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Overview

Decision trees

o Stratify / segment the predictor space into a number of simple regions
RS ————e

o The set of splitting rules can be summarised in a tree

Bagging, random forests, boosting

« Ensemble methods
e Produce multiple trees
 Improve the prediction accuracy of tree-based methods

e Lose some interpretation
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How much is a train ticket?

Yes

v

Peak Holur Off-Peak Hour

0-10km 10-20km 20-35km 35-65km 65+ km 0-10km 10-20km 20-35km 35-65km 765+ kn

v v v v v v v v v v

$3.79 $4.71 $5.47 $7.24 $9.31 $2.64 $3.29 $3.79 $5.04 $6.51
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In code

R

Python

rail_cost <- function(peak_hours, distance) {

if (peak_hours) {
=3IT (distance <= 10) {

cost <— 3.79

} else if (distance <= 20) {
cost <- 4.71

} else if (distance <= 35) {
cost <- 5.42

} else if (distance <= 65) {
cost <- 7.24

} else {
cost <- 9.31

} else { els /téfr ﬁkiﬂU4L

if (dlstance <= 10) {
cost <- 2.65

} else if (distance <= 20) {
cost <- 3.29

} else if (distance <= 35) {
cost <- 3.79

} else if (distance <= 65) {
cost <- 5.06

} else {
cost <- 6.51

}

}

return(cost)

}

4 /64



iPad

iPad

iPad

iPad


-y

Hitters dataset

library(ISLR2) )
# Load the hitters dataset
data(Hitters)
Hitters
AtBat Hits HmRun Runs RBI )
<int> <int> <int> <int> <int>
-Andy Allanson 293 66 1 30 29
-Alan Ashby 315 81 7 24 38
-Alvin Davis 479 130 18 66 72
-Andre Dawson 496 141 20 65 78
-Andres Galarraga 321 87 10 39 42
-Alfredo Griffin 594 169 4 74 51
-Al Newman 185 37 23 8
-Argenis Salazar 298 73 0 24 24
-Andres Thomas 323 81 6 26 32
-Andre Thornton 401 92 17 49 66
1-10 of 322 rows | 1-6 of 21 columns Previous 1 2 3 4 5 6 .33 Next
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Fit a basic tree

R | Python

library(rpart) ) plot(tree) ]
tree <- rpart(log(Salary) Years + Hits, data = Hitters

tree

n= 263

node), split, n, deviance, yval o
*x denotes terminal node F“‘Li::L_ﬁ

1) root 263 207.153700 5.927222
2) Years< 4.5 90 42.353170 5.106790
4) Years< 3.5 62 23.008670 4.891812
8) Hits< 114 43 17.145680 4.727386 x
9) Hits>=114 19  2.069451 5.263932 x* Sl (e (]
5) Years>=3.5 28 10.134390 5.582812 * O B
3) Years>=4.5 173 72.705310 6.354036
6) Hits< 117.5 90 28.093710 5.998380
12) Years< 6.5 26 7.237690 5.688925 *
13) Years>=6.5 64 17.354710 6.124096
26) Hits< 50.5 12 2.689439 5.730017 * s
27) Hits>=50.5 52 12.371640 6.215037 x*
7) Hits>=117.5 83 20.883070 6.739687 *

Yearg< 3.5 Hits<[117.5
Hits§ 114
5.583

4.727 5.264 Years< 6.5

5.689

As usual, default print/plots in R are #...
7 Sotirce: These plots are recreating ISLR2’s Figure 8.4.
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Plot a tree
R | Python
library(rpart.plot) ]

rpart.plot(tree)

yes }-Years < 5-{no}

Hits <118

6
34%,
Hits < 114— 0&5 — Years<7

6.1
24%

Hits < 51

4.7 53 5.6 5.7 5.7
16% 7% 11% 10% 5%

Q / Source: A recreation of ISLR2’s Figure 8 .4.
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A simplified “pruned” tree

# Prune the tree down to 3 terminal nodes
pruned_tree <- prune(tree, cp = tree$cptable[3, "CP"])

rpart.plot(pruned_tree)

5.9
100%

{yes }-Years < 5{no

6.4
66%

Hits <118

5.1 6
34% 34%

Source: A recreation of ISLR2’s Figure 8.1.
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Tree Terminology

‘ rpart.plot(pruned_tree) ]

Internal nodes O
(& root node)

