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Abstract
Domains are the structural and functional units of protein structure enabling the
formation of multi-functional, multi-domain proteins. The identification of domains
within a sequence is an important pre-requisite for many protein analysis techniques and
can be achieved from protein tertiary structure or detection of homology to known
domain sequences. In the absence of either protein structure or sequence homology a
method to delineate domain boundaries from sequence alone is required. In this thesis, a
number of domain properties have been considered in order to address the possibility of
domain prediction from sequence.
A survey of domain linker characteristics has been made which shows domain
linkers to be flexible, exposed and generally unstructured regions of polypeptide, with a
high propensity for proline residues which may have repercussions for linker structural
independence and folding rate. The surface area and hydrophobicity of protein structures
has also been investigated. There appears to be a positive correlation between sequence
length and surface area, although a domain prediction method based solely on this
characteristic does not seem likely. There was no obvious separation between the
percentage of hydrophobic residues in either single or multi-domain proteins.
A domain assignment method based upon the alignment of predicted secondary
structure to proteins of known structure has been developed and implemented. The tophit prediction of continuous domain boundaries achieved a sensitivity of 31% with a
selectivity of 32% (±20 residues). The domain number and corresponding boundaries
were correctly predicted for 25% of the multi-domain test set (±20 residues). A further
method that assigns domains based on post-processing PSI-BLAST alignments has also
been developed. This method achieved a continuous domain boundary prediction
sensitivity of 30% with a selectivity of 56% (±20 residues). These two methods have
also been combined for prediction of domains by sequence comparison and from
sequence alone.
The formation of protein oligomers by the exchange of identical units of protein
structure between subunits is termed ‘domain swapping’. A general analysis of domain
swapped proteins, including the properties of the swapped-domain linkers has been
carried out. The analysis of domain linker of Chapter 2 also enabled a comparison of
their characteristics to those of swapped-domain linkers.
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Chapter 1

Introduction

16

This year marks the fiftieth anniversary of Watson and Crick’s determination
of the 3D structure of DNA (1953). This fundamental discovery was followed by a
series of theoretical and technical advances in molecular biology, including the
identification of the genetic code in the 1960’s and the advent of DNA sequencing
and polymerase chain reaction in the 1970’s and 80’s. These have paved the way for
the sequencing of whole genomes including the human genome in the last decade.
Genes contain the blueprint for the manufacture of proteins, the essential
active agents of biochemistry, that play a key role in almost all metabolic processes
that are associated with life. Understanding protein structure is of great importance
because the function of a protein is ultimately determined by its structure. The
interpretation of genes in terms of the structure and function of the proteins they
encode is of crucial importance to fully understand their role in the cell.

1.1

The hierarchy of protein structure
In their folded three-dimensional (3D) state proteins can appear irregular and

complex, with no obvious underlying mechanism to explain the packing of the amino
acid chain. This structural complexity has arisen over millions of years to perform a
diverse range of functions that dominate the biochemistry of our cells. In solution
proteins often form globular structures where the peptide chain runs back and forth
across the protein core. Protein structure can be explained by an underlying hierarchy
that ranges from primary to quaternary structure.

1.1.1

Primary structure

The primary structure, the first level in the hierarchy, is the sequence of
amino acids along the polypeptide chain. Each amino acid is joined to the next by a
peptide bond, formed by a condensation reaction between the COOH of the Nterminal amino acid with the NH 2 group of the C-terminal amino acid. Each amino
acid varies in its chemical properties depending on its side chain. These properties
can be grouped into three main classes (Branden and Tooze, 1999): amino acids with
strictly hydrophobic side chains (Ala, Val, Leu, He, Pro, Phe and Met), those with
charged side chains (Asp, Glu, Arg and Lys), and the amino acids with polar side
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chains (Ser, Thr, Cys, Asn, Gin, His, Tyr and Trp). Gly is an exception in that it
contains only a hydrogen atom as its side chain, and as such is either placed in its
own class or considered as a hydrophobic amino acid. These twenty amino acids
form the primary structure of a protein that in turn encodes its uniquely folded 3D
structure (Anfinsen, 1961), so bestowing the huge variety of protein structures and
functions in nature.

1.1.2

Secondary structure
Protein folding is driven by the hydrophobic effect, in which hydrophobic

amino acids become buried within the protein core, shielded from the surrounding
aqueous environment by hydrophilic residues (Kauzmann, 1959). Globular proteins
can therefore be seen as having a hydrophobic inner core, surrounded by a
hydrophilic outer shell (Waugh, 1954). However, the burial of hydrophobic side
chains is also accompanied by the burial of their main chain atoms which include
polar N-H and C=0 groups. The solution to this inclusion of the polar polypeptide
backbone within the hydrophobic core is to neutralise these groups by the formation
of hydrogen bonds between them. This gives rise to regular patterns of hydrogen
bonding that form protein secondary structure. The route taken by the polypeptide
chain in 3D space to create the secondary structure can be described by the relative
positions of three atoms linked within the backbone: the C-alpha, carbonyl carbon
(C’) and amide nitrogen (N) atoms. The relative positions or angles of rotation
between these atoms are described as the phi angle (around the N-C-alpha bond), and
the psi angle (around the C-alpha-C’ bond). Secondary structure is defined as two
main types.

Alpha-helix: Here the C=0 group (residue /) and the N-H group (residue i+4)
hydrogen bond to form a cylindrical structure from the peptide chain, with
approximately 3.6 residues per turn, corresponding to a distance of 5.4 Â. The helix
forms a right handed turn, with psi and phi angles of -60° and -50° respectively.

Beta-sheet: This secondary structure type is made up of two or more continuous
regions of chain called beta-strands, which are found in a fully extended
conformation. Beta-strands line up in such a way as to allow hydrogen bond
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formation between adjacent C=0 and N-H groups. Beta-sheets are built up of betastrands arranged in parallel, anti-parallel, or a mixture of both.

Secondary structures can in turn combine together to form motifs or super
secondary structure. Examples include beta-hairpins, made up of two anti-parallel
strands joined by a short loop, that can exist as an isolated ribbon or form part of a
larger sheet structure. Another example is the beta-alpha-beta motif, again made up
of two strands, but this time connected by a helix, that packs against the sheet formed
by the adjacent strands. This packing shields hydrophobic residues in the betastrands and the alpha-helix from solvent.

1.1.3

Tertiary structure

The packing together of secondary structure elements or the larger motifs
results in the tertiary structure of a protein, that may contain one or more domains.
Protein domains are often described as the fundamental units of protein structure,
forming high-order building blocks of the protein polypeptide chain (Hubbard and
Argos, 1996). Domains can be considered as local, semi-independent units
(Richardson, 1981). Each domain contains an individual hydrophobic core that is
made up of secondary structure elements which are often conserved across protein
families. Secondary structure elements are connected by more exposed loop regions
that are usually much less conserved, unless involved in the function of the protein.
Domains can be placed into different classes according to their secondary structure
content. Four main classes were originally described by Levitt and Chothia (1976).

All-alpha domains, built up of mostly alpha-helices are often small folds in which the
helices are usually arranged in bundles packing against one another to form a
globular core.

All-beta domains, consisting almost entirely of beta-sheets normally in an anti
parallel arrangement within the domain core. Beta-sheets can pack against one
another, with the hydrophobic side-chains located at the interface, forming betasandwiches.
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Alpha-beta domains are built up of a repeating beta-alpha-beta motif that results in
the outer layer of the structure being composed of amphipathic alpha-helices, that
pack around the central core of beta-sheets.

Alpha and beta domains, like alpha-beta domains, contain alpha-helices and betasheets, however the arrangement of these elements is mixed. The classification of
these domains can be complicated by the fact that there are overlaps between this
class and the alpha-beta class and so these classes are sometimes merged (Orengo et
a l, 1997).

1.1.4

Quaternary structure

Many proteins have a quaternary structure that is based on the association and
interaction of two or more polypeptide chains that form an oligomeric complex. The
evolution of oligomeric complexes has conferred advantages compared to monomer
subunits including allosteric control, higher active site concentrations, new active
sites at subunit interfaces, and an economic way to produce protein interaction
networks and molecular machines (Liu and Eisenberg, 2002). While the fusion of
domains at the genetic level has evolved a permanent interaction between domains,
in some cases interactions at the quaternary level can be reversible.
A specialised mechanism for the association of identical protein monomers is
called domain swapping (Bennett et a l, 1995). In domain swapping, a single
secondary structure, or even a whole domain of a monomeric protein is replaced by
an identical domain of an identical protein chain which can produce an intertwined
oligomer. This process may represent a rapid pathway for the formation of protein
oligomers, making use of evolutionarily optimised intramolecular interactions as
intermolecular interactions (Heringa and Taylor, 1997).

1.2

The role of domains in proteins

Today, many areas of biology routinely use the term ’domain’, although the
actual definition of this word can vary. The concept of the protein domain was first
used to describe structural units within proteins. As more protein structures were
determined, such as hen egg-white lysozyme (Blake et a l, 1965) and ribonuclease
20

(Kartha et al., 1967) it became apparent that proteins contained distinct structural
regions. A study by Wetlaufer (1973) analysed 18 protein structures and assigned
domains on the basis of globular structural units expected to fold autonomously. In a
review in 1981, Richardson defined domains as compact, local, semi-independent
units - now a frequently used and cited definition. Interestingly the study by
Richardson (1981) yielded a more conservative domain assignment procedure, and
the structure of hen egg-white lysozyme previously described as two-domain was
classed as single domain. Domains can also be defined in an evolutionary context,
where sequence comparison may reveal sequence-similar homologues that are found
in different proteins, or they can be described in terms of functional regions within a
protein, that does not necessarily take a structural viewpoint into account. Though
each of these definitions may appear distinct, they are all valid, and in many cases
are compatible. Domains may be viewed as independent folding units, especially
those that are found in a range of different proteins, an indication that they may have
started out as single domain proteins. Multi-domain proteins may contain domains
with different functions, each working separately, or adjacent domains might work
together cooperatively. Such functions may include catalysis and substrate binding.
Domains can play an important structural role in the cell, acting as building blocks,
or modules that build up large repetitive molecular assemblies such as muscle fibres
(Campbell and Downing, 1994).
The structure of pyruvate kinase (Larsen et ah, 1994) provides an example of
a multi-domain protein in which the function of each domain is different. This threedomain enzyme, shown in Figure 1.1, catalyses the last step in glycolysis, where
phosphoenolpyruvate is converted to pyruvate via phosphorylation of ADP to ATP.
There are two alpha/beta domains, one of which acts as a catalytic domain and the
other as a nucleotide binding region and a third all-beta regulatory domain. Each of
these domain structures is found in a wide variety of different proteins, with the
central alpha/beta substrate binding domain being one of the most commonly
recurring enzyme domains. This large alpha/beta catalytic domain forms a barrel
structure, also known as a TIM barrel. This fold was named after the structure of
triosephosphate isomerase in which it was first observed (Banner et a l, 1975). The
eight-stranded TIM barrel is one of the most common folds to be observed in protein
structures, often functioning as enzymes (Nagano, 2002). The TIM barrel structure in
pyruvate kinase is an interesting case, as the all-beta domain has been inserted within
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Figure 1.1

Pyruvate kinase - a three-domain multi-functional enzyme

The structure of pyruvate kinase, PDB code Ipkn (Larsen et al., 1994), an example
of a multi-domain protein in which the function of each domain is different. The
large catalytic TIM barrel domain (yellow) has an all-beta domain (purple) inserted
within its sequence, which is connected to the TIM barrel by means of two domain
linkers (green). Cartoon figure prepared using MOLSCRIPT (Kraulis, 1991) and
Raster3D (Merritt and Bacon, 1997).
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its sequence. The sequence of the TIM barrel is therefore split into two regions
within the structure, and is therefore described as a discontinuous domain, unlike the
all-beta domain which is a continuous domain. This separation of the TIM barrel in
sequence is most likely to have occurred by a domain insertion event, within the
catalytic domain gene sequence during the proteins evolution (Russell, 1994). Figure
1.2 shows examples of continuous and discontinuous domains, in order of
complexity.
The TIM barrel offers an interesting perspective on domain evolution.
Convergent evolution has long been thought to explain the occurrence of these
frequently occurring folds that often have no discernible sequence homology
between them. It is thought that such folds may offer favourable properties for
folding and stability (Orengo et al., 1994). However, with the advent of highly
sensitive sequence comparison methods, homologous relationships have been
proposed between these structures, suggesting divergent evolution from an ancient
gene (Copley and Bork, 2000).
The evolution of multi-domain proteins from the fusion of smaller domains
has conferred a number of functional and structural advantages. Ghelis and Yon
(1979) suggested that the covalent association of domains resulted in a more stable
complex compared to oligomeric proteins made up of several subunits. It can be
envisaged that ancient biochemical pathways that utilised single domain structures in
sequential pathway reactions may have benefited from the fusion of these domains
giving a fixed stoichiometric ratio of catalytic sites for any given time (Ostermeier
and Benkovic, 2000). Multi-domain proteins have also evolved functional or
catalytic sites between domains that are often situated in the inter-domain cleft.
Movements between adjacent domains enables an induced-fit binding of the
substrate, creating a catalytic environment that protects the substrate from solvent, a
model first introduced by Koshland (1958). An example of changes in domain
orientation is found in the iron transportation protein lactoferrin that is made up of
two similar lobes, each containing two domains. Upon binding iron, the two domains
rotate by 53° with the axis of rotation passing through two beta-strands that link the
domains (Gerstein et al., 1993). This domain closure is used to recognise and
sequester iron in the iron binding site situated within the inter-domain cleft.
The fusion of domains within single structures may have covalently fixed
them into a single polypeptide chain but this does not mean that they must form rigid
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Domain 1

Figure 1.2

Domain 2

Continuous and discontinuous domains

Schematic diagram showing different connectivity between multi-domain proteins
(adapted from Siddiqui and Barton (1995) and Das and Smith (2000)). a) A single
domain chain, b) A simple two-domain chain with one connection, c) A two-domain
chain with two connections, where the chain runs from the first domain into the
second, and then back to complete the first domain. This is likely to have been the
result of the insertion of the second domain into the first, d) A two-domain chain
with three connections. This is similar to c, except that after completing the first
domain, the chain returns to complete the second domain.
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associations. As has been described above, the domains of multiple domain proteins
are capable of a large degree of conformational flexibility that has been shown to be
important for regulatory activity, metabolite transport, formation of protein
assemblies and cellular locomotion (Gerstein et ah, 1994). The large-scale flexibility
in proteins between essentially rigid domains may be attributable to only small
segments of chain such as the inter-domain linker (Janin and Wodak, 1983; Bennett
and Huber, 1984). Domain movements can be classed into two main types: hinge
motions and shear motions (Gerstein et ah, 1994). Domain movements may be
facilitated by hinge or shear motions alone, or a combination of both motions. Much
of the information regarding these movements is inferred from X-ray crystal and
NMR structures of the open and closed conformations.

Hinge motions are defined as movements in the polypeptide chain that involve only a
few large changes in a localised region and are not constrained by side-chain packing
interactions. The simplest hinge motions can be found in beta-strands which can also
effect large conformational changes. Beta-sheets are also able to act as hinges though
their movements are more limited. Alpha-helices acting as hinges give more of a
bending motion because they have a more constrained pattern of hydrogen bonding
than extended strands and so the deformations are more spread out. Alpha-helices
may also undergo more radical hinge motions in which kinks in helices, often
populated by proline residues, can convert between helical and more extended
conformations. For example, large torsion angle changes have been observed in the
middle residues of the all-helical domain linker in calmodulin, resulting in two
shorter separate helices almost perpendicular to one another (Meador et ah, 1992;
Ikura et ah, 1992). Hinge movements enable large torsional changes between
domains, however between closely associated domains such movements are not
always possible since hinge movements require few packing constraints of the
polypeptide chain.

Shear movements involve motions that occur parallel to the plane of the interface
(unlike hinge that are usually perpendicular). This means that shear motions are
limited to the degree of interaction between side-chains within the interface, and
many shear movements between domains are thought to be accommodated by these
side-chains, rather than involving their repacking (Gerstein et ah, 1994). Domain
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motions may include a number of these small shear motions such as the burial of
substrate within the active site of citrate synthase (Remington et al., 1982).

1.3

Domains as units of structure
The observation of a recurrent structure within a different protein context is a

strong indication of a protein domain. However, domains that share a similar
structure are not necessarily related by significant sequence identity. Many similar
structures have diverged beyond the detection of any sequence similarity, whilst their
function has been retained. The conservation of protein tertiary structure over
primary structure demonstrates the importance of the relationship between protein
structure and function. Common ancestry between such remote homologues can be
determined by searching for conserved features such as catalytic residues. It is also
possible that some structures are more favoured because they represent stable folds.
Unrelated proteins may have converged towards these folds and therefore do not
always have the same function. For example, in the recent version of the GATH
domain database (Orengo et ah, 1997) the TIM barrel has been documented as being
functionally diverse, and has been classed into 21 superfamilies (Nagano et al.,
2002).

1.3.1

Identification of domains from structural coordinates

Because domains may function individually within a protein, with discrete
functional and structural roles, the comparison of proteins at the domain level can
give a comprehensive view of structural biology that would not be possible using
entire proteins. At present there are over 20,000 structures deposited in the Protein
Data Bank (PDB; Bernstein et al., 1977), however this is a highly redundant
collection. The comparison of these structures at the domain level enables a more
representative view of protein structure. Such comparisons often begin by classifying
structures with similar folds and functions, that can then be further compared on the
basis of sequence similarity.
The structures in the PDB are made up of both single and multiple domains.
These domains must be identified before comparisons can be made. Though
identification and delineation of domains in protein structure can be achieved by
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visual inspection it is not an easy process to automate. Automation of this process is
necessary to keep up with the ever increasing number of deposited structures.
Difficulties arise from the fact that there is a continual progression from proteins that
slightly divide into lobes to those that form clearly distinct folded regions separated
by an inter-domain linker (Taylor, 1999). For this reason the assignment of domains
can be subjective, and because there is no standard definition of a protein domain,
automated domain assignment methods have varied enormously, with each
researcher using a unique set of criteria (Swindells, 1995). A number of algorithms
for identifying structural domains from atomic coordinates have been proposed. The
majority of these methods are based on the original concepts of Wetlaufer and
Richardson, who observed that the interactions within domains are stronger and more
numerous than between domains. Several methods are described below.
Crippen (1978) developed one of the first domain detection methods using a
C-alpha-C-alpha distance map combined with a hierarchical clustering routine to
group 10 residue protein segments. The identification of small C-alpha distances
between the protein segments in the distance map was used to combine them into
domains. The stepwise clustering faced difficulties in determining when a cluster had
reached a size that constituted a domain.
Rose (1979) considered a protein as a rigid body where three perpendicular
axes passing through the centroid (the coordinate centre of the protein), were used to
identify continuous chain segments corresponding to compact domains. The method
was limited because it could only identify continuous subunits and also required an
initial input of the rough domain boundary positions.
Sowdhamini and Blundell (1995) continued the theme of identifying compact
domain cores by clustering secondary structure elements on the basis of their intra
chain C-alpha distances. Specific features within the clusters could then be identified
as regions corresponding to super-secondary structure and domains.
Siddiqui and Barton (1995) developed a method that located domains by
maximising the ratio of internal contacts to the number of external contacts. The
protein is divided up and a split value is calculated from the number of contacts,
where the value is high when split regions are structurally distinct.
A series of methods have used solvent accessibility to calculate compactness
(Rashin, 1985; Zehfus and Rose, 1986; Islam et al., 1995). Wodak and Janin (1981)
repeatedly cleaved proteins at varying residue positions and calculated interface areas
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by comparing the surface area of the cleaved protein to that of its native structure.
Calculations identified potential domain boundaries as sites where the interface area
was at a minimum.
The search for domain boundaries by identifying a solution from a large
number of possibilities can be computationally expensive (Wemisch et al., 1999).
Holm and Sander (1994) attempted to bypass this by developing a method based on
inter-domain dynamics that uses principal component analysis to partition
structurally rigid regions with a low number of contacts between them. Compactness
criteria were used to recursively divide a protein into a series of successively smaller
and smaller substructures. Recurrence criteria were then used to select an optimal
size level of these substructures.
Swindells (1995) devised a method for the identification of domains based on
the idea that domains have a hydrophobic interior. The method tended to fail for
domains that did not have well defined hydrophobic cores.
Taylor (1999) developed a domain identification method based only on Calpha coordinates, where each residue in the protein was given a numeric identifier.
If a residue is surrounded by neighbours with on average a higher label, then its label
is increased, otherwise it is decreased. This process is repeated for each residue
resulting in compact regions evolving towards the same number.

1.3.2

Structural databases
Once domains have been identified, they can be classified into domain

structural databases. Such databases exist to order the large volume of information in
the PDB. The development of the automated domain identification methods in the
early 1990s was accompanied by the development of a series of these classification
systems (Table 1.1). Some of the most widely used and comprehensive databases are
SCOP (Murzin et al., 1995), GATH (Orengo et al., 1997) and FSSP (Holm and
Sander, 1997), each of which represents different methods of classifying protein
structure. Hadley and Jones (1999) found that despite the fact that these three
databases base their systems on different rules of protein structure and taxonomy,
they often agree on assignments. Most disagreements were in instances where
domain assignment or structural similarity was ambiguous. SCOP is almost
completely manually derived, CATH employs an intermediate process, using

28

URL

Reference

SCOP

http://scop.mrc-lmb.cam.ac.uk/scop

(Murzin et al, 1995)

CATH

http://www.biochem.ucl.ac.uk/bsm/cath_new

(Orengo et al, 1997)

FSSP/Dali

http ://www. ebi. ac. uk/dali

(Holm and Sander, 1997)

BLOCKS

http ://bl ocks.fhcrc.org

(Henikoff et al, 2000)

COGS

http://wwwncbi.nlm.nih.gov/COG

(Tatusov et al, 2001)

DOMO

http://wwwinfobiogen.fr/services/domo

(Gracy and Argos, 1998)

InterPro

http://www.ebi.ac.uk/interpro

(Apweiler et al, 2000)

Pfam

http://www.sanger.ac.uk/Pfam

(Bateman et al, 2000)

PRINTS

http://www.bioinf.man.ac.uk/dbrowser/PRINTS

(Attwood et al, 2002)

ProDom

http://www.toulouse.inra.fr/prodom.html

(Corpet et al, 1998)

PROSITE

http://WWW.expasy.ch/prosite

(Sigrist et al, 2002)

SBASE

http://www3.icgeb. trieste. it/~sbaserv

(Murvai et al, 2001)

SMART

http://SMART.embl-heidelberg.de

(Schultz et al, 2000)

Database
Structure

Sequence

Table 1.1

Domain structure and sequence databases
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automated procedures along with manual inspection and FSSP is a purely automated
process. Each is described below in more detail.
1.3.2.1 SCOP (Structural Classification of Proteins)
SCOP (Murzin et ah, 1995) organises proteins in a hierachy from class to fold,
superfamily and family. The main classes include all-alpha, all-beta, alpha/beta and
alpha + beta. The classification of proteins into SCOP is essentially a manual
process, using visual and structure comparison. Although most of the classification is
based on visual inspection and structural comparison, some degree of automation is
involved in the clustering protein chains based on sequence comparison. Most
proteins are separated into domains prior to classification, though not all. Domain
assignment in SCOP is based on the recurrence of domains as this is a strong
indicator that the structure may have existed as an independent unit. Domains sharing
common structural and functional features are grouped into superfamilies, where
they are thought to share a common evolutionary origin. Proteins with significant
sequence similarity or similar enough structure/function characteristics to imply an
evolutionary link are grouped into families. SCOP therefore describes near and far
evolutionary relationships as family and superfamily.

1.3.2.2 CATH (Class, Architecture, Topology, Homology)

CATH (Orengo et al., 1997) is also a hierarchical system that differs from SCOP in
that it incorporates a larger degree of automation in its classification of protein
structures. Structures are first taken from the PDB and are divided into domains
using a consensus approach that incorporates a number of domain-assignment
techniques. Domains are assigned to one of four classes (C-level; mainly alpha,
mainly beta, alpha and beta, and few secondary structures) on the basis of
composition, secondary-structure contacts and proportion of parallel and anti-parallel
sheets. Structure comparisons are made to produce fold groups (T-level) and
homologous superfamilies (H level). Superfamiles are further divided on the basis of
sequence similarities to produce sequence families (S-level). The final stage involves
the assignment of architecture (A-level) unique to CATH. This attempts to
summarise shape revealed by the orientation of secondary structure.
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1.3.2.3 FSSP

FSSP (Holm and Sander, 1997) is based on the structure-structure comparison of
proteins. This forms the basis of the Dali Domain Dictionary (Dietmann et a l, 2001)
which is a numerical taxonomy of structures in the PDB. The database is split into
four levels corresponding to super-secondary motifs, the topology of domains,
remote homologues and sequence families. The top of the hierarchy assigns domains
in five classes; all-alpha, all-beta, alpha/beta, alpha-beta meander and beta-barrels. If
a domain cannot be assigned to one of these classes it is described as mixed class.
The Dali Domain Dictionary offers a useful adjunct to SCOP and CATH in that it is
wholly automated classification, and does not place protein structures into classes,
fold families or superfamilies.

