowledgeand

designskillarenecessaryfbrthesyslemdesigner・However,aleamingsystem
whichcanacquirehigher-orderkllowIedgebyadjustingtotheenvironment
canbeconstructed，becausethestructureistreatedatｔｈｅｓａｍｅｔｉｍｅ．

，Ｏｎｔｈｅｏｔｈｅｒｈａｎｄ，thereislheapriorialgorithm（Terabe，Katai，
Sawaragi,Washio,＆Motoda,2000)､arule-generatingtechniqueforlarge
databases・Thisisanassociationl･ulealgorithm,Theapriorialgorithmuses
twovaluesforruleconstruction：asuppol･Lvalueandaconfidencevalue・
Dependingonthesettingofeachindcｘlhreshold，thesearchspacecanbe
reduced，orthecandidatenumbel・ｏｒassociaLionrulescanbeincreased・

However,experienceisnecessaryfol･setlinganeH1eclivethreshold・
Bothtechniqueshaveadvantagesaliddisadvantagesasabove、Inthis

article,weproposeanextendedgcneticprogrammingusingapriorialgorithm
fbrrulediscovery,Byusingthecombinedrulegenerationlearningmethod,it
isexpectedtoconstructasystemthatcanseal･chfbrHexiblerulesinlarge
databases・

Toverifytheefmectivenessoftheproposedmelhod,wediscussthelearn‐
ingmethodbygeneticprogl･ammingcombinedwiththeassociation
ruleconstructionmethodbytheapriorialgorilhmandtheautomatically
definedfilnctiontechnique、Ｗｅａｐｐｌｙｉｔｔｏｔｈｅｄｅｃｉｓｉｏｎｔｒｅｅｃｏｎｓtruction
problemfromtheUniversityofCaliIbmiaatIrvine(UCI)machinelearning
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repository,andtherulediscoveryproblemrl･omtheoccurrenceofthehyper-
tensiondatabase・WecomparethelresultsofIhepl･oposedmethodwithprior
ones．
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Ｔｈｅａｓｓｏｃｉａｔｉｏｎｒｕｌｅｉｓｏｎeoftheexpressionslhatareoftenusedbythe
basketanalysis・Intheassociationruleanalysis，eachcasegenerallytargets
thetransactionfbrmdata・Thetransactionfol･ｍｄａｔａｉｓａｎｉｔｅｍｓｅｔａｓａ
ｍｉｎｉｍｕｍｕｎｉｔofthedatadescription、Co-occurrencepatternamongitem
sｅｔｓｉｎｔｈｅｃａｓｅｉｓｅｘｔｒａｃｔｅｄａｓａｎａｓｓociaUonrulc，Equationlisoneof
associationrulesamples・Theassociationruleisexpl･essedasaco-occurrence
pattemoftheitemsetinthecasedata(Kitsuregawa，1997;Terabeeta1.,
2000)．

β今〃

Bisconditionsofassociationrule・

Ｈｉｓconclusionsofassociationrule

(1)

Bytheordinaryanalysistechnique，ａｌｏｔｏｆｃａｌｃｕｌａｔｉｏｎｔｉｍｅｎｅｅｄｓｔｏ

ｅｘtracttheassociationrulefromalargedatabase、Theapriorialgorithm
canextracttheassociationrulefromalal･gedatabasebyachievingthe
highe伍ciencyofthesearchinrealistictiｍｅ・

Inthebasketanalysis，ｔｈｅｒｅａｒｅｔｗｏｋeyprinciplesthatarecalledthe
monotonicity：

olfasetofitemsSisfifequent(appearsinatleastli･action‘vofthebaskets)，
theneverysubsetofSisalsofrequent．

・Conversely,asetScannotbefrequentunlessallitssubsetsare．

Thefollowingideascanbeusedtofindthebasket,sfrequentitemsetsin
thebasketanalysis(Ullman,2000)．

1．Proceedlevelwise,findingfirstthcfrequenLitems(setsofsizel),thenthe
frequentpairs,thefrequenttriples,etc､Inourdiscussion,weconcentrate
onfindingfi･equentpairsbecause：
（a).Oftenpairsareenough．

（b).Inmanydatasets,thehardestpartisfindingthepairs;proceedingto
higherlevelstakeslesstimethaniindinghequentpairs、

2．Findallmaximalfrequentitemsets(i､e､,selsSofanysize,suchthatno
propersupersetofSis丘equent)inonepassoraflewpasses．

可
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ThefollowingistakenhomAgrawal（1993,1994).Thealgorithmis
calledapriorialgorithm：

Ｍ

鷲

１．Givensupportthresholds,illtheiirstpasswe6ndtheitemsthatappearin
atleastfifaction‘Fofthebaskets､ＴｈｉｓｓｅｔｉｓｃａｌｌｅｄＬｌ，ｔｈｅ丘equentitems・
Presumably,thereisenoughmainmemorytocountoccurrencesofeach
item、

2．PairsofitemsinL1becomethecandidatepairsC）forthesecondpass・Ｗe
hopethatthesizeofCぅisllotsolargethatthereisnotroominthemain
memoryfbranintegercountpercandidatepair,ThepairsinC2whose
countreachessarethefrequentpairs,Ｌ７．

3.Thecandidatetriples,C3arethoseselsい,β,Ｇ}suc11thatallof仏B}，
｛4,Ｃ},and{B,Ｃ}areinL,､O11theIhirdpass,counttheoccurrencesof
triplesinＣ３;thosewithacoullto｢alleastsarethefrequenttriples,Ｌ3.

