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Preface

The present volume of our series “Methods and Principles in Medicinal
Chemistry” focuses on a timely topic: Bioinformatics. Bioinformatics is a
multidisciplinary field, which encompasses molecular biology, biochemistry
and genetics on the one hand, and computer science on the other. Bio-
informatics uses methods from various areas of computer science, such as
algorithms, combinatorial optimization, integer linear programming, con-
straint programming, formal language theory, neural nets, machine learn-
ing, motif recognition, inductive logic programming, database systems,
knowledge discovery and database mining. The exponential growth in bio-
logical data, generated from national and international genome projects,
offers a remarkable opportunity for the application of modern computer
science. The fusion of biomedicine and computer technology offers sub-
stantial benefits to all scientists involved in biomedical research in support
of their general mission of improving the quality of health by increasing
biological knowledge. In this context, we felt that it was time to initiate a
volume on bioinformatics with a particular emphasis on aspects of design-
ing new drugs.

The completion of the human genome sequence, published in February
2001, marks a historic event, not only in genomics, but also in biology and
medicine in general. We are now able to read the text; but we understand
only minor parts of it. “Making sense of the sequence” is the task of the
coming years. Bioinformatics will play the leading role in this field, in
understanding the regulation of gene expression, in the functional descrip-
tion of the gene products, the metabolic processes, disease, genetic variation
and comparative biology. Correspondingly, the publication of this book is
“just in time” to jump into the post-genomic era.

Basically, there are two ways of structuring the field of bioinformatics.
One is intrinsically by the type of problem that is under consideration.
Here, the natural way of structuring is by layers of information that are
compiled, starting from the genomic data. The second is extrinsically, by the
application scenario in which bioinformatics operates and by the type of
molecular biology experiment that it supports. This new contribution to
bioinformatics is roughly structured according to this view. The wealth of
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Preface

information bundled in this volume necessitated a subdivision into two
parts.

The intrinsic view is the subject of Part 1: it structures bioinformatics
in methodical layers. Lower layers operate directly on the genomic text
that is the result of sequencing projects. Higher layers operate on higher-
level information derived from this text. Accordingly, Part 1 discusses sub-
problems of bioinformatics that provide components in a global bioinfor-
matics solution. Each chapter is devoted to one relevant component: after an
introductory overview, Chapters follow that are devoted to Sequence Analy-
sis (written by Martin Vingron), Structure, Properties and Computer Identi-
fication of Eukaryotic Genes (by Victor Solovyev), Analyzing Regulatory Re-
gions in Genomes (by Thomas Werner), Homology-Based Protein Modeling
in Biology and Medicine (by Roland Dunbrack), Protein Structure Prediction
and Applications in Structural Genomics, Protein Function Assignment and
Drug Target Finding (by Ralf Zimmer and Thomas Lengauer), Protein—Ligand
Docking and Drug Design (by Matthias Rarey) and Protein—Protein and
Protein-DNA Docking (by Mike Sternberg and Gidon Moont). An appendix
by Thomas Lengauer, sketching the algorithmic methods that are used in
bioinformatics, concludes this first Part.

The extrinsic view is the focus of the second Part: Chapters concentrate
on several important application scenarios that can only be supported ef-
fectively by combining components discussed in Part 1. These Chapters
cover Integrating and Accessing Molecular Biology Resources (by David
Hansen and Thure Etzold), Bioinformatics Support of Genome Sequencing
Projects (by Xiaogiu Huang), Analysis of Sequence Variations (by Christopher
Cartlson et al.), Proteome Analysis (by Pierre-Alan Binz et al.), Target Finding
in Genomes and Proteomes (by Stefanie Fuhrman et al.) as well as Screen-
ing of Drug Databases (by Martin Stahl et al.). In a concluding Chapter,
Thomas Lengauer highlights the Future Trends in the field of bioinformatics.

The series editors are grateful to Thomas Lengauer, who accepted the
challenging task to organize this volume on bioinformatics, to convince
authors to participate in the project and to finish their chapters in time,
despite the fact that research runs hot these days. We are sure that the result
of his coordinative work constitutes another highlight in our series on
Methods and Principles in Medicinal Chemistry. In addition, we want to
thank Gudrun Walter and Frank Weinreich, Wiley-VCH, for their effective
collaboration.

September 2001 Raimund Mannhold Diisseldorf
Hugo Kubinyi Ludwigshafen
Henk Timmerman Amsterdam
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For my son Nico

Foreword

Computational biology and bioinformatics are terms for an interdisciplinary
field joining information technology and biology that has skyrocketed in
recent years. The field is located at the interface between the two scientific
and technological disciplines that can be argued to drive a significant if not
the dominating part of contemporary scientific innovation. In the English
language, computational biology refers mostly to the scientific part of the
field, whereas bioinformatics addresses mainly the infrastructure part. In
some other languages (e.g. German) bioinformatics covers both aspects of
the field.

The goal of this field is to provide computer-based methods for coping
with and interpreting the genomic data that are being uncovered in large
volumes through the diverse genome sequencing projects and other new
experimental technology in molecular biology. The field presents one of the
grand challenges of our times. It has a large basic research aspect, since we
cannot claim to be close to understanding biological systems on an organ-
ism or even cellular level. At the same time, the field is faced with a strong
demand for immediate solutions, because the genomic data that are being
uncovered encode many biological insights whose deciphering can be the
basis for dramatic scientific and economical success. At the end of the pre-
genomic era that was characterized by the effort to sequence the human
genome we are entering the postgenomic era that concentrates on harvest-
ing the fruits hidden in the genomic text. In contrast to the pregenomic era
which, from the announcement of the quest to sequence the human genome
to its completion, has lasted less than 15 years, the postgenomic era can be
expected to last much longer, probably extending over several generations.

Xix
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Foreword

While it will encompass many basic and general aspects of the field, the
specific aim of the book is to point towards perspectives that bioinformatics
can open towards the design of new drugs. It is this pharmaceutically ori-
ented side of the field that provides the strongest fuel for the current wide-
spread interest in bioinformatics.

Before this background, the book is intended as an introduction into
the field of bioinformatics and is targeted to readers with a variety of back-
grounds. Biologists, biochemists, pharmacologists, pharmacists and medi-
cal doctors can get from it an introduction into basic and practical issues
of the computer-based part of handling and interpreting genomic data. In
particular, many chapters of the book point to bioinformatics software and
data resources that are available on the internet (often at no cost) and make
an attempt at classifying and comparing those resources. For computer sci-
entists and mathematicians the book contains an introduction into the bio-
logical backgrounds and the necessary information to begin to appreciate
the difficulties and wonders of modeling complex biochemical and bio-
molecular issues in the computer.

Bioinformatics is a quickly progressing field. Both the experimental tech-
nologies and the computer-based method are in a dynamic phase of de-
velopment. This book presents a snapshot of where the field stands today.

I am grateful to many people that helped make this book possible. Hugo
Kubinyi first approached me with the idea for this book and since then
accompanied the project with a finely balanced mixture of pressure and
encouragement. Raimund Mannhold and Henk Timmerman supported the
project as the other editors of this series. Above all, I thank the authors of
the various chapters of the two volumes who found the time to write well
thought-out chapters in a period of dramatic growth of the field that pres-
ents every participating scientist with an especially high workload. Gudrun
Walter and Frank Weinreich handled the production process of the book
very well. Finally I would like to express my deep gratitude to my wife
Sybille and my children Sara and Nico who had to cope with my physical
or mental absence while the project was ongoing.

Thomas Lengauer
Sankt Augustin, July 2001
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From Genomes to Drugs with
Bioinformatics

Thomas Lengauer

In order to set the stage for this two-volume book, this Chapter provides
an introduction into the molecular basis of disease. We then continue to
discuss modern biological techniques with which we have recently been
empowered to screen for molecular drugs targets as well as for the drugs
themselves. The Chapter finishes with an overview over the field of bio-
informatics as it is covered in the two volumes of this book.

1.1
The molecular basis of disease

Diagnosing and curing diseases has always been and will continue to be an
art. The reason is that man is a complex being with many facets much of
which we do not and probably will never understand. Diagnosing and cur-
ing diseases has many aspects include biochemical, physiological, psycho-
logical, sociological and spiritual ones.

Molecular medicine reduces this variety to the molecular aspect. Living
organisms, in general, and humans in particular, are regarded as complex
networks of molecular interactions that fuel the processes of life. This
“molecular circuitry” has intended modes of operation that correspond to
healthy states of the organism and aberrant modes of operation that corre-
spond to diseased states. In molecular medicine, the goal of diagnosing a
disease is to identify its molecular basis, i.e. to answer the question what
goes wrong in the molecular circuitry. The goal of therapy is to guide the
biochemical circuitry back to a healthy state.

As we pointed out, the molecular basis of life is formed by complex bio-
chemical processes that constantly produce and recycle molecules and do so
in a highly coordinated and balanced fashion. The underlying basic princi-
ples are quite alike throughout all kingdoms of life, even though the pro-
cesses are much more complex in highly developed animals and the human
than in bacteria, for instance. Figure 1.1 gives an abstract view of such an

Bioinformatics — From Genomes to Drugs. Volume I: Basic Technologies. Edited by Thomas Lengauer
Copyright © 2002 WILEY-VCH Verlag GmbH, Weinheim
ISBN: 3-527-29988-2
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METABOLIC PATHWAYS

Click one of the cawgories.
I Carbohydme r I Other Amino Acids
Complex

Hiore

Fig. 1.1

Abstract view of part of the metabolic network of the
bacterium E. coli. From http://www.genome.ad.jp/kegg/
kegg.html

underlying biochemical network, the so-called metabolic network of a bacte-
rial cell (the intestinal bacterium E. coli). The figure affords an incomplete
and highly simplified account of the actual molecular interactions, but it
nicely visualizes the view of a living cell as a biochemical circuit. The figure
has the mathematical structure of a graph. Each dot (node) stands of a small
organic molecule that is metabolized within the cell. Alcohol, glucose, and
ATP are examples for such molecules. Each line (edge) stands for chemical
reaction. The two nodes connected by the edge represent the substrate and
the product of the reaction. The colors in Figure 1.1 represent the role that
the respective reaction plays in metabolism. These roles include the con-
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struction of molecular components that are essential for life — nucleotides
(red), amino acids (orange), carbohydrates (blue), lipids (light blue), etc. —
or the breakdown of molecules that are not helpful or even harmful to the
cell. Other tasks of chemical reactions in a metabolic network pertain to the
storage and conversion of energy. (The blue cycle in the center of the Figure
is the citric acid cycle.) A third class of reactions facilitates the exchange of
information in the cell or between cells. This include the control of when
and in what way genes are expressed (gene regulation), but also such tasks as
the opening and closing of molecular channels on the cell surface, and the
activation or deactivation of cell processes such as replication or apoptosis
(induced cell death). The reactions that facilitate communication within the
cell or between cells are often collectively referred to as the regulatory net-
work. Figure 1.1 only includes metabolic and no regulatory reactions. Of
course the metabolic and the regulatory network of a cell are closely inter-
twined, and many reactions can have both metabolic and regulatory aspects.
In general, much more is known on metabolic than on regulatory networks,
even though many relevant diseases involve regulatory rather than meta-
bolic dysfunction.