1.4

Domains as units of evolution
Although a huge variety of different domains with different folds have

evolved, it is unclear as to what the precursors to these structural units might have
been. Lupas et al., (2001) suggested that domains may be descended from the
conglomerates of short peptide segments that are seen today as internal repeats and
structure-integrated motifs, such as the beta-trefoil fold. The domains we see today
are those combinations that were capable of folding and provided a beneficial
function. Some domains are widely spread between the three kingdoms of life,
archaea, bacteria and eukarya, suggesting they have a common ancestor (Gerstein,
1997). The fact that they have persisted through evolution suggests they are either
highly adaptable or they have an essential role in cellular processes. Such domains
are often called modules and appear to be highly independent folding units, a
characteristic that is important for survival if transferred to a new position in its
original genome or to an entirely new genome. Protein modules are continuous
regions of sequence, unlike domains which may not be. Mosaic proteins, often
associated with multicellularity, are made up from one or a few different modules
repeated many times. Examples include constituents of the extracellular matrix,
growth factor receptors, cell-cell communication, and clotting mechanisms
(Campbell and Baron, 1991; Campbell and Downing, 1994). Extracellular proteins in
particular are notable for containing combinations of multicopy tandem arrays of
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different modules. These extracellular modules have acquired diverse functions in
different proteins, for example some EGF modules bind specific receptors, whilst
others mediate interactions through calcium binding (Bork et ah, 1991). The
immunoglobulin (Ig) module is abundant in proteins. In the case of the muscle
protein titin, one of the largest polypeptides known, a total of 244 copies of Ig and
fibronectin type III domains account for most of the 30,000 residue muscle protein
(Labeit and Kolmerer, 1995). Modules can frequently display different connectivity
relationships, for example the motor domain in kinesin can be found at either end of
the polypeptide chain (Moore and Endow, 1996). ABC transporters consist of four
domains, made up of two unrelated modules, ATP binding cassettes and integral
membrane modules that can display different connectivities (Dean and Allikmets,
1995).
Multi-domain proteins are likely to have arisen by a process of domain
accretion, where over time an ancestral gene acquires DNA encoding new domains,
and so the protein product becomes more complex with only part of the gene being
related to the original. In this way domains can be seen as genetic building blocks,
that can be combined to create new combinations with new functions. Various
mechanisms are thought to be responsible for the movement of domains within and
between different organisms. Such processes include recombination events,
including exon shuffling, insertions by transposable elements and domain deletions.
Domain fusion or separation events can also occur by the alteration of start and stop
codons within nucleotide sequences and changes in gene splicing can resulting in the
dispersion of domains. It is apparent that some modules are more prolific than others.
The ABC transporters are one of the most common module families, appearing to be
present in all organisms and occurring at a high frequency in many of them. Other
modules may be as widely spread, but show a much lower proliferation within
organisms including metabolic enzymes and components of the translational
apparatus.
Domain duplication can result in the simplest multi-domain proteins, though
such repeated structures may have diverged to the extent where sequence similarity
no longer exists between them (Heringa and Taylor, 1997). Domain duplication does
not always result in domain insertion at the beginning or end of genes, sometimes the
insertions can take place within a domain. In this case, the polypeptide backbone of
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the original domain is interrupted by an excursion from an external loop to the
inserted domain before returning to complete the parent domain fold (Russell, 1994).
An insight into the evolution of multi-domain proteins can be gained from the
observation that many eukaryotic multi-domain proteins exist as independent units in
prokaryotes (Davidson et al., 1993). For example, the purine metabolism domains,
GAR synthetase, AIR synthetase and GAR transformase, are found in a single
polypeptide chain in vertebrates (GARS-AIRS-GART). In insects however, the
polypeptide appears as GARS-(AIRS)2-GART, whilst in yeast, GARS-AIRS is
encoded separately from GART. In bacteria, each domain is found separately
(Henikoff et al., 1997).
Domains exist that are frequently found in eukaryotes but rarely in
prokaryotes suggesting that they have an ancient origin, but have been lost in other
lineages over time. Conversely, domains that are found in prokaryotes but seldom in
eukaryotes may have been passed on by horizontal gene transfer (the transfer of
genes between organisms), and may therefore be recent arrivals in multicellular
organisms. Much evidence has been amassed that among bacteria in particular,
modules have passed horizontally between genomes (Gerstein, 1997). It is possible
that some modules have swapped between species by a process of horizontal transfer.
In cases where no domain homologues can be detected in prokaryotes, it is possible
that they are eukaryotic inventions (Ponting and Russell, 2002).

1.4.1

Domain sequence databases
As an ever increasing number of genome sequences are being published it is

of great importance to accurately annotate each gene in order to understand the
structure, functional diversity, interactions and evolution of proteins within and
between different organisms. The vast amount of sequence data produced by genome
sequencing initiatives means that automated annotation methods are required to keep
up. As many proteins contain more than one domain, and therefore may have more
than one function, sequence characterisation is based at the domain level. A variety
of domain, repeat and motif sequence databases are available and have been
developed for this purpose, a number of which are described below.
Sequence cluster databases (see Table 1.1) are derived automatically from
sequence databases using different clustering algorithms. ProDom (Corpet et al..
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1998) is a database of domain families generated from the clustered alignments of
sequences in the SWISS-PROT and TrEMBL databases (Bairoch and Apweiler,
2000) using recursive PSI-BLAST (Altschul et a l, 1997). ProDom-CG (complete
genome) holds data relating only to completed genome sequencing projects. DOMO
(Gracy and Argos, 1998) contains multiple alignments of domains generated from
the SWISS-PROT and PIR (Wu et a l, 2002) sequence databases. The relative N- or
C-termini positions of homologous segment pairs within or between proteins are
used for domain delineation. SBASE domains (Murvai et a l, 2001) are regions of
sequence with known structure and/or function. Domain boundaries are taken from
the literature or determined by homology to domains with known boundaries within
databases including Pfam (Bateman et a l, 2000).
PRINTS (Attwood et a l, 2002), PROSITE (Sigrist et a l, 2002), BLOCKS
(Henikoff et a l, 2000), Pfam (Bateman et a l, 2000) and SMART (Schultz et a l,
2000) all store sequence motifs that are based on searches of SWISS-PROT and
TrEMBL. PRINTS is a database of protein fingerprints that aims to characterise a
protein family by searching for a set of conserved motifs. PROSITE offers a high
quality source of domain family annotation, where each family is represented by a
pattern or profile. Each profile provides a means by which the sensitive detection of
common protein domains in new protein sequences can be accomplished. BLOCKS
holds multiply aligned sequence segments that correspond to the most conserved
regions of proteins. These are generated by searching for highly conserved regions in
groups of proteins found in various domain databases. Pfam is a collection of domain
family alignments and hidden Markov models (HMMs). It is divided into two parts:
PfamA is a manually curated set of alignments and HMMs whilst PfamB families are
those sequences in ProDom that are not found in PfamA. SMART (a Simple
Modular Architecture Research Tool) also contains HMMs and alignments for each
domain family. The manually checked alignments are based on known tertiary
structure or homologues identified by PSI-BLAST sequence analysis (Altschul et a l,
1997). The alignments are annotated including tertiary structures, functional class
and functional residues. InterPro (Apweiler et a l, 2000) is a collaboration between
many of the curators of the domain databases aiming to reduce the amount of
duplication between them. Entries are aimed at the functional classification of new
sequences and comparative analysis of whole genomes (Rubin, 2000).
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1.5

Domains as units of protein folding
Structural domains can be defined as autonomous folding units. It is thought

that such units may be able to fold into a native structure if cleaved from the rest of
the protein. Anfinsen (1961) developed a ’thermodynamic hypothesis’ to explain the
native conformation that is adopted by protein structures based on the study of
ribonuclease. By denaturing this single-chain protein it was shown that spontaneous
refolding occurred when the protein was freed from the dénaturant. This refolding
requires that only one of an immense number of possible polypeptide conformations
is found within a finite time as described by Levinthal (1968) and now known as the
Levinthal paradox. This must mean that renaturation is not random and that structure
is determined by sequence. Anfinsen’s thermodynamic hypothesis stated that the
native state of a protein is that at which the free energy of the protein is at a global
minimum (Anfinsen, 1973). This lead to the suggestion that there must be specific
pathways for folding.
More recently a model of protein folding has been described which views
folding in terms of an energy landscape (Dill and Chan, 1997; Dobson and Hore,
1998). Such folding pathways can be viewed as a folding ’funnel’ in which the
unfolded polypeptide has a large number of available conformations, whilst the
folded state has much fewer. The funnel shape implies as the protein folds, the
landscape narrows, such that there is a decrease in energy as more native contacts are
made than non-native and a decrease in entropy with the increase in tertiary structure
formation. Finally, as the conformational options become fewer and fewer, the
protein achieves its native structure. A number of experimental studies of protein
folding have suggested that folding begins with the formation of secondary
structures, which then assemble into the tertiary structure, driven by hydrophobic
interactions (Dobson and Karplus, 1999).
The folding of multi-domain proteins in vitro has been observed to occur with
low efficiency, possibly due to unproductive interactions between domains during
the folding process. It is thought that the evolution of larger multi-domain proteins
must have been accompanied by the co-evolution of mechanisms that improve the
efficiency of folding of these chains (Ellis and Haiti, 1999). Work by Netzer and
Hartl (1997; 1998) suggested that such a mechanism may be the co-translational
folding of adjacent domains that are connected by a flexible linker, where one
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domain folds before the next domain is synthesised. After being exposed to
dénaturant it was found that a two-domain fusion protein made up from two single
domain proteins, H-Ras and dihydrofolate reductase, was unable to refold, unlike
both single domain proteins which folded efficiently. However, it was found that the
fusion protein did fold efficiently when synthesised in rabbit reticulocyte extract,
where it is thought the sequential folding of the domains avoided inter-domain
misfolding. Such co-translational folding may involve small chaperones such as
hsp70 and hsp40. Though this explains the folding of continuous domains, the
folding of discontinuous domains may involve a post-translational system, perhaps
requiring sequestering into chaperonin folding cages to allow efficient folding
(Netzer and Hartl, 1998).
Despite these possible difficulties for large proteins the evolution and
accretion of protein domains may represent an advantage for protein folding, where
several folding units may achieve the native state faster than a single larger folding
unit. The slowest step in the folding of a multi-domain protein is the pairing of
adjacent domains. This may be a result of incorrectly folded domains, or that the
small adjustments that are required to attain the optimal interaction between the
domains are energetically unfavourable (Creighton, 1992; Frydmann et al., 1999).
Whilst there is little doubt that most biologically functional proteins fold
spontaneously into stable structures, there is growing evidence that this is not the
case for all proteins. It is now recognised that many protein domains are intrinsically
unstructured and non-globular (Wright and Dyson, 1999). For example many
transcriptional activators have been found to only fold when binding to their protein
targets (Donaldson and Capone, 1992; OHare and Williams, 1992). Such
observations pose challenges for genome annotation as it is generally assumed that a
protein’s function is closely linked to its structure.
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1.6

The importance of domain prediction

1.6.1

Genomic sequence analysis

Today, the technology of sequencing has developed to the point where the
sequencing of an entire genome is not only a practical proposition but is almost
routine in its application. The amount of sequence data produced by these projects is
huge, and many of the predicted gene products lack any experimentally determined
biological function. The challenge of the ’post genomic’ era is the high-throughput
examination of the genes and gene products of an organism, with the aim of
assigning their functions. In turn, the genome-wide comparison of proteins will be an
important tool in identifying the functional linkages between proteins and
reconstructing their evolution.
A huge number of functions within the cell are controlled by coordinated
interaction networks between proteins (Marcotte et al., 1999). However, only a
fraction of these networks has been deduced through biochemical, genetic or
structural experimentation. Comparison of sequences between genomes can reveal
orthologous (closely related gene sequences between species) and paralogous
(closely related gene sequences within species) relationships between proteins of
known function. The availability of fully sequenced genomes has enabled the
development of computer methods to construct protein interaction networks.
Phylogenetic profiling aims to describe the pattern of presence or absence of proteins
across a set of genomes, where proteins with the same profile are likely to act in the
same cellular process (Eisenberg et a l, 2000). The Rosetta Stone method (Marcotte
et al., 1999) determines functional linkages between proteins by analysing the fusion
pattern of protein domains. Single domain proteins that are found in isolation in one
organism may be present in a multi-domain protein in another. The linkage between
these domains may demonstrate a linkage in function.
The detection of sequence similarity can be of great use for the
characterisation of new proteins. The concept of protein domains is critical to the
analyses of sequences (Russell and Ponting, 1998). Because domains often have
individual functions, it is important to consider genomic sequence data at this level
as this will allow maximum information to be extracted. Assignment of function to
predicted proteins by sequence similarity searching using protein family based
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resources is gaining more and more importance (Kriventseva et ah, 2001) The
organisation of sequences into families can provide evolutionary, functional and
structural data to organise the huge volumes of information into more structured
hierarchies. Difficulties in sequence alignment can occur in cases where proteins
consist of multiple domains. For example, similarity searching may assign a single
function to a multi-functional, multi-domain protein, resulting in annotation errors
that may be passed on to other sequences. Another source of error can occur when
using clustering algorithms that are designed to assign large collections of sequences
into families. Difficulties can arise where multi-domain sequences contain domains
that are related to different families. For example. Figure 1.3 shows three multi
domain proteins, a, b and c, that could be incorrectly assigned to the same family.
Protein a contains an src homology 2 (SH2) domain and an src homology 3 (SH3)
domain, whilst protein b contains an SH3 domain followed by a phosphotyrosinebinding domain (PTB). Comparison of these proteins would show significant
homology between them due to the shared SH3 domain, and as such will be clustered
into a single family. Protein c contains a PTB domain followed by a fibronectin type
III (FN3) domain. All three proteins may be clustered into the same family, though
proteins a and c are not related, and have been incorrectly associated through
association with protein b. The identification of individual domains would help avoid
these potential errors.
Today there are many ways to detect an evolutionary relationship between
two proteins. Pairwise sequence comparison methods such as BLAST (Altschul et
ah, 1990) and FASTA (Pearson and Lipman, 1988) measure similarities using
mutation data matrices such as the BLOSUM or Dayhoff matrices (Henikoff and
Henikoff, 1992; Dayhoff et ah, 1978). These matrices give the likely variation
between homologues and with this information, the extent of similarity between two
protein sequences can be measured. The similarity score between the target and
template sequences is then used to determine the likelihood of the two proteins
having that similarity by chance. A low probability of a chance relationship suggests
that the two sequences are related by a common ancestor.
Simpler pairwise alignment methods can also be used to compare two protein
sequences. It is generally believed that above a sequence identity of 25-30% (over
approximately 100 or more residues) two protein sequences will share a common
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Figure 1.3 Errors in sequence comparison
The three proteins a, b, and c may all be clustered into the same family, though
proteins a and c are not related, and have been incorrectly associated since they both,
independently, share a domain with protein b.
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ancestor. However, below this threshold (the twilight zone), homology can be more
difficult to detect (Rost, 1999).
Improvements in database search methods have come from the use of
multiple sequence alignments. Park et al., (1998) demonstrated that the detection of
remote homology could be extended if intermediate sequences were used. If the
relationship between two sequences cannot be detected by sequence-based methods,
their relationship may be detected by a third sequence that is intermediate to them
both. This method increases the ability to detect remote homology amongst proteins
with low sequence identity. Park et al., (1998) noted the importance of using multiple
sequences in detecting remote homologues. Sequence profile methods reflect the
conservation of amino acids in groups of homologous sequences. It can be extremely
difficult to define homology beyond the twilight zone with any certainty. Profiles
incorporate more information about a protein sequence, extending the limits of
sequence based techniques. The creation of profile based search methods such as
PSI-BLAST was a major step in the progression of search algorithms. PSI-BLAST
searches a sequence database, like its predecessor BLAST, but with each pass it
combines the homologous sequences it detects above a pre-defined threshold to form
a sequence profile. This profile is then used to search the database again, and this
process is repeated until no new sequences above this threshold are detected, or until
it has reached a pre-defined number of iterations. By incorporating information from
multiple sequences, the method is more sensitive to variations between related
proteins and can therefore detect remote homologues more easily. PSI-BLAST has
been used as an important tool in genome annotation (Huynen et a l, 1998;
Teichmann et a l, 1998; Muller et al., 1999; Salamov et al., 1999).
Multi-domain proteins can be a problem when using iterative search
algorithms, where common domains may mask weak but significant matches to other
domains, or the search profile only allows matches to proteins with a similar domain
organisation. Multiple sequence alignment can also be hindered by the presence of
proteins containing similar domains, but in different orders. For example, when
trying to align a two-domain protein with domain a followed by b, to a protein with
the same domains, but b followed by a.
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1.6.2

Structural genomics

The growth in sequence data has been phenomenal, especially with the
completion of genome sequencing projects. Whilst the rate of protein structure
determination is also increasing, the gulf between the number of sequences and
structures is vast. However knowing the 3D structures of proteins is of huge
importance in understanding function, evolution and enabling drug design. The
logical step after sequencing a genome is to identify the structure and function of the
gene products. Such annotation can be achieved in part by the detection of significant
sequence similarity between a novel sequence and a protein of known structure. If
such a match is found, a 3D model of the novel protein may be constructed by
comparative, or homology modelling. Comparative modelling creates a model of the
protein of unknown structure using the backbone conformation of the known
structure. Knowledge of the structure of a protein can be used to infer function since
function is related to structure. This has given rise to structural genomics which aims
to experimentally determine the structures of most, if not all the protein families
(Blundell and Mizuguchi, 2000). A wide ranging set of representative structures
could then enable comparative modelling to assign structures to a huge number of
sequences. Estimates of the number of folds that need to be determined range from
10,000 to 100,000 (Skolnick et al., 2000), and is dependent on whether protein
structure space is discrete, with a finite number of folds, or continuous, where
structures can morph into each other.
Amongst the major challenges in such initiatives is the high throughput
expression, purification and structure determination of target sequences. X-ray
crystallography can be used to solve those structures that crystallise and defract well,
whilst NMR can be used to determine structures of those protein that express well,
but do not crystallise (Montelione and Anderson, 1999). Structure elucidation by
both of these methods is often bound by size constraints, especially in the case of
NMR which has an upper limit of -30 kDa. The structural determination of larger
proteins is often best achieved by a ‘divide and conquer’ approach (Campbell and
Downing, 1994), where the protein is divided up into its individual folding units. The
delineation of proteins into their individual domains will be an important stage in
these projects, especially as the easier targets are solved.
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Comparative modelling approaches are unsuitable in cases where sequence
similarity cannot confidently locate a protein of known structure, for example when
sequence identity drops down into the twilight zone between 25-30% (Rost, 1999).
Threading methods (Jones et a l, 1992; Bryant and Lawrence, 1993) aim to predict
the structure based on the observation that apparently unrelated proteins may adopt
the same tertiary structure. The sequence is optimally aligned to each structure in a
library of folds, and the compatibility of each pair is evaluated using a scoring
scheme. The most probable fold is then identified as the template with the lowest
energy. The prediction of protein structure by threading techniques is best
approached at the domain level since fold libraries are usually made up of domains
and computational expense can be minimised (Siddiqui and Barton, 1995).

1.7

Methods for domain prediction

1.7.1

Limited proteolysis
Limited proteolysis is the specific fission of only one or a few peptide bonds

in a folded protein chain. Because domains are generally compact and stable, they
are more resistant to proteolytic cleavage than other less-structured regions
(Hubbard, 1998). Domains can therefore be detected by subjecting natively folded
protein to a series of digests, that can be monitored by methods such as high
performance liquid chromatography or gel electrophoresis. Mass spectrometry or
circular dichroism can then be used to analyse the sequence fragments. The method
can fail when the reaction conditions do not ensure a native structure is present,
which can result in proteolytic cleavage at sites that would normally be protected by
tertiary structure (Hubbard, 1998).

1.7.2

Prediction of domains from RNA
The identification of exons lead to the theory that these DNA regions

corresponded to units of protein structure including domains (Blake, 1978; Doolittle,
1978). Such a belief was perpetuated by observations that intron positions may be
linked to tertiary structure and function (Traut, 1988; de Souza et aL, 1998). There
are two main theories to explain the role of introns in evolution. The introns-early
theory argues that introns are the relics of the ancestral form of all living organisms.
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According to this view, whilst eukaryotes retained introns, prokaryotes lost all
introns over the course of time gaining increased efficiency thereby speeding up
replication times (Gilbert and Glynias, 1993). The introns-late theory argues that
introns are a eukaryotic invention, and that introns are continually inserted, as well as
removed from their genes (Patthy, 1999). However a study by de Souza et aL, (1998)
showed that though many introns appear to have been added to pre-existing genes,
some appear to be ancient and related to the boundaries of modular protein
structures. Ancient introns were found in phase with codons, whereas new introns are
out of phase, appearing to be randomly inserted. Recently Pathy (1999) has argued
that exon-shuffling has had a key role in the evolution of extracellular proteins, and
correspondingly the evolution of multicellular organisms. Many of these proteins
show correlation between domain boundaries and the location of introns, especially
those in phase with codons. Introns enable a large variety of proteins to be produced
from a single gene by alternative splicing which may explain their prevalence in
eukaryotes. It is possible that they have had a similar important role in allowing
significant exon shuffling (Pathy, 1999). There is clearly much debate as to the exact
stage introns appeared, or alternatively disappeared in evolution. Accordingly, the
reliable prediction of domains from pre-mRNA from the analysis of intron location
does not at present appear to be possible.
Pausing during mRNA translation plays some role in ensuring proper folding
of newly synthesised sequences. Such pausing occurs when rare triplets are
encountered in the mRNA because it takes additional time for the corresponding rare
species of tRNA to be delivered to the ribosome (Varenne et ah, 1984). It has been
suggested that the positions of these pause regions may correspond to domain
boundaries, facilitating co-translational folding of multi-domain proteins by slowing
the rate of polypeptide synthesis at domain boundaries (Thanaraj and Argos, 1996).
The profiles of these rare codons may be of use in the prediction of domain
boundaries within mRNA.
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1.7.3

Domain identification from sequence analysis

Many methods that predict domains use alignment information where a query
sequence is searched against a domain database. Such search methods are reliant
upon a number of issues. The sequence must have a match within the chosen
database. Domain boundaries can only be assigned if domain reordering has occurred
at some point in evolution, where similar domains are found in related proteins but in
a different context. If domains are located in the same order within their sequences
there are no positional constraints with which to identify them. This can lead to false
identification of domains, a situation that can also occur due to incorrect domain
annotation within domain databases. A variety of methods have been designed to
automatically assign domain sequences based on comparative sequence analysis.
ProDom uses MKDOM version 2 (Servant et aL, 2002) which attempts to
stack all the sequences in SWISS-PROT and TrEMBL. An iterative approach is then
taken to identify the shortest sequence in the stack, using PSI-BLAST to find related
sequences, generating a domain family and finally to remove all the clustered
sequences from the stack. This process is repeated until no sequences are left in the
database.
DOMO (Gracy and Argos, 1998) is constructed from an all-against-all
comparison of sequences in SWISS-PROT (Bairoch and Apweiler, 2000) based on
amino acid and dipeptide composition. Local and multiple alignment similarities are
used to cluster the domains. Clustering is based on anchors defined by sets of
sequence similar proteins that are then used to identify domain boundaries.
The PASS (prediction of autonomous folding units based on sequence
similarities; Kuroda et aL, 2000) method bases its domain identification on the
stacking of sequences located in a BLAST search of the query sequence. The regions
along the query sequence can have varying numbers of matches leading to abrupt
increases or decreases in sequence numbers. Regions with greater than 20% increase
in the number of BLAST hits, followed by a slope following a change of less than
10% over 30 residues are used to infer domain boundaries.
GEANFAMMER (Park and Teichmann, 1998) is a suite of programs that
divide a set of protein sequences into families. There are three main parts: A
comparison method that uses an implementation of the Smith-Waterman algorithm
(Smith and Waterman, 1981). A clustering algorithm is then used to connect
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sequences based on the sequence comparisons. Each cluster is then inspected by a
domain cutting algorithm DIVCLUS (Park and Teichmann, 1998) which tests
sequence pairs for significance and the extent of alignment between them. This stage
is iterative; initially three sequences are accepted as belonging to a domain family if
the shorter pair overlap by 70% and all three overlap by 30 residues. The common
overlap segment is then used to test successive sequence pairs, where accepted
sequences are merged. Non-matching segments are removed from the clusters.
GeneRAGE (Enright and Ouzounis, 2000) is aimed at clustering sequences
within and between genomes. BLAST is used in an all-against-all comparison of
sequences, that are deemed as similar or dissimilar. In cases of opposing results such
as protein a matches protein b but the reverse is not true, the Smith-Waterman
algorithm is used. Multi-domain proteins are detected in cases where protein b
matches proteins a and c, but a and c do not match. Similarity between a and c is
checked by a Smith-Waterman alignment. This process is used to cluster sequences,
allowing multi-domain sequences to be shared between clusters without linking
them.