4.Proceedasfarasyoulike(orthesetsbecomeempty).Liisthefrequent
setsofsizei;ｑ+listhesetofselsofsize/＋lsuchthateachsubsetofsize
iisinＬｉ・

Intheapriol･ialgorithm,lhecandidalco「Lheassociationl･uleisevaluated

byusingtwovalues-supportvalueandcon6dencevalue-whilesearching
fbrtheassociationrules､ThesupportvalueofassociationruleR(s"(R))is
definedineq．(2).ThecollMellcevalueo｢nssociationruleR(s叩(R))is
definedineq.(3)．
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"(ＢＵＨ)meansanumberorcasescollt&liningbothβandHitems,〃(β）
meansanumberofcasescontainingβitems・

Theapriorialgorithm,fbrsuppol･tvalueandconiidencevalue,usesmini-
mumsupportvalueandminimumcoll6dencevalueasthosethresholds・Ifa
candidateofassociationrulecaｎｎｏｔｎｌｌｔｈeseminimumvalues，weassume
thatitsruleexpresseslowassociation・Then，itsruleexcludesevaluationto
reducesearchspaceconsecutively・Therefbl．e，theapriorialgorithmcan
searchflasterthantheotherassociationl･ulcanalysistechniques・

Byoperatingeachminimumvalue,１hecandidatenumberofassociation
rulescanbeincreased，ｏｒｔｈｅｒａｎｇｅｏｆＵｌｅｓｅａｒｃｈｓｐａｃｅｃａｎｂereduced．

．"(ＢＵＨ)meansanumberofcasesconlainingbo(hBandHitems,jVmeans
anumberofallcases．

CO"/(Ｒ：β→〃)＝"(ＢＵＨ）
〃(β）．

(3)

鐸
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However,itispossiblethatanunexpectedl･ulecannotbeextl･actedbyredu‐
cingtherangeofthesearchspace・Moreovel．，theloadofiheexpertwho
analyzestheruleincreaseswhentherearealotofassociationrulecandidates，
anditispossiblethatitbecomcsdimculLLoscaI･ｃｈｌｂｒａｕｓｅｌ(､Llll･ule．
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Geneticprogramminglearllingmethodbasedonthenaturaltheoryof
evolution,andtheHowofthealgorithmissimilarlogeneticalgorithm(GA)．
ThediffbrencebetweenGPandGAisthatGPhasextendeditschromosome

(a).Theindividualiscopiedbyfitnessvalue(reproduction）

toallowstructuralexpressionusi､ghInctionnodcsandterminalnodes(Koza
l992,1994).Usinghmctionnodesandterminalnodes,GPcansearchhier‐

archicalcomputerprogramsbyulldergoingadaptation，
Geneticprogrammingcanbeusedfbl･aseal･chproblemifitsproblemcan

beexpressedascomputerprograms、Geneticpl･ogramming，ssearchspace
dependsonfimctionnodesandterminalｎｏdes・

ＩｎｕｓｉｎｇＧＰｆｂｒａｐｒｏｂｌｅｍ,ithasfivemajorpreparatorysteps・Thefive
stepsfbllow：

1．thesetofterminals，

2．thesetofprimitivefimctions，
3．thefitnessmeasure，

4．theparametersforcontrollingLherun，
5．themethodfordesignatingaresultandcriterionforterminatingarun，

ThedecisiontreeconstructionwithGPisgivenbythefollowingproce‐
dures：

1．Aninitialpopulationisgeneratedfromarandomgl･ammal･ofthefimc‐
tionnodesandterminalnodesdefinｅｄｆｏｒｅａｃｈｐｌ･oblemdomain、

2．Thefitnessvalue，whichrelatestotheproblem-solvillgabilityfbreach
individualoftheGPpopulation，iscalculaled，

3．ThenextgenerationisgeneratedbygeneUcoperalions．

(b)．Anewindividualisgeneratedbyintersection(crossover)．

（c).Anewindividualisgeneratedbyrandomchange(mutation)．
4．Iftheterminationconditionismet,thentheprocessexits・Otherwise,the

processrepeatsfromthecalculationofmnessvalueinstep2．

lnthisarticle，thetreestructureisusedtoexpressthedecisiontree・
Therefbre，weexpressthedecisiontreebyusingeachattributevalueand
theclassｎａｍｅａｓｔｈｅｔｅｒｍｉｎａｌｎｏｄｅａｎｄｔｈｅｃｏｎditionsentenceasthe

』
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ＡＤＦＯ：

（lFEQD"FⅢＰＮ）
ｰ

ＡＤＦ１：

Ｃ

ＦＩＧＵＲＥ１・Exprcssiono「ＧＰｓｃｈｌ･omosomc

fimctionnode(Figurel).Wedefinedsomeexpressionsfbl･decisiontrees､In
Figurel，thedecisiontreeisexpl･essedlikcLISP-code．、､ＲＰＢ，，isdefinedas
themainGPtree,Ｂｏｔｈ‘‘ＡＤＦＯ，'ａｎｄ‘‘ＡＤＦ1,,aredefinedaseachADFtree．
‘‘IFLTE'，ａｎｄ“IFEＱ'，arefimctionnodes,Thesenlnctionsrequirefour
arguments，αﾉ91,αﾉ客2,ａﾉ９３，ａｎｄ〃ﾉ･g4・TheirdeRnilionsareasfollows：

