
OVerfitting

OftenƁthereƁisƁaƁBIASÕVARIANCEžTRADEOFF:ƁaƁchoiceƁbetweenƁmoreƁcomplex,Ɓlow-bias

hypothesesƁthatƁfitƁtheƁtrainingƁdataƁwellƁandƁsimpler,Ɓlow-varianceƁhypothesesƁthatƁmay

generalizeƁbetter.ƁAlbertƁEinsteinƁsaidƁinƁ1933,ƁÚtheƁsupremeƁgoalƁofƁallƁtheoryƁisƁtoƁmakeƁthe

irreducibleƁbasicƁelementsƁasƁsimpleƁandƁasƁfewƁasƁpossibleƁwithoutƁhavingƁtoƁsurrenderƁthe

adequateƁrepresentationƁofƁaƁsingleƁdatumƁofƁexperience.ÛƁInƁotherƁwords,ƁEinstein

recommendsƁchoosingƁtheƁsimplestƁhypothesisƁthatƁmatchesƁtheƁdata.ƁThisƁprincipleƁcanƁbe

tracedƁfurtherƁbackƁtoƁtheƁ14th-centuryƁEnglishƁphilosopherƁWilliamƁofƁOckham. ƁHis

principleƁthatƁÚpluralityƁ[ofƁentities]ƁshouldƁnotƁbeƁpositedƁwithoutƁnecessityÛƁisƁcalled

OCKHAMØSžRAZORƁbecauseƁitƁisƁusedƁtoƁÚshaveƁoffÛƁdubiousƁexplanations.

2žTheƁnameƁisƁoftenƁmisspelledƁasƁÚOccam.Û

BiasÕVarianceƁtradeoff

DefiningƁsimplicityƁisƁnotƁeasy.ƁItƁseemsƁclearƁthatƁaƁpolynomialƁwithƁonlyƁtwoƁparametersƁis

simplerƁthanƁoneƁwithƁthirteenƁparameters.ƁWeƁwillƁmakeƁthisƁintuitionƁmoreƁpreciseƁin

SectionƁ19.3.4 .ƁHowever,ƁinƁChapterƁ21 ƁweƁwillƁseeƁthatƁdeepƁneuralƁnetworkƁmodelsƁcan

oftenƁgeneralizeƁquiteƁwell,ƁevenƁthoughƁtheyƁareƁveryƁcomplex—someƁofƁthemƁhaveƁbillions

ofƁparameters.ƁSoƁtheƁnumberƁofƁparametersƁbyƁitselfƁisƁnotƁaƁgoodƁmeasureƁofƁaƁmodelØs

fitness.ƁPerhapsƁweƁshouldƁbeƁaimingƁforƁÚappropriateness,ÛƁnotƁÚsimplicityÛƁinƁaƁmodelƁclass.

WeƁwillƁconsiderƁthisƁissueƁinƁSectionƁ19.4.1 .

WhichƁhypothesisƁisƁbestƁinƁFigureƁ19.1 ?ƁWeƁcanØtƁbeƁcertain.ƁIfƁweƁknewƁtheƁdata

represented,Ɓsay,ƁtheƁnumberƁofƁhitsƁtoƁaƁWebƁsiteƁthatƁgrowsƁfromƁdayƁtoƁday,ƁbutƁalso

cyclesƁdependingƁonƁtheƁtimeƁofƁday,ƁthenƁweƁmightƁfavorƁtheƁsinusoidalƁfunction.ƁIfƁwe

knewƁtheƁdataƁwasƁdefinitelyƁnotƁcyclicƁbutƁhadƁhighƁnoise,ƁthatƁwouldƁfavorƁtheƁlinear

function.
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InƁsomeƁcases,ƁanƁanalystƁisƁwillingƁtoƁsayƁnotƁjustƁthatƁaƁhypothesisƁisƁpossibleƁor

impossible,ƁbutƁratherƁhowƁprobableƁitƁis.ƁSupervisedƁlearningƁcanƁbeƁdoneƁbyƁchoosingƁthe

hypothesisƁ ƁthatƁisƁmostƁprobableƁgivenƁtheƁdata:

