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Methods for Feature Selection

• Wrappers
– Select subset of features that gives best prediction 

accuracy (using cross-validation)
– Model-specific

• Filters
– Compute some statistical metrics (correlation 

coefficient, mutual information)
– Select features with statistics higher than threshold

• Embedded methods
– Feature selection done as part of training
– Example: Regularization (Lasso, L1 regularization)
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Decision Tree Learning
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Learning Decision Trees
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Information Gain
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Example
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Example Information Gain
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Learning Decision Trees

ID3 algorithm uses Information Gain
Information Gain reduces uncertainty on Y
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Impurity Metrics

• Split a node according to max reduction of 
impurity

• Properties
– Impurity measure should be maximum when 

labels are split evenly among classes: 𝐼 "
#
, "
#
= 1

– Impurity measure should be minimum for pure 
node: 𝐼 1,0 = 𝐼 0,1 = 0

– Impurity measure should be symmetric
• 𝐼 𝑝), 𝑝" = 𝐼(𝑝", 𝑝))
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Impurity Metrics

Split a node according to max reduction of 
impurity
1. Entropy
2. Gini Index for binary class (class 0 and class 1)
– 𝐼 𝑝), 𝑝" = 4𝑝)𝑝" = 4𝑝)(1 − 𝑝))

3. Resubstitution error
– Fraction of data points mis-classified if we 

assigned the majority label at the node
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Impurity Metrics
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When to stop?
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Case 1
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Case 2
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Decision Trees
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Overfitting
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Solutions against Overfitting

• Pruning
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Pruning Decision Trees
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Pruning Decision Trees
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Real-Valued Inputs
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Real-valued Features
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Threshold Splits
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Interpretability
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Decision Boundary
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Decision Trees vs Linear Models

Linear model Decision tree
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Lab

26



Lab

Add Label “High” is Sales > 8

27



Lab

Train and Test

Accuracy
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Lab
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Pruning

• Cross-validation for pruning
• FUN = prune.misclass indicates that classification 

error is metric to minimize
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Pruning
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Regression Trees

• Split to reduce sum of 
average responses on each 
branch

• Predict average response of 
all training data at each leaf
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Summary Decision Trees
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Strengths
• Fast to evaluate
• Interpretable
• Generate rules
• Supports categorical and 

numerical data

Weaknesses
• Overfitting
• Splitting method  might 

not be optimal
• Accuracy is not always 

high
• Batch learning



Decision Trees

How to reduce variance of single decision tree?
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