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A primer on molecular biology

Alexander Zien

Modern molecular biology provides a rich source of challenging machine learning
problems. This tutorial chapter aimsto provide the necessarybiological background
knowledgerequired to communicate with biologists and to understand and properly
formalize a number of most interesting problemsin this application domain.

The largest part of the chapter (its rst section)is devoted to the cell asthe basic
unit of life. Four aspects of cells are reviewed in sequence(1) the moleculesthat
cellsmake useof (above all, proteins, RNA, and DNA); (2) the spatial organization
of cells (\compartmentalization"); (3) the way cells produce proteins (\protein
expression”);and (4) cellular communication and ewolution (of cellsand organisms).
In the secondsection, an overview is provided of the most frequert measuremen
technologies,data types,and data sources.Finally, important open problemsin the
analysis of thesedata (bioinformatics challenges)are briey outlined.

1.1 The Cell

Life

The basicunit of all (biological) life is the cell. A cell is basically a watery solution
of certain molecules,surrounded by a lipid (fat) membrane. Typical sizesof cells
rangefrom 1 m (bacteria) to 100 m (plant cells). The most important properties
of a living cell (and, in fact, of life itself) are the following:

® |t consistsof a set of moleculesthat is separatedfrom the exterior (as a human
being is separatedfrom his or her surroundings).

= |t hasa metabolism, that is, it cantake up nutrients and corvert them into other
moleculesand usable energy The cell usesnutrients to renew its constituents, to
grow, and to drive its actions (just like a human does).

= |t is able to (approximately) replicate, that is, produce o spring that resenble
itself.

® |t canreact to its ervironment in a way that tends to prolong its own existence
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and the existenceof a (preferably high) number of o spring.

Viruses, which are simpler than cells, also satisfy somede nitions that characterize
life: they can, for example, reproduce. But becausethey depend so strongly on the
help of host cells and they do not have their own metabolism, viruses are usually
not consideredto be alive.

Two typesof living organismscan be distinguished: prokarya (further subdivided
into eulacteria and archae), which are always single cells, and eukarya (which
include all animals, plants, and fungi). Eukaryotic cells are more complex than
prokarya in that their interior is more organized:the eukaryote is divided into so-
called compartments. For instance, the nucleus contains hereditary information,
and a number of mitochondria serve to supply the cell with certain energy-rich
molecules.

The incredibly complex machinery of cells cannot be decerily described in this
short chapter. An excellert and detailed overview can be found in the textb ook by
Alberts et al. (2002), or, in a shortenedversion, in Alberts et al. (1998). Here, we
try to provide somerough impressionsof the absolute basics.

1.1.1 Imp ortan t Molecules of the Cell

Cells are de ned by the moleculesthey are composedof. Especially important for
the integrity of cells are three kinds of macromoleculeswhich are now intro duced.
These moleculesare polymers which meansthat they are composed of a large
number of covalently 1 linked monomers small molecular building blocks. The set
of di erent monomersand the way they are linked determine the type of polymer.

DNA  The major part of the heritable information of a cell is stored in the form of
DNA molecules.They are calledthe cell'sgenome DNA (deoxyribonucleic acid) is a
chain moleculethat is composedof linearly link ed nucleotides.Nucleotides are small
chemical compounds. There are essetially four di erent nucleotidesthat occur in
cellular DNA, which are usually called A (adenine), C (cytosine), G (guanine), and
T (thymine).2 The chain of nucleotides has a direction, becauseits two ends are
chemically di erent. Consequetly, eadh DNA molecule can be described by a text
over a four-letter alphabet. Chemists denote its beginning as the 5%end and its
end as the 3%end. The two directions are denoted by upstream, for \to wards" the
beginning, and downstream, for \to wards" the end. Molecular chains of only a few
nucleotidesare called oligonucleotides.

1. Among the dierent typesof bonds that are possible between atoms, covalent bonds
are the strongest. Molecules are de ned asthe smallest covalently connected setsof atoms;
they are often represernted by graphs of covalent connections.

2. The restriction to four nucleotides is a simpli cation that is su cien t for most bioin-
formatics analysis. In reality, in genomic DNA cytosines may be methylated. This modi-
cation can be biologically signicant, but it is usually not revealedin the available data.
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DNA is a good carrier of information that is supposedto be retained for a long
time (in fact, usually for the lifetime of a cell, which can be years). DNA can form
very stable structures due to the following properties. The nucleotidesA and T can
bind to ead other by forming two hydrogen bonds; therefore, A and T are said
to be complementary. G and C are also complemerary: they form three hydrogen
bonds. Importantly, the ability to bind in this way holds for chains of nucleotides,
that is, for DNA molecules.The complementof a DNA sequenceis the sequence
of the complemerns of its bases,but read in the reverse direction; complemeris
are often called complementary DNA (cDNA) . Complemertary strands can bind
to ead other tightly by forming a double helix structure, which enablesall the
hydrogen bonds between the pairs of complemenary bases.The binding of two
complemeriary DNA moleculesis often referred to as hybridization.

In cells, the genomicDNA is indeed present in the form of a double helix of two
complemerary strands, asillustrated in gure 1.1. Apart from the increasedsta-
bilit y, this provides redundancy, which servesthe cell in two ways. First, erroneous
changesfrom one nucleotide to another, termed point mutations, can thereby be
detected and corrected. Second,there is a natural way to duplicate the genome,
which is necessarywhen the cell divides to producetwo daughter cells. The double
helix is separatedinto two single strands of DNA, ead of which then senesas a
template for synthesizing its complemen. Sincethe complemen of a complemen
of a DNA sequenceis again the primary sequencethe above procedureresults in
two faithful copiesof the original double-stranded DNA.

The size of genomescan be enormous;for instance, the human genomeconsists
of more than 3 billion nucleotides.Although the human genomeis separatedinto 23
separateDNA molecules.ead part still hasan averagelength of about 5cm|ab out
5000times longerthan the diameter of a human cell! Consequetly, the DNA in cells
is kept in a highly padkagedform. In regular intervals, assenblies of proteins (called
histoneg bind to the DNA. The DNA double helix winds about oneand a half times
around ead histone complexto form a nucleosome the nucleosomesesenble beads
on a string (of DNA). The nucleosomeghemselwesare usually packed on top of one
another to form a more compact brous form called chromatin. An even higher level
of padcking is achieved by intro ducing loopsinto the chromatin b er. The resulting
structures, one for each genomicDNA molecule,are known as chromosomes They
do not ow around freely in the nucleus,but are anchored to nuclear structures at
sites called matrix attachment regions (MARS) .

In many organisms,two or more versionsof the genomemay be presen in a cell.
This is called a diploid or polyploid genome.In contrast, a single setof chromosomes
is saidto be haploid In sexualorganisms,most cellscontain a diploid genome where
one version is inherited from ead parent. The germ cells giving rise to o spring
contain a haploid genome:for each chromosome,they randomly cortain either the
maternal or the paternal version (or a mixture thereof).

RNA  RNA (ribonucleic acid) is very similar to DNA: again, it consistsof nu-
cleotideslinked in a chain. In contrast to DNA, the nucleotide U (for uracil) is used
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Figure 1.1 The double helix structure of genomicDNA. The samepieceof DNA
is visualized (using the program RasMol ) in three dierent ways of increasing
abstraction. Left, space Il: eat atom is shovn as a ball. Middle, covalent bonds
betweenheavy atoms are shown as sticks. Right, eact strand of the double helix is
shown asa ribbon. (DNA part of PDB entry 1hcq.)

instead of T, and the chemical details of the nucleotidesdi er slightly. Due to these
di erence RNA moleculesare usually single-stranded, which allows them to form
a variety of structures in three-dimensional (3D) spacethat can perform complex
tasks (such RNAs are called ribozymes.

The importance of the genomeis that it typically contains many genes.Although
there is still debate about the exact de nition, a gene can be thought of as a
substring of the genomethat is responsible for the production of one or a couple of
typesof RNA molecules.In the processof geneexpression the RNA is synthesized
to be complemenary to a part of the DNA template. As a result, eadh genecan
cortrol one or more properties of the organism, although often quite indirectly, as
will becomeapparernt below.

Note that genesalso include parts of DNA that are not copiedinto RNA. Most
important, eadh gene cortains a sequencecalled a promoter, which speci es the
conditions under which RNA copies of certain parts of the gene are produced.
Although ribozymesare responsible for a few very important tasks in cells, the
purpose of the vast majority of genesin a cell is to encade building instructions
for proteins (certain macromoleculesseethe next paragraph). The RNA molecules
involved in this processare called messengerRNAs, or mRNAs. In gure 1.2, the
ow of information from the DNA to the proteins is illustrated.
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Figure 1.2 Flow of geneticinformation.

