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Logistics
• HW 3 is on Piazza, due on Oct. 25
• Exams

– Midterm: Monday, Oct. 28
– Final exam: Wednesday, Dec. 4

• Project 
– Proposal due on Oct. 21; teams of 2-3 
– Project presentation on Dec. 9
– Project report due on Dec. 10
– Project ideas and datasets posted on Piazza
– Example projects from DS 4400 posted on Piazza
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Project Proposal
• Project Title
• Project Team
• Problem Description 

– What is the prediction problem you are trying to solve?
• Dataset

– Link to data, brief description, number of records, feature 
dimensionality (at least 10K records)

• Approach and methodology
– Normalization 
– Feature selection 
– Machine learning models you will try (at least 3)
– Splitting into training and testing, cross validation
– Language and packages you plan to use

• Metrics (how you will evaluate your models) 
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Review: Naïve Bayes Classifier

𝑘 𝑘

• For each class label 𝑘
1. Estimate prior 𝑃[𝑌 = 𝑘] from the data 
2. For each value 𝑣 of attribute 𝑋)

• Estimate P[𝑋) = 𝑣|𝑌 = 𝑘]
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Review Naïve Bayes

• Density Estimators can estimate joint probability 
distribution from data

• Risk of overfitting and curse of dimensionality
• Naïve Bayes assumes that features are 

independent given labels
– Reduces the complexity of density estimation
– Even though the assumption is not always true, Naïve 

Bayes works well in practice
• Applications: text classification with bag-of-words 

representation
– Naïve Bayes becomes a linear classifier
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Outline
• Feature selection

– Wrapper
– Filter
– Embedded methods

• Decision trees
– Information Gain
– ID3 algorithm
– Pruning decision trees
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Supervised Learning Process

Data Pre-
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Feature selection

• Feature Selection
• Process for choosing an optimal subset of features

according to a certain criteria

• Why we need Feature Selection:
1. To improve performance (in terms of speed,

predictive power, simplicity of the model).
2. To visualize the data for model selection.
3. To reduce dimensionality and remove noise.
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Feature Search Space

Exponentially large!
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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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Feature Engineering

• Feature engineering is crucial to getting good 
results

• Strategy: overshoot and regularize
– Define as many features as you can
– Use regularization for models that support it
– Use other feature selection methods (e.g., filters) 

otherwise
• Do cross-validation to evaluate selected features 

on multiple runs
• When feature selection is frozen, evaluate on test 

set
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Wrappers: Search Strategy

d 2-
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Wrappers: Sequential Forward 
Selection

Backward feature selection starts with all features 
and eliminates backward

accuracy on validation set
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Search complexity for sequential 
forward selection

2-
• Evaluates - -./

0 features sets instead of 2-
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Cross Validation

• k-fold CV
– Split data into k partitions of equal size

• Leave-one-out CV (LOOCV)
– k=n (validation set only one point)

Select set of features with best validation performance
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Filters
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Search Complexity for Filter Methods
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Embedded methods: Regularization

• L1 norm for regularization
• No closed form solution
• Algorithms based on sub-gradient descent

𝐽 𝜃 = 3
45/
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Regularization
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Lasso regression



Embedded methods: Regularization
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Summary: Feature Selection
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Summary: Feature Selection
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Summary: Feature Selection

- Can add regularization in 
optimization objective

- Can be solved with Gradient 
Descent

- Can be applied to many 
models (e.g., linear or 
logistic regression)

- Can not be applied to all 
methods (e.g., kNN)
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Summary: Feature Selection
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Outline
• Feature selection

– Wrapper
– Filter
– Embedded methods

• Decision trees
– Information Gain
– ID3 algorithm
– Pruning decision trees

• Lab decision trees
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Sample Dataset

Categorical 
data
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Decision Tree
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Decision Tree
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Decision Tree Learning
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Learning Boolean Functions

29XOR cannot be learned with linear classifiers



Expressiveness
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Occam’s Razor
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Learning Decision Trees
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Key Idea: Use Recursion Greedily
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Second Level

34



Full Tree
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Splitting

Use entropy-based measure (Information Gain)
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Transmitting Bits
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Use Fewer Bits
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Use Fewer Bits
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General case
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High/Low Entropy

LowHigh

Which distribution has high entropy?
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Conditional Entropy
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Conditional Entropy
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Conditional Entropy
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Conditional Entropy
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Information Gain
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Example
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Example Information Gain

Pure 
node

Max 
Information 

Gain
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IG = 0.68 IG = 0.052



Learning Decision Trees

ID3 algorithm uses Information Gain
Information Gain reduces uncertainty on Y
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