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To Sam, who taught me that babies are Bayesians



Series Editor’s Note

I have known David Kaplan for a number of years now. We are both
members of the Society of Multivariate Experimental Psychology and
the American Psychological Association; we also served together on an
Institute of Education Sciences standing review panel and overlapped
as Associate Editors for Multivariate Behavioral Research. He and one
of his students also contributed a terrific chapter to one of the hand-
books that I edited. When I see him at the annual conferences of these
societies or at panel meetings, he is regularly engaged in deep intellec-
tual discussions with others in attendance because they seek him out
for his guidance and input on their own research. I have benefited from
his scholarly acumen in this manner a number of times. Given my ad-
miration and respect for him, when David first mentioned that he would
like to contribute a book to the Guilford series Methodology in the
Social Sciences, I was elated. When he mentioned that the book would
be about Bayesian procedures, [ was even happier. When he mentioned
that he would use the R software platform for all of his working exam-
ples, I reached the peak of elation.

David Kaplan is in a very elite class of scholar. He is a methodolog-
ical innovator who is guiding and changing the way that researchers
conduct their research and analyze their data. He is also a distinguished
educational researcher whose work shapes educational policy and prac-
tice. I see David’s book as a reflection of his sophistication as both a
researcher and a statistician; it shows depth of understanding that even
dedicated quantitative specialists may not have and, in my view, it will
have an enduring impact on research practice. David’s research profile
and research skills are renowned internationally and his reputation is

vii



viii Series Editor’s Note

globally recognized. His profile as a prominent power player in the field
brings instant credibility. As a result, when David says Bayesian is the
way to go, researchers listen. Now his book brings his voice to you in
an engaging and highly serviceable manner.

Why is the Bayesian approach to statistics seeing a resurgence
across the social and behavioral sciences? (It’s an approach that has
been around for some time.) One reason for the delay in adopting Bayes
is technological. Bayesian estimation can be computer intensive and
until about a score of years ago the computational demands limited its
widespread application. Another reason is that the social and behav-
ioral sciences needed an accessible translation of Bayes for these fields
so that we could understand not only the benefits of Bayes but also how
to apply a Bayesian approach. David is clear and practical in his pre-
sentation and shares with us his experiences and helpful and pragmatic
recommendations. I think the Bayesian perspective will see a spirited
adoption now that David has penned this indispensable resource. In
many ways, the zeitgeist for Bayes is favorable—because researchers
are asking and attempting to answer complex questions.

The blind empiricism of frequentist thinking is giving way to a
modeling perspective. Complex theoretical models abound in social
science research. Such models are most informative if the modeler has
a strong theory and good data. Some analysts will argue that data should
not get in the way of good theory and others will argue to never let
theory get in the way of good data. Neither position, however, will yield
useful and generalizable findings. An informed dialogue with data—the
heart of the Bayesian perspective—is essential for good data models.
The theory that drives the modeling endeavor derives from the mod-
eler’s intuitions, born from experience and informed by the extant lit-
erature. These intuitions are coupled with an informed understanding
of the utilized design and the acquired measures. These critical ingre-
dients are carefully mixed to specify a Bayesian statistical model
grounded in prior knowledge and insights. The model is then estimated
against the data and the conversation thereby begins. As an iterative
process, finalizing a statistical model is a process of commensuration.
Model modifications must balance improvement in model fit and esti-
mation precision with the verisimilitude of any model changes. Model
modifications are statements of theory that emerge when the modeler
has carefully balanced errors of the type I and II variety. The modifica-
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tions must be reconciled in the context of the larger model and the
broader literature. Blind allegiance to theory or unequivocal adherence
to data—hallmarks of traditionally trained researchers—will not deliver
useful knowledge. Optimal gains in knowledge can only occur when
we engage in an informed dialogue with data.

Tobp D. LitTLE
Atlanta’s Hartsfield-Jackson International Airport



Preface

Bayesian statistics has long been overlooked in the quantitative meth-
ods training of social scientists. Typically, the only introduction that a
student might have to Bayesian ideas is a brief overview of Bayes’
theorem while studying probability in an introductory statistics class.
This is not surprising. First, until recently, it was not feasible to conduct
statistical modeling from a Bayesian perspective owing to its com-
plexity and the lack of available software. Second, Bayesian statistics
represents a powerful alternative to frequentist (classical) statistics, and
is, therefore, controversial.'

Recently, however, there has been a renaissance in the develop-
ments and application of Bayesian statistical methods, due mostly to the
availability of powerful statistical software tools. As a result, scores of
books have been written over the last 10 years and at a variety of levels
that lead the reader through Bayesian theory and computation. The goal
of this book is to introduce practicing social scientists to the Bayesian
perspective via methodologies commonly used in the social sciences.
Thus, this book is written for social scientists who are well trained in
statistical modeling within the frequentist paradigm and are interested
in exploring commonly used methodologies from the Bayesian per-
spective. In addition, this book is written for graduate students in the
social sciences who wish to have an accessible entrée into Bayesian
statistics.

