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Preface

A scientist should live two lifetimes: one studying the empirical results and experimental
methods of a scientific or medical specialty area, and the other spent studying the art and
science of extracting information from data. In this text I will assume that you have made
a start on the first, and have learned something of neuroscience, education, economics,
psychology, and/or medical research. Here, we will take the first steps toward completing
your training, and begin a study of modern data analysis.

Why is data analysis so important? The reason for the extreme importance of data
analysis is twofold: First, a working knowledge of the logically valid techniques for
extracting information from data will naturally provide insights into experimental
design, and allow you to create experiments that are well suited to answering the sci-
entific questions in which you are interested. Second, it gives you the ability to take the
data you have obtained, and efficiently extract all of the information contained therein.
Neither of these is truly possible without a solid understanding of data analysis, and by
extension probability.

This text is meant to be either a first or a second exposure to data analysis. First contact
occasionally occurs prior to the university level, and occasionally waits until graduate
school. As a first exposure (that is, prior to any other course that would have need of
the concept of probability), this text is meant to provide a self-contained treatment of
the basics of data analysis without the need for calculus.' This, in fact, was my moti-
vation for writing a textbook at all. There are certainly other excellent, probably more

1 Here is a quick test to know if you have the mathematics background for this text:

Choose the lowest row of the table with an equation you can confidently solve:

X+x (a) 2x (b) x/2 (c) x2 (d) x~2
2 2 ()2 (b) 30 (¢) 5 (d) 10
e +1In(1) (@) 0+1(B) 1 —1(c) 140 (d) =1+ 1

[d6 cos(8) + [di sec?(9) (a) sin® + cos ¥ (b) cos — sin ¥
(c) tan(0) — sin(¥) (d) sin(@) + tan(P)

The correct answers progress from (a) to (d) by row from top to bottom. If you can solve all rows” equations, you are
ready for the current text, including the optional calculus-based material. If you solved the first three, you are fully
prepared for the current text. If you solved only one equation from the first or second row, but were familiar with the
elements of the equation on the third row (even if you could not immediately solve it), you should do fine with this
text after a little refamiliarization with the concept of a logarithm (a refresher is provided in Appendix B). If you
were unable to solve either of the first two rows’ equations, you will need to take an algebra and/or precalculus course
before attempting this text.
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complete and certainly more rigorously mathematical textbooks on the topics of proba-
bility and Bayesian data analysis already available. They are simply not appropriate as a
first exposure because they require advanced calculus as their starting point.

If this is not your first course in data analysis, it is likely that first contact was provided
by a ‘frequentist statistics’ course (most typically a single-term course in the second uni-
versity year, although such courses are now more common at the preuniversity level).
These courses focus on memorizing a series of ‘frequentist statistical tests, with little or
no attempt at explaining their origins, along with a cookbook-style recipe for applica-
tion; for example, if your data consist of two sets of continuous observations, you test for
a difference in their means using thus-and-so statistical test; if the result is greater than a
particular value, the meaning of the frequentist test is. ... Because the cookbook approach
avoids any attempt at explaining the origins of tests (the most commonly used explana-
tions require advanced mathematics), there is always a great deal of confusion on the part
of students. This has, inevitably, led to large-scale misuse of frequentist statistical tests —
this is true even in a professional setting, because the majority of frequentist tests are
computed via software package, where the user of that software need not be aware of the
subtleties that went into producing the output, or whether the match between analysis
and data was truly appropriate. This has led to no end of problems and confusion, as you
might imagine. Confusion is exacerbated by the fact that frequentist statistics courses are
based on a definition of probability that is incompatible with modern probability theory,
and that ultimately leads to logical inconsistency.>

To avoid the problems of a frequentist statistics course and still provide a text that can
be used by undergraduate students, I have done three things: First, I use the modern
formulation of the concept of probability, which allows a unified and logical treatment
of both probability theory and data analysis. This allows also for straightforward expla-
nation of the origins of each of the resulting concepts and analyses. Second, I avoid the
requirement of advanced calculus-based methods. Third, in lieu of advanced mathemat-
ics® I make use of computer-based approximation techniques. Approximate techniques
are suitable both for the student who has not yet taken calculus, as well as the professional
performing calculations for which no analytical solution exists; approximate techniques
are therefore useful regardless of your level of mathematics training. Although many
of the same mathematical topics are covered in several other excellent texts on proba-
bility and data analysis, applications here are geared toward students in the behavioral,
neural, and biomedical sciences (i.e., psychology, education, neuroscience, biomedical
engineering, economics, biology, and medicine).