ByƁBayesØƁruleƁthisƁisƁequivalentƁto

ThenƁweƁcanƁsayƁthatƁtheƁpriorƁprobabilityƁ ƁisƁhighƁforƁaƁsmoothƁdegree-1ƁorƁ-2

polynomialƁandƁlowerƁforƁaƁdegree-12ƁpolynomialƁwithƁlarge,ƁsharpƁspikes.ƁWeƁallow

unusual-lookingƁfunctionsƁwhenƁtheƁdataƁsayƁweƁreallyƁneedƁthem,ƁbutƁweƁdiscourageƁthem

byƁgivingƁthemƁaƁlowƁpriorƁprobability.

WhyƁnotƁletƁ ƁbeƁtheƁclassƁofƁallƁcomputerƁprograms,ƁorƁallƁTuringƁmachines?ƁTheƁproblem

isƁthatƁthereƁisƁaƁtradeoffƁbetWeenƁtheƁeXpressiVenessƁofƁaƁhYpothesisƁspaceƁandƁtheƁcompUtational

compleXitYƁofƁfindingƁaƁgoodƁhYpothesisƁWithinƁthatƁspace.ƁForƁexample,ƁfittingƁaƁstraightƁlineƁto

dataƁisƁanƁeasyƁcomputation;ƁfittingƁhigh-degreeƁpolynomialsƁisƁsomewhatƁharder;ƁandƁfitting

TuringƁmachinesƁisƁundecidable.ƁAƁsecondƁreasonƁtoƁpreferƁsimpleƁhypothesisƁspacesƁisƁthat

presumablyƁweƁwillƁwantƁtoƁuseƁ ƁafterƁweƁhaveƁlearnedƁit,ƁandƁcomputingƁ ƁwhenƁ ƁisƁa

linearƁfunctionƁisƁguaranteedƁtoƁbeƁfast,ƁwhileƁcomputingƁanƁarbitraryƁTuringƁmachine

programƁisƁnotƁevenƁguaranteedƁtoƁterminate.

ForƁtheseƁreasons,ƁmostƁworkƁonƁlearningƁhasƁfocusedƁonƁsimpleƁrepresentations.ƁInƁrecent

yearsƁthereƁhasƁbeenƁgreatƁinterestƁinƁdeepƁlearningƁ(ChapterƁ21 ),ƁwhereƁrepresentations

areƁnotƁsimpleƁbutƁwhereƁtheƁ ƁcomputationƁstillƁtakesƁonlyƁaƁboUndedƁnUmberƁofƁstepsƁto

computeƁwithƁappropriateƁhardware.

WeƁwillƁseeƁthatƁtheƁexpressiveness–complexityƁtradeoffƁisƁnotƁsimple:ƁitƁisƁoftenƁtheƁcase,Ɓas

weƁsawƁwithƁfirst-orderƁlogicƁinƁChapterƁ8 ,ƁthatƁanƁexpressiveƁlanguageƁmakesƁitƁpossible

forƁaƁsimpleƁhypothesisƁtoƁfitƁtheƁdata,ƁwhereasƁrestrictingƁtheƁexpressivenessƁofƁtheƁlanguage

meansƁthatƁanyƁconsistentƁhypothesisƁmustƁbeƁcomplex.

19.2.1ƁExampleƁproblem:ƁRestaurantƁwaiting
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WeƁwillƁdescribeƁaƁsampleƁsupervisedƁlearningƁproblemƁinƁdetail:ƁtheƁproblemƁofƁdeciding

whetherƁtoƁwaitƁforƁaƁtableƁatƁaƁrestaurant.ƁThisƁproblemƁwillƁbeƁusedƁthroughoutƁtheƁchapter

toƁdemonstrateƁdifferentƁmodelƁclasses.ƁForƁthisƁproblemƁtheƁoutput,Ɓ ƁisƁaƁBooleanƁvariable

thatƁweƁwillƁcallƁWillWait;ƁitƁisƁtrueƁforƁexamplesƁwhereƁweƁdoƁwaitƁforƁaƁtable.ƁTheƁinput,Ɓ

isƁaƁvectorƁofƁtenƁattributeƁvalues,ƁeachƁofƁwhichƁhasƁdiscreteƁvalues:

1.žALTERNATE:žwhetherƁthereƁisƁaƁsuitableƁalternativeƁrestaurantƁnearby.

