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Contact Info

• Instructor: Dave Armstrong
E-mail: dave.armstrong@uwo.ca
Course Website: http://quantoid.net/teachicpsr/regression3/

Office Hours: 1:30-2:30 PM M-TH (or by Appointment)

• Teaching Assistants:

Chris Schwarz (NYU, Political Science)
E-mail: cschwarz@nyu.edu
Office Hours: TBD

Nick Davis (UW-Milwaukee, Political Science)
E-mail: nrdavis@uwm.edu
Office Hours: TBD

2 / 17

mailto:dave.armstrong@uwo.ca
http://quantoid.net/teachicpsr/regression3/
mailto:cschwarz@uwm.edu
mailto:nrdavis@uwm.edu


Today’s Lecture

1. Connecting the disparate subjects.

• Broad view of regression (tracing the dependence of y on X ).
• Think a lot about “Robustness” (again in broad terms)

2. Prerequisites:

2.1 Regression (in matrix form),
2.2 Understanding of Statistical Inference,
2.3 MLE (would be nice, but not a pre-requisite per se)

3. Computing...
• All analysis will be done using R.

3 / 17



Course Materials

Fox, John. (2016) Applied Regression Analysis and Generalized

Linear Models, 3rd ed. Thousand Oaks, CA: Sage Publications, Inc.

Fox, John and Sanford Weisberg. (2011)
An R Companion to Applied Regression, 2nd ed. Thousand Oaks,

CA: Sage Publications, Inc.

James,Gareth, Daniela Witten, Trevor Hastie and Robert Tibshirani.
(2013) An Introduction to Statistical Learning with

Applications in R. New York: Springer

A more detailed list is at the back of the course syllabus

• Course materials - lecture slides, syllabus and R-scripts will be
available at

• http://www.quantoid.net/teachicpsr/regression3
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The model

As a motivating example, let’s say that we estimate:

y = b0 + b1x1 + b2x2 + e

We identify H0 : β1 = 0 and HA : β1 , 0.

• Presumably this means that we have a theory that suggests
linearity (a particular functional form) of the relationship
between x1 and y.

• Normally, we would do a significance test on b1 and that would
tell us whether the estimated relationship is significantly different
from zero.

• Assuming we reject H0, do we interpret this as evidence that our
theory is right?
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We might not be right...

There are a couple of potential impediments to rejecting H0 meaning
we’re right.

• Functional form and the nature of models (Clarke and Primo
2012)

• Logical fallacy of affirming the consequent.

• Models involved: Theory → Empirical Model, Concepts →
Measures, Empirical Model → Measures.

• Better than nothing doesn’t mean best.
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What does it mean to be right?

• If our hypotheses are a good description of the world, the
functional form should be right.

• Our original HA becomes the new H0 tested against Hflex, one
where we remove functional form restrictions.

• If our hypothesis is about additivity, then there shouldn’t be
interesting interactions with other variables.

• If our hypothesis is right, then it should work for all data points.
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Understanding the Bias-Variance Tradeoff

• Bias: difference between true dependence of y on x and the
estimated dependence of y on x . Often we describe this as the
difference between estimating a parametric model and
interpolating the points, as closely as possible.

• Variance: the sampling variability of the regression line around
the points.
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Bias-Variance Tradeoff

There is (nearly) always a bias-variance tradeoff to be made.

• Does it make sense for us to think about the “right” decision,
and if so, what are the criteria on which we evaluate various
possibilities?

• How do we know we’re making the right tradeoff?

• What tools can we use to evaluate our decisions?
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Tools for considering “rightness” or B-V Tradeoff

• Regression splines (known or suspected non-linearity)

• Generalized Additive Models (known or suspected non-linearity,
non-linear interactions)

• Multivariate Adaptive Regression Splines (find non-linearity,
simple interactions)

• Polywog - adaptive lasso on polynomial expansion (finds some
non-linearity and interactions).

• Classification and Regression Trees (find some non-linearity and
complicated interactions)

• Bayesian Additive Regression Trees (find non-linearity and
complicated interactions).

• (Extreme) gradient boosted machines (xgboost).
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Model Testing and Selection

• Theory testing - selecting between two known models (generally
operationalizing H0 and HA.

• Evaluating strength of evidence for a set of known models.

• Feature selection - finding the most important variables.
• All subsets regression.

• LASSO

• CART/BART/MARS

• Decoupling Shrinkage and Selection (DSS).
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Other neat applications of regression

• Regression Discontinuity Designs

• Finite Mixtures

• Missing data/Multiple imputation
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More conventional diagnostics (with a couple of tweaks)

• Outliers
• Robust Regresion as diagnostic

• Heteroskedasticity

• Robust standard errors (there are lots of them)

• Trouble with robust standard errors

• Bootstrapping for appropriate inference.
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Importance of Gauss-Markov Assumptions

Now we know that the OLS estimator b is linear, unbiased, and
efficient. What assumptions did we have to make to get there?

• Linearity
• y = Xβ + ε, or equivalently E(ε) = 0
• No perfect collinearity (or X of full-rank).

• Unbiasedness

• ε independent from X

• Efficiency

• Homoskedasticity: V (ε |X ) = σ2, or equivalently V (ε |X ) = σ2In

• Approximately correct type I error rate:

• Assume a functional form of the error distribution:
ε ∼ Nn(0,σ

2In)
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F -test (just a reminder)

• Assume we have an OLS model with k explanatory variables that
produces residual sum of squares RSS for the full model.

• Now, place q linear restrictions on the model coefficients (e.g., set
some of them to zero) and generate a new residual sum of
squares RSS0 for the restricted model.

F0 =

RSS0−RSS
q

RSS
n−k−1

• The statistic F0 is distributed F with q and n − k − 1 degrees of
freedom.
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Background Reading Re: OLS

*Fox (2008) Chapters 5, 6 & 9
*Fox and Weisberg (2011) Chapter 4
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