Branches )

Terminal nodes [

or leaves
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Regions in the predictor space

200-

e
A
&

[ ]
® :: ! o o o [ o ¢ °
150_ A ° ° i : : i s ; - 3 1 Iog(SaIary)
° : o« 8 o ’ s ° ! ° o o ¢
° s ° : °
R B [ O S R S 7
100-;;5,1;::. .o, T o 6
R R 5
H C 1 ° ° ° y o ¢
g8 b e o s ’ .
50 s s oio = T - ) R2
0_
0 5 10 15 20 25
Years
6.7

I S C -
pos < - =~ @

Source: A recreation of ISLR2’s Figure 8.2.
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Tree regions & predictions

A decision tree is made by:
1. Dividing the predictor space (i.e. the set of possible values for X, X5, ..., X,)
into J distinct and non-overlapping regions, R;, Rs,..., R,
2. Making the same prediction for every observation that falls into the region R;
o the mean response for the training data in R, (regression trees)

o the mode response for the training data in R; (classification trees)

Example:
Region Predicted salaries
R; = {X|Years < 4.5} $1,000 x e>107 = $165, 174

Ry = {X|Years > 4.5,Hits < 117.5} $1,000 x e>9% = $402, 834
R3 = {X|Years > 4.5,Hits > 117.5} $1,000 x 570 = $845, 346




Discussion

How do you interpret
the results of this tree?
In particular, consider
the following
questions

O\! hich factor is more
important in

determining

Salary?

e How does Hits
affect Salary?

-y

rpart.plot(pruned_tree)

5.1
34%

5.9
100%

————{res}Years <5
6.
66%

Hits
6
34%

4
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Decision trees: summary

Trees are

e Simple
 Useful for interpretation

e Very common

Ehe New York Times

13 /64

April 16, 2008

Decision Tree: The Obama-Clinton Divide

In the nominating Is a county
contests so far, Senator more than
Barack Obama has won the 20 percent black?
vast majority of counties l
with large black or highly
educated populations. NO There are not YES This county
Senator Hillary Rodham many African- has a large
Clinton has a commanding Americans in this African-American
lead in less-educated county. population

counties dominated by
whites. Follow the arrows
for a more detailed split.

And is the high school
graduation rate higher
than 78 percent?

1

" NO Thisisacounty YES Thisisa
Q_‘ with less-educated  county with more
fy voters educated voters

And is the high school

Clinton wins graduation rate higher
these counties than 87 percent?
704 to 89. |

=
Obama wins

these countles
383 to 70.

NO 78 to 87 YES Thisis a
percent have  highly educated
a diploma county.

And where is the county?
Northeast or South l West or Midwest

! |

In 2000, were many
Clinton wins households poor?
these counties 1
182 to 79.

A decision tree in the wild.

Source: New York Times (2008), Decision Tree: The Obama-Clinton Divide.

5

Obama wins
these counties
185 to 36.



https://archive.nytimes.com/www.nytimes.com/imagepages/2008/04/16/us/20080416_OBAMA_GRAPHIC.html
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Popular (IME 2023 abstracts)







Growing a Tree I
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Growing a Tree 11

Blue
16 14

x1<6.6{no

Green
512

16/ 64
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Growing a Tree III

12

Blue
16 14

—{ves }-x1 < 6.6{no }——
Green
512
——X2 >=7.3—
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Growing a Tree IV

Blue
16 14

—{ves }-x1 < 6.6{no }—

Blue Green
11 2 512

—Xx2>=4.4 x2>=7.3
Blue
4 2
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1 rpart.plot(tree4, type = 0) O

x1<6.6

X2 >= 4, 4 x2>=7.3
x2<27
1 rpart.plot(tree4, type = 2) )

Blue
0.47
100%

Blue x1<6.6 Green

0.15 0.71

43% 57%

x2 >=4.4 Blue x2>=7.3

0.33
20%

‘xz<27i

-y
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‘ 1 rpart.plot(tree4, type = 3) ]

x1<6.6
[
x2>=4.4 ‘
<44
x2<2.7
>=27
‘ 1 rpart.plot(treed4, type = 5) )
<66 b
>=4.4 | >=7.3
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1 rpart.plot(tree4, type = 1, extra = 2) ] ’ ‘ 1 rpart.plot(tree4, type = 1, extra = 3) ]

o) X1 <66 (7]