2.žBAR:žwhetherƁtheƁrestaurantƁhasƁaƁcomfortableƁbarƁareaƁtoƁwaitƁin.

3.žFRI/SAT:žtrueƁonƁFridaysƁandƁSaturdays.

4.žHUNGR9:žwhetherƁweƁareƁhungryƁrightƁnow.

5.žPATRONS:žhowƁmanyƁpeopleƁareƁinƁtheƁrestaurantƁ(valuesƁareƁNone,ƁSome,Ɓand

FUll).

6.žPRICE:žtheƁrestaurantØsƁpriceƁrangeƁ

7.žRAINING:žwhetherƁitƁisƁrainingƁoutside.

8.žRESERVATION:žwhetherƁweƁmadeƁaƁreservation.

9.žT9PE:žtheƁkindƁofƁrestaurantƁ(French,ƁItalian,ƁThai,ƁorƁburger).

10.ž7AITESTIMATE: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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WeƁWantƁourƁlearningƁalgorithmsƁtoƁfindƁaƁhYpothesisƁthatƁfitsƁtheƁtrainingƁdata,ƁbutƁmore

importantlY,ƁWeƁWantƁitƁtoƁgeneraliZeƁWellƁforƁpreviouslYƁunseenƁdata.ƁInƁFigureƁ19.1 ƁWe

saWƁthatƁaƁhigh-degreeƁpolYnomialƁcanƁfitƁallƁtheƁdata,ƁbutƁhasƁWildƁsWingsƁthatƁareƁnot

WarrantedƁbYƁtheƁdata:ƁitƁfitsƁbutƁcanƁoverfit.ƁOverfittingƁbecomesƁmoreƁlikelYƁasƁtheƁnumber

ofƁattributesƁgroWs,ƁandƁlessƁlikelYƁasƁWeƁincreaseƁtheƁnumberƁofƁtrainingƁeXamples.ƁLarger

hYpothesisƁspacesƁ(e.g.,ƁdecisionƁtreesƁWithƁmoreƁnodesƁorƁpolYnomialsƁWithƁhighƁdegree)

haveƁmoreƁcapacitYƁbothƁtoƁfitƁandƁtoƁoverfit;ƁsomeƁmodelƁclassesƁareƁmoreƁproneƁto

overfittingƁthanƁothers.

ForƁdecisionƁtrees,ƁaƁtechniqueƁcalledƁdecISIONžTReežPRUNINgƁcombatsƁoverfitting.ƁPruning

WorksƁbYƁeliminatingƁnodesƁthatƁareƁnotƁclearlYƁrelevant.ƁWeƁstartƁWithƁaƁfullƁtree,Ɓas

generatedƁbYƁLEARN-DECISION-TREE.ƁWeƁthenƁlookƁatƁaƁtestƁnodeƁthatƁhasƁonlYƁleafƁnodesƁas

descendants.ƁIfƁtheƁtestƁappearsƁtoƁbeƁirrelevantÖdetectingƁonlYƁnoiseƁinƁtheƁdataÖthenƁWe

eliminateƁtheƁtest,ƁreplacingƁitƁWithƁaƁleafƁnode.ƁWeƁrepeatƁthisƁprocess,ƁconsideringƁeachƁtest

WithƁonlYƁleafƁdescendants,ƁuntilƁeachƁoneƁhasƁeitherƁbeenƁprunedƁorƁacceptedƁasƁis.