1.7.4

Statistical measures to predict domains

Wheel an et aL, (2000) described a method to predict domain boundaries
based on the observation that domains appear to have limits on their sequence length.
Their method. Domain Guess by Size calculated the likelihood of a given chain
length having one or more domains and the position the domain boundaries.
Probability values are calculated from the distribution of chain and domain lengths
for a representative set of proteins with known structure. A ranked list of predictions
is provided for each target protein. The method has shortcomings as its first
prediction is usually single domain. This is described in more detail in Chapter 4 of
this thesis.
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1.7.5

Domain prediction based on physical principals

Though many algorithms have been designed to assign domains from
coordinate data or by sequence comparison, only a few methods have been published
that aim to assign domains from physical principles alone. The lack of a
comprehensive theory of protein structure based on physical and chemical principles
has limited such attempts, and none has yet appeared to be accurate in their domain
assignments.
Busetta and Barrans (1984) aimed to predict domain class and boundaries by
simulating the folding of the polypeptide chain. The method first attempts to predict
secondary structure using energies derived from a data set of 52 proteins of known
structure. Each of the 20 amino acids is assigned a structural character, including
conformation, specific contacts, strand direction, and estimated association energies
between residues in different strands. These propensities are used to predict
secondary structure. Each predicted secondary structure, considered as a nucléation
point, is then assigned a ‘formation energy’ that is calculated for each pentapeptide
within the secondary structure. The nuclei with the highest formation energy is then
used as the starting point for folding, whilst the remainder are successively
considered. The preferred positions of the secondary structures and strength of
interaction is calculated according to their separation in sequence, accessibility, and
‘decision constraints’ for each residue. Interacting nuclei form larger nuclei with
greater formation energy. When all the secondary structures are assigned to a
domain, the domain boundaries are assigned to positions where the interaction
energy between secondary structures is lowest. The multi-domain test set consisted
of two-domain chains each with a single domain boundary, as assigned by Wodak
and Janin (1981). The method was able to predict 5 out of 11 boundaries within 10
residues. In this method the prediction of secondary structure was based only on a
single sequence. Recent developments in secondary structure prediction have used
sequence profile based methods which has considerably improved prediction
accuracy (Rost and Sander, 1993; Jones, 1999).
The method of domain assignment by Vonderviszt and Simon (1986) is based
on finding low strength, short range interactions in plots of statistically determined
short range preferences between amino acids along the polypeptide chain. This is
based upon previous observations that short-range regularities exist in primary
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sequence between pairs of nearest and next nearest amino acids. They concluded that
every amino acid has a characteristic sequence environment defined by short-range
interactions that play a dominant role in the stabilisation of protein structure. The
interactions between consecutive amino acids at domain boundaries would be weak
in comparison to short-range interactions within domains. For a given protein,
propensities are assigned to each amino acid and then smoothed using a moving
window along the chain. Predictions were made for 4 multi-domain proteins, where
boundaries were predicted from local minima in the scans. However, other
significant minima also appeared, often corresponding to alpha-helices and betasheets.
Kikuchi et aL, (1988) have described a method to assign domains both in
proteins of known structure and those of unknown structure. In each case predictions
are made by analysing the density of occurrence of contacts in various regions of a
contact map. This contact map is constructed from a real distance map for 3D
structures or an average contact map for amino acid sequences which is generated
from statistical data. Interactions between residues within a protein are subdivided
into a series of ranges according to their separation in amino acid sequence; short,
medium and long. The long range interactions are further divided into a number of
groups. Within each range (except the short-range) the average spatial distances
between every pair of amino acids is calculated from a set of 42 proteins of known
structure. If the average distance for a given pair of residues is less than a cut-off
distance then this pair is predicted to form a contact. An average distance map is then
constructed by plotting all pairs in contact. Determination of domain boundaries of
compact regions are based on changes of density that occur when the contact map is
scanned horizontally, in other words domain boundaries are based on changes in
density. The length of the sequence assigned to a domain by this method was
generally shorter than other methods as it was more tuned to identifying the compact
core of a domain.
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1.8

Aims
Domains are an important aspect of molecular biology as they can be used to

describe structural, functional and evolutionary relationships between proteins. The
identification of domain boundaries within a protein sequence is an important initial
step in the preparation of proteins for structure determination, protein engineering
and the efficient use of structure prediction methods. In addition to this, comparative
sequence analysis is more successful when using an individual domain, rather than a
whole sequence. Domain boundaries can be assigned if a given protein has a known
tertiary structure, either by visual inspection or by automated assignment from the
co-ordinate data. Alternatively, domain boundaries may be assigned if a given
sequence has homology to a known domain sequence. In the absence of either a
known structure, or sequence homology, a method to delineate domain boundaries
from sequence alone is required.
The major aim of this study is to predict structural protein domains from
amino acid sequence using computational methods. Such domain boundary
assignment might be based upon a number of previous observations. For example,
domain linking peptides appear to have distinct characteristics. A statistical analysis
of 51 domain linking peptides by Argos (1990) found that the amino acids threonine,
serine, proline and aspartate were desirable linker constituents. Compact globular
structures in proteins have been shown to be determined by amino acid sequences of
high informational complexity (Wooton, 1994) whilst low complexity regions may
be found between domains (Gouzy et aL, 1999). The length of domains can vary,
although a large majority are less than 200 residues (Siddiqui and Barton, 1995) with
an average length of approximately 140 residues (Xu and Nussinov, 1997). Small
domains, below 40 residues are likely to be stabilised by disulphide bonds (Dill,
1985), whilst sequence lengths greater than 300 residues often consist of more than
one hydrophobic core (Garel, 1992). Finally, domains have been defined as
autonomous folding units (Welaufer, 1973). The underlying mechanism for the
formation of a single hydrophobic core by an individual domain, that is independent
of neighbouring domains might be identifiable from sequence. The packing together
of secondary structural elements results in the tertiary structure or fold of a protein
domain. Recent developments in secondary structure prediction (Jones, 1999) have
greatly improved prediction accuracy thereby increasing the usefulness of predicted
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secondary structure including the recognition of protein folds (McGuffin et aL,
2001). The analysis of patterns of predicted secondary structure elements within a
multi-domain sequence may enable the assignment of protein domains.
The work in this study aims to develop computational methods for domain
assignment. A number of domain properties are considered to address the possibility
of domain prediction from sequence. These include analyses of domain linking
peptides, investigation of the surface area and the average hydrophobicity of protein
domains, and the use of secondary structure content of domains for prediction. Two
domain prediction methods are developed and tested on proteins of known structure.
An analysis of protein domain-swapping is also made, where a simple method is
developed to identify putative domain swapped structures in protein tertiary
structure. An investigation into the properties of swapped-domain linkers is also
made.
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Chapter 2

A survey of domain linking peptides
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2.1

Introduction

Many large proteins contain two or more domains and appear to have been
created as a result of the combination of single domain proteins (Apic et al, 2001).
These variable multi-domain architectures are thought to have evolved from gene
fusion and recombination events within the genome (Ponting and Russell, 2002). The
combination of domains within a single structure may have conferred a number of
selective advantages to the cell, for example, multi-functional proteins with a fixed
concentration of active sites able to efficiently catalyse a series of pathway steps.
Substrate binding or catalytic sites of multi-domain proteins are often situated in a
cleft between domains where movements between them allows the active site to
close and protect the substrate from solvent via a mechanism of induced fit (Gerstein
and Krebs, 1998).
The region of polypeptide chain that connects neighbouring domains is often
termed the domain linker. These inter-domain regions of polypeptide are thought to
play a vital role in the evolution of multi-domain systems, where their connectivity
has enabled the assembly of domain ‘building blocks’ into multi-functional proteins
(Gokhale and Khosla, 2000). A number of studies have shown the importance of the
domain linker in the activity of multi-domain proteins by alterations in amino acid
composition or length of the linker peptide.
Mattison et al., (2002) demonstrated the importance of the domain linker in
response regulator protein OmpR where it was found to play a key role in
communication between the N- and C-terminal domains. Phosphorylation of the Nterminal domain enhances DNA binding affinity of the C-terminal domain, and
conversely, DNA binding by the C-terminal domain increases the phosphorylation of
the N-terminal domain. The activity of OmpR was decreased on alteration of the
length or amino acid composition of the linker peptide.
Spitzfaden et al., (1997) investigated the interactions between the ninth and
tenth type 1111 modules of fibronectin and demonstrated that the activity of the
module pair could be altered by changing the length of the linker. Other studies have
similarly revealed the importance of domain linkers, each showing its role in
allowing the correct orientation and distance between domains to achieve a stable
structure, capable of wild-type levels of activity (Hegvold and Gabrielsen, 1996;
Sauer et al., 2001).
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The advent of gene-fusion techniques has enabled the construction of
chimeric proteins by combining domains from unrelated proteins. This has provided
a means to increase the expression of soluble proteins, facilitate protein purification,
and produce new protein domain and functional combinations (Arai et al., 2001),
The construction of fusion proteins involves linking protein domains by means of a
peptide linker, the correct selection of which can be crucial for the engineering of a
functional fusion protein (Sorensen et al., 2002). For example, work by Gokhale and
Khosla (2000) demonstrated the importance of inter-domain linkers in modular
polyketide synthases. These multi-enzyme proteins contain a series of domains
which form an assembly line for the biosynthesis polyketides. By engineering new
combinations of these domains, it was found that the transfer of polyketides between
fused domains was dependent on the use of a linker that could provide the correct
module connectivity, and as such play a crucial role in the catalysis of this protein.
A study of domain linker peptides was made by Argos (1990) on 32 multi
domain proteins, which contained a set of 51 linker peptides. Though this analysis
made use of as many protein structures as were available at the time, the last ten
years has seen a substantial increase in the number of solved protein structures
(almost a 30 fold increase in the number deposited). The work in this chapter aims to
update this analysis, by making use of an enlarged data set, and to see if the
conclusions made by Argos (1990) are still applicable to a larger set of domain
linking peptides.
The study by Argos (1990) observed that preferred linker amino acids tended
to be polar or hydrophilic, with large and bulky side-chains being avoided.
Threonine, serine, proline and aspartate were the most preferred amino acids with
linker peptides tending to be on average as flexible as other protein regions.
Here a number of domain linker characteristics are a surveyed, including their
structural

characteristics,

flexibility,

amino

acid

propensities

and

solvent

accessibility. These properties are considered in relation to the role domain linkers
have been shown to play within protein structure, and are also used to define a
number of linker-classes which may be of benefit for construction of gene fusion
chimeric proteins.
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2.2

Methods

2.2.1

Data set
The analysis of domain linkers was made on a representative set of multi

domain protein structures. Representatives in the non-redundant set were taken from
the CATH database version 1.7 (Orengo et al., 1997). The data set was constructed
to contain proteins with well determined structures, for this reason structures with
resolutions > 2.5 A and those solved by NMR were excluded. Also excluded were
domains formed by more than one chain. A pair-wise alignment of the CATH
sequences generated a non redundant set of 1177 chains, sharing a sequence identity
of no more than 30%. Sequence alignments were performed using CLUSTALW
(Thompson et al., 1994). Domain assignments for each chain were taken as those
given by CATH. The resulting set consisted of 1177 chains. Of these 786 were single
domain chains, which were used along with the remaining proteins to calculate
characteristics (such as amino acid propensities) found in all proteins. The set also
contained 391 multi-domain chains, 214 of which contained only continuous
domains, and 177 chains contained at least one discontinuous domain. This gave an
analysis data set of 747 domain linking peptides.
Secondary structure assignments for each chain were assigned by the
DSSP program (Kabsch and Sander, 1983). The eight secondary structure states
given by DSSP were converted to three secondary structure states (Rost and Sander,
1993). Residues assigned as H and G were taken to denote helical residues, E and B
to be strand residues, and the remainder were considered as coil. Furthermore, a
strand was defined as a consecutive run of three or more residues assigned as strand,
and a helix, five or more residues consecutively assigned as helix. This simpler
scheme was used to clarify secondary structure element assignments, and in turn,
allow more decisive delineation of the domain and linker regions.

2.2.2

Identification of domain linker sequences

Initial domain boundary definitions were taken from the CATH database
for consistency. Before a multiple domain protein structure can be classified in
CATH, it must be parsed into its separate domains. This process involves an
automated consensus method, together with manual intervention when agreement
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cannot be found (Jones et al., 1998). Once domains have been located, a cut-point is
recorded along the chain spanning between adjacent domains in sequence. However,
although this method does give the approximate location of a putative domain linker,
it does not delineate its boundaries within the sequence. Therefore domain linker
regions were identified by visual inspection, using the CATH domain boundary out
points as a starting point to their delineation. Protein structure co-ordinates taken
from the Protein Data Bank (PDB; Bernstein et ah, 1977) were viewed through the
Rasmol protein structure viewer (Sayle and Milner-White, 1995).
To maintain as consistent a linker assignment process as possible over the
representative set, an assignment protocol was built from initial observations of the
domain linking peptides. The linker peptide was defined as the region of chain
spanning between domains. First domains were outlined and helix, strand and coil
elements were partitioned to the appropriate globular domain unit assigned by
CATH. The linker sequence was then assigned as those residues found between the
last helix or strand belonging to the C-terminal linked domain and the first helix or
strand belonging to the N-terminal linked domain. In other words, the linker
boundaries were taken to be those residues adjacent to helices or strands belonging to
the linked domains. Any secondary structure elements that did not appear to belong
to either adjacent domain were assigned as all or part of the linker. Assignments of
domains containing few secondary structures involved a slightly different protocol.
As such domains rarely contained helices or sheets that bordered the linker peptide,
the linker terminus were taken as the residue found on the boundary of the outlined
domain. All other regions or residues in the protein not assigned as part of the
domain linker are referred to as ‘non-linker’ in this chapter.

2.2.3

Amino acid composition

Amino acid frequencies were calculated from the sequence records in the
corresponding PDB files for: linker peptides, non-linker coil regions and for all
residues in the representative set. From these frequencies linker amino acid
propensities could be calculated for residues in linker peptides and residues in non
linker coil. For example residue propensity values in the linker peptides, compared to
the protein as a whole were calculated as follows:
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where Punker is the propensity for residue i. Nr,,/ and Nr,,p are the number of amino
acid i in the domain linker set (/) and in all proteins (p) respectively. ^

Nr.j and

^ I Nr. p are the total number of amino acids in the domain linker set and in the full
protein set respectively.
Residue propensities give the relative importance of each amino acid. In
this example, values greater than one indicate a residue type is more favoured
compared to all non-linker protein regions.

2.2.4

Linker peptide flexibility

Residue flexibility was measured by crystallographic temperature factors
(B-values) taken from PDB files. The B-values or atomic displacement parameters
give a measurement of the flexibility of a given residue within the protein structure.
However, the average B-values observed in different protein structures can vary to a
large degree, complicating comparisons between different protein structures
(Parthasarathy and Murthy, 1997). This can be overcome by expressing values in
terms of standard deviation about the mean B-value of a given protein. For each
protein in the representative set the mean B-value and standard deviation over all Calpha positions were calculated. The B-values for C-alpha positions in a given
protein were then normalised as follows, where B is a given B-value, B is the mean
B-value and a (b) is the associated standard deviation.

Normalised B-value = {b - B )/a (b)

Frequency distributions for normalised B-values were calculated for linker, helix,
strand and non-linker coil residues. These were calculated in intervals (or bins) of
normalised B-values of size 0.5 over the data set.
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2.2.5

C-alpha extension

The C-alpha extension for each linker peptide was calculated by dividing
the distance (in Â) between the N-terminal and C-terminal C-alpha coordinates of the
linker peptide, by the length of the peptide minus one.
The C-alpha extent of non-linker helix, strand and coil elements was also
calculated for twenty randomly selected pentapeptides (corresponding to each
secondary structural state) as described in the study by Argos (1990). In this case the
mean C-alpha extensions for the pentapeptides were given by division of the distance
between the pentapeptide terminal C-alpha residues by 4 (i.e. length minus one).

2.2.6

Solvent accessibility

The degree of burial of a given residue was described by its solvent
accessibility within the protein structure as calculated by the program DSSP.
Percentage relative solvent accessibility (RSA) was calculated by normalising the
accessible surface area with the maximum values found in a GLY-x-GLY
conformation given by Rose et al., (1985). Thresholds were used to define different
states

of solvent accessibility including buried

(RSA<10%)

and exposed

(RSA>10%). The mean accessible surface area values were also calculated for
residues in linkers, non-linker coil and all non-linker positions.

2.2.7

Residue conservation

Each residue in the non-redundant set was assigned a score relating to its
conservation in evolution as given in the database of homology-derived secondary
structure of proteins (HSSP; Sander and Schneider, 1991). Sequence conservation,
described in HSSP as variation, for a given residue is derived from its position in a
multiple sequence alignment based on the Dayhoff exchange matrix. The variability
score ranges from a value of 0, extremely conserved, to 100, indicating no residue
conservation at this position. This measure is derived from a multiple sequence
alignment, where the values are scaled depending on how many sequences there are
in the alignment. It is possible that residues with low occupancy in the alignment, i.e.
few alignments span that position, may have unreliable variability scores. For this
56

reason, only amino acids in positions with an occupancy of greater than 5 residues
were taken into account (Sander and Schneider, 1991), To avoid any contribution
that solvent accessibility might have on the degree of residue conservation, each
residue in the protein was assigned to an interval or bin according to its relative
solvent accessibility. Mean variability scores were calculated over the non-linker
region of the protein for five bins of RSA; [0,5), [5,10), [10,15), [15,20), [20,100)
Â^. A linker residue was deemed to be significantly less variable if its score was
greater than 1 standard deviation below the corresponding non-linker mean for a
similar accessible surface area.

2.2.8

Hydrogen bonding

The HBPLUS algorithm (McDonald and Thornton, 1994) was used to define
hydrogen-bonds within the linker peptides. The average number of hydrogen-bonds
per linker residue was calculated.

2.3

Results

2.3.1

Secondary structure of domain linkers
The frequency of protein secondary structure assignments given for linker

residues is shown in Table 2.1. These frequencies are shown for the eight different
secondary structure states as assigned by DSSP and also for the frequencies of
helical, sheet and coil residues given by the simplified secondary structure
assignment scheme (section 2.2.1). It can be seen that the majority of linker residues
are found in a coil conformation. The DSSP eight state assignments show 85.5% of
linker residues to be in a coil, turn or bend region of structure. This bias towards an
unstructured coil conformation becomes more pronounced using the simplified
scheme with nearly 94% shown to be coil residues - in fact nearly 84% of the linkers
were assigned as all-coil regions of chain, whilst just over 9% were predominantly
coil regions, containing short helical or strand elements.
The nature of a discontinuous domain requires that two or more linkers are
needed to connect the discontinuous domain segments (which together form the
discontinuous domain region) to adjacent domains in the multi-domain protein. It
became apparent when visually delineating such linkers that many were closely
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Secondary structure
state (DSSP)
C
S
T
E
B
H
G
I

Table 2.1

Simplified
DSSP
assignment
scheme
Percentage of residues
52.10
93.90
16.80
0.00
16.60
0.00
3.90
2.30
3.30
0.00
3.80
3.60
4.70
0.00
0.00
0.00

Secondary structure assignments of linker residues

The eight secondary structure states assigned by the DSSP programme are defined
as; C, coil, S, bend, T, turn, E, beta-strand, B, isolated beta-bridge, H, alpha-helix, G,
3 10-helix, I, alpha-helix. The percentage of domain linker residues assigned to each
secondary structure state by DSSP is shown as well as these percentages using the
simplified secondary structure assignment scheme (section 2.2.1).
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associated in the structure, such that beta-sheet regions of structure could be formed.
These sheet regions were most often composed of two linkers. An example can be
seen in Figure 2.1, which shows the structure of thioredoxin reductase from E. coil
(Waksman et a l, 1994). This enzyme is made up of two domains - an FAD and
NADPH binding domain, which are connected by two linkers which form an anti
parallel beta-sheet between them. It is interesting to note that Waksman et a l, (1994)
propose that the orientation of the two domains can change by nearly 66° on
catalysis, which must either be permitted by the linker sheet or may result in the
dissociation of the beta-sheet.
A large proportion of linker residues assigned as beta-strand can be attributed
to beta-sheet formation between adjacent linkers associated with discontinuous
domains. In many cases, all residues of such linkers formed part of the beta-sheet,
and as such were considered as all-beta linkers. Nearly 80% of these all-beta linkers
appeared to be as a result of sheet formation with adjacent linkers, as described
above. Altogether 7% (52 linkers) of all the domain linkers identified were found to
be all-alpha or all-beta secondary structural linkers. In other words, the linker
sequence joining adjacent domains consisted solely of a continuous stretch of
residues forming a helix or strand. These linkers were considered separately from the
remaining linkers analysed in this study (section 2.3.7).

2.3.2

Length distribution of domain linkers

The length distribution of the domain linking peptides outlined in this study
(section 2.2.2) is shown in Figure 2.2. It can be seen that though the distribution of
lengths is large, between 2 to 33 residues, the majority of linkers were found at the
lower end of this range. The mode of the distribution is 8 residues, with the mean
calculated as 9.8 residues. Observations made of the linker structures and the
associated length distribution made it possible to class linker according to their
length. The ease of assignment of domain linkers ranged in difficulty, often
depending on the degree to which adjacent domains were associated, i.e. it was often
more difficult to definitively assign domain linkers to tightly associated domains.
These linkers were often short, between 2 to 4 residues, and are considered as a small
linker class, representing just over 17% of all linkers. Around 65% of the linkers
were of an intermediate length, between 5 and 12 residues, with the remaining longer
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Figure 2.1

Example of beta-sheet formation between domain-linkers

The structure shows the two-domain enzyme, thioredoxin reductase from E. coli,
with the discontinuous FAD domain coloured in yellow and the continuous
NADPH domain coloured in purple. Two linkers connect the domains and form
an anti-parallel sheet between them (coloured green).
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Figure 2.2

Length distribution of domain linking peptides.
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linkers being 13 or more residues in length. In general, the longer the linker, the less
frequently it occurs, although the linkers of length 18 and 21 residues seem to be
outliers in this distribution, being more frequent than might be expected. In general,
those linkers containing small regions of alpha or beta secondary structure tended to
be longer.

2.3.3

Linker amino acid propensities

The frequency of each amino acid found in the linker peptides and in all
proteins, together with the associated linker residue propensity values are shown in
Table 2.2 (section 2.2.3). Propensity values greater than one indicate a prevalence of
the corresponding amino acids in linker regions compared to those found in proteins
in general. Proline is clearly favoured, being nearly twice as prevalent in linkers as it
is in all protein regions (propensity of 1.94). This is followed by glycine (propensity
of 1.19), and then asparagine, threonine, aspartate and lysine, all having similar
propensity values (1.18 to 1.12). It can be seen that the majority of polar residues
have linker propensities greater or very close to one. There appears to be no overall
preference for charged residues, with a propensity value for all charged residues of
1.01. Hydrophobic and bulky residues including the aromatic polar residues tend to
be disfavoured. The overall propensity for hydrophobic residues is calculated as
0.95, however this includes proline, which is highly favoured (the overall
hydrophobic residue propensity is 0.8 excluding proline). It can be seen that
hydrophobic residues such as valine, isoleucine and methionine have low propensity
values. Tryptophan is easily the most disfavoured residue, occurring nearly half as
many times as it is in proteins generally. The high proline content contradicts this
rule although it is one of the smallest of the hydrophobic residues. The observation
that proline and glycine are both favoured is perhaps no surprise, as the combination
of these residues will enable sudden changes in direction of the linker, which may be
necessary to link adjacent domains. This is discussed to a greater extent in section
2.4.
When rank correlation (Spearman’s) is calculated between the propensities
obtained for the domain linkers in this study and those given in the study by Argos
(1990), a correlation r=0.74 is found, demonstrating fair agreement in rankings
between the two analyses. However, ranked correlation may overstate the
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Amino acid
PRO
GLY
ASN
THR
ASP
LYS
SER
HIS
GLN
PHE
ARG
TYR
GLU
LEU
ALA
CYS
VAL
ILE
MET
TRP
Polar
Charged
Hydrophobic*

Table 2.2

Percentage
In Linkers In all Proteins
5.04
9.79
9.17
7.68
5.42
4.58
6.64
5.74
6.80
5.90
5.64
6.32
6.06
6.48
2.44
2.39
3.53
3.73
4.10
3.70
4.40
4.86
3.22
3.71
5.44
6.35
7.11
8.36
6.75
8.00
1.23
1.53
5.16
6.95
4.05
5.62
2.10
1.49
0.91
1.59
48.78
22.96
28.26

Propensity
1.94
1.19
1.18
1.16
1.15
1.12
1.07
0.98
0.95
0.90
0.90
0.87
0.86
0.85
0.84
0.80
0.74
0.72
0.71
0.57

42.12
22.75
35.15

Amino acid propensities in domain linkers

* excluding proline (see section 2.4)
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1.16
1.01
0.80

relationship, and if one calculates the correlation between the actual values as shown
in Figure 2.3a, a lower correlation, r=0.64, is found. It can be seen from this figure
that several amino acids, (though ranked similarly) are found in different proportions
in each analysis, including proline, cysteine and tryptophan.
A comparison of the propensities obtained in this work to propensities found
for residues in all non-linker coil regions in the representative set used in this
analysis is shown in Figure 2.3b. In this case, a rank correlation of r=0.68 is
calculated, (r=0.78 using actual values). Figure 2.3b shows a reasonably tight
distribution between the residue propensities of domain linker and non-linker coil,
though proline is a clear outlier in the group, being much more highly favoured in
domain linkers.
Figure 2.4 shows the amino acid propensities calculated for residues in the
small, intermediate and large linker classes. The intermediate and large sized linkers
appear to have similar residue propensities to those calculated for the entire linker
data set. Small linker propensities however differ to a greater extent from those for
all linkers, most especially for cysteine and methionine which are more favoured and
aspartate which is less favoured. The largest differences are for glycine and
tryptophan. Small linkers have a much higher preference for glycine (propensity of
1.66) compared to all the linkers (propensity of 1.19), and a much lower preference
for tryptophan which has a propensity of 0.09 in small linkers compared to the
propensity of 0.57 for all linkers.

