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Preface

This text is designed as an aid, for learning and for reference, in the navigation
of a world in which unprecedented new data sources, and tools for data analysis,
are pervasive. It aims to teach, using real-world examples, a style of analysis and
critique that, given meaningful data, can generate defensible analysis results. Its
focus is on ideas and concepts, with extensive use of graphical presentation. It may
be used to give students who have taken courses in statistical theory exposure to
practical data analysis. It is designed, also, as a resource for scientists who wish
to do statistical analyses on their own data, preferably with reference as necessary
to professional statistical advice. It emphasizes the role of statistical design and
analysis as part of the wider scientific process.

As far as possible, our account of statistical methodology comes from the coal-
face, where the quirks of real data must be faced and addressed. Experience in
consulting with researchers in many different areas of application, in supervising
research students, and in lectures to researchers, have been strong influences in
the text’s style and content. We comment extensively on analysis results, noting
inferences that seem well founded, and noting limitations on inferences that can be
drawn. We emphasize the use of graphs for gaining insight into data — in advance
of any formal analysis, for understanding the analysis, and for presenting analysis
results. The project has been a tremendous learning experience for all three of us.
As is usual, the more we learn, the more we appreciate how much more we have to
learn.

The text is suitable for a style of learning where readers work through the text
with a computer at their side, running the R code as and when this seems helpful.
It complements more mathematically oriented accounts of statistical methodology.
The appendix provides a brief account of R, primarily as a starting point for learn-
ing. We encourage readers with limited R experience to avail themselves of the
wealth of instructional material on the web as well as the hardcopy resources listed
in Section 1.11.

While no prior knowledge of specific statistical methods or theory is assumed,
readers will need to bring with them, or quickly acquire, a modest level of statis-
tical sophistication. Prior experience with real data, prior exposure to statistical
methodology, and some prior familiarity with regression methods, will all be helpful.
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xviii Preface

Important technical terms will include random sample, independence, dependence,
standard deviation, and normal distribution, with limited attention to formal defini-
tion. Our primary concern is with the role and meaning of this language in practical
data analysis. While there will be references to theoretical results, it is not our pur-
pose to provide a systematic account of statistical theory.! We make only limited
use of mathematical symbolism.

Statistical analysis relies heavily on mathematical models. An understanding of
the mathematics underlying a model is important only to the extent that it helps
in understanding, and where possible in checking, what the model means in the
context from which the data came. Is it reasonable to assume that observations are
independent? What are the influences, perhaps the time sequence in which the data
were collected, that might place this assumption in question? This is just one of the
issues, but a very important one, that data analysts need to consider. Comments
made by John W. Tukey emphasize the importance, in statistical training and
practice, of wrestling with what the models used mean in the context of data that
has been presented for analysis:

... Statistics is a science ... and it is no more a branch of mathematics than are physics,
chemistry and economics; for if its methods fail the test of experience — not the test of
logic — they are discarded.

[Tukey (1953), quoted by Brillinger (2002)]

The methods that we cover have wide application. The datasets, many of which
have featured in published papers, are drawn from many different fields. They reflect
a journey in learning and understanding, alike for the authors and for those with
whom they have worked, that has ranged widely over many different research areas.
We hope that our text will stimulate the cross-fertilization that occurs when ideas
and applications that have proved effective in one area find use elsewhere, perhaps
even leading to new lines of investigation.

To summarize: The strengths of this book include the directness of its encounter
with research data, its advice on practical data analysis issues, careful critiques
of analysis results, the use of modern data analysis tools and approaches, the use
of simulation and other computer-intensive methods where these provide insight
or give results that are not otherwise available, attention to graphical and other
presentation issues, the use of examples drawn from across the range of statistical
applications, the links that it makes into the debate over reproducibility in science,
and the inclusion of code that reproduces analyses.

A substantial part of the first edition of Data Analysis and Graphics Using R
(Maindonald and Braun, 2003) was derived, initially, from the lecture notes of
courses for researchers that the first author presented, at the University of New-
castle (Australia) over 1996-1997 and at Australian National University from 1998,
through until formal retirement and beyond. It was a privilege to have contacts,
arising from consulting work and lectures, across the University. Those contacts
were extended as a result of short courses on R-based analysis that were offered,

1 For an overview of the theory of statistical inference, see, for example, Cox (2006).
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across a wide variety of Australian government and academic institutions, between
2003 and 2014.

Influences on the Modern Practice of Statistics

Statistics is a young discipline. Only in the 1920s and 1930s did the modern frame-
work of statistical theory, including ideas of hypothesis testing and estimation, begin
to take shape. As documented in Gigerenzer et al. (1989, The Empire of Chance),
differences in historical development have led to some differences in practice be-
tween research areas.

Statistical methods have found wide use, but they have also been widely misused.
There has been a widespread reliance on “black box” approaches, used without due
consideration of the reasonableness of assumptions made, or attention to diagnostic
checks, or attention to the processes that generated the data. In experimental work,
the use of p-values and other statistics has too often become a substitute for the
checks that independent replication provides on the total experimental process.
There has been a renewed attention, both in the wider scientific community and
in the statistical community, to the interplay between scientific methodology and
statistical design and analysis. Critical reexamination of current scientific processes,
and of the role of statistical analysis within those processes, can help ensure that
the demands of scientific rationality do in due course win out over accidents of
historical development and all-too-human failures to maintain critical standards.