DeciSionƁTReeƁpRUning

TheƁquestionƁis,ƁhoWƁdoƁWeƁdetectƁthatƁaƁnodeƁisƁtestingƁanƁirrelevantƁattribute?ƁSupposeƁWe

areƁatƁaƁnodeƁconsistingƁofƁ ƁpositiveƁandƁ ƁnegativeƁeXamples.ƁIfƁtheƁattributeƁisƁirrelevant,

WeƁWouldƁeXpectƁthatƁitƁWouldƁsplitƁtheƁeXamplesƁintoƁsubsetsƁsuchƁthatƁeachƁsubsetƁhas

roughlYƁtheƁsameƁproportionƁofƁpositiveƁeXamplesƁasƁtheƁWholeƁset,Ɓ ƁandƁsoƁthe

informationƁgainƁWillƁbeƁcloseƁtoƁZero. ƁThus,ƁaƁloWƁinformationƁgainƁisƁaƁgoodƁclueƁthatƁthe

attributeƁisƁirrelevant.ƁNoWƁtheƁquestionƁis,ƁhoWƁlargeƁaƁgainƁshouldƁWeƁrequireƁinƁorderƁto

splitƁonƁaƁparticularƁattribute?

3žTheƁgainƁWillƁbeƁstrictlYƁpositiveƁeXceptƁforƁtheƁunlikelYƁcaseƁWhereƁallƁtheƁproportionsƁareƁeXacTlYƁtheƁsame.Ɓ(SeeƁEXerciseƁ19.NNGA.)

WeƁcanƁansWerƁthisƁquestionƁbYƁusingƁaƁstatisticalƁSIgNIfIcaNcežTeST.ƁSuchƁaƁtestƁbeginsƁbY

assumingƁthatƁthereƁisƁnoƁunderlYingƁpatternƁ(theƁso-calledƁNULLžhYPOTheSIS).ƁThenƁthe

actualƁdataƁareƁanalYZedƁtoƁcalculateƁtheƁeXtentƁtoƁWhichƁtheYƁdeviateƁfromƁaƁperfectƁabsence

ofƁpattern.ƁIfƁtheƁdegreeƁofƁdeviationƁisƁstatisticallYƁunlikelYƁ(usuallYƁtakenƁtoƁmeanƁaƁ5%

probabilitYƁorƁless),ƁthenƁthatƁisƁconsideredƁtoƁbeƁgoodƁevidenceƁforƁtheƁpresenceƁofƁa

3
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significantƁpatternƁinƁtheƁdata.ƁTheƁprobabilitiesƁareƁcalculatedƁfromƁstandardƁdistributionsƁof

theƁamountƁofƁdeviationƁoneƁWouldƁeXpectƁtoƁseeƁinƁrandomƁsampling.

SignificanceƁTeST

NUllƁhYpoTheSiS

InƁthisƁcase,ƁtheƁnullƁhYpothesisƁisƁthatƁtheƁattributeƁisƁirrelevantƁand,Ɓhence,ƁthatƁthe

informationƁgainƁforƁanƁinfinitelYƁlargeƁsampleƁWouldƁbeƁZero.ƁWeƁneedƁtoƁcalculateƁthe

probabilitYƁthat,ƁunderƁtheƁnullƁhYpothesis,ƁaƁsampleƁofƁsiZeƁ ƁWouldƁeXhibitƁthe

observedƁdeviationƁfromƁtheƁeXpectedƁdistributionƁofƁpositiveƁandƁnegativeƁeXamples.ƁWe

canƁmeasureƁtheƁdeviationƁbYƁcomparingƁtheƁactualƁnumbersƁofƁpositiveƁandƁnegative

eXamplesƁinƁeachƁsubset,Ɓ ƁandƁ ƁWithƁtheƁeXpectedƁnumbers,Ɓ ƁandƁ ƁassumingƁtrue

irrelevance:

AƁconvenientƁmeasureƁofƁtheƁtotalƁdeviationƁisƁgivenƁbY

UnderƁtheƁnullƁhYpothesis,ƁtheƁvalueƁofƁ ƁisƁdistributedƁaccordingƁtoƁtheƁ Ɓ(chi-squared)

distributionƁWithƁ ƁdegreesƁofƁfreedom.ƁWeƁcanƁuseƁaƁ ƁstatisticsƁfunctionƁtoƁseeƁifƁa

particularƁ ƁvalueƁconfirmsƁorƁrejectsƁtheƁnullƁhYpothesis.ƁForƁeXample,ƁconsiderƁthe

restaurantƁTYpeƁattribute,ƁWithƁfourƁvaluesƁandƁthusƁthreeƁdegreesƁofƁfreedom.ƁAƁvalueƁofƁ

