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ÁBoosting

Á#ÏÍÂÉÎÉÎÇ Ȱ×ÅÁËȱ ÃÌÁÓÓÉÆÉÅÒÓ

ÁFits an Additive Model

ÁIs essentially Forward StagewiseAdditive 
Modeling with Exponential Loss

ÁLoss Functions

ÁClassification: Misclassification, Exponential, 
Binomial Deviance, Squared Error, Support Vector

ÁRegression: Squared Error, Absolute Error, Huber



ÁMART

ÁGeneralization of tree boosting

ÁTries to mitigate problem of decision trees from 
being less accurate than the best classifier for a 
particular problem



Á,ÅÔȭÓ ÓÅÅ -!24 ÉÎ ÁÃÔÉÏÎ ÆÉÒÓÔ ÂÅÆÏÒÅ ÇÏÉÎÇ 
into details
ÁSpam dataset from Chapter 9
ÁError Rates:

ÁMART: 4.0%

ÁAdditive Logistic Regression: 5.3%

ÁCART (fully grown and pruned by CV): 8.7%

ÁMARS: 5.5%
(standard error of estimates: 0.6%)





ÁMore on this in Section 10.13
Á57 Predictor Variables
ÁMost Relevant:
Á!
Á$
Áhp
Áremove

ÁLeast relevant:
Á857
Á415
Átable
Á3d
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ÁOne Variable

ÁShows dependence of log-odds with predictor

ÁTwo Variable

ÁShows interactions among the predictor variables

ÁWhen to Run?

ǐRunning MART with J=2 (main effects model) yields a 
higher error rate when compared to running with larger 
J





MART demonstration with TreeNet
Classification and Regression



ÁDecision tree:
ÁFormal Expression:

ÁParameter:
ÁOptimization Process:
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ÁApproximation

ÁFinding ɾj given Rj

ǐTrivial

ǐEstimating ɾj is often the mean/mode of y in region Rj

ÁFinding Rj

ǐDifficult

ǐTypical way is to use a greedy, top-down recursive 
partitioning algorithm

ǐCan also approximate by a smoother and more 
convenient criterion (10.26)



ÁSum of Trees

ÁSolve using FSAM

ÁThe difficult part is finding Rjm
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ÁSome special cases are easier
ÁSquare-error loss: find the tree that best predict 

the current residual

ÁTwo-class w/ Exponential loss: Adaboost.M1; tree 
that minimize weighted error rate; {-1, +1}

ÁN-class w/ Exponential loss:

ǐɾcan be found by (10.31) ɀweighted log-odds in each 
region
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ÁRegression: Absolute Error, Huber Loss
ÁClassification: Deviance
ÁWill robustifyboosting trees
ÁHowever, they do not give rise to simple fast 

boosting algorithms



Á3ÏÌÖÉÎÇ ÅÁÃÈ ȰÓÔÅÐȱ ÉÎ &3!- ÂÙ ÎÕÍÅÒÉÃÁÌ 
optimization
ÁDifferentiable loss criterion
ÁTotal loss:

ÁGoal:
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Áf is a vector
ÁȰ0ÁÒÁÍÅÔÅÒÓȱ ÏÆ Æ ÁÒÅ ÔÈÅ ÖÁÌÕÅÓ ÁÔ ÅÁÃÈ ÄÁÔÁ 

point

ÁNumerical optimization solves the problem 
with a sum of component vectors
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ÁGreedy Strategy

ÁGradients in Table 10.2
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ÁSimplifying

ÁTo

ÁRationale: Minimize Loss vs. Generalization
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ÁSize of tree (J: number of terminal nodes) for 
each iteration of boosting
ÁSimple strategy: constant J
ÁHow to find J?

ÁMinimize prediction risk on future data



ÁAnalysis of Variance of Predictor Variables



ÁMost problems have low-order interaction 
effects dominating the problem space
ÁThus, models with high-order interaction will 

suffer in accuracy
ÁInteraction effects are limited by J
ÁNo interaction effects of level greater than K-1 are 

possible

ÁJ=2: Decision Stump (only main effects, no 
interactions)

ÁJ=3: two-variable interaction effects are allowed





ÁTypically

ÁJ = 2 will be insufficient

ÁJ > 10 will be highly unlikely

Á4 <= J <= 8 works well in boosting by experience

ÁJ=6 should be the initial guess



ÁRegularization: prevention of overfitting of 
data by models

ÁExample: Parameter M

ÁIncreases M reduces the training risk

ÁCould lead to overfitting

ÁUse a hold-out set

ǐSimilar to early stopping strategy in NN



ÁScale the contribution of each tree by a factor 0 
< v < 1

ÁControlling the learning rate of the boosting 
procedure

ÁÞv, ÜM; Üv, ÞM
ÁEmpirically, smaller v favor better test error but 

longer training time
ÁBest strategy is to choose a small v (v < 0.1) and 

find M by early stopping
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