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A bstract
Modern gene sequencing methods and the genome projects have been depositing data
in the public databanks at ever increasing rates for the last twenty years. Biochemistry
faces a challenge to generate meaningful analyses of these data since genomic data is
generated faster than traditional ‘wet lab’ techniques can analyse. Bioinformatics can
be used to automatically annotate and classify these data and subsequently provide
insights into the biochemistry of many organisms.

While Bioinformatics provides no

direct substitute for the work in the ‘wet lab’, it is now an indispensible adjunct to
modern biochemistry.
This thesis is chiefly concerned with the autom ated assignment of protein domains
and protein functions to those sequences th at were previously uncharacterised. The flrst
part of the thesis addresses the problem of assigning structural and sequence domains
to proteins of unknown domain structure. The construction of a database of these data
(GeneSD) is also presented. This is followed by a protocol for assigning protein functions
to uncharacterised proteins. For both these studies (domain assignment and functional
assignment) statistics are gathered to describe the general trends and patterns th at are
observed.
The subsequent chapters are concerned with the comparative analysis of the data
for 32 complete genomes. An analysis of protein domain combinations and its functional
ramiflcations is carried out. It is observed th at the data gathered are in good agreement
with other studies of this nature. From this, it is also shown th at the combinatorics of
protein domains impacts signiflcantly on the functional repertoire of these domains.
Finally, a tem poral order in which the observed protein folds arose is proposed.
Using a combination of phylogenetic profiles and functional data a rational protocol for
assigning protein folds to points in evolution is suggested. This study also attem pts to
take into account the action of horizontal transfer.
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C hapter 1
Introduction
1.1

Introduction

T hat we will never possess the resources or time to structurally and functionally char
acterise all proteins, all genes and all molecular systems within all extant organisms
represents a major intractable problem for modern Molecular Biology and Biochemistry.
However, it is noted that, where components of cells share sufficient similarity, inferences
made about one component can be transfered to the other (Todd et ai, 2001), it is a
consequence of extant life’s use of a finite list of components th at makes this possible.
Unfortunately the list of components is not trivially small. It is the detailed analysis of
these components be they genes, proteins or protein structures th at has occupied Bio
chemistry and Molecular Biology for nearly 200 years. A consequence of these years of
work is th at large databases of such data have now been compiled. We have now arrived
at a position where sufficient data has accrued within these databases, th at our inabil
ity to biochemically characterise all extant organisms can be circumvented. Two of the
biggest and most significant of these databases are the structural database ‘The Protein
D atabank’ (Berman et al, 2000) and the gene sequence database ‘GenBank’ (Benson
et a l, 2002).

1.2

D ata Sources

1.2.1

Structure o f G enes

1.2.1.1

Deoxyribonucleic Acid

The genomes of living organisms are made from Deoxyribonucleic acid, DNA. Genes are
those portions of DNA sequence within genomes which code for hereditary characteristics.
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usually thought of as proteins. DNA is a large non-heterogeneous organic macro-molecule,
constructed from nucleotides, which in turn are made up from one of four organic bases,
rib ose sugar and phosphate groups (see Figure 1.1). The four organic bases used in DNA
are adenine, thymine, guanine and cytosine (two pyrimidine and two purine) usually
abbreviated to A,T,G,C (see figure 1.1). The individual nucleotides are polymerised by
the covalent bonding of the free 3’ end to the free 5’ end of the nucleotides so th a t large
chains containing much information can be created.

5'- end
I

0

I
I

0 = P —0 —CH2 o
0

BASE

' "

“

Phosphate Group

Deoxyribose

F ig u r e 1.1: Deoxy-Ribonucleic acid. Diagram indicates position of 3 ’ and 5’ ends
where subsequent nucleotide monomers polymerise. The flag marked ’B A SE ’ indicates
where one of the four organic bases adenosine, thymine, cytosine and guanine bond.

1.2.1.2

Gene Structure

Genes are conventionally described as those portions of DNA which are translated to
make RNA. Although Richard Dawkins (1989) defines them as any segment of DNA which
attem pts to propagate itself. W ith the former, more conventional, description genes are
usually characterised as having an upstream promoter, an RNA polymerase binding site,
and a translation termination site. The majority of genes are transcribed into messenger
RNA (mRNA) for later translation into protein by the ribosome. Information is stored
by the use of the bases as a quaternary coding system, roughly analogous to the binary
system used by modern computer memory. Any given position within the coding region
can have one of four states; A,T,C,G, representing the four bases. To code for the twenty
amino acids genes the bases are arranged into triplets called codons of which there are
64. The large number of codons allow more than one codon per amino acid and in turn
this helps to lower the effect DNA mutations have in disturbing the resulting protein’s
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structure or function.

1.2.1.3

Structure of Proteins

Proteins are built from sequences of amino acids (residues) which are polymerised to
gether by ribosomes using mRNA as a template. Extant life uses only twenty amino acids
(Alberts et ai, 1994). The twenty amino acids have a range of physio-chemical properties
from acidic to basic and from hydrophobic to hydrophilic (see Figure 1.2. Taylor (1986)).
Any given protein is folded into a characteristic three dimensional structure which is
determined by the specific sequence of the amino acids used to build th at protein. The
combination of the sequence and structure a protein possesses leads to its functional char
acteristics (enzyme activity, cellular localisation, etc). The structures conventionally pack
in such a way th at hydrophobic residues are buried within the core and the hydrophilic
residues lie on the surface (Branden & Tooze, 1998). Proteins are folded into compact
globular structures called domains, an example of which can be seen in Figure 1.3. It
is thought th a t the domain represents an evolutionary unit and the process of evolution
combines these to create novel proteins. At their simplest a protein may consist of only
one chain consisting of a single domain. However, a chain of amino acids may fold into
several domains and several chains may aggregate to build a complete protein. Currently
there are thought to be only around one thousand unique structures used in nature (Wolf
et ai, 2000).

1.2.2

Sequencing

The Techniques of gene sequencing began in the mid-twentieth century with MaxamGilbert chemical sequencing pioneered by Allan Maxam and W alter Gilbert (Maxam &
Gilbert, 1977). This was soon followed by the the development of the di-deoxy sequencing
method of Sanger et ai (1977).

1.2.2.1

D i-deoxy Sequencing

Di-deoxy sequencing makes use of chain terminating 2’,3’-di-deoxy analogues of the or
ganic bases (in DNA) as replicating chain terminators during DNA replication (Stryer,
1995). The process starts with a mixture of the DNA to be sequenced, a primer sequence,
the four nucleotides and a low concentration of one of the four 2’,3’-di-deoxy nucleotide
analogues. The primer is a short oligonucleotide complimentary to the start of the region
to be sequenced. DNA polymerase I is added and the mixture is heated to melt the DNA
sample. The sample is then cooled to allow DNA replication to occur. As the DNA
is replicated the di-deoxy base is randomly incorporated and this results in segments of
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Small

Proline

Tiny

Aliphatic

'Charged

Negative

Polar
Aromatic

Positive

Hydrophobic

F ig u r e 1.2: Adapated from Taylor (1986). Venn diagram of the physiochemical
properties of the amino acids. Amino acids are represented as letters; Alanine (A),
Cystine (C), Aspartic acid (D), Glutamic acid (E), Phenylalanine (F), Glycine (G),
Histidine (H), Isoleucine (I), Lysine (K), Leucine (L), Methionine (M), Asparagine
(N), Proline (P), Glutamine (Q), Arginine (R), Serine (S), Threonine (T), Valine (V),
Tryptophan (W ), Tyrosine (Y).

replicated DNA of random length being produced with a di-deoxy base terminating the
chain. Repeated rounds of heating and cooling allow a complete range of chain lengths
to be produced. The use of the thermostable DNA polymerase I from Thermus aquaticus allows the DNA polymerase to withstand the repeated cycles of heating and cooling.
The process is repeated to use all four of the 2’,3’-di-deoxy analogues. Finally the four
mixtures are run on an agarose gel in four columns, one for each di-deoxy base mixtures.
As the different chain lengths produced run to different lengths on the gel and the known
di-deoxy base represents a base in the DNA the sequence can be read from the gel (see
Figure 1.4). The use of either hourescently labelled or radio labelled bases allows the
fragments to be easily read.
1.2.2.2

G en o m e Sequencing

With the advent of the Human Genome Project (The International Human Genome
Sequencing Consortium, 2001; Venter et al, 2001) DNA sequencing has become an in
dustrialised process with a number of large Gene Sequencing factories around the world.
The largest of these are the Sanger Centre in Hinxton (outside Cambridge) and TIGR
in the United States. Millions of bases a day are sequenced at both centres and an ever
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F ig u r e 1.3: An Example protein structure. The structure shown is that of the
porcine ribonuclease inhibitor. The structure’s pdb code is 2bnh. This is an example
of a protein constructed from a mixture of ^-sheet and Q-helical regions.

increasing number of genomes are completed on a monthly basis.

1.2.3

S eq u en ce D a ta b a ses

1.2.3.1

GenBank

GenBank is the largest of the DNA sequence databases. All public sequencing projects
are required to submit every completed segment of DNA greater than 1000 base pairs.
GenBank currently holds '^16,000,000,000 base pairs of nucleotide sequence which repre
sents ~15,000,000 protein sequences, however among these only there are only ~900,000
unique (non-redundant) protein sequences. GenBank also stores the complete sequences
of the publicly sequenced genomes.

1.2.3.2

SW ISSPROT/TrEmbl

SwissProt (Bairoch & Apweiler, 2000), run by Embl and SIB, is a smaller database of
non-redundant manually and automatically annotated gene sequences. Currently it houses
information on ^130,000 protein sequences. The SWISSPROT database includes data
from both experimental work and computed sources.

They provide reaction schemes

(where appropriate), E.C numbers, functional keywords and a range of functional data.
SwissProt also includes a larger set of proteins from the TrEmbl database. These ex-
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DNA, Primer, Nucleotides,
DIdeoxy nucleotides

Sequencing m ixtures
X" prepared. DNA polym erase
added for replication cycles.

1

Replication Cycles

r m
T

C

G

A

>

Sequencing m ixtures loaded
onto polyacrylamide gel for
separation. Sequences are
read from th e bottom up

J
F ig u r e 1.4: Di-deoxy sequencing. The reaction mixtures are prepared to include
the D NA to be sequenced, a primer, the four nucleotides and one of the four di-deoxy
nucleotide analogues. Four mixtures (one for each di-deoxy nucleotide analogue) are
prepared and then run on a polyacrylamide gel. The sequence can be read by reading
the bands from the bottom up.

tra '-^850,000 proteins provide a greater coverage of those proteins present in GenBank
although with significantly lower quality annotation.

1.2.3.3

P IR

The Protein Information Resource (PIR) (Wu et ai, 2002), maintained by the National
Biomedical Research Foundation (NBRF), is a comprehensive non-redundant database of
protein sequences. The database was originally developed to provide a well-annotated re
source for investigating evolutionary relationships between sequences. Release 72.02 con
tains 283,177 entries. While smaller than many of the other protein sequence databases,
this is compensated for with a high level of annotation.

1.2.3.4

OWL

The OWL database (Bleasby et ai, 1994) is a composite database of several protein
sequence databases. Sequences are taken from SwissProt, PIR, GenBank and NRL-3D
(an extraction of PIR sequences present in the PDB (Berman et a l, 2000)). The completed
database of sequences is non-redundant and Release 31.1 of OWL contains 279,796 entries.
When removing redundant sequences, SWISSPROT entries are given the highest priority
during the compiling of the database.
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Protein Structure

1.3.1

S tru ctu re S o lv in g

1.3.1.1

X-Ray Crystallography

The science of solving protein structure began in 1960 with the resolution of haemoglobin
at atomic level (Kendrew, 1961). This first structure, solved using X-ray crystallogra
phy, marked what was to become an ever increasingly important field of Biology and
Biochemistry. The process of X-ray crystallography involves solving the X-ray diffraction
patterns generated from a crystallised sample of protein (see Figure 1.5). The diffraction
pattern gives the intensity of the reflections of the X-rays but no phase information, this is
known as the phase problem: The phase problem was originally solved using isomorphous
replacement whereby heavy atoms, which scatter X-rays more strongly, are incorporated
into the protein and a second diffraction pattern is recorded. An alternative is the use
of anomalous scattering to determine phase information. Some atoms within a protein
will scatter X-rays anomalously and this effect can be used to resolve the phase of the
diffraction pattern. Once the intensity and phase of the X-rays is known an electron den
sity map of the the protein can be computed using Fourier Synthesis. Finally, the protein
chain is fitted to the electron density map to give the three dimensional structure.
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F ig u r e 1,5: Example X-Ray Diffraction pattern. Taken from Proteins - Structures
and Molecular Properties (Creighton, 1993)
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Nuclear M agnetic Resonance Spectroscopy

The technique of nuclear magnetic resonance spectroscopy (NMR) began to be applied
to protein structure in the late nineteen seventies and early eighties. NMR has yet to
show the scaling properties of X-ray crystallography and currently the largest protein
structures th at can be solved are around 25-30 kilodaltons. NMR exploits the different
spin properties of hydrogen atoms when in different molecular environments. A pure
sample of protein is placed in a large magnetic field and pulses of radio waves are applied.
The radio waves disturb the spin states of the hydrogen atoms and the detectors measure
the atom ’s return to their resting states (relaxation). Fourier transformation is applied to
the relaxation curves to generate frequency data and this yields a one dimensional spectra
as series of resonances from various nuclei. Hydrogen atoms are usually the only atom in
proteins th at can be detected by NMR. Hydrogen nuclei can be identified in the spectra
if they have a unique chemical environment as this causes a chemical shift in the nuclei’s
frequency in the spectra. The major contributing factors to the chemical shift in the
spectra are: the atom to which the hydrogen nuclei is bonded, the proximity of aromatic
rings and hydrogen bonding. Information about peptide chain conformation is a result
of either interactions through space (the Nuclear Overhauser effect, NOE) or through
covalent bonds (J bond coupling). NOE effects between hydrogen nuclei which are close
in the sequence can give information about the secondary structure within a protein,
whereas NOE effects between hydrogen atoms that are more distant in a structure give
information about the conformation of the proteins structure. The computational process
of simulated annealing generates a series of models of a protein backbone th at satisfy all
of the NOE effects within the NMR data.

1.3.1.3

Cryo-Electron Microscopy

This relatively new technique is being used to make low resolution, > 5 Â, images of
large macro-molecular complexes such as the ribosome (Davies & White, 2000) and the
GroEl complex (Roseman et al, 1996). The technique involves flash freezing samples of
macro-molecule complexes and taking electron microscope images of the sample. From
these images the structures of the complexes can be reconstituted by computer.

1.3.2

P rotein Structure

Once solved protein structures are seen to adopt regular, recurring sub-structures (see
diagram 1.6).

At the lowest level amino acids can be arranged as either

strands,

a helices or random coil (so called secondary structure elements). These elements further
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arrange themselves into regular motifs such as the P sheet and helix-turn-helix motif.
The regular motifs within protein folds can be described by the particular hydrogen
bonding patterns they display. The arrangement of a protein’s a helices and P sheets
lends the protein its fold (the tertiary structure).
may also be contiguous or non-contiguous.

Structural domains in proteins

The 3D strcuture of a domain need not

contiguous in sequence space. There are many instances where a whole domain is inserted
into the middle of an existing domain.

However, once folded the two separated se

quence portions of the initial domain still come together to make the complete 3D domain.
Many domains are seen to adopt very similar 3D structures and the most com
mon of these structures are regarded as “Superfolds” .

Superfold structures include

the TIM barrel, the immunoglobulin fold and the Rossmann fold.

While the actual

structures are very different they do share some common structural features. Superfolds
are highly regular in their arrangement and display close packing of the secondary
structure elements (a helices and

sheets). These structures are thought to fold easily

and the close packing is believed to assist in stability of the fold.

1.3.3

Structural D atabases

1.3.3.1

Repositories

Today there are three major repositories of protein structural data all three of which
overlap to a great extent.

These are the ’Protein D atabank’ at the RCSB (Berman

et ai, 2000), the European Macro-molecular Structure Database (EMSD) at the European
Molecular Biology Laboratory (EMBL) (Keller et ai, 1998) and Macro Molecule structure
Database (MMDB) at the National Centre for Biotechnology Information (NCBI) (Wang
et al, 2002). The Protein Databank represents the major central repository for publicly
solved protein structures and has been established since 1971. At the time of writing,
it houses 16082 protein structures, 1050 nucleic acid structures and 18 carbohydrate
structures. The number of structures deposited each month number approximately 300
and is increasing (see Figure 1.7). All deposited structures are given an alpha-numeric
code of the form Idan. The EMSD project represents a European mirror of the PDB and
the MMDB is a further mirror in the United States.

1.3.4

D om ain D atabases

The domain databases attem pt to classify protein structures in terms of the domains
they contain. It is believed th at domains in proteins represent evolutionary units and the
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mixing and matching of these leads to new protein functions via adaptive evolution.

1.3.4.1

The CATH database

The CATH database (Pearl et ai, 2001) is a hierarchical classification of the proteins
deposited in the RCSB PDB. The CATH database is compiled in a semi-automatic fashion
using a computational and manual assignment protocol. CATH uses only well-resolved
structures < 3 Â. The classification breaks down into eight levels. The First, Class (C),
divides proteins into four groups based on their total amounts of alpha helix and beta
strand. The four groups are; all a-helical proteins, all /3-sheet proteins, mixed a-helical
and ^-sheet proteins and finally proteins displaying few secondary structure elements. The
second level, Architecture (A), divides proteins by their gross arrangements of secondary
structure in 3D. The third level. Topology (T), indicates the fold of the protein and divides
proteins based on the connectivity of the secondary structure elements. The fourth level.
Homologous Superfamily (H), divides the folds into groups th at have a clear evolutionary
relationship based on both structural and functional data.

Finally, each homologous

superfamily is divided into a series of Sequence families, the S level, at 35, 60, 95 and 100
percent sequence identities.
New structures are incorporated into CATH (see Figure 1.8) by first matching the
structures to sequence families that already exist. Next the protein chains are divided into
domains using a computed consensus method (Jones et al, 1998) where this fails domain
boundaries are assigned manually. At this stage domains are assigned a Class, then the
structural assignment protocols SSAP (Orengo & Taylor, 1996) and GRATH (Harrison
et al. (2002)) are used to assign the majority of structures to T and H levels. Finally
each fold is assigned a numerical code based on its position in the hierarchy. These follow
the format: 1.10.10.10.1.1.1.1. Each subsequent number indicating the various levels in
CATH; C, A, T, H, S35, S60, S95 and SlOO respectively.

1.3.4.2

The SCOP database

SCOP (Lo Conte et al, 2002) is a further hierarchical classification. This is a manually
curated database, where new chains are visually inspected and compared to other mem
bers of the database. The SCOP hierarchy breaks down into four levels th at approximate
those in CATH (see Table 1.1). Frequently automated methods for protein structure clas
sification are unable to detect distant evolutionary relationships. The primary strength of
the SCOP database lies in its manual curation. Manual curation ensures th at errors are
not allowed to creep into the database and also allows those relationships th at automated
methods may miss to be identified.
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SCOP Class
Family

D escription
Proteins clustered together on the basis of having common
evolutionary origin e.g. those with greater the 30% sequence identity
or whose structures and functions are highly similar.

SuperFam ily

Proteins with very low sequence identity but display common
structures or common functional features

Com m on Fold

Superfamilies and families which have similar secondary structure
arrangement and the same connectivity.

Class

All ot-helical proteins, all /0-sheet proteins, mixed a-helical /0-sheet
proteins or a-helical plus /0-sheet proteins

28

T a b le 1.1: The four primary levels in the SCOP database.

1.3.4.3

DaliFSSP

DaliFSSP (Holm & Sander, 1998) is a database of proteins and the relationships between
them. The database represents an all-against-all comparison of protein structures using
the DALI program. This fully autom ated classification places the emphasis on a protein’s
relationship with neighbouring proteins in fold space. Coarse and fine resolution levels of
the clustering of related proteins can be subsequently analysed.
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S ec o n d ary
S tru ctu res

B eta strand

Alpha Helix
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“W inged Helix"
re p re sso r

Protein
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(m ethylase)

F ig u r e 1.6: The components of protein structure. At the top the two major forms of
secondary structure are shown, a helix and ^ strand. Secondary structure elements
frequently combine to form motifs, two common motifs are indicated (the ^ sheet
and the helix-turn-helix motif). Protein folds are assembled from combinations of
motifs and secondary strucutre elements, two protein fold from the CATH database
are shown at the bottom (The ’’winged helix repressor” and a DNA méthylation
domain.)
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F ig u r e 1.7: The growth of the PDB from 1972.
http://w w w .rcsb.org/ (Berman et al., 2000)
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F ig u r e 1.8: The classification process for new proteins in the CATH database. New
sequences enter at the top left of the diagram and are compared pairwise with each
other and the entries in the database (HOMOL, Orengo et al. (1997)). Those that
have not been identified as a sequence match are then compared using IMPALA
(Schaffer et al., 1999). Where homologues are found a structural comparison with
all the members of the homologous superfamily (SSAPH) is performed, DHS (Bray
et al., 2000) family data can then be updated. Unmatched sequences (7) are assigned
domain boundaries using DBS (11). These resulting single domains (6 ) are once
again compared by the pairwise and profile sequence comparison methods. Where no
homologous relatives are found, a fast structural comparison program (GRATH) is
used to compare the domain with all sequence families in the CATH database. Where
a similar fold is detected CORA and ConAlign are used to compare the structure with
representatives from all the top scoring fold groups. Where GRATH does not find a
significant hit CORA (12) is used to find the correct fold. For remaining structures
pairwise SSAPs against the database are run. If there is no significant fold match the
architecture is assigned manually.
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Gene and Genom e A nnotation
Functional analysis

Gene Annotation requires the vast array of data compiled from the experimental work in
Molecular Biology and Biochemistry in the last 100 years. Over time this data has been
collected in a series of functional databases.

1.4.2

Functional A nnotation Schemes and D atabases

To date there are a large number of databases of protein functions, each implementing
a range of separate and often overlapping ontologies (Rison et al., 2000) (see Table 1.2).
The best established of these include GenProtEC (Riley & Serres, 2000; Riley & Labedan,
1997), EcoCyc (Karp et al., 2002), KEGG (Kanehisa et al., 2002) and MIPS:PEDANT
(Mewes et al., 2002). Alongside these is the ongoing Enzyme Commission project which
seeks to classify enzymes based on their enzymatic activity. The Gene Ontology (The
Gene Ontology Consortium, 2001) project is an attem pt to establish a complete functional
annotation schema for all organisms.

1.4.2.1

Enzyme Commission

The Enzyme Commission (The Enzyme Commission, 1992) is a system for assigning
enzymes to specific categories based on the chemistry of their reaction schemes. The
scheme is hierarchical and has four levels and once classified enzymes are given a unique
number which identifies the reaction that they carry out (E.G. number). The top level of
the hierarchy describes the type of reaction performed and the subsequent levels describe
various features of the reaction such as substrate or catalytic mechanism.

1.4.2.2

Gene Ontology

Gene Ontology represents an attem pt to synthesise the functional annotation from a wide
range of genome annotation projects (The Gene Ontology Consortium, 2001) to provide
a functional annotation scheme for all organisms. The project began as a collaboration
by the SGD (saccharomyces), FlyBase (Drosophila) and M GD/GXD (mouse) databases.
The complete ontology is the synthesis of three individual but interlinked ontologies, those
of Molecular function. Biological process and Cellular components. These ontologies are
structured as directed acyclic graphs. The hierarchy allows any one term to have many
parents unlike in a conventional tree like hierarchy. All relationships are of a “is a” or
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M ew es e t al. (2 0 0 2 )

M IP S : A rab ad op sis
th a lia n a D a ta b a se

h t t p : //m ip s .g s f .d e /p r o j /t h a l/d b /

M ew es e t al. (2 0 0 2 )

M IP S : P E D A N T

h t t p ://p e d a n t.g s f .d e /

F rish m an e t al.
(2 0 0 1 )

P r o te o m e .c o m Y D P
and W orm P D

h ttp ://w w w .p r o te o m e .c o m /d a ta b a s e s /

H o d g es et al. (1 9 9 9 )

M G I: M ou se G en o m e
D a ta b a se (M G D )

h t t p : //w w w .in fo r m a tic s.ja x .o r g /

B la k e et al, (2 0 0 2 )

T IG R : M icrobial
D a ta b a ses

h t t p : //w w w .t ig r .o r g /t d b /m d b /

n /a

T IG R : E xp ressed G en e
A n a to m y D a ta b a se

h t t p : //w w w .t ig r .o r g /t d b /e g a d /

n /a

K y o to E n cy clo p ed ia o f
G en es an d G en om es

h tt p ://w w w .g e n o m e .a d .jp /k e g g /k e g g 2 .h tm l

K a n e h isa et al.
(2 0 0 2 )

W h a t Is T h ere? W IT

h tt p ://w it.m c s .a n l.g o v /W I T 2 /

O v erb ee k et al.
(2 0 0 0 )

COG

h tt p ://w w w .n c b i.n lm .n ih .g o v /C O G /

T a tu so v e t al.
(2 0 0 1 )

G en e O n tology

h t t p : / / w w w .g en eo n to lo g y .o rg /

T h e G en e O n to lo g y
C o n so r tiu m (2 0 0 1 )

T a b le 1.2: List of gene product classification schemes, references and URL. Adapted
from Rison et al. (2000)

a “part o f’ type where any one term is either an instance of its parent or is part of it’s
parent’s function/ complex.

1.4.2.3

GenProtEC and EcoCyc

GenProtEC and EcoCyc are database of functional annotation for Escherichia coli. These
databases implement what can be considered to be the Riley scheme (Karp et al, 2002;
Riley & Serres, 2000; Riley & Labedan, 1997). The Riley Scheme is a hierarchical func
tional ontology for Escherichia coli. The ontology characterises pathways, reactions, genes
and chromosomal features.

Chapter 1. Introduction

1.4.2.4

33

Clusters of Orthologous Groups (COG)

The COG database (Tatusov et al., 2001) is a database of clusters of related genes from
a range of 44 organisms. The orthologous genes are recognised using sequence matching
methods.

Once the genes are clustered, using sequence matching methods, they are

assigned a function common to the genes in th at cluster. All of the clusters are further
grouped into one of eighteen functional classes (Translation, transcription etc).

1.4.2.5

M IPS - PE D A N T

The Munich Information Centre for Protein Sequences (MIPS) (Mewes et al., 2002) is the
centre for bioinformatics for the GSF (German National Research Centre for Environment
and Health). They provide annotation and database services for a range of genomes. The
PEDANT (Frishman et al, 2001) database is hosted by MIPS-GSF and provides fully
automated annotation for a large number of genomes with associated manual validation
and user tools. PEDANT is made up of 3 core parts; a database, a processing module and
a user interface. Ultimately, annotation is a result of sequence matching to proteins with
current annotation. Currently data is held for nearly 100 complete genome sequences and
a similar number of partially complete sequences.
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Gene and G enom e Evolution

Any systematic comparative project requires as its bedrock a thorough understanding of
those processes which have brought about the extant genomes th at we see today. It is
necessary to appreciate the manner in which the genomes physically arose and how the
metabolic systems th at they code for evolved.

1.5.1

Branches o f Life

For many years it was assumed th at there were five branches on the ‘Tree of Life’; Animalia, plantae, fungi, bacteria, protoctista (Margulis & Schwarts, 1998; W hittaker, 1959).
W ith the advent of gene sequencing techniques and the sequencing of ribosomal RNA
(rRNA) this was to change. Woese et al (Woese et al, 1990) noted th at there there were
only three distinct branches on the tree of life, bacteria, archaea and eukarya and that
many of the original branches were merely subgroups within these three primary clades.

1.5.2

The Prim acy of R N A

Most proposed models for the ‘Last Universal Common Ancestor’ (LUCA) or its prede
cessor imply an RNA dominated world where both enzymatic function and information
storage are carried out by RNA. One of the greatest problems with this theory is the
inability of RNA to reliably fold into defined structures capable of catalysis (Herschlag,
1995). A linked problem is th at of the leap that life seemingly made to incorporate pro
teins into a system that, seemingly, did not need them. People have begun to postulate
th at proteins initially became associated with RNA as a form of RNA chaperon, helping
RNA to maintain or find its native (functional) conformation. Once this relationship
is established then it follows that proteins gradually began to take over the enzymatic
functions they were more suited to. Di Giulio (1997b) has put forward th at the earliest
proteins present in the LUCA were likely to have been those, as defined in the structural
databases (CATH, SCOP etc), as all /3-sheet proteins. However the idea th a t proteins
became part of the LUCA as a results of being RNA chaperons would suggest this is
not the case as RNA binding proteins in modern organisms are largely mixed alpha/beta
structures

1.5.3

The Origin o f the G enetic Code

The origin of the genetic code and the origin of translation play a pivotal role in the
evolution of proteins and their structures. It is widely held th a t the genetic code and
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the transfer RNA (tRNA) synthetases we see today evolved from a smaller primordial
subset, which would have coded for a small subset of the twenty amino acids used today
(Di Giulio, 1997a; Jimenez-Sanchez, 1995; Hartman, 1995). However, there is still some
disparity about how th at genetic code arose and in what order. The opinion of some is
th at the code originated as a doublet pairing of only two types of nucleotides (JimenezSanchez, 1995; Hartman, 1995) which encoded four amino acids and this later expanded
to include a third base and with th at came two further expansions of the amino acids
available. There is argument about which two nucleotides came first, either A and U
(Jimenez-Sanchez, 1995) as derived through analysis of the biosynthetic pathways of the
amino acids, or C and G as derived through analysis of the distribution of base usage
in the codons (Hartman, 1995). Whichever scheme is chosen results in a different set
of initial amino acids and as the different amino acids are shown to spontaneously and
preferentially adopt certain secondary structures this has great ramifications for which
protein folds were available to early life. A further argument is th at the code began as
a triplet (Herschlag, 1995) as there is no satisfactory explanation as to why or how the
physical components of transcription and translation could expand from a doublet system
to accommodate a third base.

1.5.4

P rotein and M etabolic Evolution

The manner in which proteins and metabolic systems evolve has implications for the pro
tein structures which will be found within genomes. It is widely held th at most genes have
arisen through some form of duplication event and that spontaneous de novo gene/protein
creation is an event rare enough to be regarded as impossible (Waley, 1969; Zuckerkandl,
1975; Roy, 1999; Huynen & Bork, 1998). This implies th a t a great deal of repetition
will be observed, with differing folds drafted in to perform a wide range of metabolic
activities. It has been postulated th at a metabolism using a small set of multifunctional
proteins (and therefore folds) represent the earliest style of protein mediated metabolism
and th at later evolution has been concerned with duplicating these genes and refining
the specificity of each duplicate to perform only some of the tasks their predecessor was
capable of (Roy, 1999). Performed iteratively this would lead to pathways consisting of
proteins refined to perform only single tasks with great efficiency. An implication of this
is that pathways would be almost exclusively made up of proteins of common heritage
and, therefore common structure. Current observations show this is not always the case
(Teichmann et ai, 2001a; Jensen, 1976). Instead, many pathways can be shown to con
sist of proteins th at have been recruited from other pathways and as such are not direct
homologues of one another.
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G enom ic E volution

Any given genome is, of course, the result of years of evolution and it is clear th at there
are processes th a t alter the genomic composition other than the requirement for new or
more highly adapted metabolic processes. The clustering of genes, the nucleotide usage,
codon usage and promoter usage are all measurable and highly evolved features th at
affect the make-up of any genomes. Huynen & Bork (1998) have used such features to
asses the magnitude of evolution between sets of genomes. Having established a set of
baseline measurements to asses evolutionary ‘distance’ they use these to inform a series of
further observations. They note th at for studying gene regulation, those genomes th at are
phylogenetically closest are the most appropriate to study. On the other hand, the study
of metabolic evolution requires the comparison of those genomes th at are most distantly
related.

1.5.5.1

Horizontal Transfer

It has become clear, from an increasing number of studies, th at a large number of genes in
genomes are not derived through linear inheritance but have been acquired by horizontal
gene transfer (Ochman & Jones, 2000; Ponting et ai, 1999; Ochman et ai, 2000). One
system for identifying foreign DNA is the analysis of the C-l-G content (Ochman & Jones,
2000). It has been demonstrated that at least 17.6% of the E.coli genome has arisen
through horizontal transfer via at least 234 transfer events since its divergence from the
salmonella lineage (Ochman et ai, 2000). These figures are disputed by Wang (2001) as
he suggests th at any horizontal transfer candidate requires strong statistical support as
C-l-G content is affected by a range of factors.
While not initially viewed of major importance in genome evolution it is now
clear th at horizontal transfer has indeed been a major driving feature in the adaptation
and evolution of most, if not all, organisms (Davison, 1999). Microbial organisms, in
particular, still rely on horizontal transfer and have been shown to be capable of acquiring
DNA from the environment and a wide range of sources. Ponting et ai (1999) have
demonstrated th a t bacteria and archaea possess a range of eukaryotic signalling domains
which are assumed to have been acquired by horizontal gene transfer. These include the
P adl, von Willebrand factor type A, SH3 and YWTD domains. They also went on to
indicate when during divergence, they believed these domains were acquired by various
lineages.
An important observation is that microbial genomes appear to remain relatively
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constant in size. This implies th at the rate which genes enter a genome by horizontal
transfer must be matched (approximately) by the rate at which genes are degraded from
a genome (Andersson & Andersson, 1999). The processes controlling genome degradation
are obviously dependant on other external selection pressures as most obligate microbial
parasites and intracellular parasites have genomes ~1 Mega bases (Mb) in size, whereas
free living microbes have much larger genomes (up to several Mb).

1.5.6

Early E volution and the Last Com m on A ncestor

It is a widely held belief th at all extant life is derived from some form of LUCA. The
single use of uniform stereochemistry within sugars, DNA and amino acids (and hence
proteins), the universal use of DNA as a genetic storage medium, protein building
mediated by mRNA transcription/ translation and a common triplet coding mechanism
within the coding regions of DNA are often cited as evidence th at all extant life has
emerged in the last three and a half billion years from a common ancestor.

Debate

continues over whether this LUCA was a progenote (without a defined genotypephenotype relationship) or whether this organism was some form of cenancestor of
great molecular complexity after Di Giulio (2000). Woese (Woese, 1998) argues for an
early progenote evolution th at was biased towards horizontal transfer as its primary
means of disseminating genetic information.

He argues th at for the LUCA to have

been a totipotent organism capable of linear inheritance (parent to progeny inheritance)
and of most, if not all, cellular biochemistry seen today (a cenancestor), is highly unlikely.
Woese discards the cenancestor model on the basis th at it is not capable of ex
plaining how the LUCA came to be so complex in such a short space of time (less
th at one billion years).

He proposes a model whereby a progenote ancestor was a

non-lineage specific colony of bacteria-like ‘cells’ disseminating DNA via horizontal
transfer rather than linear inheritance.

As such the base of the tree of life lies not

in a single species but in a large colony of information exchanging organisms. Woese
continues to develop the model by suggesting a process of ‘genetic annealing’.

In

this process the genetic/mutagenetic ‘tem perature’ starts as ‘high’ and translation,
transcription and replication are heavily error prone; as such a great deal of sequence
space both in the genetic material and within the early proteins is sampled. As time
goes on favourable mutations arise and result in the development of increasingly complex
components of the translation/ transcription/ replication machinery. Each development
in the translation/ transcription/ replication systems reduces the inherent error rates and
the mutagenic rate is said to be ‘cooling’. Once these improved systems become complex
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with many parts, and bestow a competitive advantage on the progenotes, it becomes
increasingly imperative to hand complete systems to progeny. This, it is argued, leads
to increasing reliance on linear inheritance, as horizontal transfer does not ensure that
all components of a complex system will travel to the recipient intact. Woese ties the
emergence of the three main branches of life (bacteria, archaea and eukaryotes) to specific
stages of the ‘genetic annealing’ process.
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Aims

The following chapters approximately divide into two sections: Chapters 2 and 3 are
primarily concerned with data generation and each chapter features a broad analysis of
the data generated. Chapters 4 and 5 present further, more detailed, analysis of the data
generated in chapters 2 and 3. However, all four chapters are concerned with answering
the question of “How have protein domains proliferated within the genomes of extant or
ganisms?” Chapter 2 presents the protocol for assigning structural and sequence domains
to those protein sequences of unknown domain make-up. In Chapter 3 a protocol for
assigning functions to non-annotated sequences in the CATH-PFDB (see Chapter 3) is
developed and its application for genome annotation is discussed. The first of the anal
ysis chapters. Chapter 4, looks to investigate how domains proliferate through genomes.
Chapter 4 also considers what impact a protein domain’s function has on its prolifera
tion. The final analysis chapter. Chapter 5, looks at the order of protein structural domain
emergence. This work also seeks to integrate domain function as a method of providing
further information about the order of a domain’s appearance in evolution. Figure 1.9
indicates how the work in each chapter is interlinked.
C h a p te r 5; Fold E m e rg e n c e

C h a p te r 2: Dom ain A ssig n m en t
S eq u en ce Domains

Structural Domains

Domain Proliferation

Function Proliferation

C h a p te r 4: Dom ain C o m b in ato rics

Protein Structural Domain Em ergence

EC
M ---------------

GenProtEC

CO Gs

C h a p te r 3: F u n ctio n al A n n o tatio n

F ig u r e 1.9: Thesis Chapter relationships. The boxes in black indicate those chap
ters primarily concerned with data generation. Chapter 2 primarily results in struc
tural and sequence domain assignments to protein sequences. Chapter 3 results in
three databases of functional assignments (EC numbers, GenProtEC and COG as
signments). Both forms of domain assignment and all three forms of functional as
signment contribute to the analysis in Chapter 4. This analysis is in turn concerned
with both Domain and Function proliferation within the extant genomes. Chapter 5
is concerned with the order of emergence of the protein structural domains. For this
analysis only the structural assignments and the COG functional assignments were
used.

