
WEƁWILLƁDESCRIBEƁAƁSAMPLEƁSUPERVISEDƁLEARNINGƁPROBLEMƁINƁDETAIL:ƁTHEƁPROBLEMƁOFƁDECIDING

WHETHERƁTOƁWAITƁFORƁAƁTABLEƁATƁAƁRESTAURANT.ƁTHISƁPROBLEMƁWILLƁBEƁUSEDƁTHROUGHOUTƁTHEƁCHAPTER

TOƁDEMONSTRATEƁDIFFERENTƁMODELƁCLASSES.ƁFORƁTHISƁPROBLEMƁTHEƁOUTPUT,Ɓ ƁISƁAƁBOOLEANƁVARIABLE

THATƁWEƁWILLƁCALLƁWiLLWaiT;ƁITƁISƁTRUEƁFORƁEXAMPLESƁWHEREƁWEƁDOƁWAITƁFORƁAƁTABLE.ƁTHEƁINPUT,Ɓ

ISƁAƁVECTORƁOFƁTENƁATTRIBUTEƁVALUES,ƁEACHƁOFƁWHICHƁHASƁDISCRETEƁVALUES:

1.žA,4%2.A4%:žWHETHERƁTHEREƁISƁAƁSUITABLEƁALTERNATIVEƁRESTAURANTƁNEARBY.

2.žBA2:žWHETHERƁTHEƁRESTAURANTƁHASƁAƁCOMFORTABLEƁBARƁAREAƁTOƁWAITƁIN.

3.ž&2)/3A4:žTRUEƁONƁFRIDAYSƁANDƁSATURDAYS.

4.ž(5.'29:žWHETHERƁWEƁAREƁHUNGRYƁRIGHTƁNOW.

5.ž0A42/.3:žHOWƁMANYƁPEOPLEƁAREƁINƁTHEƁRESTAURANTƁ(VALUESƁAREƁNONe,ƁSOMe,ƁAND

FULL).

6.ž02)C%:žTHEƁRESTAURANTØSƁPRICEƁRANGEƁ

7.ž2A).).':žWHETHERƁITƁISƁRAININGƁOUTSIDE.

8.ž2%3%26A4)/.:žWHETHERƁWEƁMADEƁAƁRESERVATION.

9.ž490%:žTHEƁKINDƁOFƁRESTAURANTƁ(FRENCH,ƁITALIAN,ƁTHAI,ƁORƁBURGER).

10.ž7A)4%34)-A4%:žHOSTØSƁWAITƁESTIMATE:Ɓ

AƁSETƁOFƁ12ƁEXAMPLES,ƁTAKENƁFROMƁTHEƁEXPERIENCEƁOFƁONEƁOFƁUSƁ(SR),ƁISƁSHOWNƁINƁFIGUREƁ19.2 .

NOTEƁHOWƁSKIMPYƁTHESEƁDATAƁARE:ƁTHEREƁAREƁ ƁPOSSIBLEƁCOMBINATIONSƁOF

VALUESƁFORƁTHEƁINPUTƁATTRIBUTES,ƁBUTƁWEƁAREƁGIVENƁTHEƁCORRECTƁOUTPUTƁFORƁONLYƁ12ƁOFƁTHEM;ƁEACH

OFƁTHEƁOTHERƁ9,204ƁCOULDƁBEƁEITHERƁTRUEƁORƁFALSE;ƁWEƁDONØTƁKNOW.ƁTHISƁISƁTHEƁESSENCEƁOF

INDUCTION:ƁWEƁNEEDƁTOƁMAKEƁOURƁBESTƁGUESSƁATƁTHESEƁMISSINGƁ9,204ƁOUTPUTƁVALUES,ƁGIVENƁONLY

THEƁEVIDENCEƁOFƁTHEƁ12ƁEXAMPLES.

FIGUREƁ19.2



EXAMPLESƁFORƁTHEƁRESTAURANTƁDOMAIN.