2.3.4

Flexibility of linker residues and C-alpha extension

Crystallographic temperature values (B-values) were taken from the PDB and
used as an indication of residue flexibility within the associated protein structure,
(section 2.2.4). Values were normalised according to the mean and standard
deviation B-values for each corresponding protein. Values above the normalised
mean of zero show a higher than average flexibility in the protein as a whole, whilst
those below zero are considered to be more structurally constrained. Flexibility
measurements of the linker residues were compared to those calculated for non
linker coil, helical, and strand residues (for all proteins in the representative set).
Figure 2.5 shows the distribution of these values together with tabulated
values for the mean, associated standard error and standard deviation of each
65

Figure 2.3

Comparison of domain linker amino acid propensities

Domain linker amino acid propensities calculated for the linkers in this study were
compared to:
a) linker propensities given in the study by Argos (1990).
b) amino acid propensities calculated for non-linker coil residues (over all structures
in the non-redundant set).
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Distribution of normalised B-values for linker, non-linker coil,
helix and strand residues

The distribution for linker residues is shown in blue, for helical residues in red for
strand residues in green and non-linker coil resides in black. Inset is the mean,
associated standard error of the mean and standard deviation for each of the
distributions.
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distribution. Though the distributions of B-values can be seen to overlap to a
considerable extent the means of each analysis set are significantly different at the
5% level given the calculated standard errors. This was confirmed by the calculation
of the non-parametric Wilcoxon ranked test, which showed the means to be
significantly different (data not shown). Analysis of the distributions and
corresponding standard deviations show strand and helical residue values to be
distributed closer to the normalised mean, i.e. are less flexible, than coil residues
perhaps to be expected due to their more constraining hydrogen-bond patterns. The
distribution of values for non-linker coil residues can be seen to be skewed towards
the flexible end of the plot with fewer residues having values close to the normalised
mean. Overall the distribution for linker residue are similar to those shown for coil
residues, demonstrating a similar level of flexibility. For values above the above the
normalised mean, the frequency distribution for linker residues tends to be higher
than the distribution for helices and strands, but below the distribution for coil.
However, there appears to be a small bump’ at normalised values above 4, where the
linker distribution overtakes the coil distribution. Such a peak may indicate that a
greater number of linker resides are capable of extreme flexibility compared to coil
residues, although it is quite possible that this may be a result of small number
statistics. There are many more observations for non-linker coil residues, giving a
smoother distribution, whilst extreme values in the linker distribution may be open to
more fluctuations due to a smaller amount of available data.
The distance between the N-terminal and C-terminal C-alpha residue of each
linker was calculated (section 2.2.5). The average distance between adjacent
residues, together with associated standard deviations are shown in Table 2.3. Also
shown are the values for helical, strand and non-linker coil regions. It can be seen
that the mean C-alpha extension of linker residues is 2.21 Â, smaller than the
extension calculated for general coil residues, 2.84 Â, but more extended than the
mean extension found for helical structures, 1.54 A.
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helical residues
strand residues
coil residues
continuous domain
linker residues
discontinuous domain
linker residues
all linker residues

Table 2.3

C-alpha ex .ension Â
mean
s.d.
1.54
0.07
3.21
0.18
2.84
0.53
2.26
0.52

% total exposed
residues
56.4
42.6
72.3
77.4

mean
23.3
15
33.6
31.6

s.d.
24
18.8
27.8
26.5

66.7

28.8

26

2.16

0.82

71.3

31.8

26.5

2.21

0.78

Rf5A

Residue solvent exposure and C-alpha extension

Percentage of exposed residues for each structural element, mean relative accessible
surface area and standard deviation for helical, strand, coil and linker residues.
Linkers connecting only continuous domain regions are termed continuous domain
linkers and linkers connecting only discontinuous domain segments are termed
discontinuous domain linkers. The mean C-alpha extension per residue pair and
associated standard deviation is also shown.
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2.3.5

Solvent accessibility and sequence conservation of linker residues

The relative solvent accessibility (RSA) was calculated for each residue in the
data set (section 2.2.6). Residues with an RSA greater than 10% were defined as
exposed, whereas those with less than or equal to 10% were defined as core residues.
The mean percentage of exposed residues found in all the linker peptides, the linkers
joining only continuous domains, those joining only discontinuous linker segments is
shown in Table 2.3. It can be seen that linkers joining discontinuous domain
segments appear to be less exposed than linkers joining continuous domains, with a
total of 66.7% of residues being exposed compared to 77.4% respectively. Overall,
linkers tend to have a similar percentage of exposed residues (71.3%) compared non
linker coil (72.3%).
The calculations of mean RSA values for non-linker helical, strand, coil
residues and linker residues can also be seen in Table 2.3. Linkers connecting
discontinuous domain segments are less exposed (with a mean RSA of 28.8%) than
continuous linker residues, mean RSA 31.6%. Calculations for all the linker residues
show they are as exposed as coil residues whilst residues in strand elements which
have a mean RSA 15.0% and helical elements with a mean RSA 23.3% are less
exposed. The large standard deviation associated with these mean RSA values make
it difficult to place too much significance on such comparisons, and reveals the
difficulties in measuring such variable values.
The values in Table 2.4 further demonstrate that domain linking residues are
more exposed than residues found in proteins generally. Residues within linkers
expose over 33% more surface area to solvent than do average residues. Linker
residues however, expose just over 7% more surface area than non-linker coil
residues found in the remainder of the protein structures.
The comparison of mean variability values, for 5% intervals of RSA, between
linker residues and non-linker coil residues is shown in Table 2.5. As described in
section 2.2.7, residues were assigned to bins according to their respective solvent
exposure, to take into account the effect that residue exposure to solvent may have on
the rate of mutation. It can be seen that the variability between residues, where a
value of 100 indicated a totally conserved residue, is similar between linker and coil
residues. Again large standard deviation values makes it difficult to read too much
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Ala
Arg
Asn
Asp
Cys
Gin
Glu
Gly
His
He
Leu
Lys
Met
Phe
Pro
Ser
Thr
Tip
Tyr
Val

Average accessibility (Â^)
all non-linker non-linker coil
32.24
21.68
18.81
12.95
61.13
67.03
79.42
91.53
24.14
36.83
22.77
28.88
49.14
57.70
19.10
34.15
93.74
106.39
21.14
33.56
26.12
40.76
57.14
65.24
45.40
48.11
68.35
81.51
78.71
90.90
35.87
43.18
38.01
48.17
18.86
32.97
34.32
47.32
37.20
49.65

linker
31.11
15.93
70.93
88.73
33.48
25.89
58.61
29.80
103.49
30.07
36.03
58.41
44.21
74.23
86.56
40.76
48.51
34.45
35.26
41.65

average

Table 2.4

% change
all vs linker coil vs linker
48.71
-3.50
45.25
-15.31
9.65
5.82
-3.06
15.25
52.57
-9.10
26.83
-10.35
17.42
1.58
78.80
-12.74
13.49
-2.73
58.75
-10.40
56.05
-11.60
14.18
-10.47
5.97
-8.11
19.25
-8.93
15.49
-4.77
20.38
-5.60
26.73
0.71
74.81
4.49
37.88
-25.49
33.47
-16.11
33.55

-7.28

Average amino acid accessibility values

Solvent accessibility of amino acid residues calculated over all non-linker, non-linker
coil and linker positions, together with the percentage difference in solvent
accessibility between all-residues and linker residues, and non-linker coil and linker
residues.
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% RSA interval
0<RSA<5
5<RSA<10
10<RSA<15
15<RSA<20
20<RSA<100

Table 2.5

Variabil: ty scores
linker residues
coil residues
mean
mean
s.d.
s.d.
19.21
14.67
18.97
15.55
23.45
22.69
16.30
17.06
16.43
25.66
23.99
16.28
16.33
27.67
25.89
16.01
14.14
32.61
32.49
14.78

Sequence variability in domain linker and non-linker coil residues

Mean variability scores for linker residues and non-linker coil residues, for
normalised intervals of relative solvent accessibility.
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into any of the small differences between the respective values, and this again
demonstrates the difficulty in such analysis measurements.
Linker residues with a variability scores that were one standard deviation
below the mean non-linker coil value for the rest of the protein (for a given
accessible surface area bin) were considered to be more conserved than might be
expected on average. The frequencies of such linker amino acids were calculated, to
examine any relationship between linker residue propensity values and their ranked
position corresponding to their overall mean variability score. A fairly low
correlation coefficient was found (r = 0.54). The same calculation was also made for
completely conserved residues i.e. those with a variability score of 0. A similar
correlation was calculated (r = 0.57), although in this case the sample data is far more
scarce. In both calculations glycine was found to be the most frequently conserved
residue, followed by proline and asparagine.

2.3.6

Hydrogen bonding in domain linkers

As outlined in section 2.2.8, the average number of internal hydrogen bonds per
linker residue was calculated. The calculation for hydrogen-bonds assigned by
HBPLUS gave a value of 0.39 internal hydrogen-bonds per linker residue.

2.3.7

Assignment of all-alpha and all-beta linkers

As already discussed in section 2.3.1, 52 linkers were found to be all-helical
or all-strand in structure. Of these linkers, 29 were found to be all-helical and 23 all
strand forming beta sheets with surrounding domain strands or other linkers in the
structure.
The all-helical linkers were assigned only if the N- and C-termini of the
helix appeared to start and end within the core regions of the linked domains. Their
lengths ranged from 9 to 34 residues, and were found in both two and three-domain
proteins. The amino acid propensities of the helical linkers were compared to those
calculated for all residues participating in helical structures in the data set. A
correlation co-efficient of r=0.8S was calculated between the two distributions,
showing a strong similarity between the residue sets. A well studied example found
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within the data set was the calcium binding protein Calmodulin, shown in Figure
2.6a. Here each globular domain is joined by a long alpha-helix.
Throughout the linker delineation process, great care was taken not to split
beta sheets. In fact, one of the rules of domain delineation described by Taylor
(1999) is that sheet elements should not be split between domains. However, several
cases were found where clear domains existed, but were linked by strand elements.
These linkers ranged in size from 9 to 23 residues. As already discussed in section
2.3.1, several of these cases were found between linkers joining discontinuous
domain segments. However, cases for single linkers were found. Such an example is
shown in Figure 2.6b which shows the structures of domains one and two of the Tcell surface glycoprotein, CD4. Here the two immunoglobulin folds are joined by a
strand that runs continuously from the N- to the C-terminal domain.

2.4

Discussion
The substantial increase in the number of structures in the protein databank in

the last ten years has enabled an update of the domain linker analysis made by Argos
(1990) to be carried out. In this study, 391 protein structures were analysed,
compared to the 32 by Argos (1990), resulting in a set of 747 domain linking
peptides, compared to 51 in the Argos study (1990).
In this study the overall length distribution of domain linkers shows a wide
spread, between 2 and 33 residues, with a mean length of 9.8 residues, longer than
the average length of 6.5 residues calculated by Argos (1990). In both this study and
the Argos study (1990), secondary structure was assigned by the DSSP algorithm.
The percentage of linker residues that were assigned as forming coil, bend or turn
regions in this study was 85%, compared to 75% in the Argos study. Just over 8% of
the linker residues adopted a helical conformation (assigned as H, G or 1) compared
to 13% by Argos and just over 7% a strand conformation (assigned as E or B)
compared to 12% in the Argos study (1990). Both studies find that the majority of
linker residues adopt a coil conformation, though more linker residues are assigned
as coil in this study (especially true in this study when the simplified secondary
structure assignment scheme is used). In fact, a predominant number of the linkers
consisted of all coil residues (nearly 84%) or mainly coil residues (9%).
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Figure 2.6

a)

All-helical and all-strand linking peptides

A well studied example found within the data set was the calcium binding
protein Calmodulin (PDB code Icll, Chattopadhyaya et al., 1992). Here each
globular domain is joined by a long alpha-helix, (coloured green) which spans
from the interior of the N-terminal domain (coloured yellow) to the interior of
the C-terminal domain (coloured purple).

b) The structure of the T-cell surface glycoprotein, (PDB code Icyd, Wu et at.,
1996), domains one (coloured yellow) and two (coloured purple). Here the two
domains are joined by a strand that runs continuously from the N- to the Cterminal domain (coloured green).
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a)

b)
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As described above, the Argos study found that more linker residues adopt a
helical or strand conformation, though the values calculated in this study do not
include the all-helical or all-strand linkers, whereas 2 of the 51 linkers in the Argos
set were all-helical (1990). These differences are most likely due to the enlarged data
set and the different assignment processes used. Observations of the linker structures
in this study showed many of the linker residues adopting a strand conformation can
be attributed to beta-sheet regions that were observed to form between a number of
domain linking peptides, especially those associated with discontinuous domain
segments.

The amino acid propensities calculated for the linker peptides showed the
most preferred residue to be proline followed by glycine, aparagine, threonine and
aspartate. In general, the favoured amino acids tended to be hydrophilic (apart from
proline) or charged residues, whilst residues with bulky side-chains including the
aromatic polar residues were avoided. This bias towards proline and glycine residues
will provide a high degree of flexibility to linker peptides; both proline and glycine
are often found together in unstructured regions of protein - proline is known to be a
helix breaker (perhaps a reason why so few linkers were found to contain helical
segments) due to its main-chain nitrogen being unavailable for hydrogen bonding
and glycine, with no side chain is small and suffers very few steric constraints.
Therefore proline and glycine confer turn and bend propensities to domain linkers.
The lack of the amide hydrogen will also mean that these residues may isolate the
linkers from the domains, as hydrogen-bonds cannot be formed with adjacent
structure. Proline rich peptides will have many non-interacting connections, making
proline rich linkers independent of surrounding domains. Though proline is
hydrophobic, its special properties make it a valuable constituent of linker peptides.

The linker propensities calculated in this study were compared to those given
in the Argos study (1990). A Pearson correlation of r=0.60 was calculated, showing a
significant correlation at the 5% level. However, plotting the propensity values of the
two distributions (Figure 2.3a) shows the values to be fairly different, especially for
residues such as proline, histidine, leucine and cysteine. Such differences could be
attributable to small sample size in the Argos study (1990) - though there is no way
of saying that the values in either study are the definitive answer.
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As linkers were found to be mainly coil regions of peptide it was of interest to
determine whether there was a difference in the composition of amino acids in
linkers as compared to non-linker coil regions. A correlation coefficient was
calculated between the propensities of linker residues and non-linker residues giving
a value of r=0.78 (Pearson). These figures show that there is a relatively high
correlation between the two amino acid distributions, although differences also exist.
These differences can be seen more clearly in Figure 2.3b; whilst there is a similarity
in residue propensity for many residues in linkers and non-linker coil structures,
glycine and proline are the largest outliers. Interestingly, although glycine is the
second most preferred linker amino acid (propensity of 1.2) it is found at a lower
frequency in linkers than in general coil (propensity of 1.65). These values
emphasise the proline-rich nature of domain linkers.
The conservation of linker residues was found to be similar to other exposed
coil regions found in the protein, and although no real correlation was found between
residue conservation and linker propensities, glycine and proline were found to be
the most frequently conserved residues, showing a selective pressure towards
retention of these favoured residues. True comparisons between mean RSA and
residue conservation measurements were complicated by the large standard
deviations that accompanied these values. This reveals the variation of residue
aecessibility and conservation even for well defined regions of strueture such as coil,
helix and strand elements. This applies even when variation due to other factors, such
as solvent exposure is taken into account when measuring conservation.

The analysis of temperature factors revealed linker residues to be similar in
flexibility to non-linker coil residues, though it is possible that some linker residues
have more eonformational freedom than might be expected non-linker coil. Argos
(1990) also concluded that linkers are average in flexibility compared to other
protein regions, although no distinction was made between non-linker coil and
general protein regions. Calculations showing the mean C-alpha extension
(normalised by dividing the distance between the N- and C-terminal linker residues
by the number of residues in the linker minus one) showed a lower value of 2.31 Â
compared to 2.84 Â for non-linker coil peptides. This lower extension value could be
attributed to domain linker regions having a more bent conformation perhaps
conferred by the high proline content.
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The conformational freedom of linker regions is also indicated by accessible
surface area measurements, which show linker residues to be amongst the most
exposed regions of the protein. Interestingly, comparison of linkers connecting only
continuous domain regions, to linkers connecting only discontinuous domain
segments, showed that continuous linkers tend to have more exposed residues
(defined by a RSA greater than 10%) than discontinuous linkers. This difference may
be due in part to the observation made above, whereby linkers joining discontinuous
domains regions are often paired-up with adjacent linker peptides, forming sheet
structures, and therefore becoming more buried within the protein structure.
Structural flexibility is an essential attribute to many multi-domain proteins
enabling catalysis, regulation of activity and metabolite transport (Gerstein et al.,
1998). Many NMR studies have suggested that there are wide variations in the
flexibility of domain-domain pairs (Spitzfaden et al., 1997). The findings that most
domain linkers are unstructured, solvent exposed and disfavour hydrophobic residues
supports these observations.

Analysis of hydrogen-bonding, as assigned by HBPLUS gave an average of
0.39 internal linker hydrogen-bonds per linker residue similar to the value of 0.4
internal linker hydrogen-bonds per linker residue given in the study by Argos (1990).
It is worth noting that the Argos study found a high frequency of linker serine and
thronine residues forming hydrogen bonds between their main chain amino group
and gamma oxygen. Such a pattern of hydrogen-bonding was not found in this study
as the HBPLUS algorithm does not assign such strained hydrogen-bonds in these
residues. However, such interactions would satisfy the hydrogen-bonding of these
residues and confer some structural independence to linkers containing these
residues.

The high propensity for proline in domain linkers may also have implications
for protein folding. The amino and carbonyl groups of the polypeptide usually point
in opposite directions, known as the trans form, which represents the most stable
form of the peptide group. Another form is also possible, known as the cis form
where the amino and carbonyl groups point in the same direction. The trans form of
the peptide bond is approximately 1000 times more stable than the cis form except in
cases where the second residue is a proline (Branden and Tooze, 1999). For most
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residues the steric hindrance between the functional groups attached to C-alpha
atoms will be greater in the cis configuration, however the cyclic nature of the
proline side-chain means the cis and trans state have more equivalent energies.
Whilst most prolines are found in the trans form, cw-prolines are found in tight
bends in the peptide chains which results in conformational flexibility. In the native
unfolded state, cis and rran^-proline exist in equal proportions. As the protein folds, a
substantial number of the proline peptide bonds will be in the incorrect configuration,
and the higher the number of proline residues, the greater the number that must swap
to the correct configuration. The cis-trans isomérisation of proline peptides is
intrinsically slow, and has often been found to be the rate limiting step of folding in
vitro (Branden and Tooze, 1999). It can therefore be envisaged that a high proline
content in domain linkers may be an important property for efficient folding in multi
domain proteins. A proline rich linker might be the final part of the protein to fold,
enabling the linked domains to fold first and then assemble inter-domain interactions
as the linker peptide adopts its folded conformation. In vitro folding studies by
Frydman et al., (1999) suggested that the slowest step in the folding of a multi
domain protein is the pairing of adjacent domains. This may be a result of incorrectly
folded domains, or that the small adjustments that are required to attain the optimal
interaction between the domain are energetically unfavourable.
As has been described in Chapter 1, the folding of multi-domain proteins can
occur co-translationally (most often in eukaryotes) or post-translationally (most often
in prokaryotes). In post-translational folding separate domains fold concurrently,
whilst co-translationally the domain folding is sequential. This may explain why
many multi-domain eukaryotic proteins missfold when expressed in bacterial
systems (Ellis and Hartl, 1999). It would certainly be of interest to see if domain
linking peptides in prokaryotic proteins are more likely to have a high proline content
than eukaryotic multi-domain proteins. Proline-rich linkers may be more beneficial
to bacterial post-translational protein folding, slowing the rate of folding and
preventing non-native interactions to form between domains in the early stages of
folding.

Whilst assigning the domain linkers in this study, it became clear that not all
linkers were equal and, in fact, they can be grouped into separate classes according to
their properties. The most obvious classes involve those linkers that adopt an all
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helical or all-strand conformation, and those that do not. Of the 747 linkers in the
data set 52 (or 1%) were found to be all-helical or all-strand elements that spanned
between adjacent domains. The low frequency of these linking peptides suggests
they have a specialised structural role that is not suitable for the majority of multi
domain proteins. For example, the sharing of an all-strand linker between domains
may play an important role in forming a rigid association between the adjacent
structures. In the case of CD4 (Figure 2.6b) is thought give a near 180 degree twist
angle between the domains (Wang et al., 1990). Domain fusion experiments
generally attempt to fuse contiguous units of protein structure together, however it is
also of interest to note that the linkers joining inserted domains (i.e. discontinuous
domains) often associate to form beta-sheets. Such interactions, whilst satisfying the
hydrogen-bonding of the linkers, may also add stability to these inserted regions. In a
some examples, the linker between two domains was found to consist entirely of an
alpha-helix. Comparison of the residue frequencies in these helical-linkers compared
to the frequencies in all helical elements showed a high correlation between the
residue distributions (r=0.S8). All-helical linkers can facilitate both small and large
movements between domains. Small deformations, spread out over the helix can
produce bending or stretching motions (Gerstein et al., 1994). Much larger
movements can occur when the helix contains kinks which often involve proline
residues. For example, calmodulin can assume two different conformations
depending on a calcium-induced conformational change. In the substrate bound
form, the helical linker breaks into two separate shorter helices which move almost
perpendicular to one another (Ikura et al., 1992). These properties of the linker the
enable it to act like a molecular switch that regulates the calcium induced
conformational change and therefore activity of calmodulin (Sorensen et al., 2002).
Gene fusion studies generally use a flexible linker to combine domains (Nixon et al.,
1997). However work by Arai et al., (2001), found that by engineering a bifunctional
fusion protein with a helical linker retained the activity of the domains, whereas the
use of a flexible linker did not. The use of the all helical linker was thought to be
important in allowing the correct spatial distance between the hetero-functional
domains to allow them to work independently.

Linkers that are mainly unstructured can also be sub-divided by length, as
described in section 2.3.2. Such observations may be important for linker design.
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Nixon et al., (1998) suggest that the correct domain linker must be chosen when
engineering chimera proteins, to optimise the inter-domain contacts and also the
orientation of the two domains for catalysis. Such improvement may come about by
varying the linker length or residue content to improve the stability and catalytic
efficiency of such constructs.
Over 25% of the mainly coil linkers were between 2 to 4 residues in length,
forming a small-linker class. The assignment of domain boundaries is not an
insignificant problem even when using 3D structural data (Hadley and Jones, 1999).
In turn the assignment of domain linking regions in this study was not a trivial issue.
In fact just over 12% of the CATH domain cuts were found in helical or strand
elements, when they could have been assigned to adjacent coil regions, subsequently
assigned as the linking peptide. Using visual inspection, CATH boundary
assignments were identified and the corresponding linker termini regions recorded. It
is clear from the manual visualisation of the linking regions that the identification of
domain linkers can be as subjective a matter as domain assignment. A protocol for
domain linker assignment (section

2 .2 .2 )

was therefore used to keep the linker

assignments consistent. For a number of linkers, it was difficult to easily pinpoint
which part of the protein chain exactly constituted the linker region, even though the
cut point between the adjacent domains was given in CATH. Such linkers make up
the majority of the class of small-linker peptides.
Analysis of the amino acid propensities in this small-linker class showed a
high propensity for glycine whilst a very low propensity for tryptophan. A propensity
for residues with small (or no) side chains such as glycine in these small linkers, and
the low propensity for residues with bulky side chains such as tryptophan may be a
result of these linkers being found between closely packed domains, where there
must be close packing of atoms within a limited space. Whether such short peptide
regions can truly be described as domain linkers is perhaps open to debate. They
clearly have a role in joining domains to one-another, however, in some cases they
may appear as almost a continuation of structure from one domain to the next. The
recurrence of the linked domains would demonstrate that these structural units may
have existed independently, and as such, the linker region would have had an
important role in the fusion of domains into larger proteins.
A large proportion of the linkers (65%) were classed as an intermediate
length (between 5 and 12 residues), whilst the remainder, the large-linker class, had
84

lengths between 13 and 33 residues. Whilst many of these linkers adopted a
primarily coil structure, several additionally adopted short secondary structure
conformations. It is possible that when designing linkers the use of peptides that
form a mixture of helical and coil structure may give a flexibility between domains
that is intermediate to all-coil and all-helical linkers. However, the high frequency of
coil linkers may mean that the fusion of domains into multi-domain proteins may
have been most successful when linker sequences formed mainly coil regions. The
connecting of adjacent domains by one or more linkers that do not possess a rigid
secondary structure will permit conformational freedom, and allow the relative
orientation of the domains to vary. Such unstructured conformations may also cause
the least interference with the folding of the adjacent domain regions. Helical linkers
may have a similar role in keeping domains apart as they fold. Unlike proline-rich
linkers however, this may be achieved by these areas folding first, rather than last.
Aurora et a l, (1997) suggested that helical conformations may be amongst the first
regions of the protein to fold. If the helical linker folded rapidly, it may act as a rod,
holding neighbouring domains away from each other, stopping the misfolding and
aggregation of the folding units.