C hapter 2
D om ain A ssignm ent
2.1

Introduction

Proteins are largely thought to be made up of unique domains whose interactions lead to
the varied aspects of their functionality (Sonnhammer & Kahn, 1994). Many databases
attem pt to group the component domains of proteins either as families of structural
domains (Dali/FSSP, CATH, SCOP, (Holm & Sander, 1997; Pearl et a/., 2001; Lo Conte
et ai, 2002)), or as families of sequence domains (InterPro, Pfam, PRINTS, PROSITE,
ProDom, SMART (Apweiler et ai, 2001a; Bateman et a/., 2002; Attwood et a/., 2002;
Falquet et ai, 2002; Corpet et al, 2000; Letunic et ai, 2002)). In silica biology attem pts
to assign functions to protein sequences based on sequence similarity to proteins in these
protein family databases. Many of these resources provide facilities for searching with a
new sequence to determine functional properties, by inheritance, from a putative relative.
On a genome wide basis, GeneQuiz (Iliopoulos et al, 2001) was one of the first
resources which attem pted to provide functional annotations for a complete genome,
Saccharomyces cerevisiae, by assigning functions from related sequences in the sequence
databases. Approximately 60% of the genes could initially be annotated in this way, and
for about 20% of the genes, structures could also be assigned. Among the most powerful
methods currently available for assigning distantly related sequences to sequence families
are the profile based methods (e.g.

PSI-BLAST (Altschul et ai, 1997)) and hidden

Markov models, such as SAM (Karplus et ai, 1998) and HMMer (Eddy, 1998). Various
studies (Park et al, 1998; Salamov et al, 1999) have demonstrated their sensitivity over
other pairwise methods (e.g. BLAST, FASTA) for remote homologue detection (those
relatives with <40% sequence identity).

Recently, Muller et a l (1999) showed that

approximately one third of a set of very distant homologues from the SCOP database.
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previously identified through similarities in their structures, could be matched using
PSI-BLAST. Using these techniques, GeneQuiz is currently able to assign functions for
between 30 and 80 percent of genes in any given genome.

2.1.1

Structural A ssignm ent

As well as improving function prediction for genome sequences, further significant bene
fits can be obtained by identifying the structural family to which the sequences belong.
Knowledge of the structure allows the mapping of functionally im portant residues iden
tified experimentally or from sequence alignments, to their physical locations, to provide
im portant insights into functional mechanisms and the impact of single nucleotide poly
morphisms (SNPs). Furthermore, because structure is more conserved than sequence,
multiple alignments generated from structural comparisons are more accurate than those
generated from sequence alone, particularly for distant homologues. Thus, multiple struc
ture alignments, and the profiles derived from them, can often improve the detection of
conserved residues (e.g. catalytic residues), or sites associated with function (Valdar &
Thornton, 2001).

2.1.1.1

Structural Assignment Progress

Considerable progress has been made in providing structural annotation for genes and
whole genomes. The most powerful methodologies, which employ sequence profiles (e.g.
PSI-BLAST), or fold recognition methods (e.g. GenThreader, 3D-PSSM), can provide
some structural annotation for up to 50% of small microbial genomes e.g Mycoplasma
genitalium (Salamov et a/., 1999; Huynen & Bork, 1998; Muller et ai, 1999). Profile based
methods generally assign structures to about 40% of the proteins in M. genitalium (Muller
et a/., 1999), whilst threading algorithms currently provide annotations for nearly 50%
of this genome (Jones, 1999). Teichmann et al (1999) give a full review of structure
annotation of genomes.

2.1.1.2

Available Resources

Most of the publicly available resources developed for structure assignment simply pro
vide links from the protein sequence to the structural relatives in the protein databank
(PDB, Berman et al (2000)) with no direct information on structural family.

For

example, although the genome annotation resource GeneQuiz lists structural relatives
for about 10% of the genes in Saccharomyces cerevisiae

genome, there are no direct

links to structural families. PDBeast, another more recently established genome resource
linked to the MMDB (Wang et ai, 2002), provides links from genes in genomes to
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proteins of known structure as a list of structural relatives for each gene. Those regions
of genes which, using BLAST (Altschul et ai, 1990), can be assigned unambiguously
are presented and the authors demonstrate how 3D structure can be used to inform
functional predictions. Again, no information on structural family is provided.
In one of the earlier comparative genome analyses involving structural data, Gerstein (1997) used FASTA (Pearson & Lipman, 1988) to assign folds and assess their
distribution in different organisms. Interestingly, the data indicated th at most organisms’
complement of folds is highly enriched in mixed a / ^ type folds, much more so than
the current structural databases. This may reflect the tendency for enzymes to adopt
predominantly a / ^ folds.
Conversely, although many of the structural classification databases have now set
up sequence libraries which list the sequence relatives identified for proteins of known
structure, there is no direct link to the genome nor means of browsing structural
assignments for other genes from the same genome. For example. Park et al. (1997)
developed the Protein DataBank Intermediate Sequence Library (PDB-ISL), which
contains sequence relatives to structural domains in the SCOP database.

Sequence

libraries of this sort can allow for more sensitive sequence searching when using profile
based methods such as PSI-BLAST. They extend sequence diversity in the family so th at
further searches identify more distant relatives as well as the initial family members.

2.1.2

Sequence Searching M ethods

The majority of sequence searching methods utilise either dynamic programming algo
rithms or hidden Markov models (HMMs). The most popular sequence searching meth
ods today are the BLAST family (including BLAST (Altschul et a/., 1990), PSI-BLAST
(Altschul et al, 1997) and IMPALA (Schaffer et al, 1999)) and the HMM methods (in
cluding SAM-T99 (Karplus et al, 1998) and HMMer (Eddy, 1998)). Dynamic program
ming algorithm alignments may be either be global (Needleman and Wunsch) or local
(Smith-W aterman). Both SAM-T99 and HMMer allow either global or local alignments
to be generated.

2.1.2.1

Substitution M atrices

Most sequence matching methods rely on substitution matrices to ensure th at similar
residues are matched together. The process of protein sequence alignment looks to match
not just identical residues but also evolutionarily similar residues. The probability of
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a given amino acid substitution occurring in a sequence is a consequence of both the
genetic code and the phenotypic effects of the substituted residues (Higgins & Taylor,
2000). Substitutions of similar amino acids which have little effect on the function of a
protein are seen far more frequently than substitutions th at have more disruptive effects
on a protein’s function. It is possible to build matrices of the probabilities of all possible
substitutions; the most popular scoring matrices are the BLOSUM and PAM matrices.
By incorporating substitution matrices into sequence searching methods the probabilities
can be used to weigh the alignments scores, in turn this helps achieve more accurate
alignments of distantly related proteins.

2.1.2.2

Point A ccepted M utation Matrices

The point accepted m utation matrices (PAM) are based on the alignments of closely
related proteins (Dayhoff et al, 1978). The matrices score the likelihood of observing any
given amino acid substitution between two aligned proteins. The PAM-1 matrix indicates
the amount of protein sequence variation that results in an average of one m utation per
100 amino acids. By multiplying the PAM-1 matrices by itself (raising the m atrix to
a power of itself) matrices th at score more distant relationships can be generated. The
PAM-120, PAM-120 = {P A M — 1)^^°, matrix represents the scores/weights given 120
point mutations per 100 amino acids.

2.1.2.3

The BLAST Family

Unlike earlier global alignment algorithms (Needleman &: Wunsch, 1970), BLAST and
the closely related PSI-BLAST and IMPALA, use a local alignment method based on
identifying Maximal Segment Pairs (MSPs). MSPs are defined as “the highest scoring
pair of identical length segments chosen from 2 sequences” (Altschul et al, 1990). When
searching protein sequence databases, BLAST uses the PAM series of matrices to score
matches (by default the PAM-120 matrix). When interrogating a database of sequences
only those MSPs which score above a given threshold (S) are considered. If all scores
with all possible pairs of segments are compared searching a database of even modest
size would take an intractable period of time. To reduce the search time BLAST defines
a series of words of set length in the search sequences. The next step is to identify those
words which occur in the query sequence and score above a second cut-off ( T) against a
matched sequence.
Once an appropriate match is found the alignment of both query and searched se
quences is extended to discover whether the region scores above S. These last steps
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allow rapid searching of a database of sequences by preparing a library of all words to
be searched from the database. The original implementation of BLAST produces only
ungapped alignments but later implementations (BLAST-PGP (Altschul et al., 1997))
allow for gaps in alignments.
An Extension of the BLAST principle is that of Position Specific Iterated-BLAST
(PSI-BLAST). Using BLAST-PGP as the underlying search algorithm, PSI-BLAST
allows searching through a sequence database with an iteratively built profile, that
describes the results at each step. This allows identification of sequences that are more
distantly related to the initial query sequence.

The first step begins with an initial

BLAST search. Next all high scoring hits are recorded and then aligned. These align
ments are then converted into a Position Specific Scoring Matrix (or PSSM) describing
the various residue propensities at each position in the alignment. This PSSM can then
be used to search the database again. An arbitrary number of iterations of this process
can be carried out, with new high scoring hits being successively added to the PSSM.
The rationale is that highly conserved patterns are up-weighted, and thus more distant
relationships can be identified.
A lig n m en ts o f S e q u e n c e s in
D om ain Fam ily

—

r 1T

—

—

—

P S S M o f D om ain Fam ily

V
Library o f P rofiles

F ig u re 2 . 1 : The process of building libraries of PSSMs with the BLAST family of
sequence searching tools. The sequences from each family (Green, Red, Yellow and
Blue) are aligned. Each alignment is then used by PSI- BLAST to build a PSSM.
Further tools compile each PSSM into single file library which can be searched by
IMPALA.

The most recent extension of these principles is the Integrated Matrix Profiles And
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Local Alignments (IMPALA (Schaffer et al, 1999)) package. W ith this package, a library
of PSSMs can be rapidly searched with a given query sequence. This can be used to reduce
the time taken to search a database of sequences of known relationship (and therefore
known PSSMs). Once a hit to a PSSM is found, a final Smith-W aterman alignment
generates an optimal local alignment. For example in a database such as CATH, the
sequences of any family can be aligned, and stored as a PSSM (see Figure 2.1). Now a
smaller set of PSSMs, one for each family, can be searched rather than having to search
against all of the sequences in CATH.

2.1.2.4

Interm ediate Sequence Libraries

Intermediate Sequence Libraries {e.g. SCOP PDB-ISL (Park et al, 1997) and the CATHPFDB (Pearl et al, 2002)) are databases of protein sequences th at extend known families
of proteins (in these cases families of protein structures) to increase the families’ diagnostic
power when used in sequence searching methods. It is known th at when attem pting to
match protein sequences using current sequence matching methods (e.g. BLAST) some
sequences have diverged too far for the relationship to be identified. In these cases it may
be the case th a t a third (intermediate) sequence can provide the relationship th at links
sequences th at are too distantly related. A sequence (A) has a relationship to sequence
(C), but this can not be identified by a simple sequence search, it may be th at there is
a sequence (B) th at has a true relationship to both A and C. In this example, sequence
B is the intermediate sequence th at provides the relationship of A to C. An intermediate
sequence library stores all the close sequence relatives to known protein families so th at
more distant relationships can be identified in future sequence searches.

2.1.3

Sequence D atabases

There are a large number of sequence databases which attem pt to cluster the available
protein sequences into sequence domain families these include COGs (Tatusov et al,
2001), Pfam (Bateman et al, 2002), PRINTS (Attwood et al, 2002), PROSITE (Falquet
et al, 2002), ProDom (Corpet et al, 2000), SMART (Letunic et al, 2002), TIGRFAMs
(Haft et al, 2001).

Alongside these is the InterPro project (Apweiler et al, 2001a),

which is a secondary database for combining these sequence family databases into
a single resource.

The large majority of these databases only cluster the available

sequences into families, store those families and allow users to search their own sequences
against the databases or pull out genes which have sequences assigned (Pfam, PRINTS,
PROSITE, SMART, TIGRFAMs, InterPro). Some {e.g ProDom, Proteome (Apweiler
et al, 2001b)) also seek to provide genome by genome annotation using sequence domains.
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those

th at are compiled automatically such as ProDom, those th at are manually curated such
as PRINTS, PROSITE and SMART, and those that are a combination of both, including
Pfam, Proteome, InterPro, TIGRFAM and COGs. Of the manually curated databases,
many include an additional sequence searching step to identify extra family members
from the sequence databases, and thus increase the diagnostic power of a given domain
family.

2.1.4

W hole Sequence C luster Databases

2.1.4.1

P rotoN et

The ProtoNet project (Sasson et al, 2002) attem pts to describe sequence space by clus
tering all protein sequences from SWISSPROT into families. Like many gene clustering
processes it begins with an all against all BLAST search. Sequences are clustered using
a hierarchical clustering method. Initially, all sequences are placed in their own singleton
clusters. The singleton clusters are then compared to see if they should be merged based
on a range of clustering criteria. If required, a new cluster is assembled from the old
clusters. The algorithm looks to merge the clusters if the BLAST E-values are similar
enough, and E-values of the the resulting merged cluster are not too disparate from the
mean average E-value of the merged cluster. When building ProtoNet, four types of mean
were examined (Arithmetic, Square, Geometric, Harmonic). It was found th at clusters
built using the Geometric mean have the greatest biological relevance.

2.1.4.2

TRIBE-M CL

TRIBE-MGL (Enright et al, 2002) is a rapid method of clustering whole sequences into
protein families.

Like ProtoNet and DIVCLUS, the method seeks to reduce the im

pact promiscuous domains (those th at are are found in many proteins) have on the misclustering of proteins. Again, like all other methods clustering is based on a sequence
similarity measure.

For the TRIBE-MCL database, ‘Tribes’, BLAST is used and E-

values are used as similarity measures. The Tribes database clusters all those proteins
within SWISSPROT and the completely sequenced genomes. The relationships are then
described as a graph, with proteins as nodes and the similarity score (E-value) as the
edges. The graph (represented as a matrix) is then clustered using the Markov Clustering
(MCL) algorithm. The MGL algorithm can be said to simulate ‘random walks’ within the
graph to establish the probabilities th at various sequences are close to one another {i.e.
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highly connected) and therefore belong to the same cluster. The random walk would be
most likely to traverse edges in a cluster th at is highly connected than it is to traverse
an edge to a new cluster or distant sequence. Initially, edges in the graph are converted
to traversal probabilities. The clustering process occurs via the iterative process of upweighting the edges of highly connected regions of the graph (multiplying the m atrix by
the expansion operator) and then rescaling the graph so the edge values are returned to
traversal probabilities (the inflation operator). This process of expansion and inflation
is repeated until the m atrix converges and no new changes occur. At the conclusion of
the process many edges will be removed (ideally those connecting disparate clusters) and
many edges will remain (those th at connect sequences th a t are clustered together). This
state of the m atrix is taken to represent the protein family clusters.

2.1.4.3

SYSTERS

SYSTERS (Krause et ai, 2002) is an example of a clustering method where whole se
quences are matched using BLAST, and the resulting E-value scores are used to cluster
the database of sequences. The SYSTERS database is comprised of a non-redundant set
of sequences drawn from SWISSPROT, TrEMBL, FIR, FlyBase, WormPep and MIPS.
The multi-domain nature of proteins raises problems when considering scores between
whole chains as a valid form of clustering. As a consequence several more complex clus
tering methods which try to identify the internal domain structure of a sequence have
been developed.

2.1.5

Sequence Dom ain D atabases

An alternative to the sequence cluster databases are those databases based on domain
clustering methods. These methods include DOMAINER (Sonnhammer & Kahn, 1994),
DIVCLUS (Park & Teichmann, 1998), MkDom (Gouzy et al, 1997) and TRIBE-MCL
(Enright et al, 2002).

2.1.5.1

Pfam

The Pfam database is a manually curated database of protein domain families. Domains
are taken from a variety of sources the most, prominent being PRODOM (see below)
and then manually verified.

Once a domain family has been accepted for entry into

Pfam, all the family members are aligned to generate the seed alignment from which an
HMM model is built. HMMer (Eddy, 1998) is used to search the SW ISSPROT/TrEMBL
sequence database to find more family relatives. All the family relatives are then aligned
to generate the full alignments. The seed alignments and full alignments form the two
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halves of Pfam A. Domain families from PRODOM not in Pfam A are then added to
generate a separate database called Pfam B. The database provides downloads of either
the Pfam A (full or seed) alignments, Pfam B alignments or the HMM models.

2.1.5.2

D O M AIN ER

DOMAINER (Sonnhammer & Kahn, 1994) is a sequence clustering method th at attem pts
to delineate the sequence domains within given sets of sequences. The initial step begins
with an all against all sequence search to produce Homologous Segment Pairs (HSPs)
using BLASTP. Homologous Segment Sets (HSSs) are then constructed from the HSPs:
overlapping regions from multiple proteins are clustered as belonging to the same group.
Domain boundaries are then detected using one of three criteria: i) the Real N- or Ctermini of a protein are used to identify domain boundaries within the HSSs, ii) shuffled
domains are detected, if domains A, B and C occur in differing combinations (AB, AC, DB
etc..), this can provide evidence th at these domains are autonomous; iii) repeated units
are used to identify domain boundaries. The DOMAINER process ends by generating a
multiple sequence alignment of each domain family.

2.1.5.3

DIVCLUS

DIVCLUS (Park &: Teichmann, 1998) is part of a larger suite of programs, GENFAMMER, which seeks to cluster proteins using single-linkage clustering. Problems arise when
matches made by common domains in multi-domain proteins cause unrelated domains to
be clustered together. DIVCLUS looks to delineate the domains within multi-domain
proteins to prevent such problems. DIVCLUS is an iterative process that successively
compares pairs of aligned sequences to establish how much they overlap; if the overlap is
within a given tolerance the pairs are merged. This iterative process is continued until it
converges and there are no new changes to the merging domains.

2.1.5.4

PRO DO M

The PRODOM database is a fully automated clustering of protein domains based on the
clustering algorithm MkDom (Corpet et al, 2000). The PRODOM database contains data
for all proteins found in SWISSPROT-TrEMBL. Using MkDom (Gouzy et al, 1997) all
sequences in a given database of sequences are compared to the database using BLASTP.
This gives a list of homologous segment pairs. Next, these pairs are grouped into a series of
homologous segment sets (HSS) using a process of transitive closure (see below). Further
automatic processing of the HSS alignments attem pts to infer domain boundaries given
some known indicators including the ends of sequences, the ends of tandem repeats, or
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where sequence shuffling is evident. Finally, multiple alignments for each sequence domain
are generated. Currently two versions of MkDom are available, MkDom 1 is based on the
BLAST algorithm and MkDom 2 is based on the PSI-BLAST algorithm.
2.1.5.4.1

T ra n s itiv e C lo su re

Transitive Closure is an iterative algorithm for finding

all connections between every node in a given graph. An example graph is shown in Figure
2.2: In the first iteration of the algorithm all possible pairwise connections are recorded; in
the second iteration all second order relationships are constructed. For example, because
there is an edge from node one to node two, and there is a edge between nodes two and
four there is a relationship between nodes one and four. This process is iterated until
no new relationships can be identified. For the purpose of clustering, the nodes can be
thought of as the individual sequences and the edges as the scored relationship between
them (such as BLAST E-value). When clustering, one of two strategies can be used: either
only edges with scores above a given cut-off are allowed when assembling the graph, or
relationships are only recorded when the score is above a given cut-off during the iteration
process. The MkDom procedure uses the latter of the two strategies. When the graph
has non-connected separate cliques (clusters of nodes) these can regarded as the different
sequence clusters.
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1st Order
1:2
1:3
2:1
2:4
2:5
3:1
3:6
4:2
5:2
6:3
6:7
7:8
8:9
9:8

2nd Order 3rd Order 4th Order 5th Order 6th
1:7
1:8
1:9
2:9
1:4
2:7
2:8
4:8
2:6
1:5
3:4
3:9
4:7
5:8
1:6
3:5
4:6
5:7
2:3
3:2
5:6
3:8
6:4
3:7
4:3
6:5
4:1
5:3
4:5
6:2
5:4
6:9
5:1
6:1
6:8
7:9

7th Order
4:9
5:9

F ig u r e 2.2: Transitive Closure. The figure shows how all relationships are assembled
during the process o f transitive closure. The graph has nine nodes and eight edges;
two of the edges axe unidirectional (as indicated by the arrows). Initially all first
order relationships are assembled by listing all connections that exist to one degree
of separation ( 1st Order column). Once all first order relationships are constructed,
the second order relationships (two degrees of separation) can be assembled. This
is done by examining the list o f first order relationships to establish which further
relationships exist. For example, as node one is connected to node two and node two
is connected to both nodes four and five, there is path from node one to nodes four
and five. All of these logical relationships are built up for every degree of separation
without duplicating known relationships until no new connections can be made.
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M ethods

Protein domain annotation is broken down into three main steps. Structural domain
annotation uses the CATH database to assign structural domains to GenBank sequences
of unknown structure using PSI-BLAST. Next the remaining, unassigned sequences are
assigned to Pfam domains using IMPALA. Finally the remaining unassigned sequences
are clustered using MkDom.

2.2.1

M ethod O verview

For the purposes of making structural and sequence domain assignments to proteins of
unknown domain composition, two libraries of protein domains were assembled. The first
library is of structural domains from the CATH database version 2.4 (Pearl et al., 2001).
The second library of sequence domains is from the Pfam database release 6.2 (Bateman
et ai, 2002). The process of assigning domains to sequences of unknown domain structure
is a three step process. First, where possible, using PSI-BLAST, all CATH representative
sequences are matched to the library of sequences of unknown domain. The second step
attem pts to match all regions of sequence not assigned to a CATH structural family
to a Pfam sequence family using IMPALA. Finally, any gene segments th at were not
assigned to the sequence or structural domains are clustered using MkDom version 1
(Couzy et al, 1997), the sequence clustering method from the ProDom database (Corpet
et ai, 2000). Between each of the three procedures protein sequence segments between
assigned domains of less than thirty residues are discarded. This is done to remove small
linker regions or trailing regions at the start or end of sequences th at are unlikely to be
domains, and are so small they would impede the performance of IMPALA or BLAST.
Figure 2.3 gives an overview of the assignment process.

2.2.2

Structural D om ain A ssignm ent

2.2.2.1

Selection of D ataset for Structural Dom ain Assignm ent Protocol

The non-redundant database from CenBank (at 100% identity) was used (NRDBIOO)
as the PSI-BLAST library to which the CATH structural domain were assigned. The
NRDBIOO th at was used contained '^900,000 sequences. All the sequences in CenBank
were regarded as having unknown domain makeup whether or not the sequences were
already present in the CATH or Pfam databases.
The data for the first 32 completely sequenced genomes was also downloaded from
CenBank. This set includes 2 eukaryotes, 6 archaea and 24 bacteria.
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NRDB100 G enes of
unknown domain structure.
PSI-BLAST against CATH
NRDB100 G enes with CATH
structural assignm ents
Select gen es from analysed genom es
Genome g en es with CATH
structural assignm ents
IMPALA against Pfam
Genome g en es with CATH assignm ents
and Pfam sequence domain assignm ents
Mkdom
Genome g en es with CATH & Pfam
assignm ents and Mkdom gene Clusters
F ig u r e 2.3: The order in which domains are assigned to protein sequences and the
underlying sequence matching method at each step. In the first step PSI-BLAST is
used to match CATH structural domains to the genes in the NRDBIOO. Then those
genes, and their structural assignmnets, in the 32 studied genomes are selected from
the NRDBIOO. The subsequent step matches Pfam domain profiles to the remaining
regions of protein sequence using IMPALA. Finally Mkdom is used to cluster the
remaining gene regions.

2.2.2.2

Selection of D ataset for Benchmarking Collapse M odule

For testing the Collapse module (see below), which resolves overlaps between homologous
Superfamilies assigned to the same region of a protein sequence, a test set of 200 nonredundant protein sequences displaying various forms of overlapping assignments were
selected and used for empirical cut-off assignment. Domain assignments were selected
because they displayed the types of overlapping domain typically found in the initial
domain assignment data.

2.2.2.3

Selection of Representative CATH Structural Dom ains

Representative structures/sequences were selected for every S95 sequence family in the
CATH Protein Family Database (the CATH-PFDB (see Chapters 1 & 3); where each
sequence family contains members th at are 95 percent sequence identical or higher) (Pearl
et al., 2001). Each of these protein sequence families falls into one of five main fully
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classified categories (CATH classes one to five) or one of three additional categories (CATH
classes six, seven and eight) which refer to protein currently being integrated into the
CATH classification (see Table 2.1). Class nine consists of those fragments which are left
over in proteins once the domains have been identified. These CATH S95Reps are those
th at were matched to the GenBank NRDBIOO using PSI-BLAST.
N um ber
CATH Class
1
All a domains

D escription
Domains with >15% a helix and <15% /3 sheet.

2

All /3 domains

Domains with <15% a helix and >15% /? sheet.

3

Mixed a and
/3 domains

Domains with >15% a helix and >15% ^ sheet.

4

Domains with
little secondary
structure
Fully classified
multi-domain
protein chains

Domains with <15% a helix and <15% /3 sheet.

5

Multi-domain proteins that have been divided into
domains which have been classified in Classes 1-4.

6

Part classified
single domain
protein chains

Single domain proteins that have been clustered based
on sequence identity using PSI-BLAST but have not yet
been assigned a class from 1-4.

7

Part classified
multi-domain
protein chains

Multi-domain proteins that have been clustered based
on sequence identity using PSI-BLAST but have not yet
had their constituent domains identified and classified.

8

S35 Clusters

Proteins that have been sequence clustered using
HOMOL, see Chapter 1.

9

Protein
fragments

Fragments from multi-chain domains

T a b le 2 .1 : The primary levels in the CATH database.
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Identification o f Sequence R elatives to D om ains in CATH
D atabase U sing PSI-BLA ST and D om ainFinder

Initially, CATH S95Reps are matched to sequences within the NRDBIOO from GenBank
(Pearl et al, 2002). Sequence matching is performed using PSI-BLAST, and only matches
with an expectation value (E-value) of less than or equal to 5 x 10“^ are included in the
profile for the next iteration. This parameter is recommended by Park et al (1998) and
validated by Pearl et a l (2002). Using these E-value thresholds derived by Pearl et al
(2002) the CATH S95Reps are matched to the genes in the GenBank NRDBIOO using
PSI-BLAST. The results are collated into a list of SRep matches to genes. These SRep
matches form the input for the DomainFinder algorithm and the DRange protocol.
2.2.3.1

D o m a in F in d e r

The list of SRep matches are compiled to form the input for the clustering algorithm Do
mainFinder (Pearl et al, 2002). S95Rep assignments for regions within genes are clustered
based on the homologous superfamilies of S95Reps. These clusters are then converted into
a consensus description which describes the location of a domain within a gene. Where
S95Reps of the same CATH homologous superfamily are assigned to the same region of a
gene consensus and extreme region data can be derived. The consensus regions are those
regions where the all S95Reps overlap and the regions where they did not all overlap are
defined as the extreme regions, as illustrated in Figure 2.4. All downstream processing is
then performed by DRange, a suite of code that attem pts to resolve any clashes between
two different homologous superfamilies (H Families) that have been assigned to the same
gene region. Frequently homologous superfamily assignments may overlap.
2.2.3.1.1

O v e rla p p in g D o m ain A ssig n m en ts

DomainFinder’s clashes may arise

due to the way in which the CATH database is necessarily compiled. CATH is cautious
in its assignment of homologous superfamilies. Proteins which have diverged to an extent
th at their sequence and/or structural similarity falls below the cut-offs used to assign
homologues are placed in separate homologous superfamilies unless there is sufficient
additional functional evidence to merge the families.

Problems, for any database of

domain families, arise when there is not enough functional evidence available at the time
of classification, or where relatives have diverged too far. In these cases proteins with
clear structural similarity but no clear sequence similarity will be assigned to the same
fold group but not the same homologous superfamily. This ensures th at homologous
superfamilies remain self-consistent and that they do not include evolutionarily unrelated
proteins.

However, when distant sequences from the same protein family are placed
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Gene Sequence

}

CATH Hi
(5 S95reps)

Consensus range of putative domain
recruited to

>

CATH H ;
(3 S95reps)

Extreme range of putative domain
recruited to H.

♦ Overlap must be >50% length of S95rep
♦ E-value < 0.0005

F ig u r e 2.4: DomainFinder consensus and extreme derivation. In the illustration
CATH S95Reps (S95Reps) from two different homologous superfamilies have been
matched to the Gene using PSI-BLAST, one family in red the other in green. Only
those S95Rep hits that represent an overlap of >50% of the S95Reps length and with
an E-value of <0.0005 are used. The first example (red) illustrates the consensus
region, this is the region on a gene where all of the S95Reps members overlap. The
second example illustrates the extreme regions, these are those regions of the gene
where not all of the members of an S95Rep family have matched

in different H families (due to lack of functional evidence), they may match the same
region of a gene of unknown structure. It will then appear that two different homologous
superfamilies have been assigned to the same region of a gene even though the two
superfamilies may actually be evolutionarily related.
Additionally, domain clashes may also arise when the N terminus of one assigned
domain overlaps with the C terminus of an adjacent assigned domain.

These arise

because domains within homologous superfamilies may contain additional residues
(extensions) at their C or N terminus. Such extensions are part of the natural variability
within homologous superfamilies. When domains are aligned to genes, their extensions
may extend along the gene and may overlap with adjacent domain assignments causing
a clash.
2.2.3.2

D R an g e : A S u ite of M odules to V erify D o m ain A ssig n m en ts

The D Range suite contains three modules (Collapse, Multiparse, Clean Assign) for remov
ing noise from the domain assignment data and resolving clashes where domains from two
different homologous superfamilies have been assigned to the same region of a gene. De
cisions are based on rational criteria for determining whether the overlapping regions are
related, or whether the overlapping regions fall within a tolerable level of overlap. In
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cases where overlapping structural domains display different folds, the assignment th at
has the greatest sequence evidence in support is kept (Multiparse module). Finally where
there is insufficient sequence evidence both domains are kept if the overlap is small, oth
erwise, both are excluded (CleanAssign module). Figure 2.5 gives an overview of the
DRange protocol with typical values for the levels of structural domain assignments for
one organism.
4289 E. coll protein gen es
PSI-BLAST
Initial PSI-BLAST assignm ents

8591 Structural assignm ents

Collapse
Collapsed assignm ents

8408 Structural assignm ents

MultiParse
Assignments verified using full PDB chains - 8161 Structural assignm ents
CleanAssign
Clashes resolve

2677 Structural assignm ents
3160 Class 5 PDB Chain assignm ents
943 Class 7 PDB Chain assignm ents

Genome annotation
F ig u r e 2.5: The data resolution process with the typical figures taken from the
genome annotation o f Escherichia coli. The final domain assignments are for all
CATH classes. Classes 1-4 and 6 are the single domains classified in CATH (see table
2 . 1). Classes 5 and 7 are full protein chains at various stages of classification.

2.2.3.2.1

C o llap se M o d u le

The first of the steps in DRange is a module called

Collapse which clears up any “noise” in the data (amounting to around three percent of
the assignments). The strict cut-offs in the DomainFinder algorithm can lead to over
cautious assignment of consensus regions. This problem, illustrated in Figure 2.6, arises
when a homologous superfamily matches a distantly related gene and does not achieve a
global alignment with the gene. The DomainFinder algorithm will not merge the smaller
assignment with the others as it does not overlap to a great enough extent, assignments
must overlap by at least 35% to be included in a consensus domain. Collapse looks to
find consensus regions of the same homologous superfamily th at completely overlap and
merges them together.
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Figure 2.7 illustrates the three main types of same homologous superfamily over
lap found. In the first two cases, merging the assigned regions is legitimate but in the
final case it would not be allowed (this is termed ‘chaining’). Any two regions to be
merged must overlap by at least 60% of the larger CATH domain, and the extremes must
not extend beyond 20% of the length of the larger domain. Chaining may occur when
a gene has a repeated sequence motif. The homologous superfamily regions that are
assigned to each motif may overlap, if these were merged together they would produce a
domain that was not globally similar to the sequence of the homologous superfamily. To
avoid chaining, any resulting merged consensus region must not be longer than 130% of
the length of the largest initial domain.
G en e

CATH

6 S 9 5 R e p hits

T he C o n s e n s u s regions
F ig u r e 2.6: How DomainFinder’s cautious assignment of consensus regions can pro
duce consensus regions that the DRange protocol considers to be noise. In this in
stance, several S95 rep hits have aligned with a gene (indicated with red stripes).
The DomainFinder algorithm has attempted to merge these into a consensus regions
(indicated in red) but one is considered by DomainFinder to be too small to belong
with the others (it has insufficient overlap with the others), and a second consensus,
derived from only one SRep hit is built. For the purposes of the Gene3D resource, it
is sufficient that the smaller domain is merged into the large region.

2.2.3.2.2

M u ltip a rse M odule

Resolving clashes between different homologous su

perfamilies starts with the Multiparse module. This uses the domain boundaries within
CATH classified multi-domain protein chains to verify which domains should be accepted
and which rejected when two domains from differing CATH superfamilies clash. The clash
of three domain assignments (labelled homologous superfamily H1,H2 and H3) and the
resolution process are illustrated in Figure 2.8. In the example, a gene is hit by a multi
domain protein which comprises two domains, belonging to homologous superfamilies HI
and H2, whose domain boundaries have already been determined. As the multi-domain
sequence matches the full gene, the gene is presumed to contain the same domains as
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Gene
Initial C onsensus
Regions

X

New C onsensus
Regions

F ig u re 2.7: The Collapse module consensus assignments. Boxes, shown in red
represent consensus regions, and are either the initial assigned consensus regions, at
the top, or the consensus regions resulting from processing by the Collapse module
at the bottom. The Collapse module seeks to allow cases A and B without allowing
case C (Chaining). In case A, the two regions from the same homologous Superfamily
overlap to a great enough extent that they are merged together. In case B, one region
is contained within another region of the same homologous superfamily and they are
merged. In case C, it is clear that the top and bottom regions do not overlap, so
merging the four regions is not allowed.

the multi-domain protein from CATH. Those domain assignments that match the multi
domain protein and its domain boundaries are allowed (from H family 1 and 2), and the
data for the third domain assignment (H family 3) is removed from the list of consensus
matches.
2.2.3.2.3

C lean A ssig n M o d u le

The CleanAssign module combines an overlap de

tection algorithm and a decision tree to decide whether homologous superfamily over
laps represent a cross assignment (i.e. a gene region where two different CATH fold
groups/homologous superfamilies have been assigned), or an acceptable overlapping of
domains from different superfamilies. In the case of a cross assignment, no reliable an
notation of that sequence can be made, and these data are removed from the process of
genome annotation. On the other hand, if two separate regions of the gene are assigned
different H families, but only their ends overlap this may constitute an acceptable over
lap. An acceptable overlap is either not more than 30 residues or, in the case of larger
domains (greater then 300 residues), not more than 10% of the residues of the largest and
30% of the residues of the smallest. These overlap thresholds were determined empirically
(F.Pearl, personal communication). Figure 2.9 shows the decision tree with the overlap
limits. Those overlapping domains which are accepted are used for genome assignment.
Where the cross hits share the same fold, but belong to different homologous superfam
ilies, assignment for such regions of genes can only be made at fold level (although the
significance of the PSI-BLAST match may suggest these proteins are homologues which
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Gene
"

Assigned domains

H3
H2

Multi-domain protein
from CATH,
domains marked

MultiParse
Gene

1

1
Verified domains

H2
Hg

Multi-domain protein
from CATH,
domains marked

F ig u r e 2.8: The process of domain resolution using Mulitparse. The Gene is in
dicated as the white bar and the domains as the coloured bars. Identical Homol
ogous Superfamilies share the same colours; Hi: Red, H^: Blue, H 3: Green. The
multi-domain protein is labelled with the two domains that were identified by CATH
classification procedure. Because the multi-domain protein represents a ’global’ hit,
it is assumed that the gene has a similar pattern of domains; as a result, assignments
for H families one and two are retained, whereas the assignment for H family three is
lost.

were undetected at the time of classification in the CATH database). When assignments
are made at the homologous superfamily level the a CATH number of the form n.n.n.n
(e.g. 1.10.10.10) is attached to that assignment, if the assignments can only be made at
the fold level a CATH number of the form n.n.n.XXX is used (e.g. 3.40.50.XXX).

2.2.4

Making Structural Assignm ents to G enom es

Once all the domains matched to the sequences in the NRDBIOO are processed by Do
mainFinder and DRange a final ‘clean’ list of, non-overlapping, domain assignments is
compiled. Protein sequences in the NRDBIOO are then matched to the relevant sequences
in the 32 genomes downloaded for this study. The set of sequences in the 32 genomes is
then used for subsequent sequence domain assignment.

2.2.5

Sequence Domain Assignm ents

2.2.5.1

S election of th e D a ta se t for P fam S equence D o m ain A ssig n m en ts

For the purposes of making assignments for the remaining genomic sequences to sequence
families, the seed alignments from Pfam A release 6.2 were used. This contained 2773
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Raw dom ain a ssig n m en ts

f

Is there
overlap between
extreme ranges?

Is there
overlap between
consensus
'\r a n g e s ?
Domain
assignments
kept
Is the
overlap greater then
30 residues?

V

Is the overlap
^ > 1 0 % of the residues of t h ^
larger domain and > 30% of the
residues of the

^ " \sm a ile r domain^^^'"^"^

Domain assignments unresolved and discarded
F ig u r e 2 .9 : The CleanAssign m odule’s decision flowchart for deciding on acceptable
overlaps between consensus regions with differing homologous superfamily assign
ments. T he CATH domain assignments from domains in CATH classes 1,2,3,4 and 6
(see Table 2.1) are analysed by the decision tree.
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sequence families. A library of gene segments was constructed containing only those
regions of the genome sequences which had not previously been assigned to a CATH
structural family. Once all segments of less than 30 residues were removed this contained
195,260 sequence segments.

