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· Part2: Trees, Forest, Boosting

· Tree:CART classification and Regression Trees
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· Each iteration:(m x8 xn)

- Choose a region
mtd1... ., MY:

choose a variable; e2, ..., P3:

choose a cut-off hc[xi;, i = ,..13

max reduction of Loss function

· Principled was of choosing a lossis to use log-likelihood
· Butthere are initive ideas for the loss function ->purity
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Lassume observations arein # for simplicing

· Log-likelihood (P) =1, log 8(xi)
=2 n log (0.)

c =
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=nzr,log(a)
:on H(5,0)
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H:cross-entropy
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· log-like (p) - log-like(p) = n0,lg
=np,(5(10)] 0

· So we can define purity =nH(8)

· Also the Gini-indexneeds a as a factor:

Gini-index =n Zp,(1 - pc)
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Regression
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· Least-squares loss: guide recursive partitioning
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X2 More specific form
·
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S =f(x) =c,1(X,1 +1) +c21(X,(t1) (firs+cut)

S =f(x) =2n1(X,It) 1(X =-) +(,21(X,221)1(x23t2) +(x1(4,3+1)
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· Trees are unstable (Add an observation changes the tree)
High variance

· Forest i
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· Boosting;

- Regression Tree:

s =

f(x) =2 hn(x) ensemble/cominee
k =
1b
a tree

- sequentially addingtrees:
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- Regression, le boisting
· Loss = 2(oi- si)"
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-> classification, extreme gradient boosting, logistic regression
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Los =t2cm*(Xi- c)3 +i8-cm+xm
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