The additional linker analysis carried out in this study was appropriate since
the last was carried out over ten years ago (Argos, 1990). Comparison of the results
has shown a number of points of disagreement between the analyses, including
residue preferences and secondary structure content, perhaps necessarily so, as a far
larger data set was used in this study. Overall both studies found linker peptides to be
flexible, exposed, generally unstructured coil-like regions of structure. The high
propensity for proline residues may relate to linker flexibility, structural
independence and folding.
Though the linker residue propensity values showed an imperfect correlation
to non-linker coil residues, it is unclear whether the propensities are different enough
to be able to predict linker regions from sequence, for example by using a neural
network. The search for proline rich coil regions is a possibility. A valuable
extension to this study may be an analysis of the pair-wise ordering of amino acids
within domain linkers, providing more information on linker properties and design.
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Chapter 3

A survey of structural characteristics of protein domains
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3.1

Introduction
It is widely accepted that a fundamental principal underlying protein folding is

the burial of hydrophobic side chains, away from surrounding solvent, and into the
protein core. This concept was first proposed as being important factor in protein
structure by Langmuir (1938). It was then discussed to a greater extent by Kauzmann
(1959), who described the thermodynamic properties of the hydrophobic effect. The
understanding of the hydrophobic effect is an important step in unravelling the
complexities of protein folding, and as such, much work has been carried out on this
principal.
This formation of a hydrophobic core, surrounded by hydrophilic surface
residues, lead Waugh (1954) to describe the creation of a non-polar inner volume and
polar outer volume. Studies by Fisher (1965) postulated a ‘limiting law of protein
structure’, where the sequence length and overall conformation of a protein structure
may be constrained by the ratio of polar and non-polar residues. Fisher describes how
there must be a limited number of non-polar residues required such that they could be
surrounded by the remaining polar residues. For example, too few non-polar residues,
and the protein would be unable to form a spherical unit of structure, whereas too many
would cause protein aggregation, as a result of the necessity to shield the non-polar
residues from solvent. Work by Chothia (1975) proposed that the surface area of a
protein is a function of its molecular weight. It has also been suggested that proteins with
fewer than 70 amino acids are unlikely to fold to a stable end product, if their folding is
solely determined by the hydrophobic forces (Dill, 1985) and that possible stabilising
mechanisms are required for these proteins such as disulphide-bond formation (Miller et
al, 1987; Creighton, 1988).
A number of studies are carried out in order to see if such characteristics might
be used to predict domains from sequence. Are there differences in characteristics,
between single and multi-domain proteins, that can be exploited to distinguish single
domain sequences from multi-domain sequences, and in turn to allow possible prediction
of domain-linker regions? In this chapter the number of exposed residues present on the
protein surface is determined, for single and multi-domain proteins. The amino acid
propensities of residues found in the protein core, surface and at interfaces between
domains is also examined. Further, an analysis of the percentage of hydrophobic residues
within single and multi-domain proteins is made.
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3.2

Methods

3.2.1

Data set
The non-redundant set of protein chains described in section 2.2.1 of this

thesis were used as the representative set of protein structures in this study. As
previously described in section 2.2.1, domain definitions were taken from the CATH
database. The set consisted of 1177 chains; 786 single domain chains and 391 multi
domain chains.

3.2.2

Relative solvent accessibility

Each residue was assigned a relative solvent accessibility (RSA) value,
exactly as described in section 2.2.6. Cut-offs were used to define different states of
relative solvent accessibility where residues with an RSA < 10% were considered as
buried and those with an RSA > 10% were considered as exposed. Residues in
domain interfaces were defined as those that lost

>1

accessible surface area on

complexation with the adjacent domain in the multi-domain structure as described by
Jones et al., (2000). The total surface area of each protein structure in the data set
was calculated by the DSSP algorithm.

3.2.3

Amino acid propensity

Amino acid propensities were calculated for buried (or core) residues,
exposed (surface) residues and residues in domain interfaces. Propensities were
calculated exactly as described in section 2.2.3.
3.2.4

Assignment of polar and non-polar amino acids

Residues were assigned to three classes - hydrophobic, charged and polar as
follows:
Hydrophobic: Gly, Ala, Val, Leu, He, Pro, Phe, Met.
Charged: Asp, Glu, Thr, Lys.
Polar: Ser, Thr, Tyr, His, Cys, Asn, Gin, Trp.

3.3

Results

3.3.1

Sequence length and percentage of exposed residues
If a globular protein domain is considered as an idealised sphere containing

closely packed residues, one may calculate the surface area for a single domain and
two-domain chain as:
The volume of a sphere = 4/3 n r^ (where r is the radius)
and surface area = 4 tt r^
So, for example, consider a spherical single-domain protein of 300 residues. Given
that the mean volume of an amino acid is approximately 109Â^ (Creighton, 1992),
such a protein will have a volume of 32700Â^, with radius 19.8Â. The surface area
can therefore be calculated to be 4945.2Â^. The same volume, equally divided into
two 150 residue spherical domains, might represent a two domain protein where each
domain has a volume 16350Â^ and a radius 15.7Â. The two domain protein will
therefore have an total surface area of 6230.5Â^. It might therefore be supposed,
given that a multi-domain chain sequence has a larger surface area than an equivalent
sized single domain protein, it will contain a greater number of exposed residues.
The percentage of exposed residues calculated for each protein in the data set
(section 3.2.2) is shown in Figures 3.1a and b. The above calculation shows that in
principal (for an idealised example) an increase in domain number should give an
increase in the percentage of exposed residues for proteins of similar length. There is
considerable overlap between the distribution of single and multi-domain chains with
many single and multi-domain chains of similar length having a similar percentage
of exposed residues. However, although the separation is not clear, it is possible to
see a trend in the distribution where multi-domain proteins above

200

residues have a

higher percentage of exposed residues. In general, it can be seen that shorter chains
have a higher percentage of exposed residues than longer chains.

The overall surface area of the single and multi-domain structures was
calculated (section 3.2.2). Figure 3.2 shows the relationship between sequence length
and overall surface area (measured in Â^). It is possible that the surface area of multi
domain chains of lengths <

200

residues appears to be higher than the single domain

chains of similar length, though the small sample size of these multi-domain chains
(compared to the number of single domain chains) does not make such observations
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Figure 3.1

Percentage of solvent exposed residues for single and multidomain proteins

a)

Distribution for single domain (blue) and multi-domain (red) chains.

b)

The same distribution, showing number of domains for multi-domain chains.
Single domain (blue), two-domain (red), three-domain (yellow), fourdomain (green), five-domain (pink), six-domain (black), seven-domain (light
blue).
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Figure 3.2

Surface area of single and multi-domain chains

The total surface area (measured in Â^) for single and multi-domain chains was
calculated by the DSSP algorithm. Single domain chains are shown as blue diamonds
and multi-domain chains as red diamonds.

92

1200

overly conclusive. There is a clear link between protein length and surface area, with
the distribution becoming more scattered at higher chain lengths. This result
indicates that it may be possible to predict the surface area of a protein given that you
know its sequence length.
Figures 3.3a and b show the percentage of buried hydrophobic residues
(sections 3.2.3 and 3.2.4) calculated for each protein in the data set. Such residues
may represent the core of a given protein. Again, though the values show significant
overlap the distribution of the multi-domain chains seems to be slightly separated
from the single chains, where the multi-domain chains tend to have fewer buried
hydrophobic residues.

3.3.2

Sequence length and percentage of hydrophobic residues

The percentage of hydrophobic residues (section 3.2.4) in each protein in the
representative set was calculated, and plotted against their corresponding sequence
length. Figures 3.4a and b. Again it can be seen that there is a large overlap between
the two distributions, the mean percentage of hydrophobic residues found for single
domain proteins being 47.1% and the mean for multi-domain proteins being 48.3%.
Sequences shorter than - 1 5 0 residues, representing mainly single-domain proteins,
tend to have a wider distribution. This might be partly due to small number statistics,
where the values for shorter chains are more open to variation from just a small
change in the number of hydrophobic residues. Nevertheless the overall mean
percentage of hydrophobic residues seems to be consistent over the distributions at
approximately 48%.

3.3.3

Amino acid propensities: surface, core and domain interface

The amino acid propensities for residues in the protein core, surface and
domain interfaces were calculated as described in sections 3.2.2 and 3.2.3. Figure 3.5
shows the residue propensity distributions. As might be expected, hydrophobic
residues are preferred in the core of proteins, whilst most polar and all the charged
residues are disfavoured. The interface shows the strongest preferences for lysine,
arginine and tyrosine (propensity values of 1.28, 1.31 and 1.29 respectively). The
interface residue propensities seem most similar to the surface residue propensities,
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Figure 3.3

Percentage of hydrophobic huried residues in single and multidomain proteins

a)

Distribution for single domain, (blue diamonds) and multi-domain, (red
diamonds) chains.

h)

The same distribution, showing individual domain numbers. Single domain
(blue), two-domain (red), three-domain (yellow), four-domain (green), fivedomain (pink), six-domain (black), seven-domain (light blue).
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Percentage of hydrophobic residues in single and multi-domain
proteins

a)

For single domain, (blue diamonds) and multi-domain, (red diamonds)
chains.

b)

The same distribution, showing individual domain numbers. Single domain
(blue), two-domain (red), three-domain (yellow), four-domain (green), fivedomain (pink), six-domain (black), seven-domain (light blue).
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Propensity values of residues in protein surfaces, cores, and
domain interfaces

Residue propensities for surface residues (red), core residues (green), domain
interface residues (blue).
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although aspartate and glutamate have no preference for domain interfaces (both
having propensities of LO), whilst favouring the protein surface (propensities of 1.32
and 1.38). Also phenylalanine and valine are disfavoured on the protein surface
(propensities of 0.61 and 0.63) whilst slightly favoured in domain interfaces
(propensities of 1.1 and 1.05 respectively). Polar and charged residues are generally
favoured both on the protein surface and within the domain interface. The propensity
values for glycine are interesting as they are close to

1

in all of the three domain

locations analysed. This indicates that there is no real preference (or aversion) for
glycine on the domain surface, in the core or at domain interfaces, possibly due to its
lack of side chain.
Overall comparison of the distributions show that domain interface residues
most closely correspond to surface residues than core residues, with confidence
values of 0.94 between the interface and surface distributions and 5.28x10'®^ between
the interface and core residue distributions (%^ test).

3.4

Discussion

The analysis of a number of domain characteristics in this chapter was carried
out in order to assess how useful they could be for domain prediction. Calculating the
percentage of exposed residues for single and multi-domain chains showed that as
sequence length increases, so does the percentage of exposed residues. Though there
is not a clear separation between the single and multi-domain distributions, in general
multi-domain proteins tend to have a larger percentage of exposed residues. It is
possible that a method could be developed to distinguish between single and multi
domain proteins, based on these results, using a combination of chain length and
percentage of solvent exposed residues. However such a method would rely on the
prediction of residue solvent accessibility which would presumably result in a greater
overlap between the distributions of percentage solvent accessible residues for the
single and multi domain proteins, due to prediction errors.
The distribution shown in Figure 3.2 shows a strong relationship between
chain length and percentage of solvent exposed residues as observed by Chothia
(1975) and Miller et al., (1987) for datasets containing 15 and 46 protein structures
respectively. Rost (1999b) described a method that predicts the globularity of protein
sequences, based on the prediction of accessible surface area and sequence length.
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The study aimed to distinguish sequences corresponding to known protein domains,
from random sequence fragments. Though the method went some way towards
achieving this goal, it was concluded that the measure was not sufficiently reliable to
predict domains from sequence. Sequence fragments of varying lengths were often
found to have a ‘globularity’ score similar to that expected for true domains.
The percentage of hydrophobic residues in single and multi-domain chains
was calculated (Figure 3.4). The mean proportion of hydrophobic residues in single
and multi-domain chains appears to be consistent, around 48%. Overall, there
appears to be no obvious separation between the single and multi-domain
distributions, on which a prediction method might be based.
The distribution of hydrophobic and hydrophilic residues within protein
sequences was also considered. As protein domains contain a hydrophobic core, it
may be possible that their distribution within the sequence may indicate regions
corresponding to domains. If long, continuous stretches of hydrophobic residues
were present in protein sequences that corresponded to the hydrophobic core, domain
assignment could be based on such distributions of residues. However observations
of residue distributions appeared random - plotting a window of hydrophobic to
hydrophilic ratio along protein sequences in the data set showed that generally, the
ratio remained similar (though rather noisy, suggesting random fluctuations along the
chain) over the sequence lengths (data not shown). The use of such a calculation to
distinguish between single and multi-domain chains does not seem worthwhile there is no pattern of residues that can be used to predict boundary from sequence.
Prediction might be possible if there were a clearly identifiable hydrophobic stretch
of residues, surrounded by hydrophilic surface residues in globular proteins. This is
in agreement with the study by White and Jacobs, (1990) that came to a similar
conclusion, stating that the distribution of hydrophobic residues along the chain
cannot be distinguished from that expected from a random distribution for the vast
majority of soluble proteins examined.
Analysis of the amino acid propensities for core, surface and domain
interface residues showed that domain interface residue compositions are most
similar to those for protein surfaces than cores. These observations are in agreement
with the study by Jones et al., (2000), which came to similar conclusions. This may
not be surprising given that a non-redundant set of chains from the CATH database
was used in both studies, though version 1.7 was used here, as compared to version
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1.5 in their study. They proposed that the presence of amino acids in surface-like
proportions in domain interfaces support a protein folding pathway in which domains
first fold, and then collapse into a multi-domain structure.
It is possible that the use of factors such as the percentage of exposed
residues and some measure of hydrophobicity may have some use in domain
prediction, but not in isolation. The results have shown that there are constraints to
the number of surface exposed residues and hydrophobic residue content of proteins
as conferred by the hydrophobic effect, as proposed by Fisher (1965). The creation of
the hydrophobic core means that as well as the burial of non-polar side chains, the
polar main chain must also be buried. The polar groups of the main chain form
secondary structures, thus satisfying their hydrogen bond potential. These secondary
structures then come together to form the fold of the protein. Whilst the primary
sequence between similar folds my not be conserved, the secondary structure pattern
is. The use of the more conserved protein secondary structure may be of potential use
when designing a domain prediction method.
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Chapter 4

Rapid protein domain assignment from amino acid sequence using
predicted secondary structure

102

4.1

Introduction

Difficulties in elucidating the domain content of a given sequence at the
structural and sequence homology level arise when the target sequence has no
experimentally determined structure and searching the target sequence against
sequence domain databases results in a lack of significant matches. In such
situations, an ab initio approach to domain assignment from sequence is required.
Indeed, several attempts have been made, although with limited success, to describe
protein domains from sequence alone, including those by Busetta & Barrans (1984),
Vonderviszt & Simon (1986) and Kikuchi (1988).
Two of the most recently published algorithms that attempt to overcome this
difficulty are Domain Guess by Size (DOS) by Wheelan et ah, (2000) and
SnapDRAGON (George & Heringa, 2002a). DGS aims to predict the likelihood of
putative domains within a given sequence based on probability distributions of chain
and domain lengths within a representative set. SnapDRAGON is a much more
computationally intensive approach that averages several hundred predictions
obtained from ab initio simulations of the 3D-structure for a given sequence to assign
its domain content. Of the two methods, SnapDRAGON appears to be the most
reliable, although the computational requirements (i.e. running hundreds of ab initio
simulations for each target sequence) render it impractical for routine use, especially
for any kind of genome-scale analysis.
The approach described here is based on the idea that a crude fold recognition
algorithm based on the mapping of predicted secondary structures to observed
secondary structure patterns in domains of known 3-D structure might be reliable
enough to parse a long target sequence into putative domains. This is often the way
in which a human sequence analyst will attempt to parse a protein into domains when
homology-based approaches have been unsuccessful. Automatic analysis of
secondary structure is therefore a very logical approach. Also, recent improvements
in secondary structure prediction accuracy (Jones, 1999) where methods now
routinely achieve 3-state prediction accuracies of 77%, have greatly increased the
usefulness of predicted secondary structure in recognising protein folds.
Although many previous approaches to fold assignment using secondary
structure attempted to align strings of secondary structure codes, a successful recent
approach (Russell et al., 1996) has used a scoring scheme based on the alignment of
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secondary structure elements. With the recent advances in secondary structure
prediction accuracy, secondary structure element alignment methods (SSEA) have
been shown to provide a rapid prediction of the fold for given sequences with no
detectable homology to any known structure and have also been applied to the
related problem of novel fold detection (McGuffin et ah, 2001; McGuffin & Jones,
2002). In this study a new domain prediction algorithm, DomSSEA, is evaluated that
uses predicted secondary structure to predict continuous domains, aimed at the
automated annotation of genome sequence data. Several other methods that range in
their complexity are also assessed.

4.2

Methods

4.2.1

Data set
For this study, a non-redundant set of protein chains, sharing no more than

30% pairwise sequence identity and with X-ray crystallographic resolutions <2.5
Angstroms was used. This set was derived from all chains in the CATH domain
database, version 2.3 (Orengo et a l, 1997), from which corresponding domain
assignments were taken. The set used to assess continuous domain assignment
consisted of 1137 chains from the non-redundant set, which formed single domain
and continuous multi-domain structures. A further 123 discontinuous two-domain
chains (again taken from the main non-redundant set) were used to measure the
effectiveness of DomSSEA in predicting discontinuous domain boundaries. All
domain predictions for a given chain were compared to assignments given in CATH.
The following sections, 4.2.2 to 4.2.7 outline the different methods used to
predict protein domain from sequence.

4.2.2

Random prediction

4.2.2.1 Random prediction of domain number
As a baseline measure of domain number prediction, the number of domains
was assigned randomly to each chain in the representative set. The random
assignments were weighted in terms of the frequencies of single and multi-domain
proteins in the representative set. In this study the shortest length permissible for a
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domain was 40 residues (over 99% of domains in CATH are greater or equal to this
length). In turn the shortest length considered for a two-domain assignment was 80
residues (i.e. an equal division yields two 40 residue domains). Similarly, the shortest
length for predictions of three-or-more domains was
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residues.

4.2.2.2 Random prediction of domain boundaries

If a sequence was randomly predicted to be multi-domain, random
assignments were also made for corresponding domain boundaries. Cuts were made
such that no boundary was placed within a distance less than 40 residues from the
sequence termini. For example, in the case of a two-domain protein, a window within
the sequence was considered in which a cut could be made, whereby 40 residues at
the C-terminal and N-terminal extremes of the sequence were masked off. A random
cut was then made in this window. In cases where the sequence length was exactly
80 residues, an equal partition was made. Similarly, when three-or-more domains
were predicted, random cuts were made such as to ensure that again, no domain was
less than 40 residues in length.

4.2.2.3 Trivial boundary assignment procedure

Given that the number of domains for the target sequence has been predicted,
one of the simplest ways to partition the sequence into domains is to divide it into
equal fragments. In other words, given a sequence length L, and the predicted
number of domains N, each domain length can be considered as L/N.
For all the random methods, random simulations were carried out 100 times,
and the average success rate calculated.

4.2.3

Sequence alignment

An all-against-all alignment of sequences in the non-redundant set was
carried out in order to predict both domain number and domain boundaries. F AST A
(Pearson & Lipman, 1998) was used to align each target sequence against all other
sequences in the representative chain set. The top scoring alignment was used to
determine the domain number of the target. In cases where the top-scoring hit was
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multi-domain, the cut points were determined by mapping the known cut-points of
the template chain onto the target chain.

4.2.4

Absolute difference in length

All chains in the data set were compared such that the similarity of chain
pairs was scored according to their absolute difference in sequence length. This was
normalised by the maximum length to make values comparable. Domain number and
boundaries were taken from the top scoring hit.

4.2.5

Domain Guess by Size (DGS)

The original DGS algorithm was implemented using the probability
distributions as outlined by Wheelan et ah, (2000) (here, called DGS-W). The
algorithm

was

also

implemented

using

probabilities

generated

from

the

representative data set (here, called DGS-M).

4.2.6

Secondary structure element alignment (DomSSEA)

An all-against-all alignment of the secondary structure elements for each
chain in the non-redundant set was carried out using a modified version of the
dynamic programming algorithm previously developed by McGuffin et aL, (2001)
with a scoring scheme adapted from Przytycka et a l, (1999).
Secondary structure element alignments were made by aligning the secondary
structure elements of a target chain to secondary structure of a putative template
chain. Alignments were made using a dynamic programming algorithm based on that
of Needleman and Wunsch (1970). The method emulates the secondary structure
alignment scoring method of Przytycka et aL, (1999). Secondary structure elements
were aligned, and the alignment scored according to the scheme outlined by
Przytycka et aL, (1999). Matching elements, were scored by the minimum length of
the two elements. Alignment of helix with coil or strand with coil was scored by half
of the minimum length of the two elements. Alignment of helix with strand scored 0.
No gap penalty was imposed.
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The use of both observed and predicted secondary structure was assessed.
Top hits were taken as the pair with the highest alignment score. Domain boundaries
were taken from the position to which the template domain boundary aligned to the
target. Assignments were weighted towards coil regions of chain, as analysis of
domain-linking peptides revealed they are most commonly found as unstructured
regions of chain (Chapter 2).
Observed secondary structures for all chains were taken from DSSP
assignments (Kabsch & Sander, 1983). The eight DSSP structural states were
simplified to three as outlined in section 2 .2 . 1 .
Secondary structure predictions were made using PSIPRED (Jones, 1999). Five sets
of neural network weights are used to train the network, and in cases where a
sequence is found to have homology to sequences used to train a sets of weights, the
corresponding weight set are excluded, whilst the remainder are used for prediction.
Qs and Sov (Zemla et aL, 1999) scores were calculated to measure the prediction
accuracy. The Qg score gives the percentage of a protein sequence that is correctly
predicted based on a three-state classification, helix, strand and coil. The Sov score
also takes into account the location and lengths of the predicted secondary structure
segments.
4.2.7

Upper benchmark using the Dali Domain Dictionary

The Dali Domain Dictionary (DDD) (http://www.ebi.ac.uk/dali/) was used as
an upper control for benchmarking the methods. The algorithm used by the DDD to
assign domains from structural data is PUU (Holm & Sander, 1994). A common set
of chains found both in the representative set and in the DDD was compiled, and the
domain number and boundary definitions given in the DDD were compared to the
CATH assignments.

4.2.8

Homology filter
All top scoring pair-wise matches for the DomSSEA and PASTA alignment

methods were further filtered for any possible remaining homology between them
that could be detected by PSI-BLAST (Altschul et aL, 1997). PSI-BLAST is one of
the most successful methods for detecting remote sequence similarity when used in
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conjunction with a large non-redundant sequence database (Salamov et aL, 1999).
The use of sensitive sequence comparison methods is often one of the first steps in
locating putative domains in a target sequence with no known structure. In this study
it was important to establish a starting point when benchmarking the methods, in
which all sequence homology between matched sequences was eradicated so as to
simulate cases where sequence searching had been exhausted. In other words, it was
important that correct assignments were not attributable to matches at the sequence
level.
PSI-BLAST was run with default parameters for five iterations, or until
convergence. A large non-redundant sequence database was used, nrdb90 (Holm and
Sander, 1998) which was combined with the set of representative CATH chains used
in this study. Each chain in the representative set was scanned against the sequence
database and all significant pairwise matches (E-value <0.01) found within the
CATH representative set were recorded. This list was used to filter the top hits
generated by the alignment methods.

4.2.9

Measuring the accuracy of domain prediction

This study was undertaken to try and measure the usefulness of prediction
methods as if they were to be applied as automatic assignment algorithms. In terms
of a typical CAFASP (Fischer et aL, 2001) assessment where automatic methods for
fold recognition are assessed, the fold template with the highest score or ’top hit’ is
taken to be the predicted fold of a given target. In this study, a similar approach in
assessing the domain assignment methods was taken, basing the measurements on
the presumption that they could be used to automatically analyze a large number of
sequences or even whole proteomes. The accuracy of each domain assignment
method was primarily measured by calculating the number of correctly assigned top
hits.

4.2.9.1 Accuracy of domain content prediction

The measurement of the success of a particular method in domain content
assignment was calculated in two ways. First, the exact domain number, as assigned
by CATH was validated i.e. it was simply a question of how often the method
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predicted the correct number of domains as assigned by CATH. Second, predictions
were scored on a basis of correctly assigning the target chain as single or multi
domain. In cases where two or more hits were found to have the same assignment
score for a given target the success rate was calculated to reflect this. For example, if
a target was assigned three hits with identical scores, and two were correct
predictions and one incorrect, the overall prediction for that particular target was
given an accuracy score of 2/3.