2.2.5.2

Building a Pfam Domain Library

The seed alignments from Pfam A release 6.2 were used to construct an IMPALA library
of sequence profiles. In choosing how to build a library of Pfam domains two decisions
were made.

The first decision was not to use the library of HMM profiles provided

by Pfam, instead a library of IMPALA profiles was built.

This decision was made

in light of the prohibitively long processing time required to scan ^195,000 sequence
segments from the genomes against the 2773 Pfam HMMs using HMMer, given the
computing resources available. IMPALA is nearly ten times faster than HMMer. The
next decision was to use the Pfam A seed alignments rather than the full alignments.
In theory the full alignments will encode more distant sequence information and thus
allow a greater number of distant relationships to be identified.

However, when this

was attem pted, IMPALA ran into intractable computer memory problems with a
number of Pfam families for which the the full alignments were too large. Rather than
develop a separate protocol for the largest families, it was decided to use the smaller
seed alignments to remove the computer memory issues and thus treat all families equally.
To build the IMPALA profiles library the alignments from the Pfam A seed fam
ilies were extracted.

Profile matrices were then generated using PSI-BLAST. The

matrices were then compiled into the profile library using the makemat and copymat
tools provided with IMPALA. IMPALA is then used to search the library of Pfam profiles
and hits are collected on the basis of E-value, where an E-value th at guarantees the
lowest rate of errors for the greatest level of coverage is used.

2.2.5.3

Benchmarking the Pfam IMPALA library

The E-value reported by a given sequence searching method is dependent on the size
of the database which is searched. Any sequence library to be searched by a sequence
searching method must be benchmarked to determine an E-value th a t provides the best
trade off between selectivity (the ability to identify only true positives) and sensitivity
(the ability to identify all true positives). Often as sensitivity increases there is an inverse
decrease in selectivity.

That is, as the number of true positives identified increases

so more false positives arise. The process of benchmarking looks to find the highest
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E-value th at offers the best balance between sensitivity (the number of true positives
found) and error rate (the number of false positives found). To benchmark sequence
matching methods a library of sequences with known relationships can be used. In this
case SRep sequences from the CATH database are used. In these cases it is known to
which homologous superfamilies each of the SReps belongs. At a given e-value it can be
determined when an SReps has been matched correctly to its appropriate homologous
superfamily.
For the purposes of benchmarking, 582 CATH homologous superfamilies were taken
from those assigned to the complete genomes. For each family the sequences from the
CATH-PFDB (see Chapter 3) were aligned using ClustalW, these multiple alignments
were used to generate the profiles and hence matrices for inclusion in the Pfam IMPALA
library. Next the complete set of CATH S95Rep sequences were taken, any sequences
included in the 582 CATH IMPALA profiles were removed to prevent the true positive
rate being artificially inflated. The remaining 2665 CATH S95Reps were then added
to the set of genomic gene segments th at remained after CATH structural domain
assignment. For the benchmarking, hits of the CATH sequences to Pfam profiles or gene
segments to the CATH profiles were ignored. Ideally of the 2665 SReps, all those related
to the 582 profiles would match (100% True Positives) and those SReps not related would
not match the 582 profiles (0% False Positives).
To calculate the error rate, the number of True Positive hits and False Positive
hits were recorded. For this benchmarking a True Positive result was regarded as any
time the top matching S95Rep to a CATH IMPALA profile had the same homologous
superfamily. A False Positive was regarded as those occasions where the top matching
S95Rep to a CATH IMPALA profile had a different homologous superfamily.

The

number of True Positives and False Positives were used to work out the coverage and
error rate for every given E-value using the formula shown in Figure 2.10. From the
error curve (Figure 2.11 an E-value of 1 x 10“®was selected as giving the best trade off
between error rate and coverage. Impala has been shown to give a lower coverage for any
given error rate (Bray, 2001). it was decided to allow an error rate of ~2% as greater
coverage was deemed to be most im portant for the subsequent analysis. The E-value of
1

X

10“®was then used to select those hits of gene segments to Pfam families th at were

both significant (had a low E-value), and had a low error rate (^^2%).
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FP
FP + TN

% Error =

X100

F ig u r e 2 .1 0 : Figure shows the formula for calculating error rate. The number of
False Positives (FP) is divided by the total number of errors (F P + T N ) and multiplied
by 100 to give a percentage.

E-value =1x10'®
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P e rcen tag e Error

F ig u r e 2 . 11 : The error curve for the Pfam-CATH IMPALA model library bench
marking. The arrow indicates the point considered the best trade off between selec
tivity and sensitivity. At this point an E-value of 1 x 10“ ® gives 60% coverage with
only an approximate 2% error rate.

2.2.6

Sequence Clusters Assignm ents

2.2.6.1

Selection of the Dataset for Generating MkDom Sequence Clusters

All remaining gene segments that were not assigned to either a CATH structural family or
one of the Pfam sequence families were clustered into sequence families using the MkDom
algorithm. All gene segments of less than thirty residues were removed from the set to be
clustered with MkDom.

2.2.6.2

Building Sequences Clusters using MkDom

The MkDom sequence clustering algorithm seeks to identify sequence domains within a
database of sequences or sequence segments. MkDom was run on the sequence library of
sequence segments using the default parameters, those parameters used for compiling the
PRODOM database (Corpet et aL, 2000). After the clusters were generated any clusters
of alignment size of less than thirty residues were discarded. This resulted in 130 sequence
clusters which were assigned to the remaining gene segments.
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R esults

The domain assignments are made using a combination of PSI-BLAST (Altschul et aL,
1997) and IMPALA (Schaffer et aL, 1999), and finally MkDom (Corpet et aL, 2000) (see
Table 2.2. Using these methods structural annotation for between ~30-50% of the protein
sequences from 32 of the complete genomes in GenBank can be provided.

Sequence

domain annotation can be provided for a further ~10%-30% of the genes in a given
genome. The use of structural domains allows the greatest confidence in the domain
assignments generated by PSI-BLAST as structural domains are known to be complete
independant domains. On the other, hand sequence domains can be large or small either
representing part of a domain, or pairs of domains. As a consequence this study regards
sequence domains with less confidence than the structural domains. In turn, the Pfam
domains are manually curated and these are regarded as more reliable than those domains
generated by MkDom.

2.3.1

D om ain D istrib u tion A nalysis

2.3.1.1

P roteom e Assignm ent Levels

Most organisms have a domain assigned to least 40% of their genes, and 29 have domains
assigned to more than 50% of their genes. This indicates th at some form of structural or
functional information can be associated with over 50% of the genes in a given organism.
When comparing Figure 2.13 to Figure 2.12 the fact th a t nearly double the percentage
of genes are annotated than the percentage residues in any organism suggests that many
genes have second domains th at are still awaiting annotation.
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R e sid u e A ssig n m e n t Levels

Assignment of domains leads to broadly similar levels of assignment to residues of
structural and sequence domains of any genome (see Figure 2.13). In all cases, around
ten to twenty percent of a given genome remains within a region th at cannot be
annotated. These regions are the segments of less than thirty residues th a t were excluded
to prevent the Pfam and MkDom assignment steps producing spurious results. These
regions are unlikely to be complete domains, or are likely to be only linker regions
connecting domains. Where these regions are small domains (such as the zinc-fingers)
it is conceded th at these assignments are lost in favour of efficient use of PSI-BLAST
and IMPALA. The regions marked as Unannotated (Figure 2.13) were those th a t went
through the assignment protocol and were not assigned to a CATH, Pfam or MkDom
family. Regions assigned to a MkDom cluster usually made up less than one percent of a
given genome. Pfam and CATH covered residues make up by far the greatest annotated
regions in any genome, covering between 15-25% (Pfam domains) or between 15-30%
(CATH domains). W ith two notable exceptions, the percentage of residues assigned to
Pfam domains is between ten and 21 percent.
The two genomes th at do not follow this trend are Chlamydophilia pneumoniae
and Mycobacterium tuberculosis. In both these cases, the level of CATH assignment is
far smaller than the other genomes. This was a result of the GenBank NRDBIOO file not
containing gene identifiers th at were in the genome files: an external problem. In both
cases, the missing CATH assignments are recovered by the Pfam assignments so th at the
total assignment is within the range of the other genomes. This demonstrates th at many
of the Pfam domain families are equivalent to the CATH domain families.
Interestingly, eukaryotic genomes pick up only half the of annotated residues as
signed in comparison to the prokaryotic genomes. There are several possible reasons for
this; the first is th a t the domain databases (CATH and Pfam) over-represent prokaryotic
genomes. This in turn means th at many of the PSI-BLAST profiles generated from these
databases will be biased towards finding prokaryotic sequences. Furthermore, eukaryotic
gene prediction is notoriously inaccurate (Stormo, 2000), and the extra complexity of
eukaryotic gene sequences may lead to a surfeit of genes th at do not have the correct
sequence (such as errors in start nucleotide identification, which may cause frame shift
errors). A consequence of having assigned genes incorrect sequences is th at sequence
profiles will be unable to identify related genes as the sequences will not match.
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U nannotated Regions

In Figure 2.13, nearly half of the residues in any given genome are recorded as ‘unanno
tated ’. These regions of the proteome are those th at were not assigned to any CATH or
Pfam family and did not cluster into families using MkDom. This presents a question
about what these regions of sequence truly represent. One answer is th at these are re
gions of sequence th at are truly unique to the genome in question. This implies th at up
to half of a given genome is unique, and from this it could be inferred th at these regions
are involved in genes and functions th at make one organism distinct from another. A
more reasonable answer is th a t the bulk of this region is made up of regions th a t failed
to match a CATH or Pfam domain. The sequence matching methods used (PSI-BLAST,
IMPALA and BLAST in MkDom) are fallible, and at best still miss up to two thirds of
true relationships. This means th a t many relationships to CATH and Pfam domains are
missed. Many of the MkDom families th at were generated were discarded because they
were smaller than 30 residues (see above). Approximately half of this unannotated re
gion also falls into this category (Figure 2.14). It seems unlikely th at half of any genome
sequence is unique as in many cases (the chlamydophilia genomes) there has not been
enough time between divergence of any genome for evolution to generate th at level of di
versity. To estimate how much of a genome may be unique to th at genome the following
logic can be applied; PSI-BLAST matches only ~66% of the true relationships, if the
residue assignment levels are around 40% then had PSI-BLAST performed perfectly it
might be expect th at the complete residues assigments levels should be around 60%. This
leaves around 40% th at may be unique. However, as noted, around 20% of any genome
can not be annotated as it falls into regions have been considered to be linker regions
or too small to be domains. As such, this places the final estimate of unique sequences
within each genome at around 20%.

2.3.2

A ssignm ent S tatistics

2.3.2.1

Relationship o f Genome Size to Number of Genes Annotated

When the number of genes in an organism is plotted against the number of genes th at
acquired at least one domain of annotation (see Figure 2.15) there is a clear linear
relationship.

This indicates th at there is an approximately linear expansion in the

number of genes represented by the CATH and Pfam profiles within the genomes, and
th at as genomes increase in size so they increase the repertoire of already available
protein domains.

The constant ratio also indicates that there is a nearly constant

percentage of genes annotated in each organism, as can be seen in Figure 2.16. The
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points that stray furthest from the graph are those that failed to be annotated correctly
such as Aeropyrum pernixand Mycobacterium tuberculosis (see above). The other points
that stray off the line are the two eukaryotes (C. elegans and S. saccharomyces).
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to the number of genes with an annotation. Each point represents a single genome.
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Figure 2.16 indicates that most organisms have a level of gene annotation between 40
and 60 percent. The organisms that display the greatest percentage of annotation tend
to be the small organisms such as Mycoplasma genitalium and Rickettssia prowazekii
These are small, highly parasitic organisms which have disposed of large parts of their
genomes and allow their hosts to generate the metabolites they can not. This leaves
them with only the core functions necessary for survival such as replication, translation,
transcription and other core biochemistry. This loss of genes appears to have left these
organisms with those functions common to all organisms and as such will certainly have
left them with those domains best described in CATH and Pfam.
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F ig u r e 2.16: The relationship of the total number of genes in an organism ’s genome
to the percentage of genes with an annotation. Each point represents a single genome.

2.3.2.2

D is trib u tio n of D om ain O ccurrences

The distribution of occurrences of CATH domain families was plotted (Figure 2.17). This
indicates that there are many families that have only one or a few representatives among
all the genomes, and a few that are heavily over represented. This type of distribution
is shown even when the figures are broken down into separate clades (see Figure 2.18).
Table 2.3 shows the top ten most commonly occurring folds within each clade and
between each clade. The most commonly occurring folds are large m ixed-a/^ folds and
these have largely enzymatic functions.

Chapter 2. Domain Assignment

73

35
30
25
20
15
10
5

n
O cc u rren c es

F ig u r e 2.17: The distribution of occurrences of a families of domains among all
three clades. The chart shows only the first twenty and final fifteen entries in the
distribution. A black line indicates the location of the truncation. The most frequently
occurring folds are listed in Table 2.3
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F ig u r e 2.18: The distribution of occurrences of families within the three major
clades of life. Each bar chart shows only the first twenty and final fifteen entries in
the distribution. A black line indicates the location of the truncation of the x-axis.
See table 2.3 for family names of the most abundant folds.
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All of the most commonly occurring folds take part in constitutive ‘low level’ activities
in proteins. If proteins are considered as being composed of domains, and a protein’s
function as the compound activity of its component domains, then the specific activity
of a given domain may be thought of in terms of ‘lower level’ functions (e,g. these are
functions th at when combined with one another make a fully functional protein). In
a crude example, a small two domain enzyme could be comprised of one Rossmann
domain and one TIM Barrel. The ‘low level’ functions here would be to bind a nucleotide
to provide energy for a reaction (the Rossmann domain) and to bind a substrate and
stabilise the reaction transition state (the TIM Barrel domain). When both domains
are combined in a single protein a simple enzyme is constructed where the Rossmann
domain provides the energy compound that drives the TIM Barrel domain’s reaction.
Thus, a protein is constructed th at carries out a function more complex (‘higher’) than
either domain could individually.
The most commonly occurring folds have roles connected to these ‘low level’ func
tions.

The Arc repressor domain is a DNA binding motif.

The Rossmann fold is a

common nucleotide binding domain used in many enzymes.

Other folds such as the

TIM barrel are catalytic domains used in many enzymes, the Ig-like fold is also highly
represented, and is used primarily by the multicellular Eukaryote C. elegans within many
cell-cell signalling proteins. Also represented are two amino acid binding domains. This
collection of domains appears to represent some of the most common low level functions
th at living organisms require of the domains that make up their proteins.
T hat the CATH superfolds are over-represented in the set of most commonly oc
curring domains warrants further consideration. W hat is special about these folds that
they are heavily reused in extant life? Three answers immediately spring to mind: The
first, and seemingly most likely, is th at these folds are particularly adaptable to new
tasks {e.g. the TIM barrels) or are particularly well adapted to a specific task {e.g. The
Rossmann fold). In the case of the TIM barrels these have a large and highly adaptable
functional site (Nagano et al, 2002). The Rossmann domains are common nucleotide
binding domains and their structure seems eminently suited to this purpose (Branden &
Tooze, 1998). Secondly, it may be th at these folds are particularly stable and all genomes
need proteins th at can reliably fold into their correct structure time and time again in
order to perform the required task. A final reason may be th at these folds may be the
most ancient and have merely had time to proliferate widely throughout the genomes.
Not unrelated to this is the more ‘Dawkinsian’ (Richard Dawkins, 1989) reason th at
the sequences and sub-sequences of these genes or domains are selfish elements and are
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merely more able to duplicate themselves within genomes than other genetic elements
or genes, whether they are stable genetic elements, transposons or other mobile genetic
elements.
Conspicuously absent from the set of most frequently occurring domains are those
domains th at are either inserted into or associated with cellular membranes. It seems
most likely th at this is a consequence of their lack of representation in the structural
databases rather than their lack of presence within the extant genomes. Liu and Rost
suggest th at up to 30% of the proteome of a given genome is involved in transmembrane
regions or domains (Liu & Rost, 2001).

2.3.3

Fold Usage

2.3.3.1

Fold Usage And Clades

Figure 2.19 shows how the individual clades make use of the various CATH classes. In
all cases the three major clades make most use of the mixed a / ^ class in CATH. This is
followed by use of all (3 domains and finally all a domains. It is interesting to note th at
the archaea make use of a greater percentage of mixed a / ^ folds than either the eukarya
or bacteria. Most of the archaea in this set are extremophile organisms and are subject
to high salt, tem perature or chemical stress. It may be th at these organisms require
particularly stable folded proteins in order to survive in these conditions, and that mixed
a /P folds provide this.

2.3.3.2

Dom ain Assignm ents to Genes

The manner in which domains are assigned to proteins across the three clades is similar
for any given genome (Figure 2.20), around half of the genes th at are annotated with a
domain are annotated with a single domain and about half get multiple domains with
the number of genes with large numbers of domains falling off sharply as the number of
assigned domains increases. The organism with the largest, and potentially most complex
proteins, is the eukaryote C. elegans. C. elegans possess several extremely large proteins
(up to 62 and 63 domains), on closer inspection these proteins appear to be made up
of long strings of short Ig-like domains. These could represent hitherto uncharacterised
large cell-signalling proteins as many cell-cell signalling proteins are made up of chains
of Ig-like domains. It is also possible that the gene prediction software has failed to
detect the end of one gene, and run several genes or pseudo-genes together. However it
is pertinent to keep in mind th at large repetitive proteins (such as dystrophin) are well
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F ig u r e 2.19: The relative percentage use of domain types from the four major CATH
classes for genes that have been assigned a CATH domain. The four classes are; Class
1: All a folds, Class 2 : All 0 folds, Class: 3 mixed a and /3 folds. Class 4: Folds
with little secondary structure.

characterised and do occur naturally.

When these statistics are examined for contributions of the individual domain types
(Figure 2.21, not unsurprisingly, it is seen that each domain type is responsible for suc
cessively less of the annotation (in the order CATH, Pfam and MkDom). This is an
artifact of the order the domains were assigned. CATH domains take precedence and
Pfam domains are assigned to the remaining segments and so forth. In order to prevent
subsequent domain types interfering with the previously assigned domains. However it is
clear that about half the time a domain is assigned to a sequence it is likely to be assigned
to just one domain type.
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F ig u r e 2.20: The distribution of genes by the number of domains in the gene in three
typical organisms Caenorhabditis elegans, M ethanococcus ja n n a sch ii an d Escherichia
coli. This is presented for all domain types. The Y-axis has been truncated.
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cherichia coli. This is presented individually for CATH, Pfam and Mkdom domains.
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2.4

Conclusion

2.4.1

D om ain A ssignm ent P rotocols

This domain assignment protocol shows a great deal of promise for the widespread and
wholesale autom ated annotation of complete genomes. In most genomes up to 70% of
the genes can be assigned a domain, and as such much functional data from either CATH
or Pfam can be reliably transferred. In the case of the MkDom clustered regions, these
results were disappointing, although on further inspection there may be good reason for
this. After two rounds of cutting out the unassigned regions and discarding the small
segments (from the CATH and Pfam domain assignment), the sequence segments given to
MkDom may well have been past its reasonable limits for clustering. Certainly, MkDom
clustered the segments th at were given to it, but the vast majority of these clusters were
smaller than 30 residues and were discarded.

Possibly these clusters represent short

conserved sequence segments such as signal peptides, cellular location signals and other
regulation associated sequences.

There are also small domains (such as zinc fingers)

th at could be represented in these small MkDom clusters. T hat MkDom has trouble
clustering the remaining sequence segments may be an indication th at, between CATH
and Pfam, all the major sequence families have already been described. If this were the
case then the data given to MkDom after the CATH and Pfam assignments were made
would be unlikely cluster well. T hat CATH and Pfam appear to describe all the major
domain types seen in nature lends greater credence to the validity of the analysis in this
work. If there were still many major families to be discovered then it would be hard to
draw any definite statistical conclusions about the distribution of the domain families.
It is probable th at some of the segments from between the domains are non-contiguous
domains. Non-contiguous domains are broken up by the insertion of other domains or
sequence segments into the middle of their sequence. Sequence profiles will usually miss
or only hit the larger of the segments in a non-contiguous domain. As a result many
parts of non-contiguous domains will end up as part of the data th at were clustered by
MkDom, which will cause further difficulty.
It seems likely th at a combination of MkDom’s tendency to chop domains into
overly small regions (R.Myers, personal communication) and the lack of consistently
identifiable domains in the remaining data may have worked against the algorithm.
While the underlying transitive closure algorithm th at MkDom is based on appears
sound it may be th at the assumptions MkDom uses to identify its domain boundaries
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(such as natural ends of genes) may be flawed.

2.4.2

Unique Sequences

If it is to be believed th at around 20% of a given genome is made up of unique sequences
how does this compare to other estimates of this flgure? Both the SYSTERS and Protonet
databases (Krause et a i, 2002; Sasson et al, 2002) have estimated this figure. SYSTERS
project th at about 18% of known genes will be seen to belong to singleton clusters and
Protonet give a similar 10-20% estimate. A marked difference in the calculation here
is th at these systems are clusterings of whole genes whereas the domain assignments to
genomes just described is attem pted at a domain level.

2.4.3

Com m on A ssignm ent Patterns

Perhaps the most interesting observation from these data is th at the domains are
assigned, and the domain usage between clades is, on a broad scale, very similar. Similar
proportions of the various domain types (CATH, Pfam or MkDom) appear to be used
in each clade, and roughly similar distributions of CATH, Pfam and MkDom domains
are assigned.

It seems likely th at these global similarities hide the differences th at

distinguish the various organisms, such as differences in regulation of gene expression.
One obvious difference in the genomes is th at the eukaryal genomes are larger than the
prokaryotic genomes. Or the reverse in the case of M. genitalium where the genome is
very much smaller and is lacking much of the cellular machinery. The larger genomes
appear to posses more/different biochemistry, and more cell signalling machinery. As
the distribution of domain use is roughly the same, it seems likely th at an increased
repertoire of biochemistry is achieved by varying domain partnerships and the later
chapters (Chapters 4 and 5) seek to analyse this. By and large, it seems th at differences
between genomes can not be established merely by looking at the repertoire of pieces
th at are used; in much the same way the functioning of the internal combustion
engine can not be discerned merely by knowing all the individual parts.

It is the

subtle interplay between the various components and internal structures th at define the
differences between the genomes not the differences in components. This is because it is
probable th at very few organisms truly posses any novel biochemical or molecular systems.
Other differences are evident in the most popular folds (see Table 2.3).

No one of

the three clades has the same set of the most popular folds as the overall top ten. This
is likely indicative of some gross adaptations that each of the three clades has made to
their particular style of life.
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The predictions of Liu and Rost Liu & Rost (2001) largely fit with this data.
While their analysis makes more of ab initio prediction of many protein features, such as
the prediction of membrane proteins and membrane spanning helices, where their analysis
touches on protein structural content, both this study and theirs are in approximate
agreement. Unlike the SYSTERS and Protonet work, Liu & Rost estimate the number
of orphan (unique) sequence proteins to be around 10%. They found that they could
assign folds to around 25%-45% of the proteins in the genomes in their study; this is
within our assignment levels, if a little lower. The difference here would seem to be
the use of the intermediate sequence library (the CATH-PFDB) to extend the number
of relatives th at can be matched. This in itself justifies the use of such intermediate
sequence libraries. This study, along with the work of Liu & Rost, also indicates very
similar levels of assignment of the protein’s residues to assigned structures.

2.4.4

Fold Occurrence

Much of the analysis in this chapter supports already observed distributions of folds and
protein families (Gerstein, 1997, 1998; Muller et al, 1999; Teichmann et al, 1999, 2001a).
The work of Qian et al (Qian et ai, 2001) suggests th at this, like other biological and
network systems, displays a power law behaviour. In agreement with much of this work
we do indeed observe th at there are many folds th at occur very seldomly and few th at
are highly overused. Such distributions can be seen in Figures 2.21, 2.20, 2.18, 2.17.
After this work was completed the Superfamily database was released (Gough & Chothia,
2002). The database contains structural assignments for whole and partial genomes using
SAMT98 hidden markov models (HMMs). If the HMMs fail to produce reasonable outputs
the alignments are manually corrected. Nearly 20% more of the sequences of any given
genome are assigned structures in Superfamily than in this study. There is no doubt that
this methodolgy represents the state of the art in protein structural domain assignmnet.
However, the most common structural domains are highly similar to those observed in
this study.

2.4.5

D ata R estrictions

An analysis such as this can provide some insights into the organisation of genes and the
manner in which domain evolution progresses (see Chapters 4 and 5). However we must
be more than aware of the limitations placed upon us by the relative lack of structural
information. Certainly there are not examples of every type of protein fold and there are
not examples of every sequence family for all the folds. Such an incompleteness of the data
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certainly impacts on the ability to definitively draw complete conclusions about the abso
lute nature of genes and genomes. In the near future, structural genomics projects (Burley
& Bonanno, 2002) may remedy this problem by providing example protein structures for
every sequence family.
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The structural (CATH domain) assignments have been made publicly via the internet as
the domain database GeneSD (Buchan et al, 2002). The first release contain structural
assignments for the 32 genomes presented in this chapter. The data is integrated with
functional and structural information maintained within the CATH database (Pearl et al,
2001); a dictionary of functional information for homologous structural superfamilies
(DHS, Bray et al (2000)); and a resource providing derived structural and functional
d ata with additional functional links (PDBsum, Laskowski (2001)). GeneSD is available
on the world wide web at http://www.biochem.ucl.ac.uk/bsm/cath_new/GeneSD.
Unlike other resources, which simply provide listings of structural domains matched to
gene regions, GeneSD employs the DRange suite of programs (see above) to remove
conflicting assignments and provides the biologist with curated confident non-conflicting
assignments for the genes in whole genomes. Each genome also has brief summary of
statistics presented which indicate the distribution of fold types and protein structural
families. The content for the first release of GeneSD is made up of the genes and genomes
from S2 genomes (see Table 2.2) and the associated structural assignments.

This is

updated on a regular basis as new genomes are released to the public gene databanks.
The server is made up of inter-linked web pages, which allow the user to browse
the structural assignments made to the complete genomes. The web pages consist of
two major components: a series of help files including a brief tutorial and the genomic
structural assignments. Access to both of these is through the main web page. Upon
selecting the ‘browse genomes’ option the user is presented with a list of the available
genomes (Figure 2.22a). Each genome has a page summarising the assignment statistics,
and an option for listing a summary of all the structural domains assigned to the
genome (Figure 2.22b). The complete domain assignment data for the whole genome
is also available for download via the ftp site (ftp://ftp.biochem .ucl.ac.uk/pub/G eneSD /).
From each genome page, the user can elect to choose either a gene of interest or
to use the search engine to find genes of interest within their chosen genome. A list of
genes with structural assignments will be returned, and the user may select a specific gene
(Figure 2.22c). Once a gene is selected, either by searching the genome or by selecting
from the initial assignment list, a diagram of the gene and the placement of domains
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This is accompanied by the PSI-BLAST

data for the domain matches. Importantly, this page serves as the portal th at links the
structural assignments to the functional data within the CATH database. On the right
of this page is the menu (Figure 2.22, Menus) which allows you to choose a structural
domain within your gene and go to the appropriate entry in either CATH, the DHS or
PDBsum.

2.5.1.1

D ata Mining w ith the GeneSD database

An example of the use of GeneSD to mine this information is the Escherichia coli gene
yaaF. This sequence (GenBank ID: 140159 or 1786213) is listed by GenBank as being a
hypothetical gene, and part of the hypothetical operon of unknown function, yaa. When
the Escherichia coli genome is searched for ‘hypothetical’ genes a list of predicted genes
is presented, one of which is yaaF. Selecting this gene from the list presents a diagram
of the CATH homologous superfamilies th at have matched this gene’s product. A single
homologous superfamily (CATH ID: 3.90.245.10) has matched nearly the complete length
of the gene (304 residues). The closest structural match is the only domain (domain 0)
from PDB structure Imas chain A. To get further information, 1mas AO is selected from
the menu in the ‘Goto’ box, from here either the CATH database, the DHS or PDBsum
may be selected. Selecting the CATH database takes the user to its entry within the
CATH database which shows th a t this structure is a mixed a /P domain of the ’Inosineuridine Nucleoside N-ribohydrolase’ fold, and the homologous superfamily is a family of
hydrolases. If the DHS is selected, a page of curated functional data is presented to the
user. This adds further SWISSPROT (Bairoch & Apweiler, 2000), PROSITE (Falquet
et al, 2002) and ligand data. These functional data indicates th at the members of this
homologous superfamily are purine nucleoside hydrolases (Enzyme Commission number:
3.2.2.1) th at also posses PROSITE pattern PS01247 (Inosine-uridine preferring nucleoside
hydrolase family signature). The yaaF gene product also contains this PROSITE motif,
in the same position, with a cysteine to threonine substitution at the second position.
The length and high statistical significance of the match between yaaF and homologous
superfamily 3.90.245.10 suggest th at yaaF is a gene and, as a member of CATH Homol
ogous superfamily 3.90.245.10, is a purine nucleoside hydrolase. This information could
now be used to design the experiments to confirm this, and discover the role of this gene
within Escherichia coli. This may also assist in the elucidation of the role of the yaa
operon.
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Statistics for the Genomes in the GeneSD Web Server

Basic statistics are presented for each genome (Figure 2.22 b and Table 2.2). These give
an indication of the quality and level of coverage attained for each genome. The total
number of genes, and the total number of residues in each genome are quoted alongside
the number of domains assigned. Also calculated is the number of genes with at least
one domain assigned alongside the percentage of the organisms’ genes this represents.
A coverage score {i.e.

the number of the total residues which are part of a domain

assignment) is also presented. W ith the summary statistics is a differential CATH Wheel
(Michie et al, 1996) showing the diversity of domains in an organism compared to the
diversity of domains in the CATH structural database. The coloured segments represent
the 4 CATH classes (yellow: all a domains, red: all j3 domains, green: a /p domains
and blue: domains with little secondary structure). The inner circle is divided so each
segment indicates a different architecture and the outer circle is divided so each segment
represents a different fold (topology). The size of each segment indicates the proportion
of the CATH structural database represented by that class, architecture or topology. For
each organism, those folds th at have been assigned are left coloured and those folds th at
have not been assigned to the organism are coloured black. The pie chart gives a quick
visual indication of how many of the folds present in the CATH structural database have
been identified within an organism which in turn indicates the structural diversity within
an organism. Visual inspection of any two allows rapid identification of which appears to
be the most structurally diverse organism.
An example of this is the comparison of the Mycoplasma genitalium genome with
the genome of Caenorhabditis elegans. The pie chart for M. genitalium indicates th at
very few of the all ^ folds within the CATH structural database have been found in its
genome. However the pie charts for C. elegans indicate th at approximately half of the
all j3 folds have been identified in its genome. Inspection of the structural assignment
data reveals th at the superfamilies of Immunoglobulin like proteins are expanded within
the C. elegans genome.

C. elegans is a multicellular organism, which requires complex

cell-cell interaction. Many of the cell surface proteins responsible for mediation of cell-cell
interactions are performed by proteins th at are part of the Immunoglobulin superfamilies,
which are all-/? folds. M. genitalium, a single celled organism, does not require the many
forms of cell-cell interaction required by C. elegans and therefore does not display the
use of many of the superfamilies of all-^ Immunoglobulin like folds. The pie charts give
an indication of some underlying biological differences between organisms which can be
elucidated by close inspection of the assignment data.
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F ig u r e 2.22: An overview of the GeneSD server, (a) Genome Selection Page. From
here a genome can be picked to search, this brings up the assignment statistics page.
Once a genome is selected, the statistics page is displayed.(bi) The genome statistics
page. A list of all genes can be browsed (bii) or from here a gene can be chosen by
searching the genome using the keyword search. A gene can then be picked from the
list presented in the search results page (c). If you select a gene, you will go straight
to the gene’s domain assignments, (c) The Keyword search page. When the genome
is searched using a keyword (in this case ’uracil)’, a list of every gene within the
genome which has been associated with this keyword will be presented. From here
the gene of interest can be picked, (d) The assignments results page. If a gene is
chosen on the statistics page or on the search results page the assignment results will
be presented. These are shown as a diagram of the domain assignments (below the
green hashed representation of the gene) and a summary of the PSI-BLAST results
which led to this assignment (in the table below). From here other databases (the
CATH database, the DHS and PDBsum) can be linked out to, to retrieve further
structural and functional information.

C hapter 3
Functional A nnotation
3.1

Introduction

One goal of Biochemical and Molecular biological studies has been concerned with the
assembly of a ‘parts list’, th at is, a list of the components th at make up a cell. Much
headway has indeed been made but the simple assembly of a ‘parts list’ is in its self
futile without knowledge of the function of each of these parts. Thankfully, again much
progress has also been made in this area but the number of gene sequences and protein
sequences significantly outnumbers the number of genes th at have been experimentally
studied. As such it has fallen before bioinformatics to address this problem and a number
of techniques have been tried, some more successful than the rest.
Only a few of the functional prediction methods use the 3D structure of the pro
tein as the basis of functional annotation. Those that do include docking methods and
tem plate based methods (Wallace et ai, 1997). For instance, the PROCAT database
stores a series of 3D templates consisting of atomic coordinates of the atoms within
the active sites of enzymes.

These templates can then be used to search other 3D

structures and establish if they have the same active site and thus similar function by
superimposition of tem plate coordinates on protein coordinates.

Relibase (Hendlich,

1998) is a database of protein-ligand complexes in the PDB. This information gives an
indication of the function of the various protein structures.

3.1.1

W hat is Function?

The question of what is meant by a protein’s function is not trivial. The term ‘function’
is used interchangeably to refer to a gamut of biological concepts. The term Function
is often used to describe, although not limited to, a protein’s biochemistry, molecular
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activity or its physiological role (Rastan & Beeley, 1997). If DNA polymerase II is taken
as an example how would it be annotated with a ‘function’. At the enzymic level it
catalyses the creation of phospho-diester bonds between nucleotides. At a higher level it
acts to catalyse the 5’ to 3’ synthesis of DNA. Higher again, the process th at it is involved
in is the duplication of DNA within bacteria. But which of these three could be said
to be the function? Simply, which of these is correct? It seems obvious th at not one of
these annotations is correct. This can be rephrased as problem of ‘functional resolution’
and is not unrelated to Russell’s (Russell, 1912) attitude to perception of reality. Russell
notes th at when we look at the surface of a desk we might view its fine varnished
wood grain. Under an electron microscope a new level of detail almost completely at
odds with the initial view is presented.

Russell concludes th at no resolution is more

real than the others th at reality is comprised by all the views. Like the desk, protein
function can not be thought of as a single entity. The function of a given protein is a
composite of many roles; the protein’s biochemistry, its cellular location, its role in the
molecular machinery even the organism it appears in. The desk analogy also brings to
light a concept of usefulness of annotation. If our only view of the desk was the electron
microscope view of it’s surface it is unlikely that we would be able to tell we are looking
at a desk. Likewise, to say a protein “is Ca^+ binding” has limited utility given that
proteins th at bind calcium ions play roles in processes as far apart as muscle contraction
and DNA replication. Most contemporary functional annotation schemes are ill equipped
to deal with this chimeric approach to protein function (Riley, 1998). Often the various
aspects are juxtaposed or combined with one another in the same hierarchy. To pare
these apart requires more than just re-arranging current functional classifications schemes.
“Gene Ontology” (see below) is an example of the new form of functional annota
tion scheme th a t is emerging (The Gene Ontology Consortium, 2001). By separating the
different concepts in protein function into three classifications the project seeks to better
model the relationship an individual protein has with the various aspects of function.

3.1.2

Structure Based A nnotation

3.1.2.1

Docking

The process of docking attem pts to simulate the interactions between proteins or between
proteins and small molecules by building a series of models of each interaction (Halperin
et ai, 2002). These processes attem pt to find a best scoring or ’Docked’ state where the
entities being examined are best fitted together. The field of docking has undergone many
changes from its naïve assumptions th at ‘correct’ conformations of two molecules will be
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evident in a given list of results. Over time, increasingly sophisticated scoring methods
for assessing the correctness of fits have been developed. These scoring methods include
features th at measure the level of geometric complementarity, the level of intermolecular
overlaps and the number of hydrogen bonds present. Often, methods feature a range of
scores in an effort to define a consensus score that will better differentiate possible models.
Rigid body methods have also started to lose ground as the field has incorporated more
complex flexible models of proteins. Docking can be used to predict possible functions by
attem pting to fit a library of small molecule models into the active sites of proteins.

3.1.2.2

A ctive Site Conformation

Fetrow and Skolnick’s (Fetrow & Skolnick, 1998) Fuzzy Functional Forms (FFFs) are
geometric and conformational descriptors of active sites for 3D protein structures.
The FFFs are constructed by encoding the 3D arrangements of functionally important
residues, as such an F F F encodes information for a specific protein function.

The

residues are selected on the basis of the known biochemical function of the protein.
Initial residue selection is accomplished by searching the relevant literature for a given
protein.