19.3ƁLearningƁDecisionƁTrees

AƁdecISIONžTReeƁisƁaƁrepresentationƁofƁaƁfunctionƁthatƁmapsƁaƁvectorƁofƁattributeƁvaluesƁtoƁa

singleƁoutputƁvalueÖaƁÚdecision.ÛƁAƁdecisionƁtreeƁreachesƁitsƁdecisionƁbYƁperformingƁa

sequenceƁofƁtests,ƁstartingƁatƁtheƁrootƁandƁfolloWingƁtheƁappropriateƁbranchƁuntilƁaƁleafƁis

reached.ƁEachƁinternalƁnodeƁinƁtheƁtreeƁcorrespondsƁtoƁaƁtestƁofƁtheƁvalueƁofƁoneƁofƁtheƁinput

attributes,ƁtheƁbranchesƁfromƁtheƁnodeƁareƁlabeledƁWithƁtheƁpossibleƁvaluesƁofƁtheƁattribute,

andƁtheƁleafƁnodesƁspecifYƁWhatƁvalueƁisƁtoƁbeƁreturnedƁbYƁtheƁfunction.

DeciSionƁTRee

InƁgeneral,ƁtheƁinputƁandƁoutputƁvaluesƁcanƁbeƁdiscreteƁorƁcontinuous,ƁbutƁforƁnoWƁWeƁWill

considerƁonlYƁinputsƁconsistingƁofƁdiscreteƁvaluesƁandƁoutputsƁthatƁareƁeitherƁTRUeƁ(aƁPOSITIVe

eXample)ƁorƁfalSeƁ(aƁNegaTIVeƁeXample).ƁWeƁcallƁthisƁBOOLeaNžcLaSSIfIcaTION.ƁWeƁWillƁuseƁ Ɓto

indeXƁtheƁeXamplesƁ( ƁisƁtheƁinputƁvectorƁforƁtheƁ thƁeXampleƁandƁ ƁisƁtheƁoutput),ƁandƁ

forƁtheƁ thƁattributeƁofƁtheƁ thƁeXample.

PoSiTiVe

NegaTiVe

TheƁtreeƁrepresentingƁtheƁdecisionƁfunctionƁthatƁSRƁusesƁforƁtheƁrestaurantƁproblemƁisƁshoWn

inƁFigureƁ19.3 .ƁFolloWingƁtheƁbranches,ƁWeƁseeƁthatƁanƁeXampleƁWithƁ ƁandƁ

ƁWillƁbeƁclassifiedƁasƁpositiveƁ(i.e.,ƁYes,ƁWeƁWillƁWaitƁforƁaƁtable).



FigureƁ19.3

AƁdecisionƁtreeƁforƁdecidingƁWhetherƁtoƁWaitƁforƁaƁtable.

19.3.1ƁEXpressivenessƁofƁdecisionƁtrees

AƁBooleanƁdecisionƁtreeƁisƁequivalentƁtoƁaƁlogicalƁstatementƁofƁtheƁform:

WhereƁeachƁ ƁisƁaƁconjunctionƁofƁtheƁformƁ ƁofƁattribute-value

testsƁcorrespondingƁtoƁaƁpathƁfromƁtheƁrootƁtoƁaƁTRUeƁleaf.ƁThus,ƁtheƁWholeƁeXpressionƁisƁin

disjunctiveƁnormalƁform,ƁWhichƁmeansƁthatƁanYƁfunctionƁinƁpropositionalƁlogicƁcanƁbe

eXpressedƁasƁaƁdecisionƁtree.

ForƁmanYƁproblems,ƁtheƁdecisionƁtreeƁformatƁYieldsƁaƁnice,Ɓconcise,ƁunderstandableƁresult.

