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PART 1
Linear Regression
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Outline
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• Linear Regression

•Regression for Classification

•Nonlinear Transformation

• Linear Regression with Basis Functions

•Generalization (feasibility of learning)

•Split Data into Train/Test Portions

•Cross Validation

What is Linear Regression?
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• Regression = real-valued output

• Linear regression 
• A type of supervised machine-learning algorithm that learns from labelled datasets and 

maps the data points with most optimized linear functions which can be used for prediction 
on new datasets. 

• Assumes that there is a linear relationship between the input and output, meaning the 
output changes at a constant rate as the input changes. This relationship is represented by a 
straight line.

• Example:
• We want to predict a student's exam score based on how many hours they studied (it 

was observed that as students study more hours, their scores go up ☺). 

• Independent variable (input): Hours studied; it is a factor we control/observe.

• Dependent variable (output): Exam score; depends on how many hours were studied.
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Recall:
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Conclusion so far: 
A way to train a linear regression model

• Using a “closed form” equation (the Normal Equation) that 
directly computes the model parameters that best fit the 
model to the training set (i.e., the model parameters that 
minimize the cost function over the training set).
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Takeaway

Regression for Classification
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Nonlinear Transformation

26

25

26



14

27

28

27

28



15

29

30

29

30



16

31

32

31

32



17

33

34

33

34



18

35

36

35

36



19

37

Linear Regression with Basis Functions
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•Recall: Feasibility of Learning is split into two questions:
1. Can we make sure that Eout(g) is close enough to Ein(g)?
2. Can we make sure Ein(g) is small enough?

For more insights read: Abu-Mostafa 2.2

•Generalization:
• We say a predictor generalizes if it performs as well on unseen 

data as on training data

• The data used to train a predictor is training data or in-sample data
• We want the predictor to work on test data or out-of-sample data

• We say a predictor fails to generalize if it performs well on in-
sample data, but, it does not perform well on out-of-sample data 
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Cross Validation
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How do we pick the number of basis functions?
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Takeaway

Computational cost of LOO - High
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PART 2
More Details
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Details

• See hand-written notes and discussion in class.
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PART 3
Code Time!
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Code Time
•See demonstration and discussion in class.

•See also links in the “Assignment” for this Lecture.

• Linear regression
• linear_regression_demo.ipynb (uwash)

•Regression with Basis Functions
• demo_polynomial.ipynb (uwash)
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Conclusion
Takeaways
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Conclusion
• Linear Regression

• Simplicity and interpretability: Easy to understand and interpret - a starting 
point for learning about ML.

• Predictive ability: Helps predict future outcomes based on past data - useful in 
many fields like finance, healthcare, marketing, etc.

• Basis for other models: Many advanced algorithms, like neural networks, build 
on the concepts of linear regression.

• Efficiency: Computationally efficient - works well for problems with a linear 
relationship.

• Widely used: One of the most widely used techniques in both statistics and 
machine learning for regression tasks.

• Analysis: Provides insights into relationships between variables (e.g., how 
much one variable influences another).
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Use to make predictions!

Learning is…
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