New Data Analysis Tools

The methodology has developed in a synergy with the relevant supporting mathe-
matical theory and, more recently, with computing. This has led to major advances
on the methodologies of the precomputer era. “Data Science,” or perhaps “Statis-
tical Science,” is a good name for the mix of tools and skills required for effective
data analysis. Data analysts now have at their disposal vastly new powerful tools
than were available even 20 years ago, for exploratory analysis of regression data,
for choosing between alternative models, for diagnostic checks, for handling nonlin-
earity, for assessing the predictive power of models, and for graphical presentation.
New computing tools make it straightforward to move data between different sys-
tems, to keep a record of calculations, to retrace or adapt earlier calculations, and to
edit output and graphics into a form that can be incorporated into published doc-
uments. Machine learning and related methodologies emphasize new types of data,
new data analysis demands, new data analysis tools, and datasets that may be of
unprecedented size. Textual data and image data offer interesting new challenges.

The traditional concerns of professional data analysts remain as important as
ever. Irrespective of the size of dataset, questions of data quality, of relevance to the
issues that are under investigation, and of the way that the data have been sampled,
remain as important as ever. Implicit or explicit claims that results generalize to a
relevant wider target population must be justified.

Students in first or second year university courses, in such areas as geography
or biology or politics or psychology or business studies, are increasingly likely to
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encounter R. It is finding its way into the upper levels of secondary schools. While
this is to be encouraged, students do need to understand that such courses are at
the start of an adventure in statistical understanding. There is no good substitute
for professional training in modern tools for data analysis, and experience in using
those tools with a wide range of datasets. No one should be embarrassed that they
have difficulty with analyses that involve ideas that professional statisticians may
take seven or eight years of training and experience to master.

The questions that data analysis is designed to answer can often be stated simply.
This may encourage the layperson, or even scientists doing their own analyses, to
believe that the answers are similarly simple. Commonly, they are not. Be prepared
for unexpected subtleties. Comments made by Stephen Senn are apt:

I’ve been studying statistics for over 40 years and still don’t understand it. The ease with
which non-statisticians master it is staggering.

No amount of statistical or computing technology can be a substitute for good
design of data collection, for understanding the context in which data are to be
interpreted, or for skill in using available analysis tools. The best any analysis can
do is to highlight the information in the data.

The R System

Work on R started in the early 1990s, as a project of Ross Thaka and Robert Gentle-
man, when both were at the University of Auckland (New Zealand). The R system
implements a dialect of the S language, developed at AT&T by John Chambers
and colleagues. Section 1.4 in Chambers (2008) describes the history. Versions of
R are available, at no charge, for Microsoft Windows, for Linux and other Unix
systems, and for Macintosh systems. It is available through the Comprehensive R
Archive Network (CRAN). Go to http://cran.r-project.org/, and find the nearest
mirror site. A huge range of packages, contributed by specialists in many different
areas, supplement base R. The development model has proved effective in marshal-
ing high levels of computing expertise for continuing improvement, for identifying
and fixing bugs, and for responding quickly to the evolving needs and interests of
the statistical community. The R Task Views web page? lists packages that handle
some of the more common R applications. It has become an increasing challenge to
keep pace with the new and/or improved abilities that R packages, new and old,
continue to develop. Those who rely heavily on R for their day-to-day work will do
well to keep attuned to major changes and developments.

The R system has brought into a common framework a huge range of abili-
ties that extend beyond the data analysis and associated data manipulation and
graphics abilities that are the focus of this text. Examples include drawing and
coloring maps, reading and handling shapefiles, map projections, plotting data col-
lected by balloon-borne weather instruments, creating color palettes, manipulating
bitmap images, solving sudoku puzzles, creating magic squares, solving ordinary
differential equations, and processing various types of genomic data. Help files and

2 https://cran.r-project.org/web/views/.

© in this web service Cambridge University Press & Assessment www.cambridge.org



www.cambridge.org/9781009282277
www.cambridge.org

Cambridge University Press & Assessment

978-1-009-28227-7 — A Practical Guide to Data Analysis Using R
John H. Maindonald , W. John Braun, Jeffrey L. Andrews
Frontmatter

More Information

Preface xxi

vignettes that are included with packages are a large reservoir of information on
the methodologies that they implement.

There are several graphical user interfaces (GUIs) that can be highly helpful in
accessing a restricted range of R abilities — examples are BlueSky, Remdr, R-Instat,
jamovi, and rattle. Access to the fill range of abilities that R and R packages make
available will require use of the command line.

RStudio is a widely used R interactive development environment (IDE) for tasks
that include viewing history, debugging, managing the workspace, package man-
agement, and data input and output. It has features that greatly assist project
management and package development.