Proteins  Proteins are polymers composedof amino acids. Cells use 20 di erent
types of amino acids for protein synthesis. Common to ead amino acid are two
chemical groups (an amino [N] group and a carboxyl [C] group) which form peptide
bonds (a special kind of covalernt bond) to link two amino acids. Since a water
molecule is split o during the formation of such a bond, a protein is actually
composedof amino acid residues(often, just residue3. Proteins are also sometimes
called polypeptides (most commonly in contexts where their 3D structures are not
important); moleculesconsisting of only a few amino acids are called oligopeptides
or simply peptides Due to their chemistry, the beginning and the end of a protein
are called its N-terminus and its C-terminus, respectively. The chain of peptide
links forms the backlone of a protein. Importantly, eady amino acid also has a third
group, the side chain. The side chains of the 20 natural amino acids show very
di erent chemical properties.

Each polypeptide folds into an elaborate spatial structure, called its tertiary
structure or, sloppily, its fold. Figure 1.3 should convey an impression of the
typical complexity of a fold by shawing this structure for an arbitrary protein
(in two common graphical represenations). The tertiary structure dependson the
particular sequenceof amino acids (which is also sometimes called the primary
structure and can be represeried by a text over a 20-letter alphabet). The 3D
structure of natural proteins3 is usually assumedto be uniquely determined by the
sequencégivencellular conditions such asacidity, the concerirations of ions, etc.).4
However, sometimesthe cell must help to achieve this uniqueness.In these cases,
other proteins, named chaperones guide the folding process.

Among the structural motifs, i.e., spatial structures of subpeptides occurring
in proteins, two are of exceptional importance: the helix and the strand. In
an helix, consecutive amino acids assumethe shape of a spiral with 3.6 amino
acids per turn. This motif is especially stable due to a regular pattern of weak
bonds between any amino acid and the fourth next amino acid. In a  strand,
the badkbone is extended and can gain stability from neighboring  strands. The
resulting structure, a -sheet, again shows a regular pattern of weak bonds, this
time betweenthe strands. Togetherwith the coils, which subsumethe remainder of
the protein, helicesand strands are the elemers of secondary structure. This

3. That is, proteins that occur in some natural life form.

4. Somestudies suggestthat the majority of possible sequencesdo not fold into a unique
structure. However, nature appearsto prefer sequenceghat do so;presumably, well-de ned
structures can contribute more to the cell's survival.
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Figure 1.3 Two visual represenations of the sameprotein. Left, full atom view.
Right, the more useful cartoon view. (From PDB entry 1A6A drawn by RasMol .)

is often exploited in schematic represenations of proteins, as illustrated in gure
1.4. The secondarystructure already determinesin large part the complete protein
fold, the tertiary structure.

A domain is a subunit of a protein which canfold separatelyinto its native struc-
ture. Especially in higher organisms(multicellular eukaryotes), many multidomain
proteins have ewolved, supposedly becauserecombining domainsis an e cien t way
of creating new proteins that perform useful functions.

The structure of the badkbone of a folded protein determinesits overall shape,
and also which amino acids are exposed on the surface. Due to the diversity of
the side chains, this allows for the generation of a huge variety of patterns of
physicochemical properties on protein surfaces.The surface properties determine
which other moleculesthe protein can bind to. The (cellular) function of a protein
can most immediately be de ned by its set of binding partners and the chemical
reactions induced by the binding. For example, many proteins that bind small
moleculeshave cavities, called binding pockets into which the ligand (the specic
small molecule) ts like a key into a lock. Frequertly, the function of a protein
requiresit to bind to two or more other molecules.This is often achieved through
a separatedomain for ead binding partner.

The functions of proteins in cells are as diverse as the tasks that cells have to
perform. Functional categoriesinclude (but are not limited to) the following:

= Metalolism. Proteins called enzymesbind small moleculescalled metalolites to
catalyze reactions yielding other small molecules.In this way, nucleotidesfor DNA
and RNA, amino acidsfor proteins, lipids for membranes,and many other essetial
compounds are produced. Cells may be viewed as tiny but highly complex and



2004/03/01

15:03

1.1 The Cell

Figure 1.4 Secondarystructure elemens. Left, an helix. Right, a sheetwith two
strands. Top, stick model of the covalent bonds betweenheavy atoms; the backbone
is emphasizedby the thicker sticks. Bottom, cartoon view. (From PDB entry 1A6A
visualized with RasMol .)

competent chemical factories.

= Energy. This can be seenas a special caseof metabolism, becausecells produce
a few typesof small moleculesas energy carriers.

= Transcription, protein synthesis, and protein processing. The huge machinery
required to produce proper proteins from DNA is, to a great extent, run by proteins
(although rib ozymesplay a crucial role, to0).

= Transprt and motor proteins. Cells can be more e cien t due to a nonrandom
spatial distribution of molecules. In particular, compartmentalized cells contain
elaborate transport mechanismsto achieve and maintain appropriate local concen-
trations. Molecular motion can even becomevisible on a macroscopicscale:muscle
contractions are driven by the motion of myosin proteins on actin laments (longish
intracellular structures built from actin proteins).

= Communication (intr a- or intercellular). Communication is most important for
multicellular organisms. While signaling moleculesare usually much smaller than
proteins, they are received and recognizedby proteins. The processingof signals
allows computations to be performed; this may be most obvious for the human
brain (involving 10 cells), but also underlies the directed motion of unicellular
organisms.

= Cell cycle. Most cells (be they alone or part of a multicellular organism) recur-
rently divide into two daughter cellsto reproduce. This complex processis orches-
trated and carried out by proteins.

A complete list of protein functions is far beyond the scope of this chapter. In
summary, proteins are major building blocks of the cell and, above all, the machines
that keepcellsrunning.
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Macromolecules ~ We have now met the three most important types of macro-
moleculesin the cell (DNA, RNA, and protein) and their relation (the genetic ow
of information). A fourth type of macromoleculewhich also occurs in cells shall
only briey be mertioned here: the polysacdaride. Polysacharides are polymers
composedof covalertly linked monosacharides (sugars, such as glucose,fructose,
galactose).In cortrast to the macromoleculesdiscussedearlier, their bonding pat-
tern is not necessarilylinear, but often rather treelike. Examples illustrating the
relevanceof polysacdaridesare starch, which is the principal food reserne of plants;
glycogen,the counterpart of starch in animals; cellulose,a major constituent of the
cell walls of plants; and chitin, which makesup most of the exosleleton of insects.

In table 1.1, all four typesof macromoleculesand their most important properties
and functions are summarized.Table 1.2 shows their contributions to the total mass
of a cell, also in comparisonto smaller types of moleculesto be described below;
not surprisingly, proteins dominate.

Proteins, RNA, and DNA can be parts of even more intricate assembliesor,
synonymously, complexes For example, as described above, histone proteins are
usedto pack DNA into chromatin. The ribosome which performs the translation
of mMRNAs to proteins, is a huge assenbly of seweral proteins and rib osomal RNA
(rRNA). The individual moleculesin an assenbly (which are not connected by
covalent bonds) are referred to as subunits Just to make things more confusing,
(stable) complexesof proteins (in the senseof individual translation products, as
introduced above) are sometimesalso called proteins; the subunits are then also
called (protein) chains.

Mem brane  Membrane is another huge assenbly of smaller units. It mainly con-
sists of a bilayer of lipids (of sewral di erent types). A membrane is not a macro-
molecule,becausethe lipids are not covalertly connected(i.e., they remain separate
molecules).Instead, the lipids stick together becausethey are largely hydrophobig
which meansthat they repel water. By forming a bilayer, all hydrophobic parts
contact other hydrophobic surfaces(of other lipid molecules).Only the hydrophilic
(water-loving) headsof the longish lipids face the water.

The hydrophobicity of the membrane interior prevents water and molecules
dissolved in water (which are hydrophilic) from penetrating the membrane. Thus,
a membrane is usedto separatethe cell from its exterior: no large or hydrophilic
compounds can passit directly. In eukaryotes, membranes also serwe to enclose
compartments (which are subspacesf the cell with distinct chemical properties).
To admit the controlled exchange of moleculesand also of information, membranes
alsocortain many proteins (often in the senseof protein complexes)that stick out on
both sides.The surfaceof such membiane-proteins typically featuresa hydrophobic
ring whereit is embeddedinto the membrane.