ƁorƁmoreƁWouldƁrejectƁtheƁnullƁhYpothesisƁatƁtheƁ5%ƁlevelƁ(andƁaƁvalueƁofƁ

orƁmoreƁWouldƁrejectƁatƁtheƁ1%Ɓlevel).ƁValuesƁbeloWƁthatƁleadƁtoƁacceptingƁtheƁhYpothesis

thatƁtheƁattributeƁisƁirrelevant,ƁandƁthusƁtheƁassociatedƁbranchƁofƁtheƁtreeƁshouldƁbeƁpruned

aWaY.ƁThisƁisƁknoWnƁasƁ ƁPRUNINg.



ƁpRUning

WithƁpruning,ƁnoiseƁinƁtheƁeXamplesƁcanƁbeƁtolerated.ƁErrorsƁinƁtheƁeXampleØsƁlabelƁ(e.g.,Ɓan

eXampleƁ ƁthatƁshouldƁbeƁ )ƁgiveƁaƁlinearƁincreaseƁinƁpredictionƁerror,ƁWhereas

errorsƁinƁtheƁdescriptionsƁofƁeXamplesƁ(e.g.,Ɓ ƁWhenƁitƁWasƁactuallYƁ )Ɓhave

anƁasYmptoticƁeffectƁthatƁgetsƁWorseƁasƁtheƁtreeƁshrinksƁdoWnƁtoƁsmallerƁsets.ƁPrunedƁtrees

performƁsignificantlYƁbetterƁthanƁunprunedƁtreesƁWhenƁtheƁdataƁcontainƁaƁlargeƁamountƁof

noise.ƁAlso,ƁtheƁprunedƁtreesƁareƁoftenƁmuchƁsmallerƁandƁhenceƁeasierƁtoƁunderstandƁand

moreƁefficientƁtoƁeXecute.

OneƁfinalƁWarning:ƁYouƁmightƁthinkƁthatƁ ƁpruningƁandƁinformationƁgainƁlookƁsimilar,Ɓso

WhYƁnotƁcombineƁthemƁusingƁanƁapproachƁcalledƁeaRLYžSTOPPINgÖhaveƁtheƁdecisionƁtree

algorithmƁstopƁgeneratingƁnodesƁWhenƁthereƁisƁnoƁgoodƁattributeƁtoƁsplitƁon,ƁratherƁthan

goingƁtoƁallƁtheƁtroubleƁofƁgeneratingƁnodesƁandƁthenƁpruningƁthemƁaWaY.ƁTheƁproblemƁWith

earlYƁstoppingƁisƁthatƁitƁstopsƁusƁfromƁrecogniZingƁsituationsƁWhereƁthereƁisƁnoƁoneƁgood

attribute,ƁbutƁthereƁareƁcombinationsƁofƁattributesƁthatƁareƁinformative.ƁForƁeXample,

considerƁtheƁXORƁfunctionƁofƁtWoƁbinarYƁattributes.ƁIfƁthereƁareƁroughlYƁequalƁnumbersƁof

eXamplesƁforƁallƁfourƁcombinationsƁofƁinputƁvalues,ƁthenƁneitherƁattributeƁWillƁbe

informative,ƁYetƁtheƁcorrectƁthingƁtoƁdoƁisƁtoƁsplitƁonƁoneƁofƁtheƁattributesƁ(itƁdoesnØtƁmatter

WhichƁone),ƁandƁthenƁatƁtheƁsecondƁlevelƁWeƁWillƁgetƁsplitsƁthatƁareƁverYƁinformative.ƁEarlY

stoppingƁWouldƁmissƁthis,ƁbutƁgenerate-and-then-pruneƁhandlesƁitƁcorrectlY.