(IFLTEaﾉ91,αﾉ192,αﾉ‘93,αﾉ94)if〔"･glislessthanorequalto（≦)αﾉg2then
evaluateaﾉ９３，elsethenevaluatef"･ｇ４
(IFEQaIgl,α192,αﾉ93,αIg4)ifaIglisequalto(=)αIg2thellevaluateaﾉ宮３，
elsethenevaluateaﾉ宮4．

Ａ，Ｂ，Ｃ，andDexpresstheattl･ibutevaluesfromdatabase．‘‘Ｔ'，ａｎｄ‘‘Ｆ，，
eXpressattributevalue,ａｎｄ‘‘Ｎ，，ａｎｄ‘‘lP，，expressclassllame・

Usingtheseexpressions，ＧＰｃａｌｌｕｓｃｄａｌａｂａｓｃａＵｒｉｂｕｌｅｓｍｏｒｅeasily・
Moreover，ＧＰｃａｎａｐｐｌｙｃｏｎｔｉｎｕｏｕｓａＵｒｉｂｕｔｅｓ，Howevcr，ｉｎgeneral，data‐
baseattributesａｒｅａｌｏｔｏｆｎｕｍｂｃ１．s，ｓｏＧＰｓｌｅａｒｎｉｎｇｓｐｅｅｄｍａｙｂｅｃｏｍｅ
ｓlower・Thedefinitionfol･ｃｏｎｔｉｎｕｏｕｓａＵｒｉｂｕｔｅｓｍａｙｂｅｔｈｅｃａｕseofslow
learningspeed・Ithasatrade-olTrelationbelweenleal･ningspeedandexpres‐
sioncompatibility・

Ordinarily，thereisnomethodofadequatelycontrollingthegrowthof
tｈｅtree,becauseGPdoesnotevaluatethesizeofthetree､Therefbre,during
thesearchprocess,thetreemaybecomeoverlydeepandcomplex,orsettleto
atoosimpletree・Therehasbeenl･escal･chonmelhodstohavetheprogram
definefimctionsitselffbre髄cienluse・Ｏｎｅｏｒｔｈｅａｐｐｌ･oachesisautomatic
fimctiondefinition（orautomaticallydefinedhmction（ＡＤＦ)),andthisis
achievedbyaddingthegeneexpressionForthefimcliondefnitiontonormal
GP(Koza,1994).ByimplementingADF,amorecompactprogramcanbe
producedandthenumberofgenerationcyclescanbereduced、Ｍｏｒｅｔｈａｎ
ｏｎｅＡＤＦｃａｎｂｅｄｅｆｉｎｅｄｉｎｏｎeindividual．

β
一一
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Inaddition,thegrowthofthclrecisconLrolledbyevaluatingthesizeof

thetree、Ｆｏｒexample，anapproachbasedonminimumdescription
length(ＭＤＬ)hasbeenproposedconccrningtheevaluationofthesizeof

thetree・Inthisarticle,weusedtheclassificationsuccessratio(刀施("))andthe
numberofcomposednodes（/》｡‘んS(")）【odefinethenmessoftheindividual
(ん,"$("))：』

〃『‘"‘"(")＝ＣＭ/)I".Ii(")-|-(１－α)ﾉﾙ｡‘伽("）

αisweightdennedby(０≦α≦l)．

Here，twothingsareexpected、Ｏｎｃｉｓｔｈａｔａｃｃｕｌ･acyofthedecisiontreeis
raisedwhileavoidingovertraininginGP､Andtheotheristhatthedecision
treegeneratedcanbemadecompal･alivelycompact，Thefitnessvalueand
rulesizeofthebestindividualisinfluencedbyweighlingthesuccessrateor
nodesize・Wesetweightabypre-experiment．

ＡＰＰＲＯＡＣＨＯＦＰＲＯＰＯＳＥＤＣＯＭＢＩＮＥＤＬＥＡＲNING

TheapriorialgorithmcanbeapI)liedloalargeda皿basc､Butitisdi価cult
todefineitsparameterswithoutexpel･ience・Ｏｎｔｈｅｏｔｈｅｒｈａｎｄ，ahigh
classificationabilityisobtainedbyGPthroLlghtrainillgsLructuralinforma‐
tion，ｂｕｔｍｏｒｅｌｅａｒｎｉｎｇｔｉｍｅｉｓｌｌeededasthedegreeoflearning丘eedom
mcreases、

Itisobservedthatthediscursiveaccuracyofclassi6cationbecomeshighly

improvedbytheemergentpl･opel･tyorinteracLionbetweentwocombined
methods・

Ｔｏｍａｋｅｕｐｆｏｒｔｈｅａｄｖａｎｔａｇｅｓａｌｌｄｄｉsadvan卿gesoftheapriorialgo‐
rithmandGP，ｗｅｐｒｏｐｏｓｅａl･ulediscoverytechniquewhichcombinesGP
withtheapriorialgorithm・Bycombillingeachtechnique,searchingfbrHex‐
iblerulesfromalargedatabaseisexpecled，Anoutlineofourproposed
techniquｅｉｓｓｈｏｗｎｉｎＦｉｇｕｒｅ２・

Thefollowingstepsareproposedfo1.1hel･ulediscoverytechnique：
Pｌ

1．Theapriorialgorithmgeneratestheassociationrule、
2．Thegeneratedassociationrulesareconvertedintodecisiontrees，which

aretakeninasinitialindiviｄｕａｌｓｏｆＧＰ､Thedecisiontreesaretrainedby

GPlearning，
3．Thefinaldecisiontreeisconvertedinloclassiiicationrules．

ThisallowsefY1ectiveschematobecontainedintheinitialindividuaｌｓｏｆＧＰ・

Asaresult，improvementoftheGPslearningspeedanditsclassification
accuracyisexpected．
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ThekeyideasofQuinlan，sconversionI)I･occssfollow：