T,
x2 >=4.4 14/30 x2>=7.3

Blue

/13 5<27
Blue
2/6

1 rpart.plot(tree4, type = 1, extra = 4) ) ’ ‘ 1 rpart.plot(tree4, type = 1, extra = 5) ) ’
X1<6.6 x1<6_6
S g S
53 .47
: x2 >=4.4 x2>=17.3

x2<27

0 g UNSW
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Construct Regions

o Divide the predictor space into high-dimensional rectangles, or boxes

o The goal is to find boxes Rj, Ry, - - - , Ry that minimise — (3 /‘Qa’&ﬂvl,g

« RSS:EJ:Z(%—@RJV t J= 7

?

j=1 icR; ;gsg Y,

where §p; is the mean response for the training observations within the jth
box

o Computationally unfeasible to consider every possible partition

= take a top-down, greedy approach...

—Om Efw'aj-aw

21/64
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Recursive Binary Splitting I Sl poeil Tor preclelii
\

« Consider a splitting variable j and split point s

={X|X; <s} and Ry(j,s) ={X|X, > s}
Wwf&r _

o Find the splitting variable j and split point s that solve

_ [mm Z —¢1)? 4 min Z (y; — c2)2}
LOD% - L;P z;€R1(j, s) “ xZ€R2(] s)

oves o’s
- l s where the inner mins are solved by 'Q W OP >

oxA, z&’l ¢, = ave(y;|z; € R1(j4,s8)) and é = ave(y;|z; € Ra(j,$))

-y
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Recursive Binary Splitting 11

e Scan through all of the inputs
= for each splitting variable, the split point s can be determined very quickly
= The overall solution for this branch (i.e. selection of j) follows.

o Partition the data into the two resulting regions

o Repeat the splitting process on each of the two regions

o« Continue the process until a stopping criterion is reached

ke Ths e hd posdl Te?
aPobably nt. Guld b o bl disen ot Dare,

~ We b The lecawe
K I i M%%é&

23 /64
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_ A
Classification Trees CW“‘L” = P = 1t )
arror Somihure
Very similar to a regression tree, except:
o Predict that each observation belongs to the most commonly occurring class of
training observations in the region to which it belongs

e RSS cannot be used as a criterion for making the binary splits, instead use a
measure of node purity:

Gini index, or cross-entropy
K K
G = Zﬁmk(l - ﬁmk) D= — Zﬁmk ln(ﬁmk)
k=1 “ - k=1
]% Pm Vo C)
where o5 \ [ (=0
.1 .
Pk = 7 ; I(y; = k).

24 / 64
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Which one?

So, should you use Gini impurity or entropy? The truth is, most of the time
it does not make a big difference: they lead to similar trees. Gini impurity is
slightly faster to compute, so it is a good default. However, when they
differ, Gini impurity tends to isolate the most frequent class in its own
branch of the tree, while entropy tends to produce slightly more balanced
trees.

Footnote: See Sebastian Raschka’s interesting analysis for more details.

| L r%\rrﬂ

b s\

Q / Source: Géron (2022), Hands-on Machine Learning with Scikit-Learn, Keras & TensorFlow, 3rd Edition, O’Reilly Media, Chapter 6.



https://sebastianraschka.com/faq/docs/decision-tree-binary.html
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Discussion Questlons

> Hieady  lcused

« What about splitting of categorical predictors?

e Why binary splitting7

How large should we grow the tree?

« What's the problem if the tree is too large?

e What if the tree is too small?

~Too Suraple

26 / 64
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Non-binary train cost tree

Is it peak hoyx?

Yes No
Peak Hopr Off-Peak Hpur

0-10km 10-20km 20-35km 35-65km 65+ km 0-10km 10-20km 20-35km 35-65km 65+ kn

v v v v v v v v v v

$3.79 $4.71 $5.47 $7.24 $9.31 $2.65 $3.29 $3.79 $5.06 $6.51
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Binary train cost tree

Is it peak hoyx?

-y

\fs §0
Peak Hour Off-Peak Hpu
0-10 km: $3.79 '10 km‘+ 0 - 10 km: $3.65 10 km |+
LN Y
10 - 20 km: $¢.71 '20 km f+ 10 - 20 km: $5.29 20 km -
LN N
20 - 35 km: $p.42 35 km |+ 20 - 35 km: $.79 35 km {+
35 - 65 km: $¥.24 65 km +: $9.31 35 - 65 km: $5.06 65 km +: $4.!