Metab olites Of course,small moleculesare vital for cells,too. Here we give just
a few selectedexamples:
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Macro- DNA RNA
molecule
Building nucleotides nucleotides
blo cks (A,C,G,T) (A,C,G,U)
T ypical 1000sto 10°s 100sto 1000s
length
Structure double helix, tightly packedand or- | complex 3D structure, with struc-
ganized in sewral levels tural motifs (secondary structure)
Function storage of (most of) the hereditary | ® messengerRNA (mMRNA) : serves
information of an organism: the | asthe blueprint for protein produc-
genome, which contains the genes| tion
as subsequences ® fransfer RNA (tRNA) : connects
codonsto amino acids (implement-
ing the genetic code); used by the
rib osome
= ribosomal RNA (rRNA) : forms
part of the rib osome(amounting to
90% of the total RNA)
Lo cation nucleus, mitochondria, chloro- | nucleus, cytosol, mitochondria,
plasts chloroplasts
Macro- Protein Polysacc harides
molecule
Building amino acids monosacharides
blo cks (20 dierent types) (sewveral types)
T ypical 10sto 1000s up to 10° (e.g., starch)
length
Structure complex and versatile, with struc- | often not linearly bonded but tree-
tural motifs (secondary structure, | like
domains, etc.)
Function Extremely diverse.For example, ® modi cation of proteins and
= enzymes catalyze reactions of | their properties
other molecules; = storage of energy (e.g., in starch)
® structural proteins build and sta- | ® structural stability (e.g., in
bilize the structure of the cell; chitin)
® receptors, kinases and other pro- | = storage of water (e.g., in extra-
teins receive, transport, and pro- | cellular matrix in cartilage)
cesssignals from the exterior;
= transcription factors (TF) regu-
late the production of all proteins.
Lo cation everywhere in- and outside cell; | everywhere in- and outside cell; of-
dissolved in water or embedded in | ten bound to proteins
a membrane
Table 1.1 Important macromoleculesof the cell. They are composed of small

molecules,covalertly connectedto form linear chains.
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Molecule Cell Mass in
type Bacteria Mammals
H.O (water) 70% 70%
DNA 1% 0.25%
RNA 6% 1%
proteins 15% 18%
lipids (fat) 2% 5%
polysacdarides (sugar) 2% 2%
metabolites and inorganic ions 4% 4%

Table 1.2 Approximate fractions of dierent classesof molecules of the total
weight of a typical cell.

= Adenosinetriphosphate (ATP) and NADPH (both derived from the nucleotide
A) sene as ubiquitous ready-to-usesourcesof energy

= Monosactarides (sugars) and lipids (fats) can be corverted into ATP, and
therefore serve as a long-term sourceof energy Sactarides are also often attached
to proteins to modify their properties.

= Signaling molecules corvey information by docking to their respective receptor
proteins and triggering their action. For example, steroids (which include many sex
hormones)can di use into a cell's nucleusand induce the activation of somegenes.

Small moleculesare more generally called compounds
1.1.2 Compartmen talization of the Eukaryotic Cell

As merntioned earlier, eukaryotic cells cortain many compartments, which are
also called organeles. They are subspacesthat are enclosedby single or double
membranes. Figure 1.5 provides an overview of the major compartmerts in the
cell, and table 1.3 summarizessomeof their properties.

In eadh compartment, a cell maintains dierent concerrations of relevant
molecules.This way, the compartmentalization allows the cell to perform diverse
tasks and chemical reactions that require di erent environments (e.g., a certain
acidity) e cien tly. As an example, the bulk of a cell's hereditary information is
stored as DNA molecules(condensedinto chromatin) in the nucleus, where the
transcription machinery (which producesmRNA copiesfrom genes)can more eas-
ily nd it than if the DNA were allowed to reside anywhere in the cell.

Since eath type of compartment is devoted to dierent tasks in the cell, each
requiresa distinct setof proteins to perform the subtasks.In order to save resources,
proteins are speci cally deliveredto the organellesthat require them. Consequetly,
many proteins contain signalsthat specify their destination. Thesesignalscan either
be entire peptides (e.g., hydrophobic stretchesfor transfer into the endoplasmatic
reticulum [ER]) or characteristic surface patches of the folded protein. There are
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Compartmen t Function(s) Mem brane

Cytosol protein synthesis, general metabolism, etc. single

Nucleus = storage of main genome (DNA molecules) double
= RNA synthesis
= rib osomesynthesis (in the nucleolus)

Endoplasmatic ® synthesis of most lipids (membrane) single

reticulum (ER) ® synthesis of proteins for single-menbrane or-

(inner  space of ganelles(rough ER)

nuclear membrane, ost-translational processingof those proteins

extending through- P P g P

out the cell)

Golgi apparatus ® post-translational processingof proteins single
= distribution of proteins and lipids to single-
membrane organelles

Vesicles transport of proteins and membrane betweensingle- single

(mobile bubbles) membrane organellesand to/from cell exterior

Endosomes = contain material taken up from the exterior; or single

= secretecontents (mainly proteins) to cell exterior

Lysosomes/vacuoles digest of molecules,organelles,etc. / store wasteand single

(plants, fungi) nutrients, control cell size

Peroxisomes carry out oxidativ e (dangerous) reactions single
Cell exterior / ex- ™ extracellular matrix connects cells, stabilizes the single
tracellular matrix organism, contains nutrients, etc.

= in polarized cells (e.g., nerve cells), the exterior is
divided into basolateral and apical parts

Mito chondria generate ATP by oxidizing nutrients double
Chloroplasts generate energy-rich moleculesfrom sunlight double
(in plants)

Table 1.3 Important compartments of the eukaryotic cell. Chloroplasts (which
occur in plants, but not in animals) and mitochondria contain their own (small)
genomesand produce a part of the proteins they require themseles; they have
probably ewolved from enclosedprokaryotic cells.
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Figure 1.5 Compartments in a eukaryotic cell. All lines represert membranes.
The interior of all compartments is shadedin gray; the cytosol is white. Inspired
by a gure in Alberts et al. (1998) and crafted by Karin Bierig.

also default destinations when signals are absen: proteins showing no signal at all
stay in the cytosol. The sulzellular localization is obviously closely related to the
function of the protein.

It should be noted that cellsarein generalnot spatially symmetric. For example,
the surface of many cells in multicellular organismsis divided into two domains:
the apical and the basolateral. An extreme caseis provided by nerve cells: their
apical part consistsof axons thin extensions(that can be aslong as2 m in the
human) which connecta neuron to other neurons. The exaytotic pathway, which
transports proteins to the cell exterior, can distinguish betweenthe two regions.

1.1.3 Expression of Genes and Proteins

One of the most fundamertal processesn the cell is the production (and disposal)
of proteins. Below, the life cycle of proteins is outlined for eukaryotic cells.

1. Transcription. MessengerRNA (mRNA) copiesof a geneare produced. The
products, called pre-mRNAs (since they are not yet spliced; see step 2), are
complemenary to the DNA sequence.

(a) Initiation: Certain proteins, called transcription factors (TFs), bind to TF
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binding sitesin the genepromoters in the DNA.

(b) Elongation: The mRNA copy of the geneis synthesized by a special
protein (RNA polymerasell). It movesalongthe DNA and thereby sequettially
extends the pre-mRNA by linking a nucleotide complemenary to that found
in the DNA.

(c) Termination: A signalin the DNA causesthe transcription to end and the
MRNA to be released.

2. Splicing. Parts of the pre-mRNA, which are called intr ons, are removed. The
remaining parts, called exons are reconnectedto form the mature mRNA. The
splicedmMRNAs travel from the nucleus(through huge, selective poresin its double
membrane) into the cytosol. To increasethe chemical stability of the mRNA, a
chemical cap is formed at the 5%end and a poly(A) sequence(built from many A
nucleotides) is appendedto the 3%end.

3. Translation. In the cytosol, rib osomesawait the mRNAs. Ribosomessynthesize
proteins asspeci ed by codons|triplets of consecutive nucleotides|in the mMRNA.

(a) Initiation: The ribosome nds a start codon (usually, the rst AUG subse-
quencethat has favorable neighboring nucleotides)in the mRNA.

(b) Elongation: One by one, the rib osomeattachesamino acidsto the growing
polypeptide (protein) chain. In ead step, the rib osometranslates the current
codon into an amino acid according to the genetic code. The ribosomethen
movesto the next codon in the samereading frame, that is, to the next adjacert
nonoverlapping codon.

(c) Termination: Translation is stopped by any of three di erent stop codons
encourtered in the current reading frame.

4. (Posttranslational) modi ¢ ation (not for all proteins). The protein may be chem-
ically modi ed, if it contains the relevant signalsand if it residesin a compartment
where these signals are recognized.