The metabolic and regulatory network can be considered as composed of
partial networks that we call pathways. Pathways can fold in on themselves,
in which case we call them cycles. A metabolic pathway is a group of re-
actions that turns a substrate into a product over several steps (pathway) or
recycle a molecule by reproducing in several steps (cycle). The glycolysis
pathway (the sequence of blue vertical lines in the center of Figure 1.1), is
an example of a pathway that decomposes glucose into pyruvate. The citric
acid cycle (the blue cycle directly below the glycolysis pathway in Figure 1.1)
is an example of a cycle that produces ATP, the universal molecule for
energy transport. Metabolic cycles are essential, in order that the processes
of life not accumulate waste or deplete resources. (Nature is much better at
recycling than man.)

There are several ways in which Figure 1.1 hides important detail of the
actual metabolic pathway. In order to discuss this issue, we have extracted a
metabolic cycle from Figure 1.1 (see Figure 1.2). This cycle is a component
of cell replication, more precisely; it is one of the motors that drive the
synthesis of thymine, a molecular component of DNA. In Figure 1.2, the

N5,N'°-methylene-

tetrahydrofolate dihydrofolate

DHFR
NADPH + H*
Fig. 1.2

A specific metabolic cycle tetrahydrofolate NADP
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Fig. 1.3

The three dimensional structure of dihydrofolate reductase
colored by its surface potential. Positive values are
depicted in red, negative values in blue.

nodes of the metabolic cycle are labeled with the respective organic mole-
cules, and the edges point in the direction from the substrate of the reaction
to the product. Metabolic reactions can take place spontaneously under
physiological conditions (in aqueous solution, under room temperature and
neutral pH). However, nature has equipped each reaction (each line in Fig-
ure 1.1) with a specific molecule that catalyzes that reaction. This molecule
is called an enzyme and, most often, it is a protein. An enzyme is a tailor-
made binding site for the transition state of the catalyzed chemical reaction.
Thus the enzyme speeds up the rate of that reaction tremendously, by rates
of as much as 107. Furthermore, the rate of a reaction that is catalyzed by an
enzyme can be regulated by controlling the effectivity of the enzyme or the
number of enzyme molecules that are available. Even the direction of a re-
action can effectively be controlled with the help of several enzymes.

How does the enzyme do its formidable task? For an example, consider
the reaction in Figure 1.2 that turns dihydrofolate into tetrahydrofolate. This
reaction is catalyzed by an enzyme called dihydrofolate reductase (DHFR).
The surface of this protein is depicted in Figure 1.3. One immediately rec-
ognizes a large and deep pocket that is colored blue (representing its nega-
tive charge). This pocket is a binding pocket or binding site of the enzyme,
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and it is ideally formed in terms of geometry and chemistry, such as to bind
to the substrate molecule dihydrofolate and present it in a conformation
that is conducive for the desired chemical reaction to take place. In this
case, this pocket is also where the reaction is catalyzed. We call this place
the active site. (There can be other binding pockets in a protein that are far
removed from the active site.)

There is another aspect of metabolic reactions that is not depicted in
Figure 1.1: Many reactions involve co-factors. A co-factor is an organic mol-
ecule, a metal ion, or — in some cases — a protein or peptide that has to be
present in order for the reaction to take place. If the co-factor is itself
modified during the reaction, we call it a co-substrate. In the case of our ex-
ample reaction, we need the co-substrate NADPH for the reaction to hap-
pen. The reaction modifies dihydrofolate to tetrahydrofolate and NADPH to
NADP™. Figure 1.4 shows the molecular complex of DHFR, dihydrofolate
(DHF) and NADPH before the reaction happens. After the reaction has
been completed, both organic molecules dissociate from DHFR and the
original state of the enzyme is recovered.

Now that we have discussed some of the details of metabolic reactions let
us move back to the global view of Figure 1.1. We have seen that each of the
edges in that figure represents a reaction that is catalyzed by a specific pro-

Fig. 1.4
DHFR (gray) complexed with DHF (green) and NADPH red)
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tein. (However, the same protein can catalyze several reactions.) In E. coli
there are an estimated number of 3000 enzymes, in the human there are at
least twice as many. The molecular basis of a disease lies in modifications of
the action of these biochemical pathways. Some reactions do not happen at
their intended rate (sickle cell anemia, diabetes), resources that are needed
are not present in sufficient amounts (vitamin deficiencies) or waste prod-
ucts accumulate in the body (Alzheimer’s disease). In general imbalances
induced in one part of the network spread to other parts. The aim of therapy
is to replace the aberrant processes with those that restore a healthy state.
The most desirable fashion, in which this could be done, would be to con-
trol the effectiveness of a whole set of enzymes, in order to regain the met-
abolic balance. This set probably involves many, many proteins, as we can
expect many proteins to be involved in manifesting the disease. Also, each
of these proteins would have to be regulated in quite a specific manner. The
effectiveness of some proteins would possibly have to be increased dramat-
ically whereas other proteins would have to be blocked entirely etc. It is
obvious that this kind of therapy involves a kind of global knowledge of
the workings of the cell and a refined pharmaceutical technology that is far
beyond what man can do today and for some time to come.

1.2
The molecular approach to curing diseases

For this reason, the approach of today’s pharmaceutical research is far more
simplistic. The aim is to regulate a single protein. In some cases we aim at
completely blocking an enzyme. To this end, we can provide a drug mole-
cule that effectively competes with the natural substrate of the enzyme. The
drug molecule, the so-called inhibitor, has to be made up such that it binds
more strongly to the protein than the substrate. Then, the binding pockets
of most enzyme molecules will contain drug molecules and cannot catalyze
the desired reaction in the substrate. In some cases, the drug molecule even
binds very tightly (covalently) to the enzyme (suicide inhibitor). This bond
persists for the remaining lifetime of the protein molecule. Eventually, the
deactivated protein molecule is broken down by the cell and a new identical
enzyme molecule takes its place. Aspirin is an example of a suicide inhibi-
tor. The effect of the drug persists until the drug molecules themselves are
removed from the cell by its metabolic processes, and no new drug mole-
cules are administered to replace them. Thus, one can control the effect of
the drug by the time and dose it is administered.

There are several potent inhibitors of DHFR. One of them is methotrexate.
Figure 1.5 shows methotrexate (color) both unbound (left) and bound
(right) to DHFR (black and white). Methotrexate has been administered as
an effective cytostatic cancer drug for over two decades.
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Fig. 1.5
Methotrexate (colored by surface potential, see Figure 3)
and bound DHFR (gray)

There are many other ways of influencing the activity of a protein by
providing a drug that binds to it. Drugs interact with all kinds of proteins:

« with receptor molecules that are located in the cell membrane and fulfill
regulatory tasks

+ with ion channels and transporter systems (again proteins residing in the
cell membrane) that monitor the flux of molecules into and out of the cell

The mode of interaction between drug and protein does not always have the
effect to block the protein, but we are generally looking for drugs that bind
tightly to the protein.

Most drugs that are on the market today modify the enzymatic or regula-
tory action of a protein by strongly binding to it as described above. Among
these drugs are long-standing, widespread and highly popular medications
and more modern drugs against diseases such as AIDS, depression, or can-
cer. Even the life-style drugs that came into use in the past few years, such
as Viagra and Xenical, belong to the class of protein inhibitors.

In this view, the quest for a molecular therapy of a disease decomposes
into two parts:
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* Question 1: Which protein should we target? As we have seen, there are
many thousands candidate proteins in the human. We are looking for one
of them that, by binding the drug molecule to it, provides the most effec-
tive remedy of the disease. This protein is called the target protein.

Question 2: Which drug molecules should be used to bind to the target protein?
Here, the molecular variety is even larger. Large pharmaceutical compa-
nies have compound archives with millions of compounds at their dis-
posal. Every new target protein raises the questions, which of all of these
compounds would be the best drug candidate. Nature is using billions of

molecules. With the new technology of combinatorial chemistry, where
compounds can be synthesized systematically from a limited set of build-
ing blocks, this number of potential drug candidates is also becoming ac-
cessible to the laboratory.

We will now give a short summary of the history of research on both of
these questions.

1.3
Finding protein targets

Question 1 could not really be asked realistically until a few years ago. His-
torically, few target proteins were known at the time that the respective drug
has been discovered. The reason is that new drugs were developed by mod-
ifying known drugs, based on some intuitive notion of molecular similarity.
Each modification was immediately tested in the laboratory either in vitro or
in vivo. Thus, the effectiveness of the drug could be assessed without even
considering the target protein. To this day, all drugs that are on the mar-
ketplace world-wide target to an estimated set of 500 proteins [1]. Thus the
search for target proteins is definitely the dominant bottleneck of today’s
pharmaceutical research.

Today, new experimental methods of molecular biology, the first versions
of which have been developed just a few years ago, afford us with a funda-
mentally new way — the first systematic way — of looking for protein targets.
We exemplify this progress at a specific DNA chip technology [2]. However,
the general picture extends to many other experimental methods under de-
velopment.

Figure 1.6 shows a DNA-chip that provides us with a differential census
of the proteins manufactured by a yeast cell in two different cell states, one
governed by the presence of glucose (green) and one by the absence of glu-
cose (red). In effect the red picture is that of a starving yeast cell, whereas
the green picture show the “healthy” state. Each bright green dot stands
for a protein that is manufactured (expressed) in high numbers in the
“healthy” state. Each bright red dot stands for a protein that is expressed
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Fig. 1.6
A DNA chip (from http://cmgm.stanford.edu/pbrown/
explore/)

highly in the starving cell. If the protein occurs frequently in both the
healthy and the starving state, the corresponding dot is bright yellow (re-
sulting from an additive mixture of the colors green and red). Dark dots
stand for proteins that are not frequent, the tint of the color again signifies
whether the protein occurs more often in the healthy cell (green), equally
often in both cells (yellow) or more often in the diseased cell (red).

At this point it is of secondary importance, exactly which experimental
procedures generate the picture of Figure 1.6. What is important is, how
much information is attached to colored dots in the picture. Here, we can
make the following general statements.

1. The identity of the protein is determined by the coordinates of the col-
ored dot. We will assume, for simplicity, that dots at different locations
also represent different proteins. (In reality, multiple dots that represent
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the same protein are introduced, on purpose, for the sake of calibration.)
The exact arrangement of the dots is determined before the chip is
manufactured. This involves identifying a number of proteins to be rep-
resented on the chip and laying them out on the chip surface. This layout
is governed by boundary conditions and preferences of the experimental
procedures and is not important for the interpretation of the information.

2. Only rudimentary information is attached to each dot. At best, the ex-
periment reveals the complete sequence of the gene or protein. Some-
times, only short segments of the relevant sequence are available.

Given this general picture, the new technologies of molecular biology can
be classified according to two criteria, as shown by the next subsections.

