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Agenda

= Decision Trees Induction
@ Context
@ Estimation/“design”
@ Properties

= Ensemble Learning

@ Bagging (mainly - I’'m hoping to cover more next week)
= Summary
= Tutorial



Decision Trees

e Simple (or maybe the simplest), yet can be
powerful, or amongst most powerful learners, for
classification (mainly) and regression problems.




Decision Trees

@ A very popular model for both regression and
classification tasks — regardless of linearity (huh!)

@ Nen-parametric:




Decision Trees

@ Random Forests (a variant - later on in the lecture) is
one of the most used models for predictive analytics
in practice - because they’re good ;)
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@ Decision Trees (simplified) is the task of learning a hierarchy of
if/else questions, leading to a decision (leaf).
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Image credit: www.packtpub.com
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DT for Classification

DT for Classification - Supervised Learning
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DT for Classification
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DT for Classification
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DT for Classification
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DT for Classification
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‘two_moons’ toy dataset

» Sklearn dataset, two half moon shapes of a sample (default n =100). Labeled (50%, 50%)

» Task: classify a shape (0: not moon, 1:moon)

>> from sklearn.datasets import make moons

>> moons =make moons(n_samples=150, random_state=0)
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http://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_moons.html#sklearn.datasets.make_moons
http://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_moons.html#sklearn.datasets.make_moons

‘two_moons’ toy dataset

»Sklearn dataset, two half moon shapes of a sample (default n =100).
Labeled (50%, 50%)

»Task: classify a shape (0: not moon, 1:moon)

>> from sklearn.datasets import make moons

>> moons =make moons(n_samples=150, random_state=0)
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X[1] <= 0.06
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‘two_moons’ toy dataset

»Sklearn dataset, two half moon shapes of a sample (default n =100).

Labeled (50%, 50%)

»Task: classify a shape (0: not moon, 1:moon)

>> from sklearn.datasets import make moons

>> moons =make moons(n_samples=150, random_state=0)

X[1] <= 0.06
counts = [50, 50]
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‘two_moons’ toy dataset

»Sklearn dataset, two half moon shapes of a sample (default n =100).
Labeled (50%, 50%)

»Task: classify a shape (0: not moon, 1:moon)

>> from sklearn.datasets import make moons

>> moons =make _moons(n_samples=150, random_state=0)
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X[1] <= 0.06
counts = [50, 50]
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X[0] <= 0.418
counts = [2, 32]

X[0] <= 1.196
counts = [48, 18]

A
counts = [2, ﬁuula = [0, 32]

X[1] <= 0.495 X[0] <= 1.672
counts = [47, 8] counts = [1, 10]

/

A
X[0] <= 0.569 X[0] <= -0.047
counts = [15, 6] counts = [32, 2]

X[0] <= 1.659
counts = [1, 3]

counts = [0, 7]

!

N

(...

)

(..)

/N

(.)

(.) .)

credit: A Muller, mglearn



http://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_moons.html#sklearn.datasets.make_moons
http://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_moons.html#sklearn.datasets.make_moons

Top-down Induction of
decision trees

The widely used technique is a top-down, greedy search approach:

1. Choose the best feature x* for the root of the tree.
2. Separate training set S into subsets {S,, S,, .., S,} where each
subset S, contains examples having the same value for x*.

3. Recursively apply the algorithm on each new subset until all
examples have the same class label.

16




Choosing (decision)
Features

ID3 (Iterative Dichotomiser 3) and C4.5 by Ross Quinlan
(1986) based on Information Gain.

CART by Leo Breiman: Gini Impurity — measure of the
heterogeneoity (or "impurity") of the nodes. If all data
points at one node belong to the same class then this
node is considered "pure". So by minimising the Gini
Impurity the decision tree finds the features they separate
the data best.

17




Impurity Function(s)



© Gini Impurity - o

0.5
Let k£ be the given classes in a dataset,
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ny N P1 D2 1 —pf — p3
Feature A 0 10 0 1 1-0°—-12=0
Feature B 3 7 0.3 0.7 1—-0.3% - 0.7 = 0.42

Feature C 5 5 0.5 0.5 1-0.52-0.52=0.5



® Entropy »
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©® Entropy »

Let X be a random variable with the following probability distribution

PX=0) | PX=1)
0.2 0.8

« The entropy of X, denoted H(X), is defined as

H(X):_ZPX(X)IOgZPX(X)

 Entropy measures the uncertainty of a random variable

« The larger the entropy, the more uncertain we are about the value of
X

« |If P(X=0)=0 (or 1), there is no uncertainty about the value of X,
entropy = 0

« |If P(X=0)=P(X=1)=0.5, the uncertainty is maximized, entropy = 1

21



Entropy of random variable X

1| Entropy is applied as a term of the

{ |heterogeneity of a split/sample; If the sample

| |is completely homogeneous the entropy is

| |1zero and if the sample is equally divided it has
| |entropy of one.