Following this, related proteins with similar structures are superposed and

highly common residues, with reference to the literature, are selected as the functional
residues. The basic FFF is then used to search the PDB for similar residue conformations
to find the proteins with the same function. Where the FFF fails to find a protein known
to have the function in question the FFF is modified. The preliminary FFF should now
be able to find all high resolution structural relatives in the PDB. The searching criteria
can then be made more ‘fuzzy’ to accommodate for ambiguities in lower-resolution models.
The PROCAT database (Wallace et al, 1996) stores 3D fingerprints of atoms in
the active sites of protein structures. Using the TESS algorithm (Wallace et al, 1997)
structures can be searched to discover whether or not they contain the active sites in
PROCAT. The TESS algorithm stores all the data in a series of hash tables that are
generated at the start. When comparing structures a given 3D reference frame is defined.
For any catalytic triad one residue is selected to act as the reference frame residue. For
each reference frame residue three atoms are chosen to define the residue and one of these
is placed at the origin of the 3D grid to establish the reference frame (orientation) of the
catalytic triad. The chosen three atoms and the one chosen to be placed at the origin is
consistent across the whole database. Query structures can be searched by aligning the
atoms of any residue with those of the template residues. Often as few as eight atoms
can fully describe the active site of a proteins and, using TESS, can be used to find all
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proteins structures containing th at active site.
Other methods such as SiteMatch (Zhang et ai, 1999) and SPASM (Kleywegt,
1999) employ similar methods. SPASM allows user defined residue motifs made up of
side chain and main chain atoms to be compared to a database of protein models. Motifs
are searched against the database using a simple depth first traversal algorithm. In this
way known patterns of residues can be found in known proteins. SITE on the other
hand is a database of functional sites in proteins. A simple pattern matching algorithm,
SiteMatch, allows proteins to be compared to the database. SITE contains functional
data from the PDB, SWISSPROT with an emphasis on the ligand binding information.
SiteMatch analyses the conservation of residues in the functionally im portant regions
in target templates.

Query proteins are aligned to those in the SITE database and

SiteMatch then assess the quality of the functional residues alignment.

3.1.3

C ontext B ased A nnotation

3.1.3.1

The ’R osetta Stone’ m ethod

Other Bioinformatics methods do not rely on the modelling of ‘real’ interactions but look
at the make up of either genes or proteins. The ‘Rosetta Stone’ method (Marcotte et al,
1999) attem pts to give functions to sets of three genes where one gene is a composite of
the other two. In their examples they discuss Saccharomyces cerevisiae topoisomerase
II and the E.coli genes gyrase A and gyrase B. These genes are believed to function by
allowing DNA to be rotated when under high torsional stress and allow relaxation of
negative or positive super-coiling. In E.coli, two enzymes function together to provide
the functionality of the single enzyme in yeast. When one looks at the composition of
domains in the three proteins it is evident that the protein in yeast is composed of the
same domains present in the two E.coli proteins. The ‘Rosetta Stone’ method looks to
find sets of such proteins and use this information to inform prediction of the function of
other proteins. This is achieved in sets where function is transferred from one protein to
the composite (or vice versa) depending on which protein’s function is known.

3.1.3.2

Phylogenetic Profiles

A phylogenetic profile consists of a binary scored table stating simply whether a particular
gene or characteristic is displayed by a particular genome or genomes. This can be used
to infer functional relationships using the rational that if any two genes share the same
profile (e.g. they are present in exactly the same genomes) then it is likely that they are
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inherited together and, by extension, they are likely to share a similar function. This can
then be used to assign functions to genes of unknown function where such genes share
a profile with other genes of known function. These have been utilised by Hegyi et al
and Pellegrini et al (Pellegrini et al, 1999; Hegyi et al, 2002) to analyse the content of
genomes and the relationships of genes between genomes.

3.1.3.3

Gene Proxim ity

These methods look at the proximity within the nucleotide sequences of genes or their
membership in predicted opérons in order to inform some functional prediction. The
utility of these methods is demonstrated by both Overbeek et al and Yanai and DeLisi
(Overbeek et a/., 1999; Yanai & DeLisi, 2002). Overbeek et al present an analysis of ORFs
within a range of prokaryotic organisms. Their hypothesis is th at genes in close proximity
within the sequence of a genome should be functionally related. Their analysis shows th at
the closer genes are together in sequence, the probability of them having similar functions
is slightly higher than would be expected at random. As this trend is slight it is unlikely
to be very informative solely on its own but in combination with other methods it could
help validate predictions.

3.1.3.4

Integrated Prediction

The paper of Yanai and DeLisi (Yanai &: DeLisi, 2002) presents an integration and com
parison of the ideas of Phylogenetic profiling. Gene Proximity and the ‘Rosetta Stone
m ethod’. For each method they use a graph based method to cluster the genes with a
view to establishing functional relationships. While individually each method appears to
logically cluster some genes, the results can be quite sparse or uninformative. Once they
combined these methods they demonstrate a clear separation of clusters for a wide range
of biochemical functions and functional pathways.

3.1.4

Sequence B ased A nnotation

Function can be inherited using sequence homology to genes of known function. There
are many databases th at use sequence homology to annotate function including COGs
(Tatusov et a i, 2001), GenProtEC (Liang et ai, 2002), InterPro (Apweiler et ai, 2001a),
Pedant (Mewes et a/., 2002), Pfam (Bateman et al, 2002), PIR (?), PRINTS (Attwood
et a/., 2002), PRODOM (Corpet et ai, 2000), PROSITE (Falquet et al, 2002), SMART
(Letunic et a l, 2002), TigrFam (Haft et ai, 2001) (Table 3.1 lists the databases mentioned
in this chapter). In these cases proteins of known function are matched to sequences with
unknown function. If the match falls within given cut offs the genes are cross annotated.
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The majority of these databases are manually validated after the initial cross annotation
steps.

3.1.4.1

Cluster of Orthologous Groups

The Cluster of Orthologous Groups (COGs) database is a sequence-based clustering of
genes from the completed genome projects. The process begins with an all-against-all PSIBLAST. Clusters of orthologous genes are then assembled based on Best hitting (BeT)
pairs of protein sequences. The minimum size of a COG is three genes. A minimal COG
is assembled by finding sets of three protein sequences that are mutually the best hitting
sequences between three genomes. Figure 3.1 shows an example of a minimal COG. In the
example two sequences (Seql and Seq2) from two organisms give the best hitting match
for any pair of genes in those organisms. When the first organism’s genes are compared to
a third organism’s genes you find the best hitting sequence for Seql (Seq3). If Seq3 and
Seq2 are the best hitting pair in the second and third organisms you have completed a
minimal COG. In this way all triplets of gene sequences are assembled and these triplets
are used as minimal seed to build bigger COGs. Bigger COGs are assembled by merging
COGs th at share common edges. The COG database is completed by merging all possible
COGs until no new mergers can be made. Finally the completed clusters are manually
validated and named. The COGs are constructed using the protein sequences from 43
genomes. Currently the COGs database has 3307 COGs and over 50% are annotated with
a function. The COGs database can be accessed at http://w w w .ncbi.nlm .nih.gov/C O G /.

3.1.5

Functional Classification Schemes

There are many functional classifications schemes but they all fundamentally share the
desire to understand and order the data that has come from many years of biochemical
study. Most classification schemes follow some form of hierarchy where specific functions
are grouped into broader categories. An example of such categories might be “Nuclear
proteins” which would be the parent category to “DNA replication proteins” which in
turn may be the parent to the categories that include the “DNA polymerases”. Such
classification schemes include EC Numbers (The Enzyme Commission, 1992), TIGRFam,
GenProtEC/ECoCyc (Liang et al, 2002; Karp et al., 2002), GO (The Gene Ontology
Consortium, 2001) and the model organism databases such as FlyBase (The FlyBase
Database Consortium, 2003), SGD (Weng et al, 2003) and WormBASE (Harris et al,
2003) (see Table 3.1).
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F ig u r e 3 .1 : The assembly method for COGs in the COG database (Tatusov e t a l,
2001). The gene sequences from two organisms (O rgl and Org2) are compared (A)
and the com m utative best hitting (BeT) pair are identified (Seql and Seq2), A third
organism (OrgS) is searched (B) to find the commutative BeT for S eq l in Org3 (SeqS).
If SeqS proves also to be the commutative BeT to Seq2 between Org2 and OrgS (C)
then a minimal COG can be constructed (D). Further genes can be recruited to this
COG where another triplet exists that shares an edge with the original triplet (E).
In this example there is also a triplet made up of Seql, SeqS and Seq4 33 this shares
the edge Seql-SeqS with the original triplet the extra gene (Seq4) can be added to
the triplet.

3.1.5.1

The Enzym e Commission

One of the first attem pts to organise enzymes into a clear hierarchical framework is the
Enzyme Commission’s EC Number scheme. The classification applies to enzyme reac
tions. Enzymes are subsequently annotated manually with classification identifiers. This
classification scheme has four levels with each subsequent level defining in finer detail
the enzyme’s function. The top level is divided into six broad categories which define
the overall reaction process th at the enzyme catalyses these are; Oxidoreductases, Trans
ferases, Hydrolases, Lyases, Isomerases and Ligases. The second number defines the type
of chemical reaction or chemical group the catalysis acts on. The third or fourth numbers
tend to define other reaction specifics or the substrate th at is acted on.
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D a ta b a se
P r o te in D a ta b a se s
Cluster of Orthologous Groups (COG)
ENZYME
Protein Information Resource (PIR)
InterPro
SWISSPROT
D o m a in D a ta b a se s
Pfam
PRINTS
PRODOM
SMART
TIGRFAMs
P a th w a y D a ta b a se s
Kyoto Encyclopedia of Genes and Genomes (KEGG)
What Is There? (WIT)
O rgan ism C la ssiflca tio n s
EcoCyc
FlyBase
GenProtEC
MIPS-PEDANT
Saccharomyces Genome Database (SGD)
WormBase
O n tologies
Gene Ontology (GO)
Enzyme Commission (EC)
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URL
http
http
http
http
http

/ / www.ncbi.nlm.nih.gov/ COG/
//ca.expasy.org/enzym e/
/ / pir.georgetown.edu/pirwww/pirhomeS.shtml
/ / www.ebi.ac.uk/interpro/
/ / ca.expasy.org/sprot/

http
http
http
http
http

/ / www.sanger.ac.uk/Software/Pfam/
//bioinf.m an.ac.uk/dbbrowser/PRINTS/
//prodes.toulouse.inra.fr/prodom /2002.i/htm l/hom e.php
/ / smart.embl-heidelberg.de/
//w w w . tigr.org/TIGRFAM s/

http / / www.genome.ad.jp/kegg/
http //w it.m cs.anl.gov/W IT2/
http
http
http
http
http
http

//biocyc.org/ecocyc/
/ / flybase.bio.indiana.edu/
/ /genprotec.mbl.edu/
//p ed an t.gsf.de/
//genom e-www.stanford.edu/Saccharomyces/
//w w w . wormbase.org/

http / / www.geneontology.org/
http / / www.chem.qmw.ac.uk/iubmb/enzyme/

T a b le 3 .1 : The Databases referenced in this chapter.

3.1.5.2

G enProtEC

GenProtEC is one of two major databases that implement what may be regarded as the
‘Riley’ scheme (Rison et al, 2000), the other being ECoCyc. The ‘Riley’ scheme is an
Ontology for E.coli genes th at was developed by Monica Riley et al (Riley & Labedan,
1997) for the GenProtEC database. This database is an attem pt to annotate the complete
set of genes and the complete proteome of Escherichia coli Functions are categorised
into groups much like other hierarchical classification schemes with the end nodes of the
hierarchy’s branches pointing to genes that have been assigned th at particular function.
The hierarchies top levels include metabolism, information transfer, regulation and cell
structure. The latest release allows genes to have multiple parents, and by extension
multiple functions. This in turn means that a protein with a given function is classified by
either single or groups of identifiers. Currently they provide annotation for approximately
75% of the genes in E.coli

3.1.5.3

Ontologies and Annotation

An Ontology is a defined vocabulary of terms and the relationships between them. The
most obvious example in biology today is the Gene Ontology project (The Gene Ontology
Consortium, 2001). As such there is a fundamental difference between databases such as
GenProtEC and the COGs. For instance, GenProtEC is an implementation of a functional
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Ontology designed specifically for E.coli, the ‘Riley Scheme’ (Rison et al, 2000).

In

G enProtEC the Ontology is a predefined entity into which E.coli genes are placed. The
COGs, and other databases such as Pfam, are clusters of genes th at have some form of
functional annotation attached to each cluster. The difference here is th at the annotation
of Pfam gene clusters (for instance) is not part of a predefined ontology into which the
genes are placed. These annotations act more as a description of the clusters of genes.

3.1.5.4

Gene Ontology

The Gene Ontology, or GO, consortium (The Gene Ontology Consortium, 2001) is a t
tem pting to provide a fully integrated functional annotation ontology for all extant life.
While this initially focused on the functions of eukaryotes, recent changes have sought to
integrate viral and prokaryotic functions. This ontology represents a fundamental shift in
the approach to classifying genes and their protein products. Previously, most schemes
have consisted of a single hierarchy within which the various functions are categorised.
GO, in contrast, recognises th at there is more than one approach to describing the function
of a gene and recognises th at the cellular process a gene is involved in can be regarded as
separate to the actual reaction a gene product may take part in. As a result, GO consists
of three complementary hierarchies and genes classified using the scheme are assigned
identifiers from all three schema. The three schema are: Molecular Function, Biological
Process and Gellular Component. ‘Molecular Function’ defines the specific role of the
gene/protein such and the role the gene plays at a molecular level. Enzyme functions are
a good example of this type of function. ‘Biological Process’ indicates the larger process
a gene with a ‘Molecular Function’ may take part in such as mitosis, amino acid synthesis
etc. ‘Cellular Component’ defines the sub-cellular structure, location or macromolecular
complex a gene product is expressed/located in is part of, this would include ribosomal
location, golgi location and so forth.

3.1.6

Pathw ay Classification Schemes

Alongside the functional classification schemes there are also attem pts to arrange these
functions into the functional pathways that have been described within organisms. Two of
the most popular are The Kyoto Encyclopedia of Genes and Genomes (KEGG) and W hat
Is There (WIT) (Kanehisa et ai, 2002; Overbeek et al, 2000). Both of these databases
contain sets of known functional/metabolic pathways for genes and gene products. Using
these they attem pt to establish which genes belong at which nodes in the the pathways
and by extension which organisms posses which pathways or parts of metabolic pathways.
The W IT database currently stores information for 39 genomes and nearly three thousand
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pathways. The KEGG database houses information for 121 genomes and nearly 10,000
pathways.

3.1.7

Interm ediate Sequence Libraries

Intermediate Sequence Libraries (ISLs) encode information about distantly related se
quences th a t can be used to either match new sequences to existing families or the families
can be used to probe sequence databases for ever more distant relatives. Two examples,
the PDB-ISL (Teichmann et al, 2000) and CATH-PFDB (Pearl et ai, 2002) are libraries
of genes and protein sequences related to sequences of known structure. Conventionally
these resources are described and used in terms of extending sequence search coverage, a
process known as Intermediate Sequence Searching (ISS). However such libraries can also
be looked on as resources for annotating sequences without annotation. By stating th at
a sequence is a member of a PDB-ISL or CATH-PFDB family it is implicit th at such a
sequence shares the 3D structure th at the family represents. This concept can equally be
extended to protein functional features.
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M ethods

The following section describes the process of functionally annotating protein sequences
using computer parsable data resources. Special emphasis was placed on selecting machine
readable annotation schemes to ensure th at the developed protocols could be fully auto
mated. The chosen databases were the Cluster of Orthologous Groups (COGs) (Tatusov
et ai, 2001), ENZYME (Bairoch & Apweiler, 2000) and GenProtEC (Liang et ai, 2002).
Once functional resources are selected the annotation protocol divides into two main steps;
Prim ary annotation: the process of directly inheriting annotations from the functional re
sources to the equivalent genes in the dataset to be annotated. Secondary annotation: the
process by which genes related to those with primary annotation acquire annotation. For
the purposes of this study the protein sequences in the CATH-PFDB (described below)
are annotated with functions and then related sequences in the CATH-PFDB are allowed
to inherit secondary annotations. In total nearly two thirds of the ^600,000 genes in the
CATH-PFDB acquire functional annotation.

3.2.1

A nnotation O bjective

There are two primary objectives to this functional annotation study. The first is to
provide functional annotations for the sequence families in the CATH-PFDB so that they
can be used to annotate genes without any previously defined annotation. The second
objective was to use the protocol developed to annotate genes in the genomes in our
dataset (see Chapter 2).

3.2.2

Functional A nnotation Protocol

The functional annotation protocol reduced to its simplest form should parallel the process
of matching genes with functional annotation in a given functional database with genes
in the dataset of GeneSD genomes. The CATH-PFDB annotation process is summarised
in Figure 3.2 and fully described below.

3.2.3

T he CATH P rotein Family D atabase

In recent years the CATH structural database has been expanded to include sequence
data.

Sequence data derived from GenBank’s NRDBIOO has been recruited to the

homologous superfamilies in CATH to create the CATH protein family database
(CATH-PFDB, see below) (Pearl et ai, 2002). GenBank’s NRDBIOO is the database of
non-redundant (at 100% sequence identity) protein sequences deposited in GenBank. At
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E.coli

Primary Annotation

Annotated
CATH-PFDB

Cross Annotation
Process

8100 Annotated
CATH-PFDB

895 Annotated
CATH-PFDB

860 Annotated
CATH-PFDB

8 35 Annotated
CATH-PFDB

F ig u r e 3.2; The process used to annotate the CATH-PFDB. Initially the three data
sources are ENZYM E, COGs and GenProtEC. As the CATH-PFDB uses GenBank
Identifier (GI) codes and the protein sequence identifiers, both the ENZYME and
GenProtEC databases need to be matched up to their appropriate GI codes. For
ENZYM E this is done by BLASTing the sequences against NRDBIOO and selecting
the identical NRDBIOO sequences. For GenProtEC the protein sequence identifiers
need to be matched to the GI codes from the GenBank release of the E .coli genome.
For the COGs the protein sequence identifiers are easily m atched to a look up list of GI
codes. Once the functional data can be matched to the identifiers in the CATH-PFDB
a simple Primary Annotation step matches the identifiers in the CATH-PFDB and
the functional data sources and produces the ‘Annotated C A TH -PFD B’. Finally the
Cross A nnotation Process Generates the ‘Sequence Cluster annotated C ATH -PFDBs’
at sequence identities o f 100%, 95%, 60% and 35%.

the time of writing this contains approximately 900,000 protein sequences. PSI-BLAST
is used to match protein structural domains from CATH to sequences of unknown
structure in the NRDBIOO.

Where assignments overlap the complete DomainFinder

protocol (see Chapter 2) is used to assess which of the assignments should be recruited to
the CATH-PFDB. At CATH release v2.4 the PFDB contains 616,470 protein sequences,
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which represents around 70% of the genes in the GenBank NRDBIOO.
The CATH-PFDB is clustered in sequence families at four levels of sequence simi
larity, these are: 100% sequence identity, 95% sequence identity, 60% sequence identity
and 35% sequence identity. These are referred to as SlOO, S95, S60 and S35, respectively.
By attaching functional information from the COGs, GenProtEC and ENZYME to
sequences in the sequence families, annotations can be inherited by closely related protein
sequences given defined sequence identity levels and the domain makeup of the genes
involved (see below).

3.2.4

D ata Selection

To provide functional annotation for both the Genomes in Gene3D (see Chapter 2) and
for the PFDB (see below), three sources of functional data were selected. These were
the Clusters of Orthologous Croups (COGs), the ENZYME database at SWISSPROT
(Bairoch &: Apweiler, 2000) and the GenProtEC database. The COGs were chosen as the
method of clustering is rigorous and the database covers most of the organisms in the set
defined in Chapter 2. The ENZYME database is a collection of the genes in SWISSPROT
th at have EC numbers assigned. GenProtEC was selected to provide rigorous and reliable
annotation for E.coli and prokaryotes with related genes.

3.2.5

C onverting th e ENZYM E database

The CATH-PFDB uses the GenBank Identifier codes (GI codes) as the identifiers for the
protein sequence segments recruited to each CATH homologous superfamily. Functional
data from GenProtEC and the COGs is attached to the sequences in the PFDB by look
ing up the relevant identifiers in the CATH-PFDB and the functional data source. On
the other hand, the ENZYME database uses only SWISS-PROT identifiers to identify
it’s genes. At the time of writing there was no available look up list indicating which
SWISSPROT codes represent which protein sequences in the GenBank NRDB. To cir
cumvent this problem, BLAST (see Chapter 2) was used to match all the sequences in the
ENZYME database with the sequences in the NRDBIOO. ENZYME represents a subset
of SWISSPROT, i.e. only those SWISSPROT sequences th at have EC numbers assigned.
A total of 31,365 protein sequences from ENZYME were run through the BLAST pro
tocol. Matches were then selected where there was 95% sequence identity or greater. In
total, 66,750 NRDBIOO sequences were matched to the 31,365 sequences in the ENZYME
database and in turn could be assigned EC numbers. From these results a new GenBank
to EC database (CI2EC) was created.
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G enProtE C A nnotation

These annotations form a special case.

For the COG and EC number annotations a

sequence matched to one of these databases will be annotated with just a single identifier
indicating the functional cluster (COGs) or enzyme class it belongs (GI2EC, see above).
For GenProtEC a function is defined by a selection of identifiers. In this case a matched
gene will inherit several identifier numbers. Identifiers define the functional characteristics
as disparate as cellular location, enzyme functional and molecular complex.

3.2.7

A nnotation of th e P F D B

The primary functional annotation of the PFDB is no more complex than simply matching
gene identifiers in the COG, GenProtEC and GI2EC databases to those identifiers in the
CATH-PFDB. Once this is done we can then begin to cross annotate the genes at differing
levels of sequence identity.

3.2.7.1

Prim ary and Secondary Annotation

Functional annotation is assigned one of two categories. The first. Prim ary annotation
is the functional information attached to a given sequence by one of the three databases
(COGs, GenProtEC and GI2EC). In short, these sequences are in one of these databases.
This does not imply th at these are experimentally determined, rather th at this informa
tion is derived directly from the three functional databases th at were used. Secondary
annotation is defined as the functional information th at is inherited by a sequence be
cause it belongs in the same sequence cluster as a sequence with primary annotation.
The process of functional annotation inheritance is described below. A further concept
is that of parent and child sequences. A parent sequence is a sequence which is being
used to provide functional information to the other sequences within its sequence family.
By definition these are also Primary annotated sequences. Child sequences are sequences
th at are inheriting functional information from a parent sequence.

3.2.7.2

Secondary Annotation of Sequences

The sequences in the CATH-PFBD are clustered into sequence clusters at four levels
of sequence identity; 100%, 95%, 60% and 35%. These clusters can be used to crossannotate sequences with the functional information th at a given cluster member may
already have been assigned. The propagation of annotation errors is a problem for any
database th at relies solely on sequence identity when assigning annotations (Bork &
Bairoch, 1996). It is with a view to this th at the secondary annotation process is itself
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constrained by features of the sequences themselves (see below). Importantly the three
databases provide functional annotation for complete sequences not domains, whereas
the CATH-PFDB is a domain level clustering of sequences. As a result, the functional
secondary annotation should take this into account.
Any given sequence th at is going to inherit functional information from another
sequence level must satisfy two conditions. 1) A child sequence can only inherit func
tional information from a parent sequence (the sequence with the functional annotation)
if the parent sequence is annotated at the primary level (i.e. must be present in one
of the three databases).

This prevents sequences inheriting information second hand

from sequences th at have already inherited functional information, in order to reduce
annotation errors. 2) The child sequence must contain all the domains th at are present in
the parent sequence Figure 3.3. Especially important is th at the child sequence has the
same domain make-up of the parent and the same number of the same types of domains.
The domain make-up of the parent sequence can be a subset of the child, e.g. if the child
has more domains than the parent it may still be annotated. Where the domain makeup
of the sequences is taken into account all those domain types (CATH, Pfam, MkDom)
th at are assigned are used (see Chapter 2). These two steps allow the complete sequence
annotation nature of the functional databases to be taken into account. It is im portant
to keep in mind th a t child sequence does not necessarily have an ‘Is a ’ relationship with
its functional annotation. Rather, a child sequence has an ‘Is related to ’ relationship
with its functional annotation.
When implemented the annotation protocol produces four further databases from
the initial Annotated CATH-PFDB. These are the SlOO Annotated CATH-PFDB, the
895 Annotated CATH-PFDB, the 860 Annotated CATH-PFDB and the 835 Annotated
CATH-PFDB. Each subsequent database is a composite of the cross-annotations from
the previous CATH-PFDB and the cross-annotations for its level of sequence identity
(e.g. the 860 Annotated CATH-PFDB will also include the cross annotations from the
895 and 8100 cross-annotated CATH-PFDBs).

3.2.8

Functionally A nnotating G enomes

The final process takes the appropriate ‘Annotated CATH-PFDB’ and matches their
gene identifiers to genes within the genomes from the genomes dataset (see Chapter2).
The first step is to identify which sequences in the primary data sources are from which
genome and then attach this primary annotation to these protein sequences. After this.
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F ig u r e 3.3: The relationships that either allow or prevent functional annotation
inheritance. The coloured boxes represent domains and the chains of boxes represent
complete protein sequences. Domains of the same types have the same colour. In the
examples A and B functional inheritance is allowed (indicated by ticks) as the child
sequence contains at least the same domain make up including the same number of the
same types of domains. In example B the child is allowed to inherit the functional
information as the relationships that are built are of the type Ts related to ’. In
examples C and D functional inheritance is not allowed. In example C while the
child has the same domain types in the same order as the parent sequence it does
not have the correct number of the second domain types and so the child can not be
said to have ‘at least’ the function of the parent. In example D the child is made up
of different domains to the parent sequence and and is considered to be functionally
different.

any sequences that do not have a primary annotation are identified and any secondary
annotation that has been assigned from an ‘Annotated CATH-PFDB’ is assigned to these
sequences. Eventually, this results in the output of a list of sequences for each genome
with any functional information that they have been assigned.
It is important to select an appropriate level of sequence identity with which to
annotate the genomes.

If the sequence identity is too high then too little functional

information will be inherited.

If a sequence identity level is chosen that is too low,

protein sequences will inherit functional information that is either wrong or misleading.
Figure 3.4 summarises the findings of Todd et al. (2001).

The data for this graph

was generated by taking all pairs of homologous proteins in the CATH database and
establishing, where appropriate, the level of conservation of B.C. number. Most pairs
prove to be enzyme/enzyme pairs although at lower levels of sequence identity there
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are some enzyme/ non-enzyme pairs. In reference to this study a sequence identity level
of 60% was selected to cross annotate genes as there is more than 95% conservation of
enzyme function at this level of sequence identity. As the sequences that are functionally
annotated are usually complete sequences and often multi-domain, graph (b) is the most
relevant when choosing an appropriate sequence identity for functional annotation. As a
result only functional annotations from the S60 Annotated CATH-PFDB were used to
functionally annotate the genomes.
a) single-domain proteins
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F ig u r e 3.4: Figure is taken and adapted from Todd (2001). Conservation of EC
number versus sequence identity for homologous enzym e/ enzyme and enzym e/non
enzyme pairs of domain representatives belonging to (a) single domain proteins only
(81,312 pairs contained within 127 superfamilies) and (b) single and multi-domain
proteins (486,084 pairs contained within 369 superfamilies). Non-enzym e/non-enzym e
pairs are ignored and only those superfamilies containing two or more enzymes were
considered. Each colour in the histogram denotes a particular level of functional
similarity, as shown in the key. Each level of functional similarity is represented as a
fractional percentage of the total number of unique homologous pairs (indicated by
the line graph) in a given range of sequence identities. Functional variations appear
to occur largely below 60% sequence identity. A.B.C.- indicates that the first three
numbers in the E.C number are conserved. A.B.-.- indicates that the first two numbers
in the E.C number are conserved. A.-.-.- indicates that the first number in the E.C
number are conserved.
indicates that the E.C number is not conserved.

Chapter 3. Functional Annotation

106

3,3

R esults

3.3.1

A nnotation of the CATH -PFDB

The annotation protocol described above serves a twofold purpose. Firstly it serves to
provide annotation for the CATH-PFDB and sets out a rational methodology for the
integration of future functional data sources. From Figure 3.5 as the sequence identity
with which functional inheritance is lowered so the number of genes that have some func
tional annotation increases. This is due, on average, to there being more members in
an 35% sequence identity family than in a 95% sequence identity family. In total ap
proximately 65% of the CATH-PFDB can be automatically annotated using the sequence
clusters at 35% sequence identity. At what might be regarded as a more reliable level of
sequence identity this figure falls to around 45% which represents functional annotation
for ~277,000 sequences. The other lines represent the levels of annotation for the other
databases. The GenProtEC line starts at approximately 1% at the primary annotation
level and this is to be expected as initially only those genes that are functionally classi
fied from E.coli are annotated. The COG line begins at approximately 8% as the only
sequences that are annotated are those from a subset of all the completed genomes and
these sequences are a relatively small subset of the total number of sequenced proteins.
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F ig u r e 3.5: Percentage increase in functional annotation from the three data sources
that were used to annotate the CATH-PFDB. The dark blue line indicates the total
amount of functional annotation at each step. The coloured lines; green, red and
blue, indicated the amount of functional annotation for EC numbers, COGs and
GenProtEC respectively.
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F u n ctio n a lly a n n o ta tin g a G enom e

Figure 3.6 shows the calculation of the percentage of any given genome that has been
functionally annotated. In the majority of cases more than 50% of the sequences of a
genome have some form of functional annotation and in some cases this figure is above
80%. There are only six genomes that fall below this. Two of these, Mycobacterium tuber
culosis and Aeropyrum pernix, are still above the 40% annotation mark. Of the other four
remaining both Caenorhabditis elegans and Saccharomyces cerevisiae are eukaryotic and
are not represented in the COGs or in GenProtEC. The final two, Chlamydia trachoma
tis and Mycoplasma pneumoniae, again are not represented in the GOGs. Overall it is
evident that functional annotation can be provided for a large proportion of the protein
sequences in the prokaryotic genomes.
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F ig u r e 3.6: Percentage of each genome that has been functionally annotated by the
functional annotation process. Organisms are listed alphabetically; aero: A eropyrum
pem ix, aful: Archeoglobus fulgidus, aquae: Aquifex aeolicus, bbur: borrelia burgdoferi, bsub: bacillus subtillus, celeg: Caenorhabditis elegans, cjej: C am pylobacter j e 
ju ni, cpneu: Chlam ydia pneum oniae, cpneuA: Chlam ydophilia pn eu m oniae, cpneuJ:
C hlam ydophilia pneum oniae J138, ctra: Chlamydia trachom atis, ecoli: Escherichia
coli, hinf: H aem ophilus influenzae, hpyl: H elicobacter pylori, hpyl99: Helicobac
te r p ylo ri J99, mgen: M ycoplasm a genitalium , mjan: M ethanococcus jannaschii,
mpneu: M ycoplasm a pneum oniae, mthe: M ethanobacterium therm oautotrophicum ,
mtub: M ycobacterium tuberculosis, nmenA: N eisseria m enin gitidis, pabyssi: Pyrococcus abyssi, paer: P seudom onas aeruginosa, pyro: Pyrococcus horikoshii, rpxx: Ricke ttssia prow azekii, sacc: Saccharom yces cerevisiae, syencho: S yn ech ocystis PCC86803,
tmar: Therm otoga m aritim a, tpal: Treponema pallidum , uure: U reaplasma urealyticum , vchol: Vibrio cholerae, xfas: X ylella fastidiosa.
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D atabase Contribution to Functional A nnotation

While it is encouraging to note th at most of the protein sequences from each genome have
functional annotation it is im portant to differentiate the individual contribution made
by each database. Figure 3.7 shows three charts that indicate the relative contribution
from each database to the annotation of each organism. The COGs provide the most
comprehensive annotation for any given genome. This is unsurprising given th a t most
of the genomes in the set used for this study are also featured in the COGs. COGs is
a clustering of protein sequences rather than a functional classifications scheme. This
clustering clearly allows a large number of sequences from all organisms to be clustered
even if functional information for those clusters is sparse.
Most surprising is the relatively low coverage of E.C. numbers within the genomes
(<15%). If coverage of genes in the CATH-PFDB (Figure 3.5) had been indicative of
the coverage for the genomes we should have seen many more genes in the genomes
annotated with an E.C. number. This indicates that the CATH-PFDB and possibly the
NRDBIOO are biased towards enzyme sequences. This is certainly feasible in the case
of the CATH-PFDB. The CATH-PFDB is a clustering of sequences related to CATH
structural families. It is the case that most of the solved structures in the structural
databases are soluble, and as such over represent enzymes. Much of modern biochemistry
has focused on enzymes and it is these structures th at have been solved most frequently
initially. The CATH-PFDB contains the sequences of nearly 70% the NRDBIOO. As
such, it seems likely th at NRDBIOO suffers from the same bias as the CATH-PFDB.
Lastly, the contribution of GenProtEC annotation to the other genomes was unex
pectedly small. Figure 3.5 indicates that this database will contribute the least to the
annotation but the paucity of annotation among the genomes is surprising. One feasible
explanation is th at the the protein sequences in other genomes are sufficiently divergent
from E.coli to no longer be clustered together in the CATH-PFDB, even at 35% sequence
identity. This certainly seems reasonable for most of the other genomes, for the study at
large, but seems counter-intuitive for some of the more closely related organisms (such as
Pseudomonas aeruginosa and bacillus subtillus). To resolve the issues brought up by this
lack of annotation the genes from E. coli were BLASTed against the genes in all the other
genomes (see below) to check whether this domain level annotation scheme was too strict.
One surprising effect when looking at the functional annotation levels is th at al
most all of the annotations a gene gets are from the primary data source and not via
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secondary annotation of the PFDB. Therefore, for this analysis, there is little benefit
in real terms in using the CATH-PFDB to annotate the genomes. This is due to the
close study of these genomes and th at the genomes currently within GeneSD are already
contained in the functional databases. However, annotation of the CATH-PFDB will be
useful for annotating genes from partially sequenced genomes.
It is useful for the Gene3D database to store all the secondary annotations th at
were made to the CATH-PFDB. The secondary annotations cover many genes present in
the CATH-PFDB and not present in the genomes and these annotations cover sequence
identities down to 35%. This data resource may prove useful in giving preliminary hints
at the function of poorly characterised genes.
It is also im portant to note th at only up to 40% of a given genome has a structural
domain assigned to it (see Chapter 2) and therefore may appear in the CATH-PFDB.
This will have a major effect on the total amount of a genome th at can be annotated
using the CATH-PFDB and will likely be the primary reason th at the EC annotation in
not as high as expected. In the future as more sequence families have their structures
solved and more gene sequences are integrated into the CATH-PFDB, it will become
increasingly useful for cross annotation of genes.

3.3.4

G enProtE C B LA ST

To resolve the apparent paucity of annotation when using GenProtEC, and the domain
level annotation scheme described above, all the genes in E.coli were BLASTed against
all the genes in the other genomes in this study. Matches were then selected where the
E-value was lower than 1 x 10®“^ and the percentage sequence identity was greater than
35%. These matches were collated and are summarised in Figure 3.8. It is clear from
this graph th at the amount of annotation of any given genome is far greater when a
simple protocol of using just BLAST, with an appropriate cut-off, is applied. Although
this process is nominally a success it was decided not to apply it to the COG or EC
annotation schemes. In these cases it was judged th at little extra annotation would be
achieved. This is because genes in the COG databases have already been matched using
sequence matching methods and the genomes are already extensively covered. In the case
of the ENZYME database it was decided not too extend the initial coverage (the GI2EC
database) below 95% as the primary purpose was to identify genes th at have the exact
function.
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F ig u re 3.7: The percentage of any genomes’ protein sequences that are annotated
(COGs (A), EC (B) and GenProtEC (C)). The genomes are listed alphabetically; aero:
A eropyrum pernix, aful: Archeoglobus fulgidus, aquae: A quifex aeolicus, bbur: bor
relia burgdoferi, bsub: bacillus subtillus, celeg: C aenorhabditis elegans, cjej: C am py
lobacter jeju n i, cpneu: Chlam ydia pneum oniae, cpneu A: Chlam ydophilia pneum oniae,
cpneuJ: Chlam ydophilia pneum oniae J138, ctra: Chlam ydia trachom atis, ecoli: E s
cherichia coli, hinf: Haem ophilus influenzae, hpyl: H elicobacter pylori, hpyl99: H eli
cobacter pylori J99, mgen: M ycoplasm a genitalium , mjan: M ethanococcus jan naschii,
mpneu: M ycoplasm a pneum oniae, mthe: M ethanobacterium therm oautotrophicum ,
mtub: M ycobacterium tuberculosis, nmenA: N eisseria m en in gitidis, pabyssi: Pyrococ
cus abyssi, paer: P seudom onas aeruginosa, pyro: Pyrococcus horikoshii, rpxx: Rickettssia prow azekii, sacc: Saccharom yces cerevisiae, syencho: Syn ech ocystis PCC86803,
tmar: Therm otoga m aritim a, tpal: Treponema pallidum , uure: Ureaplasm a urealyticum , vchol: Vibrio cholerae, xfas: Xylella fastidiosa.
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M ost Frequently Recurring Functions

3.3.5.1

Environmental Response Functions

112

Table 3.2 (see below) shows the most frequently occurring functions observed between
the various clades. Most striking is th at the majority of the functions are involved in
transcriptional-regulation or direct interaction with DNA regardless of the functional
annotation scheme used. Between the COGs and GenProtEC annotations a significant
proportion of the most common functions are involved in small molecule transport,
notably the ABC class of small molecule transporters. The ABC transporter superfamily
was first described in bacteria, later they have been found across all the clades (Alberts
et al, 1994). They bind and transport a wide variety of small molecules across the cell
membrane and are involved in both uptake and excretion. ABC transporters rely on
the hydrolysis of ATP to drive the transport of their substrates across the cell membranes.
The COG functional annotations indicate that, alongside the ABC transporters,
cell signalling functions are very common (e.g. COG0745, COG0642). Notable is that
very few of the ‘house keeping’ functions (e.g. DNA replication) are present at the top
of the list of most frequently occurring COG and GenProtEC functional assignments.
These basic functions, notionally, ensure a cell survives and continues to replicate.
These functions are seen in the list of the most common Enzyme Commission Number
functional assignments. This is likely to be a consequence of the narrow scope of the
EC Number classification. As the EC classification only deals with enzymes it will not
cover many of the signalling and transport functions covered by both the COG and
GenProtEC databases.
The prevalence of cell membrane transport, cell signalling and DNA transcription
activators in the most common functions indicate th at for this dataset, biased towards
prokaryotes, much of any given clade’s (and therefore organism’s) proteome is given over
to interaction with the environment. The detection or uptake of small molecules (either
signalling or substrate) outside the cell often stimulates their increased uptake, stimu
lates DNA transcription events (either the activation or cessation of RNA transcription)
or adjusts protein translation function (arresting or promoting).