1.3.1
Genomics vs proteomics

In genomics, not the proteins themselves are monitored but rather we
screen the expressed genes whose translation ultimately yields the respec-
tive proteins. In proteomics, the synthesized proteins themselves are moni-
tored. The chip in Figure 1.6 is a DNA-chip, i.e., it contains information on
the expressed genes and, thus, only indirectly on the final protein products.
The advantage of the genomics approach is that genes are more accessible
experimentally and easier to handle than proteins. For this reason, genom-
ics is ahead of proteomics, today. However, there also are disadvantages to
genomics. First the expression level of a gene need not be closely correlated
with the concentration of the respective protein in the cell. But the latter
figure may be more important to us if we want to elicit a causal connection
between protein expression and disease processes. Even more important,
proteins are modified post-translationally (i.e. after they are manufactured).
These modifications involve glycosylation (attaching complex sugar mole-
cules to the protein surface), and phosphorylation (attaching phosphates to
the protein surface), for instance, and they lead to many versions of protein
molecules with the same amino-acid sequence. Genomics cannot monitor
these modifications, which are essential for many diseases. Therefore, it can
be expected that, as the experimental technology matures, proteomics will
gain importance over genomics.

13.2
Extent of information available on the genes/proteins

Technologies vary widely in this respect. The chip in Figure 1.6 is generated
by a technology that identifies the gene sequence. We are missing informa-
tion on the structure and the function of the protein, its molecular interac-
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tion partners and its location inside the metabolic or regulatory network of
the organism. All of this information is missing the majority of the genes
on the chip.

There are many variations on the DNA-chip theme. There are technol-
ogies based on so-called expressed sequence tags (ESTs) that tend to provide
more inaccurate information on expression levels, and various sorts of
microarray techniques (see Chapter 5 of Volume 2). Proteomics uses differ-
ent kinds of gels, and experiments involving mass spectrometry (see Chap-
ter 4 of Volume 2). As is the case with genomics, proteomics technologies
tend to generate information on the sequences of the involved proteins and
on their molecular weight, and possibly information on post-translational
modifications such as glycosylation and phosphorylation. Again, all higher-
order information is missing. It is infeasible to generate this information
exclusively in the wet lab — we need bioinformatics to make educated
guesses here. Furthermore basically all facets of bioinformatics that start
with an assembled sequence can be of help. This includes the comparative
analysis of genes and proteins, protein structure prediction, the analysis and
prediction of molecular interactions involving proteins as well as bioinfor-
matics for analyzing metabolic and regulatory networks. This is why all of
bioinformatics is relevant for the purpose of this book. Thus, part 1 of the
book summarizes the state of the art of the relevant basic problems in bio-
informatics.

If, with the help of bioinformatics, we can retrieve this information then
we have a chance of composing a detailed picture of the disease process
that can guide us to the identification of possible target proteins for the
development of an effective drug. Note that the experimental technology
described above is universally applicable. The chip in Figure 1.6 contains all
genes of the (fully sequenced) organism S. cerevisiae (yeast). The cell tran-
sition analyzed here is the diauxic shift — the change of metabolism upon
removal of glucose. But we could exchange this with almost any other cell
condition of any tissue of any conceivable organism. The number of spots
that can be put on a single chip goes into the hundred thousands. This is
enough for putting all human genes on a single chip. Also, we do not have
to restrict ourselves to disease conditions; all kinds of environmental con-
ditions (heat, cold, low or high pH, chemical stress, drug treatment, diverse
stimuli etc.) or intrinsic conditions (presence or absence of certain genes,
mutations etc.) can be the subject of study.

This paradigm of searching for target proteins in genomics data is con-
sidered to be so promising that pharmaceutical industry has been investing
heavily in it in over the past years. Contracts between pharmaceutical com-
panies and new biotech industry that is providing the data and clues to new
targets have involved hundreds of million dollars. In turn, each new target
protein can afford a completely new approach to disease therapy and a po-
tentially highly lucrative worldwide market share. Yet, the paradigm still has
to prove its value. These commercial aspects of the research have also

13
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strongly affected the scientific discipline of bioinformatics. We will com-
ment more on this in the second volume of this book.

Providing adequate bioinformatics for finding new target proteins is a
formidable challenge that is the focus of much of this book. But once we
have a target protein our job is not done.

1.4
Developing drugs

If the target protein has been selected, we are looking for a molecule that
binds tightly to a binding site of the protein. Nature often uses macro-
molecules, such as proteins or peptides to inhibit other proteins. However,
proteins do not make good drugs: They are easily broken down the digestive
system, they can elicit immune reaction, and they cannot be stored for a
long time. Thus, after a short excursion into drug design based on proteins,
pharmaceutical research has gone back to looking for small drug molecules.
Here, one idea is to use a peptide as the template for an appropriate drug
(peptidomimetics).

Due to the lack of fundamental knowledge of the biological processes in-
volved, the search for drugs was governed by chance, until recently. How-
ever, as long as chemists have thought in terms of chemical formulas,
pharmaceutical research has attempted to optimize drug molecules based
on chemical intuition and on the concept of molecular similarity. The basis
for this approach is the lock-and-key principle formulated by Emil Fischer
[3] about a hundred years ago. Figure 1.4 nicely illustrates that principle: In
order to bind tightly the two binding molecules have to be complementary
to each other both sterically and chemically (colors). The drug molecule
fits into the binding pocket of the protein like a key inside a lock. The lock-
and-key principle has been the dominating paradigm for drug research ever
since its invention. It has been refined to include the phenomenon of in-
duced fit, by which the binding pocket of the protein undergoes subitle steric
changes in order to adapt to the geometry of the drug molecule.

For most of the century, the structure of protein binding pockets has not
been available to the medicinal chemist, so drug design was based on the
idea that molecules whose surface is similar in shape and chemical features
should bind to the target protein with comparable strength. Thus drug de-
sign was based on comparing drug molecules, either intuitively or, more
recently, systematically with the computer. As 3D protein structures became
available, the so-called rational or structure-based approach to drug develop-
ment was invented, which exploited this information to develop effective
drugs. Rational drug design is a highly interactive process with the com-
puter originally mostly visualizing the protein structure and allowing quer-
ies on its chemical features. The medicinal chemist modified drug mole-
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cules inside the binding pocket of the protein at the computer screen. As
rational drug design began to involve more systematic optimization proce-
dures interest rose in molecular docking, i.e. the prediction of the structure
and binding affinity of the molecular complex involving a structurally re-
solved protein and its binding partner, in the computer. Synthesizing and
testing a drug in the laboratory used to be comparatively expensive. Thus it
was of interest to have the computer suggest a small set of highly promising
drug candidates. However, to this day rational drug design has been ham-
pered by the fact that the structure of the target protein will not be known
for many pharmaceutical projects for some time to come. For instance,
many diseases involve target proteins that reside in the cell membrane, and
we cannot expect the 3D structure of such proteins to become known soon.

With the advent of high-throughput screening, the binding affinity of as
many as several hundred thousands drug candidates to the target protein
can now be assayed within a day. Furthermore, combinatorial chemistry allows
for the systematic synthesis of molecules that are composed of preselected
molecular groups that are linked with preselected chemical reactions. The
number of molecules that is accessible in such a combinatorial library, in
principle, can exceed many billions. Thus we need the computer to suggest
promising sublibraries that contain a large number of compounds that bind
tightly to the protein.

As in the case of target finding, the new experimental technologies in
drug design require new computer methods for screening and interpreting
the voluminous data assembled by the experiment. These methods are sel-
dom considered part of bioinformatics, since the biological object, namely
the target protein is not the focus of the investigation. Rather, people speak
of cheminformatics, the computer aspect of medicinal chemistry. Whatever
the name, it is our conviction that both aspects of the process that guides us
from the genome to the drug have to be considered together, and we will do
so in this book.

1.5
A bioinformatics landscape

In the Sections above, we have described the application scenario that is the
viewpoint from which we are interested in bioinformatics. In this Section,
we attempt to chart out the field of bioinformatics in terms of its scientific
subproblems and the application challenges that it faces.

Basically, there are two ways of structuring the field of bioinformatics.
One is intrinsically, by the type of problem that is under consideration. Here,
the natural way of structuring is by layers of information that are compiled
starting from the genomic data and working our way towards various levels
of the phenotype. The second is extrinsically, by the medical or pharmaceu-
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tical application scenario to which bioinformatics contributes and by the
type of biological experimentation that it supports. This book is roughly
structured according to this distinction. The intrinsic view is the subject of
Volume 1. This volume discusses subproblems of bioinformatics that pro-
vide components in a global bioinformatics solution. Each Chapter is de-
voted to one relevant component. The extrinsic view is the focus of Volume
2. This volume has Chapters which each concentrate on some important
application scenarios that can only be supported effectively by combining
components discussed in Volume 1.

Both views are summarized in an integrated fashion in Figure 1.7, where
the bioinformatics circle is depicted reaching from the genome sequence to
the macroscopic phenotype. We will be guided by this figure as we now
chart out the bioinformatics landscape in more detail.

1.5.1
The intrinsic view

The intrinsic view may be the more basic research-oriented one. This view
on bioinformatics tends to produce reasonably well-defined and timeless
scientific problems that often have the character of grand challenges. As
described above, we will structure this view of bioinformatics in layers of
derived information that we add on top of the primary information provided
by the genomic sequence.

1.5.1.1 Layer —1: Sequencing support

This part of bioinformatics addresses problems that occur even before the
genomic sequence is available. The object is to interpret experimental data
that are generated by sequencing efforts. Problems to be addressed here are
base calling, i.e. the interpretation of the signals output by sequencers in
terms of nucleic acid sequences, physical mapping, i.e. providing a rough
map of relevant marker loci along the genome, and fragment assembly, i.e.
the process of piecing together short segments of sequenced DNA to form a
contiguous sequence of the genome or chromosome. Layer —1 plays a spe-
cial role, since it is both a subproblem and an application scenario. The
application-oriented character of this problem originates from its close
relationship with the applied sequencing procedure. The two competing
approaches to sequencing the human genomes, namely whole-genome-
shotgun sequencing, as performed by Celera Genomics [4] and BAC-
assembly as performed by the publically funded human genome project [5],
which lead to quite different approaches for assembly, have illustrated this
point very visibly. We chose to discuss this layer in Volume 2 (Chapter 2 by
Xiaoqiu Huang).
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After exercising layer —1 of bioinformatics successfully the raw genomic
sequence is available.

1.5.1.2 Layer 1: Analysis of nucleic acid sequences (5 o’clock position
in Figure 1.7)
This layer is concerned with annotating the raw genomic sequence with in-
formation that can be derived directly from the sequence. Problems ad-
dressed in this layer are gene finding (Chapter 3 of Volume 1, Victor Solovyev),
i.e. the identification of those — as it happens, rare — stretches of genomic
DNA that code for proteins, and the analysis of the much more prevalent
and quite a bit more mysterious non-coding regions in the genome (Chapter
4 of Volume 1, Thomas Werner). The former problem is our entry to under-
standing the proteome. It is so hard, that today experimental procedures
that go directly after protein sequences are developed to help along the way.
The latter problem currently concentrates on the regions upstream of se-
quences that encode proteins. These regions are believed to contain patterns
that govern the regulation of the expression of the genes, i.e. their transla-
tion to proteins. Both problems can be considered basic research problems
and scientific grand challenges. Numerous other annotations are desirable,
such as the annotation of genomic sequences with homologous sequences
in the same or different species, the distinction between orthologous” and
paralogous® sequences. A comparison between many sequences at a time
can yield a multiple alignment or, if we are interested in the lineages of the
participating sequences, an evolutionary tree.