(a) Additional chemical groups can be covalently attached to proteins (glyco-
sylation (sugars), phosphorylation, methylation, etc).

(b) Covalert bonds can be formed betweenamino acids.

(c) Proteins can be covalently bound to ead other.

(d) Proteins can be cleaved, that is, cut into parts.

5. Translacation (not for all proteins). Proteins are delivered to the appropriate
compartment, which is speci ed by signalsin the amino acid sequenceThe signal
can either be a typical short segmen of a sequencepor a structural motif on the
surfaceof the protein (which may be composedof amino acidsthat are not neighbors
in the sequence)ln the absenceof signals, the protein stays in the cytosol.

6. Degradation. Almost all proteins are evertually destroyed by digestioninto their
individual amino acids.
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In prokaryotes,the entire processis a bit lesscomplexbecausesplicing is uncommon
and the translocation hasonly three di erent targets (cytosol, membrane, exterior)
due to the lack of compartmerts.

The processof splicing implies complex genestructures composedof alternating
introns and exons; an illustration is given in gure 1.6. Howewer, it allows for
increased exibilit y by a medanism known as alternative splicing: certain proteins
can causecertain exonsto be lengthened, shortened, or even skipped completely.
Thus, the samegenecan give rise to the production of di erent proteins. This is
an important way for cellsto adapt to the circumstances,including their cell type
and extracellular signals. It is estimated that a human geneon averageencadesfor
eight or nine di erent proteins. More detailed information on the processof splicing
and its biological implications can be found in chapter ??, section ??.

promoter «——— transcribed region ————

“intron_ . intron

transcription exon—
factor binding
sites

exon

spliced mRNA MMM

5'UTR CDS 3'UTR
start stop
codon codon

Figure 1.6 Typical genestructure in eukaryotes.At the top of the gure, a section
of a genomeis shown that contains a gene.Important features of the geneare the
promoter containing seweral TF binding sites and the transcribed region, which is
partitioned into exonsand introns. After transcription, the pre-mRNA (hot shown)
is spliced: the introns are cut out; thus, the mature mRNA is the concatenation of
the exons.Only a part of the mRNA encadesa protein (CDS, for coding sequence);
the other parts are called UTRs (untranslated regions). Art work by Karin Bierig.

Steps 1 and 2 of the scheme described above are called gene expression while
steps 1 through 5 are called protein expression The term expression level of a
moleculetype is (a bit imprecisely) usedto refer to either its current abundance
in the cell, or to the rate of synthesis of new molecules. This di erence is often
neglectedfor geneexpression,which may or may not be justied by the fact that
MRNAs are degradedrelatively quickly after having beentranslated seweral times.
However, for proteins the distinction is crucial, becausetheir lifetimes may be very
long and di er vastly.

The cellular concenration of any type of protein can be in uenced by changing
the e ciencies of the above steps. This is called regulation of expression.While
cellsin fact regulate each of the above steps, the main point for the quartitativ e
cortrol of protein expressionis certainly transcription initiation. In addition to
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the general TFs, which are always required for initiation, there are additional TFs
which modify the probability or speed of transcription. They bind to short DNA
motifs, for obvious reasonscalled enhaners and silencers, in the promoter. The
e ects of TF binding sites can extend over huge distancesin the DNA sequence;
therefore insulators (certain DNA signals) may be required to separategenesfrom
ead other and prevent mutual regulatory interference.

The stepsof protein expressionhave a natural temporal ordering, whereead step
operateson the result of the precedingstep. However, there are at least three types
of deviation from a clear, serial manufacturing process:(1) Someof the steps may
occur concurrertly, or can be performed before the precedingstep is nished. For
example,much of the splicing is carried out while the geneis still being transcribed.
Also, the translocation from the cytosol into the ER and somemodi cations take
place during translation. (2) There is no compulsory ordering of translocation and
modi cation. In fact, many proteins aremodi ed in the ER and the Golgi apparatus,
which are intermediate stations on the journey to their destination compartment
(cf. section 1.1.2). (3) Degradation may occur even before the protein is nished
and delivered.

In many cases,the merntioned exceptions relate to the folding of the newly
synthesizedprotein into a 3D structure. A protein can already start to fold while it
is still growing out of the rib osome,and modi cations by other proteins at that time
canhavean impact onthe way it folds. Someproteins areaidedin nding the desired
structure by helper proteins (chaperoneg, which, for instance, unfold incorrectly
folded proteins. In casea protein repeatedly misfolds (i.e., does not assumethe
intended structure despite the help of chaperones),it can also be degraded.

1.1.4 Beyond the Cell

Cell Comm unication  Cells, especially thosein the samemulticellular organism,
can communicate by the exdhange of extracellular signal molecules This way, the
coordinated action of many (in the caseof a grown human, on the order of 10'° or
10'1) cellscanbe achieved. Evento perform no action requiressignaling;in animals,
cellsthat do not geta constart supply of certain signalsfrom their neighbors commit
apoptosis that is, self-destruction. This is a safety provision used to eliminate
malfunctioning cells;if the medanism gets broken itself, uncortrolled proliferation
(cancer) may result.

Depending on the properties of the emitted signal molecules,the signaling can
a ect neighboring cells only (contact-dependeni; it can be locally restricted to a
small cluster of cells (paracrine); or it can rely on distribution through the blood
system (endarine). A special caseis the synaptic signaling, in which the electric
signal transmitted by a neuron causesneurotransmitters to be releasedthat induce
an electric potential in the receiving neuron. As in endocrine signaling, the signal
is carried over large distances(as electrical potential through the long axons of the
neurons).But in contrast to endacrine signaling, the signaling moleculestravel only
a very short distance extracellularly and are transmitted to a very specic set of
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target cells.

Extracellular signalscan take one of two routesinto the cell: through cell surface
receptorsor directly to intracellular receptors. For the latter, the signaling molecules
haveto traversethe cell membrane. This is possiblefor small hydrophobic molecules
like steroid hormones (which include, e.g., the sex hormone testosterone). When
sudch a molecule binds to the corresponding receptor protein, the protein usually
travelsto the nucleus(or it may already have beenthere) and activates or inhibits
the transcription of one or seweral genes.

Signaling moleculesthat cannot permeate the cell membrane are recognizedby
cell surface receptors, to which they bind extracellularly. These receptors reside
in the membrane and also have an intracellular part. The extracellular binding of
the signaling molecule induces an action by the intracellular part, for example, a
change of the 3D structure. In responseto this change, a seriesof downstream
actions begins: cytosolic proteins modify ead other in a chain, until nally aTF is
activated or deactivated or the reaction rate of an enzymeis altered.

Evolution  The complexity of cellsand organismshas evolved over seweral billion
years of interplay of mutation and selection. Here, mutation meansany kind of
modi cation of the heritable information (basically the genome) of reproductive
cells. The totalit y of heritable information giving rise to an organism is called
its genotyge, as opposed to phenotype, which subsumesthe obsenable physical
properties of the organism. Di erences in the genotype sometimes manifest in
di erent phenotypes; otherwise, the corresponding mutations are said to be silent.

Seletion refersto the fact that the phenotypic changesmay lead to di eren tial
reproductive succesqe.g., somemutations are directly lethal); this may correlate
with the organism'sability to survivein its ervironment. Often, however, mutations
have no or a negligible impact on survival and reproduction (even if they are not
silert). Seweral di erent genotypes(and possibly phenotypes) may then coexist in
a population. In this case,their genetic di erences are called polymorphisms

There are several di erent typesof mutations. The simplestis the point mutation
or substitution; here, a single nucleotide in the genomeis changed. In the case
of polymorphisms, they are called single nucleotide polymorphisms (SNPs). Other
typesof mutations include the following:

= |nsertion. A pieceof DNA is inserted into the genomeat a certain position.

= Deletion. A pieceof DNA is cut from the genomeat a certain position.

= |[nversion. A piece of DNA is cut, ipp ed around and then re-inserted, thereby
corverting it into its complemen.

= Translacation. A pieceof DNA is movedto a dierent position.
= Duplication. A copy of a pieceof DNA is inserted into the genome.
The term rearrangementsubsumesinversion and translocation.

While mutations can be detrimental to the aected individual, they can also
in rare casesbe bene cial; or, much more frequertly, just neutral (under the
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actual circumstances). Thereby mutations can increasethe genetic diversity of a
population, that is, the number of presert polymorphisms. In combination with
selection,this allow a speciesto adapt to changing ervironmental conditions and to
survive in the long term. For example, many viruses (such as HIV) have imprecise
replication mecdhanismsto produce a large fraction of mutants among the huge
number of descendats. This way, subpopulations are created that do not match
the patterns that the immune system of their host is looking for.