T hat environment

interaction genes are most common, in retrospect, seems logical. It takes relatively few
components to conduct the business of DNA duplication, protein translation, amino acid
metabolism and for these functions a cell minimally needs only one copy of the relevant
gene. On the other hand, any cell (eukaryotic or otherwise) may encounter a wide range
of environments and substrates and will be required to respond and cope with these as
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appropriate.

3.3.5.2

Anom alous Functions

Looking closely at the GenProtEC functions all the clades feature genes th at are part of
the class ‘prophage genes and phage related functions’ (GenProtEC functional class 8.1).
This indicates th at most organisms have within their genomes genes related to viruses.
Importantly, some of these genes are probably part of either active or dormant retro
viruses constitutively present in the genomes of these organisms. This is known to be
a common feature of many organisms. Most humans carry Cytomegalovirus and many
carry Herpes simplex (Mims et al, 1993). The EC Number assignments show th at there
are a large number of proteins th at are either DNA polymerases, RNA polymerases or
have related functions to these proteins across all the clades. In two eukaryotes alone
there would seem to be 67 proteins related to RNA polymerase but with no accurately
defined function. In the archaea there is an average of over four RNA polymerases per
organism and the bacteria have between five and six per organism. There is only one RNA
polymerase with many co-factors in the bacteria and in the eukaryotes there are only three
forms of RNA polymerase. This begs the question, what are all these genes with RNA
polymerase related functions? This is not obvious but they need not be polymerases, some
may bind nucleotide substrates or have similar chemistry (i.e act to form di-nucleotides).
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Signal tra n s d u c tio n histid in e kinase.

300
290
276
253
242
240
227
226
213
212

R esponse reg u lato rs consisting of a CheY -like receiver dom ain a nd a w inged-helix D N A -binding dom ain.
Signal tra n s d u c tio n h istid in e kinase.
A B C -type p h o sp h ate tra n s p o rt system , A TPase com ponent.
T ran sc rip tio n a l regulator.
T ran sc rip tio n a l regulators.
A B C -type m u ltid ru g tra n s p o rt system , A TPase com ponent.
A B C -type d ip e p tid e /o lig o p e p tid e /n ic k el tra n s p o rt system s, perm ease com ponents.
P red ic te d tra n sc rip tio n a l regulators.
N A D H iflavin oxidoreductases. O ld Yellow E nzym e family.
P eriplasm ic sugar-binding proteins.

293
228

M ethylated-D N A -[protein]-cysteine S -m ethyltransferase.
D N A -directed R N A polymeratse.

I
Co

0

1

r

o
aT
ET.

§

c o n ti n u e d o n n e x t pa g e

F u n c tio n I d e n tif ie r
3.6.3.14
6.3.4.15
5.2.1.8
3.1.1.61
3.1.4.17
2.7.7.7
3.1.3.56
2.7.1.69
E u k a r y o te s
5.2.1.8
2.7.7.6
2.1.1.63
3.1.3.56
3.1.3.16
2.4.1.17
2.4.1.203
2.4.1.121
2.4.1.210
2.4.1.204
A rc h a e a
2.7.7.6
1.2.7.1
3.1.1.61
1.6.99.3
6.3.4.15
6.1.1.20
4.2.1.33
2.1.1.63
I.6 .5 .3
3.1.4.17
B a c te ria
2.1.1.63
2.7.7.6
3.6.3.14
6.3.4.15
3.1.1.61
3.1.4.17
2.7.1.69
2.7.7.7
6.1.1.20
4.2.1.70
G e n P r o t E C F u n c tio n s
A ll O r g a n is m s
2.3.8 2.3.2 6.6 7.1
8.1
2.3.1 7.1
4 .3 .A .l.a 7.1
1.7.1
3.1.4
3.1.2

O c cu rre n ce s

9

F u n c tio n D e s c r ip ti o n

163
135
127
104
84
69
65
63

H (+ )-tra n s p o rtin g tw o-sector A TPase.
B iotin-[acetyl-C oA -carboxylase] ligase.
P eptid y lp ro ly l isom erase.
P ro tein -g lu ta m a te m ethylesterase.
3 ’,5’-cyclic-nucleotide phosphodiesterase.
D N A -directed DNA polym erase.
In o sito l-1,4,5-trisp h o sp h ate 5-phosphatase.
P ro tein -N (p i)-p h o sp h o h istid in e -su g a r phosphotransferase.

88
67
66
65
47
47
42
42
42
42

P eptid y lp ro ly l isom erase.
D N A -directed RNA polym erase.
M ethylated-D N A -[protein]-cysteine S -m eth y ltran sferase.
Ino sito l-1,4,5-trisp h o sp h ate 5-phosphatase.
S e rin e /th reo n in e specific p ro te in phosphatase.
U D P-glucuronosyltransferase.
Z eatin O -beta-D -glucosyltransferase.
1-alkenylglycerophosphoethanolam ine O -acyltransferase.
Lim onoid glucosyltransferase.
Z eatin O -beta-D -xylosyltransferase.

25
24
18
17
13
12
12
12
12
12

D N A -directed RNA polym erase.
P y ru v ate synthase.
P ro tein -g lu ta m a te m ethylesterase.
NADH dehydrogenase.
B iotin-[acetyl-C oA -carboxylase] ligase.
P h e n y la la n in e-tR N A ligase.
3-isopropylm alate dehydrataise.
M ethylated-D N A -[protein]-cysteine S -m ethyltransferase.
NADH dehydrogenase (ubiquinone).
3 ’,5’-cyclic-nucleotide phosphodiesterase.

215
136
123
108
83
68
63
56
46
42

M ethylated-D N A -[protein]-cysteine S -m ethyltransferase.
D N A -directed RN A polym erase.
H (-b )-tra n sp o rtin g tw o-sector A TPase.
B iotin-[acetyl-C oA -carboxylase] ligase.
P ro te in -g lu ta m a te m ethylesterase.
3’,5’-cyclic-nucleotide phosphodiesterase.
P ro tein -N (p i)-p h o sp h o h istid in e -su g a r phosphotransferase.
D N A -directed DNA polym erase.
P h e n y la la n in e-tR N A ligase.
P se u d o u rid y la te synthase.

1116
679
425
375
342
326
321

ribosom al pro tein s — tra n s la tio n — ribosom e — cytoplasm
prophage genes a n d phage re la te d functions
am ino acid -a c tiv a tio n — cytoplasm
A BC superfam ily A T P b in ding cytoplasm ic com ponent — cytoplasm
unassigned reversible reactions
regulation, level unknow n
tra n sc rip tio n a l
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c o n ti n u e d o n n e x t p a g e

Function Identifier

2.2.3 7.1
2.2.2 3.1.2.2
2.3.2 7.1

Function D escription

Occurrences

298
280
258

RNA m odification — cytoplasm
tra n sc rip tio n re la te d — a ctiv ato r
tra n s la tio n — cytoplasm

111
64
64
64
63
63
63
63
63
58

prophage genes and phage re la te d functions
carb o n com pounds — tra n sc rip tio n related — a c tiv ato r — operon — cytoplasm
DNA re p a ir — tra n sc rip tio n re la te d — a ctiv ato r — operon — cytoplasm
tra n sc rip tio n a l level
ribosom al pro tein s — tra n s la tio n — ribosom e — cytoplasm
tra n sc rip tio n re la te d — tra n s c rip tio n a l level
carbon com pounds — tra n s c rip tio n re la te d — a ctiv ato r — repressor — operon — cytoplasm
tra n sc rip tio n re la te d — a ctiv ato r — operon — dru g re sista n c e /se n sitiv ity — cytoplasm
tra n sc rip tio n related — a c tiv ato r
carbon com pounds — tra n s c rip tio n re la te d — a ctiv ato r — operon — cytoplasm

4 .3 .A .l.a 7.1
2.3.8 2.3.2 6.6 7.1
1.4.3
1.7.1
8.1
1.7.34 4.3.A .I .a 4.S .o ligopeptide 6.2 7.1

59
55
41
37
34
29

1.4.1 1.3.6 1.3.7 4.3.D .1 4 .S .N a + 7.1

29

1.1.3 4.3.A .I .a 4.S .d ip e p tid e 7.1
3.1.4
1.3.5 1.3.7 6.1 7.3

28
27
27

ABC superfam ily A TP b in ding cytoplasm ic com ponent — cytoplasm
ribosom al p roteins — tra n s la tio n — ribosom e — cytoplasm
electron carrier
unassigned reversible reactions
prophage genes a nd phage re la te d functions
peptidoglycan (m urein) tu rn o v e r, recycling — ABC superfam ily A T P b in d in g cytoplsLSmic com ponent — s u b stra te
oligopeptide — p e ptidoglycan (m urein) — cytoplasm
electron donor — aerobic re sp ira tio n — anaerobic re sp ira tio n — T h e P ro to n - or sodium io n -tra n slo c a tin g NADH
D ehydrogenase (N D H ) Fam ily — s u b stra te Na-i----- cytoplasm
am ino acids — A BC superfam ily A T P binding cytoplasm ic com ponent — s u b stra te d ip e p tid e — cytoplasm
regulation level unknow n
ferm entation — anaerobic re sp ira tio n — m em brane — in n e r m em brane

Eukaryotes

8.1
1.1.1
2.1.4
3.1.2
2.3.8
2.2.2
1.1.1
2.2.2
2.2.2
1.1.1

2.2.2 3.1.2.3 3.3.1 7.1
2.2.2 3.1.2.2 3.1.2.3 3.3.1 7.1
2.3.2 6.6 7.1
3.1.2
2.2.2 3.1.2.2 3.1.2.3 3.3.1 7.1
3.1.2.3. 3.3.1 5.6.4 7.1
3.1.2.3
2.2.2 3.1.2.2 3.3.1 7.1

Archaea
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B acteria

2.3.8 2.3.2 6.6 7.1
8.1
2.3.1 7.1
1.7.1
4 .3 .A .l.a 7.1
2.2.3 7.1
3.1.4
3.1.2
2.2.2 3.1.2.2
2.3.2 7.1

998
534
373
271
266
252
247
239
228
218

ribosom al pro tein s — tra n s la tio n — ribosom e — cytoplasm
prophage genes a nd phage re la te d functions
am ino acid -a c tiv a tio n — cytoplasm
unassigned reversible reactions
ABC superfam ily A T P b in ding cytoplasm ic com ponent — cytoplasm
RNA m odification — cytoplasm
regu latio n level unknow n
tra n sc rip tio n a l level
tra n s c rip tio n re la te d — a ctiv ato r
tra n s la tio n — cytoplasm
T able 3.2: T h e m ost com m on functions observed. D a ta is shown for each fu n c tio n a l ty p e
used (C O G , E C , G e n P ro tE C . D a ta broken down betw een all organism s, eukaryotes only,
a rch aea only a nd b a c te ria only. T h e G e n P ro tE C function nam es relatin g to th e respective
codes are sep a ra te d by a space and th e ir respective functions listed and delim ited by
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Functional and D om ain Level U biquity

The following section discusses two interrelated observations. Firstly, th at domains as
sociated with many functions tend to have functions that are useful to a wide range of
proteins and hence multiple functions (e.g. the Rossmanns domains acts to bind ATP
for a wide variety of proteins). Secondly, th at the functions associated with the greatest
number of domains tend to be generalised functions that genomes can subtly adapt (e.g.
Protein-tyrosine kinase).

3.3.6.1

Dom ains Associated w ith M ultiple Functions

Table 3.3 (see below) shows those domains th at are associated with the greatest number
of functions. The table is dominated by domains from the Rossmann fold class (CATH
topology 3.40.50). These domains are featured in a large number of enzymes and other
Nucleotide requiring domains. The most functionally diverse class, the “P-Loop contain
ing nucleotide triphosphate hydrolases” (class 3.40.50.300) have catalytic function as well
as nucleotide binding function. Also present in the list are the TIM barrels (CATH topol
ogy 3.20.20) these are present in a wide range of enzymes and often act to provide the
catalytic site for the reaction (Todd et o/., 2001; Todd, 2001). CATH family 1.10.10.10,
the “winged helix” repressor DNA binding domain, is a domain th at binds DNA to enable
the modulation of DNA transcription. Also, of the Pfam domains in the table almost all
are involved in transcription regulation. This indicates th at those domains with multiple
functions are largely associated with enzymic function or transcription regulation. There
are a wide variety of different enzyme functions and a wide variety of different genes whose
transcription needs to be controlled. On average any domain type is involved in a limited
number of functions (5.1, 2.5 and 3.2 functions per domain for COGs, EC and GenPro
tEC respectively) with over half of all domains involved in only one functional class. This
indicates th at the domain types in Table 3.3 are highly ubiquitous which suggests that
they bring a general function to the proteins they play a role in. For example the TIM
barrel domains provide a stable three dimensional architecture within which a wide range
of enzyme catalysis can be performed (Nagano et al, 2002).

3.3.6.2

Functions Associated with M ultiple Dom ain Families

Table 3.4 (see below) shows those functions associated with the greatest number of dif
ferent domains families. These functions tend to be non-specific (e.g. response regulator.
Transcriptional regulator, Periplasmic sugar-binding, Protein-tyrosine Kinase etc.). Pro
teins themselves usually have very specific purposes and this may help illustrate one aspect
of the nature of protein function evolution. Namely, for any general functional-class there
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are proteins with specific functions using a specific sub-set of domains and it is the specific
combination of domains th at lends the specific function to a protein. For example, the
“Protein-tyrosine Kinase” function is one whereby tyrosine residues are phosphorylated
for cell signalling purposes. This function is widespread throughout cell signalling mecha
nisms, one well studied example is the class of receptor-tyrosine kinases. “Protein-tyrosine
Kinase” is a functional mechanism th at genomes have developed and then attem pted to
reuse again and again in different signalling contexts. Signalling proteins used in different
contexts will have different protein domains, even if they function as Protein-tyrosine
Kinases, and as such many domain types can be associated with one general functional
type.

D o m a in I d e n tif ie r
C O G F u n c tio n s
3.40.50.300
3.40.50.XXX
3.40.50.150
1.10.10.10
3.40.50.720
3.40.190.10
PF00528
3.20.20.90

F u n c tio n s O b s e r v e d
503
194
190
170
140
117
97
95

PF01206
E C F u n c tio n s
3.40.50.720
3.40.50.300
3.50.50.60
3.20.20.80
3.40.50.XXX
3.20.20.90

95

3.40.640.10
3.40.50.950
3.10.20.30
G e n P r o t E C F u n c tio n s
3.40.50.300
1.10.10.10
3.40.50.XXX
3.40.50.720
PF00480
PF00005
PF01037
PF01046
3.40.190.60

20
18
18

58
33
26
26
26
25

121
86
68
63
51
48
48
48
48

D o m a in D e s c r ip ti o n
P-loop containing nucleotide trip h o sp h a te hydrolases.
U nspecified R ossm ann fold.
Transferase; M ethyltransferase.
“W inged helix” repressor DNA b in ding dom ain.
N A D (P )-b in d in g R ossm ann-like D om ain.
P eriplasm ic binding p rotein
B inding -p ro tein -d ep en d en t tra n s p o rt system s inner m em brane com ponent
Triose pho sp h ate isom erase, FM N -dependent oxidoreductases a nd p h o sp h ate b inding enzym es a nd T ry p to p h a n biosynthesis
enzym es.
U n characterized p ro tein fam ily U PF0033
N A D (P )-binding Rossmamn-like D om ain.
P-loop containing nucleotide trip h o sp h a te hydrolases.
F A D /N A D (P )-b in d in g oxidoreductase.
TIM B arrel G lycosidases.
U nspecified R ossm ann fold.
Triose pho sp h ate isom erase (T IM ), F M N -dependent oxidoreductases a nd p h o sp h ate b in ding enzym es an d T ry p to p h a n
biosynthesis enzym es.
T ype I P L P -d e p e n d en t a sp a rta te am inotransferase (M ajor dom ain).
T hioesterase.
UB Roll electron tra n s p o rt dom ain
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P-loop containing nucleotide trip h o sp h a te hydrolases.
"W inged helix” repressor DNA b in d in g dom ain.
U nspecified R ossm ann fold.
N A D (P )-binding R ossm ann-like D om ain.
R O K fam ily
A BC tra n s p o rte r
A snC fam ily
N odD tra n s c rip tio n a ctiv ato r carboxyl te rm in a l region
T ran scrip tio n regulation dom ain
T able 3.3: T h e p ro te in dom ains sissociated w ith th e m ost functions. CATH dom ain codes
tak e th e fo rm at n .n .n .n , w here CATH codes tak e th e form n.n.n.X X X th is in d icates th e
only th e fold an d n o t th e hom ologous superfam ily was assigned to th e region of th e gene.
Pfam dom ain codes tak e th e fo rm at P F n n n n n . D om ain fam ily nam es are quoted to th e
rig h t h a n d side.

CO

F u n c tio n I d e n tif ie r
C O G F u n c tio n s
COG1609
COG1879
COG1117
COG0745
COG0254
COG0642
COG0704
COG0125
COG2204
COG0480
E C F u n c tio n s
2.7.7.6
2.7.7.7
2.7.1.112
2.1.1.63
2.7.1.37
5.99.1.3
3.6.3.14
3.1.4.17
3.1.1.61
1.6.5.3
G e n P r o t E C F u n c tio n s
1.7.1
2.3.8 2.3.2 6.6 7.1
1.1.1
8.1
2.3.1 7.1
3.1.4
2.1.1 7.1
2.2.3 7.1
1.5.2.1 7.1
3.1.2

D o m a in s O b s e r v e d

F u n c tio n D e s c r ip ti o n

42
34
32
31
29
28
27
27
26
25

IV anscriptional regulators.
P eriplasm ic sugar-binding proteins.
A B C -type p h o sp h ate tra n s p o rt system , A TPase com ponent.
R esponse regulators consisting of a C heY -like receiver dom ain a n d a w inged-helix D N A -binding dom ain.
R ibosom al p ro tein L31.
Signal tra n sd u c tio n h istidine kinase.
P h o sp h a te u p tak e regulator.
T h y m id y late kinase.
R esponse reg u lato r containing C heY -like receiver, A A A -type A TPase, a nd D N A -binding dom ains.
T ran sla tio n elongation and release factors (G T P ases).

32
25
25
24
21
20
19
19
18
18

D N A -directed RN A polym erase.
D N A -directed DNA polym erase.
P ro tein -ty ro sin e kinase.
M ethylated-D N A -[protein]-cysteine S -m ethyltransferase.
P ro tein kinase.
DNA topoisom erase (A T P-hydrolysing).
H (-(-)-transporting tw o-sector A TPase.
3 ’,5’-cyclic-nucleotide p hosphodiesterase.
P ro te in -g lu ta m a te m ethylesterase.
N ADH dehydrogenase (ubiquinone).

91
87
63
51
50
40
35
31
31
29
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unassigned reversible reactions
ribosom al p roteins — tra n s la tio n — ribosom e — cytoplasm
c arb o n com pounds
prophage genes and phage re la te d functions
am ino acid -a c tiv a tio n — tra n s la tio n
re g u la tio n level unknow n
DNA rep licatio n — cytoplasm
RN A m odification — cytoplasm
nucleotide — cytoplasm
tra n s c rip tio n a l level
Table 3.4: T h e functio n al ty p e s from th e th re e d a ta b ase s (C O G , G I2EC and G e n P ro t)
t h a t are associated w ith th e m ost dom ain types. T h e G e n P ro tE C fu nction nam es re la tin g
to th e respective codes are se p a ra te d by a space amd th e ir respective functions listed a nd
d elim ited by
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Conclusion
P F D B A nnotation

This functional annotation protocol is of great use for the future annotation of the CATHPFDB. This protocol demonstrates both the benefits of rigorous sequence clustering (the
CATH-PFDB) and conservative functional annotation. However one must be aware of
the attendant errors associated with secondary annotation using sequence similarity to
inherit functional data. While the papers of Devos & Valencia (2000); Pawlowski et al
(2000); Wilson et al (2000) indicate th at function can be inherited at surprisingly low
sequence identities more rigorous studies (Todd et al, 2001; Rost, 2002) indicate th at the
sequence identity must be much higher (greater than 50%) before any true confidence can
be attached to a sequence’s inherited function. It was with this in mind th at the inherited
functions in this study should be viewed only as indicating th at the function of the child
gene is related to th at of the parent.

3.4.2

G enom e A nnotation

Given the wide reaching level of functional annotation of the CATH-PFDB (almost
70%) it was hoped much more of a given organism’s previously unannotated genes would
pick up an inherited function. This proved not to be the case. It would seem th at the
functional databases used had already comprehensively covered the sequences in the
genome selection. The functional annotation of the CATH-PFDB will prove most useful
for sequences th at are poorly categorised or sequences from less studied genomes or those
incomplete genomes not present in the COCs database. CATH-PFDB annotation is not
necessary where genomes or protein sequences are already covered in the classification
schemes th at were used.
This is not to say th at the PFBD annotation protocol describe is not necessary.
The fact remains th at the majority of the genes in the CATH-PFDB do not belong to
one of the genes within the CeneSD database and th at most genes th at are produced by
the sequencing projects are poorly studied. The annotated PFDB databases th at were
generated can be used to provide early indications of the functions of uncharacterised
genes.

In the work in this chapter a conservative, 60%, sequence identity was used

when annotating the genomes, this need not be used. The data th at was generated for
secondary annotation at 35% sequence identity could be used for studying other aspects
of functional evolution. By understanding how sequences with different functions are
related at disparate sequence identities it may be possible to understand how protein
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function changes over time as protein sequence changes.

3.4.3

D atabase U se

This selective study, employing three databases, illustrates the relative merits of various
functional annotation databases for the purposes of cross annotation.

Functional

databases can be thought of as falling into one of three categories. (1) Genome wide
classifications, including COGs, TIGRFam, MIPS-PEDANT, represent either clusterings
of all the sequences within a set of genomes or are schemes attem pting to resolve functions
within all clades of life. These schemes will often result in functional annotations tailored
to those genes seen in the whole sets of genomes. (2) Non-specific genome annotation
schemes, including E.C numbers, Pfam, SWISSPROT, try to attach annotations to
individual sequences or sequence clusters and are not predicated on the use of whole
genomes and the annotations are not tailored to any given genome. (3) Specific genome
annotation schemes, including YPD, GenprotEC, FlyBase, are specifically tailored,
specialised methods of annotating individual genomes, and are often species specific.
This study indicates th at the most beneficial types of functional data th at can be
used to annotate the CATH-PFDB should be gathered from the first and second types of
database {i.e. genome-wide classifications and non-specific genome annotation schemes).
It would seem th at functional databases tailored to specific organisms annotate too few
genes to be useful when cross annotating the CATH-PFDB. From the point of view
of functionally annotating genomes, using functional information from the first two
types of database would intuitively make the most sense.

If looking to compare the

functional complement (the functome; S.Rison, personal correspondence Rison et al
(2000)) of two genomes it makes most sense to use functional annotation schemes th at
are not tailored to a specific organism.

Comparing the functome of two organisms

th at are annotated with their own functional annotation schemes would require a pro
hibitive amount of manual intervention establishing which are the equivalent annotations.
GO is rapidly becoming the most comprehensive ontology and is giving many fields of
genomics research a common language in which to communicate. Many biological science
communities are rapidly converging on the use of Gene Ontology (GO) for annotating
their organism of choice. Future work in the field of genome annotation should include
the data these annotation projects have used. However, at the time this work was carried
out GO had not emerged as the annotation standard th a t it is now, and therefore was
not incorporated.
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G enom e Bias

Tables 3.2, 3.4, 3.3 together indicate the the makeup of any proteome is biased towards
those functions and functional classes th at interact with the environment. Keeping in
mind th at all but one of the analysed genomes is unicellular. Organism survival is pri
marily a consequence of the ability an organism has to deal with its environment. To do
this organisms must find food and substrates, avoid toxins and avoid predation. For these
tasks a cell must be able to detect it ’s environment and signal other cells. This requires an
array of signal transduction proteins (for the detection of environmental factors) which
affect transcription factors which in turn illicit a response (the creation of proteins to
deal with the detected environment). Given the almost limitless range of possible envi
ronments it is easy to see why so much of a proteome should be concerned with these
functions.

C hapter 4
D om ain Com binatorics
4.1

Introduction

At all levels of biology, it is the interplay of life’s components th at lead to its diversity and
complexity. At the level of protein structure it is the combinations of protein domains
and protein chains th at lead to the array of observed protein functions. It is clear that
there are some domains th at are far more common (see Chapter 2) and a cursory glance
of the combinations indicates th at some domains form more combinations than others.
The following section seeks to establish which have the greatest number of partners and
to discover the evolutionary reasons for these partnerships. We also propose a simple
scheme to model the observed behaviour from an evolutionary stand point. This chapter
is divided into three discrete sections: Domain Distribution Relationships (Section 4.2),
Functional Correlation (Section 4.3) and Functional Combinatorics (Section 4.4).

4.1.1

P rotein Dom ains

Many proteins are known to be segmented in domains at either the sequence or structural
level (Bateman et ai, 2002; Pearl et al, 2002; Attwood et al, 2002; Corpet et al, 2000).
The received wisdom is th at each domain acts as a semi-independent unit bringing some
level of functionality to the complete protein. This makes the function of a complete pro
tein a consequence of its composite domains. Certainly many domains can be shown to
act in this fashion, two prime examples are the Rossmann domains and the immunoglob
ulin like domains. The Rossmann domains are common nucleotide co-factor binding and
the immunoglobulin domains are re-used throughout the intercellular signalling machin
ery employed by the eukaryotic organisms. Such observations beg questions about how
domains are partnered to one another. Several recent studies have examined the combi
nation of domain partners seen within the genomes (Apic et al, 2001b,a; Koonin et al,
124
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2002; Ravasz et al, 2002; Teichmann et al, 2001a,b). The overriding conclusion is that
most domain types partner with very few domains whereas few tend to partner with many
domains.

4.1.2

P rotein G enesis

Several studies also suggest mechanisms for relationships seen in protein domain evolution
(Teichmann et al, 2001b). Teichmann et al talk of various forms of duplication in their
studies of pathways. The first, internal duplication, describes the duplication of domains
or domain pairs within a known biochemical pathway. Duplication of domains between
pathways is very commonly seen but does not appear to follow an ordered mechanism.
Duplication most commonly preserves the catalytic mechanism and rarely a major
substrate binding site.
The review of Koonin et al (Koonin et al, 2002) proposes three driving mecha
nisms th at act on the evolution of proteins and domains. The ‘designability’ argument
suggests certain domains are attractors and th at unrelated sequences are most likely
to adopt one of these domain types. Secondly, a selectionist approach holds th a t some
domains are enriched in the set because they provide a specific biochemical activity and
as a result are recruited readily into new proteins.

This would seem to certainly be

true of the Rossmann domains (nucleotide binding) and the TIM barrels (stable enzyme
active site architecture).

Finally, birth, death and innovation models show th at the

observed duplication patterns readily occur without recourse to biochemical or physical
reasons assuming the underlying probabilities in such models are true representations of
the process in nature.

4.1.2.1

Small World Networks

Small world networks are increasingly shown to be good models for various physical
processes and common examples include road networks, the internet and human social
interactions (Kochen, 1989; W atts & Strogatz, 1998). A hypothetical network can occupy
any topology between two highly stylised extremes (see Figure 4.1). The first of these is
a completely regular network where all the nodes are connected with exactly the same
number of connections. At the other end of the scale are truly random networks where
every node has a random number of connections to the other nodes. Between these two
extremes lie a spectrum of, what can be regarded, as “small world networks” . The primary
attribute of a small world network is that any given node is merely a small number of
connections from any other given node. To achieve this behaviour many small world
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networks are made up of clusters of nodes that are highly interlinked with a few links
linking these clusters. This concept is most famously embodied in the play “The six
degrees of separation” by Guare (Guare, 1990). Small world network can take various
forms but the most significant in biology would seem to be the ‘scale free’ networks.

N %
X
% X
Regular

Small World

Random

F ig u r e 4 .1 : The spectrum of networks between the two extreme types. On the
left the Regular networks have the same numbers of connections per node. On the
far right the nodes are connected to one another at random and each has a random
number o f connections. Between these there are networks that obey some probability
rule for the number of connections each node has, these are usefully labelled ’’small
world” networks.

4.1.2.2

Scale Free Networks

Scale free networks are those networks where the number of connections between the
nodes display a Zipfs Law relationship (see below). In such networks there are clusters
of highly interconnected nodes th at are connected rarely to other highly interconnected
node clusters. These networks also display nodes that are much more highly connected
than other nodes and when new nodes are connected to the network they are more likely
to connect to the highly connected nodes than the other nodes. Such behaviour is typical
of the internet, at the lowest level when adding a new computer you are much more
likely to connect your computer to an existing highly connected server than to another
computer. At a higher level, you are much more likely to connect your new server to
an existing router. The connectivity of such networks makes them particularly resilient
to having connections removed, they display robustness. If two networks are considered
(see Figure 4.2), one scale free and the other randomly connected, and connections are
removed at random the random network quickly breaks up into isolated clusters and ceases
to be a network. The scale free network, on average, requires many more connections to
be removed before it becomes fragmentary. To take the internet example further, this
feature of the network ensures th at if individual connections or even individual nodes
are lost the entire network does not fail. To lose a highly connected node is much more
serious than losing individual connections. For the internet much is done to ensure the
stability of these highly connected routers. This robust property of scale free networks
makes them attractive candidates for biological networks. The concept when applied to
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biological networks relies on the tacit assumption th at such networks will remain stable
and prevent the death of the cell when connections are removed (i.e. proteins cease to
function due to mutation).
Scale Free

Random

n
n
N

n

F ig u r e 4 .2 : The process by which networks disintegrate in a topology dependent
manner as connections are removed at random. Status A indicates the complete
network, at each subsequent point (B,C,D and E) a connection is removed at random
from the two networks. The network on the left is a scale free network and the network
on the right is a randomly connected network. W ithin a few steps the Random
network has broken down into four autonomous units whereas the nodes in the scale
free network are still all interconnected.

4.1.3

Power Laws and Zipfs Law

A function, ffxj, is a power law if the dependent variable, x, has an exponent (i.e. x
is raised to some power). Zipfs law is just one example of the large class of potential
power laws. In the last couple of years much has been made of the observation of Zipfs
Law (scale free) relationships in nature (Apic et al, 2001b; Huynen & van Nimwegen
E, 1998; Koonin et al, 2002; Qian et al, 2001; Ravasz et al, 2002). Huynen's and Van
Nimwegen's work (Huynen & van Nimwegen E, 1998) shows a clear power law relationship
between the size of a gene family against the family’s frequency. It is often possible to
construct various biological traits as networks and then observe the relationships of the
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connections to the nodes in the network. For many biological processes the components
can be modelled with graph or network representations, the most obvious of these are
metabolic pathways. In such a representation, the substrates for the reactions form the
nodes of the graph and the reactions or enzymes form the edges. These networks are
‘small world’ networks (see Section 4.1.2.1) and it is this observation that has led people
to attem pt to discover whether such networks are random or ‘scale free’ (follow Zipfs law).

1
P.

-

n'

Where P„ is the frequency of occurrence
of the
ranked item and a is close to 1.
F ig u r e 4.3: The formal definition of Zipfs law.

The definition of Zipfs law is that the probability of occurrence of any given item
starts high and tapers off. Thus, a few items occur very often while many others occur
rarely, the formal definition can be seen in Figure 4.3 (National Institute of Standards
and Technology, 1998). If you take the rank and the value you are measuring and plot the
natural logs of both, an inversely proportional linear relationship is observed (see Figure
4.4).
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F ig u r e 4.4: An example of the ideal inverse linear double Log relationship of Zipfs
law.
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Dom ain D istribution R elationships
M ethods

The following section seeks to verify the claim that networks of partnered domains in
proteins are arranged in a scale free manner (Apic et al., 2001a). Previous studies such
as the Apic et al. study have used only three genomes. This study seeks to provide
a more significant statistical conclusion through the use of a larger dataset of genomes.
The analysis seeks to establish which domains have partners and how the network of
partnerships is arranged.

4.2.1.1

D ata Selection

The domain assignments from the 32 genomes in Chapter 2 were used. These included the
OATH structural domains and the Pfam and MkDom sequence domains. Domains were
considered to be partnered if they appeared together within the same protein sequence
regardless of the separation or order. This is a marked difference to the Apic study where
domains were considered to be partnered only if they fell within 30 residues of one another.
Those domains th at were seen in proteins with no partners were not included. There
is no immediate way of establishing whether the domain was truly partner-less or the
domain assignment process had merely failed to identify the domain it was partnered to.
One possible solution would be to assume th at those sequences with a domain identified
and with at least 100 residues left unannotated still had at least one domain left to be
identified, since 100 residues represents a reasonable estimate of the average size of a
structural domain in GATH. This estimation was not included as there are domains as
small as 20 residues in OATH. By not including those domains th at appeared to have no
partners the statistics remain clear and understandable.

4.2.1.2

Dom ain Partnering Networks

In the network model of domain partnering each domain type can be thought of as a
node in a graph and whenever a domain is seen in partnership with another domain a
connection is made in the graph. In representing the data in the dataset in such a way the
numbers of domains with given numbers of connections can be totalled. Figure 4.5 shows
an example of the construction of such network and the assembly. In the example there
is one occurrence of a domain with three partners, one occurrence of a domain with one
partner and two occurrences of domains with two partners. These levels of occurrences
are totalled and plotted.
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Genes

Graph
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2 Connections
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F ig u r e 4.5: The way in which a network based on domain partnerships can be
assembled. The four domain types (red, yellow, blue and green) are arranged in a
set of four genes (marked Genes). Below, the graph (nodes coloured to correspond
to domains) is constructed. Where a domain is present in one of the four genes with
another domain a connection is added to the graph.

4.2.2

R e su lts

It is clear that the great majority of domains have few partners and a seldom few have
many partners (Koonin et ai, 2002).

The graph shows this distribution for all the

genomes, Figure 4.6. Certainly, there are a great number of domain types that show very
few partners and there are a few domain types that have a great number of partners.
What is unclear is the manner in which this relationship is decaying although a cursory
glance indicates a scale free like distribution however, without the further analysis this
may not be the case.
A double Log plot was plotted to establish whether the data in Figure 4.6 did
represent a scale free network (see Figure 4.7). The figure clearly does not show the
linear inverse straight line that is expected of a scale free relationship. Even accounting
for some noise in the data, the graph would appear to show another form of power law
relationship. This begs the question: ‘what is the relationship between the number of
occurrences of each domains with its number of partners?’. Figure 4.8 indicates that
the relationship between x and y decays in a quadratic manner and not an exponen
tial manner. This in turn indicates that x and y have a relationship of the type; y = ae^^.

To estimate the relationship between the occurrences and partners in Figure 4.6,
the number of partners (x) was raised to a number of powers with respect to the
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F ig u r e 4.6: The relationship between the number of Occurrences of a domain and
the number of other domains it is seen partnered with. For ease of reading those
values of y that are zero have been removed.
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Log X

F ig u r e 4.7: The double natural Log plot from the data plotted in figure 4.6. Along
the X axis is the the Log of the Number of Partners and along the y axis is the natural
Log of the number of occurrences.

Log of the number of occurrences (y).

Raising z to a power between 1/2 and 2/3

gives the best approximation of a straight line relationship, see figure 4.9. Although
there is some noise where there are high values of x the relationship appears to be
approximately linear. Assuming that x is best raised to the power of 2/3, the function by
which the number of occurrences and the number of connections are related was estimat ed.

The relationship of number of occurrences (y) to the number of connections (r)is
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F ig u r e 4.8: The decay of x against Log y.
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F ig u r e 4.9: The relationship of Log y (see figure 4.6 and x (see figure 4.6) raised to
the power of 2/3.

estimated to be; y =

To verify this, Figure 4.10 shows a plot the values of y

(numbers of partners), as predicted by the formula y = 1840e“^^^^, against the observed
values of y. The data certainly appear to have a good linear relationship and this would
suggest that the model proposed represents a good fit of the data. It is important to keep
in mind that the majority of the data points lie in the lower left portion of the graph
where the fit would appear to be less than ideal. Although there are some discrepancies
between the observed and predicted values of y, they do not deviate hugely from one
another. It may also be that with more data, the number of occurrences [y) observed
would be fitted with a greater degree of accuracy.
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F ig u r e 4.10: The relationship of the predicted values of y (given by the formula
y = 1840e“ ®^^^) to the known values of y. Where y is the number of occurrences of
each type of domain with x number of partners. Values below 3 on either axis have
been excluded as they represent data obscured with too much noise.

It would seem that the network of domain partnerships, when considering all
the genomes, is not arranged in a scale free manner. This is contrary to the claims
of Apic et al and Koonin et al (Apic et ai, 2001a; Koonin et ai, 2002).

This,

however, presupposes that protein evolution proceeds in a uniform manner for all
extant life. It is known that that the domain makeup within the genome types differs
(see Chapter 2).

It is possible that each clade may display a different evolutionary

pattern. The curve in Figure 4.7 may well indicate a composite of data representing
separate linear relationships. To test this, the data was broken down for each clade
and the double logarithmic plot plotted for each clade. Figure 4.11 shows the data for
each clade. Superficially this data looks very similar to that presented in Figure 4.6.
Whether it is different in nature requires the double Log plot being plotted for each graph.