・Ｅｖｅｒｙｐａｔｈｆｒｏｍｔｈｅｒｏｏｔｏ『anunprulled’11･eｅ（oaleafgivesoneinitial
rule・Theleft-handsideofLhel･ulecon卿illsalltheconditionsestablisheｄ

ｂｙｔｈｅｐａｔｈ,andtheright-handsidespecifiesLheclassattheleaf．
・ＥａｃｈｓｕｃｈｒｕｌｅｉｓｓｉｍｐｌｉｆｉｅｄｂｙｒｅｍｏvingcondiIjonsthatdonotseem
helpMfordiscriminatingthenomillatedclasshomotherclasses,usinga
pessimisticestimateoftheaccul･acyorlherule．

・Ｆｏｒｅａｃｈｃｌａｓｓｉｎｔｕｒｎ，allthesimpli6edl･ulesIbl･Lhatclassaresiftedto
removerulesthatdonotcolltribuletotheaccuｒａｃｙｏｆｌｈｅｓｅｔｏｆｒｕｌｅｓａｓａ
ｗｈｏｌｅ．

・Thesetsofrulesfortheclassesal･ｅＬｈｃｎｏｌ･dercdtominimizefalsepositive
errorsandadeRlultclassarechose、．

両

Intheproposedtechnique,ａｌａｒｇｅｎｕｍｂｅｒｏｆｒｕｌｅｓｍａｄｅｆｒｏｍａｎａpriori
algorithmcanbebroughttogethel・ｂｙＧＰ，Therulesaremadefroman
apriorialgorithm，thedecisionlrccislcal･ｎｅｄｂｙＧＰ，ａｌｌｄｔｈｅｌ･esultiscon-
vertedintotherules、ThisalgoriLhmseemstocausetheoverheadinthis
operationseeminglybyalotofconversions・Butadecisiontreecanexpress
thefleaturesofalldata,Ｏｎｔｈｅｏ(herhand,ｉｌｉｓｄｉ価culltoexpressthefleatures

ofallｔｈｅｄａｔａｂｙｕｓｉｎｇａｒｕｌｅｗｉｌｈｌｈｃｅｘｃｃplionorusingrulesets・Genetic
programmingisevalualedbｙａｌｌｌｒａｉｎｉｎｇｄＬｌいchccki11gasoneelementof
fitnesｓfimction､OneGPsilldividualnecdloexpressthcclassiIicationruleset
ofalldata,ｔｈｅｎｗｅｕｓｅＧＰａｓａｄｅｃｉｓｉｏｎ１ｒｅｅ.’i､youneedclassiIicationrules，
itiseasytouseGPwhereclassi6catｉｏｎｌ･ulesareconvertedfl･omadecision
treeafteraGPdecisiontreelearning・Moreovel．,becauseGPislearnedafter
the・rulesareextracted,therulethatcolltainsacontinuousvaluecanbeeasily
learned・Therulethatcontainsacontinuousvalueislearnedbythechangeof
thethresholdinthefimctionnodcorGＰ，

TheconversionfromGPstl･ｃｅＬｏｌ･ulcsisanefFectiveapproachaspost‐

processingofdatami､ing,Geneticpl･ogl･amming，ｓｔｌ･eeoftencontainsmean‐
inglessrulesoruselessl･ulcsbecauseGPsslrucLureexpl･essionhashighflIex‐
ibilityandmainGPoperationsarebascdonprobabili(yopel･ations・Forthis
problem，manyapproacheshavebcenpl･oposed，ｆｏｒexample，amodified
schemeofGPsindividualexpl･ession、expalldedgeneticopel:ation，pruning
operationonGPleaming(Niimi＆Tazaki,l999c).Butthesetechniquesmay
becomeoverheadoperationonGPleal･nillg・Inourproposedmethod，GPs
initialpopulationisimprovedandulllesssea1℃hisredLlced,bytakingapriori
algorithmresultsintoGPsinilialpopulation、Ｉｎａｄｄｉｌｉｏｎ,conversionfiFoma
decisiontreetoclassificationl･ulesasposl-processingcanl･emoveunable
expressedrulesandunableexplainedrules・

ForconversionfromadecisionU･celoclassi(icaUonrulcsaspost-proces‐

Sing,weproposeLhefollowingsLeps：

▲凸』
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ｅｘａｍｐｌｅｏｆｓｔｅｐ２ｉｓｃｏｍｐａｒａｔｉｖｃｃquationwhichisoverflowediIiputｄａｔａ。
range・