The processes of layer 1 provide the data for layer 2.

1.5.1.3 Layer 2: Analysis of protein sequences (5 o’clock position

in Figure 1.7)

This layer annotates protein sequences. Here, the most voluminous source
of information is the comparison with other homologous sequences, either
on the protein or on the nucleic acid level. The results desired are relation-
ships between different proteins that allow for making conclusions about

1) Orthologous sequences are homologous  2) Paralogous sequences are homologous

sequences in different species that have sequences that exist within a species.
common origin and whose distinctions Paralogous sequences have a common
come about by gradual evolutionary origin but involve gene duplication
modifications from the common events to arise. Often the gene

ancestor. Orthologous sequences tend to duplication has the purpose of using the
have the same function in different sequence to implement a new function.
species. Thus paralogous sequences often

perform different functions.
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protein function, cellular localization and the like. The methods in layer 2
are basically the same ones as in layer 1. Chapter 2 of Volume 1 (Martin
Vingron) concentrates on the bioinformatics methods for layers 1 and 2.

1.5.1.4 Layer 3: Analysis and prediction of molecular structure (6 o’clock
position in Figure 1.7)

This layer generates three-dimensional models of the biomolecules under
consideration. In the introductory part of the Chapter we have seen that this
structure is the key to the function of a molecule. Thus, modeling molecular
structure is a very important problem of bioinformatics. There are several
kinds of molecules to be considered.

1.5.1.41 DNA

The structure of DNA is quite well preserved throughout nature. It is the
double helix. There are small differences, the so-called fine structure of
DNA, which are modeled in the computer with methods like energy mini-
mization and molecular dynamics. These methods are also used for mod-
eling other biomolecules, notably, proteins. Therefore modeling the struc-
ture of DNA is not covered in this book.

1.5.1.42 RNA

This molecule is structurally more flexible than DNA. The database of
resolved three-dimensional RNA structures is much smaller than that
for proteins; it contains only a few hundred molecules. Modeling three-
dimensional structures of RNA is basically an unsolved problem, however,
there are effective methods for modeling two-dimensional RNA structures.
We do not discuss modeling RNA structures in this book and refer the
reader to [6].

1.5.1.4.3 Proteins

Proteins display a wide variety of structures. The protein structure predic-
tion problem has been a challenge for a long time. Many successes have
been accomplished but the general problem is still far from being solved.
What can be achieved is to model (target) proteins given a structurally re-
solved protein that acts as a template. However this process is only successful
if the target and the template protein exhibit a sufficient amount of similarity
in sequence. Chapter 5 of Volume 1 (Roland Dunbrack, Jr) describes the
methods used in this approach to protein modeling. If the sequence simi-
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larity is low, then one cannot generate an accurate full-atom model of
the protein, in general. But often one can still find out a lot of significant
aspects of the structure of the protein, such as the overall architecture,
the coordinates of the protein backbone, or even more accurate models of
relevant binding pockets. Chapter 6 of Volume 1 (Ralf Zimmer, Thomas
Lengauer) reports on the state of the art in this field.

1.5.1.4.4 Lipids, carbohydrates

Lipids form membranes inside and around the cell. Carbohydrates form
complex tree-like molecules that become attached to the surface of proteins
and cellular membranes. In both cases, the three-dimensional molecular
structure is not unique, but the molecular assemblies are highly flexible.
Thus, analyzing the molecular structure involves the inspection of a process
in time. Molecular dynamics is the only available computer-based method
for doing so. Compared with protein structures there are relatively few re-
sults on lipids and carbohydrates. The book does not detail this topic.

1.5.1.5 Layer 4: Molecular interactions (7 o’clock position in Figure 1.7)

If the molecular structure is known we can attempt to analyze the inter-
actions between molecules. Among the many possible pairs of interaction
partners two are both relevant and approachable by computer.

1.5.1.5.1 Protein-ligand interactions

Here, one molecular partner is a protein; and the other is a small, often
flexible, organic molecule. This is the problem discussed in detail in the
introductory parts of this Chapter. The problem is a basic research problem
and, at the same time, is of prime importance for drug design. The problem
has two aspects. One is to determine the correct geometry of the molecular
complex. The second is to provide an accurate estimate of the differential
free energy of binding. Whereas much progress has been made on the first
aspect, the second aspect remains a grand challenge. Chapter 7 of Volume 1
(Matthias Rarey) discusses this problem.

1.5.1.5.2 Protein—protein interactions

Here two proteins bind to each other. This problem is important if we want
to understand molecular interaction inside living organisms; it plays less of
a role for drug design. The problem is different from protein-ligand dock-
ing in several respects. In protein-ligand docking, the binding mode is
mostly determined by strong enthalpic forces between the protein and the
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ligand. In addition, the contributions of desolvation (replacing the water
molecules inside the pocket by the ligand) are essential. The notion of
molecular surface is not as much relevant, especially, since the ligand can
be highly flexible and does not have a unique surface. In contrast, geometric
complementarity of both proteins is a dominating issue in protein—protein
docking, where both binding partners meet over a much larger contact sur-
face area. Issues of desolvation can be essential here. Induced fit, i.e. subtle
structural changes on the protein surface to accommodate binding are im-
portant in both problems, but seem to be more essential in protein—protein
docking. Chapter 8 of Volume 1 (Michael Sternberg) discusses this prob-
lem. Estimating the free energy of binding is a major bottleneck in all
docking problems.

1.5.1.5.3 Otbher interactions

Of course, all kinds of molecular interactions are important, be it protein—
DNA (essential for understanding gene regulation) or reactions involving
RNA, lipids or carbohydrates. Protein-DNA docking seems even harder
than protein—protein docking. Because of the rigidity of DNA stronger
conformational changes seem to be necessary on the protein side. Also,
water plays an important role in protein—-DNA docking. Chapter 8 discusses
protein-DNA docking. The other problems are not discussed in this book.

1.5.1.6 Layer 5: Metabolic and regulatory networks (9 o’clock position

in Figure 1.7)

This layer takes the step from analyzing single interactions to analyzing
networks of interactions. It has a database aspect, which just collects the
voluminous data and makes them generally accessible, and an algorithmic
aspect that performs simulations on the resulting networks. Both aspects
are in a preliminary stage. The most development has taken place in meta-
bolic databases. Here, we have quite a detailed picture of parts of the
metabolism for several organisms. This book does not detail the simulation
of metabolic networks.

1.6
The extrinsic view

This view structures bioinformatics according to different application sce-
narios and types of experimental data that are under scrutiny.
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1.6.1
Basic contributions: molecular biology databases and genome comparison

The first completely sequenced bacterial genome, that of the bacterium, H.
influenzae, was available in 1994. Since then, a few dozen bacterial genomes
have been sequenced. Sequencing a bacterium has become state of the art,
and we can expect many more genomes to appear in the near future. The
first eucaryote (S. cerevisiae, yeast [7]) has been sequenced in 1996, and the
genome of the first multicellular organism (C. elegans, nematode, [8]) be-
came available in 1998. The genome of D. melanogaster (fruitfly [9]) became
available in February 2000, and two drafts of the human genome sequence
have been published in February 2001 [4, 5]. As the number and variety of
completely sequenced genomes rises, their comparison can yield important
scientific insights. What is it that makes the bacterium E. coli a symbiotic
beneficial parasite, whereas the bacterium H. influenzae that generates ear
infections basically has toxic effects in the relevant parts of the human
body? Huynen et al. [10] have carried out a differential analysis that looks
for homologies among proteins in both bacteria and concentrates on those
(about 200) proteins that occur only in H. influenzae. Using homology
searches over the database of available protein sequences from all kinds of
organisms, Huynen et al. [10] found that many of these 200 proteins are
similar to proteins that act toxic in other organisms. Thus, in some sense,
the set of candidate proteins that are responsible for the adverse effects of
H. influenzae has been narrowed down from the about 1800 protein in the
bacterium to 200. This is an example of the kinds of results genome com-
parison can achieve.

In order to carry out such tasks, we need to combine a wide variety of
methods and data. Chapter 1 of Volume 2 (Thure Etzold et al.) describes a
successful and widely used approach for linking the vastly growing variety
of biomolecular databases.

1.6.2
Scenario 1: Gene and protein expression data (10 o’clock position
in Figure 1.7)

The measurement and interpretation of expression levels of genes and pro-
teins is at the center of today’s attention in genomics, proteomics, and bio-
informatics. The goal is to create a detailed differential functional picture of
the cell's inner workings, as it is determined by the cell state at hand. Cell
states can be influenced and determined by external environmental factors
(temperature, pH, chemical stress factors), and by internal factors such as
the cell belonging to a special tissue or be in a certain disease state.
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Historically the first version of expression of data is expressed sequence tags
(EST5). These are short stretches of cDNA (complementary DNA), i.e. DNA
that has been translated back from messenger RNA (mRNA) expressed in
the cell. The messenger RNA is in a mature state, i.e. introns have been
spliced out before the cDNA was taken from the mRNA. ESTs provide a
census of the genes expressed in a cell that is subject to certain internal and
external conditions. The level of expression of a certain gene is roughly
correlated with the frequency with which this gene is hit by sequenced
ESTs. Today, there are large collections of ESTs available for many organ-
isms and cells subject to many different conditions.

The DNA chips described above (see Figure 1.6) provide a different vari-
ant of the kind of data provided by ESTs. The advantage of DNA chips is
that they can provide more accurate expression data on expression levels.
Whereas, EST counts can be low and generally provide little resolution. One
way of reading out expressions levels from DNA chips is via fluorescent
marking. The high correlation between the light intensity and the expres-
sion level provides more resolution than EST counts.

Expression levels on DNA or protein gels are generally deduced from the
size of spots on the gel. 2D gels and mass spectrometry can be used as fast
tools for identifying expressed proteins in various states of the cell. These
experimental data and their interpretation with bioinformatics are subject to
Chapter 4 (Roland Appel et al., proteomics) and Chapter 5 (Roland Somo-
gyi, genomics) of Volume 2.

1.6.3
Scenario 2: Drug screening (1 o’clock position in Figure 1.7)

Once the target protein is identified, the search for the drug starts. That
search is again composed of a mixture of experimental and computer-based
procedures. In a first phase, one is looking for a lead compound. The only
requirement on the lead compound is that it binds tightly to the binding
site of the target protein. In a second step of lead optimization, the lead
compound is modified to be non-toxic, have few side effects and be bio-
accessible, i.e. be easily delivered to the site in the body, at which its effect is
desired.

