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Outline

• Decision	Tree	Representation
• ID3	learning	algorithm
• Entropy,	Information	Gain
• Overfitting
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Machine	Learning

Study	of	algorithms	that:
• improve	their	performance	P
• at	some	task	T
• with	experience	E

Well-defined	learning	task:	<P,	T,	E>
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Function	Approximation
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Sample	Dataset
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Decision	Tree
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Decision	Tree
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Decision	Tree	Learning
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Decision	Tree	Learning
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Stages	of	(Batch)	Machine	Learning
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A	Tree	to	Predict	C-Section	Risk
• Learned	from	medical	records	of	1000	women.
• Negative	examples	are	C-sections
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Decision	Tree	Induced	Partition
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Decision	Tree	Induced	Partition
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Decision	Tree	Induced	Partition

IF5180 – Pembelajaran Mesin 15



Expressiveness
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Another	Example:	Restaurant	
Domain	(Russell	&	Norvig)
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Preference	bias:	Ockham’s	Razor
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Decision	Tree	for	PlayTennis
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When	to	Consider	Decision	Trees

• Instances	can	be	described	by	attribute-value	pairs
• Target	function	is	discrete	valued
• Disjunctive	hypothesis	may	be	required
• Possibly	noisy	training	data,	or	data	with	missing	
values

Example
– Equipment	or	medical	diagnosis
– Credit	risk	analysis
– Modeling	calendar	scheduling	preferences
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Top-Down	Induction	of	Decision	Trees

Main	Loop:
1. A	 ¬ the	“best” decision	attribute	for	next	node
2. Assign	A	as	decision	attribute	for	node

3. For each	value	of	A,	create	new	descendant	of	node

4. Sort	training	examples	to	leaf	nodes

5. If training	examples	are	perfectly	classified,	Then STOP,	
Else iterate	over	new	leaf	nodes

Which	attribute	is	best?

IF5180 – Pembelajaran Mesin 23



Choosing	the	Best	Attribute
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Choosing	an	Attribute
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Compare	the	Two	Decision	Trees
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Information	Gain
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Information	Gain
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Impurity
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Top-Down	Induction	of	Decision	Trees

Which	attribute	is	best?
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Example:	Huffman	Code
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Entropy
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Information	Gain
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Entropy
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Information	Gain
Information	Gain	is	the	mutual	information	
between	attribute	A	and	Target	Variable	Y.
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Information	Gain
Gain	(S,	A)	=	expected	reduction	in	entropy	of	
target	variable	Y	for	data	sample	S	due	to	sorting	
on	attribute	A.
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Training	Examples
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Selecting	the	Next	Attribute

Which	attribute	is	the	best	classifier?
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Function	Approximation	as	Search	
for	the	Best	Hyphotheses
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Hypothesis	Space	Search	by	ID3

• Hypothesis	space	is	complete?
– Target	function	surely	in	there

• Outputs	a	single	hypothesis	(which	one?)
• No	back	tracking
– Local	minima	…

• Statistically-based	search	choices
– Robust	to	noisy	data	…

• Inductive	bias:	approx	“prefer	shortest	tree”
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Overfitting	in	Decision	Trees

Consider	adding	noisy	training	example	#15

Sunny,	Hot,	Normal,	Strong,	PlayTennis	=	NO

What	effect	on	earlier	tree?
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Overfitting

• Consider	error of	hypothesis	h over
– Training	data:	errortrain (h)
– Entire	distribution	D of	data:	errorD (h)

• Hypothesis	h Î H	overfits training	data	if	there	is	an	
alternative	hypothesis	h’ Î H such	that

IF5180 – Pembelajaran Mesin 56



Overfitting	in	Decision	Tree	Learning
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Avoiding	Overfitting

• How	can	we	avoid	overfitting?
– Stop	growing	when	data	split	not	statistically	significant
– Grow	full	tree,	then	post-prune

• How	to	select	“best” tree?
– Measure	performance	over	training	data
– Measure	performance	over	separate	validation	data	set
– MDL:	minimize

size(tree)	+	size	(misclassification(tree))
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Reduced-Error	Pruning

• Split	data	into	training	and	validation	set

• Do	Until	further	pruning	is	harmful:
1. Evaluate	impact	on	validation	set	of	pruning	each	possible	node	

(plus	those	below	it)

2. Greedily	remove	the	one	that	most	improves	validation	set	
accuracy

• Produces	smallest	version	of	most	accurate	subtree

• What	if	data	is	limited?
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Effect	of	Reduced-Error	Pruning
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Rule	Post-Pruning

1. Convert	tree	to	equivalent	set	of	rules
2. Prune	each	rule	independently	of	others
3. Sort	final	rules	into	desired	sequence	for	use

Perhaps	most	frequently	used	method	(e.g.,	
C4.5)
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Converting	A	Tree	to	Rules
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IF	(Outlook =	Sunny)	AND	(Humidity =	High)
THEN	PlayTennis =	No

IF	(Outlook =	Sunny)	AND	(Humidity =	Normal)
THEN	PlayTennis =	Yes
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Continuous	Valued	Attributes

• Create	a	discrete	attribute	to	test	continuous
– Temperature =	82.5
– (Temperature >	72.3)	=	t,	f
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Attributes	with	Many	Values

• Problem:
– If	attribute	has	many	values,	Gain	with	select	it
– Imagine	using	Date	=	June_3_1996	as	attribute

• One	approach:	use	Gain	Ratio	instead
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Attributes	with	Costs

• Consider
– Medical	diagnosis,	BloodTest	has	cost	$150
– Robotics,	Width_from_1ft	has	cost	23	sec.

• How	to	learn	a	consistent	tree	with	low	expected	cost?	
One	approach,	replace	gain	by:
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Unknown	Attribute	Values

• What	if	some	examples	missing	values	of	A?	Use	
training	example	anyway,	sort	through	tree
– If	node	n	tests	A,	assign	most	common	value	of	A	among	
other	examples	sorted	to	node	n

– Assign	most	common	value	of	A	among	other	examples	
with	same	target	value

– Assign	probability	pi to	each	possible	value	vi of	A		and	
assign	fraction	pi of	example	to	each	descendant	in	tree

• Classify	new	examples	in	same	fashion
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