Train prices: interpretable?
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Interpretability?

)

u 1 i <A
) )
{"""‘ﬁnuh.u.., i &
I magsagg @ é

Ty
i TR

J)®@

|t can be easily seen
o which weather variables are most influentil
o the probability of experiencing such bad veathercondiins

=, § 0Q0 4%
o 8 E

Hand a decision tree to farmers to describe the payout structure of weather-based index/parametric insurance.

Q / Source: Jinggong Zhang (2023), Integrated Design for Index Insurance, IME Presentation
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Sensitivity to training data orientation

0.6 - / >
oy &
]
0.4 1 i . ol
] Y
'R =
u & &
0.2 4 — W s A A a ¢
X3 n® ] A &
ﬂlﬂ 1 ' ‘ l .l.
- = . ol T — y
[ | L Ay
=0.4 - m - g Em] A " o
g B L | A A
—(,6 -

An example of a dataset which is rotated and fit to decision trees.

Source: Aurélien Geron (2022), Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, 3rd Edition, Figure 6-7
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Advantages and disadvantages of trees

Advantages Disadvantages
e Easy to explain o Low predictive accuracy compared to
. (Mirror human decision making) other regression and classification
. . approaches
o Graphical display
Easile handl litati Fict e Can be very nog—robust
o Easily handle qualitative predictors :
yhandie quaatver ol e
Is there a way to improve the predictive performance of trees? VLA,

; ~ i
e Pruning a decision tree ™ lbridole, geleclion of M (B - : >
o Ensemble methods Cengal IM e

e Bagging, random forest, boosting M W
for QLA
as well

YYYYYY
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Pruning

« Wish to have a tree that has a good balance of variance vs bias.

o A decision rule of considering the decrease in RSS at each step/split (vs a

threshold) is too short sighted. « A [ ?L;T how ,MCJ o Wt/ %IB'N‘ lole—

o Alternate approach of growing a large tree then pruning back to obtain a
subtree is a better strategy.

o Cross validation of each possible subtree is however very cumbersome.

 An alternative approach is cost comglexitz pruning (also known as weakest
link pruning)
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Cost-Complexity Pruning

Define a subtree T' C Tj to be any tree than can be obtained by pruning T (a
fully-grown tree)

e Terminal node m represents region R,, IT | = 1 W

e |T'|: number of terminal nodes in T’
Define the cost complexity criterion HZ X =0 7 [Tl = /)

Total cost = Measure of Fit + Measure of Complexity

where ,, is the mean y; in the mth leaf and « controls the tradeoff between tree
size and goodness of fit.
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Cost-Complexity Pruning

For each a, we want to find the subtree T, C T}, that minimises C,(T')

e How to find T,?
= “weakest link pruning”

o For a particular ¢, find the subtree T,, such that the cost complexity
criterion is minimised

e How to choose a? W as X W
4

= cross-validation
- (
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Tree Algorithm Summary — P Trees

1. Use recursive binary splitting to grow a large tree on the training data

e stop only when each terminal node has fewer than some minjmum
number of observations

2. Apply cost complexity pruning to the large tree to obtain a sequence of best
subtrees, as a function of «

o there is a unique smallest subtree T,, that minimises C,(T)

@ Use K-fold cross-validation to choose «

4. Return the subtree from Step 2 that corresponds to the chosen value of «

-y
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Unpruned Hitters tree

Years < 4.5
|
RBI 4 60.5 Hits <|117.5
Putouts < 82 Years|< 3.5
Years|< 3.5
5.487 5.394 6.189
4.622 5.183
Walks < 43.5 Walks < 52.5
Runs  47.5 | RBI 4 80.5
6.407 Y 6.5
6.015 5571 6.549 =ars|< 280
6.459 7.007 '

The unpruned tree that results from top-down greedy splitting on the training data.

Source: James et al. (2021), An Introduction to Statistical Learning, Figure 8.4.
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CV to pick a (equiv., |T|)

o
S - — Training
- —— Cross-Validation
. — Test
[o0] -+
C). - i .
]
§ +
o ©
© O N |
o
g - e ———— ®
g 5 N S G S
8 o \ —— S T
S TT—e E \I
. g
N
o
S -
| I | | |

Tree Size

The training, cross-validation, and test MSE are shown as a function of the number of terminal nodes in the pruned
tree. Standard error bands are displayed. The minimum cross-validation error occurs at a tree of size three.