For students who have taken a frequentist statistics course, it is my hope that the
information presented here will provide a useful counterpoint to what you have been

2 One such inconsistency, the ‘optional stopping problem, is demonstrated in Chapter 2.

3 Although I have taken pains to eliminate calculus-based techniques in this text (which constitutes a self-contained
course in the basic elements of Bayesian data analysis), you should still be prepared for what is to come: there will be
equations. Familiarity with the use of equations is fundamental for any real understanding of data analysis, even in a
non-calculus introduction. Indeed, since data analysis and probability theory are topics in mathematics, there will in
fact be a fair number of equations. If you are not yet comfortable with them, just keep in mind that there are no
equations in this text that will require anything of you beyond basic arithmetic (i.e., addition, subtraction,
multiplication, division, and by extension exponents and logarithms); a refresher of exponents and logarithms is
provided in Appendix B, and an in-depth demonstration of how to solve marginalization equations in terms of sums
and multiplications can be found in Appendix C.
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previously taught, and give you the skills necessary to perform the analyses most suited to
extracting information from your experimental data. With this in mind, I have attempted
to provide explicit comparisons between modern methods and some of those taught
in an old-fashioned frequentist statistics course, at least to the extent possible without
becoming bogged down in digression.

What, you should ask, makes this text different and useful? Aside from presenting
techniques of Bayesian data analysis in a non-calculus context, I have also based my pre-
sentation of the course material on applying the concepts to realistic problems of data
analysis. This is very different from the commonly seen ‘cookbook approach, where the
student’s goal is to memorize a flowchart in which the data and experiment are put into
categories (e.g., ‘a multifactorial design with repeated measurements’), and this cate-
gorization dictates the test to be performed: the focus is therefore on memorizing the
mapping from experiment and categorization to frequentist test.* Here, we will focus on
the process through which one must pass in understanding a dataset, rather than in pre-
senting a set of ready-made equations to memorize and use in predefined circumstances.
To this end, the culmination of this text is a pair of data-analytic algorithms that are
meant to guide our thinking when analyzing data. The steps of these algorithms will guide
us as we construct each analysis, whether or not the data conform to a prepackaged set
of descriptors (e.g., the deliberately mysterious ‘repeated-measures multifactorial design’
mentioned above). The initial chapters will focus on building these algorithms up from
Bayes’ theorem, and the final chapters demonstrate their use in a set of worked problems.

Two final points must be made before we begin: First, data analysis is always an exercise
in logic. This logic is fundamental to the portion of the scientific enterprise that uses
data of any variety, because it provides the set of rules that tell us what can be reasonably
concluded from the data we have collected. Probability theory encodes this logic, and
gives the mathematics that allows us to optimally extract information from data; this
is in part a purely formal exercise, and in part based on our information about the data
and the scientific hypotheses under investigation. Second (and finally), [ must emphasize
that the analysis of data is not entirely a mechanical exercise (i.e., ‘plug-and-chug, ‘turn-
the-crank’): it will require some thought. In consequence, you will sometimes struggle
to construct the best analysis, and you will sometimes make mistakes. To understand
your data and analyze it fully, you must be willing to try, make mistakes, revise, and

4 This ‘cookbook approach’ has led to the proliferation of frequentist statistical software packages that are meant to be
used by those without the requisite training to understand their inner workings (rather than simply to relieve a
trained expert of the need to perform seemingly endless tedious calculations). In one recent example that appeared
in my e-mail, the package was advertised with the headline: You don’t need to be a statistician to perform statistical
analysis on your data, which I assume is meant to imply that you don’t need to understand statistical data analysis to
generate results from the software. This view is supported by their further claims regarding the product:

- Ease of use!

- Stat Wizard runs the right tests

- Interprets the results for you

- Creates charts to visualize results

- Accurate results without worry

Apparently, one need only feed in numbers, and the software will do all the work ... including interpret the results
for you! The software is meant to generate reports that look as if they were produced by a knowledgable expert who
had thought through and tailored an analysis to the problem at hand, rather than automatic outputs that could have
been generated by a monkey with a keyboard. Such statistical packages are the second ingredient in a recipe for
disaster. That disaster is currently playing itself out in the scientific journals, and is a major contributor to the ‘crisis
of reproducibility’ in the behavioral and neural sciences.
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try again. There is an increasingly persistent misperception, even among professionals,
that a ‘good’ scientist should never make mistakes — a belief that leads to a constellation
of negative consequences, the most insidious being a fear of simply getting started and
trying something. We will learn in the following pages, however, that crafting just the right
analysis for the scientific question we are interested in answering will generally require
trial-and-error. Trial-and-error is fundamental to the actual practice of the professional
scientist; it is how we learn what works in the real world, on real datasets, and allows us
to hone our skills and further the scientific enterprise. The good scientist must learn to
understand the logic that connects data to theory and theory to experiment, and you will
find a good deal of trial and error along the way. I encourage you to keep this in mind
as you begin your journey into the sometimes challenging, but ever rewarding study of
data analysis.
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