Indeed,ƁmanYƁÚHoWƁToÛƁmanualsƁ(e.g.,ƁforƁcarƁrepair)ƁareƁWrittenƁasƁdecisionƁtrees.ƁButƁsome

functionsƁcannotƁbeƁrepresentedƁconciselY.ƁForƁeXample,ƁtheƁmajoritYƁfunction,ƁWhich

returnsƁtrueƁifƁandƁonlYƁifƁmoreƁthanƁhalfƁofƁtheƁinputsƁareƁtrue,ƁrequiresƁanƁeXponentiallY

largeƁdecisionƁtree,ƁasƁdoesƁtheƁparitYƁfunction,ƁWhichƁreturnsƁtrueƁifƁandƁonlYƁifƁanƁeven

numberƁofƁinputƁattributesƁareƁtrue.ƁWithƁreal-valuedƁattributes,ƁtheƁfunctionƁ Ɓis



hardƁtoƁrepresentƁWithƁaƁdecisionƁtreeƁbecauseƁtheƁdecisionƁboundarYƁisƁaƁdiagonalƁline,Ɓand

allƁdecisionƁtreeƁtestsƁdivideƁtheƁspaceƁupƁintoƁrectangular,ƁaXis-alignedƁboXes.ƁWeƁWould

haveƁtoƁstackƁaƁlotƁofƁboXesƁtoƁcloselYƁapproXimateƁtheƁdiagonalƁline.ƁInƁotherƁWords,

decisionƁtreesƁareƁgoodƁforƁsomeƁkindsƁofƁfunctionsƁandƁbadƁforƁothers.

IsƁthereƁanYƁkindƁofƁrepresentationƁthatƁisƁefficientƁforƁallƁkindsƁofƁfunctions?ƁUnfortunatelY,

theƁansWerƁisƁnoÖthereƁareƁjustƁtooƁmanYƁfunctionsƁtoƁbeƁableƁtoƁrepresentƁthemƁallƁWithƁa

smallƁnumberƁofƁbits.ƁEvenƁjustƁconsideringƁBooleanƁfunctionsƁWithƁ ƁBooleanƁattributes,Ɓthe

truthƁtableƁWillƁhaveƁ ƁroWs,ƁandƁeachƁroWƁcanƁoutputƁTRUeƁorƁfalSe,ƁsoƁthereƁareƁ Ɓdifferent

functions.ƁWithƁ20ƁattributesƁthereƁareƁ Ɓfunctions,ƁsoƁifƁWeƁlimitƁourselves

toƁaƁmillion-bitƁrepresentation,ƁWeƁcanØtƁrepresentƁallƁtheseƁfunctions.

19.3.2ƁLearningƁdecisionƁtreesƁfromƁeXamples

WeƁWantƁtoƁfindƁaƁtreeƁthatƁisƁconsistentƁWithƁtheƁeXamplesƁinƁFigureƁ19.2 ƁandƁisƁasƁsmallƁas

possible.ƁUnfortunatelY,ƁitƁisƁintractableƁtoƁfindƁaƁguaranteedƁsmallestƁconsistentƁtree.ƁBut

WithƁsomeƁsimpleƁheuristics,ƁWeƁcanƁefficientlYƁfindƁoneƁthatƁisƁcloseƁtoƁtheƁsmallest.ƁThe

LEARN-DECISION-TREEƁalgorithmƁadoptsƁaƁgreedYƁdivide-and-conquerƁstrategY:ƁalWaYsƁtestƁthe

mostƁimportantƁattributeƁfirst,ƁthenƁrecursivelYƁsolveƁtheƁsmallerƁsubproblemsƁthatƁare

definedƁbYƁtheƁpossibleƁresultsƁofƁtheƁtest.ƁBYƁÚmostƁimportantƁattribute,ÛƁWeƁmeanƁtheƁone

thatƁmakesƁtheƁmostƁdifferenceƁtoƁtheƁclassificationƁofƁanƁeXample.ƁThatƁWaY,ƁWeƁhopeƁtoƁget

toƁtheƁcorrectƁclassificationƁWithƁaƁsmallƁnumberƁofƁtests,ƁmeaningƁthatƁallƁpathsƁinƁtheƁtree

WillƁbeƁshortƁandƁtheƁtreeƁasƁaƁWholeƁWillƁbeƁshalloW.