Figure 4.12 shows the double Log plots for each clade. The data here shows a different
nature to the smoother curve displayed in Figure 4.7. For all three the data plotted is clear
until the region of noise past Log x >= 2. Certainly the bacterial and eukaryal graphs
have initial straight line portions {x <= 1.5) that may well be indicative of scale free
relationships. The archaeal and bacterial graphs appear to have step-like characteristics,
the archaeal being the more pronounced of the two. This is likely to be a consequence
of noise and, in the archaeal case, an extreme lack of data. Lack of data is certainly an
issue with all three of these graphs. For all genomes only around 40% of a given genomes
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F ig u r e 4 .1 1 : The relationship between the number of domain partners and the
number of occurrences of a domain. Figures have been broken down to display the
relationships for the Bacteria, Archaea, Eukarya (in red, yellow and blue respectively.
Points that have a zero value on the Y axis have been removed from the X axis to
increase readability.

residues are annotated with domains (see chapter 2) and CATH certainly does not contain
examples of all the domain types or their respective sequence families. Alternatively
the steps may indicate that there are sub-clusters of organisms within the bacteria and
archeaa, which if identified and replotted seperately, may yield clear linear double log
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plots. Given the stepped nature of the archaeal and bacterial graphs and the evident lack
of data there seems little use in establishing the mathematical relationship at this time.
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F ig u r e 4.12: Double Log plots of the data presented in figure 4.11.
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Conclusion

Contrary to the complete set of genome data, which does not support a scale free relation
ship, the data for the individual clades may suggest th at networks of domain relationships
are assembled in scale free like relationships. While this study does not agree th at this
applies to all organisms there would seem to be a greater case for the separate clades.
W hat is clear is th at these relationship are power law relationships even if they are not
the scale free special case. It may be that such graphs are better plotted on an organism
by organism basis. Although this would require a greater level of domain assignment than
is currently possible, to be statistically valid.

4.2.3.1

M odel Appropriateness

Initially this study was inspired by the work of Apic et al (2001a) and Qian et ai (2001).
It seemed appropriate to repeat their studies in light of the increased data (more genomes
and structural and sequence domain assignments). There remains a question of the ap
propriateness of assembling this relationship of domain partners in terms of a graph. A
graph is an appropriate model for many biological relationships such as metabolism, cell
cell signalling or human interactions but some features do not lend themselves so readily
to this description. There is a fundamental difference in the way th at a network of rela
tionships in metabolism and a network of domain partner relationships is assembled. In
the internet example (see Section 4.1.2.2) computers represent nodes and wires between
them the edges (connections). When a graph of all of the computers in a network is made,
each computer receives its own node, the computers are unique both physically and in the
model. In comparison, every domain that is counted in the cell is not regarded as being
unique. For the purposes of the calculation they are put into predefined bins given the
homologies they share (see Figure 4.13). In this case domains th at are physically unique
are not unique in the system used to model it. This problem is illustrated in Figure 4.13.
It may well be th at this is an inappropriate model, as such the the relationship of the
number of domains to the number of partners cannot be appropriately analysed this way.

4.2.3.2

Dom ain Partnering Model

The following model is proposed to simulate the construction of networks of domain
partnerships. The model is an iterative rule based model which shares a great deal of
similarity with the Birth, Death and Innovation models (BDIMs) of Karev et al and Qian
et al (Karev et al, 2002; Qian et al, 2001). This model contains the following rules;
1)

At each new iteration all existing genes have a given probability (between 0 and 1)

of generating a new gene.
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Network B

A" A 7

F ig u r e 4 .1 3 : Two types of network model. The first (network) is the form of network
model used to describe networks such as the internet and metabolism. In this model
the nodes represent individual items in the network (such as computers) and the edges
represent the connections (such as cabling and wires). If two computers are identical
they are assigned unique nodes in the graph. The second network model illustrates
that used to model the process of domain partnerships. Each coloured node represents
a domain type. W ithin each type are unique domains (labelled A, A ’, A” , A’” etc...).
If a pair of the unique domains (A’ and B”, for example) are present together in a
gene then a connection between the parent (coloured) node types is established. In
this example individual domains do not get unique nodes in the graph.

2) New gene types can be one of two types either Direct copies (D) or Novel genes
(N).
3) New genes (N) can be one of two types either Novel Domains (Nd) or fusions of
existing domains (Fd).
4) At each iteration the type of domain generated is governed by a set of probabilities
(from 0 to 1), where copies (D) are most likely, Fusions (Fd) are unlikely and Novel
domains (Nd) are highly unlikely.
5) At each iteration the newly generated genes are assigned a probability of survival
(from 0 to 1) based on the likelihood of the new gene having a new useful function. As
such copies (D) would always survive, a Fusion (Fd) has a high probability of being
functional and the Novel domains (N) have a low probability of being functional.
A possible addition is that domains are assigned a functional usefulness score that
modulates their probability of survival (rule 5) and a new gene’s usefulness is a composite
of the parent genes’ usefulness with Novel domains (N) being assigned a random
usefulness score.
Ideally it is hoped that the model would behave in a manner similar to that pre
sented in Figure 4.14. The behaviour of this model is at the mercy of the probabilities
used in the various steps and there currently seems no obvious way of estimating what
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these should be beyond a purely heuristic analysis. Unfortunately there was not enough
time in this project to test and develop the model in a rigorous manner. The greatest
difference with the BDIMs is th at this model explicitly includes a functional parameter
as a modulator of domain survival. In this way the model looks to emulate the process by
which proteins and genomes evolve more accurately. Also the BDIMs allow for domains
to be removed at later iterations whereas, in this model, domains are instantly removed
if they prove non-functional.
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F ig u r e 4 .1 4 : This example of the potential outcome of five iterations of the model
proposed in the Domain Partnering Model. At the start (State 1) the is a single
domain of a single type. The next round sees the generation of a new domain (B) by
domain A. In the next round, a new domain (C) is again generated by A and B makes
a copy of itself B ’. In the following state, B and A copy themselves again and create
a fusion product (A ’-B ”), C and B ’ create novel domains D and E. In the final state,
D and E create a new fusion product (D ’-E’); A, B and C fail to make new domains
that survive and A ’-B” creates a direct copy of itself (A”-B ’” ).
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Functional Correlation
M ethods

It is a moot point th at changes of protein function are often modulated by the mixing of
domains partners (Todd et al, 2001). To verify this the structural assignments (Chapter
2) and functional assignments (Chapter 3) were correlated.

4.3.2

R esults

The following graphs (Figure 4.16) indicate the relationship between the number of
partners a CATH homologous family had and the number of functions th at homologous
superfamily is seen to be involved in. These relationships appear to show some positive
characteristic but the way the data is heavily bunched near the origin makes it difficult
to decipher. All three graphs show very similar dispersions of the data, so irrespective of
the functional classification used, the trend in the data would appear to be the same.
To verify if there was a positive trend (that the number of functions a domain is
involved in increases with the number of partners) the Spearman’s Ranked Correlation
Coefficient (see Figure 4.15) was calculated. The correlations are 0.588, 0.682 and 0.600
for the COGs, EC and GenProtEC respectively.

This indicates th at there is strong

correlation between the number of functions a domain is used in and the number of
partners it has. This lends further credence to the idea th at innovation of new functions
can be achieved by using domains almost as building blocks where each domain brings
a sub-function to the whole functioning unit (see Chapter 3).

T hat the correlation

is not perfect (coefficient of 1) is likely to be a consequence of the other mechanisms
through which function can evolve.

Embellishments to existing domains, change in

oligomerisation states and point mutations are all shown to modulate protein function
(Todd et al, 2001).

r = 1 -

6Ic|2
n(ri2-1)

F ig u r e 4 .1 5 : Formal definition of Spearman’s Rank Correlation Coefficient.
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F ig u r e 4 .1 6 : The relationship between the number of partners a domain has and
the number of functions it is seen to play a role in. Data is broken down for each of
the three functional types (COG, GenProtEC and EC) that were assigned in chapter
3.
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Functional Combinatorics
M ethods

The protein domain assignments and functional assignments are taken from chapters 2 and
3, respectively. Functional diversity, as displayed by protein domains, is a consequence
of the partners th at a domain shares. Some domain types are more common than others
and certainly some combinations display more functions than others. For this analysis
domain combinations are reduced to strings (see Figure 4.17). All the identified domains
are listed in the string and the string lists the domains in the order they appear in the
protein. No sub-strings are retained in the dataset (given the example in Figure 4.17
this means th a t sets 1-2, 2-3 and 1-3 are not included). Proteins featuring only a single
domain were excluded from the set.

4.4.2

R esults

4.4.2.1

Common Dom ain Combinations

Among all the organisms, 3106 unique combinations of domains are observed, 55.8% of
which display only one function. Of these combinations 1241 are unique to the bacteria,
1076 are unique to the two eukaryotes and 280 are unique to the Archaea. This means
th at 16.4% of these combinations are shared by all the clades. Table 4.1 shows the ten
most common combinations observed in the three clades. Most of these top ten domain
combinations have at least one domain from the Rossman CATH fold family (CATH
number 3.40.50). These domain types are most frequently involved in nucleotide co-factor
binding. It is also true th at these most popular combinations are largely enzymatic. This
is most likley to be, in part, due to the majority of domain types in the domain databases
(CATH and Pfam) being enzymatic. Of the 13,928 structures from the PDB deposited in
the CATH database, 9,386 currently have EC numbers assigned. Many enzymes require
a nucleotide co-factor (ATP, NAD, FAD, etc.) so it is little surprise th at if the most
common combinations are enzymatic they should also contain a domain from the CATH
Rossmann fold group.
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Domain Type 1

Domain Type 3

1
1 - 2-1 -3

F ig u r e 4.17: Domain combinations can be reduced to strings. An example protein
with different domain types is illustrated at the top of the diagram (domain types in
red, yellow and green). The domain types are numbered (1,2 and 3 respectively). This
information can be reduced to a string that preserves the information about the order
the domains appear within a protein. This is shown below as a hyphen-separated list.

A ll C lad es
C o m b in a tio n
34-34
21-7
46-25
39-P4
34-Pl
23-8
340-1
36-36-12-22
18-15
25-46-25
A rch a ea
C o m b in a tio n
34-34
39-P4
34-Pl
36-36-12-22
47-35
46-25
31-32
25-49
25-45-25
50-14-11

O ccu rren ces
362
221
135
128
117
111
106
92
92
90
O ccu rren ces
40
34
28
24
23
23
21
21
20
16

E ukaryota
C o m b in a tio n
21-7
23-8
34-34
P2-P2-P2
19-19
P7-27
17-17
30-12
44-25
29-21-7
B a c te r ia
C o m b in a tio n
34-34
34-1
18-15
39-P4
1-43-41
46-25
34-Pl
1-43
25-46-25
48-42-20

T a b le 4 .1 : The most common combinations of domain types. Domains are listed
by their relevant database codes. Domains are hyphen separated and appear in the
order they are present in the domains assignments this data is derived from. Domain
codes and their descriptions can be found in Table 4.2.
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86
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Functionality and Evolution of Domain Combinations

Table 4.3 shows the domain combinations associated with the greatest number of
functions, although most (61%) of combinations take part in only a single function. The
table shows the domain combinations involved in the greatest number of functions for
the COG, EC and GenProtEC functional classes. An additional set (‘All’) where the
number of functions irrespective of originating functional database is included. Similar
to Table 4.1 this data contains many domains from the 3.40.50 fold class in CATH,
specifically from the 3.40.50.300 homologous superfamily. This homologous family is the
classic Rossmann fold and is most commonly associated with ATP binding and therefore
providing energy to drive protein functions. The most common Pfam families in this
list (PF0005 and PF00664) are part of the ABC transporter families. These families
are involved in the membrane transport of a range of small molecules. It seems clear
th at novel combinations of these create new classes of membrane transport proteins
(3.40.50.300-PF0005, PF0664-3.40.50.300, etc.). Within these classes many functions can
arise as the domains are adapted to transport new molecules.
The domain combinations for the Enzyme Commission (EC) classification differ
substantially from the ‘All’, COG and GenProt sets. There are far fewer EC functions
attached to any given combination. This illustrates two points: th at enzyme domain
combinations are specific to a functional type and hence functional mechanism (i.e.
conserved biochemistry); th at duplicated proteins tend to preserve the functional class
if not the substrate binding. This finding is supported by the work of Teichmann et al
(Teichmann et al., 2001a,b). In their work regarding the Small Molecule Metabolism
(SMM) of E.coli they indicate th at enzymes are most frequently recruited across
pathways rather than within them.

They go on to suggest th at evolution seeks to

conserve catalytic mechanisms rather than substrate binding when recruiting enzymes to
new pathways. The second point this data (Table 4.3) illustrates concerns the nature of
evolution; for the membrane transport proteins it is clearly evolutionarily least expensive
(either taking least time or least generations) to recombine or alter existing domains to
create new membrane transport proteins. This suggests th at once a working solution for
transporting molecules across membrane was evolved it was easier to continually adapt
what existed than come up with a novel solution for each new molecule type. By contrast
enzymes do not display a common mechanism by which they function. The sheer breadth
of biochemistry enzymes indulge in does not suggest that this could be the case. As
such, novel biochemistry requires the generation of novel combinations of domains or
entirely novel domains. Different classes of proteins will evolve or proliferate according
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to different rules (such as small molecule enzymes or membrane transport proteins).
In summary, transporter proteins and enzymes illustrate two different mechanisms
of evolution.

Transporter proteins evolve by a ‘mix and m atch’ process using few

domain types, where existing domains are recruited to transport a new molecule but the
underlying mechanism of action remains the same. In contrast, if a new form of enzyme
catalysis is required then enzymes do not have the ‘mix and m atch’ process open to them
and a new enzyme with specific biochemistry must be generated. As a result enzyme
process display a large range of very varied domain types. Also a given catalytic reaction
is specific and this in turn restricts the number of enzyme functions a given domain
may proliferate to (see Table 4.3). This is not to say th at both processes are mutually
exclusive, merely th at these examples are highly illustrative.
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D o m a in
C od e
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
PI
P2
P3
P4
P5
P6
P7
P8
P9

D a ta b a se
Id en tifier
1.10.10.10
1.10.10.60
1.10.15.10
1.10.40.30
1.10.275.10
1.10.340.10
1.10.510.10
1.10.565.10
1.20.15.80
1.20.120.110
1.20.140.10
1.20.1050.10
2.40.30.10
2.40.110.10
2.40.170.20
2.60.34.10
2.130.10.20
2.170.130.10
3.10.100.10
3.10.105.10
3.20.200.20
3.30.300.30
3.30.50.10
3.30.70.80
3.30.70.460
3.30.300.30
3.30.420.10
3.30.420.50
3.30.505.10
3.40.30.10
3.40.47.10
3.40.47.20
3.40.50.200
3.40.50.300
3.40.50.800
3.40.50.980
3.40.50.1880
3.40.50.1900
3.40.50.2000
3.40.50.3000
3.40.190.10
3.40.191.30
3.40.190.60
3.40.620.10
3.40.630.10
3.40.640.10
3.40.690.10
3.90.76.10
3.90.650.10
1.10.540.10
PF00005
PF00153
PF00206
PF00534
PF00664
PF01018
PF01021
PF01498
PF02889

D o m a in N a m e
“Winged helix” repressor DNA binding domain
Homeodomain
Helix-hairpin-Helix base-excision DNA repair enzymes C-Terminal Domain
Fumarase/ aspartase (C-terminal domain)
Fumarase/aspartase (N-terminal domain)
Helix-hairpin-Helix base-excision DNA repair enzymes (N-terminal)
Transferase(Phosphotransferase) domain 1
Retinoid X Receptor
Helix Hairpin, molecular chaperone.
Four Helix Bundle, molecular chaperone.
Acyl-CoA Dehydrogenase
Glutathione transferase domain
Elongation Factor Tu (Ef-tu) Domain 3
Butyryl-CoA Dehydrogenase, subunit A, domain 2
Maltoporin, chain A, Metal binding domain
Molecular Chaperone
Galactose Oxidase, domain 2
Ferric Hydroxamate Uptake Protein;Chain: A; Domain 1
Mannose-Binding Protein A, subunit A
Dipeptide Transport-binding Protein; Domain 3
Quinolinic acid phosphoribosyl (QAPR) transferase
Defensin A-like hydrolase
Erythroid Transcription Factor GATA-1, subunit A
Serine Proteinase Alpha-Beta Plaits
Alpha-Beta Plait Ligase.
GMP Synthetase, subunit A, domain 3
Nucleotidyl transferase
Nucleotidyl transferase. Contractile Protein
She Adaptor Protein
Glutaredoxin, Thioredoxin-like
Peroxisomal Thiolase, subunit A, domain 1
Peroxisomal Thiolase, subunit A, domain 1
Rossmann fold. Serine Protease
Rossmann fold, P-loop containing nucleotide triphosphate hydrolases
Rossmann fold, tRNA Synthetase
Rossmann fold, Oxidoreductase
Rossmann fold, allostery
Rossmann fold, lyase
Rossmann fold, transferase
Rossmann fold, signal transduction protein
Periplasmic binding protein-like II
Inositol Polyphosphate Phosphatase, domain 3
D-Maltodextrin-Binding Protein, domain 2, transcription regulator
Aminopeptidase
Zinc peptidase
Type I PLP-dependent aspartate aminotransferase-like (Major domain)
Aspartyl tRNA Synthetase, subunit A, domain 2
Dipeptide-transport-binding Protein; Domain 1
Phosphoribosyl-aminoimidazole Synthetase; Chain: A, Domain 2
Butyryl-Coa Dehydrogenase, subunit A, domain 1
ABC transporter
Mitochondrial carrier protein
Lyase
Clycosyl transferases group 1
ABC transporter transmembrane region
C T P l/O B C family
TYA transposon protein
Transposase
Sec63 domain

T a b le 4 .2 ; The domains code, their database identifiers and the domain names.
Domain codes prefixed with T ’ indicate domains from the Pfam database.

A ll F u n ctio n a l T y p e s
C o m b in a tio n
34-34
34-Pl
34-P5-34
P5-34
P5-34-P5-34
34-P5
P5-34-P1
1-1
2-2
2-P8

N um ber o f
F u n ctio n s
129
124
123
123
123
123
121
121
64
63

EC
C o m b in a tio n
36-36-12-22
6-3
P6-34
5-P3-4
9-P9
38-37-38
34-13
28-22-28-16-10
34-P9
24-33

N um ber o f
F u n ctio n s
10
6
5
5
3
3
3
3
3
3

COGs
C o m b in a tio n
34-34
34-Pl
34-P5-34
P5-34
P5-34-P5-34
34-P5
P5-34-P1
1-1
2-2
2-P8
G e n P ro tE C
C o m b in a tio n
1-1
34-34
34-1
34-P5-34
P5-34
P5-34-P5-34
34-P5
P5-34-P1
2-2
2-P8

T a b le 4 .3 : The domain combinations with the most associated functions. Domains
are hyphen separated and appear in the order they axe present in the domains assign
m ents this data is derived from. Domain codes and their descriptions can be found
in Table 4.2.

8
N u m b er o f
F u n ction s
93
88
87
87
87
87
86
73
40
39
N u m b er o f
F u n ction s
46
36
36
36
36
36
36
35
22
22

I

A.

i
I-

I

f

I.
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R epetitive Domains

The set of complete domain combinations contains frequent tandemly repeated domains.
That is, identical domain types immediately following one another within a protein se
quence. These consecutive pairs of tandem repeats constitute a very small set of all the
possible consecutive pairs observed in the set of proteins. There are 4510 unique pairs
of consecutive domains and only 443 of these comprise of identical domains. W ithin
C.elegans there are observed proteins that are upwards of thirty identical domains in
length and some greater than fifty. The majority of these very large repeated domain
proteins are made up of repeats of Immunoglobulin domains (CATH fold 2.60.40). Pro
teins with large numbers of immunoglobulin domains are well characterised (Alberts et al,
1994) although few, if any, have been observed to have this number of domains. It is possi
ble that, like other Immunoglobulin repeat proteins, these are previously uncharacterised
large proteins involved in either cell-cell signalling or the immune system of the multicellular eukaryote C. elegans. Applying Occam’s razor suggests th at these protein sequences
may be the consequence of errors in gene prediction (Stormo, 2000). Gene prediction
algorithms often miss the termination signals for genes and run several together. They
are also highly prone to predicting pseudo-genes as real sequences. These high number
repeat proteins may be artifacts of these gene prediction errors rather than real genes.
The longest of the unicellular repeated domain proteins are between ten and thirteen
domains in length and are frequently involved in cell-wall, cell/spore coat or signalling
processes. These observations are in keeping with those published by Apic et al (Apic
et al, 2001a,b).

4.4.2.4

Evolution of Domain Order

Bashton and Chothia (Bashton &: Chothia, 2002) looked at a small subset of Rossmann
domain containing proteins and analysed the domain orders. They analysed catalytic
domains from seven SCOP superfamilies that break down into seventeen families. Their
set of proteins are made up of a Rossmann domain (R) and a catalytic domain (CAT).
They note th at when a given domain order is seen (R-CAT or CAT-R) the reverse is only
seen in about 2% of cases. These Rossmann domains are NAD-1- binding and need to
orientate this cofactor with the active site of the catalytic domain. They note that the
sequential order of the domain bears little relationship to the ultim ate three dimensional
orientation of the domains in the protein structure.

They propose th at the order of

domains is a consequence of the protein families arising from a “single recombination
event and subsequent duplications” .
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In the complete set of repetitive domains (see above) there are only 4510 unique
consecutive pairs.

In the great majority of cases (4043) these are seen in only one

order. If the two domains are labelled A and B, the domains are seen in combination
as A-B and not as B-A. Alongside this there are 327 examples of A-B being observed
more often than B-A. When this is the case the magnitude is almost always double
or three times and in some cases as much as 40 times. There are only 140 examples
where A-B and B-A are seen as frequently as one another. This supports observation of
Bashton and Chothia th a t proteins most often arise from single recombination events.
The model in Figure 4.18 presents a logical framework for these observations. Simply,
the model tries to demonstrate th at there are far more steps involved in reordering
domains than in duplicating what already exists.

Compounding the problem is also

the fact th at the relevant transcription binding sites need to end in the same place and
th at domains cannot be randomly inserted into locations in the genome to guarantee
th at the domains will be reordered.

In this sense it is evolutionarily least expensive

to duplicate existing genes, as an existing functioning domain pair has a proven track
record. Through reordering the domains there is no guarantee the new order will be
functional. In Bashton and Chothia’s Rossmann domains existing pairs already place
the domains in the correct 3D orientation. In a reordered protein the domains may not
place the cofactor (NAD-1-) and catalytic sites in the correct orientation.
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F ig u r e 4.18: The schematics of domain duplication for domain reordering. Domains
are represented as coloured boxes (yellow and red) the genome as the parallel lines
surrounding the marked genes. Duplication 1 indicates the simplest form of domain
duplication. The gene is duplicated and inserted elsewhere into the genome. This
form of duplication maintains domain ordering. Duplication 2 involves two indepen
dent rounds of duplication and insertion. This results in a reordering of the domains.
A further way of reordering the domains, Duplication 3, requires one round of du
plication and insertion and at least one deletion step. For both Duplication 2 and
Duplication 3 the insertion steps require the inline insertion of the duplicated elements
with genes or domains already present in the genome.
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Conclusion
N etw orks for Life

This study suggests th at domain proliferation and combination apover-pear to follow sim
ple patterns often observed in both the natural world and other fields. The observations
th at these patterns obey power law behaviours is in keeping with earlier studies in this
field (Apic et al, 2001a,b; Koonin et al, 2002; Qian et al, 2001). These data also in
dicate th a t some networks may even follow scale free patterns. Such scale free networks
provide robustness within a network without recourse to over-engineer. An example of
over engineering (given the earlier internet example) would be to require th at every node
was connected to every other node, so if a variety of nodes fail the network does not
disintegrate, A scale free network on the other hand offers the greatest robustness given
limited access to resources. For living organisms it makes evolutionary sense to invest
in the most efficient strategies. Scale free networks use resources (substrate molecules,
food substances) very efficiently and for living organisms this translates into not wasting
energy or resources. This in turn will assist organisms th at are competing with one an
other in the environment. The data in this study agrees with the observations of Apic
et a l (2001a,b), with regards the number of domain partners seen in proteins. However,
the more pessimistic explanation of gene prediction errors is cited as a more reasonable
explanation for the presence of extremely large (>30 domains) repetitive proteins th at
Apic et al also observe.

4.5.2

D om ain R ecom bination

Combination and recombination of domain types also appears to be a driving feature in
generating functional diversity within proteins. An im portant corollary is th at certain
protein types can be seen to generate diversity in different ways. In the observed classes
(enzymes and transport proteins) functional diversity was achieved through different
mechanism. For the enzymes, new functions would appear to be driven by increasing the
variety of domain partners. For the transport proteins, the domain types remain relatively
restricted but the number of functions (molecules transported) is very great. This may
appear to indicate th at the mechanism of transport remains the same but the domains
are subtly adapted to transport new substrates. The example of the membrane transport
proteins illustrates an im portant mechanism of evolutionary innovation seen elsewhere
in other biological systems. When generalised mechanisms are evolved they are quickly
utilised to generate a great deal of diversity. The eukaryotic Hox genes (Crawford, 2003)
display a similar form of innovation but in a very different biological context. Hox genes
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control the formation of the eukaryotic, metazoan body-plan during embryo development.
Hox genes are highly evolutionarily conserved transcription factors which control produc
tion and hence concentration gradient of various morphogens in the eukaryotic embryo.
Once Hox genes appear in Eukaryotic evolution a huge amount of morphological difference
between animals is generated. The Hox genes allow a great deal of different body plans to
be generated under the control of very few component genes. In the case of the membrane
transport proteins, once a couple of generalised domain types (PF00664, 3.40.50.300 etc.)
appear they are easily modified to result in a plethora of different membrane transporters.
It is also found th at the trend of domain ordering (first highlighted by Bashton
and Chothia) extends across all the domain assignments within the genomes studied.
This observation is extended by advancing a hypothesis of gene duplication demonstrating
th at domain reordering is unfavourable due to the increased number of steps required to
change the order in which domains appear within proteins.
This study highlights some trends observed in the evolution of protein folds.

Given

the current protein sequence coverage (approximately 40% of the observed residues)
these results are far from definitive.

There remains a distinct possibility th at these

trends may change as more protein folds and sequence families are discovered. As the
domain databases (GATH, SCOP, Pfam, etc) are possibly biased, towards enzymes,
there is further statistical difficulty in drawing conclusions. Where the domain databases
over-represent domain classes so any analysis of domain evolution is skewed to represent
the evolution of the over-represented classes.

C hapter 5
Fold Em ergence
5.1

Introduction

I t’s obvious th at protein folds did not spring from some form of biological ether. It seems
reasonable th at there is an order in which the protein folds seen in extant organisms arose.
This chapter seeks to address this issue. A simple rational scheme is proposed to place
the extant folds in an evolutionary order. Phylogenetic profiles are employed to generate
these results. As horizontal transfer is and has been a major form of inheritance for extant
life (Woese, 1998) the following study also seeks to take this into account.

5.1.1

Organism E volution

The evolution of genomes in a purely Darwinian sense is seen to progress through a
process of linear inheritance.
offspring.

That is, parent organisms pass their genomes to their

Collections of mutations and differing alleles provide the raw material for

evolution to work with so th at over time the most viable mutations are selected for. W ith
this in mind, it is possible to trace the lineage of a given organism or molecular component
back in time. However, there is a theoretical limit to how far back such studies can trace
the origins of proteins and other molecular structures. It is widely held that all extant
life arose from a common ancestor, frequently referred to as the ‘Last Universal Common
Ancestor’ (LUCA) (Di Giulio, 2000). Prior to this there appears to be little evidence th at
genomes were arranged in the same way as are observed today (Woese, 1998; Di Giulio,
2001). Received wisdom suggests th at prior to the LUCA organisms were progenotes.
Namely, th at the organisms either did not have or had only simple genomes. They did
not have complex DNA replication, transcription or RNA translation and, earlier still,
may not have featured these processes at all. As studies attem pt to look further back
in evolutionary time it is increasingly difficult to trace the origins of any molecular system.
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Inferences about the state of the LUCA often rely on observations about those
characteristics th at are common to all life. Current theory suggests th at the LUCA
used DNA as its information storage system, utilised, near modern, DNA replication,
transcription and RNA translation machinery, used a system of codons th at approximates
th a t seen today and contained a great deal of the biochemistry we see today (Kyrpides
et al., 1999; M artin & Russell, 2003; Woese, 1998). Such claims are based on observing
which molecular systems and biochemical features are seen in all extant life and inferring
th a t those features common to all organisms were present in the organism th at gave rise
to modern genomes.
Studies of early evolution are further confused by the process of horizontal gene
transfer. In this process organisms inherit genes from other organisms in the environment
alongside inheriting material from parent individuals (Davison, 1999; Ochman et al,
2000). It is widely held th at horizontal transfer remains an im portant form of bacterial
and archaeal genetic innovation (Ochman et al, 2000). It is even postulated that, prior
to DNA replication being sufficiently error free, horizontal transfer was the dominant
method of genetic inheritance (Woese, 1998). However, Glansdorff (2000) argues th at
prevalence of horizontal gene transfer has been greatly overstated.

Glansdorff argues

th at incongruities in protein lineage are often attributed to horizontal gene transfer when
more parsimonious explanations may suffice.

5.1.1.1

Horizontal Transfer

The horizontal transfer of genes has been increasingly studied as more and more genome
sequences have been released.

These methods largely fall into one of two categories.

The first are studies th at seek to compare the gene contents between genomes (Aravind
et al, 1998; Huynen & Bork, 1998; Hegyi et al, 2002; Jain et al, 1999; Ponting et al,
1999). In these cases gene or protein sequences are matched to one another between
organisms.

Matches between proteins from disparate (non-related) organisms th at

are anomalously good (high scoring) are viewed as evidence th at the genes have been
transfered horizontally. Using this method Ponting et al analyse 213 domains across 18
genomes from all three clades. They note that protein domains with enzymatic functions
tend to be distributed in all three clades whereas signalling domains are often clade
specific (particularly for the eukaryotes). In total they postulate th a t 23 of the domains
in the study have undergone horizontal transfer and appear in unrelated organisms.
Hegyi et al

Analysed the distribution of protein folds between twenty genomes and
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surmise th at ten of the SCOP folds may be present in certain organisms as a consequence
of horizontal transfer.
A second method of identifying horizontally transfered genes is to analyse either
the codon usage or cytosine and guanine content (C+G content) of the gene within an
organism (Lawrence & Ochman, 1997; Wang, 2001). The C+G content of a genome
is often a unique feature of a genome which in turn affects the codon usage of a
genome. Genes th at do not appear to have native C+G or codon usage are regarded as
horizontally transfered. They are identified by analysing either feature and finding genes
th at have anomalous codon or C+G usage, given the background of genes within the
analysed genome. Lawrence and Ochman suggest that since the divergence of E.coli and
Salmonella enterica they have gained and lost at least three megabases of DNA. They
claim that nearly a quarter (755) of the genes in E.coli are a consequence of horizontal
transfer. However, Wang (Wang, 2001) refutes these claims. Wang suggests that many
of the genes postulated to be horizontally transfered do not differ in C +G usage enough
to be considered of foreign origin to the E.coli genome.

5.1.2

P hylogen etic profiles

Phylogenetic profiles are a method for describing and differentially studying the presence
of absence of genes in genomes of different clades. Figure 5,1 gives an example of one
such table. The presence of a gene is indicated with a one and absence with a zero. In
this way proteome features of a genome can be scored using a simple binary scoring
system. This method has already been employed to study genomes (Hegyi et al, 2002;
Marcotte et al, 1999; Pellegrini et al, 1999). Pelligrini et al have employed this method
to analyse and assign functions to genes. They postulate th at genes th at have identical
phylogenetic profiles are most likely to be functionally related. The underlying concept
is th at any complex molecular system will need all its components to function. In a
system such as the fiagellum, if an organism is to inherit the system it will be required
to inherit all the parts (e.g.

all flagellar proteins) in order to have working flagella.

Thus all the genes involved in a system will be present in any organism th at utilises
th at system.

They extend this concept to the prediction of protein function. As an

example there may be ten genomes of which only five genomes have flagella and only
those five genomes contain all the fiagellum proteins. If it was discovered that there
was a protein th at had the same phylogenetic profile as the flagellar proteins {i.e. is
present in the five genomes) but no known function, it could be predicted th at the
unknown protein may be related in function to the already characterised flagellar proteins.
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Organism 1 Organism 2 Organism 3 Organism 4 Organism 5 Organims 6 Organism7
Domain 1
Domain 2
Domain 3

12
35
16

13
0
0

14
0
0

11
60
0

0
0
0

0
0
10

0
12
11

Organism 1 Organism 2 Organism 3 Organism 4 Organism 5 Organims 6 Organism7
Domain 1
Domain 2
Domain 3

1
1
1

1

1
0
0

1
0
0

0
1
0

0
0

0
0
1

0
1
1

F ig u r e 5 .1 ; Exam ple of Phylogenetic profile building. The top table shows the pres
ence o f three domain types in seven organisms. The numbers indicate the number of
each domain type in each of the seven genomes. The lower table shows the phylo
genetic profile. Each entry in the upper table has been converted to either a one or
zero based on the presence (has a positive value) or absence (has a zero value) of the
domain.
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M ethods and A nalysis

5.2.1

D ata Selection
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The CATH domain assignments to genes were taken for the 32 genomes (2 eukaryotes, 6
archaea and 24 bacteria). These data are derived from the domain assignment protocol
discussed in Chapter 2. The functional assignments from the COG database and those
COG assignments made from the cross annotation procedure in Chapter 3 were added to
the genomes. The functional cross assignments at the 60% sequence identity level were
also taken from the functional annotation protocol. These data were placed in a my SQL
database for the purposes of analysis.

5.2.2

A nalysis Theory

The purpose of the study is to identify points in the evolution of the ‘tree of life’ and
attem pt to map the emergence of the structural domains in the CATH database to these
points. The study makes the following assumptions; 1) That domains common to the set
or a subset of genomes were present in the progenitor of th at set. 2) T hat the universal
‘tree of life’ posited by Woese (Woese et al, 1990) is correct, see Figure 5.2. This sec
ond assumption implies th at the LUCA was born of a previous progenote ancestor and
the primary means of genetic exchange was one of horizontal transfer. Underlying this
assumption is the hypothesis th at the branching of the three clades represents th at pro
cess of crystallisation of the mechanisms of transcription, translation and duplication. As
these processes get ever more complex (and hence error free) so it becomes increasingly
imperative for progeny genomes to inherit all the components. This leads to genomes
becoming more heavily reliant on linear inheritance as horizontal transfer alone can not
guarantee th at large sections of DNA are transfered intact. The suggestion of the branch
ing does not imply th at branches become unable to horizontally transfer DNA, merely
th at it becomes increasingly less common as the branches specialise their transcription
and translation machinery. As per the Woese model, DNA duplication is assumed to arise
prior to the emergence of the LUCA and thus is common to all three clades.

5.3

R esults

5.3.1

Initial Population o f Fold Em ergence P oin ts

A series of points on the ‘tree of life’ primarily based on branching points for each clade
are identified. It is assumed th at any fold common only to one clade/branch must have
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Bacteria

Archaea

Eukarya

Archae-eukaryal
ancestor

Last Universal Common Ancestor

Progenote Ancestors

F ig u r e 5 .2 ; The universal tree of life. The three major clades are shown branching
from earlier points in evolution. Those points with no clear lineage (inheritance is
still highly influenced by horizontal transfer) are indicated by the large ovals. The
diagram is based on the Woese model, that the bacteria diverge prior to point of
eukaryal and archaeal divergence.

arisen after th at clade branched from the others. This results in five primary ‘bins’ into
which various CATH folds may be placed. These can be seen in Figure 5.3 and are listed
in Table 5.1.
When these five criteria are used the selections of folds seen in Tables 5.2, 5.3 5.4
and 5.5 are observed (fold functions are taken from the CATH database). These are not
large groupings of folds. W ithin CATH release 2.4 there are 775 domain topologies or
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folds. Over all the five groupings, listed above, there are only 228 topologies making up
approximately 30% of the CATH topologies. Notably there appear to be no folds unique
to the archaea. It is possible th at by the time the archaea diverged from the eukaryotes
no new protein architectures were required. This seems unlikely. If the Woese model is
correct and horizontal transfer was still a significant form of genetic inheritance then
there may be many folds th at arose in the archaea and were exchanged to the eukaryotes
and bacteria. Because our initial criteria require the fold to be seen only in one clade
then these will have been missed.
Bin N um ber
1
2
3
4
5

Folds
Folds
Folds
Folds
Folds

D escription
common to all organisms
common to all archaea and eukarya
found only in bacteria
found only in archaea
found only in eukarya

T a b le 5.1: The primary evolutionary bins into which protein folds can be placed.

5.3.1.1

Eldest Folds

Figure 5.4 shows the percentage population of each CATH structural class of the folds in
the 4 populated primary bins. It is quite clear that the majority, 71%, of the eldest of
the folds (those present in all organisms, see Table 5.2) are from CATH class three, the
mixed a / ^

folds. Twenty five of these 44 folds have CATH sandwich architectures. It

seems possible th at mixed a//3 folds may have been among the first to arise and one
possible reason for this maybe th at they are highly stable and fold reliably. In a model
of early evolution where transcription and translation are far from verbatim it seems
reasonable to suggest th at early organisms would err towards those folds that could be
relied on to fold correctly. In this eldest set the major superfolds are also present (TIM
barrel, OB fold, Rossmann fold etc.) It can now be seen th at those folds that underpin
many genomes basic functions (ATP binding, catalysis) must have arisen early in the
genesis of life.
Figure 5.5 summarises how the folds divide into broad functional classes.