EaRlYƁSTopping

19.3.5ƁBroadeningƁtheƁapplicabilitYƁofƁdecisionƁtrees

DecisionƁtreesƁcanƁbeƁmadeƁmoreƁWidelYƁusefulƁbYƁhandlingƁtheƁfolloWingƁcomplications:

MISSINGžDATA:žInƁmanYƁdomains,ƁnotƁallƁtheƁattributeƁvaluesƁWillƁbeƁknoWnƁforƁeverY

eXample.ƁTheƁvaluesƁmightƁhaveƁgoneƁunrecorded,ƁorƁtheYƁmightƁbeƁtooƁeXpensiveƁto

obtain.ƁThisƁgivesƁriseƁtoƁtWoƁproblems:ƁFirst,ƁgivenƁaƁcompleteƁdecisionƁtree,ƁhoW



shouldƁoneƁclassifYƁanƁeXampleƁthatƁisƁmissingƁoneƁofƁtheƁtestƁattributes?ƁSecond,ƁhoW

shouldƁoneƁmodifYƁtheƁinformation-gainƁformulaƁWhenƁsomeƁeXamplesƁhaveƁunknoWn

valuesƁforƁtheƁattribute?ƁTheseƁquestionsƁareƁaddressedƁinƁEXerciseƁ19.MISS.

CONTINUOUSžANDžMULTIVALUEDžINPUTžATTRIBUTES:žForƁcontinuousƁattributes

likeƁHeighT,ƁWeighT,ƁorƁTime,ƁitƁmaYƁbeƁthatƁeverYƁeXampleƁhasƁaƁdifferentƁattributeƁvalue.

TheƁinformationƁgainƁmeasureƁWouldƁgiveƁitsƁhighestƁscoreƁtoƁsuchƁanƁattribute,Ɓgiving

usƁaƁshalloWƁtreeƁWithƁthisƁattributeƁatƁtheƁroot,ƁandƁsingle-eXampleƁsubtreesƁforƁeach

possibleƁvalueƁbeloWƁit.ƁButƁthatƁdoesnØtƁhelpƁWhenƁWeƁgetƁaƁneWƁeXampleƁtoƁclassifY

WithƁanƁattributeƁvalueƁthatƁWeƁhavenØtƁseenƁbefore.

SpliTƁpoinT

AƁbetterƁWaYƁtoƁdealƁWithƁcontinuousƁvaluesƁisƁaƁSPLITžPOINTƁtestÖanƁinequalitYƁtestƁon

theƁvalueƁofƁanƁattribute.ƁForƁeXample,ƁatƁaƁgivenƁnodeƁinƁtheƁtree,ƁitƁmightƁbeƁtheƁcase

thatƁtestingƁonƁ ƁgivesƁtheƁmostƁinformation.ƁEfficientƁmethodsƁeXistƁfor

findingƁgoodƁsplitƁpoints:ƁstartƁbYƁsortingƁtheƁvaluesƁofƁtheƁattribute,ƁandƁthenƁconsider

onlYƁsplitƁpointsƁthatƁareƁbetWeenƁtWoƁeXamplesƁinƁsortedƁorderƁthatƁhaveƁdifferent

classifications,ƁWhileƁkeepingƁtrackƁofƁtheƁrunningƁtotalsƁofƁpositiveƁandƁnegative

eXamplesƁonƁeachƁsideƁofƁtheƁsplitƁpoint.ƁSplittingƁisƁtheƁmostƁeXpensiveƁpartƁofƁreal-

WorldƁdecisionƁtreeƁlearningƁapplications.

ForƁattributesƁthatƁareƁnotƁcontinuousƁandƁdoƁnotƁhaveƁaƁmeaningfulƁordering,ƁbutƁhave

aƁlargeƁnumberƁofƁpossibleƁvaluesƁ(e.g.,ƁZipcodeƁorƁCRediTCaRdNUmbeR),ƁaƁmeasureƁcalled

theƁINfORMaTIONžgaINžRaTIOƁ(seeƁEXerciseƁ19.GAIN)ƁcanƁbeƁusedƁtoƁavoidƁsplittingƁintoƁlots

ofƁsingle-eXampleƁsubtrees.ƁAnotherƁusefulƁapproachƁisƁtoƁalloWƁanƁeQUaLITYžTeSTƁofƁthe

formƁ ƁForƁeXample,ƁtheƁtestƁ ƁcouldƁbeƁusedƁtoƁpickƁoutƁaƁlarge

groupƁofƁpeopleƁinƁthisƁZipƁcodeƁinƁNeWƁYorkƁCitY,ƁandƁtoƁlumpƁeverYoneƁelseƁintoƁthe

ÚotherÛƁsubtree.