FigureƁ19.4(a) ƁshoWsƁthatƁTYpeƁisƁaƁpoorƁattribute,ƁbecauseƁitƁleavesƁusƁWithƁfourƁpossible

outcomes,ƁeachƁofƁWhichƁhasƁtheƁsameƁnumberƁofƁpositiveƁasƁnegativeƁeXamples.ƁOnƁthe

otherƁhand,ƁinƁ(b)ƁWeƁseeƁthatƁPaTRonSƁisƁaƁfairlYƁimportantƁattribute,ƁbecauseƁifƁtheƁvalueƁis

NoneƁorƁSome,ƁthenƁWeƁareƁleftƁWithƁeXampleƁsetsƁforƁWhichƁWeƁcanƁansWerƁdefinitivelYƁ(No

andƁYeS,ƁrespectivelY).ƁIfƁtheƁvalueƁisƁFUll,ƁWeƁareƁleftƁWithƁaƁmiXedƁsetƁofƁeXamples.ƁThereƁare

fourƁcasesƁtoƁconsiderƁforƁtheseƁrecursiveƁsubproblems:

1.žIfƁtheƁremainingƁeXamplesƁareƁallƁpositiveƁ(orƁallƁnegative),ƁthenƁWeƁareƁdone:ƁWe

canƁansWerƁYeSƁorƁNo.ƁFigureƁ19.4(b) ƁshoWsƁeXamplesƁofƁthisƁhappeningƁinƁthe

NoneƁandƁSomeƁbranches.

2.žIfƁthereƁareƁsomeƁpositiveƁandƁsomeƁnegativeƁeXamples,ƁthenƁchooseƁtheƁbest

attributeƁtoƁsplitƁthem.ƁFigureƁ19.4(b) ƁshoWsƁHUngRYƁbeingƁusedƁtoƁsplitƁthe
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remainingƁeXamples.

3.žIfƁthereƁareƁnoƁeXamplesƁleft,ƁitƁmeansƁthatƁnoƁeXampleƁhasƁbeenƁobservedƁforƁthis

combinationƁofƁattributeƁvalues,ƁandƁWeƁreturnƁtheƁmostƁcommonƁoutputƁvalueƁfrom

theƁsetƁofƁeXamplesƁthatƁWereƁusedƁinƁconstructingƁtheƁnodeØsƁparent.

4.žIfƁthereƁareƁnoƁattributesƁleft,ƁbutƁbothƁpositiveƁandƁnegativeƁeXamples,ƁitƁmeansƁthat

theseƁeXamplesƁhaveƁeXactlYƁtheƁsameƁdescription,ƁbutƁdifferentƁclassifications.ƁThis

canƁhappenƁbecauseƁthereƁisƁanƁerrorƁorƁNOISeƁinƁtheƁdata;ƁbecauseƁtheƁdomainƁis

nondeterministic;ƁorƁbecauseƁWeƁcanØtƁobserveƁanƁattributeƁthatƁWouldƁdistinguish

theƁeXamples.ƁTheƁbestƁWeƁcanƁdoƁisƁreturnƁtheƁmostƁcommonƁoutputƁvalueƁofƁthe

remainingƁeXamples.

NoiSe

FigureƁ19.4

SplittingƁtheƁeXamplesƁbYƁtestingƁonƁattributes.ƁAtƁeachƁnodeƁWeƁshoWƁtheƁpositiveƁ(lightƁboXes)Ɓand
negativeƁ(darkƁboXes)ƁeXamplesƁremaining.Ɓ(a)ƁSplittingƁonƁTYpeƁbringsƁusƁnoƁnearerƁtoƁdistinguishing
betWeenƁpositiveƁandƁnegativeƁeXamples.Ɓ(b)ƁSplittingƁonƁPaTRonSƁdoesƁaƁgoodƁjobƁofƁseparatingƁpositive
andƁnegativeƁeXamples.ƁAfterƁsplittingƁonƁPaTRonS,ƁHUngRYƁisƁaƁfairlYƁgoodƁsecondƁtest.