'T use the term frequentist to describe the paradigm of statistics commonly used
today; it represents the counterpart to the Bayesian paradigm of statistics. Historically,
however, Bayesian statistics predates frequentist statistics by about 150 years.
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I do not presume that the reader has had any exposure to Bayesian
statistics, and I develop the arguments in favor of the Bayesian ap-
proach from first principles. That said, it is assumed that the reader
does have a good background in applied statistics—including a good
command of frequentist hypothesis testing, as well as a background in
applied statistical modeling, preferably including courses in regression
analysis, analysis of variance, and at least some exposure to multilevel
modeling and structural equation modeling. Some background in ele-
mentary calculus is useful, but I make every attempt to explain equa-
tions thoroughly. Derivations are relegated to appendices unless needed
to reinforce conceptual understanding.

The book is organized into three parts. Part [ covers the foundations
of Bayesian statistics. Chapter 1 provides an introduction to frequentist
versus Bayesian probability and introduces Bayes’ theorem. Chapter 2
introduces the elements of Bayesian statistical inference, including the
concept of exchangeability, likelihood, prior and posterior distributions,
and the Bayesian central limit theorem. Chapter 3 introduces some im-
portant distributions used in the social sciences. For each distribution,
[ indicate how it is used in practice and provide its conjugate prior dis-
tribution for use in Bayesian analysis. Chapter 4 introduces the method
of Markov chain Monte Carlo estimation.

Part II introduces Bayesian model building and Bayesian general
and generalized linear modeling. Chapter 5 discusses the topic of Bayes-
ian hypothesis testing and model building, highlighting the fundamental
differences between the Bayesian approach and the frequentist approach.
Chapter 6 discusses Bayesian linear regression analysis and introduces
extensions to Bayesian generalized linear modeling—particularly fo-
cusing on Bayesian logistic regression. Chapter 7 ends Part Il with a
discussion of missing data problems from a Bayesian context.

Part Il extends Bayesian statistics to advanced, but popular, meth-
odologies in the social sciences. Chapter 8 discusses Bayesian approaches
for multilevel modeling. Chapter 9 examines Bayesian models for con-
tinuous and categorical latent variables—focusing on confirmatory fac-
tor analysis, structural equation modeling, growth curve modeling, and
growth mixture modeling.

As the outline of the book suggests, my aim is to cover Bayesian
approaches to the main methodologies that are currently used in the
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social sciences. Moreover, to support the pedagogical features of this
book, the data and software code for each example are available on the
book’s website (http://bise.wceruw.org/publications.html). However, |
don’t believe that a book on Bayesian statistical inference would be
complete without a discussion of the philosophical issues that underlie
Bayesian methodologies. Therefore, Chapter 10 covers the main philo-
sophical underpinnings of Bayesian statistical inference, and in partic-
ular the theory of subjective probability as a framework for addressing
problems of uncertainty and the growth of knowledge in science. I
draw on the seminal writings of de Finetti, Lindley, Savage, Jeffreys,
Jaynes, Berger, and Bernardo, and I contrast the framework of subjec-
tive Bayesian statistics with that of objective Bayesian statistics.

DATA AND SOFTWARE

The examples provided throughout this book utilize data from large-
scale educational surveys. Particular focus is on analyses using data
from the Program for International Student Assessment sponsored by
the Organisation for Economic Co-operation and Development. For
analysis of longitudinal data in Chapter 9, I utilize data from the Lon-
gitudinal Study of American Youth (Miller, Hoffer, Sucher, Brown, &
Nelson, 1992).

This book relies entirely on statistical programs available via the
R statistical programming environment (R Development Core Team,
2012). My reason for focusing on R is twofold. First, R is the lingua
franca of statistical computing, and thus it is important to demonstrate
its power for statistical computing in a Bayesian context. Second, R is
an open-source software program, and, as such, the software code is
available for inspection, modification, and new dissemination. How-
ever, it is not the purpose of this book to introduce the reader to the R
programming environment, nor will I provide new R programs specific
to the examples in this book. Rather, I draw on a set of programs for
Bayesian analysis already available in the Comprehensive R Archive
Network (CRAN; R Development Core Team, 2012), which I have
found to be particularly flexible and useful. Specifically, many of the
examples in this book will rely on programs within the R package
“MCMCpack” (A. D. Martin, Quinn, & Park, 2010). Bayesian com-
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putation diagnostics make use of the R package “coda” (Plummer,
Best, Cowles, & Vines, 2006), and Bayesian model averaging makes
use of the R package “BMA” (Raftery, Hoeting, Volinsky, Painter, &
Yeung, 2009). Some examples in this book utilize the R interface with
the “JAGS” software program (Plummer, 2003) referred to as “rjags”
(Plummer, 2011), which closely resembles “WinBUGS” (Spiegelhal-
ter, Thomas, Best, & Lunn, 2003). In this way, the reader does not have
to master the R language and can easily adapt the example programs to
fit individual needs.

The programs that I have chosen in this book are not exhaustive of
the scores of programs available on the CRAN and should not be taken
as a specific endorsement of these programs over any others. A perusal
of the Bayesian section of the CRAN Task View page (http://cran.
open-source-solution.org/web/views/Bayesian.html) provides the reader
with a detailed list of Bayesian programs available on the CRAN. Fi-
nally, all R programs used in this book are made available in chapter
appendices and also on the book’s website.
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