Basically, there are two approaches to developing a new drug. One is
to create one from scratch. This has been attempted on the basis of the
knowledge of the three-dimensional structure of the binding site of the
protein. In effect, the drug molecule can be designed to be complementary
to the binding site in steric and physicochemical terms. This approach is
called ab initio drug design (not to be confused with ab initio protein struc-
ture prediction or ab initio methods in theoretical chemistry). Ab initio drug
design has been hampered by the fact that often the developed molecules
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were hard to synthesize. Furthermore lead optimization turned out to be
hard for many lead compounds developed with ab initio design techniques.

The second approach is to screen through a large database of known
molecules and check their binding affinity to the target protein. The advan-
tage of this approach is that, mostly, the compounds that have been accu-
mulated in a database have been investigated before — though mostly in a
different context. Their bioaccessibility and toxicity may have been studied
and they probably have been synthesized. Screening compounds from a
library can been done in the laboratory or in the computer. In the latter case,
the process is called virtual screening. Compound databases become large,
so a mixture of the two processes may be advisable. Here, a set of com-
pounds is preselected from a large library with virtual screening. These
compounds are then tested in the laboratory. Chapter 6 of volume 2 by
Matthias Rarey, Martin Stahl, and Gerhard Klebe gives more detail on vir-
tual drug screening.

1.6.4
Scenario 3: Genetic variability (2 o’clock position in Figure 1.7)

Recently, new experimental methods have been developed that uncover
variations of genomic text for organisms of the same species. The sequenc-
ing data discriminate between different external or internal states of the
organism or provide insight into intra-species genetic variability. Genetic
variability is just starting to be investigated on a genomic scale both ex-
perimentally and with bioinformatics. Chapter 3 of Volume 2 (Deborah
Nickerson) introduces this new and exciting field of molecular biology
and bioinformatics.

Genetic variability does not only occur in the host (patient) but also in the
guest (infectious agent). For many antibacterial and several antiviral thera-
pies (e.g. AIDS), the guest population reacts to the administering of drugs,
and resistant strains develop. In this context, drug selection is a difficult
problem. Given appropriate genotypic and phenotypic data, bioinformaticcs
can eventually help in optimizing therapies in this context (3 o'clock posi-
tion in Figure 1.7).

The following Chapters of both volumes provide the necessary detail for
an in-depth introduction into bioinformatics. Chapter 7 of volume 2 will
make an attempt at wrapping up where we stand today and balance hopes
and expectations with limitations of this new and rapidly developing field.
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2
Sequence Analysis

Martin Vingron

2.1
Introduction

Although a theoretical method to predict the three-dimensional structure of
a protein from its sequence alone is not in sight yet, researchers have un-
covered a multitude of connections between the primary sequence on one
hand and various functional features of proteins on the other hand. Among
the success stories are the recognition of transmembrane proteins or the
classification of proteins into classes of similar function based on sequence
similarity. The latter achievement uses the observation that proteins that are
similar in sequence are likely to share similar functional features. This is
also giving rise to the enormous utility of similarity searches in sequence
data bases. This Chapter will deal with the kinds of analysis and predictions
based on primary sequence alone and the algorithms used in this field.

Roughly speaking, methods fall into two classes, based on whether they
analyze the individual protein sequence in isolation or whether implications
are drawn from a comparison with or among many sequences. Individual
sequences are analyzed primarily based on characteristics of amino acids as
derived either from physical chemistry or statistically. Such characteristics
are hydrophobicity scales or statistical preferences for a particular secondary
structure. Section 2.2 will cover these methods.

Naturally the type of information that can be extracted from a sequence
in isolation is very much restricted compared to what can be gained from
analyzing many sequences. The key observation allowing us to exploit the
information that is collected in our databases is the close relationship be-
tween homology, i.e., common ancestry and sequence similarity. In search-
ing for sequence similarity we strive for the recognition of homology be-
cause homology lets us suggest common functions. The basis for the study
of sequence similarity is the comparison of two sequences which will be
dealt with in Section 2.3.

Sequence comparisons are effected in large numbers when searching
sequence databases for sequences that are similar to a query sequence. Al-

Bioinformatics — From Genomes to Drugs. Volume I: Basic Technologies. Edited by Thomas Lengauer
Copyright © 2002 WILEY-VCH Verlag GmbH, Weinheim
ISBN: 3-527-29988-2

27



28

2 Sequence Analysis

gorithms for this purpose need to be fast even at the expense of sensitivity.
Section 2.4 discusses the widely used heuristic approaches to database
searching. However, the algorithms we are designing for the purpose of
quantifying sequence similarity can only be as good as our understanding of
evolutionary processes and thus they are far from perfect. Therefore, results
of algorithms need to be subjected to a critical test using statistics. Methods
for the assessment of the statistical significance of a finding are introduced
in Section 2.5.

Genes do not come in pairs but rather in large families. Consequently,
the need arises to align more than two sequences at a time which is done by
multiple alignment programs. Computationally a very hard problem, it has
found considerable attention from the side of algorithms development.
Section 2.6 presents the basic approaches to multiple sequence alignment.
Section 2.7 will build on the knowledge of a multiple alighment and intro-
duce how to exploit the information contained in several related sequences
for the purpose of identifying additional related sequences in a database.
The last section will cover methods for identifying domains in one or
among several sequences. For the annotation of sequences and for predic-
tion of function this aspect has become increasingly important during re-
cent years.

2.2
Analysis of individual sequences

This Chapter focuses on analyses that can be performed based solely
on the primary sequence of a protein. Several rationales can be applied.
Physico-chemical characteristics of individual amino acids are one basis
for predictions of gross structural features. For example, particular repeti-
tive patterns may suggest a coiled-coil structure while in general secondary
structure can be predicted based on an a statistical analysis of the primary
sequence. The definition of signals recognized by the cellular transport
machinery allow the prediction of subcellular location. Although somewhat
unsystematic such observations can provide valuable hints as to the struc-
ture and/or function of a protein.

Amino acids side chains differ in their physico-chemical features. For
example, some like to be exposed to water, i.e., they are hydrophilic, while
the hydrophobic amino acids tend to avoid exposure to water. Charge, size,
or flexibility in the backbone are only some of the other examples of amino
acid parameters. These parameters are usually measured on a numerical
scale such that for every parameter there exists a table assigning a number
to each amino acid. For the case of hydrophobicity two such scales have
become famous. The first is due to Hopp and Woods [1] while the other is
due to Kyte and Doolittle [2]. A large collection of amino acid parameters
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Hydrophobicity plot for the transmembrane protein opsin.
Note the peaks in hydrophobicity which roughly denote
the putative membrane spanning regions.

have been collected by Argos [3] who found that subgroups of them are
correlated with each other such that the real information content of this
large number of parameters is in fact lower than it seems. He selected the
following parameters as a non-redundant set: hydrophobicity, turn prefer-
ence [4], residue bulk [5], refractivity index [6], and antiparallel strand pref-
erence [7].

Standard sequence analysis software today offers programs that plot vari-
ous parameters for a given protein (Figure 2.1). Serious software packages
tend to provide the user with a selection of informative and non-redundant
parameters similar to the one given. Some other packages pretend to offer
new insights by plotting large numbers of parameters. In practice, the vari-
ous parameters are used to plot a curve along the amino acid chain. Values
are averaged within a sliding window to smoothen the curve. The selection
of the window width is, of course, arbitrary but values between 7 and 15
would generally seem appropriate. Within a window a weighting scheme
may be applied which would typically assign more importance to residues
in the middle of the window than to the ones on the edges.

Features of the individual amino acids also play a key role in protein sec-
ondary structure formation. Based on experimental data, scales have been
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assigned to the amino acids describing their preference for assuming, e.g., a
helical structure [8]. Consequently, early secondary structure prediction
methods have assigned preferences to the amino acids according to which
secondary structure they tend to assume. For example, Glutamate is fre-
quently found in alpha helices while Valine has a preference for beta
strands and Proline is known to be strongly avoided in helices. Modern
secondary structure prediction methods are more involved though (see
below).

The functional features of proteins that are grasped by such parameters
are manifold. Hydrophobic amino acids tend to occur in the interior of
globular proteins, while at the surface of a protein one will preferentially
find hydrophilic residues. One application of the latter is the prediction of
antigenic epitopes because these are assumed to coincide with patches of
hydrophilic residues. In transmembrane proteins, the regions of the chain
that span the membrane tend to be strongly hydrophobic and the recogni-
tion of several such regions is an integral part of methods aiming at the
recognition of transmembrane proteins based on their sequence alone [9,
10]. Recognition of transmembrane regions has been found to be remark-
ably successful, also leading to the acceptance of the output of these pro-
grams as annotation in sequence databases.

Certain periodicities in the occurrence of hydrophilic and hydrophobic
residues may indicate particular secondary structures. Exposed helices tend
to display a hydrophilic residue every 3—4 positions, while the other resi-
dues are rather hydrophobic. This is well visible in a ‘“helical wheel repre-
sentation” where the amino acid sequence is printed on a circle with the
appropriate 3.6 amino acids per 360°. Likewise, a strand whose one side is
exposed may display a hydrophilic residue at every other position. Based on
these observations, Eisenberg devised the method of hydrophobic moments
[11]. Many structural proteins interact with each other through intertwined
helices forming a so-called coiled-coil structure. The physical constraints
on the interface between these helices is reflected in a certain periodic
arrangement of hydrophilic and hydrophobic amino acids. Generally, the
sequence of an alpha helix that participates in a coiled-coil region will dis-
play a periodicity with a repeated unit of length 7 amino acids. Denote those
7 positions by a through g, then position e and g tend to be charged or polar
while a and d are hydrophobic [12]. Prediction methods for coiled-coil re-
gions are making use of these preferences [13] and even attempt to distin-
guish between two-stranded and three-stranded coiled-coils [14].

The primary sequence of a protein also contains the information whether
a protein is secreted or which cellular compartment it is destined for. In
particular, secretory proteins contain a N-terminal signal peptide for the
recognition of which programs have been developed [15]. Other signals like,
e.g., nuclear localization signals are notoriously hard to describe. Many
posttranslational modifications, on the other hand, are linked to particular
amino acid patterns as described in the Prosite database.
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2.2.1
Secondary structure prediction

Linus Pauling already suggested that amino acid chains could assume reg-
ular local structures, namely alpha helices and beta strands [16]. In between
these secondary structure elements there are turns or loops [17]. There is
a long tradition of attempts to predict local secondary structure based on
sequence. Secondary structure prediction generally aims at correlating
the frequencies of occurrences of short amino acid words with particular
secondary structures. The data set for this statistic must be derived from
known protein structures with the secondary structures assigned to the
primary sequence which is in itself not a trivial task [18]. Based on such a
learning set, statistical methods are applied that range from information
theory (the GOR method [19]) to neural networks [20] and linear discrim-
inant analysis [21].