TheƁLEARN-DECISION-TREEƁalgorithmƁisƁshoWnƁinƁFigureƁ19.5 .ƁNoteƁthatƁtheƁsetƁofƁeXamplesƁis

anƁinputƁtoƁtheƁalgorithm,ƁbutƁnoWhereƁdoƁtheƁeXamplesƁappearƁinƁtheƁtreeƁreturnedƁbYƁthe

algorithm.ƁAƁtreeƁconsistsƁofƁtestsƁonƁattributesƁinƁtheƁinteriorƁnodes,ƁvaluesƁofƁattributesƁon



theƁbranches,ƁandƁoutputƁvaluesƁonƁtheƁleafƁnodes.ƁTheƁdetailsƁofƁtheƁIMPORTANCEƁfunctionƁare

givenƁinƁSectionƁ19.3.3 .ƁTheƁoutputƁofƁtheƁlearningƁalgorithmƁonƁourƁsampleƁtrainingƁsetƁis

shoWnƁinƁFigureƁ19.6 .ƁTheƁtreeƁisƁclearlYƁdifferentƁfromƁtheƁoriginalƁtreeƁshoWnƁinƁFigure

19.3 .ƁOneƁmightƁconcludeƁthatƁtheƁlearningƁalgorithmƁisƁnotƁdoingƁaƁverYƁgoodƁjobƁof

learningƁtheƁcorrectƁfunction.ƁThisƁWouldƁbeƁtheƁWrongƁconclusionƁtoƁdraW,ƁhoWever.ƁThe

learningƁalgorithmƁlooksƁatƁtheƁeXampleS,ƁnotƁatƁtheƁcorrectƁfunction,ƁandƁinƁfact,Ɓits

hYpothesisƁ(seeƁFigureƁ19.6 )ƁnotƁonlYƁisƁconsistentƁWithƁallƁtheƁeXamples,ƁbutƁis

considerablYƁsimplerƁthanƁtheƁoriginalƁtree!ƁWithƁslightlYƁdifferentƁeXamplesƁtheƁtreeƁmight

beƁverYƁdifferent,ƁbutƁtheƁfunctionƁitƁrepresentsƁWouldƁbeƁsimilar.

FigureƁ19.5

TheƁdecisionƁtreeƁlearningƁalgorithm.ƁTheƁfunctionƁIMPORTANCEƁisƁdescribedƁinƁSectionƁ19.3.3 .ƁThe
functionƁPLURALITY-VALUEƁselectsƁtheƁmostƁcommonƁoutputƁvalueƁamongƁaƁsetƁofƁeXamples,ƁbreakingƁties
randomlY.

FigureƁ19.6



TheƁdecisionƁtreeƁinducedƁfromƁtheƁ12-eXampleƁtrainingƁset.

TheƁlearningƁalgorithmƁhasƁnoƁreasonƁtoƁincludeƁtestsƁforƁRainingƁandƁReSeRVaTion,ƁbecauseƁit

canƁclassifYƁallƁtheƁeXamplesƁWithoutƁthem.ƁItƁhasƁalsoƁdetectedƁanƁinterestingƁandƁpreviouslY

unsuspectedƁpattern:ƁSRƁWillƁWaitƁforƁThaiƁfoodƁonƁWeekends.ƁItƁisƁalsoƁboundƁtoƁmakeƁsome

mistakesƁforƁcasesƁWhereƁitƁhasƁseenƁnoƁeXamples.ƁForƁeXample,ƁitƁhasƁneverƁseenƁaƁcase

WhereƁtheƁWaitƁisƁ0Õ10ƁminutesƁbutƁtheƁrestaurantƁisƁfull.ƁInƁthatƁcaseƁitƁsaYsƁnotƁtoƁWait

WhenƁHUngRYƁisƁfalse,ƁbutƁSRƁWouldƁcertainlYƁWait.ƁWithƁmoreƁtrainingƁeXamplesƁthe

learningƁprogramƁcouldƁcorrectƁthisƁmistake.