4.2.9.2 Accuracy of domain boundary prediction

For measurement of domain boundary prediction accuracy, a correct
assignment was given if the predicted cut fell within a given cut-off window around
the boundary defined by CATH. A scale of ± 1 to 20 residues either side of the
CATH cut was used to assess the accuracy of the boundary prediction. Accuracy was
calculated in two ways. First, in cases where the target contained multiple
boundaries, the correct number of boundaries had to be given with the assignments
falling within the CATH boundaries for a prediction to be regarded as correct (for a
given window cut-off). Second, the sensitivity and selectivity of domain boundary
prediction was calculated. Sensitivity was defined as the number of correct boundary
predictions, divided by the number of boundaries to predict. Selectivity was defined
as the number of correctly assigned domain boundaries, divided by the number of
boundary predictions made. In cases where more than one hit shared the highest
score, a random selection was made from the predictions.

4.2.10 Consensus domain boundary prediction method

A consensus boundary prediction method was used in order to take into
account predictions made by several methods used in the study, including DGS,
DomSSEA (predicted secondary structure), difference in length and the equal
division procedure. Predicted cut points were grouped in terms of regions with most
neighbouring predictions and then the average of the most populated group was
taken as the cut point. Where no consensus could be reached, the assignment made
by DomSSEA was used.
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4.2.11 Comparison of the different methods

The comparison of the prediction methods was carried out in three main
areas.
1) Correct prediction of the domain content in a target chain.
2) Correct prediction of domain boundaries. Initial observations showed it was
difficult to compare the overall top prediction given by DGS with the other methods
and easily draw decisive conclusions from the results. In order to analyze the success
rate of domain boundary delineation, each algorithm was assessed for its ability to
predict the domain boundary for all the two-domain proteins in the non-redundant set
(where each method was provided with the knowledge that the target chain was twodomain). This procedure was necessary to provide a more level playing field for
comparison of the methods in terms of boundary prediction accuracy. To achieve this
for the alignment methods, a pair-wise comparison of the two-domain chains was
undertaken.
3) Assessment of overall prediction accuracy, i.e. prediction of domain content and
boundaries.

4.3

Results

4.3.1

Length distributions
Figures 4.1 and 4.2 show the length distributions for the chains and domains

in the non-redundant set (section 4.2.1) as used in our own implementation of the
DGS algorithm. Figure 4.2 shows an overlap between the different chain length
distributions, which has implications in domain prediction. If the length distributions
of single and multi-domain proteins did not overlap, the prediction of domain content
for a given sequence would not be such a complex an issue. As chain length
increases, the likelihood of the chain having a multi-domain conformation also
increases. The mean domain length was found to be 150 residues. In general,
domains from single and multi-domain chains have a similar length distribution.
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Figure 4.1

Domain length distributions

Domain length distributions as observed in the CATH representative set used in this
study. Intervals were calculated with a width of 20 residues. The domain frequencies
were used by DGS-M to calculate the probabilities o f a predicted domain length.
Single domain (blue), two-domain (red), three-or-more domains (green), all-domains
(black).
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Figure 4.2

Frequency of chain lengths

Frequency of chain lengths of one (blue), two (red), and three-or-more domain
(green) chains for a 40-residue length interval.

These frequencies were used by

DGS-M to calculate the likelihood of the number of domains for a given chain
length.
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4.3.2

Secondary structure prediction accuracy

PSIPRED secondary structure predictions (section 4.2.6) had a Q 3 accuracy of 76.6%
and Sov score of 72.5%.

4.3.3

Domain number prediction

The success rate of each method in predicting the number of domains for
each chain in the non-redundant set can be seen in Table 4.1. This was measured as
the percentage of one, two and three-or-more domain chains predicted correctly.
Also shown is the success rate for domain number prediction for all the chains in the
representative set. The simplest method, random-weighted (section 4.2.2.1) set the
lower limit of prediction. Domain number was assigned according to the frequencies
found in the representative set. Here the overall success rate was 61.4%, with three
quarters of the single domains correctly assigned, 16.8% of two-domain and 6.3% of
three-or-more domains. These values agree well with the theoretical values of 76%,
17% and 7% for single, two and three-or-more domain chains respectively,
calculated from the sum of squares of the frequencies of the single and multi-domain
chains in the non-redundant set (last line of Table 4.1).
The comparison of the CATH and DDD assignments set an upper limit for
domain prediction (section 4.2.7). The PUU algorithm used by DDD to assign
domains is a fully automated method in contrast whilst CATH domain identification
is semi-automated. Table 4.1 shows that agreement between the domain databases
covers approximately 80% of single domain chains, whereas nearly two-thirds of
two-domain and three-or-more domains are given matching assignments. The results
of the all-against-all alignment of sequences in the non-redundant set (section 4.2.3)
are close to those values generated by the random method, confirming the lack of
discernable sequence identity in the benchmarking procedure (section 4.2.8). The top
assignments for both DGS-W and DGS-M (section 4.2.5) were most often found to
predict the target as a single domain chain. This gives 100% prediction accuracy for
single domain chains, but few correct predictions for multi-domain chains.
Therefore, here the success rate of DGS top hit domain number prediction reflects
the percentage of single domain chains in the test set only. Scoring the all-against-all
comparison of the non-redundant set in terms of the absolute difference in length
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Method
Dali Domain Dictionary
DomSSEA observed secondary structure
DomSSEA predicted secondary structure
DGS-M
DGS-W
Absolute difference in length
Sequence alignment (Pasta)
Random (weighted)
Sum of Squares

Table 4.1

Percentage correctly assigned domain number
All
1 domain 2 domains 3+ domains
81
79
66
65
75.4
83.9
47.5
38.1
73.3
45.6
82.3
36.5
99.8
1 .0
76.7
0 .0
1 0 0 .0
76.7
0 .0
0 .0
6 6 .2
78.4
22.3
38.1
60.9
74.9
17.3
7.9
61.4
75.8
16.8
6.3
76.0
17.0
7.0
62.0

Prediction of domain number

The percentage of chains given a correct domain number prediction (top hit
prediction). Values are shown for chains correctly predicted as single, two-domain
and three or more domains. Also shown is the domain number prediction success rate
for all chains in the representative set.
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gave an overall success rate of 66.2%. A large percentage of the single domain
chains were predicted correctly, with just over

20%

of the two-domain chains and

over one-third of the multi-domain chains.
Of all the methods, DomSSEA (section 4.2.6) achieved the highest success
when considering multi-domain proteins, especially for two-domain chains. Over
80% of the single domain chains are correctly assigned, with just under one-half of
the two-domain chains and one-thirds of three-or-more domain chains predicted
correctly. The use of predicted secondary structure over observed does not appear to
be overly detrimental to the outcome of the method. Table 4.2 shows the percentage
of correct and incorrect domain number prediction given by DomSSEA (predicted
secondary structure). The majority of false positive predictions given by DomSSEA
tend to be under predictions of domain number (and in turn domain boundary
frequencies).

4.3.4

Boundary prediction for two-domain chains
As shown, each method tested predicts domain number with varying levels of

success. To provide a more level playing field and facilitate an easier comparison of
domain boundary prediction each method was used to predict the domain boundary
for the
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two-domain chains in the non-redundant set (rather than predicting both

domain number and boundaries) (section 4.2.11). In other words, given the target
was known to be two-domain by a given method, how often could the cut point
between the domains be correctly predicted? Figure 4.3 shows a plot for each method
for the percentage of correct assignments for windows of ±1-20 residues. Table 4.3
shows the percentage of top hits giving the correct domain boundary within a
window of ±20 residues around the CATH assignment. The methods in this table are
ranked in order of success. Random boundary assignment provides the baseline in
dividing two-domain chains. This random simulation sets the base line of locating
the domain boundary in the two-domain chains, with just under 27% of the
boundaries correctly located (±20 residues). Again the alignment of sequences
resulted in a similar level of prediction accuracy. The most successful method, and
upper benchmark are the domain assignments given in the Dali Domain Dictionary.
The common set of chains found in CATH and DDD gave an 81.8% agreement in
the domain boundary assignments. Interestingly the results from the two
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Number of domains assigned by CATH
Number of domains
predicted by DomSSEA

1

2

3 or more

1

82.3

43.1

15.9

2

14.7

45.6

47.6

3 or more

3.0

10.9

36.5

Table 4.2

Percentage of correct and incorrect domain number predictions
given by DomSSEA

The predicted number of domains by DomSSEA (predicted secondary structure)
against the number of domains assigned by CATH.
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60.0
C onsensus boundary prediction
UN
Dom SSEA observed secondary structure
Dom SSEA predicted secondary structure
DGS-M
Difference in length
PASTA
Random (weighted)

4-/ - residues

Figure 4.3

Prediction success of two-domain chain boundary assignment

Success rate for the top-hit domain boundary assignment for two-domain chains, for
window cut-offs between ± 1 - 2 0 residues.
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Percentage correctly
Methods
assigned boundaries
Dali Domain Dictionary
81.8
Consensus
52.5
L/N
49.5
DomSSEA observed secondary structure
49.5
DomSSEA predicted secondary structure
49.0
DGS-M
46.0
Absolute difference in length
44.6
DGS-W
37.1
PASTA
30.0
Random (weighted)
26.8

Table 4.3

Domain boundary prediction for two-domain chains

Prediction of domain boundaries were made for a representative set of two-domain
protein chains (± 2 0 residues).
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implementations of DGS differ somewhat. The results generated by DGS-W
achieved correct assignments in approximately 37.1% of the two-domain chains,
whereas DGS-M, using probabilities generated from our own data set, predicted a
higher percentage of 46% correct boundary assignments at this cut-off (±20
residues). The success rate of absolute difference in length falls between DGS-W and
DGS-M. Alignment of predicted secondary structure elements by DomSSEA
produced some improvement over the DGS-M, with slightly over 49% of the
predicted two-domain boundaries being correctly assigned (±20 residues). It is
apparent that the division of two-domain chains into equal fragments is a valuable
procedure. Just under half of the chains were assigned a correct domain cut. This
reflects the degree to which the domain assignment in CATH partitions two-domain
chains into equally sized units. Finally, the method that assigned the most cuts
correctly in the absence of 3D structure was the consensus method (section 4.2.10)
with approximately 52% of the chains assigned a correct cut (±20 residues).

4.3.5

Overall prediction of domain number and domain boundaries

A useful domain identification method must predict domain number and any
corresponding domain boundaries with a reasonable degree of reliability. In terms of
a fully automated protocol, one must consider the methods as an overall procedure,
and the prediction is taken as the top hit assignment. The overall accuracy of top hit
predictions for domain number and boundaries for multi-domain chains can be seen
in Figure 4.4. Table 4.4 also demonstrates the effectiveness of each method in giving
correct assignments for all chains in the representative set, at ±20 residues as well as
for solely multi-domain predictions. The use of DomSSFA to both predict domain
number and boundaries using predicted secondary structure gives correct
assignments for just under 25% of the multi-domain chains, at ±20 residues (four
times better than the next best method, difference in length). The simple procedure of
dividing the chains into equal length, given the domain number was predicted by
DomSSFA, results in a similar success rate to boundary assignments by secondary
structure element alignment. Using DomSSFA to predict domain number and the
consensus method to locate the corresponding domain boundaries proved to assign
the greatest number of correct domain boundaries for the multi-domain chains over
the window cut-offs of ±1-20 residues (Figure 4.4). As well as these predictions
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Figure 4.4

Overall prediction of domain number and boundaries for multi
domain chains

Overall predictions for multi-domain chains, for window cut-offs between ±1-20
residues. Correct predictions required both correct domain number and boundary
assignments. Success was measured in terms of top-hit assignments.
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20

Methods
DomSSEA observed secondary structure
*DomSSEA predicted & consensus
*DomSSEA predicted & L/N
DomSSEA predicted secondary structure
Difference in length
*Average domain length & DGS-M
Sequence alignment (FASTA)
Random (weighted)
DGS-M
DGS-W

Table 4.4

Percentalp correctly assigned
All chains Multi-domain chains
70.2
24.7
68.6
24.0
68.0
24.0
68.7
23.6
62.0
8.4
6.1
66.6
57.9
2.3
58.3
1.1
76.6
0.0
76.6
0.0

Overall prediction of domain number and boundary, for single
and multi-domain chains (± 20 residues)

DGS achieved the highest overall correct assignments (for all chains) as it most often
predicts single-domain as its top hit. Using average domain length to predict domain
number also achieves a high overall success rate as any chain less than 300 residues
in length (twice the domain average) is predicted as single-domain.
* Combined methods use first method for domain number predictions, and second
method for boundary prediction. For example, DomSSEA predicted and consensus,
uses the number of domains given by DomSSEA (predicted secondary structure) and
then

uses

the

consensus

domain
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boundary

prediction

method.

including a high number of correct assignments for two-domain chains, several
correct assignments were made for chains containing three-or-more domains with
just over one-third of domains correctly assigned as three-or-more domains being
given at least one correct domain boundary prediction within ±20 residues.

In an attempt to guide the top prediction given by DGS-M, the mean domain
length in the representative set (150 residues) was used to predict the number of
domains. For example, chain lengths less than or equal to 150 residues were
predicted as single domain, between 150 to 450 residues as two-domain and greater
than 450 residues (three times the average domain length) as three-or-more domains.
DGS-M was then used to predict domain boundaries. This achieved a correct domain
number and cut prediction for only 3% of the 265 multi-domain chains. As a further
method, the average domain length was also used to predict domain boundaries, for
instance a chain length of 320 residues was divided at 150 residues from the Nterminus. However this resulted in fewer correct predictions than using DGS-M to
locate domain boundaries.

4.3.6

Sensitivity and selectivity

The method used in benchmarking domain boundary prediction in this study
is more stringent than that used in a number of other domain prediction studies. Here,
scoring domain boundary predictions for continuous multi-domain chains is
dependent on correct assignment of domain number. Domain boundary prediction
can also be scored on a basis of the number of boundaries correctly predicted, out of
all the boundaries to predict in the multi-domain data set. Such a score is often
defined as the sensitivity of prediction. However, this value does not take into
account the number of predictions that have been made. For example, a two-domain
chain of 100 residues has 21 possible cut points (if the minimum permissible domain
size is 40 residues) after residue 40 and before residue 61. If 21 predictions were
made, the sensitivity would be 100%, however this would be a misleading figure. A
corresponding value, called the selectivity of prediction can be calculated, the
number of correct predictions, divided by the number of predictions made. In this
example the selectivity would be less than 5%.
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Calculating such values for DomSSEA (predicted secondary structure) gives
a sensitivity of 31% with an associated selectivity of 31.6% (±20 residues). To make
these calculations for DGS-M is made more difficult by the fact, as previously
observed, that its top hit prediction is most often single domain. A way to guide the
domain number assignment made by DGS is to base the predictions on the average
length of a domain (found to be 150 residues for the data set used in this chapter).
For example, chains less than 150 residues can be assigned as single domain, those
between 150 and 450 residues as two-domain, the remainder above 450 residues as
containing three-or-more domains. Using this modified form of DGS-M gives a
sensitivity of 21.1% with an associated selectivity of 23.5%. Using a random
prediction method (where domain number is predicted and any corresponding cuts
are randomly predicted) gave a sensitivity of 3.3% with an associated selectivity of
5.2% (±20 residues).

4.3.7

Discontinuous domain assignment

This analysis has so far only focused on the assignment of continuous
domains. However, the use of DomSSEA for delineation of discontinuous domain
boundaries was also addressed. Pairwise alignments were made by DomSSEA for a
representative set of two-domain chains containing only continuous domains or at
least one discontinuous domain (section 4.2.1). Predicted secondary structure was
used for the target sequence. Two random baseline measurements were also
implemented. Baseline 1 predicted discontinuous domain boundaries by equally
partitioning the target protein into 3 equal fragments thus predicting two linker
regions (found to be the most common number of linker regions in two-domain
discontinuous chains). Baseline 2 randomly predicted the position of two linkers
regions (Table 4.5).
The percentage of the discontinuous two-domain proteins with all linkers
correctly predicted was 13% (±20 residues). Linker assignment accuracy was also
calculated on a linker basis, in other words, the number of linkers in the two-domain
discontinuous test set correctly identified. Again, such prediction accuracy can be
measured in two ways: sensitivity, the number of linkers correctly predicted divided
by the total number of linkers to predict and selectivity, the number of correct
predictions divided by the total number of predictions made. Table 4.5 shows both
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Method

Table 4.5

Sensitivity

Selectivity

± 10

±20

± 10

±20

DomSSEA

16.4

33.1

24.6

49.7

Baseline 1

13.4

24.4

17.7

32.3

Baseline 2

11.0

24.1

14.6

31.9

Prediction of domain boundaries for a representative set of twodomain chains containing discontinuous domains

Baseline 1 predicts domain boundaries by assigning two linkers to each chain by
equally dividing the chain into three fragments. Baseline 2 also assigns two linkers,
but randomly.
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sensitivity and selectivity values for boundary cut-offs of ±10 and ±20 residues for
DomSSEA and the two baseline methods. Baseline 1 gives a sensitivity of 13.4%
followed by Baseline 2 with 11.0% at ±10 residues. DomSSEA gives a slightly
higher success rate if 16.4% of the discontinuous linkers assigned correctly at the
same cut-off. The selectivity measurements give higher values for the two baseline
methods as well as DomSSEA, reflecting its tendency to under predict discontinuous
domain linkers.

4.4

Discussion

In this study a domain identification method has been implemented using the
alignment of predicted secondary structures of target sequences against observed
secondary structures of chains with known domain boundaries. Whilst mutations at
the sequence level can obscure similarity between homologues, their secondary
structure patterns remain more conserved because changes at the structural level are
less tolerated. The secondary structure alignment methods used here aim to exploit
these conserved features to locate domain regions within secondary structure strings.
The increase in accuracy in secondary structure prediction methods in recent years
has also made such attempts worthwhile. The overall aim was to evaluate how well
domain number and boundaries can be assigned to a given sequence using the new
method as well as other methods, in a situation where homology searches to
sequences with known domain assignments has been exhausted.
The similarity of the sequence alignment methods to random methods
confirmed that sequence homology was eliminated from the representative set by the
PSI-BLAST filter. In terms of distinguishing between one, two and three-or-more
domain chains, DomSSEA gave the most reliable results. Analysis of the twodomain chains as a simple means to measure boundary prediction showed some
improvement of DomSSEA over the next best method DGS, in predicting domain
boundaries. However the advantage of this method can be best seen when used as an
overall. It achieves the highest number of correct domain number and boundary
assignments, for 25% of the multi-domain chains (±20 residues, see Figure 4.4).
The comparison of the methods evaluated in this study to DGS was not
trivial. Taking only the top assignment from each prediction exposes the limitations
of DGS in providing a reliable top guess. This issue was addressed in two main
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ways; first by evaluating the ability of each method to predict the domain boundary
for a set of two-domain proteins thus making a fairer comparison and secondly by
using average domain length (calculated from the representative set) to guide the
DGS-M domain number prediction and therefore top predictions. Using domain
length to guide the DGS top prediction gave a linker prediction sensitivity of 21.1%
by DGS-M compared to a sensitivity of 31% for DomSSEA, with a selectivity of
23.5 compared to 31.6 for DomSSEA (±20 residues). The top hit given by DGS
becomes a lot more valuable with this approach and shows that domain prediction
based on protein length distributions can be effective. It should perhaps be noted that
the use of length cut-offs to guide domain number prediction for DGS only is not
necessarily a fair comparison, as other methods are not treated in the same way. If
the published form of DGS were to be used automatically, it is less useful than
DomSSEA. DGS is more useful as a guide to human experts, as it produces a
selection of likely possibilities from which a decision can be made. Automatic
methods would have to decide on a single answer without human intervention.
A interesting observation from this analysis is the frequency with which
multi-domain chains contain domains of similar length. Figure 4.3 shows that at a
cut-off of ±10 residues around the CATH cut, 33% of the representative two-domain
chains contained a domain boundary at the mid-point of the sequence. In order to
verify that this equal partitioning of chains was not just a feature of the CATH
assignment algorithm, the CATH non-redundant set of chains was compared to a
common set of chains found in DDD, and a further common set of chains found in
SCOP. These common sets were searched for the chains assigned with two equally
sized domains by CATH, ±10 residues. Of these chains found in DDD, 88% were
also assigned as two-domain with a boundary midpoint in sequence, whilst 97% of
these chains found in SCOP had similar assignments, ±10 residues. Furthermore of
all the chains assigned as continuous two-domain in the DDD common-set, and all
those assigned as continuous two-domain in the SCOP common-set, 33% and 34%
were given domain cuts midpoint in the sequence respectively. The tendency to
partition chains into equal fragments therefore does not appear to be solely a feature
of CATH. Although domain number and boundary assignments differ to varying
degrees, depending on which two classifications are compared, all three
classifications assign over 30% of their two-domain proteins with a boundary
midway between the C- and N-termini of the sequence. Indeed, as shown, the equal
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division of multi-domain chains is a successful method in determining domain
boundaries given the correct domain number is known. Analysis of predictions given
by DGS (with domain number prediction fixed for two-domain chains (section
4.2.9.2), or guided by domain length (section 4.3.6)) showed that many two-domain
assignments predicted a cut midway in the target sequence - many of which were
correct. The relatively high incidence of proteins containing similar sized domains
may in some cases be attributable to domain duplication events at the gene level,
forming domain repeats within a single structure (Heringa & Taylor, 1997). It may
be possible that the folding of multi-domain chains is best achieved when domains
are of a similar length, and may fold at a similar rate thereby avoiding aggregation.
Although DomSSEA (using predicted secondary structure) and the equal
partition method predicted domain boundaries with a similar success rate, to what
extent do their predictions overlap? If the top two predictions given by DomSSEA
are evaluated, 28% of the multi-domain chains are given correct domain number and
boundary assignments (±10 residues). Alternatively if the top prediction given by
DomSSEA is taken, but a second prediction is based on the number of domains
predicted by DomSSEA (second prediction) and the domain boundary predicted by
the equal division method, 34% of the multi-domain chains are given correctly
assigned boundaries (±10 residues). This increase demonstrates fewer overlapping
predictions between DomSSEA and the equal division method. (A similar procedure
for the partition of two-domain chains gives 41% correct hits for the top two
DomSSEA predictions, and 53% if both DomSSEA and the equal division
predictions are considered). Although these boundary prediction methods do overlap
the secondary structure element alignment procedure is able to predict more complex
domain arrangements than the simple subdivision method. Such a combination of
methods is worthy of consideration.
The assessment of the top ten assignments given by a prediction method has
advantages, allowing correct predictions further down the list to be taken into
account. In terms of predicting domain number however, benchmarking such a top
set of assignments could be a rather meaningless measure; in cases where several
different domain number predictions are given, it is likely one is going to be correct.
Perhaps more valuable is a top set of predictions for cases where a multi-domain
chain has been predicted. Here different boundary assignments could be checked and
used accordingly. This would most likely be a manual procedure and would be
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difficult to integrate into an automated annotation method. For example, for a given
target with no detectable sequence homology to a known structure or domain
sequence, one could take the domain number prediction given by DomSSEA. If the
target was predicted as two-domain, the top three two-domain predictions could be
considered. This would thus give six putative domains to be threaded. For the twodomain chains in the representative set (±20 residues), one of the top-three
predictions by DomSSEA gave a correct boundary assignment for over 60% of the
targets. Nevertheless, care would have to be taken benchmarking such a list of hits as
the likelihood of a correct assignment increases as more domain cuts are considered,
especially for shorter chains. This however would be at the expense of the number of
domains that would need to be tested by threading methods. Predicting all the
domain boundaries correctly within chains of three-or-more domains has been found
to be a difficult problem for all the methods analyzed. The most successful method
was dividing the chains into equal domain lengths. This reflected the observed
frequency of those multi-domain chains having similar sized domains. However
there are many more multi-domain chains having dissimilar sized domain
combinations.
A two-domain protein test set containing continuous and discontinuous
domains was used to measure the potential of DomSSEA in predicting discontinuous
domain boundaries. Although such an all-against-all alignment of two-domain chains
does not give an indication of how introducing discontinuous domains into the
DomSSEA library alters domain number prediction and overall assignment accuracy,
it does give an insight into boundary prediction given that the correct domain number
has been predicted. With just over 13% of the two-domain discontinuous chains
given correct assignments for all domain linkers, (±20 residues) the boundary
prediction accuracy is not high. The calculation of boundary assignment on a per
linker basis showed some increase in assignment accuracy of DomSSEA over the
baseline random methods. The selectivity measure of nearly 50% of linkers correctly
predicted (±20 residues) appears encouraging, but must be tempered by the fact that
this value is partially attributable to the observation that DomSSEA tends to underpredict discontinuous domain linkers. This is due in part to the false positive
alignment of chains composed of continuous domains against target chains
containing discontinuous domains. Interestingly although the equal division of
continuous chains gave a similar percentage of correct domain assignments to
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DomSSEA, the same is not so for baseline 1, where the success rate was lower.
Whilst the addition of discontinuous domains to the DomSSEA library would make
discontinuous domain assignment possible to some degree, it would also have a
detrimental affect on the reliability of continuous domain assignment, introducing a
greater number of false positive boundary predictions. One would have to weigh up
the advantage of assignment of discontinuous domains, with the trade off in reducing
continuous assignment accuracy. If methods such as DomSSEA are to be applied to
genomes of higher organisms, as is intended, one must take into account the
modularity of higher eukaryotic gene products, especially for larger proteins. A large
frequency of multiple-domain proteins in higher eukaryotes are made up of
continuous domain units, a result of gene duplications and fusion events making
proteins containing continuous modular regions of structure the predominant class.
Furthermore, the usefulness of discontinuous domain assignment must also be
considered in terms of structure prediction.

