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Appropriate Problems

Each attribute takes on a small number of disjoint possible values.

The target function has discrete output values (classification).

The training data may contain missing attribute values.



* ID3




ID3

Which Attribute is the best classifier?



ID3

Which Attribute is the best classifier?

measures how well a given attribute separates the
training examples according to their target classification

Information gain




ID3

 Which Attribute is the best classifier?

measures how well a given attribute separates the
training examples according to their target classification

Information gain

measures the impurity of an arbitrary collection of data
instances




Entropy

Entropy(S) := —py logypy — p—logy p—

SAMPLE

B negative samples m positive samples

Entropy(|9+,5—])

= — (9/14) log,(9/14) — (5/14) log,(5/14)
—=0.94




Entropy

Entropy for a 2-states variable with state probability p and q with p+g=1

— Entropy

- The entropy is O if all members of S belong to
the same class.

0.8

=
=]

 The entropy is 1 when S contains an equal
number of positive and negative examples.

E=-p*log(p)-q*log(q)

=
I

0.2

https://bricaud.github.io/personal-blog/entropy-in-decision-trees/
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Information Gain

Gain(S, A) =

Entropy(S) —
ve Values(A4)
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Information Gain
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Information Gain

Gain(S, A) := Entropy(S) —

ve Values(A4)
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Values(Wind) ={Weak, Strong}
S =[9+,5—]

Sweak < [6+,2—]
Sstrong |3+, 3—]

Gain(S, Wind)

=FEntropy(S) — Z |;|‘Entr0py(5 )
ve{Weak,Strong}
=Entropy(S) — (8/14) Entropy(Sweak)

— (6/14) Entropy(Sstrong)
—0.940 — (8/14)0.811 — (6/14)1.00
=0.048



Information Gain

 Which Attribute is the best classifier?

S : [9+,5—] S ¢ [9+,5—] S [9+,5-]
E =0.940 E = 0.940 E = 0.940

/ \ / N

3+, 4—] 6+, 1—] 6+, 2—] 3+,3—]  n ¥
E =0.985 E =0.592 E =0.811 FE =1.00 ’)

Gain(S, Humidity) Gain(S, Wind)
—0.94 — (7/14)0.985 — (7/14)0.592 = =0.94 — (8/14)0.811 — (6/14)1.0

=0.151 =0.048

Gain(S, Outlook) = ?



Information Gain

predicted by the tree. Attribules s @ ISt Of oIner arribures inair may pe lesied oy ine learned
decision tree. Returns a decision tree that correctly classifies the given Examples.

e Create a Root node for the tree
If all Examples are positive, Return the single-node tree Root, with label = +
o If all Examples are negative, Return the single-node tree Root, with label = —

o If Artributes is empty, Return the single-node tree Root, with label = most common value of
Target._attribute in Examples

Otherwise Begin
e A « the attribute from Attributes that best* classifies Examples
# The decision attribute for Root «— A
e For each possible value, v;, of A,
e Add a new tree branch below Root, corresponding to the test A = v;
o Let Examples,, be the subset of Examples that have value v; for A
o If Examples,, is empty
e Then below this new branch add a leaf node with label = most common
value of Target_attribute in Examples
o Else below this new branch add the subtree
ID3(Examples,,, Target_attribute, Attributes — {A}))

e End
¢ Return Rook——-

* The best attribute is the one with highest information gain, as defined in Equation (3.4).

TABLE 3.1
o
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Pruning

Overfitting

CHAPTER 3 DECISIC

reasonable strategy, in fact it can lead to difficulties when there
or when the number of training examples is too small to prod
sample of the true target function. In either of these cases, th
can produce trees that overfit the training examples.

We will say that a hypothesis overfits the training exar
hypothesis that fits the training examples less well actually perf
entire distribution of instances (i.e., including instances beyor

Definition: Given a hypothesis 'space H, a hypothesis h € H
training data if there exists some alternative hypothesis k' ¢
smaller error than 4’ over the training examples, but 4’ has a



Pruning

* Post-pruning

- Split the data into a training set and a validation set
- Train the decision tree on the training set

* While pruning improves the accuracy of the tree on the validation set
« Scan the nodes one by one
- If removing the nodes (and all its descendants) improves the accuracy of the
tree on the validation set
* Remove the node and all its descendants
- Endif

70 MACHINE LEARNING

original over the validation set. This has the effect that any 1
to coincidental regularities in the training set is likely to be p
same coincidences are unlikely to occur in the validation se!
iteratively, always choosing the node whose removal most in
tree accuracy over the validation set. Pruning of nodes cor
pruning is harmful (i.e., decreases accuracy of the tree over t

The impact of reduced-error pruning on the accuracy
is illustrated in Figure 3.7. As in Figure 3.6, the accuracy c
measured over both training examples and test examples. Tt
Flgure 3.7 shows accuracy over the test examples as the tr

P - . Tearritre theo frao 160 nf 10 A nv1111res cdra and TAtrract an
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Continuous-Valued Attributes
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Continuous-Valued Attributes
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Missing Attribute Values
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Missing Attribute Values
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Missing Attribute Values
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