The basic approach essentially due to Chou and Fasman [22] uses a log-
odds ratio comparing the frequency with which a particular amino acid as-
sumes, say, a helical structure over the overall frequency of an arbitrary
amino acid to occur in an alpha helix. The logarithm of this ratio is a mea-
sure indicating when this residue preferentially assumes a helical structure
(positive value) as opposed to avoiding a helix (negative value). These pref-
erence values can be learnt from a large data set. For a prediction the pref-
erence is used like one of the parameters from above. Values are averaged
within a sliding window and the resulting curves for helix, strand and loop
prediction are compared, looking for the highest one in every part of the
sequence.

The GOR method phrases a very similar approach in an information
theoretic framework, computing not only preferences for individual resi-
dues but aiming at the delineation of preferences for short stretches of
amino acids. Since the given data set will generally not supply sufficient
data for estimation of the log-odds for every k-tuple certain approximations
have to made [23]. At the same time it has become clear that even this
approach is unlikely to give perfect predictions because, in known crystal
structures, one and the same 5-mer of residues will be found in different
secondary structures [24]. Other approaches like the one due to Solovyev
and Salamov [25] assemble different characteristics for a short stretch (sin-
glet and doublet secondary structure preferences, hydrophobic moment) of
amino acids and apply linear discriminant analysis in order to derive a pre-
dictor for the secondary structure of a region.

While the information contained in one primary sequence alone seems to
be insufficient to predict a protein's secondary structure, multiply aligned
sequences (see below) offer a means to push the limits of the prediction.
Originally due to Zvelebil et al. [26] this line of attack on the problem is the
basis of the PHD method by Rost and Sander [27]. The PHD method takes
as input a multiple alignment of a set of homologous protein sequences and
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uses several neural networks to effect the prediction. The first neural net-
work maps the distribution vectors of amino acid occurrences in a window
of adjacent alignment columns onto one of the states helix, strand, and
loop. Outputs of this neural net are then reconciled by a second neural net
which computes a consensus prediction. A last level of consensus-taking
combines several predictions from neural nets that were trained on differ-
ent data or with different techniques. The learning set for this procedure is
taken from the HSSP database [28] of multiply aligned sequences that are
annotated with their common secondary structure.

Development of prediction methods can, of course, only become fruitful
when there are standards available to test and compare methods. It has
been the achievement of Kabsch and Sander [29] to put forward a validation
scheme for secondary structure prediction. This is based on an automatic
assignment of secondary structures for a given crystal structure followed by
an assessment of the degree of accuracy of helix, sheet and loop predictions.
As long as one restricts oneself to the problem of secondary structure pre-
diction for a single sequence the limit in predicting accuracy today seems to
lie around 63% [30]. PHD claims an accuracy up to 72% due to the inclu-
sion of multiply aligned sequences. In practical applications, however, the
concrete data set will decide about the success of secondary structure
prediction. Even when a substantial number of protein sequences can be
aligned prior to predicting secondary structure, the information that they
contribute depends on the degree of divergence between them. Some
methods (like GOR and PHD, among others) supply the user with an esti-
mate of how reliable a prediction in a particular area is which is of course
helpful in practice. The success of overlaying the output from several sec-
ondary structure prediction programs is hard to predict because it is not
clear whether the individual methods are sufficiently different to actually
produce new information through such an approach. Recent methods by
Cuff et al. [31] and by Selbig et al. [32] have automated and evaluated this
approach.

The expasy server [33] offers references to many Web sites for protein
sequence analysis and secondary structure prediction.

23
Pairwise sequence comparison

The methods of the last chapter analyzed a sequence by its own virtues. We
now turn to the comparison of two sequences. The rationales behind the
comparison of sequences may be manifold. Above all, the theory of evolu-
tion tells us that gene sequences may have derived from common ancestral
sequences. Thus it is of interest to trace the evolutionary history of muta-
tions and other evolutionary changes. Comparison of biological sequences
in this context is understood as comparison based on the criteria of evolu-
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tion. For example, the number of mutations, insertions, and deletions of
bases necessary to transform one DNA sequence into another one is a
measure reflecting evolutionary relatedness. On the other hand, a compari-
son may be more pragmatic in that it is not aimed at a detailed reconstruc-
tion of the evolutionary course of events but rather aims at pinpointing
regions of common origin which may in turn coincide with regions of
similar structure or similar function. Physical characteristics of amino acids
play a more important role in this viewpoint than they do when studying
evolution.

2.3.1
Dot plots

Dot plots are probably the oldest way of comparing sequences [34]. A dot
plot is a visual representation of the similarities between two sequenes.
Each axis of a rectangular array represents one of the two sequences to be
compared. A window length is fixed, together with a criterion when two
sequence windows are deemed to be similar. Whenever one window in one
sequence resembles another window in the other sequence, a dot or short
diagonal is drawn at the corresponding position of the array. Thus, when
two sequences share similarity over their entire length a diagonal line will
extend from one corner of the dot plot to the diagonally opposite corner.
If two sequences only share patches of similarity this will be revealed by
diagonal stretches.

Figure 2.2 shows an example of a dot plot. There, the coding DNA
sequences of the alpha chain of human hemoglobin and of the beta chain of
human hemoglobin are compared to each other. For this computation the
window length was set to 31. The program adds up the matches within a
window and the grayscale value of the diagonal is set according to the
quality of the match at that position. One can clearly discern a diagonal
trace along the entire length of the two sequences. Note the jumps where
this trace changes to another diagonal of the array. These jumps correspond
to position where one sequence has more (or fewer) letters than the other
one. The figure was produced using the program “‘dotter” [35].

Dot plots are a powerful method of comparing two sequences. They
do not predispose the analysis in any way such that they constitute the
ideal first-pass analysis method. Based on the dot plot the user can decide
whether he deals with a case of global, i.e., beginning-to-end similarity, or
local similarity. “Local similarity” denotes the existence of similar regions
between two sequences that are embedded in the overall sequences which
lack similarity. Sequences may contain regions of self-similarity which are
frequently termed internal repeats. A dot plot comparison of the sequence
itself will reveal internal repeats by displaying several parallel diagonals.

Instead of simply deciding when two windows are similar a quality func-
tion may be defined. In the simplest case, this could be the number of
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Fig. 2
Dot plot comparing two hemoglobin sequences.

matches in the window. For amino acid sequences the physical relatedness
between amino acids may give rise to a quantification of the similarity of
two windows. For example, when a similarity matrix on the amino acids
(like the Dayhoff matrix, see below) is used one might sum up these values
along the window. However, when this similarity matrix contains unequal
values for exact matches this leads to exactly matching windows of different
quality. The dot plot method of Argos [36] is an intricate design that reflects
the physical relatedness of amino acids. The program dotter [37] is an
X-windows based program that allows to display dot plots for DNA, for
proteins, and for comparison of DNA to protein.

23.2
Sequence alignment

A sequence alignment [38] is a scheme of writing one sequence on top of
another where the residues in one position are deemed to have a common
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evolutionary origin. If the same letter occurs in both sequences then this
position has been conserved in evolution (or, coincidentally, mutations from
another ancestral residue has given rise to the same letter twice). If the let-
ters differ it is assumed that the two derive from an ancestral letter, which
could be one of the two or neither. Homologous sequences may have dif-
ferent length, though, which is generally explained through insertions or
deletions in sequences. Thus, a letter or a stretch of letters may be paired up
with dashes in the other sequence to signify such an insertion or deletion.
Since an insertion in one sequence can always be seen as a deletion in the
other one sometimes uses the term ‘indel’, or simply ‘gap’.

In such a simple evolutionarily motivated scheme, an alignment medi-
ates the definition of a distance for two sequences. One generally assigns 0
to a match, some positive number to a mismatch and a larger positive
number to an indel. By adding these values along an alignment one obtains
a score for this alignment. A distance function for two sequences can be
defined by looking for the alignment which yields the minimum score.

Naively, the alignment that realizes the minimal distance between two
sequences could be identified by testing all possible alignments. This
number, however, is prohibitively large but luckily, using dynamic pro-
gramming, the minimization can be effected without explicitly enumerating
all possible alignments of two sequences. To describe this algorithm [39],
denote the two sequences by s =sy,...,s, and t = t, ..., ty. The key to the
dynamic programming algorithm is the realization that for the construction
of an optimal alignment between two stretches of sequence sy,...,s; and
t1,...,t; if suffices to inspect the following three alternatives:

(i) the optimal alignment of s1,...,s;_q with t;,...,t_, extended by the
match between s; and ¢;;

(ii) the optimal alignment of s,...,s;_1 with #,...,t;, extended by
matching s; with a gap character ‘—’;
(ili) the optimal alignment of si,...,s; with t;,...,t_1, extended by

matching a gap character ‘" with ;.

Each of these cases also defines a score for the resulting alignment. This
score is made up of the score of the alignment of the so far unaligned se-
quences that is used plus the cost of extending this alignment. In case: (i)
this cost is determined by whether or not the two letters are identical and in
cases (ii) and (iii) the cost of extension is the penalty assigned to a gap. The
winning alternative will be the one with the best score (Figure 2.3).

To implement this computation one fills in a matrix the axes of which are
annotated with the two sequences s and t. It is helpful to use north, south,
west, and east to denote the sides of the matrix. Let the first sequence ex-
tend from west to east on the north side of the matrix. The second sequence
extends from north to south on the west side of the matrix. We want to fill
the matrix starting in the north-western corner, working our way southward
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Schematic representation of the edit matrix
comparing two sequences. The arrows
indicate how an alignment may end
according to the three cases described in
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row by row, filling each row from west to east. To start one initializes the
northern and western margin of the matrix, typically with gap penalty val-
ues. After this initialization the above rules can be applied. A cell (i, j) that
is already filled contains the score of the optimal alignment of the sequence
s1,...,s; with t1,...,t;. The score of each such cell can be determined by
inspecting the cell immediately north-west of it (case (i)), the cell west (case
(ii)), and the one north (case (iii)) of it and deciding for the best scoring
option. When the procedure reaches the south-eastern corner that last cell
contains the score of the best alignment. The alignment itself can be re-
covered as one backtracks from this cell to the beginning, each time select-
ing the path that had given rise to the best option.

The idea of assigning a score to an alignment and then minimizing or
maximizing over all alignments is at the heart of all biological sequence
alignment. However, many more considerations have influenced the defi-
nition of the scores and made sequence alignment applicable to a wide
range of biological settings. Firstly, note that one may either define a dis-
tance or a similarity function to an alignment. The difference lies in the
interpretation of the values. A distance function will define positive values
for mismatches or gaps and then aim at minimizing this distance. A simi-
larity function will give high values to matches and low values to gaps and
then maximize the resulting score. The basic structure of the algorithm is
the same for both cases. In 1981, Smith and Waterman [40] showed that for
global alignment, i.e., when a score is computed over the entire length of
both sequences, the two concepts are in fact equivalent. Thus, it is now
customary to choose the setting that gives more freedom in appropriately
modeling the biological question that one is interested in.