Many bacteria have ewlved a strategy to achieve more complex mutations:
by horizontal gene transfer, genetic material is not received from parental cells,
but from other cells which may even belong to a di erent species.Transpsong
mobile segmems of DNA that can move around or copy themselwes within the
genome|presumably also serve to generate (certain kinds of) mutations. Sexual
reproduction can be viewed as a sophisticated (and presumably more e cien t)
alternativ e to mutations for the purposeof maintaining genetic diversity. In sexual
species,ead individual owns a diploid genome(consisting of two di erent copies).
During reproduction, the parental genomesare reconbined on the basis of ertire
chromosomesand fragments of chromosomes (\crossing over"). In contrast to
mutations, this almost always leadsto o spring that can survive.

In the courseof evolution, populations of organismsoften separate(e.g., spatially)
and develop over time into distinct species.While the di erences are the result of
accumnulating mutations, the genomesof the descendan speciesstill share signi -
cant similarity. In particular, many encaded proteins remain similar; such proteins
are said to be orthologs If proteins within the samegenomeare similar due to a
common origin (as the result of duplications), they are called paralogs Homolagy
refersto any kind of ewvolutionary relatedness,be it orthologous or paralogous.Ho-
mologousproteins must be distinguished from analagous proteins, which have the
samefunction but have ewolved independertly (convergent evolution).

1.2 Molecular

Biology Measuremen t Data

Modern molecular biology is characterized by the (usually highly automated)
collection of large volumes of data. A large number of existing measuremen
technologiessere to produce data on various aspects of cells and organisms.Table
1.4 provides an overview of the most common data types.

For many molecular biology data types, more than one measuremei technology
exists. Serious analysis must be performed bearing this in mind. For example,
protein structures can be resolved either by NMR (nuclear magnetic resonance)
or by x-ray crystallography. (Both methods are sciencedn themselvesand are hard
to apply, if they work at all for a particular protein.) For someanalyses,the source
of the data can make a di erence: apart from the lower resolution of the NMR
structures, the structures may show systematic di erences in the amino acids on
the protein surface,becausethey are in contact with water for NMR whereasthey
are in contact with a neighboring protein in the crystal used for x-ray di raction.
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Data Type and Details

Represen tation

Sequences

= DNA : genome (hereditary information)

= full-length  mMmRNAs : spliced gene copies

= ESTs (expressedsequencetags): partial mRNAs
= proteins

string over nucleotides fA,C,G, T g
string over rib onucleotides f A,C,G,U g
string over rib onucleotides f A,C,G,Ug
string over amino acids (size 20)

Structures
= metab olites : positions and bonds of atoms
= macromolecules  (proteins, RNAs, DNA)

labeled graph embeddedin 3D space
labeled graph embeddedin 3D space

In teractions

= proteins with metab olites :
zymes binding ligands

= proteins  with DNA : transcription factors, etc.
® proteins with proteins : complexes,etc.

receptors or en-

real vectors (binding energies)

binary (bipartite graph)
binary (graph); Petri-net

Expression / localization data
= gene expression : abundancesof mMRNAs
® protein  expression : abundancesof proteins

= metab olite (small molecule) \expression"
concertrations of metabolites

= protein localization : compartment of presence

real vectors or matrices
real vectors or matrices
real vectors or matrices

categorical

Cell / organism data
= genot yp e: single nucleotide polymorphisms

= phenot yp e: cell type, size, gender, eye color, etc.

m state/clinical data : disease,blood sugar, etc.
® environmen t: nutrients, temperature, etc.

vector of nucleotidesfA,C,G,T g

vector of real and categorical attributes
vector of real and categorical attributes
vector of real and categorical attributes

Population data

= link age disequilibrium : LOD scores real numbers

= pedigrees certain (treelik e) graphs

= phylogenies : \p edigree of species” trees or generalizations of trees
Scientic texts

m texts : articles, abstracts, webpages natural languagetexts (in English)

Table 1.4 Common genomicsdata typesand their represenation for computa-

tional analysis.
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Sequencing

Sequence
databases

The problems becomeworse for gene expressiondata, where the preprocessingis
also crucial, as stressedbelow.

A few data typesare so fundamenal and frequert that we discussthem in the
following sections.

1.2.1 Sequence Data

The classicmolecular biology data type is the sequencgmore precisely the DNA
sequence)The processof \measuring" the sequencef nucleotidesin a pieceof DNA
is called sequencingand is preserly highly automated. Still, it is far from trivial.
First, the sequencingprocessrequires a huge number of identical DNA molecules.
Thesecanbegainedfrom a small sample(or evena singlemolecule)by ampli ¢ ation
through the polymerase chain reaction (PCR). A more sewere shortcoming is that
only a few hundred up to about one thousand consecutiwe nucleotidesof a piece of
DNA can be determined in onerun.

Nevertheless,is has becomealmost routine to sequenceentire genomes.To that
end, the DNA is rst split into parts which are sequencedseparately The resulting
set of sequencesnust be computationally assenbled into the contiguous genome.
Although techniquesfor the determination of protein sequencegxist, it is nowadays
common to sequencemRNAs (after rst corverting them to cDNA) or complete
genomes,and then compute the translation products.

Table 1.5 providesan overview of major sequencealatabasesand portals onthe In-
ternet. Careis required when using thesedatabaseswith machine learning methods:
amajor assumptionof many algorithms, namely, that the data areiid (independert
and identically distributed), is violated in most databases.The reasonis that the
proteins consideredmost interesting have beenstudied in great detail (i.e., in many
speciesand versions) by biologists, and are therefore overrepreseted. A common
solution to this is redundancy reduction (the elimination of similar sequences)as
provided, for instance, by the ASTRAL sener at http://astral.s tanford. edu/.

Apart from the big general sequencedatabasesthere exist a large number of
more specialized databases,which often provide additional information that may
be linked to the sequencesThey cannot be listed here, but the journal Nucleic
Acids Research provides reports on many of them in the rst issueof ead year. In
addition, many of these databasesare accessiblevia SRS.

Alignmen ts A most basic and most important bioinformatics task isto nd the
set of homologsfor a given sequence . Since sequencesare a very important data
type (not only for bioinformatics but alsoin other areas),new methods for sequence
comparison are being developed. The new string kernels preserted in chapters ??
and ?? are examples of sud techniques. Nevertheless, the established methods
continue to be widely used, and often serve as a crucial ingredient to machine
learning approadces (cf. chapters ?? and ??). Here we briey introduce the the
most fundamertal sequenceanalysistechnique: the alignmert.

In a glotal alignment of two sequencess = s;:::si5; and t = ty:::ty;, eah
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Database URL (http:// ...) Remarks

Nucleotide sequence databases

= DDBJ www.ddbj.nig.ac.jp these three databases

= EMBL www.ebi.ac.uk/embl/ synchronize their

= GenBank www.ncbi.nlm.nih.gov contents daily

Protein sequence databases

= SwissProt www.expasy.org/sprot/ curated

= TTEMBL www.expasy.org/sprot/ not curated

(Some) Sequence motif databases

= eMotif motif.stanford.edu/emotif/ protein regular expressionpatterns

= SMART smart.embl-heidelberg.de/ protein domain HMMs

= TRANSFAC transfac.gbf.de/TRANSFAC/ genomic TF binding sites

General portals

= EB| www.ebi.ac.uk Europ ean Bioinformatics Institute

= Entrez www.ncbi.nlm.nih.gov/Entrez/ U.S. National Bioinformatics Insti-
tute

= EXPASyY Www.expasy.org Expert Protein Analysis System

= SRS srs.ebi.ac.uk SequenceRetrieval System

Table 1.5 Databasesof molecular biological sequences.

sequenceamay be elongated by inserting copiesof a special symbol (the dash,\-")

at any position, yielding two stu ed sequences® and t° The rst requiremert is
that the stued sequencesave the samelength. This allows them to be written
on top of ead other, sothat eadh symbol of s is either mapped to a symbol of t
(substitution), or mapped to a dash (gap, and vice versa. The secondrequiremert
for a valid alignment is that no dash be mapped to a dash, which restricts the
length of any global alignmert to a maximum of jsj + jtj. In a local alignment, a
substring of s is globally aligned to a substring of t.

For aligning biological sequences,scoresre ecting the probabilities of inser-
tions/deletions and of mutations are assignedto gapsand to all di erent possible
substitutions. The scoreof an ertire alignmert is de ned asthe sum of the individ-
ual scores.The similarity of s and t is often de ned asthe scoreof an optimal local
alignment of s and t, where optimal meansmaximizing the score.Although there
are exponertially many possiblealignments (whether local or global), the optimal
cost and an optimal alignment (of either mode) can be computed in time O(jsjjtj)
using dynamic programming (Needlemanand Wunsd, 1970;Smith and Waterman,
1981).

