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Decision Tree                                                   
(branch on first attribute)
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Goal of Learning

• Given:
� Training set – a set of examples with features

and classification
• Features – mushroom stem length, cap size, smell
• Classification – edible/not edible

• Task: Compute a classifier!
� Classifier: A rule how to classify a new example 

based on its features
� Find a classifier C such that                                   

C = argmaxC P(C|examples)!
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A Little Information Theory

• Which gives us more information?
� Someone calls from Hawaii and tells you it is 

sunny.
� Someone calls from Paderborn and tells you it 

is sunny.

• You get more information from the 
Paderborn call because the sun shines 
almost always on Hawaii whereas it is 
always April in Paderborn.
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A Little Information Theory

• Unbiased coin: 

• Two-headed coin: 

• Entropy (or randomness) 
� H(P) = - i P( i) log P( i) 
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How can we use this for picking the 
best attribute?

• We split on the attribute that gives us the largest 
information gain (i.e. the one that leaves us with 
the smalles entropy) in the hope that this gives us 
more shallow trees (heuristic).

• Information in training set:
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How can we use this for picking the 
best attribute?

• Total weighted entropy after splitting on attribute a
with v possible values:

• Best attribute choice using information gain:
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Decision Trees Revisited                       
(branch on greatest information gain)
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Heuristics for Choosing the Next 
Attribute [Classification with k Classes]

• Entropy

• Gini Index

• Minimum
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Variance in Training Set

• The examples that we base the tree on 
have some random bias.

• How can we circumvent “learning” this bias 
that is in the training set but not inherent to 
the concept that we wish to learn?
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Testing how well a Learning 
Algorithm classifies

• Training Error – How well does the classifier 
classify examples in the training set?
� Error = (# of examples classifier gets right)/(total # of 

examples in set)
� A classifier that classifies each example in the training 

set correctly has zero training error – it is called a 
consistent classifier

� Is this a good measure of how well a learning algorithm 
classifies?

• Test Set – Another set of examples that the 
classifier has never seen before

• Test Error – the error the classifier has on the test 
set
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Evolution of Error
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Pruning Trees

• Split the training data into two parts
� A smaller training set S
� A validation set V 
� Build a full decision tree T using S
� Then prune T using V

• repeat
• if there is a node u in T such that removing the subtree rooted 

at u decreases error on V, then T = T – {subtree rooted at u}
• until no more pruning

• Of course, V has chance structure too, but its 
random structure is unlikely to coincide with that    
of S!
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Bootstrap Aggregating (Bagging)

• Idea:
� Create multiple decision trees.
� Each of these decision trees see only a subset 

of the training set, but not the whole thing.
� Take the majority vote of the output of the 

decision trees as our new classifier.
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Building Different DTs from Bagging
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Building Different DTs from Bagging
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Bagging vs. Decision Trees
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