
STATISTICAL RETHINKING:
A BAYESIAN COURSE WITH R EXAMPLES

Instructor: Richard McElreath (mcelreath@ucdavis.edu)
Term: Winter 2015
Course number: ANT 291 (CRN 62149)
Units/Grading: 4/Letter
Time: Tuesday andursday, 1:40pm–3pm
Location: 1060 Bainer Hall
Office Hours: TBA and by appointment
Office Location: Young Hall 222
Auditors: Welcome, as long as there’s physical space

O

is course is a PhD-level introduction to model-based applied statistical inference, de-
tailing: (1) Bayesian inference and Markov chain Monte Carlo (MCMC) estimation, (2)
Mixed/hierarchical/multilevel generalized linear models (GLMMs), and (3) formal model
comparison using metrics like AIC, DIC, and WAIC. Each of these frontiers is intimately
related to the others, and so it makes sense to teach them together. e alternative is to per-
petuate the farrago of classical statistics. Having suffered through that farrago myself, I don’t
wish it upon anyone else.

e basic teaching strategy is to force the student to do things for themselves that are usu-
ally automated. So new model types are introduced by raw coding of probability functions.
Once you understand themodel, I explainmore convenient “black box” tools. is approach
simultaneously teaches you how to code your own custom models.

e practical goals of the course are to teach students how to specify, fit and interpret
GLMs (generalized linear models) and GLMMs (generalized linear mixed models), use in-
formation criteria, understand how MCMC estimation works, and appreciate the powerful
things Bayesian probability thinking can do for us. Some students will want to go deeper into
MCMC aerwards, while others will work with GLMMs or move on to GAM’s (generalized
additive models) or PGLMMs (phylogenetic GLMMs), while others will want to investigate
information theory and Maxent. Of course you can’t know when you will need to pick up
a new skill later in your career, so I want to provide a foundation that will help you grow at
your own pace throughout your scientific lifetime.

e course is very light on mathematics, but heavy on code. Doing research statistics in
the 21st century entails a lot of scripting, a very simple style of programming. I provide code
to accomplish all of the example analyses in the course, and homework involves modifying
this code to complete similar analyses. So students will also learn to use the R statistical
environment to process, analyze, and visualize data. Indeed, the R language could be thought
of as an important fourth frontier, accompanying Bayes, GLMMs and information criteria.
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If you have ever had calculus, you are in good shape mathematically. You need to under-
stand calculus concepts, but you don’t need to do calculus. Instead, you are going to learn
how to make your computer do calculus, in some rather non-obvious ways.

Programming is themore serious obstacle. If you have ever programmed in any language,
you are in good shape. If you have never programmed, you are in good company. You
might need to read through an introduction to R programming, either online or from a
short book, to help you along. I know many people have found Emmanuel Paradis’ R for
Beginners helpful. You can find it and many other beginner guides here:

http://cran.r-project.org/other-docs.html.
e bare minimum is to complete something like the online “code school” here:

http://tryr.codeschool.com/
eprogramming required in this course is not very fancy. Wewill not bewriting complex

programs, but instead just learning to script. e most important thing is to realize that it
takes time to become comfortable and proficient with programming. You have to be patient
with yourself. I promise I will be patient with you, as long as you make a serious effort.

T

e course will rely upon a dra of a book I amwriting myself. So expect the lectures and
notes to mirror one another closely. e course website will provide students access to PDF
copies of the book manuscript and lecture slides, as well as text files of the R code.

A very healthy reading to parallel the course material is Gigerenzer et al’s e Empire
of Chance: How Probability Changed Science and Everyday Life, which is a mathematically
literate history of probability thinking. I will not require this book, but reading it is a good
idea. Maybe you won’t read it until you are next in the field, with nothing better to do at
night, aer you finish entering data, and have exhausted your supply of intoxicants. But
many people, both intoxicated and sober, have thanked me for recommending this book
before. You can probably pick up a used copy from Amazon.com for less than $20.

H  E

Eachweek, 2 or 3 homework problems will be assigned that entail applying code examples
from the lecture and book. I will provide extensive solutions, the week aer. I encourage
students to work together on these assignments, but to turn in their own write ups. ere
will be a final take-home exam comprising 3 narrow data analysis problems. On this, you
must work alone, although you are allowed to use any notes or published papers even to help
you address the problems. Just don’t use another person. e exam will be easier than the
homework.

G S

is course is for a letter grade. Completed homework will be half your grade. e final
exam will be the other half. As those who have taken my game theory course know, I don’t
expect students to get everything right. Each problem on the final exam will have three
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subparts. I always include one subpart that is very difficult. at way, I can titrate your
knowledge. I calibrate the final exam so that a student who gets 2 out of 3 subparts right on
all 3 problems will earn an A− or B+. Sometimes, I screw up and make a 3rd subpart far
too hard. In that case, I adjust the curve upwards a bit.

NB: e course will show up on your transcript as “Human Behavior Ecology,” which is
just the placeholder name for advanced evolutionary anthropology PhD courses.

T
Week Topic Reading
1 Models and estimation Chapters 1, 2, 3
2 Linear models Chapter 4
3 Multivariate models Chapter 5
4 Model comparison Chapter 6
5 Interactions Chapter 7
6 Markov chain Monte Carlo Chapter 8
7 Generalized linear models I: Counts Chapters 9, 10
8 Generalized linear models II: Mixtures Chapter 11
9 Mixed/hierarchical/multilevel models Chapter 12, 13
10 Measurement error, missing data Chapter 14