At present, the ability to predict the

structure of such domains using fold recognition, given that fold libraries consist of
continuous domains is extremely limited.
Recently the SnapDRAGON method developed by George & Heringa
(2002a) has been published which uses ab initio folding simulations to predict the
domain boundaries within a given amino acid sequence. Direct comparison of
success rates between SnapDRAGON and DomSSEA is not easy due to the different
calculations that have been used to measure the accuracy of the methods. However
the success in assignment of domain number appears to be similar, with DomSSEA
(using predicted secondary structure) giving correct predictions for 73.3% of protein
chains compared to 72.4% by SnapDRAGON. Comparison of domain linker
prediction can be carried out on the basis of sensitivity and selectivity of linker
prediction. The selectivity values of the two methods are relatively similar, shown to
be 39.1% for continuous chains in the SnapDRAGON study and 31.6% here.
Comparison of the sensitivity values between the methods shows a more substantial
difference, with SnapDRAGON having a higher sensitivity of 55% compared to
DomSSEA having 31%. The data sets used in the two method varies somewhat as do
the linker boundary assignments. Perhaps more important is the computationally
intensive aspect of SnapDRAGON, for example, 100 processors are required to make
a prediction of length <400 residues in approximately an hour. It can be seen that this
leads to a trade-off between the increase in accuracy of SnapDRAGON versus
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DomSSEA, and the far greater time required to obtain a SnapDRAGON prediction
compared to DomSSEA.
The use of DomSSEA alignments is based on the premise of a crude fold
recognition method, as previously explained. At its best, the alignment of similar
secondary structure strings between the template and target should hopefully provide
a successful domain boundary prediction (or at least domain number prediction).
This study has attempted to show what can presently be achieved by using relatively
simple methods to predict protein domains from sequence in the absence of
homology. The results have shown that the alignment of secondary structure
elements is the most reliable of the methods analyzed here for domain number
assignment and overall domain number and boundary prediction. A given method
may perform well at predicting domain number or domain boundary, but it is when
accuracy in both is combined that the most useable results will be achieved. The
methods in this study were tested on a non-redundant set of chains taken from the
CATH structural database. Although this is not a full set of genomic sequences, it
enables a reliable insight into the effectiveness of these methods in comparison to
one another. A future stage will be applying DomSSEA to such genomic data, in
order to gauge its usefulness in larger scale genome annotation applications.
Although it must be conceded that methods such as DomSSEA are still somewhat
limited in their overall reliability, there is certainly room for such fast procedures to
act as a pre-filtering stage in automatic genome annotation and threading methods,
where domain boundaries cannot be located purely from comparative sequence
analysis.
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Chapter 5
A combined approach to domain assignment using PSI-BLAST
sequence alignment and DomSSEA
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5.1

Introduction
One of the best approaches to domain assignment, and the procedure that

should be used first in any domain assignment strategy for a target protein sequence
is to search sequence data banks. The transfer and duplication of whole domain
sequences at the genetic level has enabled the evolution of modular proteins
containing combinations of domains in varying orders and numbers (Rigden, 2002).
The recurrence of domains in different protein sequences, where they may be found
at different proximities to the N- or C-termini or as duplications, may be used for the
assignment of domain boundaries. The comparative analysis of such proteins can
identify domains common to many sequences (Sonnhammer and Kahn, 1994).
The alignment of domain sequences such as those found in SMART (Schultz
et al., 1998), Pfam (Bateman et al., 2002) and ProDom (Servant et ah, 2002) can
used to infer domain locations in sequence. However, such searches may be limited
by the number of domain family representatives made available in these databases.
Sequence database search methods that use a position-specific score matrix
(PSSM) or profile, generated from related sequences, can find more remote
homologous matches than simpler pair-wise comparisons. One of the most widely
used profile methods is PSI-BLAST (Altschul et ah, 1997), which iteratively builds a
PSSM and uses it to search the sequence database. This continues until no more
sequences can be detected or the program reaches the specified number of iterations.
Assignment of domain boundaries by sequence comparison can be achieved in a
number of ways. A number of methods with differing levels of complexity have been
developed to assign domains from similarity searches made using the BLAST
sequence alignment algorithm to large non-redundant sequence databases. These
include BALLAST (Plewniak et ah, 2000), PASS (Kuroda et ah, 2000) and more
recently DOMAINATION (George and Heringa, 2002b).
In this chapter a sequence based domain assignment algorithm is developed.
Domains Parsed by Sequence (DPS), based on PSI-BLAST sequence alignments.
The DPS method attempts to predict the domain boundaries within a multi-domain
target sequence based on the observation that domain sequences can exist
independently or may have been shuffled into different sequence contexts within
different proteins. The alignment of such sequences to a putative multi-domain target
sequence may provide enough information to infer domain boundary locations. The
132

approach used in DPS is that a domain boundary search is made by calculating a
termini-profile over the query sequence, generated from the N- and C- termini
alignment positions of all significant PSI-BLAST aligned sequences from a large
non-redundant database of sequences. As such DPS is designed to be a simple
method in which domain boundaries can be inferred from sequence alignments. In
this chapter domain predictions are again made for the representative set of chains
described in section 4.2.1. However, the DPS method is used as a pre-filter for
domain assignment prior to the use of DomSSEA. Similarly to the previous chapter,
the general strategy for domain assignment is focused towards delineating
continuous domains, however the assignment of discontinuous domains is also
considered.

5.2

Methods

5.2.1

The data set of chains used in this study
The data set used for this study was required for two main applications; first,

to address the outcome of varying the parameters used by the sequence alignment
method, DPS on its domain predictions, and second, to assess the use of DPS for
domain prediction and the combined approach using DPS and DomSSEA. The set
was made up of single and multi-domain sequences as assigned by the CATH
domain database and were selected from the non-redundant set of chains described in
section 4.2.1. This gave 369 multi-domain sequences, of which 263 contained only
continuous domains, and 106 sequences contained one or more discontinuous
domains. The discontinuous domains were selected on the basis that they contained
no more than two domain-linking regions between adjacent domains, similar to the
study by George and Heringa (2002b). A further set of 369 single-domain chains
were also selected from the non-redundant set used in Chapter 3. These chains were
selected as decoys to the multi-domain chains for the optimisation of the DPS
algorithm. Further, they were compiled to assess domain prediction by DPS and the
combined use of DPS and DomSSEA (described in sections 5.2.4 and 5.2.5). It is
highly likely that a sequence of length less than 120 residues will be single domain
(Jones et al. 1998, section 4.3.1). Therefore all single-domain chains used here were
of a length greater than 120 residues, and were therefore of similar lengths to known
multi-domain chains.
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Reference domain assignments were taken from the CATH database.
Corresponding domain boundary assignments were compared to domain boundary
predictions, with a margin of error of ±20 residues about the CATH assignment. This
is the error margin for boundary assignment that is used for most analysis of domain
boundary assignments (Kuroda et al., 2000; Wheelan et al., 2000;

George and

Heringa, 2002b).

5.2.2

Domains Parsed by Sequence (DPS) - outline of the method

Each query sequence is searched against nrdb90 (Holm and Sander, 1998)
using PSI-BLAST for detection of related sequences. PSI-BLAST parameters were
set as described by Altschul and Koonin (1998) with an E-value of 0.001 for
inclusion into the next round of searching (-h option). Each search was carried out
for no more than 4 iterations, or until convergence. Identical matches made to the
query sequence were removed. Each pair-wise sequence alignment generated by PSIBLAST with an E-value less than O.OI (see 5.3.1.1) was then analysed.
Next, the positions to which the aligned termini of the database sequence
have matched to the query sequence were recorded. This was repeated for all
significant PSI-BLAST matches, such that a count is made at a residue position in
the query sequence whenever a database sequence termini residue has been matched
to it. For example, if the first residue (i.e. N-terminal aligned residue) of an aligned
database sequence alignment was matched to residue 100 of the query chain, the
count for residue 100 was incremented by 1. In cases where alignment termini
residues were within 15 residues of the real N- or C-terminus of the database
sequence, the match was counted twice, as such aligned residues represent genuine
database sequence domain. Two separate counts were made; one for database
sequence N-termini matched residues and one for matched C-termini residues.
Once all the significantly aligned sequences have been counted, a smoothing
window of 15 residues (section 5.3.1.1) was moved over the query sequence, one for
the N-terminal distribution and another for the C-terminal distribution. This
procedure involved averaging the values of all the residues that lay within the
window, and giving the average value to the central residue. This smoothing effect
was used in order to take into account variability in the length of homologous
sequences. Next, the subsequent N-terminal and C-terminal smoothed distributions
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were combined, taking into account those regions in which both N-terminal and Cterminal residues had been found to align. Such regions were more likely to indicate
the end and beginning of adjacent domains and therefore a domain boundary in the
query sequence. In such situations it might be expected that the C- termini region of
a homologous domain sequence may be closely followed by the N-termini aligned
region of another homologous sequence. Regions that contained counts for both Nand C-terminal aligned residues were given a weighting, such that half the maximal
count at the N- or C-terminal residue position was added to the sum of the N- and Cterminal counts to form a combined value. In addition, for positions in which only Nor C-terminal (or neither) alignments had been observed, the combined profile was
the sum of the two distributions. The combined smoothed distribution now
represented a profile of the aligned database sequences. The elevated regions of the
profile should represent putative domain boundaries, i.e. regions in which a number
of database domain termini have been found. To assign domain boundaries from
such elevated regions, or profile peaks, their significance was compared to the
distribution over the remaining query chain. In order to do this a mean and standard
deviation was calculated over the distribution and a Z-score was calculated for each
residue in the query sequence; where the Z-score is given by:

Z-score = ( x - X )/(J ( X )

where X is the profile value for each residue position.

The alignment of nrdb90 sequences can result in termini hits that are
equivalent to the N- and C- termini of the query chain. The aligned positions of these
termini hits may not exactly match those of the query sequence, a result of the
natural variation in lengths of homologous sequences. This can lead to profile ’edge
effects’ in both the first and last 40 residues of the query sequence. It is important to
avoid incorrect boundary predictions due to such edge effects which may appear as
significant peaks in the profile. In order to address this issue, the first and last 40
residues of the boundary profile are flattened, i.e. they are given a value of 0. In
cases where edge effects are found to extend beyond the first or last 40 residues of
the sequence, the corresponding residues are also flattened. The mean and standard
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deviation of the smoothed N- and C-termini alignment counts were therefore
calculated for all residues, excluding those considered to be part of an edge effect.
All peaks in the profile that were found to have a Z-score greater or equal to
1.5 (5.3.1.1) were assigned as putative domain boundaries. Domain boundaries were
assigned to the highest peak first. In cases where a domain boundary was assigned,
residues within ± 30 amino acids of the central residue of the profile boundary peak
were assigned a Z-score of 0. This was carried out in order to avoid domain
boundaries being assigned within 30 residues of one another, since 30 residues is the
smallest domain size permitted in the CATH database (Orengo et al., 1997).
5.2.3

A study of DPS parameters
The different parameters used in the DPS algorithm were varied in order to

investigate the effect on domain prediction. This was carried out by varying the
values of three major parameters: The PSI-BLAST E-value threshold, with which a
matched sequence was deemed a significant match, the length of the smoothing
window, and the Z-score cut-off with which to assign domain boundaries from peaks
in the termini-profile. Two main issues were addressed: The first is to reliably
distinguish between single-domain and multi-domain protein chains and the second
is that prediction of multi-domain chains must be accompanied with reliable domain
boundary assignments. The percentage of correctly and incorrectly assigned single
and multi-domain predictions was calculated for different values of each of these
parameters. Also the assignment of domain boundaries by DPS was considered by
again varying each of these values. Reasonable values were considered to be those
that gave the highest number of correct assignments whilst maintaining the lowest
number of incorrect assignments for both domain content and boundary prediction.

5.2.4

Benchmarking domain prediction by DPS

DPS was used to predict the domain content and corresponding domain
boundaries of the single and continuous multi-domain chains in the non-redundant
test set (section 5.2.1). In cases where a boundary was predicted, the chain was
predicted as multi-domain, whilst in cases where no boundaries were found, the
chain was predicted as single-domain. Predicted boundaries were compared to
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boundaries assigned by CATH, and those within ±20 residues of a CATH boundary
were recorded as correct predictions.

5.2.5

Domain prediction using both DPS and DomSSEA

As outlined in Chapter 4, DomSSEA was designed to predict protein domains
in cases where domain content could not be inferred by sequence comparison
techniques. Using DPS together with DomSSEA aimed to provide a predictive
solution in cases where DPS was unable to assign domain boundaries to a target
protein, due to a lack of available homologous sequences. In such cases a structural
approach to domain assignment, as used by DomSSEA can often be useful
DomSSEA was used in two ways. First, in cases where DPS assigned a query
sequence as single-domain, it was not definitive as to whether this was a correct
prediction, or was a result of a lack of homologues to form a termini-profile.
DomSSEA was therefore used to verify the single-domain prediction and if verified,
the query sequence was assigned as a single domain chain. However, if DomSSEA
did not verify this single-domain prediction i.e. it made a multi-domain prediction
then it was this multi-domain prediction that was assigned to the query. In other
words, DomSSEA was used to assign both domain number and corresponding
domain boundaries. The second case in which DomSSEA was used was when DPS
predicted a chain to be multi-domain. In such a situation, a further multi-domain
prediction was made by DomSSEA, and the boundary predictions of both the DPS
and DomSSEA predictions were combined by overlaying the predictions. In cases
where predictions were within 30 residues, the DPS boundary prediction was used.
This combination of boundary predictions was used to address the possibility that
domain boundaries, undiscovered by sequence searching, might exist, and therefore
be found by DomSSEA.
5.3

Results

5.3.1

Variation of DPS parameters
By varying these parameters, a default set could be chosen that gave a

reasonable trade-off between domain number and domain boundary prediction.
Choosing parameters can be rather subjective, as the selection made can depend
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largely on what you want to use the method for. In this case a choice of parameters
was made to assign domain boundaries as accurately as possible, whilst also
retaining a useful domain number prediction accuracy.
5.3.1.1 Domain content prediction.
The DPS algorithm was developed in order to assign domain boundaries from
sequence comparison using PSI-BLAST local alignments. Three main parameters
were varied, E-value, Z-score and the length of the smoothing window (section
5.2.3). The analysis was carried out using the data set of single domain and multi
domain chains (section 5.2.1). Whilst the study was mainly focused upon the
assignment of continuous domains, discontinuous domain assignment has also been
addressed.
Table 5.1 shows the results for the prediction of the domain content of the test
sequences for Z-score cut-offs of I.O, 1.5 and 2.0, together with E-value cut-offs of
I, 10 ^ and 10'^^. All values were calculated with an initial fixed smoothing window
length width of 15 residues. For the multi-domain chains, the percentage of multi
domain sequences correctly predicted to contain more than one domain is shown, i.e.
the percentage of true-positives. The true-positive multi-domain prediction values are
also shown for continuous multi-domain and discontinuous multi-domain chains.
The number of single domain chains incorrectly predicted to be composed of more
than one domain is shown as the percentage of false-positives. By increasing the Zscore and therefore the distance by which a peak in the termini-profile must deviate
from the mean, the number of correctly assigned multi-domain chains decreases, but
with a corresponding decrease in the false positive prediction of single-domain
chains as multi-domain. Furthermore, it can be seen from Table 5.1, that by
decreasing the E-value and therefore increasing the significance of a PSI-BLAST
alignment hit permitted to be included in the termini-profile, appears to have a
smaller effect on the true and false-positive rate of domain content prediction.
However the general trend seems to be smaller E-values giving fewer false-positives
with fewer true-positives. From these results, it would seem that a reasonable trade
off between the true and false-positive prediction rate of domain content prediction
for this study is given by a Z-score of 1.5.
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Z-score
1

1.5

2

% predicted as multi-domain
all
continuous
discontinuous
multi-domain multi-domain multi-domain
(TP’s)
(TP’s)
(TP’s)
55.3
62.0
38.7

E-value
1

single
domain
(FP’s)
23.8

10^

21.1

52.6

57.4

38.7

IQ-IO

1

19.5
14.6

49.3
45.8

54.0
50.2

37.7
34.9

lO'S

13.6

43.1

48.7

29.2

IQ -lO

1

12.5
11.7

40.7
37.7

45.6
43.0

28.3
24.5

lO'S

10.0

34.7

39.5

22.6

lQ -1 0

8.9

31.7

36.9

18.9

Table 5.1 Prediction of domain content by DPS varying Z-score and E-value
cut-offs

Domain content was predicted using DPS with varying Z-score and E-value cut-offs.
Predictions were made for 369 multi-domain chains (263 continuous domain chains,
106 containing one or more discontinuous domains). Results are shown as
percentage correct multi-domain predictions (TP = true positives), and percentage
incorrect multi-domain predictions (FP = false positives), i.e. single-domain chains
predicted to be multi-domain.
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Figure 5.1 considers the effect of a wider range of E-values from 10'^^ to 1,
with a fixed Z-score of 1.5 and a fixed smoothing window size of 15 residues. It can
be seen, similar to the values in Table 5.1, that the percentage of correctly assigned
multi-domain chains only increases slightly over this range, by 5%, with an increase
of false-positive multi-domain assignments of 3%. Therefore, an E-value of 0.01
was chosen as a cut-off for use in this analysis, since it gives the highest multi
domain prediction accuracy, whilst retaining a false-positive assignment rate similar
to that given by smaller E-values cut-offs.
Correspondingly, Figure 5.2 shows the multi-domain prediction accuracy for
an E-value of 0.01, and Z-scores ranging from 1 to 5 with a fixed smoothing window
size of 15 residues. Although increasing the Z-score decreases the number of falsepositive multi-domain assignments, it also gives a rapid decrease in the number of
true-positives. The use of a Z-score of 1.5 appears to give a reasonable trade-off in
the prediction rate and reliability, giving as high a true-positive prediction rate, with
as few single-domain chains assigned domain boundaries as possible.
Finally, in order to assess the effect that different window sizes would have
on prediction accuracy window smoothing sizes between 7 and 19 (with an interval
of

2

residues, as the window must be an odd number, to allow a centralised residue)

were used (Figure 5.3). Figure 5.3 shows domain content prediction for the different
smoothing window lengths with a fixed Z-score of 1.5 and E-value of 0.01. A length
of 15 was chosen as it gives as few false-positive multi-domain predictions, without
decreasing the number of correct assignments to too large an extent.

5.3.1.2 Domain boundary prediction

So far, the parameters have been optimised for domain content prediction.
For a perfect domain assignment method, in all cases where a correct multi-domain
assignment is made, the corresponding boundary predictions will be true domain
boundaries (in this case as assigned structurally by CATFl). However, as has been
previously found, structural domain boundaries are not always equivalent to those
found in sequence (Marchler-Bauer et a l, 2002). Table 5.2 shows the effect that
different Z-score cut-offs have on the success of domain boundary assignment for
multi-domain chains. Shown separately are the results for continuous and chains
containing discontinuous domains. The sensitivity and selectivity (the calculation of
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Figure 5.1 Prediction of domain content by DPS varying the Ei-value threshold

Domain content was predicted using DPS varying the E-value thresholds between
10’^^ to 1.0, for inclusion of sequences into termini-profile distribution. A fixed Zscore of 1.5 and smoothing window length of 15 residues was used. Results are
shown as the percentage of multi-domain predictions made, for both the multi
domain and single-domain chains where; multi-domain chains correctly predicted as
multi domain (triangle), continuous multi-domain chains correctly predicted as
multi-domain (circle), discontinuous multi-domain chains correctly predicted as
multi-domain (diamond), single domain incorrectly predicted as multi-domain
(square).
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Figure 5.2 Prediction of domain content by DPS varying Z-score cut-off

Domain content was predicted using DPS varying the Z-score between 1 and 5, for
assignment of domain boundaries form termini-profile peaks. A fixed E-value of
0.01 and smoothing length of 15 residues was used. Results are shown as the
percentage of multi-domain predictions made, for both the multi-domain and single
domain chains where; multi-domain

chains correctly predicted as multi domain

(triangle), continuous multi-domain

chains correctly predicted as

(circle), discontinuous multi-domain

chains correctly predicted as multi-domain

multi-domain

(diamond), single domain incorrectly predicted as multi-domain (square).
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Figure 5.3 Prediction of domain content by DPS varying the smoothing window
length

Domain content was predicted using DPS varying the smoothing window length
between 9 and 19 residues, for assignment of domain boundaries form terminiprofile peaks. A fixed E-value of 0.01 and Z-score of 1.5 was used. Results are
shown as the percentage of multi-domain predictions made, for both the multi
domain and single-domain chains where, multi-domain chains correctly predicted as
multi domain (triangle), continuous multi-domain chains correctly predicted as
multi-domain (circle), discontinuous multi-domain chains correctly predicted as
multi-domain (diamond), single domain incorrectly predicted as multi-domain
(square).
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Z-score
1.0
1.5
2.0
2.5
3.0
3.5
4.0
4.5
5.0

Table 5.2

multi
continuous
discontinuous
sensitivity selectivity sensitivity selectivity sensitivity selectivity
34.4
12.6
39.3
44.1
51.6
53.6
25.4
29.7
8.4
54.0
56.0
45.5
21.7
25.0
7.5
62.1
59.9
59.5
21.4
7.1
18.9
66.7
81.0
68.8
14.9
16.8
5.9
72.8
69.3
93.3
11.7
12.4
78.7
5.9
73.8
100.0
8.5
9.9
81.1
78.3
2.9
100.0
7.0
92.1
8.0
2.5
87.9
100.0
3.8
4.9
0.4
94.7
95.0
100.0

Domain boundary predicition by DPS witb varying Z-score

Domain boundaries were predicted using DPS with varying Z-score cut-offs.
Predictions were made for 369 multi-domain chains (263 continuous domain chains,
106 containing one or more discontinuous domains). Results are shown as sensitivity
and selectivity values where sensitivity is defined as the number of correct boundary
predictions divided by the number of boundaries to predict. The selectivity is defined
as the number of correct boundary predictions made, divided by the total number of
boundary predictions made.
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these values is described in section 4.2.9.2) of boundary assignments are shown, for
Z-scores of 1.0 to 5, with a fixed E-value cut-off of 0.01, and smoothing window of
15 residues. It can be seen that by increasing the Z-score cut-off, sensitivity is
decreased, with an according increase in selectivity. Using a Z-score of 1.0 looks
reasonable for assignment of domain boundary since predictions using this value
give nearly 9% more correct boundary assignments than when a Z-score of 1.5 is
used, with only a slightly smaller selectivity of 51.6% vs. 54%. However, as
discussed in section 5.3.1.1, a Z-score of 1.5 gives a fair trade off between falsepositive and true positive domain content prediction and as such, this value should be
retained.

5.3.1.3 The discontinuous domain problem

The prediction of discontinuous domains has also been addressed and results
are shown in Tables 5.1 and 5.2 and Figures 5.1 to 5.3. It can be seen that there is a
common trend in all these optimisation results regarding the assignment of
discontinuous domains. That is - both assignment of domain content, and domain
boundaries is lower for chains containing discontinuous domains as compared to
those consisting of only continuous domains. These discontinuous domain prediction
values represent the prediction rate that can be obtained from PSI-BLAST local
sequence alignments, and illustrates the overall complexity in assigning such
domains. This is examined to a greater extent in section 5.3.5.

5.3.1.4 The consequence of flattening “edge effects”

As described in section 5.2.2, peaks in the termini-profile can occur at the
query N- and C-terminus as a result of a large number of homologous sequence
matches of similar length to the query. It is possible that such peaks or “edge effects”
in the profile may be assigned as false positive domain boundaries. The DPS
algorithm was therefore designed to flatten such edge effect regions as described in
section 5.2.2. Although this flattening procedure may result in real domain
boundaries within the flattened region being missed, such boundary profile peaks
may be obscured by the edge effects anyway. To assess the effect this flattening may
have on prediction of domain boundaries the cumulative frequency distribution of
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continuous and discontinuous domain boundary cuts within a given distance of the
N- or C- termini of their sequences is shown in Table 5.3. For the multi-domain
chains used in this study it can be seen that continuous domains boundaries are only
found above a distance of 50 residues from the N- or C-sequence termini. In contrast,
discontinuous domain boundaries are found in relatively high numbers close to the
N- or C- termini. For example, nearly 10% are found within the first or last 60
residues as compared to just over 3% of continuous domains. This flattening
procedure (where 40 residues at the both ends are the profile are given a value of 0)
therefore has more of an effect upon discontinuous boundary prediction than
continuous domain boundary prediction.