Nearly

a third of the folds in this eldest set have functions related to transcription and
translation. This lends further credence to the proposal th at these functions were among
the first to emerge among the three clades. Of the enzymatic functions many of these,
approaching 20%, are related to the processing of sugars (3.30.190, 3.40.225, 3.40.120).
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Bacteria

Eukarya

Archaea

97 Folds

4 Folds

0 Folds

84 Folds

44 Folds

F ig u r e 5 .3 : The ‘Tree of Life’ with primary bins of fold emergence marked. Point
1 indicates the point at which folds common to all organisms will have arisen. Point
2 indicates the point at which folds common to all archaea and eukarya will have
arisen. Point 3 indicates the point after which folds common to all bacteria will have
arisen. Point 4 indicates the point after which folds common to all archaea will have
arisen. Point 5 indicates the point after which folds common to all eukaryotes will
have arisen. The number of folds assigned to each bin is indicated.

Also present in the set of eldest folds are domains involved in assisting the proper folding
of other proteins (3.30.565, 3.50.7). These features combined paint a detailed picture of
the last common ancestor. It is clear th at it was using a range of complex biochemistry
and catalysis.

It was concerned with the processing of food and energy molecules in

the form of sugars. DNA polymerisation and transcription and translation were being
conducted. Three of the folds are involved in cell wall polysaccharide synthesis this may
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suggest th a t the LUCA had some form of cell wall which, like extant bacteria, would
assist with protection from weathering and mechanical stress in the environment.
C A T H Fold C o d e

O rgan ism s

C A T H D e sc r ip tio n

1.10.8

32

Helicase, Ruva Protein, domain 3

1.10.10

32

Arc Repressor Mutant, subunit A

1.10.150

32

1.10.260

32

DNA polymerase domain 1
434 Repressor (Amino-terminal Domain)

1.10.287

32

1.10.455

32

Ribosomal RNA Binding Protein S15
Ribosomal Protein S7;

1.10.730

32

Isoleucyl-tRNA Synthetase; domain 1

2.20.29

32

Elongation Factor G (Translational Gtpase), domain 3

2.20.30

32

Monellin, subunit A

2.40.30

32

Elongation Factor Tu (Ef-tu) Domain 3

2.40.33

32

M l Pyruvate Kinase; Domain 3

2.40.50

32

OB fold (Dihydrolipoamide Acetyltransferase, E2P)

2.30.35

32

3.10.20
3.10.70

32
32
32

ATP grasp fold, A-domain
Ubiquitin-like (UB roll)

32
32

Grea TVanscript Cleavage Factor, domain 2
Ribosome 30s subunit Chain: D domain 2
TIM Barrel
Alpha-Beta Plaits

3.30.190
3.30.230

32

Ribulose 1,5 Bisphosphate Carboxylase/ Oxygenase

32

3.30.300

32

Ribosomal Protein S5, domain 2
CMP Synthetase, subunit A, domain 3

3.30.428
3.30.550

32
32

3.30.565
3.30.860

32
32

3.40.30

32

30s Ribosomal Protein S19; Chain: A
Clutaredoxin

3.40.50

32

Rossmann fold

3.40.120

32

3.40.190

32

Alpha-D-Clucose-l,6-Bisphosphate, subunit A, domain 3
D-Maltodextrin-Binding Protein, domain 2

3.40.225

32

L-fuculose-l-phosphate Aldolase

3.40.350

32

Creatine Amidinohydrolase, subunit A, domain 1

3.40.430

Dihydrofolate Reductase, subunit A

3.40.510

32
32

3.40.630
3.40.720

32
32

3.40.1010

32

3.50.7

32

Cobalt-precorrin-4 Transmethylase; Domain 1
CroEL

3.10.290
3.20.20
3.30.70

HIT family, subunit A
Holo-D-Glyceraldehyde-3-Phosphate Dehydrogenase, domain 2
Heat Shock Protein 90

Tyrosyl-TVansfer RNA Synthetase , subunit E, domain 1
Aminopeptidase
Alkaline Phosphatase, subunit A

3.50.50

32

FAD/NAD(P)-binding domain

3.60.15

32

3.90.25
3.90.77

32

Metallo-beta-lactamase, chain A
Udp-galactose 4-epimerase, domain 1

32

Udp-n-acetylmuramoyl-l-alanine:D-CLUTAMATE Ligase;
Domain 2

3.90.470
3.90.550

32

Ribosomal Protein L22; Chain: A

32

Spore Coat Polysaccharide Biosynthesis Protein Spsa; Chain: A

3.30.160

32

Double-stranded RNA-binding domain (dsRBD)-like

3.30.420

32

Ribonuclease H-like motif
Table 5.2: Folds seen in all of the organisms.
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Population of fold classes in the primary evolutionary bins
120

100

I I

80
60
40

■ Low Secondary Structure
■ Alpha/Beta Folds
□ All Beta Folds
■ All Alpha Folds

20

Old

Eukaryote

Archaea

Bacteria

Primary Bins

100%
90%
80%
70%
■ Low S e c o n d a ry S tru ctu re

60%

■ A lpha/B eta Folds

50%

□ All B eta Folds

40%

■ All A lpha F olds

30%
20%
10%
0%
Old

Eukaryote

A rchaea

B acteria

P rim a ry B ins

F ig u r e 5.4: The top chart indicates the number of folds from each CATH class that
have been assigned to each evolutionary bin. The bottom bar chart indicates what
percentage of each evolutionary bin belongs to each CATH class

5.3.1.2

Eukaryotic Folds

The functions of the eukaryotic folds (Table 5.3) seem heavily biased towards the
multicellular eukaryote, C.elegans. Twenty one of the 97 folds have obvious functions
in eukaryotic cell-cell and development signalling (i.e. 1.10.167: Regulator of G-protein
Signalling 4, domain 2 and 3.30.800 Phosphatidylinositol Phosphate kinase Chain A). It
seems reasonable that these folds should arise in the eukaryotes as it is this clade that has
developed true multicellularity. There are six folds related to proteins that have functions
in blood and eleven that have functions in cell shape and muscle.

Again these are
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■ Transcription/Translation
□ DNA Replication/DNA Interaction
■ Small molecule Metatx)lism
■ Sugar/Energy Metabolism
■ Cell Signalling
□ Cellular Transport
m Cell Structure/Envelope
□ Circulatory
■ Viral
■ Other
□ Superfold

F ig u r e 5.5: The pie chart shows the division of broad functional classes into which
the eldest folds divide. The ‘Superfold’ category indicates those folds that are highly
ubiquitous and play roles in many functions.

multicellular and animal functions and it seems reasonable that these functions should
arise in the eukaryotes. Although these functions are indicative of higher, multicellular
eukaryotes it is interesting to note that in most cases the fold is present in both the
eukaryotes in the set. It is clear that some of these folds must be performing different or
more primitive functions in the unicellular Saccharomyces cerevisiae.
There are at least two folds whose CATH description indicates a mitochondrial
function (1.20.960 and 3.10.280) this is reasonable as the eukaryotes posses mitochondria.
Interestingly there are four folds related to viral functions (3.10.10, 3.30.40, 4.10.6 and
4.10.180) three of these have clear retro virus functions. This may indicate one of two
things.

That these folds arose in the eukaryotes and viruses later adopted them to

perform the necessary viral functions or that these domains are part of dormant retro
viruses that have inserted them into the genomes of eukaryotes at a later date. In either
case the domain is likely to have evolved in the eukaryotic line but it is hard to say
whether the domain arose within a organism’s genome or a viral genome. Nonetheless,
this is in keeping with observations that viral proteins often have homologues within
their host genome (Holzerlandt et al, 2002). Figure 5.4 shows that the eukaryotes have
a far more even spread of fold classes that have arisen in since their divergence. They
display far more unique CATH class four folds (low secondary structure) than the other
clades and have an even split of class one and three folds (32% and 24% respectively).
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this is unlike the archaea and bacteria th a t are enriched for class three folds. Figure
5.6 summarises the functional classes into which these eukaryotic folds divide. A large
portion of these folds are CATH ‘superfolds’, these folds are highly ubiquitous (see
Chapter 2) and perform many different functional roles. As a result these folds could not
easily be placed into one of the other functional categories.
C A T H F old C od e

C A T H D e sc r ip tio n

O rgan ism s

1.10.30

2

DNA Binding (I), subunit A

1.10.135
1.10.162

2

Transferase Creatine Kinase, Chain A, domain 1

2

Myosin fragment, domain 3

1.10.167

2

Regulator of G-protein Signalling 4, domain 2

1.10.183

2

Myosin fragment, domain 4

1.10.238
1.10.246

2
2

Recoverin, domain 1

1.10.400

2

GI Alpha 1, domain 2-like

1.10.418

2

Actin-binding Protein, T-fimbrin; domain 11

1.10.442
1.10.494

1
2

Cytochrome C Oxidase, chain D

1.10.506

1

GTPase Activation - P120gap; domain 1

1.10.555
1.10.565

2
2

Phosphatidylinositol 3-kinase, chain A
Retinoid X Receptor

1.10.590
1.10.640

1
2

1.10.840
1.10.900
1.10.910
1.10.950

1
1
1
2

Chorismate Mutase, subunit A
Myeloperoxidase, subunit C
Son of sevenless (Sos) protein Chain: S domain 2

1.10.1070

1

1.10.1090
1.10.1170

1

Cytochrome B el Complex; Chain: F

2

Inhibitor Of Apoptosis Protein (2mihbC-IAP-1); Chain: A;

1.20.90
1.20.142

2

Phospholipase A2

2

1.20.190

2

Poly(Adp-ribose) Polymerase, domain 1
Delta-Endotoxin, domain 1

Serum Albumin; Chain: A, Domain 1

GTPase Activation - P120gap; domain 2

Histone Acetyltransferase; Domain 3
Phosphomonoesterase domain 2
Villin Headpiece Domain; Chain: A;
Phosphatidylinositol 3-kinase Catalytic Subunit; Chain: A;
Domain 5

1.20.900

2

DBL Homology Domain; Chain A

1.20.920

2

Histone Acetyltransferase; Chain: A;

1.20.940

2

RNA Binding Protein, Prpl8; Chain: A,

1.20.960
1.20.1020

2

Mitochondrial Import Receptor Subunit Tom20; Chain: A;

2

2.10.25

2

Creb-binding Protein; Chain: A;
Laminin

2.10.70
2.10.90

2

Complement Module, domain 1

2

Cystine Knot Cytokines, subunit B

2.10.110

2

Cysteine Rich Protein

2.30.18

1

Tata box binding Protein, subunit D, domain 2

2.30.26
2.30.29

1
2

Dihydroorotate Dehydrogenase A, chain A, domain 2
PH-domain like

2.30.31

2

2.30.36
2.30.39

2
2

Transcriptional Coactivator Pc4; Chain A
Actin; Chain: A; Domain 2

2.40.20

2

Alpha-1-antitrypsin, domain 1
Plasminogen Kringle 4
continued on next page
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C A T H D e sc r ip tio n

O rgan ism s

C A T H Fold C od e
2.40.70

2

Cathepsin D, subunit A, domain 1

2.60.11

Cytochrome C Oxidase, chain F

2.60.110

2
2

2.60.210

2

Thaumatin
Apoptosis, Tumor Necrosis Factor Receptor Associated Protein
2; Chain: A

2.70.50

1

Coagulation Factor XIII, subunit A, domain 1

2.70.130

1

Cation-dependent Maiinose-6-phosphate Receptor; Chain: A,

2.100.10

2

Vitelline Membrane Outer Layer Protein I, subunit A

2.110.10

2

Hemopexin

3.10.10

2

HIV Type 1 Reverse Transcriptase, subunit A, domain 1

3.10.100
3.10.110

2

Mannose-Binding Protein A, subunit A

2
2

Ubiquitin Conjugating Enzyme
M lul-box Binding Protein; Dna-binding Domain;

3.10.280

1
2

3.15.10
3.15.20

2
2

Bactericidal permeability-increasing protein; domain 1

3.20.100
3.30.25

1
2

mRNA Triphosphatase Cetl; Chain: A,

3.30.40
3.30.50

2

Herpes Virus-1
Erythroid Transcription Factor GATA-1, subunit A

3.10.170
3.10.260

3.30.60
3.30.170
3.30.429
3.30.505
3.30.530
3.30.710
3.30.740
3.30.760

2
2
1
2
2
2
2
2

Elastase, domain 1
Mitochondrial Matrix Protein Chain A
Bactericidal permeability-increasing protein; domain 2
Guanine Nucleotide Dissociation Inhibitor, domain 3

Small Cysteine Rich, a /b domains
Cyclin-Dependent Kinase Subunit Type 2
Macrophage Migration Inhibitory Factor
SHC Adaptor Protein
Alpha-D-Glucose-1,6-Bisphosphate, subunit A, domain 4
Potassium Channel K v l.l; Chain: A
Protein Inhibitor Of Neuronal Nitric Oxide Synthase

2

Rna Cap, TVanslation Initiation Factor Eif4e

3.30.800

1

Phosphatidylinositol Phosphate Kinase Chain: A

3.30.900

1

Cell Cycle, Spindle Assembly Checkpoint Protein; Chain: A

3.40.20

2

Severin

3.40.525
3.40.532

2

Phosphatidylinositol Transfer Protein Secl4p

2

Ubiquitin C-terminal Hydrolase Uch-13

3.40.850
3.40.1000

2
1

Kinesin

3.80.20

2

24 nucleotide stem-loop, u2 snrnp hairpin iv. U2 a’. Chain: a

3.90.215

2

Gamma Fibrinogen, chain A, domain 1

3.90.430

1

Activator Of Metallothionein 1; Chain: A

3.90.490

2

Phosphatidylinositol-3-phosphate Binding Fyve Domain Of
Protein Vps27; Chain: A

3.90.530

2

Nucleotide Excision Repair Protein Xpa (Xpa-mbd); Chain: A

3.90.570

2

Sugar Binding Protein, Amyloid A4 Protein; Chain: A

Protein Transport Moglp; Chain: A

3.90.830

2

Syntax!n Binding Protein 1; Chain: A; Domain 2

4.10.6

2

Ankyrin Binding Loop

4.10.60

2

4.10.70
4.10.95
4.10.110

2
2
2

HIV-1 Nucleocapsid Protein
Echistatin
Cytochrome C Oxidase, chain G

4.10.180

2

4.10.240
4.10.260

1

Virus Capsid Protein, subunit D
CD2-Gal4

2

G Protein Gi Gamma 2

Spasmolytic Protein, domain 1

continued on next page
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O rganism s

C A T H D e sc r ip tio n

4.10.280
4.10.365
4.10.400

2
2
2

MYOD Basic-Helix-Loop-Helix Domain, subunit B
Cyclin-dependent kinase-2 inhibitor
Low-density Lipoprotein Receptor

4.10.410

2

4.10.650

1

Factor Xa Inhibitor
Ag-metallothionein;

Table 5.3: Folds present in the eukaryotes but not seen in either the bacteria
or the archaea.

■ Transcription/Translation
□ DNA Replication/DNA Interaction
■ Small molecule Metabolism
■ Sugar/Energy Metabolism
■ Cell Signalling
□ Cellular Transport
■ Cell Structure/Envelope
□ Circulatory
■ Viral
■ Other
□ Superfold

F ig u r e 5.6: The pie chart shows the division of broad functional classes into which
the eukaryotic folds divide. The ‘Superfold’ category indicates those folds that are
highly ubiquitous and play roles in many functions.

5.3.1.3

A rch aeal Folds

It is hard to observe any great trends in the folds unique to the archaea (Table 5.4) as
there are only four folds in the set. Folds 1.20.89 and 3.40.228 display functions unique
to extremophile organisms living in high sulphur environments. 3.90.170 has a role in
an archaeal DNA polymerase, once again this may lend further support to C.Woese’s
(Woese, 1998) assertion that DNA duplication mechanisms are specific to each clade,
whereas transcription and translation share a common mechanism as they evolved within
the last common ancestor.
C ATH Fold C od e
1.20.89

O rganism s
1

C A T H D e scr ip tio n
Nitrogenase Molybdenum-iron Protein, subunit B, domain 4
continued on next page
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C A T H D e sc r ip tio n

O rgan ism s

C A T H Fold C od e
3.40.228
3.90.710

1
1

Dimethylsulfoxide Reductase, domain 2

3.90.820

1

Unknown Function

DNA Polymerase 11; Chain: A; Domain 4

Table 5.4: Folds seen in the archaea but not seen in any bacteria or either of
the eukaryotes.

5.3.1.4

Bacterial Folds

The 84 bacterial folds (Table 5.5) display a range of functions unique to the bacteria.
The functional classes are indicated in Figure 5.7. There are fifteen DNA interaction and
polymerisation folds present, once again lending credence to Woese’s assertion th at DNA
polymerisation machinery is unique to the given clades. Nearly half of the folds (34)
are involved in enzymatic functions, this is indicative of the wide range of environments
and biochemistry th at the bacterial clade exploits. The bacteria also display six folds
involved in the synthesis of bacterial cell walls (i.e 2.40.210, 1.20.141). There are two
folds involved in cellular toxicity and four involved in antibiotic resistance. Again these
are functions most commonly associated with the bacteria as they are the clade largely
involved in invasive infection and treatm ent with antibiotics.
C A T H Fold C od e

O rgan ism s

C A T H D e sc r ip tio n

1.10.101
1.10.140

22

Muramoyl-pentapeptide Carboxypeptidase, domain 1

18

MET Apo-Repressor, subunit A

1.10.155

22
21

Chemotaxis Receptor Methyltransferase Cher, domain 1
Tetrahydrodipicolinate-N-succinyltransferase, chain A, domain 1

2

rRNA Methyltransferase; Domain 2

1.10.288

18

Cobalamin-dependent Methionine Synthase, domain 2

1.10.359
1.10.390

24

RNA Polymerase Alpha Subunit

22

Neutral Protease Domain 2

1.10.530

Lysozyme

1.10.601

23
24

1.10.860

23

DNAb Helicase; Chain: A

1.10.890

14

lOk-s Protein, Hypothetical Protein A Chain A

1.10.1110

14

DNA Polymerase lii; Chain: A;

1.10.1180
1.10.1230

18
22

DNA Transposition Protein; Chain: A;
Fis Protein (Factor For Inversion Stimulation)

1.10.1270

21

Trp Operon Repressor; Chain: A

1.20.58

6

Methane Monooxygenase Hydroxylase, Chain G, domain 1

1.20.85
1.20.141

15

Photosynthetic Reaction Center, subunit M, domain 1
Chitosanase, subunit A, domain 1

1.10.166
1.10.221

RNA Polymerase Primary Sigma Factor

1.20.245

20
22

1.20.950
1.25.20

11
22

Fumarate reductase Cytochrome B Subunit.

1.50.40

22

Chondroitinase Ac; Chain: A;domain 1

Lipoxygenase-1; Domain 5
70-kda Soluble Lytic lYansglycosylase, domain 1
continued on next page
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C A T H D e sc r ip tio n

O rgan ism s

C A T H Fold C od e

22
22

Seminal Fluid Protein PDC-109 (Domain B)

2.10.150
2.20.26

18

Ribokinase; Chain: Domain 1

2.30.24

20

Transcription Regulation, Sacy; Chain: A;

2.30.40

22

2.30.100
2.40.31

22

Urease, subunit C, domain 1
Toxin Adp-ribosyltransferase; Chain: A, Domain 1

14

Alpha-1,4-glucan-4-glucanohydrolase, chain A, domain 2

2.40.160
2.40.170

18
22

Porin

2.40.180

22
22

Catalase Hpii, Chain: A, domain 1

2.10.10

2.40.210
2.40.230
2.60.20

14
8

Urease, subunit B

Maltoporin, chain A
Outer Membrane Protein A; Chain: A;
Outer membrane phospholipase (ompla).Chain C
Gamma-B Crystallin, domain 1
Protocatechuate 3,4-Dioxygenase, subunit A

2.60.130
2.70.70

22

2.70.98

14

Glucose Permease (Domain IIA)
Beta-galactosidase, subunit A, domain 5

2.90.10

15
22

Alkaline Protease, subunit P, domain 1

2.150.10
2.170.130

24

Agglutinin, subunit A

14

Ferric Hydroxamate Uptake Protein;Chain: A; Domain 1

2.10.10

22

3.30.110
3.10.150

8
24

’Rieske’-like iron-sulphur domains
1F3-Iike

3.10.270
3.20.14

20

DNA Polymerase III, subunit A, domain 2
Urate Oxidase;

3.20.80

18
22

L-fucose Isomerase; Chain: A, domain 3
Multidrug-efflux Transporter 1 Regulator Bmrr; Chain: A

3.30.54
3.30.250

14
24

Replication Terminator Protein; Chain:A; domain 2

3.30.280

22

Urease, subunit A

3.30.370

20

3.30.457

22

Barnase, subunit D
Copper Amine Oxidase, subunit A, domain 1

3.30.465

20

Uridine Diphospho-n-acetylenolpyruvylglucosamine Reductase,
domain 3

3.30.590
3.30.700
3.30.850

20
22
20

Creatine Kinase; Chain: A, domain 2
Glycoprotein, Type 4 Pilin
Inducible Nitric Oxide Synthase; Domain 3

Rec A Protein, domain 2

3.30.910

14

Protein Binding, Dini Protein; Chain: A

3.30.980
3.30.1070

23
22

Threonyl-trna Synthetase; Chain: A; Domain 2

3.40.5

24

3.40.10

1

Ribosomal Protein L9, domain 1
DNA Methylphosphotriester Repair Domain

3.40.35
3.40.80

20

Cell Cycle Chain A :Mine Topological Specificity Domain; Chain
A

18

Fructose Permease;
Lysozyme

3.40.220

12

Leucine Aminopeptidase, subunit E, domain 1

3.40.605

8

Aldehyde Dehydrogenase; Chain: A,

3.40.930
3.40.960

24
14

3.50.13

24

Mannitol-specific Eli; Chain: A
Endonuclease; Chain: A;
Elongation Factor Tu; Chain: B Domain 2

3.50.60

22

B-lactam Antibiotic, Isopenicillin N Synthase; Chain: A

3.60.60

20

Penicillin V Acylase; Chain: A

3.90.45

24

Peptide Deformylase
continued on next page
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C A T H Fold C ode

O rganism s

C A T H D escr ip tio n

3.90.78

12

3.90.175

22

Diphtheria Toxin, domain 1

3.90.199

17
24

Topoisomerase II, domain 5
Heat-Labile Enterotoxin, subunit A

15
1
22

Ferredoxin Thioredoxin Reductase: Chain: A;
Sulfite Reductase Hemoprotein;Domain 2
Colicin e7 immunity protein. Chain: B. Fragment: Endonuclease
domain

24

Dna Primase; Chain: A
Actin; Chain: A; Domain 4
H-NS DNA Binding Protein

3.90.210
3.90.460
3.90.480
3.90.540
3.90.580
3.90.640
4.10.430
4.10.520

1
18

Uridine Diphospho-n-acetylenolpyruvylglucosamine Reductase,
domain 1

23
HU Protein, subunit A
Table 5.5: Folds present in the bacteria and not present in the archaea or the
eukaryotes.

■ Transcription/Translation
O DNA Replication/DNA Interaction
■ Small molecule Metabolism
■ Sugar/Energy Metabolism
■ Cell Signalling
□ Cellular Transport
■ Cell Structure/Envelope
□ Circulatory
■ Viral
■ Other
□ Superfold

F ig u r e 5.7: The pie chart shows the division of broad functional classes into which
the bacterial folds divide. The ‘Superfold’ category indicates those folds that are
highly ubiquitous and play roles in many functions.

5.3.1.5

E v o lu tio n a ry A nom alies

If conventional wisdom is correct and the bacteria branched from the last common ancestor
first and the eukaryotes and archaea share a common ancestor then we might expect that
there are no folds shared by all the archaea and bacteria and no folds shared between all
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the eukaryotes and bacteria. In fact this is not the case (see Tables 5.6 and 5.7) there are
in fact seven folds in the two categories: “Folds present in all bacteria and all Eukaryotes”
and “Folds present in all archaea and all bacteria” . Coupled with the lack of folds in the
category of “Folds present in all archaea and eukaryotes” perhaps the conventional model
(Figure 5.2) is not adequate. If horizontal transfer is a major force in inheritance during
these branching stages it may well be th at the even though the bacteria notionally branch
first there is still enough horizontal transfer occurring to prevent this being seen as a clear
break. These data may well show th at the eukaryal and bacterial branch shared a lot
more of their early evolution than the model suggests. This would indicate th at the flow
of differentiation from the LUCA into each clade was more complex. Figure 5.8 shows an
attem pt to synthesise a more gradual scheme for the differentiation of the three primary
clades. Initially the LUCA is a community of horizontally transferring organisms with no
clearly resolvable lineages. Gradually subsets of this community gain ever more complex
molecular systems and increasingly rely on vertical, linear inheritance but still horizontal
transfer is a strong mode of genetic inheritance (indicated by the inter-linked grey circles).
Finally when the molecular mechanisms are too complex to rely on anything other than
vertical inheritance the clades we know emerge. In this way the three clades gradually
‘crystallise’ from the morass of organisms. The attem pt to project this process onto a 2
dimensional diagram highlights one shortcoming of the two dimensional projection. The
three clades are perhaps better considered to be all interlinked rather than only two pairs
being inter linked. T hat the bacterial group are thought to have diverged first perhaps
indicates only th at they had merely reduced the amount of horizontal transfer they were
taking part in with the other clades.
C A T H Fold C od e

O rgan ism s

C A T H D e sc r ip tio n

1.10.520

26

Peroxidase, domain 1

1.10.620

26

2.40.10

26

Ribonucleotide Reductase, subunit A
Thrombin, subunit H

2.60.15

26
26

Methionyl-tRNA Fmet Formyltransferase; Chain: A, domain 2

26
26

Guanylate Kinase phosphate binding domain
Phosphatase 2c; Domain 1

3.10.25
3.30.63
3.60.40

ATP Synthase; domain 1

Table 5.6: Folds seen in all of the bacteria and both of the eukaryotes but not
present in any of the archaea.

C A T H F old C od e
1.20.970

O rgan ism s
30

C A T H D e sc r ip tio n
Transferase, Pyrimidine Nucleoside Phosphorylase; Chain: A,
Domain 3
continued on next page
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C A T H Fold C od e
3.30.470

C A T H D e sc r ip tio n

O rgan ism s

D-amino Acid Aminotransferase, subunit A, domain 1

30

Table 5.7: Folds present in all of the archaea and all of the bacteria and not
present in the two eukaryotes.

Bacteria

Archaea

Eukaryotes

LUCA

F ig u r e 5 .8 : Model of the emergence of the three clades by a gradual ‘crystallisation’
process.

5.3.2

E xtending Coverage

5.3.2.1

Assessing Profile Content

The evolutionary groups th at have been identified only account for a third of the folds
in CATH as sequence matching methods do not detect all relatives, it seems reasonable
to suggest th a t the fold populations of bins 1 and 2 (see Table 5.1), ‘ Folds common to
all organisms’ and ‘Folds common to all eukarya and archaea’, should be greater. The
criteria th at folds have to be present in ‘all organisms’ or ‘all eukarya and archaea’ does
not take into account the fact th at some folds were not detected. PSI-BLAST was used
to assign the structural domains to the genes of unknown structure (see Chapter 2). It
is known th at PSI-BLAST misses up to 30% of true homologue matches (Pearl et ai.
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2002; Salamov et al, 1999). Given this, it might be possible to assume th at a fold only
has to be present in 70% of the members of one of the time-point bins to be included
however the rationale th a t this estimate is based on seems unsatisfactory. Furthermore,
for the purposes of assessing whether or not a fold belongs in one of the time categories
the domain assignments for any given domain were converted into a binary phylogenetic
profile, see Figure 5.1. However, this process conceals the fact th at some domains are
missed. Where genomes have many copies of a domain it does not effect the profile th at
some domains are missed by PSI-BLAST. Where genomes have few (one or two) copies
of a domain the fact th at PSI-BLAST misses 30% may have a significant effect, as can
be seen in Figure 5.9. This demonstrates that “not identifying 30%” of the relatives is
not equivalent to “missing the fold in 30% of the genomes” . This calls for an alternative
strategy to identify how many genomes a fold may have been missed in.
Highly Populated Fold
Organism 1
Domain 1
Trua Profila

Domain 1
Obaarvad Profila

Organism 2

56

Organism 3
62

1

1

Organism 4

57

Organisms Organlrrwt

68

1

1

72

87

1

Organism 1 Organism 2
Organisms Organisms Organisms Organims 6
40
46
42
49
53
68
1

1

1

1

1

}
}

True Populations

}

True Popuiations

Obseryed Popuiations

Sparsely Populated Fold
Domain 2
Trua Profila

Domain 2
Obsarvad Profila

Organism 1 Organism 2
1
0
1

Organism 3

Organisms
2

0

1

1

1

Organism S Organlrr# 6
2
1
1

1

Organism 1 Organism 2 Organisms
Organism 4
Organisms Organims 6
0
0
2
0
1
1
0

0

1

0

1

Obseryed Populations

1

F ig u r e 5.9: The creation of phylogenetic profiles is influenced by the quality of the
sequence searching m ethod used. For a highly populated fold the true populations
within a genome may be high (Highly Populated Fold: True Populations). If around
70% of these are missed (Highly Populated Fold: Observed Populations) the pro
files remain that same (Highly Populated Fold: True Profile and Highly Populated
Fold: Observed Profile). W ith a very sparsely populated fold failing to idenify even
a few members of the family has a marked influence on the appearence of the pro
file (Sparsely Populated Fold: True Profile and Sparsely Populated Fold: Observed
Profile).

5.3.2.2

E stim ating M issing Genomes

To estimate the number of genomes in which a fold may not have been identified in the
following logic was applied. Initially a set of specific functions or sub-set of functions
th a t belong to a specific time-point ‘bin’ are selected, in this case the eldest bin. Using
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these functions the set of genes, from the 32 genomes, involved in these functions are
identified. Structural domain assignments from these genes are then used to calculate
how many genomes the structural domains are most frequently observed in and hence
how many genomes were missed. This process represents a redefinition of the criteria for
a fold’s inclusion in bins 1 and 2 (see Table 5.1).
Transcription and translation functions are regarded as being among the eldest
identifiable (Martin & Russell, 2003; Woese et ai, 1990). The COGs database currently
lists 316 clusters involved in either transcription, translation, ribosomal structure and
biogenesis (COG functional classes J and K). From these a core set of 115 clusters th at
are integral to transcription and translation were selected. Because these functions form
the core of the transcription/ translation processes it is reasonable to hypothesise th at
they were among the earliest to evolve. Of the 115 functions selected all of them were
involved in ribosomal structure, DNA directed RNA polymerisation and transcription
RNA (tRNA) priming. When selecting from the 107 transcription clusters, in the COG
database, 57 are listed as “Transcriptional regulator” or “Predicted transcriptional
regulator” . None of these were selected for inclusion in the core set of 115 COG clusters.
Lack of specificity in the function name prevents a reasonable decision about the central
role played by any one of these COG functions/clusters.
Using these 115 COG clusters all the genes involved from within the 32 organisms
were identified. From this set of genes a complete list of the structural domains involved
was gathered. There are 111 folds involved in this set of genes and, on average, they
are observed in 73% of the organisms in the set of 32. Of this set of structural domains
25.2% are from the CATH mainly a class, 15.6% are from the CATH mainly P class,
58.5% are from the CATH mixed a /? class and 3.6% are from the CATH low secondary
structure class. These percentages are similar to those in the eldest class in Figure 5.4.
While the percentages are not identical the figures are sufficiently similar to offer some
support to the concept th at the folds selected using functional criteria are among the
eldest. If it is assumed th at these domains should be in the eldest category then it is
estimated th a t folds need only be present in 73% of the organisms in bins 1 and 2 to be
included. The criteria for a fold’s inclusion in bins 3, 4 and 5 was th at it was not present
in the other two clades. Thus these bins do not need updating as folds present at any
level of occurrence (from 1% to 100%) were already included.
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5.3.3

U p d ated Fold Populations

5.3.3.1

The Expanded Eldest Set

C A T H F old C o d e

C A T H D e sc r ip tio n

O rg a n ism s

1.10.8
1.10.10

32
32

Helicase, Ruva Protein, domain 3
Arc Repressor Mutant, subunit A

1.10.15

29

3-methyladenine Dna Glycosylase li; Chain: A, domain 3

1.10.40

24
32

Ribonucleotide Reductase Protein Rl,domain 1
DNA polymerase domain 1

1.10.260

25
32

434 Repressor (Amino-terminal Domain)

1.10.287

32

Ribosomal Rna Binding Protein S15

1.10.359
1.10.443
1.10.455

24
27
32

Rna Polymerase Alpha Subunit
Hpl Integrase; Chain: A,
Ribosomal Protein S7;

1.10.150
1.10.240

Tyrosyl-TYansfer RNA Synthetase

1.10.600

28

Farnesyl Diphosphate Synthase

1.10.620

23

Ribonucleotide Reductase, subunit A

1.10.730
1.10.940
1.10.1200

32
25
23

Isoleucyl-tRNA Synthetase; domain 1
N-utilizing Substance Protein B Homolog; Chain: A,
Non-ribosomal Peptide Synthetase Peptidyl Carrier Protein;
Chain: A;

1.20.15
1.20.120

31
26

Four Helix Bundle (Hemerythrin (Met), subunit A)

1.25.40
2.10.109

28
24

Umud Fragment, subunit A

2.20.28

23
32
32

2.20.29
2.20.30
2.30.22

Helix Hairpins

Serine-threonine protein phosphatase 5,Tetratricopeptide repeat
Rubrerythrin, domain 2
Elongation Factor C (TVanslational Ctpase), domain 3
Monellin, subunit A
Nucleotide Exchange Factor Crpe, Chain A, domain 2

2.30.33

27
24

2.30.38
2.30.42

24
24

Pdz3 Domain,

2.40.30
2.40.33

32

Elongation Factor Tu (Ef-tu) Domain 3

25

M l Pyruvate Kinase; Domain 3

2.40.37

23

Lyase, Ornithine Decarboxylase; Chain: A, Domain 1

2.40.40

23

2.40.50
2.40.150

32

Barwin-like endoglucanases
OB fold (Dihydrolipoamide Acetyltransferase, E2P)

31

Ribosomal Protein L14;

2.40.240

27

Ribosomal Protein L25; Chain: P;

10 Kd Chaperonin, Protein CpnlO; Chain O
Luciferase; Domain 3

2.60.40

26

Immunoglobulin-like

2.70.20

29

Topoisomerase I, domain 3

2.70.40

25

2.130.10
2.160.10

24

Deoxyuridine 5 ’-Triphosphate Nucleotidohydrolase, subunit A
Methylamine Dehydrogenase cahin H

2.30.35
2.60.34

32

28

UDP N-Acetylglucosamine Acyltransferase, domain 1
ATP grasp fold, A-domain

27

Heat shock protein 70kD (HSP70), C-terminal,
substrate-binding fragment

3.30.160

32

3.30.420
3.10.20

32
32

Double-stranded RNA-binding domain (dsRBD)-like
Ribonuclease H-like motif
Ubiquitin-like (UB roll)
continued on next page
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C A T H Fold C o d e

C A T H D e sc r ip tio n

O rgan ism s

3.10.25
3.10.70

25

Methionyl-trna Fmet Formyltransferase; Chain; A, domain 2

31

Grea Transcript Cleavage Factor, domain 2

3.10.129

23

Thiol Ester Dehydrase, subunit A

3.10.290

32

Structural Genomics Hypothetical 15.5 Kd Protein In Mrca-pcka
Intergenic Region; Chain: A

3.20.19
3.20.20

24
32

Aconitase, domain 4

3.30.63
3.30.70

23
32

Guanylate Kinase phosphate binding domain
Alpha-Beta Plaits

3.30.190

32

3.30.230

32

Ribulose 1,5 Bisphosphate Carboxylase/Oxygenase
Ribosomal Protein 85, domain 2

3.30.250

23

Rec A Protein, domain 2

3.30.300

32

GMP Synthetase, subunit A, domain 3

3.30.360

28

3.30.428

31

Dihydrodipicolinate Reductase, domain 2
HIT family, subunit A

3.30.540
3.30.550
3.30.565

28
31
32

Fructose-1,6-Bisphosphatase, subunit A, domain 1
Holo-D-Glyceraldehyde-3-Phosphate Dehydrogenase, domain 2
Heat Shock Protein 90;

3.30.860

32

3.30.870
3.40.5
3.40.30

26
24
32

30s Ribosomal Protein S19; Chain: A
Endonuclease Chain: A;

3.40.47

28

Peroxisomal Thiolase, subunit A, domain 1

3.40.50
3.40.120

32

Rossmann fold
Alpha-D-Glucose-l,6-Bisphosphate, subunit A, domain 3

3.40.190
3.40.250

31
24

D-Maltodextrin-Binding Protein, domain 2

3.40.350
3.40.430

25
24

3.40.510

32

Creatine Amidinohydrolase, subunit A, domain 1
Dihydrofolate Reductase, subunit A
Tyrosyl-TVansfer RNA Synthetase , subunit E, domain 1

3.40.630

32

Aminopeptidase

3.40.640

27

Aspartate Aminotransferase, domain 2

3.40.690

31

Aspartyl tRNA Synthetase, subunit A, domain 2

3.40.710
3.40.718

25
24

Beta-lactamase
Isopropylmalate Dehydrogenase

3.40.720

23

Alkaline Phosphatase, subunit A

3.40.1010

29

Cobalt-precorrin-4 Transmethylase; Domain 1

3.50.7
3.50.50

31
32

GroEL
FAD/NAD(P)-binding domain

3.60.15
3.60.20

32
29

Metallo-beta-lactamase, chain A
Glutamine Phosphoribosylpyrophosphate, subunit 1, domain 1

3.60.21

28

Purple Acid Phosphatase, chain A, domain 2

3.65.10

29

Udp-n-acetylglucosaminel-carboxyvinyl-transferase; Chain: A,
domain 1

3.66.20

31
29
26

Ribosomal Protein L6; Chain: A; Domain 1
Proliferating Cell Nuclear Antigen
Udp-galactose 4-epimerase, domain 1

24
31

Peptide Deformylase

3.90.79
3.90.80

28
25

Nucleoside Triphosphate Pyrophosphohydrolase
Inorganic Pyrophosphatase

3.90.149

23

Superoxide Dismutase, subunit A

3.70.10
3.90.25
3.90.45
3.90.77

32

TIM Barrel

Ribosomal Protein L9, domain 1
Glutaredoxin

Oxidized Rhodanese, domain 1

Udp-n-acetylmuramoyl-l-alanine:D-glutamate Ligase; Domain 2

continued on next page
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C A T H Fold C od e

C A T H D e sc r ip tio n

O rgan ism s

3.90.226

29

2-enoyl-coa Hydratase; Chain: A, domain 1

3.90.230
3.90.470

29

Creatine Amidinohydrolase

32

Ribosomal Protein L22; Chain: A;

3.90.550
3.90.580

31

Spore Coat Polysaccharide Biosynthesis Protein Spsa; Chain: A

24

4.10.830

25

Dna Primase; Chain: A
30s Ribosomal Protein S14; Chain: N;

4.10.640

30s ribosomal protein sl8
25
Table 5.8: Folds Selected on the Basis of being Present in 73% (23) of the 32
genomes.