WeƁcanƁevaluateƁtheƁperformanceƁofƁaƁlearningƁalgorithmƁWithƁaƁLeaRNINgžcURVe,ƁasƁshoWnƁin

FigureƁ19.7 .ƁForƁthisƁfigureƁWeƁhaveƁ100ƁeXamplesƁatƁourƁdisposal,ƁWhichƁWeƁsplitƁrandomlY

intoƁaƁtrainingƁsetƁandƁaƁtestƁset.ƁWeƁlearnƁaƁhYpothesisƁ ƁWithƁtheƁtrainingƁsetƁandƁmeasure

itsƁaccuracYƁWithƁtheƁtestƁset.ƁWeƁcanƁdoƁthisƁstartingƁWithƁaƁtrainingƁsetƁofƁsiZeƁ1Ɓand

increasingƁoneƁatƁaƁtimeƁupƁtoƁsiZeƁ99.ƁForƁeachƁsiZe,ƁWeƁactuallYƁrepeatƁtheƁprocessƁof

randomlYƁsplittingƁintoƁtrainingƁandƁtestƁsetsƁ20Ɓtimes,ƁandƁaverageƁtheƁresultsƁofƁtheƁ20

trials.ƁTheƁcurveƁshoWsƁthatƁasƁtheƁtrainingƁsetƁsiZeƁgroWs,ƁtheƁaccuracYƁincreases.Ɓ(ForƁthis

reason,ƁlearningƁcurvesƁareƁalsoƁcalledƁhaPPYžgRaPhS.)ƁInƁthisƁgraphƁWeƁreachƁ95%ƁaccuracY,

andƁitƁlooksƁasƁifƁtheƁcurveƁmightƁcontinueƁtoƁincreaseƁifƁWeƁhadƁmoreƁdata.

FigureƁ19.7



AƁlearningƁcurveƁforƁtheƁdecisionƁtreeƁlearningƁalgorithmƁonƁ100ƁrandomlYƁgeneratedƁeXamplesƁinƁthe
restaurantƁdomain.ƁEachƁdataƁpointƁisƁtheƁaverageƁofƁ20Ɓtrials.

LeaRningƁcURVe

HappYƁgRaphS

19.3.3ƁChoosingƁattributeƁtests

TheƁdecisionƁtreeƁlearningƁalgorithmƁchoosesƁtheƁattributeƁWithƁtheƁhighestƁIMPORTANCE.ƁWe

WillƁnoWƁshoWƁhoWƁtoƁmeasureƁimportance,ƁusingƁtheƁnotionƁofƁinformationƁgain,ƁWhichƁis

definedƁinƁtermsƁofƁeNTROPY,ƁWhichƁisƁtheƁfundamentalƁquantitYƁinƁinformationƁtheorY

(ShannonƁandƁWeaver,Ɓ1949).

EnTRopY
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EntropYƁisƁaƁmeasureƁofƁtheƁuncertaintYƁofƁaƁrandomƁvariable;ƁtheƁmoreƁinformation,ƁtheƁless

entropY.ƁAƁrandomƁvariableƁWithƁonlYƁoneƁpossibleƁvalueÖaƁcoinƁthatƁalWaYsƁcomesƁup

headsÖhasƁnoƁuncertaintYƁandƁthusƁitsƁentropYƁisƁdefinedƁasƁZero.ƁAƁfairƁcoinƁisƁequallYƁlikelY

toƁcomeƁupƁheadsƁorƁtailsƁWhenƁflipped,ƁandƁWeƁWillƁsoonƁshoWƁthatƁthisƁcountsƁasƁÚ1ƁbitÛƁof

entropY.ƁTheƁrollƁofƁaƁfairƁfoUR-sidedƁdieƁhasƁ2ƁbitsƁofƁentropY,ƁbecauseƁthereƁareƁ ƁequallY

probableƁchoices.ƁNoWƁconsiderƁanƁunfairƁcoinƁthatƁcomesƁupƁheadsƁ99%ƁofƁtheƁtime.

