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In repressiontreesbest split ischosenacross all variables and all valuesforeach variable

suchthat the residual sums of square is minimized
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At each stepsplit an existing regionintotwoparts

Recursive binary splitting

RepressionTrees

Findingthe optimal splitsforregressiontrees

prediction Averagevalueof all observations in thatleat

Em avely Erm

Findthesplitthatminimizes the residual sum of squaresRSS

RSS i t
constantwithineachleafonrerion

Wetryto minimizethe squarederror loss

proposed split as x is ithvariableand s isthesplit value dividesthe existingregioninto

Maximize RSSreduction inanyonesplit arrmm.gg Exercyi d i ermYi dis 2

Eachregion Rm me 1 T is splitinto two regions Rmaand Rma
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If S 3.5 threshold and Xs is a feature

4 4 2 is thebestconstant prediction averageof yvalueswhere c meanCyinR1
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Algorithmhappens in away Tmevery possiblesplitCi s
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ComputeRSSforleft right

Choosethe splitwith thesmallestRss

Data points 3,0 4 21 4 4 5.33 6.3 sortedby already

For each split s 0 LeftregionRI Is
RightretionRe s
Prediction ineachregionmeanofy

Rss Ecymeans



spitat 5 3.5 4h a 3 3

Rss let 0 0 2 0

right 2 2 a 2 2 3 2 3 as 16 4 1 1 22

Thus total RSS 22
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Rss left 0 3 2 4 3
G f 9 18.666

Right 3 3 3 3 2 0

5 with RSS of 1866 hasthe smallestRSS

Reduction in Ss is 25.2 18.66 6.54

We need reductions to computethe reductions insums of squares Ss

Thus 0 2413 3

And co 2 f 2 a f 3 f 3 E 25 2

This splitremoves 25.22 18.66 6.54units of squared error

Stopping Criterion

Whento stop growing toavoidoverfitting

Minimum observations Do notsplit if a tree produces a leatwithlessthanfewerobservations

1 germ Yi Irm alt i a o m indexes leaves i indexes obswithin a givenleaf

p 2istunedwith CuITI of leaves a lti penalty forhavingtoomanyleaves
This is regularizarization controlsbiasvariegeoff

Largertreehasless bias butmore variance

smaller treehasmorebiasbut lessvariance

Bias errorfrom modelbeingtoo simple Underfits
whfflem

bqyw variance modelbeing toosensitiveto train.intdata



Prediction Predicted value of a givenleaf isthe averageoutcomeforall observations intheleaf

Em avely lxieRm

Byconvention average betweenany twopoints isused as a splitvalue eventhoughanyvalue between

the twopoints wouldresultin the same split

Rss Yi Axis
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Retion Refiona duetosplits

splitswith Categorical variablesandmissing x values

Splitting on continuous variables onlyexploittheir orderofvaluesand not theirvalues

highschool somecollege college postgraduate 1 2,3 43

Aslongastheorderis maintaineddoesntmatterwhatvalueisactuallygettingused

Indicator variables variables that onlytake 0 or 1

This is a special caseof orderedvariables onlyallowing a single split

Thesplitpoint isalways0.5 giventhe indicator variable iscoded as 0and I

Unordered categoricalvalues sincethey are unordered simple xies doesnot suffice

Requires splitting the setof variables intotwo subsets therecouldbemany ways to

create unordered levels

Missing x values

Find a surrogate variable to spliton

Only pass the observation downthetree until a splittingnele requires a value that

is missing and doesnot passdown further

Maybe passed to both childnodesand laterassigned to a classwithgreaterprobability

Makethe missingness as an indicator variable

stoppingand Pruning

Whento stop splittingtreesintosubtrees



Onlywhen aspiritcontainsminimum set of observations

Spitonly if thesplit improvesRSSbyat leastsomethresholdvalue

Pruning Build an overly largetree andprunethe tree later

Reduce anexistingtreebyremoving leaves that do not substantially improve

classification or repression

Introducepenalty for largetrees as a partof thecriterion

Modified RSS is germYi Trm at

T isthe of leaves a 0 is thetuningparameterfor regularization

at penalty for havingtoo manyleaves

In general smallertrees are assumed to bemore variablethan largetrees

a regulatesthis bias variancetradeoff

othermodelsthat use tree as a base learner RFgradientboosting XGBE t

For Classification

Estimatedpredictedvalue is nolonger an average

Criterionfor splitting is no longer the residualsumsof squares

PredictionMost frequently occurring class

Nowestimate theprobabilitiesfora givenleaf

PChistory I leafm

PcomedyI leafm leatm Leaf inquestion

PCtragedy I leafon Largestfrequency Largest probability

Thus Im aromax Pma wherePmu Estimatedprobability forcategory k in leafm

Criteria for splitting

classification Error E 1 may Emu

Gini Index G PmrCl Pmu

Entropy Deviance D pmalorcpm.es
km teases



classification error fractionof thetrainingdataincorrectly classified inthatleaf

Gini criterion measuresthevariance across k classes

Entropy Deviance measureof impurity

Choosea splitthatminimizes the criterion
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Gini Deviance indexes requireclassificationoverall classes notjustthe predicted class

Both Gini Deviance takesmaller valuesif the leat ismorepure