If folds present in 73% of all organisms are selected then the set of folds seen in Table 5.8
is observed. There are 101 folds in this set, a nearly three fold increase in the number of
folds previously assigned to this set (see Table 5.2). The distribution of their functional
classes can be seen in Figure 5.10.

The transcription/translation, DNA replication,

small molecule metabolism and sugar/energy metabolism still dominate the functions,
however there is also an introduction of functions involved in signalling and cell envelope
in comparison to the initial set (see Figure 5.5). This indicates th at the LUCA possessed
all the core functions th at extant organisms possess.
The distribution of CATH classes is similar to the distribution initially observed
(see Figure 5.11). The main difference is the increase in the number of mainly a and
mainly ^

folds (at the expense of mixed ex. ^

folds) and the inclusion of a handful of

class 4 folds. The primary difference is that this set now contains a great many more
folds involved in transcription and translation. These include ribosomal protein folds
(1.10.450, 2.40.150, 2.40.240) and tRNA priming protein folds (1.10.730 and 1.20.1010).
It is interesting to note th at there are DNA polymerase domains (1,10.473 and 1.20.1060)
in the set. DNA polymerisation is not thought to have become fully refined until the
three clades split. The fold types in this list may represent the part of core units that
genomes require for DNA replication.

Largely the expansion of domains takes into

account many more enzymatic functions. This supports the idea th at the last common
ancestor was an organism with complex biochemistry and not a simple precursor of what
was to come. One noticeable difference is the inclusion of two low secondary structure
folds. These Class 4 structures are part of the ribosome (4.10.640 and 4.10.830) and as
such would be expected to be part of the earliest folds.

5.3.3.2

Archae-Eukaryal Folds

Only four folds turn up th at are present in both the archaea and eukaryotes but not
in the bacteria (see Table 5.9). Again this paucity suggests th at the branching of the
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■ Transcription/Translation
□ DNA Replication/DNA Interaction
■ Small molecule Metatxilism
■ Sugar/Energy Metabolism
■ Cell Signalling
□ Cellular Transport
■ Cell Structure/Envelope
□ Circulatory
■ Viral
■ Other
□ Superfold

F ig u re 5.10: The pie chart shows the division of broad functional classes into which
the expanded eldest set of folds divides. The ‘Superfold’ category indicates those folds
that are highly ubiquitous and play roles in many functions.
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F ig u r e 5.11: The percentage of the CATH Classes in the eldest set of protein folds.
Figures for the initial cluster (Table 5.2) and the updated set (Table 5.8) are shown.

three branches was not a clean break. All but one (3.40.910) are DNA binding and are
involved in DNA replication. Largely if a fold is present in the archaea it is present
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in all three clades. If it is assumed that the archae-eukaryal branch did separate early
from the bacteria why then does it not have more folds associated with it? The reason
th a t the archaea and eukaryotes are thought to share a common ancestor is because they
share many of the components of their DNA replication machinery whereas the bacteria
have markedly different DNA replication machinery. However this observation does not
preclude the archae-eukaryal ancestor from being engaged in large amounts of horizontal
transfer with the bacterial ancestor. If a fold arose within the archae-eukaryal ancestor
and was horizontally transfered into the bacterial lineage at an early enough point such
a fold would be proliferated across the bacteria and thus all three clades and so it would
be difficult to establish which lineage it arose in.
C A T H Fold C od e

O rgan ism s

1.10.1190

7

2.20.25
3.30.310

8
8

3.40.910

5.3.3.3

C A T H D e sc r ip tio n
DNA Binding Protein, Hypothetical Protein Mthl615; Chain: A;
N-terminal domain of Tfiib

TATA-Binding Protein, subunit A, domain 2
8
Deoxyhypusine Synthase
Table 5.9: Folds Selected on the basis of being present in at least 73% (5) of
the archaea and eukaryotes and not present in the bacteria.

Further Evolutionary Anomalies

Given the cut off of “Present in 73% of the genomes” the sets of folds in Tables 5.6 and 5.7
become intergrated with the expanded eldest set (see table 5.8). However, there remain
some folds th at belong to only 73% of the archaea and bacteria (see Table 5.10) and belong
only to 73% of the bacteria and eukarya (see Table 5.11). There are not many of these
folds as there are few folds unique to the archaea and eukaryotes (see Table 5.9). These
folds are all involved in enzyme functions and as such are not part of the core functions
th at differentiate the three clades. It is easy to understand why the bacteria and archaea
might share folds. Bacteria and archaea often inhabit the same environments and it does
not require a great leap of the understanding to appreciate th at either clade might pick
up DNA th at has been released by the other clade. That the bacteria and eukarya share
folds th at the archaea do not have is initially more confusing. This may be the result of
the early eukaryal ancestor sharing its environment with the bacteria or even the result
of the early eukaryotic ancestor synthesising bacteria into its genome (as is the case with
the mitochondrion).

180

Chapter 5. Fold Emergence
C A T H Fold C od e

C A T H D e sc r ip tio n

O rgan ism s

Transferase, Pyrimidine Nucleoside Phosphorylase; Chain: A,

1.20.970

22

3.10.310

22

Diaminopimelate Epimerase; Chain: A; Domain 1

3.90.76

22

Dipeptide-binding Protein; Domain 1

Domain 3

Table 5.10: Folds selected on the basis of being present in 73% (21) of the
bacteria and archaea but not present in the archaea.

C A T H Fold C od e

C A T H D e sc r ip tio n

O rgan ism s
Peroxidase, domain 1

1.10.520

18

1.20.1040

22

Spectrin

2.40.10

21

Thrombin, subunit H

2.60.15
3.40.470

18
20

Atp Synthase; domain 1
Uracil-DNA Glycosylase, subunit E

Table 5.11: Folds selected on the basis of being present in 73% (18) of the
bacteria and eukaryotes and not present in the archaea.

5.3.4

A ccounting For Horizontal Transfer

It is not unreasonable to suggest that many folds have arrived in the various lineages by
means of horizontal transfer. For the purposes of the tables thus far compiled this would
lead to a folds exclusion. Take for instance a hypothetical example of a fold present in
some bacteria and one archaea. This fold would have been excluded from the set of the
bacterial folds (see Table 5.5). However it may be best to identify such folds and include
them in the bacterial set.
To estimate which folds may have been horizontally transferred, if a fold was present in
a greater percentage of the members of one clade than a second clade it was deemed to
have arisen in the clade th at the fold is most commonly seen in, irrespective of what
percentage of organisms the fold was present in in either clade. Folds th at had already
been assigned to the various bins (see Tables 5.3, 5.4, 5.5, 5.8, 5.9, 5.10, 5.11), were not
considered. Some folds were seen in all three clades but in very few of the members of one
of the clades. For instance a fold seen in one of the eukaryotes (50%), two of the archaea
(33%) and 10 of the bacteria (41.6%). Applying the simple percentage rule might imply
th at the fold was transfered from the eukaryotes to the archaea and transfered from the
bacteria to the archaea. In cases where such a split decision was made such folds were also
excluded as it was deemed th at the phylogenetic profile was too complex to be interpreted.
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In total the six sets of horizontally transferred folds comprise 88 members (see
Tables 5.12, 5.13, 5.14, 5.15, 5.16, 5.17). In each table the percentage differential of fold
possession for the donor and recipient clades is presented.

The differential is merely

the difference in the percentage of organisms in each clade th a t are observed to have
th at fold. Those folds with the greatest differential are those regarded with the most
confidence to have arisen in one clade and subsequently horizontally transferred. Where
the differential is low (less than 50%) there is little confidence th at these folds truly have
arisen first in the donor clade. The folds are then ranked accordingly. Also where the
recipient clade is the eukaryotes these estimates have low confidence as there were only
two eukaryotes in the set. Of the 88 folds 62 have purely metabolic enzyme functions (not
involved in DNA/RNA metabolism or interactions), very few are involved in signalling
(e.g. 1.10.472 and 3.50.6) and few are involved in RNA transcription/ translation and
DNA replication (1.10.290, 3.90.269, 3.50.40, 3.30.780, 1.10.433 and 3.90.730).
As was observed (see above) if a fold is horizontally transferred at a very early
stage of the clade branching process it is difficult to resolve from which clade or branch
it originally arose in. As such the putative horizontally transferred folds are deemed
to have arisen after the branching of the three clades. In light of Woese’s argument,
th at transcription and translation arose first and are common to all clades and that the
polarisation of DNA replication mechanisms drove the division between the clades, it is
interesting th at the horizontally transferred sets of folds include very few folds involved
in transcription/ translation and replication. Any given genome th at acquires a fold (and
therefore gene) involved in transcription/translation is unlikely to retain it as it will
already possess working transcription/ translation/ replication machinery. Concomitant
to this, if the DNA/RNA processing mechanisms are already set then later biochemical
innovation will not result in more folds involved in these functions. Functions and folds
th at arise later will concentrate on lineage specific functions and only those that are
useful to another clade will have hope of being successfully horizontally transferred. For
instance we would not expect to see many folds involved in cell signalling transferred
between the clades as mechanisms for this are often clade specific. Indeed, of the putative
‘eukaryote to bacteria’ set (see Table 5.16) only one (3.50.6) is positively involved in cell
signalling mechanisms.
It is interesting th at the ‘eukaryote to bacteria’ set (see Table 5.16) should have
so many folds in it, 42 folds. Horizontal transfer takes place when two species occupy
the same environment. Sixteen of the 24 bacterial species in this study are parasites of
multicellular eukaryotes. This in turn would give such organisms plenty of opportunity
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to take up folds from their hosts.

C A T H Fold C o d e

C A T H D e sc r ip tio n

% D ifferen tia l

3.30.43

54.16

Uridine Diphospho-n-acetylenolpyruvylglucosamine Reductase,
domain 2

2.120.10

20.83

Neuraminidase

3.90.188

16.66

Ribonucleotide Reductase Protein R l, domain 4

3.10.300
3.30.176
3.30.69

12.5
8.33

3-methyladenine Dna Glycosylase; Chain: A;
Aldehyde Oxidoreductase, domain 5

Oxalocrotonate Tautomerase, subunit A
4.16
Table 5.12: Folds potentially transferred from the bacteria to the archaea.
Folds are ranked by difference in the percentage possesion within donor and
recipient genomes. Where the fold is present in 75% of the donor genomes and
10% of the recipient genomes a percentage differential of 65 is be listed.

C A T H Fold C o d e

% D ifferen tia l

C A T H D e sc r ip tio n

3.10.350

12.5

Membrane-bound Lytic Murein Transglycosylase D; Chain A

3.30.373

4.16

Vanillyl-alcohol Oxidase, Chain A, domain 1

3.40.940

4.16

Peptidyl-prolyl Cis-trans Isomerase; Chain: A

Table 5.13: Folds potentially transferred from the bacteria to the eukaryotes.
Folds are ranked by difference in the percentage possesion within donor and
recipient genomes. Where the fold is present in 75% of the donor genomes and
10% of the recipient genomes a percentage differential of 65 is be listed.

C A T H Fold C o d e

% D ifferen tia l

C A T H D e sc r ip tio n

3.60.9

75

Aldehyde Ferredoxin Oxidoreductase, subunit A, domian 1

3.40.920

58.33

Pyruvate-ferredoxin Oxidoreductase; Chain: A,Domain3

3.30.470

50

D-amino Acid Aminotransferase, subunit A, domain 1

3.20.70

45.83

PFL-like glycyl radical enzymes

3.10.340

45.83

Methenyltetrahydromethanopterin Cyclohydrolase; Chain: A;
Domain 1

3.30.499

29.16
29.16

Aconitase, domain 3
L-fucose Isomerase; Chain: A, domain 2

29.16

Topoisomerase I, domain 4

3.40.275
1.10.290
3.90.55

29.16

Dimethylsulfoxide Reductase, domain 3

1.20.840
3.90.630
1.10.439

29.16
29.16

Methyl-coenzyme M Reductase; Chain: B,domain 2
Ferrichrome-binding Periplasmic Protein; Chain: N; Domain 2

25

Penicillin Amidohydrolase, domain 1

1.10.395
3.90.320

25
20.83

Lambda Exonuclease; Chain: A

3.40.460
3.10.105

20.83
16.66

Alpha-D-Clucose-1,6-Bisphosphate, subunit A, domain 1
Dipeptide-binding Protein; Domain 3

Ribonucleotide Reductase Protein R l, domain 2
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C A T H Fold C od e

C A T H D e sc r ip tio n

% D ifferen tial

3.50.40
2.40.110

12.5
12.5

Phenylalanyl-trna Synthetase, Chain B, domain 3

3.30.390

8.33

Enolase-like, domain 1

3.90.420
1.10.60

Butyryl-COA Dehydrogenase, subunit A, domain 2

Sulfite Oxidase; Chain: A, Domain 1
Diphtheria Toxin Repressor, domain 2
4.16
Table 5.14: Folds potentially transferred from the archaea to the bacteria.
Folds are ranked by difference in the percentage possesion within donor and
recipient genomes. Where the fold is present in 75% of the donor genomes and
10% of the recipient genomes a percentage differential of 65 is be listed.
8.33

C A T H Fold C od e

C A T H D e sc r ip tio n

% D ifferen tial

3.40.830

50

Protocatechuate 4,5-dioxygenase; Chain: B

1.10.645
3.40.980
3.30.780

50
50

Cytochrome-c3 Hydrogenase, chain B
Molybdenum Cofactor Biosythetic Enzyme; Chain: A;

50
33.33
33.33

Translation Initiation Factor Eifl;

1.10.300
3.30.479
1.10.164
1.10.340
2.170.16

33.33
33.33
16.66

3.30.950
3.40.192

16.66
16.66

1.10.572

16.66

3.10.28

Adenylosuccinate Synthetase, subunit A, domain 2
Tetrahydropterin Synthase, subunit A
L-2-haloacid Dehalogenase, domain 2
Endonuclease III, domain 1
Endonuclease - Pi-scei; Chain: A,Domain 1
Methyltransferase, Cobalt-precorrin-4 Transmethylase; Domain 2
Leucine Dehydrogenase, chain A, domain 1
Acetohydroxy Acid Isomeroreductase;domain 2

16.66
Endonuclease I-crei;
Table 5.15: Folds potentially transferred from the archaea to the eukaryotes.
Folds are ranked by difference in the percentage possesion within donor and
recipient genomes. Where the fold is present in 75% of the donor genomes and
10% of the recipient genomes a percentage differential of 65 is be listed.

C A T H Fold C o d e

% D ifferen tial

C A T H D e sc r ip tio n

3.40.33

95.83

Pathogenesis-related Protein PI4a;

3.80.10

95.83

Ribonuclease Inhibitor

3.10.120

95.83

Flavocytochrome B2, subunit A, domain 1

1.20.80
3.30.30

91.66

Acyl-COA Binding Protein

87.5
83.33

Defensin A-like
Glutamine Synthetase, domain 1

83.33
83.33

Glutathione S-transferase Yfyf (Class Pi) Chain A, Domain 2
Adenylyl Cyclase, chain A

3.90.245

79.16

1.10.630
3.10.30

75

Inosine-uridine Nucleoside N-ribohydrolase, chain A
Cytochrome P450

2.60.200
1.10.220

70.83
54.16

Annexin V, domain 1

3.60.40
1.20.910

50
45.83

Phosphatase 2c; Domain 1

3.90.269
1.20.1050
3.50.6

70.83

Inhibitor Stefin B (Cystatin B) Mutant
Tumour Suppressor Smad4;

Heme Oxygenase; Chain: A,
continued on next page
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C A T H Fold C o d e

C A T H D e sc r ip tio n

% D ifferen tial

1.10.1000
3.30.20

45.83

Arf Nucleotide-binding Site Opener,domain 2

45.83

Endochitinase, domain 2

3.10.50

45.83

Chitinase A, domain 3

1.10.473

45.83

Taq Dna Polymerase, domain 6

3.40.390
3.50.12

45.83

Collagenase (Catalytic Domain)

45.83

Camp Dependent Protein Kinase, domain 2

3.30.750

45.83

Transcription Regulator Spoiiaa;

2.80.10

41.66

Trefoil (Acidic Fibroblast Growth Factor, subunit A)

3.90.730

41.66

Ribonuclease Rh; Chain: A;

3.30.559

41.66

Chloramphenicol Acetyltransferase

1.10.570
3.90.180

41.66
41.66

6-Phosphogluconate Dehydrogenase, domain 2

3.40.366
3.10.200

37.5
37.5

Carbonic Anhydrase II

1.10.800
3.40.367

33.33
33.33

Glycerol Kinase, subunit G, domain 2

2.160.20
3.40.570

33.33

Pectate Lyase C-like

33.33

Extracellular Endonuclease, subunit A

2.102.10

33.33

Rieske Iron-sulfur Protein

2.40.128
1.10.760

29.16
29.16

1.10.285
3.30.920

25
25

Serratia Métallo Proteinase Inhibitor, subunit I
Cytochrome B el Complex; Chain: D domain 2.
Glutamate Dehydrogenase, chain A, domain 3

3.40.1020
1.10.275
1.10.422

16.66
16.66
12.5

Biosynthetic Threonine Deaminase; Domain 3
Fumarase C, chain B, domain 1

1.20.810

8.33

Cytochrome B el Complex; Chain: C

Quinone Oxidoreductase, subunit A, domain 1
Malonyl-Coenzyme A Acyl Carrier Protein, domain 2
Phenylalanine Hydroxylase;

Metal Transport, Frataxin; Chain: A; Fragment: C-terminal
Domain (91-130);

Oxidoreductase - Catalase Hpii, Chain A, domain 2

Table 5.16: Folds potentially transferred from the eukaryotes to the bacteria.
Folds are ranked by difference in the percentage possesion within donor and
recipient genomes. Where the fold is present in 75% of the donor genomes and
10% of the recipient genomes a percentage differential of 65 is be listed.

C A T H Fold C o d e

% D ifferen tial

C A T H D e sc r ip tio n

1.10.472

66.66

Cyclin A, domain 1

3.40.367

33.33
33.33

Glycerol Kinase, subunit G, domain 2
Pyrimidine Nucleoside Phosphorylase; Chain: A, Domain 2

3.40.1030

Table 5.17: Folds potentially transferred from the eukaryotes to the archaea.
Folds are ranked by difference in the percentage possesion within donor and
recipient genomes. Where the fold is present in 75% of the donor genomes and
10% of the recipient genomes a percentage differential of 65 is be listed.
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Fold U sage

It seems pertinent to ask how many of the folds used by any given genome fall into one
of the bins discussed above, Figure 5.12 shows this data. The microbial organisms make
most use of the eldest folds. Whereas the eukaryotes use as many of the folds that arose
in their lineage as arose in the last common ancestor. In all cases folds th at are estimated
to have arisen by horizontal transfer or in the period of the archae-eukaryal ancestor are
used least often. At least 5% and up to 25% of any genome’s folds fall into the category
where the phylogenetic profile was too complex to assign to a bin using the suggested
criteria. The greatest amount of innovation (in terms of fold creation) appears to have
occured prior to and during the existance of the last common ancestor and all clades
make extensive use of these folds. Subsequently the greatest deal of innovation has come
from the bacterial and eukaryal clades, including the putative horizontally transferred
folds 91 and 142 folds respectively. However the eukaryotes have made the greatest use
of folds th at they evolved. The archaea have evolved for 42 unique folds (including the
putative horizontally transfered sets) and make consistent use of them across each of the
archaeal genomes (around 20% of the folds in any one archaea). The percentage of folds
evolved by the bacteria are used frequently (usually between 10 and 20% of any given
bacteria’s folds), but in some cases they are ustilised only 7% of the time. The archaea,
in this dataset, are all extremeophiles and the eukaryotes have a requirement for complex
cell-cell signalling. It is perhaps these features that lead to these clades greater reliance
on the folds th at are specific to them. Most of the genomes use the folds th at have either
come from other clades (are horizontally transfered), or are shared with other clades
(fold generated by a putative common ancestor), very seldomly.
These data indicate th at life, by and large, restricts itself to the use of a limited
repertoire of the parts available. However, the folds utilised solely by an individual clade
must perform a function particular to the manner in which th at clade is adapted to
living. These must be folds th at were evolved in response to an evolutionary pressure
th at could not be dealt with by adapting one of the pre-existing folds.

Percentage of Folds
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Conclusion
Fold E volution E stim ates

W ith perhaps the exception of the core eldest folds (see Table 5.2) the population of the
other bins provide only estimates of which folds belong to which set. These sets of folds
are far from definitive and are likely to change as more sequence families and folds are
deposited in the structural databases. However given the above protocol for assigning folds
to bins if all folds and their respective sequence families are known an absolute answer
can be arrived at. As the structural genomics projects (Berman et al, 2000; Gerstein
et ai, 2003; Teichmann et al, 1999; Yee et al, 2003) deposit structures for more sequence
families it will be easier to determine the evolutionary history of the domain families.
The most significant benefit of the protocol presented is th at it is straightforward, easily
understandable and as such easily update-able. As more structures and sequences families
are known so the membership of the various bins can be easily updated.

5.4.2

C om plexity in Early Evolution

The difficulty in assigning folds to an archae-eukaryal ancestor and the existence of sets
of folds common to ‘bacteria and archaea’ and ‘eukaryotes and bacteria’ suggests th at
the bins used should be reassessed. Instead of the initial five suggested (see Figure 5.3)
a set of bins more in keeping with the alternate system of clade genesis (see Figure 5.8)
should be used. Three phases an “Early Phase” covering folds evolved prior to and during
existence of last common ancestor, a “Mid Phase” including those folds common to two
clades and not the other representing the period where the clades began to diverge and
a “Late Phase” including those folds th at are unique to each clade and those folds that
were horizontally transferred. In theory those folds included in the “Late Phase” may
have arisen at any time after the divergence of a given clade. It may be possible to go on
and assign folds to individual branches of bacteria, archaea or eukaryotes. The first plant
genome sequence, Arabadopsis thaliana, has been sequenced and it would be interesting
to asses whether there are any folds unique to the plant kingdom. The fungi are also a
major eukaryal branch and again there may be folds unique to these organisms. Indeed
there may even be folds unique to the multicellular or unicellular eukaryotes. There is no
limit to how the various clades can be divided even down to looking for folds unique to
individual organisms but these seem like the most appropriate starting points.
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Eukaryotic Problem s

As there were so few eukaryotes in the set this results in a lack of confidence in the
prediction of horizontally transferred folds to and from th at clade. To address this problem
some of the eukaryotic genomes whose sequences have been released since this study was
carried out could be integrated. Alternatively the sequences of the domains suspected to
be horizontally transferred could be compared with one another to verify the host clade.
Where sequences are sufficiently similar it may be possible to design a protocol to assess
the likelihood of horizontal transfer in the either direction. To do this throughly is not
trivial and there was not enough time in this study to take this into account.

5.4.4

Fold Coverage

Only 431 of the 775 folds in the CATH database were identified in the organisms present
and of those 408 were placed into the defined bins. This leaves 344 folds th at are in
CATH but not observed in the set of organisms. Some of these folds and their respective
sequence families will have come from organisms not in the set. As such, PSI-BLAST
may not be expected to find these folds.

Some of these will be present in the 32

genomes however there may not be appropriate sequence families or they may be too
distantly related to the sequence families for PSI-BLAST to have recognised them. In
the domain assignment process, some folds th at are distinct in the CATH database may
be sufficiently sequence related to have overlapped and been removed by the DRange
protocol (see Chapter 2).
A quarter of the 408 folds identified were present in the LUCA. This statement
gives no indication of when these folds actually arose. Living systems are estimated to
have appeared ~3.5 billion years ago and DNA/protein based life at some point after.
The lack of any clear lineage or model for early protein evolution prevents any prediction
of when various protein folds or proto-folds arose.

5.4.5

U se o f H om ologous Superfamilies

In future it may be pertinent to investigate the possession of the various CATH homolo
gous superfamilies rather than the folds. This study talked in general terms about folds
involved in functional classes (transcription, translation, signalling etc). It was assumed
th at a fold would remain involved in similar functional classes. Members of CATH ho
mologous superfamilies are evolutionarily related and frequently retain the same function
but this is not to say th at the progenitor of a given homologous superfamily had exactly
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the same function as it’s extant relatives.

5.4.6

“G enetic A nnealing”

Woese (1998) suggests a model for early evolution entitled “Genetic Annealing” . In this
process, early transcription, translation and DNA replication begin highly error prone
and horizontal transfer is the modus operandi for genetic exchange. Woese regards this
phase as having a ‘high mutagenic tem perature’ or high mutation rate. As transcription,
translation and DNA replication become more complex and less error prone and linear
inheritance becomes successively more important, because complex systems are unlikely
to be transferred intact by horizontal transfer, Woese likens this to a ‘cooling’ of the
‘mutagenic tem perature’. It stands to reason th at during the early, ‘high tem perature’
phase, much of sequence space in the DNA and RNA will be sampled very rapidly
as both transcription and replication are very error prone. In turn, much of protein
structure space will be rapidly sampled in this early phase. Given th at pre-LUCA life had
billion years, this would suggest th at early life could have generated all the folds known.
The data in this study does not suggest that all the folds in CATH fall into the
eldest set. This indicates th at the process of ‘genetic annealing’, suggested by Woese,
may not be a wholly accurate model of this phase of evolution. There are however, a
number of factors th at may influence this. If the period of ‘high mutagenic tem perature’
was also a period where there was a restricted number of amino acids available and
hence a restricted number of folds, then this might account for the fact th at the
CATH folds don’t all belong to the eldest set. Alternatively, Woese’s assumption th at
transcription, translation and DNA replication were initially exceedingly error prone may
be exaggerated. It may be th at these systems, once they appear, are robust and not as er
ror prone as assumed, as a result the sampling rate for structure space would be restricted.
This analysis may have further difficulties because extant sequences may have di
verged from their ancestors past the point of PSI-BLAST being capable of detecting the
relationship.

C hapter 6
D iscussion
6.1

D om ain Proliferation

The primary aim of this work was to investigate the manner in which protein domains
have proliferated among the extant genomes and to draw out those trends which can
be observed. When protein domains or functions are thought of as discrete entities one
of the most obvious trends is that few entities are extensively utilised by life whereas
most are very seldomly utilised. Also, the transition from the extensively used to the
seldom used entities passes through a spectrum of usage frequencies that, irrespective of
the biological trait, decay in a similar manner. Relationships th at decay in the observed
manner are power law relationships.

Such relationships can be seen throughout this

thesis in such Figures as 2.17, 2.18, 2.20, 2.21, 4.6, 4.11. Observations of these types
of relationships in biochemical systems are increasingly common (Apic et al, 2001a;
Hegyi et ai, 2002; Koonin et ai, 2002; Qian et al, 2001; Wolf et al, 2002). In a special
case these power law relationships may be scale free relationships.

Such scale free

relationships are indicative of robust, efficient networks and it is beguiling to assume
th at life, which is often elegant and efficient, would make great use of scale free networks.
Certainly, there is some indication that metabolic networks and networks of protein
domains are indeed organised in a scale free manner (Koonin et al, 2002; Wolf et al,
2002). In both Chapter 4 and Apic et al (2001a), the data presented indicates a power
law relationship th at may be indicative of a scale free network of protein domain partners.
This power law style of proliferation of domains is, in turn, reflected in the func
tions of the most common domains. Those domains types th a t are most extensively
proliferated are those with generalised functions that can be recruited to new functions.
Domains th at are speciflc to a single function are not widely used by the genomes. This
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observation is to be expected, it would not be expected th at a genome would maintain
50 copies of a gene or domain when it only needs one. This underlines a point about the
most common domains, it would seem th at they have become highly overused exactly
because, at a basic level, they do not provide a highly specific function. Chapter 2 and 3
indicate th at those most common domains provide a basic, highly adaptable, function;
The Rossmann domains provide nucleotide binding or nucleotide catalysis, the TIM
barrels provide a stable framework for conducting a wide range of biochemical catalysis,
the Ig-like folds act as adaptors to generate highly diverse cell-cell interactions.
Given these points what are the driving features of domain proliferation?

Firstly,

it would be expected th at a domain achieves it’s functional form consistently (e.g. folds
reliably). W ithout reliably achieving its functional form a domain is far more likely to
be lost from a genome, as genomes rapidly remove DNA th at is causing the organism
to be less competitive in the environment (Andersson & Andersson, 1999). Secondly,
th at the domain has a generic function that can be widely adapted to suit a range of
situations (e.g. tyrosine kinase domains, in the large class of tyrosine kinase receptors).
If any domain achieves both of these states it would seem to stand to reason th at it will
be able to proliferate widely.
The highly proliferated domains would seem to be a prime example of Dawkin’s
definition of the gene, th at a gene is merely any segment of DNA th at attem pts to
propagate itself (Richard Dawkins, 1989). Dawkins argues th at evolution is played out
at the DNA level th at genes, and later organisms, are merely tools th at some DNA
sequences have developed to ensure their successful propagation.

Protein domains

represent segments of DNA th at coded for, initially useful, and now indispensable
segments of proteins. If new proteins are constructed it is far more probable th at they
will be formed as a consequence of fusing domains th at can be easily adapted. In this
way these common domains are one of most successful examples of the Dawkinsian gene.
Circularly, once a domain has a achieved a position where it is highly proliferated
throughout extant life, merely by sheer weight of numbers it is in a position where if any
DNA duplication occurs the domain stands a greater chance of being duplicated. There
seems little space within modern genomes for a new highly proliferated domain to arise.
The work in Chapter 5 indicates th at the domains most utilised, by the genomes studied,
arose prior to and during the evolution of the last universal common ancestor (LUCA).
The genomes make seldom use of those domains that were later developed within their
or other clades. Life, apparently would rather make use of what it has already developed.

Chapter 6. Discussion

192

Such a strategy makes evolutionary sense, it stands to reason th a t it is “least expensive”
to adapt those genes th a t are already present than attem pt to generate novel domains.

6.2

Life is N ot as Com plicated as You Think it is

Extant life engages in a myriad of activities, from occupying obscure ecological niches,
to an incredible spread of biochemical reactions, many organisms are even capable of
synthesising chemicals th at can not be artificially synthesised (i.e.

carotenoids).

A

naïve assumption would be th at biological complexity stems from physical complexity.
For instance, it might be naively assumed that every biochemical reaction carried
out by any organism is a consequence of a completely novel enzyme. This is not the
case, many enzymes are shared by quite disparate organisms (see Chapter 3) and at
a lower level many proteins are seen to share a limited selection of domains (see Chapter 2).
In total the repertoire of parts with which to build proteins is limited, only 775
folds divided into 1386 homologous superfamilies (Pearl et ai, 2001) or, in the case of
Pfam, 5,193 sequence domains (Bateman et al, 2002). In turn these parts are assembled
into many proteins th a t are themselves assembled into complex networks of interactions.
In effect what is seen here are systems with relatively simple rules or parts th at can
generate highly complex behaviours. “Conway’s Game of Life” elegantly illustrates this
principle (Gardner, 1970), with only one type of ‘p art’ and three simple rules a surprising
amount of complexity arises.
Living organisms would appear to have developed a great deal of processes that
are complex but are based on a limited selection of parts. As discussed in Chapter 4, the
system of Hox genes for regulating metazoan body plans is regulated by a limited set of
genes (4 to 8 genes), yet is responsible for the multitudinous body shapes seen in animals
(Crawford, 2003). Perhaps more pertinently, in recent times, it had been assumed th at
the human genome would contain the best part of 100,000 genes, this turns out not to be
the case, a more conservative estimates places the number of genes between 25,000 and
35,000. DNA is, notionally, a simple molecule representing a quaternary code. Given the
appropriate mechanisms for decoding it proves to be incredibly complex, containing a
phenomenal amount information.
It would seem th at biological complexity is not linearly related to the apparent
complexity of the underlying system.

Simple rules and simple systems can generate

complex behaviours. In terms of the earlier observations this once again seems appro

Chapter 6. Discussion

193

priate for living organisms. It is far better to build the simplest system th at is capable
of coping with the requirements of life than to build the most complex system. The
most complex system is likely to be error prone and difficult to maintain. The simplest
system is going to be “least expensive” , it will assemble quickest (over the course of
evolution) and require least resources (ensuring competitiveness). Complexity in life is a
consequence of the interactions of the parts not the number of parts. Perhaps instead
“life is as complicated as you think” but not in a way th at is immediately apparent.

6.3

Future Work

The flow chart, Figure 6.1, summarises the work in each chapter and how it is connected.
The body of the work in Chapters 2 and 3 has been integrated into the CATH database.
These chapters set out protocols for identifying and ratifying protein domains in
sequences of unknown domain structure and later annotating those sequences with
functions. The analysis in Chapter 2 is in keeping with those observations of Gerstein
(1998); Apic et al. (2001a), the distributions of domains among the genomes follows the
pattern already observed by these groups. In future it would be pertinent to include
all of, the ever increasing numbers of, genomes and to include domain types from other
databases.
Chapter 3 describes an efficient protocol for significantly expanding the functional
annotations in the CATH-PFDB and the subsequent use of these annotations to attem pt
to expand the annotations of the genomes in the Gene3D database. The CATH-PFDB
is widely annotated (Figure 3.5) and many domains which had no previous functional
information gain some form of annotation. Most usefully this data can be later used to
examine how function is adapted or conserved between domains in the CATH-PFDB.
Knowing which families have highly conserved function and which do not will allow
confidence in annotations to be better appreciated. It is unfortunate th at the protocol
contributes very little to further annotating the genomes (Figure 3.7). In retrospect this
is to be expected, the majority of the genomes used were already well covered in the
functional data sources th at were selected. A shift away from the complex annotation
method described in Chapter 3, where a gene’s domain makeup is compared, may prove
wise for subsequent annotation of genomes. Using a simple BLAST search with conser
vative thresholds proved to be a successful strategy (Figure 3.8) for genome annotation
and perhaps this would be the best route for subsequent, functional annotation of the
CATH-PFDB or the genomes in the Gene3D database. It would also be wise to increase
the number of functional annotation sources, these might include pathway annotations
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{i.e. KEGG (Kanehisa et al, 2002)) and the GO annotations from a range of organisms
(The Gene Ontology Consortium, 2001).
Chapter 4 leaves a range of questions unanswered the most obvious of which would be
to test the model for domain proliferation th at is suggested (Figure 4.14). This model is
similar to the Birth, Death and Innovation models already tested by Karev et al (2002);
Qian et al (2001) but includes a more direct evolutionary component by attem pting to
incorporate a factor th at represents a protein’s function. After all it is hard to justify
a model as appropriate if it does not actually represent the system it is attem pting
to describe.

Also, a more conclusive study of the scale free relationship suggested

in Figure 4.12 could be undertaken in the future. The bacterial and archaeal graphs
certainly display straight line portions initially and it may be appropriate to divide
the set of organisms into appropriate sub-clusters. Certain evolutionary sub-clusters of
organisms may display different slopes th at may be more clearly indicative of a scale-free
relationship. However, it becomes difficult to know what those sub-clusters might be,
given th at it would be easy to arbitrarily divide the organisms up until data gave the
straight line plot th at was being sought.
Finally, the bins of folds described in Chapter 5 will be better filled as more and
more protein folds and their sequence families are known. In the future this study could
also be reassessed in terms of homologous superfamilies rather than protein folds. If
this is undertaken, then it would make sense to more finely divide the bins of folds. It
should be possible to identify superfamilies that are specific to individual branches of the
bacteria, archaea and eukarya. If the earliest branches of life are better resolved in the
future, it may become possible to estimate which folds or homologous superfamilies were
the evolutionary antecedents of later folds.
All of the analysis in this thesis would benefit greatly from the future expansion
of the protein domain and genetic databases, as this will allow more valid statistical
conclusions to be reached. In this way these analyses stand to gain from the advent of
the structural genomics projects.
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F ig u r e 6.1: The flow chart summarises the work discussed in the preceding chapters.
Chapters and their titles are indicated by the boxes. The work of Chapters 2 & 3
contributes to a functional and structural annotation database. Using this database
the analyses of the following chapters (4 & 5) is accomplished. The analysis discussed
in each chapter is indicated by the arrows calling out from each chapter.
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CATH
CATH-PFDB
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NRDB
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Protein Data Bank
Position Specific Score Matrices
Position Specific Iterated-BLAST
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Ribonucleic Acid
Sequence Alignment and Modelling
Structural Classification Of Proteins
World Wide Web
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