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Preface

We take bioinformatics to mean the emerging field of science growing from
the application of mathematics, statistics, and information technology, in-
cluding computers and the theory surrounding them, to the study and
analysis of very large biological, and particularly genetic, data sets. The
field has been fueled by the increase in DNA data generation leading to the
massive data sets already generated, and yet to be generated, in particular
the data from the human genome project, as well as other genome projects.

Bioinformatics does not aim to lay down fundamental mathematical laws
that govern biological systems parallel to those laid down in physics. Such
laws, if they exist, are a long way from being determined for biological
systems. Instead, at this stage the main utility of mathematics in the field
is in the creation of tools that investigators can use to analyze data. For
example, biologists need tools for the statistical assessment of the similar-
ity between two or more DNA or protein sequences, for finding genes in
genomic DNA, and for estimating differences in how genes are expressed
in different tissues. Such tools involve statistical modeling of biological sys-
tems, and it is our belief that there is a need for a book that introduces
probability, statistics, and stochastic processes in the context of bioinfor-
matics. We hope to fill that need here.

The material in this text assumes little or no background in biology. The
basic notions of biology that one needs in order to understand the mate-
rial are outlined in Appendix A. Some further details that are necessary to
understand particular applications are given in the context of those appli-
cations. The necessary background in mathematics is introductory courses
in calculus and linear algebra. In order to be clear about notation and
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terminology, as well as to organize several results that are needed in the
text, a review of basic notions in mathematics is given in Appendix B. No
computer science knowledge is assumed and no programming is necessary
to understand the material.

Why are probability and statistics so important in bioinformatics? Bioin-
formatics involves the analysis of biological data. Many chance mechanisms
are involved in the creation of these data, most importantly the many ran-
dom processes inherent in biological evolution and the randomness inherent
in any sampling process. Stochastic process theory involves the description
of the evolution of random processes occurring over time or space. Bio-
logical evolution over eons has provided the outcome of one of the most
complex stochastic processes imaginable, and one that requires complex
stochastic process theory for its description and analysis.

Our aim is to give an introductory account of some of the probability
theory, statistics, and stochastic process theory appropriate to computa-
tional biology and bioinformatics. This is not a “how-to” book, of which
there are several in the literature, but it aims to fill a gap in the literature
in the statistical and probabilistic aspects of bioinformatics. The earlier
chapters in this book contain standard introductory material suitable for
any statistics course. Even here, however, we have departed somewhat from
well-trodden paths, beginning to focus on material of interest in bioinfor-
matics, for example the theory of the maximum of several random variables,
moment-generating functions, geometric random variables and their vari-
ous generalizations, together with information theory and entropy. We have
also provided, in Appendix B, some standard mathematical results that are
needed as background for this and other material.

This text is by no means comprehensive. There are several books that
cover some of the topics we consider at a more advanced level. The reader
should approach this text in part as an introduction and a means of assess-
ing his/her interest in and ability to pursue this field further. Thus we have
not tried to cover a comprehensive list of topics, nor to cover those topics
discussed in complete detail. No book can ever fulfill the task of providing
a complete introduction to this subject, since bioinformatics is evolving
too quickly. To learn this subject as it evolves one must ultimately turn to
the literature of published articles in journals. We hope that this book will
provide a first stepping stone leading the reader in this direction.

We also wish to appeal to trained statisticians and to give them an
introduction to bioinformatics, since their contribution will be vital to the
analysis of the biological data already at hand and, more important, to
developing analyses for new forms of data to arrive in the future. Such
readers should be able to read the latter chapters directly.

The statistical procedures currently used in this subject are often ad
hoc, with different methods being used in different parts of the subject.
We have tried to provide as many threads running through the book as
possible in order to overcome this problem and to integrate the material.