Among systems that have the potential to challenge R’s dominance for data
analysis, Julia (julialang.org/) seems particularly interesting. Relative to R, it
has high computational efficiency. It has the potential to develop or adapt a range
of packages that together match what R packages offer.

Changes and Additions from Data Analysis and Graphics Using R

Chapters 1-5 of Data Analysis and Graphics Using R, third edition (Maindonald
and Braun, 2010) have been amalgamated and condensed somewhat into Chapters
1-3 of the present book. Here, the focus has moved, from including extensive R
tutorial content in the text, to pointing users to the extensive R help resources now
available both on the web and in printed form. Supplementary content available
online includes R Markdown scripts, one for each chapter, that can be processed
to reproduce all computer output, including tables and graphs. This content is
available at https://jhmaindonald.github.io/PGRcode.

Concerns about reproducibility (or, in the terminology we prefer, “replicability”),
especially in wet laboratory biology and in psychology, have attracted extensive
attention in the pages of Nature, Science, The Economist, psychology journals, and
elsewhere. The uses and limitations of p-values have been an important part of
the discussion. Chapter 1 now has a much extended discussion of their use and
role, leading on to the wider discussion of replicability issues. Information statistics
(AIC, AICc, and BIC) get more detailed attention.

The treatment of p-values extends to noting the new possibilities that arise when
there are, potentially, hundreds, or thousands, or more, p-values. The false discovery
rate estimates that are then available are more informative, and relate more directly
to the questions that are commonly of experimental interest, than p-values. The
new Section 9.5 takes up these ideas as they apply to the analysis of RNA-Seq gene
expression data.

Other topics that get new or increased attention include: the modeling of extra-
binomial or extra-Poisson variation; exponential time series, including their use in
forecasting; seasonality; spline smooths with time series error terms; fitting mono-
tonic increasing or decreasing response curves; and quantile regression automatic
choice of smoothing parameter.

Changes in the Ime4 package for fitting mixed-effects models, and the implemen-
tation of the Kenward-Roger approach that is now available in the afex package,
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have required substantial rewrites. In Chapter 7, there is a new section on “A Mixed
Model with a Betabinomial Error.” The treatment of Principal Component Analysis
and of multi-dimensional scaling is now followed by a new section on hierarchical
and other forms of clustering.

The treatment of causal inference from observational data has been greatly ex-
tended to discuss the role of matching. There is some limited attention to the use
of multiple imputation to fill in missing values in data where some observations are
incomplete.

Source Files That Combine Text and R Code

Drafts of this text were created from Sweave source files that combine marked up
code and text into one document, in a form that could then be processed using Yihui
Xie’s knitr package to give the IATEX files and associated R output and figures from
which this text was generated. Rerunning and checking of code is a built-in part
of the process, making the revising and updating of text and code easier and less
error prone. The R Markdown plain text format, designed to be easier for novices
to learn and master, can can be processed using knitr abilities in a very similar
way. R Markdown is widely used for creating online content, for papers and books,
and for the vignettes that many R packages use to supplement help pages. See
https://rmarkdown.rstudio.com/.
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Notes for Readers

For many readers, a largely “learn as one goes” approach to mastering what they
need to know of R will work well. For this, they can look for the mix of sources of
tutorial content that works best for them — online tutorial content such as is noted
in Section 1.11, books and other printed material, results from web searches, and
such guidance as is provided in Appendix A. We encourage readers who are new to
R to skim over the content of Appendix A before or as they work through the first
chapter.

A complete set of R code, together with other supplementary material, is available
from https://jhmaindonald.github.io/PGRcode.

Graphs and Graphics Packages

In Chapter 1, simplified code is given for figures that do not involve relatively
complicated code. In later chapters, code is given only for those figures that are
specifically targeted at the methodology under discussion.

The main graphics packages that will be used are the base graphics package,
lattice and latticeExrtra, and ggplot2. The plot() and related functions in base
graphics directly generate a plot. With lattice and ggplot2 functions, an alternative
to directly creating a plot is to save the output as a graphics object that can be
further updated and/or modified before use to create a plot.

Accessing Data and Functions from Packages

A number of packages are automatically loaded, with their functions and datasets
then available, at the start of a new R session. For functions and datasets in pack-
ages that are not already available, there is a choice between using library() or
an equivalent to make all datasets and functions from the package available, or
using code such as lattice: :xyplot() (execute the lattice function from the lat-
tice package) or DAAG: : cuckoos (the cuckoos dataset from the DAAG package)
whenever such a function or dataset is required.

Conventions

Starred headings identify more technical discussions that can be skipped at a first
reading. Item numbers for more technical and/or challenging exercises are likewise
starred.

Comments, prefaced by # or for extra emphasis by ##, will often be included in
code chunks. Where code is included in comments, it will be surrounded by back
quotes, as in ~species ~ length” in the final line of code that now follows:

## Code for a stripped down version of Figure 1.1A
library(latticeExtra) # The 'lattice' package will be loaded & attached also
cuckoos <- DAAG::cuckoos

## Panel A: Dotplot without species means added
dotplot(species ~ length, data=cuckoos) ## “species ~ length" is a 'formula'
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