Theothel･considerationiscalculaIjonincl･easingbycombinedmethod・
Geneticprogrammingisamostheavycalculationinthefollowingfourcal‐
culations：apriorialgorithm，colwcrsionfromrulesloGP，ＧＰ，conversion
fromGPtorules,TheGPscalcukllionisfarheaviel･thantheothercalcula‐
tions､Forthisreason,theincl･easeofcalcula(ioninthecombinedmethodis
capableofbeingactuallyignol･edbyOPcalculation､Forimplementationof
GP,ｂｏｔｈｔｈｅｓｅｔｏｆｔｅｒｍｉｎａｌｓａｎｄ（heseLofhlnclionscanbeautomatically
dennedbytheapriorialgori(ｈｍ'ｓｌ･csult，ForIiLncssI､unclion,gcneraldenni-
tionofanevaluatioｎｔｒｅｅｃａｎｂｅｕｓｅｄ・Ｂｙｌｈｉｓｗａｙ，ourproposedmethod
makesGPsimplementationmol･eeasily,andlheimplemen[alionIimescanbe
reduced
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prunemeaninglesssubtl･eeindecisionU･ｃｅｂｙＧＰ，
convel･ｔｆｒｏｍｔｒｅｅｔｏｒｕｌｅｓｕｓｉｎｇＣ４､５１．uleconversionmethod．
'･emovemeaninglcssrLllesol．ｕ、〔lblccxplaincdrulcs，
checktherulesbyexperl．
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Toverifythevalidityoflhcpl･oposedmelhod,weappliedittothehouse‐
votesdatafromtheUCImachinclearning１℃sposiIol．y(Blake＆Merz,1998)，
andmedicaldaLabaseforoccul･renceo｢hyperlension(IchimLlra,Oba,ｅｔａｌ・
'997;Niimi＆Tazaki，l999b)．Ｆｒｏｍｈｃｒｅｏｎ､alloccurrenceofGPuses
automaticallydeiinedfilncliongeneticprogl･aｍｍｉｎｇ（ADF-GP）（Koza，
1994）includingtheproposedmelhodlntheproposedmethod,wetook
theassociationrulegeneratedbyapriorialgorithmasinitialindividualsof
GP､Ｗｅｃｏｍｐａｌ･edtheresultsorlhepl･olposedmethodagainslGP,Ｗｅｄｉｄ
ｎｏｔｃｏｍｐａｒｅＧＰｗｉｔｈｔｈｅａＰｒｉｏｒialgorithmbecaLlseol､thedimerenceofthe
expressionsuchasrLllesanddecisiｏｎＵ･ees､Ｗｅｕｓｅｈｏｕｓｅｖｏ〔esdatabaseasa
smalltestdatabaseexpressedbydiscI･clevalLles,ａｎｄahypertensiondatabase
aslargetestexpressedbycollIjnuousvalues､Validityo｢theexpert(doctor）
hadtobeevaluatedtotheresul(concel･llingtheexperimentonhypertension．
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ApplicationtoHouseVotesData

Forevaluation,ｗｅｕｓｅｄｈｏｕｓｅｖｏｔｅｓｄａ[afromtheUCImachinelearning
respository(Blake＆Merz,1998).Wecomparedtheresultsoftheproposed
methodwithGP,Theevaluationda(ａｃｏｎｌａｉｎｓｌ６ａ(tribulesandtwoclasses．
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Theattributesare,ｆｏｒexample“handicapped-infants''ａｎｄ‘‘water-prqject‐
cost-sharing,'，etc・Theyareexpressedbylhrccvalues：‘‘y,'，‘‘、,，，ａｎｄ‘‘?.，，
Ａｎｄｔｈｅｔｗｏｃｌａｓｓｅｓａｒｅ‘‘democrat，，ａｎｄ,､republican.，，Fiftycasesoutofthe
total435dataofhousevoteswereusedFol･ｔｌ･&liningdalａ・

Weextractedtheassociationl･ｕｌｅ６･omthcdalabasebytheapriorialgo‐

rithm･Weappliedtheapriorialgol･ithmlpadalaseLcxcludingdatawitｈｔｈｅ
‘‘?，'value,because‘‘?，，valuemeans‘､olhers.，'Inlhefollowingexperiment,we

usedminimumsupportvalue（＝30)andminimumconlidencevalue（＝90)．
Asaresultoftheexperiment,７５１．uleswercgcncl･aled，

Next,theabovegenerated75ruleswel･etakenintotheinitialindividual・
Tablelwasusedconcerningｔｈｅｐａｌ･ａｍｅｔｅｒｏｆＧＰｉｎｃａｃｈｅｘｐｅｌ･ience、１，１，
ＧＰｍａｋｅｓ‘‘y，，ａｎｄ‘‘democrat,，，‘‘､，，ａｎｄ‘‘l･epublican，､tothesametreatment
asdividingattributesbecauseo『moulllillg・ThcrcsulLoflheevaluation
ofeachfitnessvalueisshowninFigul･ｅ３、ａｎｄｌｈｃ１℃sullsofthebestindivi‐
ｄｕａｌｉｓｓｈｏｗｎｉｎＴａｂｌｅ２.ＴｈｅｂｅｓtdecisionLl･ｅｅｏＩ､ｅａｃｈｍｅｔｈｏｄｉｓｓｈｏｗｎ

ｂｙｆｉｇｕｒｅｓ４ａｎｄ５.Thesetablesdonotcontainusclessbranchesusingpost‐
processmg・

ＢｙｕｓｉｎｇＧＰ，ｆｉｔｎｅｓｓｖａｌｕｅｄｉｄｎｏｔｉｍｐｒｏｖｃｌ･apidly、However，ｔｈｅpro‐
posedmethodshowedflastlearnillgandachievedhighaccuracy・Comparing
thebestindividualresults，theproposedmelhodshowedbetterresultsthan
GP,exceptforaccuracyagainstthell･ainingdata・Concerningtheresultsof
trainingdata，GPmayhaveshownoveriitting、Furthermore，ｉｎＦｉｇｕｒｅ３，
GPsfitnessvaluedidnotchangeatlOO-300genel･ations・Weconsiderthis
no-learningtermwascausedbyoverming・Ｂｕｔｐｌ･oofcouldnotbeobtained
bythisresultonly・