Q Vi Source: James et al. (2021), An Introduction to Statistical Learning, Figure 8.5.
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Does a patient have a heart disease?
Output (Y):

e Has heart disease; doesn’t
have heart disease

Input (X):

o Age

e Sex

o Chest pain

 Resting blood pressure

e Cholesterol

image

Source: https:/ /www.radiotopia.fm/podcasts/the-heart



https://www.radiotopia.fm/podcasts/the-heart
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Cleveland Clinic Heart Disease

Dataset from RPubs of 313 patients and 14 variables in a Cleveland Clinic
(RPubs, GitHub)

age: Age of patient

sex: Sex of patient

cp: Chest pain

trestbps: resting blood pressure
chol: serum cholesterol

fbs: fasting blood sugar larger
120mg/dl

restecg: resting electroc. result
anomality

 thalach: maximum heart rate
achieved

e €Xang: exercise induced angina

« 0ldpeak: ST depression induc. ex.
 slope: slope of peak exercise ST

e Ca: number of major vessel

o thal: thalassemia (3 normal; 6 fixed
defect; 7 reversable defect)

« num: diagnosis of heart disease
(angiographic disease status)



https://rpubs.com/mbbrigitte/heartdisease
https://github.com/mbbrigitte/Predicting_heart_disease_UCI
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Diagnosis

150

100
|

50

No disease Disease

Histogram of diagnosis (target variable).

-y



42 /64

Diagnosis by Gender

female male

No disease

Heart disease

Disease

Gender

Histogram of diagnosis by gender.

-y
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Diagnosis by Age

70

Age
I

50

30

No disease Disease

Heart disease

Boxplot of age by diagnosis.

-y



Unpruned tree

No disease
54 46
100%

Disease
23 77
44%

No disease
78 .22
56%

Disease
11 .89
31%

No disease
52 48
13%

Disease
49 .51
17%

Disease Disease
40 60 24 76

10% 14%
--chol >= 232~ -oldpeak < 0.75.

Disease
.00 1.00
17%

Disease
.10 .90
10%

No disease
.62 .38
4%

Disease
.14 .86
3%

No disease
54 46
6%

No disease
.86 .14
3%

Disease
.08 92
6%

No disease
73 .27
11%

No disease
91 .09
39%

We first fit a relatively large decision tree to the training data.

-y
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Pick the best subtree size

size of tree
1 2 4 6 9

N | | | |
. <
O
= O
T
)
2 ®
& o
O
T o
© O
J
X T _

o

| | | | |
Inf 0.17 0.039 0.016 0.01
Cp
Using cross-validation we can find the value of a (equiv. cp) and hence |T'| that gives the best validation set

accuracy.

-y
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Pruned tree

No disease
54 46
100%

No disease
78 .22
56%

Disease
49 51
17%

No disease
73 .27
11%

No disease
91 .09
39%

This is the resulting pruned tree.

Disease
23 77
44%

46 / 64
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Classification tree: Heart data (Accuracy)

ROC Curve Method ﬁ Accuracy
1.00 A .
Tree O 77 0.76

o 0.75
©
o method
050+
8_ Tree
3
=

0.254

0.004 4" } i

0.00 0.25 0.50 0.75 T 100

False postive rate
Evaluate the cléssification performance using a régeiver operator p
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An ensemble is a group of models...

Logistic SVM Random
regression classifier forest

classifier

Diverse predictors

Training various different classifiers on the same dataset.

Source: Geron (2022), Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, 3rd ed., Figure 7-1.
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. & you combine their predictions
O Ensemble’s prediction — Or a,q a

(e.g., majority vote)

Predictions

F = p

"‘ New instance o (X ) = j 0‘2‘

Make an overall prediction based on the majority vote of the models. a
];l / Source: Geron (2022), Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, 3rd ed., Figure 7-2.

Diverse predictors

r b,
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Bootstrapping 123456

h il " i B B k.