IntuitivelY,ƁthisƁcoinƁhasƁlessƁuncertaintYƁthanƁtheƁfairƁcoinÖifƁWeƁguessƁheadsƁWeØllƁbeƁWrong

onlYƁ1%ƁofƁtheƁtimeÖsoƁWeƁWouldƁlikeƁitƁtoƁhaveƁanƁentropYƁmeasureƁthatƁisƁcloseƁtoƁZero,

butƁpositive.ƁInƁgeneral,ƁtheƁentropYƁofƁaƁrandomƁvariableƁ ƁWithƁvaluesƁ Ɓhaving

probabilitYƁ ƁisƁdefinedƁas

WeƁcanƁcheckƁthatƁtheƁentropYƁofƁaƁfairƁcoinƁflipƁisƁindeedƁ1Ɓbit:

AndƁofƁaƁfour-sidedƁdieƁisƁ2Ɓbits:

ForƁtheƁloadedƁcoinƁWithƁ99%Ɓheads,ƁWeƁget

ItƁWillƁhelpƁtoƁdefineƁ ƁasƁtheƁentropYƁofƁaƁBooleanƁrandomƁvariableƁthatƁisƁtrueƁWith

probabilitYƁ

Thus,Ɓ ƁNoWƁletØsƁgetƁbackƁtoƁdecisionƁtreeƁlearning.ƁIfƁaƁtraining

setƁcontainsƁ ƁpositiveƁeXamplesƁandƁ ƁnegativeƁeXamples,ƁthenƁtheƁentropYƁofƁtheƁoutput

variableƁonƁtheƁWholeƁsetƁis



TheƁrestaurantƁtrainingƁsetƁinƁFigureƁ19.2 ƁhasƁ ƁsoƁtheƁcorrespondingƁentropYƁisƁ

ƁorƁeXactlYƁ1Ɓbit.ƁTheƁresultƁofƁaƁtestƁonƁanƁattributeƁ ƁWillƁgiveƁusƁsomeƁinformation,

thusƁreducingƁtheƁoverallƁentropYƁbYƁsomeƁamount.ƁWeƁcanƁmeasureƁthisƁreductionƁbY

lookingƁatƁtheƁentropYƁremainingƁafterƁtheƁattributeƁtest.

AnƁattributeƁ ƁWithƁ ƁdistinctƁvaluesƁdividesƁtheƁtrainingƁsetƁ ƁintoƁsubsetsƁ ƁEach

subsetƁ ƁhasƁ ƁpositiveƁeXamplesƁandƁ ƁnegativeƁeXamples,ƁsoƁifƁWeƁgoƁalongƁthatƁbranch,

WeƁWillƁneedƁanƁadditionalƁ ƁbitsƁofƁinformationƁtoƁansWerƁtheƁquestion.ƁA

randomlYƁchosenƁeXampleƁfromƁtheƁtrainingƁsetƁhasƁtheƁ thƁvalueƁforƁtheƁattributeƁ(i.e.,ƁisƁinƁ

ƁWithƁprobabilitYƁ ),ƁsoƁtheƁeXpectedƁentropYƁremainingƁafterƁtesting

attributeƁ Ɓis

TheƁINfORMaTIONžgaINƁfromƁtheƁattributeƁtestƁonƁ ƁisƁtheƁeXpectedƁreductionƁinƁentropY:

InfoRmaTionƁgain

InƁfactƁ ƁisƁjustƁWhatƁWeƁneedƁtoƁimplementƁtheƁIMPORTANCEƁfunction.ƁReturningƁtoƁthe

attributesƁconsideredƁinƁFigureƁ19.4 ,ƁWeƁhave

confirmingƁourƁintuitionƁthatƁPaTRonSƁisƁaƁbetterƁattributeƁtoƁsplitƁonƁfirst.ƁInƁfact,ƁPaTRonSƁhas

theƁmaXimumƁinformationƁgainƁofƁanYƁofƁtheƁattributesƁandƁthusƁWouldƁbeƁchosenƁbYƁthe

decisionƁtreeƁlearningƁalgorithmƁasƁtheƁroot.

19.3.4ƁGeneraliZationƁandƁoverfitting
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