Theruleswereconvertedfl･omlheconsll･ucleddecisiontreel･emoving
invalidandmeaninglessrules・Therules，tomlaccul･ａｃｙｗａｓ９４､８％．

TABLE1ParamclcI･ｓｏ「ＧＰ（ＨｏｕｓｃＶｏｌｃｓ）

GPpopulation

Reproductionprob8lbiIily
lntersectionprob&1bilily
MutationpI･obabiIiIy
Selectionmelhod

Functioｎｎｏｄｅ

Ｔｅｒｍｉｎａｌｎｏｄｅ

Ｎｕｍｂｅｒｏｒｔｍｉｎｉｎｇｄ&llil
Numbero『test。&1m

500

0.1

0.8

0.l

Toul･ni1mcnlmcIhod

IFEQ,ＡＤＦ０，ＡＤｌざ’
八ＵＩ･ibulcv8lIuco「dKllK1basc

(l68lUl･ibulcs)､ｙ,、､？、

〔IemocI･&１１，１．cpublicilll
dcmocI･&１１:３１，１℃public&叩:1９
４３５

ＩＦＥＱ:irequalto（＝)‘

ＡＤＦ０，ＡＤＦＩ：lhcmnc(ioｎ（lclilliliongcllccxIxmdcdby
ADF．

ｙ,、,？:yes(y),ｎｏ(11)､olhcl･爵(?)，

坐
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Training(％）ＡｌｌＤ&llaI(％）No.csDep1llsOenerations
ADF-GP100.0８６．０１１３５８６
Apriori十９８．０９２．９９２２３５ＡＤＦ－ＧＰ

ＲＰＢ：

（lFEQyphysician-free-freeze

（|FEQphysician-fee-freezemx-missile

ADFOadoption-of-the-budget-resoliion）
ｙ）

ＡＤＦＯ：

handicapped-infants

ADF1：

el-salvador-aid

URE4・ThercsUlthomADF-OP(hOuscvo1es)．
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ＲＰＢ：

（lFEQmx-missilephysician-free-freezesynfuels-co『poralion-cuiback

（IFEQmx-missiIey

mx-missiIeadoption-of-ihe-budget-resolution）

ＡＤＦＯ２

handicapped-infants

ApplicationtoMedicalDatabnse

Weappliedamedicaldiagnosticsystem「orIheoccurrenceol､hyperten‐
sion・Wecomparedtheresultsofaproposeｄｍｅｌｈｏｄｗｉ１ｈＯＰ、MosLofthe
datavaluesareexpressedasconlilluousvalues,andIhesiz:ＣＣＩ､lhedatabaseis
largel･ｔｈａｎｔｈｅｈｏｕｓｅｖｏｔｅｓｄａ卿base・Ｔｈｃｄｏｍaillexpel･lgavclheevaluation
andcommentsontheresults・

Theoccul･renceofhypel･tensionda(ab&ｌｓｅｃｏｎいｉｎｓｌ５ｉｎｐｕｔｌｅｌ･ｍｓａｎｄｏｌ･le

outputterm・ＴｈｅｒｅａｒｅＬｗｏｋｉｎｄｓｏ「inlcI･mcdiflleassumplionsbetweenthe
inputtermsandtheoutputlelm（lchimLll･ａｅｌａ1.,1997：Ｎｉｉｍｉ＆Tazaki，
l999b).Amongtheinputterms，l01ermsal･ecalegorizcdintoabiochemical
testrelatedtothemeasL1remenlofblｏｏｄｌ〕l･essurefol･pasl5yeal．s，ａｎｄｌｈｅ
ｏｔｈｅｒｔｅｒｍｓａｒｅ‘‘Sex,，，‘‘Age,，、‘・Obesilylndex.，，、､γ-ＧＴＰ､，，ａｎｄ‘‘Volumeof

AlcoholConsumption.，，ＯｎｅoulpuLtermrcpresenlswheLhel･lhepalienthas
anattackofhypertellsionforlhcinpuLrccol．d・Ｔｈｅｄａ皿baschaslO24patient
records・Inthisarticle，weselecledlOOoccul･rencedalaandl()Ono-occul･‐

rencedatabyrandomsampIing､ａｌｌｄｔｈｉｓｗａｓｕｓｅｄａｓＬｈｅｌｌ･ainingdata、
Theassociationrulehasbcenex(l･ilctedl､l･oｍｌｈｃｄａｔａｂａｓｅｂｙｔｈｅａｐｌ･iori

algol･ithm・TheapriorialgoriIhmwasusedal､lel・lheseaUributeshadbeen
convel･tedintobinaryattribulesusingｌｈｅ〔wel･ａｇｅｏｒｅａｃｈｄａ卿becausethe
continuousvalueattl･ibuteswereincludedinthisda(abase､Ｔｏｓｅａ１℃ｈｆｏｌ･the

relationshipbetweentheminimumsupportvalucandtheminimumconfi‐

dencevalueandthenumberofrules，weexpcl･imenledwiththethreshold
pattems(refertotheresultsinTable3)‘Inthefollowingexperiment,weused
minimumsupportvalue（＝30)andminimumconndencevalue（＝90)．