0 02 04 0.6 0.8 1
PX=0)

If P(X=0)=0 (or 1), there is no uncertainty about the value of X,
entropy =0
If P(X=0)=P(X=1)=0.5, the uncertainty is maximized, entropy = 1
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Mutual Information

The mutual information measure of two random variables X
and Y'is defined as:

I[(X,Y)=H(Y) - HY|X)

the amount of information we learn about Y by knowing the value of X
(and vice versa - it is symmetric).

Information Gain (IG) = argmax H(Y) — H(Y|Xj)
J

= argmin H(Y|X;)
J



Information Gain

low high
information information
gain gain

Information Gain (IG) = argmax H(Y) - H(Y|X;)
J

* argmin H(Y |X;)
J



Gini and Entropy

— Entropy = = Gini Impurity -+ = Misclassification Error

@ Gini  : Ig(S)=1-> p’

® Entropy : H(S)=—) pjlogp

g=1

Impurity Index

p(label=1)
e —




Example: Play Golf dataset - available on Kaggle
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Attributes

Rainy
Rainy
Overcast

Sunny
Sunny
Sunny
Overcast
Rainy
Rainy
Sunny
Rainy
Overcast
Overcast

Sunny

Hot
Hot

Mild
Cool
Cool
Cool
Mild
Cool
Mild
Mild
Mild
Hot

Mild

High
High
High
High
Normal
Normal
Normal
High
Normal
Normal
Normal
High
Normal

High

FALSE
TRUE
FALSE

FALSE
FALSE
TRUE
TRUE
FALSE
FALSE
FALSE
TRUE
TRUE
FALSE
TRUE

class

No
Yes

Yes
Yes
No

Yes
No

Yes
Yes
Yes
Yes
Yes

No

* 4 features:
* outlook: rainy, overcast, sunny
* temperature: cool, mild, hot
* humidity: normal, high
* windy: false, true

* Possible outcomes (play golf?):
* false
* true

Frequency Table

| Play golf |




Potential Splits on X (attributes)

% Temperature
~ N ™

Sunny Overcast Rainy

3 yes 4 yes 2 yes

2 no 0 no 3 no
— J D

o
/ \

SRR
High Normal
3yes 6 yes
4 no 1 no
—_

—




Play not play Iree!

Let S be the set of training samples with ¢ possible classes,

thus S = {Sl,SQ, ,Sn}

¢ <L 1s4] ;)
Entropy: H(S) = — Z p; log(p;) = — 231 5 - log( 5 )

1=1

from math import log

| Play golf | def entropy(*probs):
es no — H S - 0.94 total = sum(probs)
Ly | | ( ) return sum([-p / total * log(p / total, 2) for p in probs])
""""""""""""" except:
| 9 | 5 | return 0

print(entropy(6, 5), entropy(1, 2), entropy(2, 2), entropy (9,5), entropy (5,0))

0.9940302114769565 0.9182958340544896 1.0 0.9402859586706309 0

[— Entropy = = Gini Impurity -+ = Misclassification Error

Entropy [my data = entropy (9,5)]:
H(S) = —; log(13) — 7 log(7})




Play not play Iree!

Let S be the set of training samples with ¢ possible classes,

thU.S S — {Sl, SQ, cees S’n,} {number of observations of class 1 ( i) over the total number of observations}
C C S|
Entropy: H(S) = — > pi - log(p;) = log('r57)
1=1
from math import log
| Play golf | def entropy(*probs):

Jrint(entropy(6, 5), entropy(1, 2), entropy(2, 2), entropy (9,5), entropy (5,0))

0.9940302114769565 0.9182958340544896 1.0 0.9402859586706309 0

[— Entropy = = Gini Impurity -+ = Misclassification Error

Entropy [my dg#a = entropy (9,5)]:
2

14 10g(14)




Information Gain G(X)