CONTINUOUS-VALUEDžOUTPUTžATTRIBUTE:žIfƁWeƁareƁtrYingƁtoƁpredictƁa

numericalƁoutputƁvalue,ƁsuchƁasƁtheƁpriceƁofƁanƁapartment,ƁthenƁWeƁneedƁaƁRegReSSION

TReeƁratherƁthanƁaƁclassificationƁtree.ƁAƁregressionƁtreeƁhasƁatƁeachƁleafƁaƁlinearƁfunction

ofƁsomeƁsubsetƁofƁnumericalƁattributes,ƁratherƁthanƁaƁsingleƁoutputƁvalue.ƁForƁeXample,

theƁbranchƁforƁtWo-bedroomƁapartmentsƁmightƁendƁWithƁaƁlinearƁfunctionƁofƁsquare



footageƁandƁnumberƁofƁbathrooms.ƁTheƁlearningƁalgorithmƁmustƁdecideƁWhenƁtoƁstop

splittingƁandƁbeginƁapplYingƁlinearƁregressionƁ(seeƁSectionƁ19.6 )ƁoverƁtheƁattributes.

TheƁnameƁCART,ƁstandingƁforƁClassificationƁAndƁRegressionƁTrees,ƁisƁusedƁtoƁcover

bothƁclasses.

RegReSSionƁTRee

CART

AƁdecisionƁtreeƁlearningƁsYstemƁforƁreal-WorldƁapplicationsƁmustƁbeƁableƁtoƁhandleƁallƁof

theseƁproblems.ƁHandlingƁcontinuous-valuedƁvariablesƁisƁespeciallYƁimportant,ƁbecauseƁboth

phYsicalƁandƁfinancialƁprocessesƁprovideƁnumericalƁdata.ƁSeveralƁcommercialƁpackagesƁhave

beenƁbuiltƁthatƁmeetƁtheseƁcriteria,ƁandƁtheYƁhaveƁbeenƁusedƁtoƁdevelopƁthousandsƁofƁfielded

sYstems.ƁInƁmanYƁareasƁofƁindustrYƁandƁcommerce,ƁdecisionƁtreesƁareƁtheƁfirstƁmethodƁtried

WhenƁaƁclassificationƁmethodƁisƁtoƁbeƁeXtractedƁfromƁaƁdataƁset.

DecisionƁtreesƁhaveƁaƁlotƁgoingƁforƁthem:ƁeaseƁofƁunderstanding,ƁscalabilitYƁtoƁlargeƁdataƁsets,

andƁversatilitYƁinƁhandlingƁdiscreteƁandƁcontinuousƁinputsƁasƁWellƁasƁclassificationƁand

regression.ƁHoWever,ƁtheYƁcanƁhaveƁsuboptimalƁaccuracYƁ(largelYƁdueƁtoƁtheƁgreedYƁsearch),

andƁifƁtreesƁareƁverYƁdeep,ƁthenƁgettingƁaƁpredictionƁforƁaƁneWƁeXampleƁcanƁbeƁeXpensiveƁin

runƁtime.ƁDecisionƁtreesƁareƁalsoƁUNSTabLeƁinƁthatƁaddingƁjustƁoneƁneWƁeXampleƁcanƁchange

theƁtestƁatƁtheƁroot,ƁWhichƁchangesƁtheƁentireƁtree.ƁInƁSectionƁ19.8.2 ƁWeƁWillƁseeƁthatƁthe

RaNdOMžfOReSTžMOdeLƁcanƁfiXƁsomeƁofƁtheseƁissues.

UnSTable

https://jigsaw.vitalsource.com/books/9780134671932/epub/OPS/xhtml/fileP7001017158000000000000000013602.xhtml%23P7001017158000000000000000013602
https://jigsaw.vitalsource.com/books/9780134671932/epub/OPS/xhtml/fileP7001017158000000000000000013855.xhtml%23P7001017158000000000000000013871