Sincequadratic time is still too slow for searding large databases fast heuristics
have beendeweloped. FASTA and BLAST are much faster than dynamic program-
ming, but achieve results almost as good. However, a much better measureof sim-
ilarit y can be computed by taking into accourt the distribution of closely related
sequencesPSI-BLAST (Altschul et al., 1997) constructs a multiple alignment for
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ead query sequencethat consistsof all similar sequencedound in the database.
From this a position-speci ¢ sworing matrix (PSSM) is constructed with which the
databaseis searded again, thereby increasing the sensitivity of the seard. This
has becomethe most widely used method for making use of unlabeled data in
supervised problems like protein classi cation.

With either alignment method, the obtained scoredependson the length of the
two sequenceskFor local alignmernts, this is compensatedfor by the use of so-called
p-valuesor E-values which quartify the chanceof nding a random similarity in
terms of probabilities or expected numbers of hits, respectively. Other methods
of obtaining probabilistic similarity measuresare basedon hidden Markov models
(HMMs) and Bayesianreasoning.An excellert textb ook on alignments and related
topics is Durbin et al. (1998).

1.2.2 Gene Expression Data

Geneexpressiondata usually comein the form of a matrix of expressionlevels for
a number of genesin a range of cell samples.There are quite a few technologies
available to measurethe level of expressionof a large number of genessimultane-
ously. We focus on microarrays, which are preserily the most popular technology
for large-scalegeneexpressionmeasuremet Then we outline two competing tech-
niguesthat are basedon a di erent approadc. Finally, we discusssomeimplications
for data analysis.

Microarra ys Microarrays, sometimesalso called DNA chips, employ hybridiza-
tion to distinguish di erent genesand therefore require that the sequence®f genes
to be measuredbe known in advance.In fact, a microarray is essetially a surface
with a known location (called spot) for ead geneto be measured.Presert-day mi-
croarrays can bear a couple of thousand spots, so that the ertire human genome
can be coveredwith four chips. At ead spot, oligonucleotidesor cDNA fragmerts
are xed which are complemenary to a (transcrib ed) subsequenceof a gene.Ide-
ally, the subsequencesre determined in such a way that they are specic to the
corresponding gene, that is, they are not similar to the complemen of any other
mRNA that is expectedto occur in the sample.

The measuremen of a samplewith a microarray (jargon: hybridization) beginsby
reverse-transcribingthe mRNAs of a cell sampleto cDNA. The cDNAs are labeled
to make them detectable, for instance, by incorporating uorescing or radioactive
tags. Then, the sampleis administered onto the microarray, and a number of cDNAs
from the samplehybridize to the corresponding spot. This number is approximately
proportional to the respective mRNA concerration in the sample. After washing
the array the concertration can be determined by measuring, at the corresponding
spot, the intensity of the signal emitted by the molecular labels. If two dierent
molecular labelings are used for two di erent samples,two measuremets can be
carried out at the sametime on the samearray.

A couple of facts are essetial to the proper analysis of microarray data. First,
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background noise is presern due to incomplete washing and nonspeci ¢ hybridiza-
tion. If the meanbadkground is estimated and subtracted, the resulting expression
levels may becomenegative for somegenes.Although true expressionlevelscannot
be negative, statistical work seemsto suggestthat it is not a good idea to censor
such values by setting them to zero or a small positive value; instead, variance-
stabilizing transformations may be used. Second,due to varying e ciencies of the
intermediary steps of the measuremen, and to varying amounts of mRNA per
cell, the results obtained with di erent microarrays or for di erent samplesare not
likely to be on the same scale. Normalization should therefore be applied. More-
over, systematicdi erences that arisefrom uctuations betweenproduction batches
should be compensatedfor. Finally, even normalization cannot make comparable
data gathered with microarrays that are equipped with dierent oligonucleotides
(e.g., chips of di erent brands). This is becausethe oligonucleotideshave di erent
hybridization energieswhich intro duce a scaling constart for every spot (gene).

Other technologies A few methods for measuring gene expressionlevels are
basedon sequencing clustering, and counting mRNA molecules,as detailed in the
following three-step strategy:

1. Seauencing. This involvesrandomly picking mRNA moleculesfrom the sample,
reverse-transcribingthem to cDNA, amplifying them, and then determining (parts
of) their sequences.

2. Clustering. Sequencegorresponding to the samegenesmust be identi ed.
3. Counting. The cluster sizesare estimates of the expressionlevels.

Two examplesfrom this group of methods are serial analysis of gene expression
(SAGE) and expressel sequene tag (EST) analysis. An EST results from partial
single-passsequencingof a transcript; it represers an error-prone substring of a
(usually spliced) mRNA.

In contrast to microarray measuremets, counting sequenceags (as in SAGE or
EST analysis) yields natural numbers as outputs. The di cult y of analysis arises
from three facts: (1) The number of sampled moleculesis low (ESTs) to medium
(SAGE) dueto the e ort (and cost) required. Thus, the counts are bad estimatesof
the true frequencies,especially for the low copy genes,which may not be detected
at all. (2) Sequencingerrors may lead to inclusion of a sequencein the wrong
cluster. (3) Clusters may erroneouslybe merged (e.g., for very homologousgenes)
or split (e.g., if sequencedparts do not overlap). The importance of sequencing-
basedmethods is that they do not require prior knowledge of the genes;therefore,
they can in principle be applied to any genome.

Two other methods desene mention, becausethey are frequertly usedby biolo-
gists. Northern blotting is the oldest approach to (semiquartitativ €) measuremeim
of geneexpression.In contrast, quantitative polymerase chain reaction (QPCR) is
a very modern method, and is currently consideredto allow for the most precise
determination of expressionlevels. Both methods require prior knowledge of the
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sequenceln addition, they are not su cien tly automated for massmeasuremets;
instead, they are usedto con rm ndings made with other technologies.

Databases Unfortunately, the databasesfor geneexpressiondata are not yet as
established as the sequencedatabasesare. It is still common for microarray data
setsto be available only from webpageghat accompary a publication. Nevertheless,
there are two databasesthat try to be very general. Theseand a few databaseswith

more specializeddomains are listed in table 1.6.

Database URL (http:// ...) Remarks

General databases

= ArrayExpress www.ebi.ac.uk/arrayexpress/ by the EBI

= GEO www.ncbi.nim.nih.gov/geo/ by the NCBI

Organism-sp ecic databases

= MGl GXD www.informatics.jax.org mouse

= TAIR Microarray  www.arabidopsis.org Arabidopsis

= \WormBase www.wormbase.org Caenorhaltitis
elegans

Lab oratory-sp ecic databases

= SMD genome-www.stanford.edu/micro array / Stanford

= YMD info.med.yale.edu/microarray/ Yale

Table 1.6 Major databasesof geneexpressiondata sets.

One reasonfor the slow establishmert of generalgeneexpressiondatabasesmay
be that it is surprisingly di cult to properly designits scheme.To be really useful,
there is no point in just storing the matrices of measuremen values. Instead, a
description of the preprocessingof the data, the measuremen technology (including
details of the biochemical steps carried out in the laboratory), and above all the
properties of the samples,must be given. For samplestaken from hospital patients,
for example, a complete description would ideally include the ertire clinical data.

1.2.3 Protein Data

Re ecting their importance for cells, many aspects of proteins other than their
sequencesare wellstudied, including (tertiary) structures, interactions, functions,
expression,and localization. Many of these data may be found in databases;see
table 1.7.

The unique worldwide database of protein structures is the PDB (protein
database). Howewer, detailed structure comparisonsare tedious, and thankfully
databasesexist that provide hierarchical classi cations of the PDB proteins (or the
domains therein) accordingto their structures. The most popular may be SCOP
(\structural classi cation of proteins", which is largely manually constructed by ex-
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Database URL (http:// ...) Remarks

Protein  structures

= PDB www.rcsb.org/pdb/ 3D structures

= SCOP scop.mrc-Imb.cam.ac.uk/scop/ structural classi cation

= CATH www.biochem.ucl.ac.uk/bsm/ca th/ structural classi cation

Molecular interactions and networks

= BIND www.bind.ca interaction network

= KEGG www.genome.ad.jp/kegg/ metabolic pathways

= DIP dip.doe-mbi.ucla.edu interacting proteins

Protein  functions

= GO www.geneontology.org controlled vocabulary

= EC www.chem.gmul.ac.uk/iubmb/en zyme enzyme numbers

= MIPS mips.gsf.de/projlyeast/ yeast genefunctions
catalogs/funcat/

Protein expression

= 2DPAGE us.expasy.org/ch2d/ 2D gel electrophoresis data

Table 1.7 Important databaseson protein properties other than sequence.

perts) and CATH (\Class, Architecture, Topology and Homologoussuperfamily",
which relies more heavily on automatic classi cation).