Predictors
(e.g., classifiers)

e . e, ’ N, o e >

Training

Random sampling
(with replacement=bootstrap)

Training set

Train on different versions of the same data.
Q / Source: Geron (2022), Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, 3rd ed., Figure 7-4.
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Bootstrap Resampling I

Original dataset A bootstrap resample

# Sort by first column to make ) set.seed(1) 0
# it easier to see the resampling df %>%
# (so not necessary in general). sample_n(size=nrow(df), replace=TRUE) %>%
df %>% arrange(x1) arrange(x1)
x1 x2 ) x1 x2 ,
<dbl> <dbl> <dbl> <dbl>
1.000000 6.7971014 1.000000 6.7971014
1.051813 0.8260870 1.000000 6.7971014
3.072539 1.6376812 3.072539 1.6376812
3.383420 4.4202899 3.383420 4.4202899
3.772021 9.1159420 3.383420 4.4202899
4.497409 0.3333333 3.772021 9.1159420
5.145078 2.9130435 3.772021 9.1159420
5.455959 2.3913043 5.455959 2.3913043
5.792746 5.2898551 5.455959 2.3913043
6.051813 4.3623188 5.455959 2.3913043

1-10 of 30 ro... Previous 1 2 3 Next 1-10 of 30 ro... Previous 1 2 3 Next

There are 60% of the rows in the original dataset in the bootstrap resample.

-y
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Bootstrap Resampling II

Original dataset A bootstrap resample

# Sort by first column to make ) set.seed(4) 0
# it easier to see the resampling df %>%
# (so not necessary in general). sample_n(size=nrow(df), replace=TRUE) %>%
df %>% arrange(x1) arrange(x1)
x1 x2 ) x1 x2 ,
<dbl> <dbl> <dbl> <dbl>
1.000000 6.7971014 1.000000 6.7971014
1.051813 0.8260870 1.051813 0.8260870
3.072539 1.6376812 1.051813 0.8260870
3.383420 4.4202899 3.072539 1.6376812
3.772021 9.1159420 3.072539 1.6376812
4.497409 0.3333333 3.772021 9.1159420
5.145078 2.9130435 3.772021 9.1159420
5.455959 2.3913043 4.497409 0.3333333
5.792746 5.2898551 6.233161 9.8695652
6.051813 4.3623188 6.233161 9.8695652

1-10 of 30 ro... Previous 1 2 3 Next 1-10 of 30 ro... Previous 1 2 3 Next

There are 66.67% of the rows in the original dataset in the bootstrap resample.

-y
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Bootstrap Aggregation (Bagging)

« A general-purpose procedure to reduce variance

= particularly useful and frequently used in the context of decision trees

Bagging procedure: / r\z

T%/%l Z

1. Bootstrap
. b / b, ] b= (
 sample with replacement repeatedly !
| ]
« generate B different bootstrapped training data sets M
2. Train

N (S
o train on the bth bootstrapped training set to get f*(z) — |reg

3. Aggregate (Regression: average, Classification: majority vote)

A 1 S s
fbag(w) — E Z f*b(w)
b=1

%
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Bagging: Illustration

9 12
9 12

0 3 6
x1
0 3 6
x1

9

3

0

0

0
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Bagging: Illustration

19 11 20 1Y
—{res}x1 <5.9{m0} ’
Green 79
10 11 x2>= 7.1
x1>=10
39

Green X2 < 4.5
x1 <74 98
x1>=7
Blue Blue Green
13 1 31 02

Blue BIue
18 12 17 13

—{ves}x2 >=6.6{no} (yes }-x1 <7.4{m0)
Blue Green
2 3 5 10

Green x2>=4.4 x1>=8.8
7 12

IH <6.6

Blue Blue

Blue
15 15

(ves }-x1 < 6.6{no]

Blue Green
3 2 2 13
x1<4.8 x2>=7.9
Blue
x1>= 6 1

Green
1 2

Green
13 17

—{es}x1 <6.5{m0]

Green
3 15

x2>=7.3
x2<27 x1 <94
Green Green Blue
1 2 10 2
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BIue
15 15

x1<6.6-{no]

Blue Green
3 13

x1 >=5.3 x2>=7.1
BIue
x1<4. 8
Green Green
0 2 013

Blue
16 14

— & 2 >=7{®)

Green
8 14
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Samples that are in the bag

Let’s say element ¢, j of the matrix is 1 if the ith observation is in the jth
bootstrap sample and 0 otherwise; i.e. it is “in the bag”.

