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FINDING BETA’S
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FINDING BETA'’S
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minimize — take the derivative wrt. all 5’s and set equal to zero:
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summarize in matrix form:
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in practice, the pseudoinverse is computed using SVD



THE DESIGN MATRIX

One variable Multiple variables
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SSE AND FRIENDS

The smaller the SSE, the better the model ...
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... so what should we use as our performance metric?



SSE AND FRIENDS
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SSE AND FRIENDS

SST = Z(y(i) — 37)2 total deviation from mean
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CODE EXAMPLE

Jupyter Notebook Regression - Hitters
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POLYNOMIAL REGRESSION
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UNDERFITTING AND OVERFITTING
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REGULARIZATION
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THE OPTIMAL REGULARIZATION
PARAMETER




RIDGE VS LASSO REGRESSION
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CODE EXAMPLE

Jupyter Notebook Regression - Hitters




* Explain what regression is, including OLS, Ridge,
Lasso and Elastic Net regression

¢ Calculate and interpret relevant performance
metrics

* Solve regression problems with sklearn
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