In the similarity framework one can easily distinguish among the differ-
ent possible mismatches and also among different kinds of matches. For
example, a match between two Tryptophanes is usually seen to be more
important than a match between two Alanines. Likewise, the pairing of two
hydrophobic amino acids like Leucine and Isoleucine is preferable to the
pairing of a hydrophobic with a hydrophilic residue. Scores are used to de-
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scribe these similarities and are ususally represented in the form of a sym-
metric 20 by 20 matrix, assigning a similarity score to each pair of amino
acids. Although easy to understand from the physical characteristics of the
amino acids, the values in such a matrix are usually derived based on an
evolutionary model that allows one to estimate whether particular sub-
stitutions are preferred or avoided. This approach has been pioneered by
M. Dayhoff [41] who computed a series of amino acid similarity matrices.
Each matrix in this series corresponds to a particular evolutionary distance
among sequences. This distance is measured in an arbitrary unit called 1
PAM, for 1 Accepted Point Mutation (in 100 positions). The matrices carry
names like PAM120 or PAM250 and are supposed to be characteristic for
evolutionary distances of 120 or 250 PAM, respectively. Other more recent
series of matrices are the BLOSUM matrices [42] or Gonnet’s [43] matrices.
For every matrix one needs to find appropriate penalties for gaps.

The treatment of gaps deserves special care. The famous algorithm by
Needleman and Wunsch [44] did not impose any restrictions on the penalty
assigned to a gap of a certain length. For reasons of computational speed
this was later specified to assigning a cost function linear in the number of
deleted (inserted) residues [45]. This amounts to penalizing every single
indel. However, since a single indel tends to be penalized such that it is
considerably inferior to a mismatch, this choice resulted in longer gaps be-
ing quite expensive and thus unrealistically rare. As a remedy, one mostly
uses a gap penalty function which charges a gap open penalty for every gap
that is introduced and penalizes the length with a gap extension penalty
which is charged for every inserted or deleted letter in that gap. Clearly, this
results in an affine linear function in the gap length, frequently written as
g(k) = a+ b=k [46].

With the variant of the dynamic programming algorithm first published
by Gotoh [47] it became possible to compute optimal alignments with affine
linear gap penalties in time proportional to the product of the lengths of
the two sequences to be aligned. This afforded a speed-up by one order
of magnitude compared to a naive algorithm using the more general gap
function. A further breakthrough in alignment algorithms development was
provided by an algorithm that could compute an optimal alignment using
computer memory only proportional to the length of one sequence instead
of their product. This algorithm by Myers and Miller [48] is based on work
by Hirschberg [49].

Depending on the biological setting several kinds of alignment are in use.
When sequences are expected to share similarity extending from the be-
ginning of the sequences to their ends they are aligned globally. This means
that each residue of either sequence is part either of a residue pair or a gap.
In particular it implies that gaps at the ends are charged like any other gap.
This, however, is a particularly unrealistic feature of a global alignment.
While sequences may very well share similarity over their entire length (see
the example dot plot of two hemoglobin chains in Figure 2.2), their respec-
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tive N- and C-termini usually are difficult to match up and differences in
length at the ends are more of a rule than an exception. Consequently, one
prefers to leave gaps at the ends of the sequences un-penalized. This variant
is easy to implement in the dynamic programming algorithm. Two mod-
ifications are required. Firstly the initialization of the matrix needs to reflect
the gap cost of 0 in the margin of the matrix. Secondly, upon backtracking,
one does not necessarily start in the corner of the matrix but much rather
searches the margins for the maximum from which to start. Variants of this
algorithm that penalize only particular end-gaps are easy to derive and can
be used, e.g., to fit one sequence into another or to overlap the end of one
sequence with the start of another.

In many cases, however, sequences share only a limited region of simi-
larity. This may be a common domain or simply a short region of recog-
nizable similarity. This case is dealt with by so-called local alignment in an
algorithm due to Smith and Waterman [50]. Local alignment aims at iden-
tifying the best pair of regions, one from each sequence, such that the op-
timal (global) alignment of these two regions is the best possible. This relies
on a scoring scheme that maximizes a similarity score because otherwise
an empty alignment would always yield the smallest distance. Naively, the
algorithm to compute a local alignment would need to inspect every pair of
regions and apply a global alignment algorithm to it. The decisive idea of
Smith and Waterman was to offer the maximization in each cell of the
matrix a fourth alternative: a zero to signify the beginning of a new align-
ment. After filling the dynamic programming matrix according to this
scheme, backtracking starts from the cell in the matrix that contains the
largest value.

Upon comparing a dot plot and a local alignment one might notice re-
gions of similarity visible in the dot plot but missing in the alignment.
While in many cases there exist gap penalty settings that would include all
interesting matching regions in the alignment, generally it requires the
comparison with the dot plot to notice possible misses. This problem is
remedied by an algorithm due to Waterman and Eggert [51] which com-
putes suboptimal, local, and non-overlapping alignments. It starts with the
application of the Smith-Waterman algorithm, i.e., a dynamic programming
matrix is filled and backtracking from the matrix cell with the largest entry
yields the best local alignment. Then the algorithm proceeds to delineate a
second-best local alignment. Note that this cannot be obtained by back-
tracking from the second-best matrix cell. Such an approach would yield an
alignment largely overlapping the first one and thus containing little new
information. Instead, those cells in the dynamic programming matrix are
set to zero from where backtracking would lead into the prior alignment.
This can be seen as “resetting” the dynamic programming matrix after
having deleted the first alignment. Then the second best alignment is
identified by looking for the maximal cell in the new matrix and starting
backtracking from there. Iteration of this procedure yields one alternative,
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non-overlapping alignment after the other in order of descending quality.
Application of this algorithm avoids possibly missing matching regions be-
cause even under strong gap penalties the procedure will eventually show
all matching regions.

There is an interesting interplay between parameters, in particular the
gap penalty, and the algorithmic variant used. Consider a pair of sequences
whose similar regions can in principle be strung together into an alignment
(as opposed to sequences containing repeats which cannot all be seen in a
single alignment). Under a weak gap penalty the Smith—Waterman algo-
rithm has a chance to identify this entire alignment. On the other hand,
not knowing about the similarity between the sequences ahead of time, a
weak gap penalty might also yield all kinds of spurious aligned regions. The
Waterman—Eggert algorithm is a valid alternative. The gap penalty can be
chosen fairly stringently. The first (i.e., the Smith—Waterman) alignment
will then identify only the best matching region out of all the similar re-
gions. By iterating the procedure, though, this algorithm will successively
identify the other similar regions as well. For a detailed discussion of these
issues see Vingron and Waterman [52].

24
Database searching I: single sequence heuristic algorithms

This section takes a first look at the problem of identifying those sequences
in a sequence database that are similar to a given sequence. This task arises,
e.g., when a gene has been newly sequenced and one wants to determine
whether a related sequence already exists in a database. Generally, two set-
tings can be distinguished. The starting point for the search may either be
a single sequence with the goal of identifying its relatives, or a family of
sequences with the goal of identifying further members of that family.
Searching a data base needs to be fast and sensitive but the two objectives
contradict each other. Fast methods have been developed primarily for
searching with a single sequence and this shall be the topic of this section.
When searching a database with a newly determined DNA or amino acid
sequence — the so-called query sequence — the user will typically lack
knowledge of whether an expected similarity might span the entire query or
just part of it. Likewise, he will be ignorant of whether the match will extend
along the full length of some database sequence or only part of it. There-
fore, one needs to look for a local alignment between the query and any
sequence in the database. This immediately suggests the application of the
Smith—Waterman algorithm to each database sequence. One should take
care, though, to apply a fairly stringent gap penalty such that the algorithm
focuses on the regions that really match. After sorting the resulting scores
the top scoring database sequences are the candidates one is interested in.
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Several implementations of this procedure are available, most prom-
inently the SSEARCH program from the FASTA package [53]. There exist
implementations of the Smith—Waterman algorithm that are tuned for
speed like one using special processor instructions [54] and, among others,
one by Barton [55]. Depending on implementation, computer, and database
size, a search with such a program will take on the order of one minute.

The motivation behind the development of other database search pro-
grams has been to emulate the Smith—Waterman algorithm’s ability to dis-
cern related sequences while at the same time performing the job in much
less time. To this end, one usually makes the assumption that any good
alignment as one wishes to identify contains, in particular, some stretch of
ungapped similarity. Furthermore, this stretch will tend to contain a certain
number of identically matching residues and not only conservative replace-
ments. Based on these assumptions most heuristic programs rely on iden-
tifying a well-matching core and then extending it or combining several of
these. With hindsight, the different developments in this area can further be
classified according to a traditional distinction in computer science accord-
ing to which one either preprocesses the query or the text (i.e., the data-
base). Preprocessing means that the string is represented in different form
that allows for faster answer to particular questions, e.g., whether it contains
a certain subword.

The FASTA program (part of a package [56] that usually goes by the same
name) sets a size k for k-tuple subwords. The program then looks for diag-
onals in the comparison matrix between query and search sequence along
which many k-tuples match. This can be done very quickly based on a pre-
processed list of k-tuples contained in the query sequence. The set of k-
tuples can be identified with an array whose length corresponds to the
number of possible tuples of size k. This array is linked to the indices where
the particular k-tuples occur in the query sequence. Note that a matching k-
tuple at index i in the query and at index j in the database sequence can be
attributed to a diagonal by subtracting the one index from the other. There-
fore, when inspecting a new sequence for similarity, one walks along this
sequence inspecting each k-tuple. For each of them one looks up the indices
where it occurs in the query, computes the index-difference to identify the
diagonal and increases a counter for this diagonal. After inspecting the
search sequence in this way a diagonal with a high count is likely to contain
a well-matching region. In terms of the execution time, this procedure is
only linear in the length of the database sequence and can easily be iterated
for a whole database. Of course this rough outline needs to be adapted
to focus on regions where the match density is high and link nearby, good
diagonals into alighments.

The other widely used program to search a database is called BLAST [57,
58]. BLAST follows a similar scheme in that it relies on a core similarity,
although with less emphasis on the occurrence of exact matches. This pro-
gram also aims at identifying core similarities for later extension. The core
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similarity is defined by a window with a certain match density on DNA or
with an amino acid similarity score above some threshold for proteins. In-
dependent of the exact definition of the core similarity, BLAST rests on the
precomputation of all strings which are in the given sense similar to any
position in the query. The resulting list may be on the order of thousand or
more words long, each of which if detected in a database gives rise to a core
similarity. In Blast nomenclature this set of strings is called the neighbor-
hood of the query. The code to generate this neighborhood is in fact ex-
ceedingly fast.

Given the neighborhood, a finite automaton is used to detect occurrences
in the database of any string from the neighborhood. This automaton is a
program, constructed on the fly and specifically for the particular word
neighborhood that has been computed for a query. Upon reading through a
database of sequences, the automaton is given an additional letter at a time
and decides whether the string that ends in this letter is part of the neigh-
borhood. If so, BLAST attempts to extend the similarity around the neigh-
borhood and if this is successful reports a match.

Like FASTA, BLAST has also been adapted to connect good diagonals and
report local alignments with gaps. BLAST converts the database file into its
own format to allow for faster reading. This makes it somewhat unwieldy to
use in a local installation unless someone takes care of the installation.
FASTA, on the other hand, is slower but easier to use. There exist excellent
web servers that offer these programs, in particular at the National Center
for Biotechnology Information (NCBI [59]) and at the European Bio-
informatics Institute (EBI [60]) where BLAST or FASTA can be used on up-
to-date DNA and protein databases.