Protein interactions can be de ned on sewral levels: molecular interactions
refer to the binding partners of proteins, while the broader notion of regulatory
interactions also includes indirect in uences like up- or downregulation through
signaling pathways. Proteins can also be linked in a metallic pathway if they
catalyze successie stepsin a seriesof metabolic reactions. Any sudc interactions,
also with other moleculeslike DNA, can be used as edgesin a biological network
graph. A couple of databasesprovide interactions measuredor inferred by di erent
methods.

There are also databasesproviding functional classi cations of proteins (or of
the respective genes).Protein function is related to interactions, localization, and
expression. There are two popular ways to measureprotein expression:(1) by 2D
gel electrophoresis in which proteins are spatially separatedin a gel according to
massand electric charge; and (2) by massspectrometry (MS), in which the masses
of protein fragments are very precisely inferred by measuring their time of ight
after a de ned acceleration. However, to the best of our knowledge, no general
databasescontaining MS protein expressionlevels exist yet; nor do such databases
exist for protein localization.

1.2.4 Other Data Types

A number of data typesadditional to those discussedabove also desene mertion.
(1) Chemical compounds (small molecules)are interesting as metabolites, signaling
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Model organisms

molecules,and potential drugs. (2) SNPs accourt for most phenotypic di erences
betweenindividuals, including susceptibility to many diseases(3) The abstracts of
the sciertic molecular biology publications form a huge resenwir of badly struc-
tured data. Theseare the targets of text mining, which attempts to automatically
extract information. Sourcesof thesethree typesof data are listed in table 1.8;in
addition, the URLs of two databasedirectories are givenin table 1.9.

Database URL (http:// ...) Remarks

dbSNP www.ncbi.nlm.nih.gov/SNP/ single nucleotide polymorphisms
PubMed www.ncbi.nlm.nih.gov/PubMed/ publication abstracts

NCI cactus.nci.nih.gov small molecule structures

Table 1.8 Databaseson data typesnot coveredin the previous tables.

URL (http:// ...)
bip.weizmann.ac.i/mb/molecula  r _biol _databases.html
molbio.info.nih.gov/molbio/db. html

Table 1.9 Collections of links to databaseson the web.

Model organismsare organismschosenby biologists to be represenativ e of some
classor property and, at the sametime, to be simple and accessibleFor example,
the fruit y Drosophilamelangyastersharesmany genesand somatic functions with
humans, but is much easierto investigate (no ethical problems, short reproduction
cycle, etc.). The value of model organismsfor bioinformatics lies in the fact that
not only are (almost) complete genomesavailable for them (this is now the casefor
hundreds of organisms)but also plenty of other data which can be setinto relation
with the genes.Somemodel organismsare compiled in table 1.10.

We concludethis sectionwith a small disclaimer: our intention hereis to provide
pointers to the largest and most general mainstream databasesof bioinformatics.
Howewver, there exist a large number of additional databaseson various (often rather
specialized) molecular biological problems. Once again, we refer the interested
readerto the annual databaseissueof Nucleic Acids Research.

1.3 Bioinformatics Challenges

As described in section 1.2, modern molecular biologists measure huge amourts
of data of various types. The intention is to usethese data to (1) reconstruct the
past (e.g., infer the ewolution of species);(2) predict the future (e.g., predict how
someonewill respond to a certain drug); (3) guide biological engineering (such
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Organism (Common Name) Lev el Cells Genes Genome
Human immunode ciency virus (HIV) virus 0 9 0.01 Mb
Methanococcus jannaschii archaea 1 1750 1.66 Mb
Escherichia coli (human gut bacteria) eubacteria 1 4300 4.6 Mb
Saaharomyces cerevisiae (brewer's yeast) eukaryote 1 6000 12 Mb
Caenorhalditis elegans (nematode worm)  animal 959 19,500 100 Mb
Drosophila melanogaster (fruit y) animal ? 13,700 165 Mb
Arabidopsis thaliana (thale cress) plant ? 25,498 125 Mb
Mus musculus (mouse) mammal ? 35,000 3000Mb

Table 1.10 A selectionof model organisms.We were unable to obtain information
on the number of cellsin the last three organisms; however, it is estimated that
an adult human body consists of about 6 10" cells. The numbers of genesare
estimates (except for HIV). The genomesizeis given asthe number of nucleotides
in a single strand of the haploid genome(Mb, for 10° basepairs).

as improving the e ciency of brewer's yeast). Some of the concrete tasks are so
complexthat intermediate stepsare already regardedasproblemsin their own right.
For example, while the sequenceof a protein in principle determinesits function
(in the particular environment provided by the cell that producesthe protein),
one of the grand challengesin bioinformatics is to predict its structure (which can
then serwe as a basis for investigating functional aspects like interactions). This
can also be seenas an auxiliary goal complemeriing the three listed above: to
replace di cult, laborious, time-consuming, and expensive measuremets (x-ray
crystallography) with more a ordable ones(sequencing).

The rather vague goals described above manifest in a jungle of concrete com-
putational problems. Some of them are very specic, for instance, related to a
certain speciesor a particular protein; their solution can aid in a particular ap-
plication. Many other problems are more fundamertal, but often can be seenas
building blocks for the solution of larger tasks. In the following subsections,we
try to organize some of the more fundamertal challengesinto a small nhumber of
generalschemes.To someof the problems described below, existing approachesare
reviewed in chapter ?7.

The following sections are organized along the drug developmen process of
pharmaceutical companies,which is one of the main applications:

1. Understanding the biological system, especially the mecanism of the disease
2. ldentifying target proteins which are pivotal for the disease

3. Characterizing those proteins; most importantly, their tertiary structure

4. Finding small moleculeswhich bind to those proteins and which qualify asdrugs
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1.3.1 Genome Structure Analysis

The analysisof DNA sequencegpartial or completegenomes)can be organizedinto
a small tree, as depicted in gure 1.7.It contains at least three \grand challenge”
problems:

find structure
in DNA
find genes and find functional reconstruct
resolve gene structure elements evolutionary history

identify identify identify find find find find reconstruct
promoter splice coding insulators MARS transposons rearrangements phylogeny
elements sites sequence and duplications of species

Figure 1.7 Finding structure in genomic DNA sequencesa small hierarchy of
problems.

= Genomecomparison. The goal of this discipline is to reconstruct the evolutionary

history, that is, the seriesof genomerearrangemerts, that led to di erent species.A

di cult vy is that the phylogeny and the common ancestorsmust be inferred on the

basisof genomesof presen-day species.While pairwise whole genomecomparisons
are already a challenge due to the sheer size of a genome, only comparison of
multiple genomeswill unleashthe full power of this approad. Here, most e cien t

algorithms are asked for.

®= Gene nding. This includesthe identi cation of the genestructure, that is, the
arrangemert of the gene'selemens (introns, exons, promoter, etc.). In computer
scienceterms, the problem is to label substrings of the DNA. In large genomeswith
low genecortent, like the human genome, especially the false positives can be a
problem. An accuratesolution to alarge subproblemof genestructure identi cation,
the prediction of splice sites, is described in chapter ??.

» Understanding transcriptional regulation. Here the goal is to quarntitativ ely
predict the expressionlevels of genesfrom the details of their promoters and the
preseri quartities of TFs. In its broadest sensethis problem would also include
modeling the 3D structure of DNA. The padking of DNA is believed to have a
big impact on geneexpression,since genesmust be unpaded before they can be
transcribed. However, the available data may not yet be su cien t for such modeling.

All tasks are complicated by the fact that (presumably) by far not all functional
DNA motifs are known by now. In fact, the understanding of the huge part of DNA
which cannot yet be assigneda function can also be seenas a grand challenge,
albeit possibly in molecular biology rather than in bioinformatics.
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1.3.2 Relation of Molecular to Macroscopic Data

It is most interesting to identify the molecular causesof macroscopic events or
states, becausethis understanding allows for a directed seard for ways to cause
or prevert suc events and to maintain or change suc states. Figure 1.8 provides
examplesof the molecular and macroscopicdata typesto be causallyrelated. Three
classesof tasks emergefrom this generalproblem statemen:

expression
P phenotype
SNPs determining
clinical data

ligands

Figure 1.8 Macroscopicstates (right) are causedby molecules(left); thus, molec-
ular measuremen data contain information predictive of the macroscopicstates.

