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Chapter 8: Tree-Based Methods
nmf;’" 710"“‘0"”"‘27

7
We will introduce tree-based methods for regression and classification.
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The set of splitting rules can be summarized in a tree = “decision trees”.
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Combining a large number of trees can often result in dramatic improvements in prediction

accuracy a ense of inferpretation.

Credit: http://phdcomics.com/comics.php2f=852

Decision trees can be applied to both regression and classification problems. We will start
with regression.



1 Regression Trees
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The predicted salary for players is given by the mean response value for the players in that

box. Overall, the tree segments the players into 3 regions of predictor space.
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We now discuss the process of building a regression tree. There are fo steps:

ot vdves G XD‘JX{:
rsad P

1. Dinde e M
b T dishat 1d wn-owlagply tefors Ry R

2. Predid |
For Oreny obsenntie ot Rlls 0 o refion Ry e Mali B St pediden fe

heaq o raf,wa@/'iW‘”"‘aW“"‘&-

How do we construct the regions Ry, ..., Rj? ko Iz divde e Prc.ll\dnf ;'om?
ma;,,(\s (,wu hare WJ Lt et (¢ doo o] (40 Anj Ny l‘M’de‘)

= divide TM‘J., space o WA diversind rw!u{os ( o Lms’)

T A A\F
The goal is to find boxes Ry, ..., Ry that minimize the RSS.= = = (fa,' - ’13&,) whve

< . . ) J=) e
W”m’”‘r ¥ s mfuzrnhMJ sty fr @A ooy piblle g ’ YoZ Tt
] m*u“a”" mp},
':> +ﬁk€, -l_‘e,-g!ovnh\l Aﬂ_ a‘HJfo"'dl CJLJ W;,‘H, L,‘Aup sfﬂp‘ﬁla‘ bor.

The approach is top-down because

We st ot e {j‘" of e hee (X o Srvaons ‘Jm‘a b & Sife Mg:‘m)b-z[ sucuss/w% split-
e fprediche space -

The approach is greedy because
ot e Srp g fre B Bidty prasss e b e & ek of b privale Sp,
Ly ot M‘U abued £ Wl & s ot Wl ead 5 & Lblor fren Ler.



N A strategy is to grow a very large tree Ty and then prune it back to obtain a subtree.
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4 1 Regression Trees

In order to perform recursive binary splitting,
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The process described above may produce good predictions on the training set, but is likely
to overfit the data.
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A smaller tree, with less splits might lead to lWe and better interpretation at
the cost of a little bias.
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Algorithm for building a regression tree:
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2 Classification Trees

A classification tree is very similar to a regression tree, except that it is used to predict a
categorical response.
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For a classification tree, we predict that each observation belongs to the most commonly
occurring class of training observation in the region to which it belongs.
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It turns out that classification error is not’sensitive enough. %
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When building a classification tree, either the Gini index or the entropy are typically used
to evaluate the quality of a particular split.
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3 Trees vs. Linear Models

Regression and classification trees have a very different feel from the more classical
approaches for regression and classification. P
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4 Bagging
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Decision trees suffer from hi g]] variance. ﬂ7 P
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Bootstrap aggregation or bagging is a general-purpose procedure for reducing the

variance of a statistical learning method, particularly useful for trees. L Z
. 0\ _ oL Z N .
2 2, N Var(%-ﬁf o
1y © "y
L )}
—_— - _ _\/ R = O’
i 2 W(E) - wIwE) - WE

2 2

- no” . O
e

So a natural way to reduce the variance is to take many training sets from the population,
build a separate prediction model using each training set, and average the resulting
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4.1 Out-of-Bag Error 9

While bagging can improve predictions for many regression methods, it’s particularly
useful for decision trees.

These trees are grown deep and not pruned. (
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How can bagging be extended to a classification problem?
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4.1 Out-of-Bag Error

There is a very straightforward way to estimate the test error of a bagged model, without
the need to perform cross-validation.
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4 Bagging

4.2 Interpretation h
(Bogyng) ®,
Bogyyiny &
— impioves Awwmo/uX R P>
~ posk s I Inirpriadin — Mo diffieult Y
p, K=

_ Recall” nrprintion | SV free

é ~ Now: Qo repasent pnosdime w| [ {ree
Redichion o R_s/s{ (o andher [ss fonchion) dukesamiss imgurtane

qf"‘ mﬂg‘)" .- . I
- tphoin  ovaal WMy o} (mportance Ung 183

s idea Auange Wudon i ks acres all e for
A ch Vaytalole /t_’
due fo SFHS

_ qvmkes’r wIUBYY. dreae in 1§ = Most rmPame’vmeo\e



o Random Forests

Random forests provide an improvement over bagged trees by a small tweak that
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In other words, in building a random forest, at each split in the tree, the algorithm is not WES
allowed to consider a majority of the predictors. 2
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The main difference between bagging and random forests is the choice of predictor subset

size m.
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very cool . very popular
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6 Boosting

Boosting is another approach for improving the prediction results from a decision tree.
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While bagging involves creating multiple copies of the original training data set using the
bootstrap and fitting a separate decision tree on each copy,
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Boosting does not involve bootstrap sampling, instead each tree is fit on a modified version
of the original data set.
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Boosting has three tuning parameters:

13

LB o frees
Unlile baxoq(fnﬁ[ﬁF posstug Can. owri o] big 8 - e QV

CB()\\ " a
2\ SWWKMKL /[eaW'lVloKV v —1fce CV.
—omall posifve oty

- omhole  Leaming, Vore (Wﬁﬂ

-Vory grall N Can m)m la/@@ B
- Pwds on (}Wbuw\
3.

o # belter)

A - % chPli’rs th ach hee

. pontrols waole! WV‘W”"X
- A=\ work well (ghwngs)

C\e;\cmll?s A 154 inkomckion clepth
w| d splits = G lust d oo ”L(’P

ool thing our basting_

_ b worke well .
_ _f/l{'% m(ad% info "D eclson Tf/wﬂv’\:) {lmmj),woﬂﬁs

s Swam%es on belior