According to the above mentioned distinction among search methods
into those that preprocess the pattern and those that preprocess the text,
there also is the option of transforming a DNA or amino acid database such
that it becomes easier to search. This route was taken, e.g., by a group from
IBM developing the FLASH [61] program. They devised an intricate though
supposedly very space consuming technique of transforming the database
into an index for storing the offsets of gapped k-tuples. The work of Heu-
mann and Mewes [62] has focused on further developing the well known
data structure of a suffix tree. A suffix tree allows for quick lookup of where
subwords of arbitrary length occur in a database. The problem with a suffix
tree is that its size is several times the magnitude of the original data which
for a sequence database means that it is unlikely to fit into main memory.
Heumann and Mewes developed a data structure that allows for efficient
mapping to disk such that the size problems can be circumvented. Likewise,
the QUASAR program by Burkhard et al. [63] preprocesses the database
into a so-called suffix array, similar to a suffix tree yet simple to keep on
disk.

Progress in computational speed using either specially designed or mas-
sively parallel hardware has led to the availability of extremely fast versions
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of the Smith—Waterman algorithm. The EBI, among other institutions,
offers a service where this algorithm is executed on a massively parallel
computer resulting in search times of a few seconds. Companies like
Compugen [64] or Paracel [65] have developed special hardware to do this
job.

With the availability of expressed sequence tags (ESTs) it has become very
important to match DNA sequence with protein sequence in such a way
that a possible translation can be maintained throughout the alignment.
Both the FASTA and the BLAST package contain programs for this and re-
lated tasks. When coding DNA is compared to proteins, gaps are inserted in
such a way as to maintain a reading frame. Likewise, a protein sequence can
be searched versus a DNA sequence database. The search of DNA vs. DNA
with an emphasis on matching regions that allow for a contiguous transla-
tion is not so well supported. Although a dynamic programming algorithm
for this task is feasible the existing implementation in BLAST compares all
reading frames.

2.5
Alignment and search statistics

Alignment score is the product of an optimization, mostly a maximization
procedure. As such it tends to be a large number sometimes suggesting bi-
ological relatedness where there is none. In pairwise comparisons the user
still has a chance to study an alignment by eye in order to judge its validity
but upon searching an entire database automatic methods are necessary to
attribute a statistical significance to an alignment score.

In the early days of sequence alignment, the statistical significance of the
score of a given pairwise alignment was assessed using the following pro-
cedure. The letters of the sequences are permuted randomly and a new
alignment score is calculated. This is repeated roughly 100 times and mean
and standard deviation of this sample are calculated. The significance of the
given alignment score is reported in ‘number of standard deviations above
the mean’, also called the Z-score. Studying large numbers of random
alignments is in principle correct. However, the significance of the align-
ment should then be reported as the fraction of random alignments that
score better than the given alignment. The procedure described assumes
that these scores were normally distributed. Since the random variable under
study — the score of an optimal alignment — is the maximum over a large
number of values this is not a reasonable assumption. In fact, when trying
to fit a normal distribution to the data the lack of fit quickly becomes obvi-
ous. The second argument against this way of calculating significance is a
pragmatic one. The procedure needs to be repeated for every alignment
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under study because the effect of the sequence length cannot be accounted
for.

Based on the work of several researchers [66, 67] it has meanwhile be-
come apparent that alignment score as well as scores from database
searches obey a so-called extreme value distribution. This is not surprising
given that extreme value distributions typically describe random variables
which are the result of a maximization. In sequence alignment, there are
analytical results confirming the asymptotic convergence to an extreme val-
ue distribution for the case of local alignment without gaps, i.e., the score of
the best-matching contiguous diagonal in a comparison [68]. This is also a
valid approximation to the type of matching effected in the database search
program BLAST. Thus this approach has become widely used and in fact
has contributed significantly to the popularity of database search programs
because significance measures have made the results of the search much
easier to interpret.

The statistical significance of an event like observing a sequence align-
ment of a certain quality is the probability to observe a better value as a re-
sult of chance alone. Thus one needs to model chance alignments, which is
precisely what the statistician means by deriving the distribution of a ran-
dom variable. The probability that a chance result would exceed an actually
obtained threshold S is 1 minus the value of the cumulative distribution
function evaluated at that threshold. (If S is the score of a given sequence
segment this probability is the famed P-value of the segment. It is to be
contrasted with the E-value which gives the expected number of segments
in the sequence that exceed the score. For interesting outcomes both of
these values are very small and almost identical.) In sequence alignment,
the respective cumulative distribution function is generally expressed as
[69]:

exp(mnKe*S).

Here, m and n are the lengths of the sequences compared and K and 1
are parameters which need to be computed (where possible) or derived by
simulation. K and 1 depend on the scoring matrix used (e.g., the PAM120
matrix) and the distribution of residues. Hence, for any scoring system
these parameters are computed beforehand and the statistical significance
of an alignment score S is then computed by evaluating the formula with
the length of the two sequences compared.

The most prominent case where the parameters K and /4 can be defined
analytically is local alignment without gaps. Algorithmically this amounts to
computing a Smith—Waterman alignment under very high gap penalties
such that the resulting alignment will simply not contain any gaps. Since
this notion of alignment also guides the heuristic used by the BLAST data-
base search program the resulting statistical estimates are primarily used in
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database searching. In this application, one of the lengths is the length of
the input sequence and the other length is on the order of the length of the
concatenated sequences from the database that is being searched.

When gaps are allowed the situation is more complex because an ap-
proximation of the distribution function of alignment score by an extreme
value distribution as above is not always valid. Generally speaking, it is
allowed only for sufficiently strong gap penalties where alignments remain
compact as opposed to spanning the entire sequences. Under sufficiently
strong gap penalties, though, it has been demonstrated that the approxi-
mation is indeed valid just like for infinite gap penalties [70]. However, it is
not possible any more to compute analytically the values of the parameters
K and /. As a remedy, one applies simulations where many alignments of
randomly generated sequences are computed and the parameters are deter-
mined based on fitting the empirical distribution function with an extreme
value distribution [71]. Like in the case above, this procedure allows to de-
termine parameters beforehand and compute significance by putting the
lengths of the sequences into the formula.

The question remains how to determine whether approximation by an
extreme value distribution is admissible for a certain scoring scheme and
gap penalty setting one is using. This can be tested on randomly generated
(or, simply, unrelated) sequences by computing a global alignment between
sequences under that particular parameter setting. If the result has negative
sign (averaged over many trials or on very long random sequences) then the
approximation is admissible. This is based on a theorem due to Arratia and
Waterman [72] and subsequent simulation results reported by Waterman
and Vingron [73]. In particular, a gap open penalty of 12 with extension
penalty of 2 or 3 for the case of the PAM250 matrix, as well as any stronger
combination allow for approximation by the extreme value distribution.

In database searching the fitting need not be done on randomly generated
sequences. Under the assumption that the large majority of sequences in a
database are not related to the query, the bulk of the scores generated upon
searching can be used for fitting. This approach is taken by W. Pearson in
the FASTA package. It has the advantage that the implicit random model is
more realistic since it is taken directly from the data actually searched.
Along a similar line of thought, Spang and Vingron [74] tested significance
calculations in data base searching by evaluating a large number of search
results. Their study showed that one should not simply use the sum of the
lengths of all the sequences in the database as the length-parameter in
the formula for the extreme value distribution. This would overestimate the
length that actually governs the statistics. Instead, a considerably shorter
effective length can determined for a particular database using simulations.
This effect is probably due to the fact that alignments cannot start in one
sequence and end in the next one which makes the number of feasible
starting points for random alignments smaller than the actual length of the
database.
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2.6
Multiple sequence alignment

For many genes a database search will reveal a whole number of homo-
logous sequences. One then wishes to learn about the evolution and the
sequence conservation in such a group. This question surpasses what can
reasonably be achieved by the sequence comparison methods described in
Section 2.3. Pairwise comparisons do not readily show positions that are
conserved among a whole set of sequences and tend to miss subtle sim-
ilarities that become visible when observed simultaneously among many
sequences. Thus, one wants to simultaneously compare several sequences.

A multiple alignment arranges a set of sequences in a scheme where
positions believed to be homologous are written in a common column. Like
in a pairwise alignment, when a sequence does not possess an amino acid
in a particular position this is denoted by a dash. There also are conventions
similar to the ones for pairwise alignment regarding the scoring of a mul-
tiple alignment. The so-called sum-of-pairs (SOP) [75] score adds the scores
of all the induced pairwise aligments contained in a multiple alignment. For
a linear gap penalty this amounts to scoring each column of the alignment
by the sum of the amino acid pair scores or gap penalties in this column.
Although it would be biologically meaningful, the distinctions between
global, local, and other forms of alignment are rarely made in a multiple
alignment. The reason for this will become apparent below, when we de-
scribe the computational difficulties in computing multiple alignments.

Note that the full set of optimal pairwise alignments among a given set of
sequences will generally overdetermine the multiple alignment. If one
wishes to assemble a multiple alignment from pairwise alignments one has
to avoid “closing loops”, i.e., one can put together pairwise alignments
as long as no new pairwise alignment is included to a sequence which is
already part of the multiple alignment. In particular, pairwise alignments
can be merged when they align one sequence to all others, when a linear
order of the given sequences is maintained, or when the sequence pairs for
which pairwise alignments are given form a tree. While all these schemes
allow for the ready definition of algorithms that output multiply aligned
sequences, they do not include any information stemming from the simul-
taneous analysis of several sequences.

An alternative approach is to generalize the dynamic programming opti-
mization procedure applied for pairwise alignment to the delineation of a
multiple alignment that maximizes, e.g., the SOP score. The algorithm
used [76] is a straight-forward generalization of the global alignment algo-
rithm. This is easy to see, in particular, for the case of the column-oriented
SOP scoring function avoiding affine gap penalty in favor of the simpler
linear one. With this scoring, the arrangement of gaps and letters in a col-
umn can be represented by a Boolean vector indicating which sequences
contain a gap in a particular column. Given the letters that are being com-
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pared, one needs to evaluate the scores for all these arrangements. However
conceptually simple this algorithm may be, its computational complexity is
rather forbidding. For n sequences it is proportional to 2" times the product
of the lengths of all sequences.

In practice this algorithm can be run only for a modest number of se-
quences being compared. There exists software to compare three sequences
with this algorithm that additionally implements a space-saving technique
[77]. For more than three sequences, algorithms have been developed that
aim at reducing the search space while still optimizing the given scoring
function. The most prominent program of this kind is MSA2 [78, 79]. An
alternative approach is used by DCA [80, 81] which implements a divide-
and-conquer philosophy. The search space is repeatedly subdivided by
identifying anchor points through which the alignment is highly likely to
pass.

None of these approaches, however, would work independent of the
number of sequences to be aligned. The most common remedy is reducing
the multiple alignment problem to an iterated application of the pairwise