Next,the33rulesgeneratedbytheapriol･ialgol･ilhmweretakenintothe
initialindividual・Thecontinuousvaluesarelcal･'〕ｃｄａｔ［ｈｃｓａｍｅＬｉｍｅｂｙｔｈｅ
ｃｈａｎｇｅｏｆｔｈｅｔｈｒｅsholdofthefuncUonnodewhileGPlearning､Table4was
usedconcerningtheparamclcrorGPineachexperience．、‘Ｐ，，ａｎｄ‘､１，，，‘‘Ｎ，，
ａｎｄ‘‘O'，dothesametreatmenlbyconveniencｅｉｎｍｏｕｎｔｉｎｇｉｎＧＰ・Theresult
ofthebestindividualisｓｈｏｗｎｉｎＴａｂｌｃ５、ThebcstdecisionLl･ｅｅｏｌ､ｅａｃｈ
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ｍｅｔｈｏｄｉｓｓｈｏｗｎｂｙＦｉｇｕｒｅｓ６ａｎｄ７、Thesetablesdonotcontainuseless
branchesusingpost-processing・

ＢｙｕｓｉｎｇＧＰ，ｎｔｎｅｓｓｖａｌｕｅｄｉｄｌｌｏ１ｉｍｐｌ･ｏｖｅｒａｐｉｄｌｙ，However，ｔｈｅpro‐
posedmethodshowedfastlearningandachievedhighaccuracy，

Whentheruleswereconvel･tedfromthedecisiontree，invalidanｄmean‐
inglessruleswereremoved・Ｅａｃｈｌ･aliool、ｔｈｅｌｌｕｍｂｅｒｏｆｅ鮭ctiverules
togenerationruleswas37.5％（ｂｙＯＰ)ａｎｄ50.0％（byproposedmethod)．
Table6showsthreerulesgeneratcdbyeqchtechllique,chosenbythehighest
supportvalue.）
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ＲＰＢ：

（/Ｎ

（-ADF1Kaku2)）

ＡＤＦＯ：

（/１５２Sex）

ＡＤＦ１：

（IFLTE(lFEQSyu4Syu2PKaku3）

（/(-120Age)ADFO)Ｓｙｕ２

（IFLTEKaku4

（-120Age）

（IFLTE(-Syu2Kaku4)Kaku4Syu2
（IFLTEKaku4

（/(-Syu2Kaku4)ADFO)Syu4Kaku2))Kaku2)）

ＦＩＧＵＲＥ６.Thcrcsultハ･ｏｍＡＤＦ－ＧＰ(hypeI･tension)．
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（lFLTE45Age
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（lFLTE(-(IFEQADF1SexAgeKakul）

（/Kaku2Sake))Kaku5
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ＢｙｕｓｉｎｇＯＰ，manyillvalidrules，alldmanyl･ules［hatwcredimcultto
lntcrpre（weregeneI･ated・ＣｏｍｐａｒｅｄｔｏＧＰ，lheproposedmeLhodshoweda
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Fol･expel･imell1all､esultsinhypertensio11（hccxl)el･tcommclllls，‘appl･ｏ－
ｐｌ･iateablel･esul(.'，Anothel･ｃｏｍｍｅｎｔｉｓｔｈａｌｍｏ1℃ln1erestlngl･uleswel･ｅｃｏｎ‐
lainedbynol･ｍａｌＧＰｓｒｅｓｕｌ[ｓｔｈａｎＬｈｅｐｌ･oposedmcthods・Ｔｈｉｓｃｏｍｍｅｎｔｉｓ
℃xpressedbecauscGPrulesillcludesomeinteres[ingallributes(suchassex)．
Aexperldocsno1considel･suchattributes(scx､etc‘）inlhediagnosis,butit
canbeconsidcl･edasbackgroundknowledge､ＴｈｅｒｅｓｕＩｌｉｓｔｈａ（theideaoI､an
unexpectedrulecomesouteasilyｂｙＧＰｓｐｌ･obabiliLyopera[lons､However,lt
seemstha（ＧＰｓｐｌ･obabilityoperationscouldnolpl･esellLlhee舵clbylhe
illI1uenccfl･omlhcini1ialilldividLlaltakenｈ･omunapriorialgol･ilhmil］（he
proposedmelhod・lngeneral,ullexpectedrulescanbeappliedonｌｙｉｎａｓｍａｌｌ
ｎｕｍｂｅｒｏｆ､ｄａｌａ・Therefore，ｉｔｉｓｔｈｏｕｇｈｔｔｈａｌｏｕｒ｛imcsshlnctioncanllot
expressullexpcctedruleswell・TheaccLll･acyol､allunexpectedruleandthe
decisiontreebecomestherelationofthetrade-oH､､Itisnecessal･ylodesign
fi(nesshlnction，whichcallstronglyexpl･esstheLIl1expecledness［ogenel･ate
anunexpectedrulebyusingthepl･oposedmethod・

Ｉｎｏｕｒｐｌ･oposedmethod,itisnotnecessal･ytoconsidertheinsideofeach
algol･ithm、Ｗｅｔｈｉｎｋｏｆａｎａｐｌ･iol･ialgol･ithmasLheLechniquelocx1ractｔｈｅ
associationl･ulcswi(ｈｔｈｅｄａｔａｂａｓｅａｎｄＧＰａｓＬｈｅｔｅｃｈｎｉｑｕewhichcan
takeLhedecision〔reeandconstl･ｕｃｔｉｔｗｉｔｈｔｈｅｄａｌａｂａｓｅ､ThereFol．e、ｅｖｅｎｉｆ、