Boot 1 Boot 2 Boot_3 Boot 4 Boot 5
<dbl> <dbl> <dbl> <dbl> <dbl>
1 0 1 0 0

1 0 1 0 0

1 0 1 0 1

1 0 1 1 0

1 1 1 0 0

0 1 1 1 1

1 1 0 1 1

0 0 0 1 1

1 1 1 1 1

0 1 1 1 1

1-10 of 10 rows

Onwfx W/M#—MM/

R
=
&
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Samples that are out of bag

Now consider the inverse, element ¢, 7 of the matrix is 1 if the ¢th observation is
not in the jth bootstrap sample, it is “out of the bag”.

Boot_1 Boot 2 Boot 3 Boot 4 Boot 5 #O0OB
<dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
0 1 0 1 1 3
0 1 0 1 1 3
0 1 0 1 0 2
0 1 0 0 1 2
0 0 0 1 1 2
1 0 0 0 0 1
0 0 1 0 0 1
1 1 1 0 0 3
0 0 0 0 0 0
1 0 0 0 0 1
1-10 of 10 rows 1-10 of 10 rows

Can perform “out of bag evaluation” by using the out of bag samples as a test
set. This is cheaper than cross-validation.
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Out-of-Bag Error Estimation

There is a very straightforward way to estimate the test error of a bagged model
e On average, each bagged tree makes use of around two-thirds of the
observations

 The remaining one-third of the observations are referred to as the out-of-bag
(OOB) observations

o Predict the response for the ith observation using each of the trees in which
that observation was OOB

= ~ B/3 predictions for the ith observation

o Take the average or a majority vote to obtain a single OOB prediction for the ¢
th observation

o Turns out this is very similar to the LOOCYV error.
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Bagging: variable selection

e Bagging can lead to difficult-to-interpret results, since, on average, no
predictor is excluded

e Variable importance measures can be used

= Bagging regression trees: RSS reduction for each split
= Bagging classification trees: Gini index reduction for each split
—

o Pick the ones with the highest variable importance measure
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Example of variable importance plot

fasting blood sugar (fbs) 1
restecg -

exercise induced angina -
Sex 7

slope -

age -

serum cholestoral -

resting blood pressure A

ST depression from exercise (oldpeak) 1
maximum heart rate achieved -
number of major vessels (ca) -
chest pain (cp)

thalassemia (thal) 1

Variable importance on the Heart dataset

N
()
o)
o
~
o1
—
o -
o

Variable Importance
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Random Forests

Random forests decorrelates the bagged trees / S\M O]ﬂ M"/k@

h//
o At each split of the tree, a ktesh random sample of m p%s chosen as
split candidates from the full set of p predictors — cl

o Strong predictors are used in (far) fewer models, so the effect of other
predictors can be properly measured.

= Reduces the variance of the resulting trees

o Typically Cho
« Bagging is a special case of a random forest with m = p



iPad

iPad

iPad





-y

Boosting

o A general approach that can be applied to many statistical learning methods
for regression or classification

e We focus on boosting for regression trees

e Involves combining a large number of decision trees

= trees are grown sequentially

= using the information from previously grown trees
—

= NO bootstrag - instead each tree is fitted on a modified version of the

original data (sequeniiglly)

o Unlike standard trees, boosting learns slowly - by focusing on the residuals
and hence focusing on areas the previous tree did not perform well.

61/64
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Boosting Algorithm for Regression Trees

1. Set f(x) = 0 and r; = y; for all 4 in the training set
2.Forb=1,2,---, B, repeat:
a. Fit a tree f* with d splits (d + 1 terminal nodes) to the training data (X, )

b. Update f by adding in a shrunken version of the new tree
f(e) < f2) + Af'(2)

c. Update the residuals [ F Ye -,/—\('){)4_ £

Ti <= T — Afb(fci) ~
They ot

3. Output the boosted model
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Boosting Tuning Parameters

e The number of trees B
= overfit if B is too large
= use cross-validation to select B
o The shrinkage parameter A
= a small positive number
= controls the rate at which boosting learns
= typical values are 0.01 or 0.001
o The number d of splits in each tree

= d = 1 often works well, each tree is a stump

63 / 64
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Comparison of methods: Heart data
Method AUC Accuracy

ROC Curve
e = Tree 0.77 0.76
Lo o Bagging  0.88 0.80
éoso — ;agging R. Forest  0.89 0.82
s — s Boosting 091 0.82

0251 m——— Tree

0.004 %
- T T T T T
0.00 0.25 0.50 0.75 1.00
False postive rate
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