= Population genetics. The strategy in population geneticsisto nd chromosomal
regionsthat are inherited alongwith (completely or partially) heritable traits; such
regions can be supposedto cortain genesresponsible for those traits. The basic
data for this are pedigreesof families which are annotated with both phenotypic
and genotypic information on the individuals. The genotypic part consists of so-
called genetic markers (such as SNPs) that relate genetic content to chromosomal
location.

= Diagnosis. As an example,it is desirableto beableto basethe diagnosisof certain
diseaseson gene expressionpatterns. For diseasesthat are hard to recognizeor
distinguish by classicmeans(e.qg., histology), this can potentially be lesssubjective
and ambiguous. Genetic diseasesmay also be diagnosedbasedon SNPs, or both
SNPsand expressiondata. Sometimesunsupervised analysis of molecular data can
even lead to re ned de nitions of diseaseqGolub et al., 1999).

» Therapy optimization. Here, the idea is that every individual is dierent and
that optimal treatment may be derived from molecular data: the e cacy of drugs
may be predicted on the basis of the genotype of a pathogen (Beererwinkel et al.,
2003). Optimally, the interplay of the genotype (SNPs) of the patient with that of
the pathogenshould be taken into accourt.

m Target nding. This essetially amounts to applying feature selection to a
successfulprediction of a disease(diagnosis); seechapter ??. Ideally, the relevant
features are related to the causeof the disease,which can then be selectedas the
target of drug developmert.

m Systemsbiology. This is the most ambitious challenge under this rubric, and is
likely to keepbioinformaticians busy in coming years:the goal is nothing lessthan
to quantitativ ely simulate entire cells (or large subsystems).This would (among
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many other things) allow replacemen of animal experiments by computational
simulations. A step in that direction has already beentaken by E-CELL (Tomita,
2001).

1.3.3 Protein Prop erty Prediction

Trying to predict properties of proteinsis alluring, becauseproteins are soimportant
for the cell (and for the biologist), and di cult, becauseproteins are so complex
and versatile. There is a whole family of problems which are distinguished by the
predicted property and by the data on which the prediction is based;this is sketched
in gure 1.9.

Given Data Predicted Property

sequence | -u::
structure
expression - =
phylogeny

> ‘ structure (3D coordinates of the atoms) ‘

‘ function (e.g., according to GO or MIPS) ‘

‘ interactions (with other proteins, DNA or metabolites)

‘ localization (e.g., compartment) ‘

Figure 1.9 The prediction of dierent properties of proteins can be based on
di erent (combinations of) data types.

There are also a number of prediction problems that are not explicitly shown,
becausethey can be seenas intermediate steps. They include the prediction of
structural motifs (most important, secondarystructure) and of solvent accessibility
of amino acids, which can provide valuable hints for a structure prediction. Another
analytical task is the prediction of modi cations (such as phosphorylation) from
sequenceModi cations can a ect all four types of properties shavn on the right
side of gure 1.9.

At least four grand challenge problems are instancesof the family illustrated in
the gure:

m Structure prediction. Herethe amino acid sequences given, and the 3D structure
of the folded protein (in a cell) is to be computed. The fact that the cellular
ervironment is so important in readiing the correct structure (cf. section 1.1.3)
rendersthe idea of simulating its molecular motion in watery solution unappealing
(although this is tried with vigor). Indeed, the most successfuktructure prediction
methods are knowledge-based(i.e., at leastin a way, machine learning) methods.®

5. This is demonstrated in the evaluation of the CASP competition available from
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Chapters ?? and ?? describe applications of kernel methods to structure prediction.

= Function prediction. Here the problem starts with nding an appropriate de ni-
tion of function. While hierarchical classi cations of functions now exist, it is not
clear whether they are well suited to serwe as classesto be predicted. (At least,
the idea of cutting the hierarchy at a xed depth to de ne the classesseemsto
be questionable.) It hasbeenshown that the best performance can be achieved by
making use of multiple data types, although the proper combination is not trivial
(Pavlidis et al., 2002, seealso chapters ?? and ??).

m Genetic network reconstruction. The term genetic network refers to a graph
specifying interactions between molecules,especially of regulatory type. Although
a few experimental methods exist to nd sud interactions, there is also great
interest in predicting them to obtain a more complete picture at lesscost. A genetic
network can allow deduction of hypothesesabout, say, the e ects of inhibiting
certain proteins, which may suggestdrug target candidates. Seweral models for
computational treatment have beensuggestedprobably the most prominent classes
are Boolean,linear, and Bayesiannetworks; arecert trend is the useof graph kernels
(cf. chapter ??).

® Docking. This is the computational prediction of molecular binding events
involving proteins. There aretwo a vors of protein docking: protein-protein docking
and protein-ligand docking. The goal of protein-protein docking is basically to
predict whether two proteins can bind at all; this can contribute edgesfor biological
networks. While the backbonesare usually taken to be xed, it is important to
model the exibilit y of the involved side chains. In protein-ligand docking, the
exibilit y of the ligand (the small molecule) is essetial; often, it is also crucial on
the side of the protein (induced t ). Here, the goal includes predicting the strength
of the binding (a nity ), which must be high for inhibitors.

1.3.4 Small Molecule Problems

Computational work with chemical compoundsis sometimesregardedasa subdisci-
pline of bioinformatics and sometimesviewed asa separate eld termed chemoinfor-
matics or cheminformatics. For completenesswe brie y introduce the main prob-
lemsin this areathat bear biological relevance.Usually they are closely related to
the task of drug developmert.

= Virtual HTS (high-throughputscreening). This is essetially protein-ligand dock-
ing (seeabove) viewed from a di erent perspective. Simulating the experimertal
HTS, large databasesof compoundsare tested against a receptor protein to identify
potential ligands.

® | ead identi c ation. This means proposing a novel skeleton of a suitable drug
molecule, called a lead structure, basedon a collection of data related to a disease.

http://predictioncenter.linl.go v/ca sp5/.
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The data may be the product of virtual or real HTS. While virtual HTS relies on
the atomic structure of the binding pocket of the protein of interest, in practice
it often is not known. Then techniqueslike QSAR (quantitativ e structure-activit y
relationships) are usedto infer important properties from moleculeswith known
activity. Such properties can be summarized in a pharmamphore, an abstract
characterization of the set of moleculesof interest. In lead hopping the task is
to nd new lead structures for a given pharmacophore (with known leads), for
example, to evade patent problems.

= Predictive toxicology. Not being (too) toxic is an important prerequisite for
a drug. Depending on the time scale of the e ect, toxicity may be acute or
chronic. While acute cytostatic (inhibiting cell growth) toxicity is quite amenable
to experimental investigations,lab screeninggor chronic e ects like carcinogenicity
(causingcancer)are very time-consumingand hard to standardize. Thus, reliable in
silico predictions would be of high value. Of course,there are further properties of
small moleculesthat are relevant to drug candidates, often subsumedby the term
ADME (absorption, distribution, metabolism, and excretion). Much e ort hasbeen
spent on developing good represerations of moleculesfor solving sudh prediction
tasks; modern methods allow working directly with the natural represenation by
a labeled graph (cf. chapter ?7?).

1.4 Summary

It is hard to summarizethe rst two sectionsof this chapter. The section on the
basic biology of the cell (section 1.1) is already a summary in itself. Please be
warned that there is much, much moreto cellular biology and that it really matters
for successfulbioinformatics. With respect to the molecular biology measuremen
data (section 1.2), we would like to add that biotechnology is a very active eld and
new technology is constartly being developed. Thus, new exciting typesof data can
be expectedto becomeavailable and popular in the near future.

What we do want to explicitly point out here are a couple of things that may
have already becomeapparert from section 1.3. In seweral examplesit could be
seenthat many bioinformatics problems

1. can be posedas machine learning problems;
2. concerna structured data type (as opposedto \simple" real vectors);
3. concerna combination of di erent data types.

Corresponding to that, the subsequeh chapters of this book are concernedwith
the following questions:

1. How to properly model bioinformatics problems in a machine learning frame-
work.

2. How to operate on structured data typeswith the use of kernel functions.
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3. How to combine di erent data typeswith clever kernelsor algorithms.

While there already is sometradition of machine learning approachesto the analysis
of molecular biology data, it has so far been mostly concernedwith relatively
simple data structures (usually, xed-length vectors of real valuesand categorical
attributes). By demonstrating new ways to deal with complex data this book
may corntribute to accelerating the progressand successof machine learning in
bioinformatics, and possibly alsoin other application areas.
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