Discussionibl･thcReslIlts

Ｉｎｂｏ[ｈｏｆ(hetwoexperiments,theaccuracyo｢thedecisionLree､Lhesize，
andtheleal･ｎｉｎｇｓｐｅｅｄｏｆｏｕｒｐｌ･oposedmelhodob(ainedbeU:e１．１．esultsLhan
normalGPs・Thetableoftheresultsshowsonlyｔｈｅｇｅｎｅ１･atloncycleof､ＧＰ，
butthecalculaLiontimeofapriol･ialgorithmとlnd（hｅ（ｉｍｅｆｂｌ･convel･slon
pl･ocessfromapl･iorialgol･ｉｔｈｍＬｏＧＰａｌ･ｅｓｈｏｌ･ler（hanlhecalculationtlme
lbl・onegencralionofGP，BecauseoftheresulLsoi､thisexpel･lment，an
Incl･easingcalcul(ｌＬｉｏｎｂｙｔｈｃｃｏｍｂｉｎａｔｉｏｎｗａｂｎｏｌseen・
Ｗｈｅｎｌｈｅｌ･uleswel･eextl･actedh･omthereslll(ｓｏｆｂｏ(hexperlmentsgen‐

ｅｌ･〔lIeddecisiollt１℃Ｃｓ，ｉｌｗａｓｖｅｌ･ｙｄｉ鮪ｃｕｌｌｔｏｃｘｌｌ･aclasposL-ｐｌ･ocesslng・Ｉ１ｉｓ
ｌｈｏｕｇｈｔ１ｈａｔ１ｈｃＩ･ｅａｓｏｎｉｓｔｈａｔａｌｏＩｏｆｒｕｌｅｓｗｉｌｈａｄｉｍcultinLerpretallonare
inclLIdｅｄｂｙＬｈｃｌ)robabilityopel･ａｔｉｏｎｏｆＧＰ・However、lhethresholdto
whichtheproposcdtechniqueismol･esigniIicaI11（ｈａｌｌｌ]Cl･ｍａｌＧＰ，ｉｓoften-
timeslearnedinlheleal･nillgofcontlnlIousvLllucsiI11heexperlmenton
hypel･lension，Ａｕ(omalicallydefnedhlllctiolｌｗｔｌｓｎｏＬｕｓｅｄ（ｏｏｅ舵ctively
concel･ningi(ｓｕｓｃｉｌｌＩｈｅｅｘｐｅｒｉｍｅｎＬｏｎｈｏｕｓｃｖｏles・Ｔｈｃｒｅａｓｏｌｌｉｓ（hatthe
smalldecisioll1l･echadenoughsizefol･Ｉｈｅｐｌ･oblembecausethel〕roblemwas
(ｏｏｅａｓｙｌｏｍｕｋｃ（hedecisionlree．
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Ｉｎｔｈｉｓａｒｔｉｃｌｅ,weproposedtherulediscoverytechniquefromthedata‐
baseusingGPcombinedwithapriorialgorithms・Theproposedmethodhas
threesteps：（１）usinganapriorialgorithm,extractassociationrules；（２）
GeneratetheGPpopulationwhichincludesinitialindividualsconverted
fromtheassociationrules;trainthegeneticprogramtoconstructtheclassi‐
ficationsystem、

TheproposedmethodhassomeadvantagesThefirstadvantageisthat
theproposedmethodcanimprovethedecisiontree'saccuracy,Ｔｈｅｓｅcond
advantageisthatitsleamingspeedbecomesEasterthannormalGPs・The
thirdadvantageisthatthedesiｇｎｏｆＧＰｂｅｃｏｍｅｓｅａｓｙ・Anditispossibleto
correspondalsotodatasetswithalotofnumbersofdataandattributeswhich
containthecontinuousvaluethatisnottreatedeasilybynormalGP.Ｉtcan
beconsideredthatmethodcombinationmakescalculationheavier・

Weexperimentedbyusingtwokindsofdatasetstoverifytheproposed
method・Foroneexperiment，thedomainexpertgavetheevaluationand
commentsontheresults・Twoproblemswerediscussed・Oneisintended
fbrdatasetwithsmalltestdatabaseexpressedbydiscretevalues・Theother
isintendedfbrdatasetwhichcontainedalotofcontinuousvalues・Ｗｅｃｏｍ‐
paredtheresultsofthesemethodsuｓｉｎｇＡＤＦ－ＧＰｏｎｌｙ,ａｎｄusingcombined
apriorialgorithmandADF-GPusingtheproposedmethod・

Intheproposedmethod,thedecisiontreehasbeenimprovedcompared
withGPandtheapriorialgorithm・Thenumberofgenerationsuntilthebest
individualhasbeendecreased・Thecombinationoverheadwasdisregarded
becauseofthespeedimproveｍｅｎｔｏｆＧＰ､Thoughtheresultofsuppressing
theoverfittingwasseen,ｗｅｄｉｄｎｏｔｃｏｎｓｉｄｅｒtheanalysisofitsmechanism、

Inthefnture,wewillresearchthefbllowingfburtopics:applythemethod
tootherverifications(Niimi＆Tazaki,2000a,2000b,2000c);discussthe
conversionalgorithmfromtheassociationruletoadecisiontreewithhigh
accuracy;extendtheproposedmethodtomultivalueclassificationproblems；
studyatheoreticalanalysisaboutthemechanismoftheoverfitting．
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otherassociationrulesextractingtechniquesareusedinsteadofanapriori
algorithm，theproposedmethodcanbeapplied・Itisbelievedthatonly
consideringthemethodcombinationwithoutconsideringeachinternalalgo‐
rithm,itispossibletoconstructthecombinationlearningmethodbyusing
theproposedmethod,sanalogy．
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