Certainty Entropy
after split on

attribute X

Entropy

gain on before split

attribute X

| Play golf |
| yes | no |
------------------------ H(sunny) = 0.97
| sunny | 3 | 2 | 5 —
M| overcast | 4 | @ | 4 H(ovprcast) =0
| rainy | 2 | 3 | 5 H(rainy) = 0.97
9 5
entropy(3, 2), 0, entropy(2, 3)

H(S,outlook) = P(sunny) - H(sunny) + P(overcast) - H (overcast) + P(rainy) - H (rainy)

5 1 D
_ﬂ.0,97+ﬂ-0+ﬁ-0.97—0.69

Information Gain G(outlook) = H(S) — H(S, outlook) = 0.94 — 0.69 = 0.25




Potential Splits on X (attributes)

| Play golf | | Play golf |

| yes | no | | yes | no |

| sunny | 3 | 2 | | hot | 2 | 2 |

outlook | overcast | 4 | @6 | temperature | mild | 4 | 2 |
| rainy | 2 | 3 | | cool | 3 | 1 |

Info. gain = 6.25 Info gain = 60.63

| Play golf | | Play golf |

| yes | no | | yes | no |

| high | 3 | 4 | | false | 6 | 2 |

humidity | normal | 6 | 1 | windy | true | 3 | 3 |




Potential Splits on X (attributes)
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0o N o 0o A W DN =

10
11

12
13
14

Rainy
Rainy
Overcast

Sunny
Sunny
Sunny
Overcast
Rainy
Rainy
Sunny
Rainy
Overcast
Overcast

Sunny

Hot
Hot

Mild
Cool
Cool
Cool
Mild
Cool
Mild
Mild
Mild
Hot

Mild

Our tree then is:

High
High
High
High
Normal
Normal
Normal
High
Normal
Normal
Normal
High
Normal
High

FALSE
TRUE
FALSE

FALSE
FALSE
TRUE
TRUE
FALSE
FALSE
FALSE
TRUE
TRUE
FALSE
TRUE

No
Yes

Yes
Yes
No

Yes
No

Yes
Yes
Yes
Yes
Yes
No




Feature Importance

>> load breast cancer()

worst radius <= 16.795
samples = 426
value = [159, 267]
class = benign

worst texture <= 25.62
samples = 32
value = [21, 11]
class = malignant

worst texture <= 30.975
samples = 5

value = [2, 3]

class = benign

34 To be reproduced in Tutorial tasks



Feature Importance

>> load breast cancer()

9 print("Feature importances:\n{}".format(tree.feature_ importances_ ))

Feature

Feature importances:

[ 0. 0. 0. 0.
0.048 0. 0. 0.002
0.046 O. 0. 0.014

0. 0. 0. 0 0. 0 0.01
0. 0. 0. 0 0. 0.727
0. 0.018 0.122 0.012 0. ]
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35 Feature importance




DT for Regression

Loss Function
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36 Figure from: A Geron, Hands on ML - chapter 6



Decision Trees’ Summary

h

= very popular:

» Easy to understand (highly interpretable)

> Easy to implement

> Easy to use

» Computationally cheap (well!)

» Suitable for linearly (& non linearly) separable classes
> Does regression as well.

» Completely invariant to scaling of the data

37



But it 1s horrible!



Today’s Puzzle

DT complexity



Decision Tree Depth

Consider a/an (insane) DT where each split (decision node)
would peel off one training example, the absolute maximum
depth would be ?, where N is the number of training samples.

@ Training Error = ?
@ Generalisation (test) error = ?

40




Decision Trees Main Issue

OVERFITTING

2
<




Pruning - Pre and Post

A common technique to avoid overfitting in Decision
Trees is to prune the tree; either whilst it’s being

constructed (pre-pruning) or after it’s been constructed
(post-pruning).

* [FECNIEINE 7 EIIOS e Gl > Limiting maximum depth of the tree

> Limiting maximum number of leaves
> Requiring a minimum number of

evaluate Accuracy loss.

samples in a node to allow split

40 /s.upported in scikit-learn

NOT supported in scikit-learn




Decision Trees, review

@ Popular - highly interpretable.
® Model-free (don’t assume an underlying distribution).
@ Fast (well, super fast!)

@ Suitable for both regression and classification problems.

Prediction “accuracy” isn’t that great - inherently high @

variance e
D=




Agenda

= Ensemble Learning

@ Bagging (mainly - I’'m hoping to cover more next week)
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