Preface ix

One such thread is provided by aspects of the material on stochastic pro-
cesses. BLAST is one of the most frequently used algorithms in applied
statistics, one BLAST search being made every few seconds on average
by bioinformatics researchers around the world. However, the stochastic
process theory behind the statistical calculations used in this algorithm
is not widely understood. We approach this theory by starting with ran-
dom walks, and through these to sequential analysis theory and to Markov
chains, and ultimately to BLAST. This sequence also leads to the theory
of hidden Markov models and to evolutionary analyses.

We have chosen this thread for three reasons. The first is that BLAST
theory is intrinsically important. The second, as just mentioned, is that this
provides a coherent thread to the often unconnected aspects of stochastic
process theory used in various areas of bioinformatics. The final reason
is that, with the human genome data and the genomes of other important
species complete at least in first draft, we wish to emphasize procedures that
lead to the analysis of these data. The analysis of these data will require
new and currently unpredictable statistical analyses, and in particular, the
theory for the most recent and sophisticated versions of BLAST, and for
its further developments, will require new advanced theory.

So far as more practical matters are concerned, we are well aware of the
need for precision in presenting any mathematically based topic. However,
we are also aware, for an applied field, of the perils of a too mathematically
precise approach to probability, perhaps through measure theory. Our ap-
proach has tended to be less rather than more pedantic, and detailed qual-
ifications that interrupt the flow and might annoy the reader have been
omitted. As one example, we assume throughout that all random variables
we consider have finite moments of all orders. This assumption enables us
to avoid many minor (and in practice unimportant) qualifications to the
analysis we present.

So far as statistical theory is concerned, the focus in this book is on
discrete as opposed to continuous random variables, since (especially with
DNA and protein sequences) discrete random variables are more relevant
to bioinformatics. However, some aspects of the theory of discrete random
variables are difficult, with no limiting distribution theory available for
the maximum of these random variables. In this case progress is made
by using theory from continuous random variables to provide bounds and
approximations. Thus continuous random variables are also discussed in
some detail in the early chapters.

The focus in this book is, as stated above, on probability, statistics, and
stochastic processes. We do, however, discuss aspects of the important algo-
rithmic side of bioinformatics, especially when relevant to these probabilis-
tic topics. In particular, the dynamic programming algorithm is introduced
because of its use in various probability applications, especially in hidden
Markov models. Several books are already available that are devoted to
algorithmic aspects of the subject.
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In a broad interpretation of the word “bioinformatics” there are several
areas of the application of statistics to bioinformatics that we do not de-
velop. Thus we do not cover aspects of the statistical theory in genetics
associated with disease finding and linkage analysis. This subject deserves
an entire book on its own. Nor do we discuss the increasingly important
applications of bioinformatics in the stochastic theory of evolutionary pop-
ulation genetics. Again, all these topics deserve a complete treatment of
their own.

This book is based on lectures given to students in the two-semester
course in bioinformatics and computational biology at the University of
Pennsylvania given each year during the period 1995-2000. We are most
indebted to Elisabetta Manduchi, from PCBI/CBIL, who helped at ev-
ery stage in revising the material. We are also grateful to the late Chris-
tian Overton for guidance, inspiration, and friendship. We thank all other
members of PCBI/CBIL who supported us in this task and patiently an-
swered many questions, in particular Brian Brunk, Jonathan Schug, Chris
Stoeckert, Jonathan Crabtree, Angel Pizarro, Deborah Pinney, Shannon
McWeeney, Joan Mazzarelli, and Eugene Buehler. We also thank Warren
Gish for his help on BLAST, and for letting us reproduce his BLAST print-
out examples. We thank Chris Burge, Sandrine Dudoit, Terry Speed, Matt
Werner, Alessandra Gallinari, Sam Sokolovski, Helen Murphy, Ethan Fin-
german, Aaron Shaver, and Sue Wilson for their help. Finally, we thank
students in the computational biology courses we have taught for their com-
ments on the material, which we have often incorporated into this book.
Any errors or omissions are, of course, our own responsibility. An archive
of errata will be maintained at http://www.textbook-errata.org.

Warren J. Ewens

Gregory R. Grant
Philadelphia, Pennsylvania
February, 2001
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