5.3.2

Domain content prediction by DPS using the default parameters

Now that a choice of default parameters for the Z-score, E-value and
smoothing window length had been made, domain predictions for the 263 single and
263 continuous multi-domain protein chains from the test set were carried out using
DPS (section 5.2.4). The results of these predictions are summarised in Table 5.4. In
this table it can be seen that 50% of the CATH multi-domain chains (131) were
predicted to contain more than one domain. This prediction rate was achieved with a
high selectivity of nearly 80%. The incorrect assignment of many multi-domain
chains as single domain is attributable to the insufficient number of sequences within
nrdb90 that enabled domain boundary delineation. This method is limited in cases
where homologous sequence segments of query sequence domains are found in an
insufficient quantity and/or context within the alignment database to calculate a
termini-profile peak of enough significance to allow domain boundary assignment. It
is also possible that homologous domain sequences may have existed in the sequence
database, but the same domain arrangement as the query sequence. It can also be
seen from Table 5.4 that the success rate in correct assignment of single-domain
chains is 87%. As shown the selectivity of single-domain prediction is somewhat
lower than the high sensitivity value. This is mainly due to those multi-domain target
chains, shown to have no domain boundaries in the termini-profile, and therefore
predicted to be single-domain. Finally, the overall sensitivity value for domain
content prediction by DPS is

6 8 %.
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Distance from
N- or C- termini
(residues)
0-10
0-20
0-30
0-40
0-50
0-60
0-70
0-80
0-90
0-100
0-110
0-120

Table 5.3

Cumulative frequence of CATH domain boundaries
continuous
0.0
0.0
0.0
0.0
0.0
3.3
6.9
11.0
17.9
25.6
30.5
34.9

discontinuous
0.7
2.7
4.3
6.1
6.8
9.5
11.3
12.9
17.5
20.0
23.8
26.3

Cumulative frequencies of the distance of the N- or C-termini of the
CATH domain boundaries within the non-redundant test data set

The cumulative number of boundaries of continuous and discontinuous domains of
the multi-domain test set that fell within a given distance of their sequence N- or Ctermini are shown. If a boundary was found within the distance cut-off from both the
N- and C- termini, it was counted only once.
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Domain content prediction
AU
Single
Multi
Sensitivity TP FP Sensitivity Selectivity TP FP Sensitivity Selectivity
(%)
(%)
(%)
(%)
(%)
DPS

68

228 132

87

63

131 35

50

79

DPS and
DomSSEA

73

181 63

68

74

201

76

71

81

Table 5.4 Domain content prediction by DPS and DPS together with DomSSEA

Domain content was predicted using DPS and DPS together with DomSSEA. Results
are shown for all chains, single-domain chains, and multi-domain chains {containing
only continuous domains). Sensitivity and selectivity are shown for the single and
multi-domain chain predictions. Sensitivity values alone are shown for all chains
since in this case sensitivity is equivalent to selectivity. The number the number of
true and false positive predictions from which these were calculated are also shown
where; TP denotes true positives e.g. single-domain chain predicted to be single
domain, FP denotes false positives e.g. single-domain chains predicted to be multi
domain. Sensitivity is defined as TP/N, where N = the number of single, or multi
domain chains to predict, in this case N=263. Selectivity is defined as TP/(TP+FP)
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5.3.3

False positive multi-domain content predictions by DPS

Next it was important to consider those single-domain chains incorrectly
assigned as multi-domain by DPS. Figure 5.4 shows the distribution of chain lengths
for the 263 single-domain chains used in assessing domain prediction in this study,
The average single domain length is 148 residues. Also shown as points in Figure 5.4
are the chain lengths of the 35 single-domain chains incorrectly assigned as multi
domain by DPS. It can be seen that all of them have lengths greater than the average
domain length, and a majority of them have lengths which are unlikely for single
domain chains. Thus, the rate of false positive multi-domain predictions increase
with chain length - perhaps not surprising as larger chains tend to be multi-domain.
To check that these chains were not in fact multi-domain chains missassigned as single-domain by CATH, the domain assignments given by SCOP were
checked. Of the 35 chains, 33 were also assigned as single-domain by SCOP. Only
two were assigned as multi-domain. In both cases, DPS correctly assigned the SCOP
domain boundaries, (Inub chain A predicted cut at 143, SCOP cut at 151, and lank
chain A, predicted by SCOP to contain a discontinuous domain, DPS correctly
assigned the N-termini linker of the continuous domain inserted within the
discontinuous domain, DPS predicted cut at 123, SCOP cut at 135).

5.3.4

Domain content prediction by DPS together with DomSSEA

For protein sequences for which no reliable domain assignment can be made
by sequence comparison based methods, a structural approach is required. For this
reason DPS was used together with DomSSEA for such sequences (section 5.2.5).
Table 5.4 shows domain prediction results using this combined sequence and
structural approach when applied to the 526 single and continuous multi-domain
sequences in the test set. This combined approach and the results obtained are also
outlined in Figure 5.5.
In cases where DPS assigns a query chain as putative single-domain (i.e.
finds no domain boundary), the domain content prediction is taken from the top
scoring assignment made by DomSSEA. For chains predicted to be multi-domain by
DPS, DomSSEA was used to make a further multi-domain prediction, and the results
combined for boundary assignment as described in section 5.2.5. In Table 5.4 it can
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Figure 5.4 Chain length distribution of false-positive multi-domain predictions
made by DPS
The lengths of those single-domains predicted as multi-domain by DPS are shown
against the distribution of chain lengths for the single-domain chains in the test set.
Each dot on the X-axis represents a single domain chain (35 in all) assigned a
domain boundary by DPS and therefore considered a false positive multi-domain
prediction.
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600

526 CATH sequences
(263 single-domain &
263 continuous multi-domain)

DPS

Boundaries a s s i e d
by DPS

Predicted as multi-domain
35 FP single-domain

No boundaries
assigned by DPS

131 TP multi-domain

228 single-domain &
132 multi-domain
45 FP single domain
69 TP multi-domain

DomSSEA

Boundaries
assigned by DomSSEA

DPS & DomSSEA multi
domain prediction
sensitivity = 76%

Predicted as single-domain
DPS & DomSSEA sin^c
-domain prediction
sensitivity = 6S%

63 FP multi-domain
181 TP slngle-domaln

Figure 5.5

Combined approach to domain assignment using DPS and
DomSSEA

The flow-chart shows domain prediction (and results) using the combined approach
when applied to the 526 single and continuous multi-domain sequences in the test
set. The results obtained are shown in Table 5.4. TP denotes true positive, FP denotes
false positive.
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be seen that the selectivity of multi-domain prediction by DPS is nearly 80%. It is
therefore a reasonable assumption that in most cases that DPS assigns a boundary,
the given sequence can be said to be multi-domain. However in cases where no
domain boundary is assigned, it is still unclear whether the sequence is single or
multi-domain and therefore a prediction for the sequence is made by DomSSEA.
The combined approach to domain assignment increases the sensitivity of
multi-domain prediction of the 263 multi-domain chains by 26% from 50% to 76%,
though selectivity decreases from 79% to 71% (Table 5.4). The sensitivity of single
domain prediction however can be seen to drop from 87% to 72%. The sensitivity
decreases since some single-domain chains (correctly assigned by DPS) are
incorrectly reassigned as multi-domain by DomSSEA. However, the selectivity of
single-domain assignment goes up since some chains assigned as single-domain by
DPS are correctly reassigned as multi-domain by DomSSEA. Overall the sensitivity
of domain number prediction increases from

68%

using DPS, to 73% using the

combined methods.

5.3.5

Domain boundary assignment by DPS and DPS together with DomSSEA

Table 5.5 shows the sensitivity and selectivity of domain boundary prediction
by DPS and DPS combined with DomSSEA. As shown, 30% of the multi-domain
linkers are correctly assigned within ±20 residues of the corresponding CATH cut by
DPS. The combined methods show an increase in correct boundary prediction by
25% to 55% of the domain linkers being located. Although with this increase in
sensitivity there is also a drop in selectivity (from 56% to 45%), this is to be expected
with more predictions made, in cases where DPS and DomSSEA boundary
predictions were combined.

5.3.6 Discontinuous domain assignment and comparison of DPS to other
methods

The use of a non-redundant set of 369 multi-domain chains containing the
263 continuous domain chains, and an additional 106 discontinuous multi-domain
chains enabled an assessment of the use of DPS in the prediction of target chains
containing discontinuous domains. Furthermore, it enabled a comparison of domain
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TP

Continuous domain
boundary prediction (±20)
FP
Sensitivity(%) Selectivity (%)

DPS

108

85

30

56

DPS and
DomSSEA

148 161

55

45

Table 5.5 Domain boundary prediction by DPS and DPS together with
DomSSEA

Domain boundaries were predicted using DPS and DPS together with DomSSEA.
Results are shown for multi-domain chains containing only continuous domains as
sensitivity and selectivity values. The number of true and false positive predictions
from which these were calculated are also shown where; TP denotes true positives
e.g. correct domain boundary prediction, FP denotes false positives e.g. incorrect
domain boundary prediction.
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prediction by DPS with predictions made by the methods PASS (Kurodat, et ah,
2000) and DOMAINATION (George and Heringa, 2002b). Of the 369 multi
domains, 46% were predicted to have more than one domain by DPS, with an
associated selectivity of 77% (calculated by making additional domain number
predictions for 369 ’decoy’ single domain chains). This compares to the study by
George et ah, (2002b) in which their method DOMAIN ATION correctly predicts
56% of a similar set of 452 multi-domain chains as containing more than one
domains. It is difficult to directly compare these values as no selectivity value for
domain content prediction is given in the study by George and Heringa, (2002b).
Whilst DPS makes no attempt to specifically tackle the problem of delineating
discontinuous domain boundaries, DOMAIN ATION attempts to identify and join
discontinuous fragment sequences in order to identify their boundaries. No single
domain chains are included in their test set so the false positive rate of multi-domain
prediction was not addressed.
The overall boundary prediction by DPS for sequences in the multi-domain
set (including continuous and discontinuous domains) gave a sensitivity of 26% with
an associated selectivity of 54%. The sensitivity of boundary assignment by
DOMAIN ATION (George et al. 2002b), was show to be just over 23% with an
associated selectivity of 42%. This value was obtained from the first iteration of
DOMAINATION. Subsequent iterations were showed some increase in the
sensitivity of boundary prediction, but with a resulting loss in selectivity.
The method by Kuroda et al., (2000) PASS (Prediction of Autonomous
folding units based on Sequence Similarities) was used to predict the domain
boundaries for a set of 52 specially selected SCOP multi-domain chains, shown to
have clear globular structures by visual inspection. Here, the sensitivity of linker
prediction was found to be just over 14%, with a selectivity of over 52%, showing
whilst being less sensitive than DPS it is reasonably selective.

5.4

Discussion
The aim of this chapter has been to develop a simple sequence based

approach to protein domain assignment, using PSI-BLAST local sequence
alignments. When attempting to assign domains to query sequences, it is important to
establish if domain delineation can be achieved from sequence comparison. This will
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allow relatively obvious hits to be discovered, before the use of methods that may
give a less accurate prediction. The observation of domain rearrangement or
shuffling within protein sequences has enabled a domain boundary identification
method to be implemented by post-processing PSI-BLAST sequences alignments
made to a large non-redundant sequence database. The distribution of aligned
sequence termini to the query sequence and subsequent analysis is used to delineate
putative domain boundaries.
It has been shown that the use of DPS in assigning domains to protein
sequence provides a reliable approach to domain boundary annotation. In this study,
DPS has been shown to correctly assign the domain content of

68%

of the single

domain and multi-domain test set (containing only continuous domains) used in this
study, including 50% of the multi-domain chains with a selectivity of 79%. As such
DPS has also been shown to act as a useful pre-filter for sequences for which domain
predictions can be made from multiple sequence alignments, before a structural
approach is required. A valuable extension to this analysis would be to address how
the performance of the DPS corresponds to the number of domains to predict. For
example. Table 5.1 in this thesis shows the success rate of domain content prediction
by DomSSEA for chains containing one, two and three-or-more domains. This in
turn would facilitate a more complete comparison between DPS and DomSSEA.
The main analysis of DPS and DPS combined with DomSSEA has focused
on the reliable assignment of continuous domain boundaries. The use of DPS to
assign boundaries to discontinuous domains has been considered, however, the
reliability of such assignments are below continuous boundary assignments. Reliable
assignment of continuous domains is of great importance, especially for structure
prediction by homology modelling or fold recognition methods, where prediction
methods are constrained to continuous domain structures.
In most cases where DPS did not detect a CATH domain boundary, it was
because of insufficient homologous sequences to generate a boundary profile peak.
The prediction of boundary regions that are not assigned at a structural level by
CATH occurred for several chains correctly predicted to be multi-domain, i.e. were
assigned a domain boundary. This was also seen for many of the false-positive multi
domain assignments. Such sequence defined regions may represent sequence repeats
or domains found within sequence databases, that are less or not at all apparent when
analysing 3D protein structures. Similar observations were made in the study by
155

Kuroda et al. (2000) which they define as Autonomous Folding Unit’s corresponding
to ‘boundaries’ in sequence that do not correspond to boundaries assigned in
structure. Furthermore, the analysis by Marchler-Bauer et al., (2002), found that
though structural domain databases compare well with carefully curated sequence
domain databases, such as PfamA, any discrepancies were often due to domain
regions identified by sequence comparison being shorter than those identified from
structure comparison.
DPS was also compared to the results given in the study by George and
Heringa (2002b) for their method DOMAINATION. Both methods have been tested
on a similar data set for boundary prediction. DPS showed a slightly higher boundary
prediction accuracy of 26% compared to 23% by DOMAINATION, with a
selectivity of 54% compared to 42%.
The lower level of discontinuous domain (compared to continuous domain
assignment) assignment accuracy was not really surprising. It is a well known that
assignment of discontinuous domain boundaries from sequence comparison is not a
trivial issue. Discontinuous domain boundaries are most likely to be found by DPS if
bordered by a continuous domain, whose sequence may then be repeated within the
sequence database.
By combining of DomSSEA with DPS, predictions can be made for domains
that cannot be delineated by sequence comparison. This combination provides an
approach by which ‘obvious’ sequence matches can be filtered out, leaving tougher
assignment cases to be predicted by DomSSEA. As shown the combination of
methods gave a measurable increase in domain assignment with 73% of the test set
correctly predicted to be single or multi-domain, with 76% of the multi-domain
chains correctly predicted as such. Furthermore, by combining DPS and DomSSEA
predictions, the sensitivity of domain linker prediction is increased to over 55% (± 20
residues from the CATH cut). The domain prediction accuracy by DomSSEA alone
can be calculated, and compared to the previous study described in Chapter 3 of this
thesis - it compares well. Over 50% of the multi-domain chains passed on to
DomSSEA were correctly predicted as such, with nearly 79% of the single domain
chains given correct assignments.
The inherent difficulties in domain assignments from structure and sequence
can be illustrated by the domain predictions for the multi-domain CASP4 target
(T0087 in the fold recognition and new fold category) by DPS and DomSSEA.
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Figure 5.6

Domain assignment for CASP4 target T0087

Difficulties in domain assignments from structure, and sequence for the multi-domain
CASP 4 target (T0087 fold recognition and new fold category. From analysis of the
structure, this protein can be split into two domains, where the N-terminal domain
(yellow) has similarities to a Rossmann fold and the C-terminal domain (purple) is a
novel alpha-beta fold. However it may be considered that domain 1 also contains a
helical subdomain (coloured cyan) (Koretke et aL, 2001, Lesk et al., 2001) appended to
its C-terminus.
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Figure 5.6 shows the structure of the CASP 4 target pyrophosphatase from
Streptococcus mutans, sequence length 310 residues (Merckel et a i, 2001). Domain
assignment from 3D structure revealed that this protein can be split into two
domains, where the N-terminal domain has similarities to a Rossmann fold and the
C-terminal is a novel alpha-beta fold. However it may be considered that domain one
also contains a helical subdomain (coloured cyan in Figure 5.6) (Koretke et aL, 2001;
Lesk et aL, 2001) appended to its C-terminus.
Figure 5.6 also shows the associated termini-profile calculated by DPS for
target T0087. The X-axis shows the residue position, whilst the y-axis represents the
smoothed termini frequency profile calculated from the frequency of N- and Ctermini aligned database sequences. A clear and significant peak can be seen to be
centred around residue position 170. This peak has a Z-score of 5.4 and is therefore
well above the cut-off of 1.5 required for a boundary assignment. Two further peaks
can be seen towards the N- and C-termini of the major peak, both of which have Zscores below

1,

and therefore are not significant enough to be assigned as domain

boundaries. The domain prediction results given by DomSSEA also predict the
sequence to be two-domain, with a boundary at residue position 160. However as
mentioned, even using 3D structural data for this protein, there is some degree of
difficulty in assigning domain boundaries. Although a boundary is given at residue
position 190 (Merckel et aL, 2001) there is also a possible domain insertion from
residue 155 to 190 containing helical elements. DPS predicts the N-terminal domain
boundary at 150, which does not take into account this possible insertion domain,
and furthermore, DomSSEA assigns the first domain as a Rossman fold from 2-155,
correct as shown by the published data. This example shows the difficulties in
domain assignment (and benchmarking prediction methods). Domain assignment,
even with structural data can be a subjective process. Although the sequence method
gives a clear signal, this is not close enough to be considered a correct assignment in
the benchmarking procedure outlined in this study.
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Chapter 6

A study of protein domain swapping
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6.1

Introduction

The evolution of oligomeric proteins has enabled a number of biologically
advantageous properties to be conferred upon these complexes compared to their
monomeric counterparts. Such advantages include new possibilities in allosteric
control, higher local concentrations of active site residues, the formation of larger
binding surfaces or new active sites between the monomers, and is an economic way
to evolve protein interaction networks and molecular machines from the monomer
subunits (Liu and Eisenberg, 2002). The formation of protein oligomers is thought to
have come about through the accumulation of random mutations in the interfaces
between the monomers involved in oligomeric complexes, allowing a stable
association to form (Bennett et aL, 1995). The interactions formed at the interface
site must be favourable enough to overcome the loss in entropy that results from the
oligomerisation event (Bennett et aL, 1995). Protein domain swapping has been
proposed as a alternative evolutionary mechanism enabling protein oligomers to
form from identical protein subunits (Heringa and Taylor, 1997). Protein domain
swapping was first described by Crestfield et aL, (1962) where the swapping of the
N-terminal peptide of bovine pancreatic ribonuclease was proposed. In 1990 Bax et
aL, reported domain swapping in the X-ray structure of beta B2-crystallin,
suggesting that the domain-swapped interface may have been conserved through
evolution. The first use of the term ’domain swapping’ was used by Bennett et aL,
(1994), however several structures of domain-swapped proteins had been solved
before this time.
An overview of terms used to describe domain swapping is shown in Figure
6.1. Domain swapping can be considered as a mechanism in which a dimer (or
higher homo-oligomer) uses an intramolecular domain interface (occurring in the
monomer) by exchanging one of the domains (or part of a domain) of each monomer
such that each domain packs on the other monomer using the old intramolecular
interactions as intermolecular interactions (Taylor and Heringa, 1997). The swapping
of domains involves breaking the non-covalent bonds between the primary interfaces
within each original monomer, the movement of the swapped-domains, and the
reconstruction of the complete original interface between domains, now from either
chain in the oligomer, where the non-covalent interactions are reformed (Taylor and
Heringa, 1997).

Monomer
Closed
monomers

Oligomer

rK w\

Swapped-domain
linker

Figure 6.1

Domain-swapped
open monomers

Open
interface

An overview of domain swapping

Schematic diagram illustrating domain swapping definitions adapted from a figure
given by Bennett et aL, (1995) and Liu and Eisenberg (2002). The swapped domains,
represented by circles, can be entire globular domain or a single helix or strand that
extends into the main domain, represented by squares of a neighbouring subunit. The
interaction formed in the oligomer is identical to that formed in the closed monomer.
The swapped-domain linker joins the main domain and swapped domain. The closed
interface is found between the main domain and swapped domain in the monomer,
whilst the open interface is found in the domain swapped oligomer.
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Domain-swapped proteins whose tertiary structure has been solved can be
classified in three ways; first, those domain-swapped proteins that have also have a
known tertiary structure in the monomeric, non-domain-swapped form are known as
bona fide domain-swapped structures. Secondly, those cases where only the structure
of a monomeric non-swapped homologue has been solved are described as quasi
domain-swapped proteins. Finally, cases of domain-swapped structures for which no
monomer non-swapped form of the protein has been found are termed domain
swapping candidates (Liu and Eisenberg, 2002).
Domain swapping nearly always occurs at the N- or C-terminus. However
occasionally this is not the case; for example, in the blood coagulant factor DC/X-bp
(Mizuno et aL, 1997) a loop found in the central region of the protein is swapped.
The term ’domain’ swapping can be misleading since swapped-domain structures
often do not comply with a generally accepted definition of a structural domain - a
compact, local, semi-independent unit of structure (Richardson et aL, 1981).
Although some swapped structures are domains, for example Cyanovirin-N (Yang et
aL, 1999), where 48 residues of the 101 residue protein are swapped, they may also
contain only a single secondary structural element, such as the cell cycle regulation
protein, sucl, where only a single strand is exchanged in the homo-dimeric oligomer
(Khazanovich et aL, 1996).
Though domain swapping may act as a rapid evolutionary route to protein
oligomer formation it may also have less advantageous effects within the cell. It has
been suggested that domain swapping may provide a possible mechanism for protein
aggregation or fibre formation, for example the formation of amyloid fibril deposits
(Newcomer, 1997).

In this chapter, a general analysis of domain-swapped proteins is made,
focusing on the swapped-domain linker region that joins the swapped-domain to the
main domain structure. However, before this analysis is undertaken, a search for
domain-swapped proteins is made in order to extend the data set of structures that
have been listed in the paper by Liu and Eisenberg (2002), and those that can be
obtained through literature searches. A domain swapping search algorithm is
developed and implemented to identify potential domain-swapped structures, by
searching for proteins in the Protein Data Bank (PDB; Bernstein et aL, 1977) that
contain extended, non-globular segments of polypeptide at the N- or C-termini of
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their structure. Such exposed elements would not normally be tolerated in general
globular proteins, however they may represent structures that are swapped between
subunits, and are buried in the oligomeric complex. The findings of the swappeddomain linker analysis are compared to the results of the analysis of domain-linking
peptides (Chapter 2) in order to assess if any similarities exist between them.

6.2

Methods

6.2.1

Data set
A set of domain-swapped structures, and if possible, their closed monomer

counterparts were obtained, using the structures listed in the review by Liu and
Eisenberg (2002) as a starting point. Further domain-swapped structures were found
by literature search and keyword searches (using ‘domain’ and ‘swapped’,
‘swapping’, ’swap’) in the PDB and the CATH (Orengo et aL, 1997) and SCOP
(Murzin et aL, 1995) structural classification databases. The resultant list consisted
of 39 domain-swapped structures, of which 14 were bona fide domain-swapped
proteins, with their closed monomer conformations available in the PDB, 11 quasi
domain-swapped, with a corresponding homologue in the closed monomer
conformation available in the PDB, and 14 putative domain-swapped structures with
no known or solved structure (or homologue) in the closed monomer state within the
PDB.

6.2.2

General search for domain-swapped oligomers

Assembling a list of domain-swapped proteins by literature search alone is
both time consuming, and is also dependent upon domain-swapped proteins being
described as such. The search for domain-swapped structures focused on identifying
non-globular N- or C-terminal regions of polypeptide chain that were extended and
exposed and as such may be in a swapped state. The aim was to design a method that
measured the percentage of exposed residues found within a given cut-off distance of
the N- or C-terminus of a given protein structure. Termini-regions found with a high
percentage of exposed residues were considered as putative swapped-domain
structures. The degree of a given residues exposure to solvent was measured by
calculating the number of neighbouring amino acid C-alpha contacts inside a sphere
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of radius 10 Â, A cut-off of 10 Â was used, as this was found to give the best
correlation between contact number and relative solvent accessibility in the study by
Farisellii and Casadio (2000). The use of contact number to describe a residues
exposure to solvent, rather than solvent accessibility as assigned by, for example,
DSSP, meant the search algorithm could be run solely on PDB files, giving speed
and simplicity. A residue contact number of 12 or less was used to define residues
exposed to solvent (section 6.3.1). The structure of a given protein chain was
considered in isolation when calculating contact number for each residue in order to
exclude counting residues from neighbouring chains that may be present in the PDB
file.
To take into account the variation in swapped-domain lengths (section 6.3.5),
different N- and C-terminal cut-off lengths were used to measure the number of
exposed residues found at the termini of a given protein structure. The use of a single
length cut-off could be problematic. For instance, using a 20 residue cut-off (i.e. the
first or last 2 0 amino acids of a sequence) would not be suitable for shorter swappeddomains. Here, though residues closest to the structure termini may be assigned as
exposed, those closer to the main domain are likely to be more buried due to there
only being a small swapped element. The overall percentage of exposed residues in
the

20

residue peptide may therefore be no different to a randomly chosen peptide.

To address this problem, seven different length cut-offs, from the appropriate N- or
C- structural terminus were used, from

8

to 20 residues, (using an interval of 2

residues). The percentage of exposed residues within each cut-off was measured, and
an average of the 7 measurements calculated. This simple procedure takes into
account the distribution of exposed residues. For smaller length exposed chain
termini, the percentage of exposed residues in the short length cut-offs would be
high, whilst the same measurements for the longer cut-offs might give lower values.
However, the overall mean percentage calculated over all cut-offs should be high
enough to identify this structure as putatively domain-swapped.
The search method was benchmarked (section 6.3.1.2) on the data set of
domain-swapped structures described in section 6.2.1. A mean percentage of 80%
exposed residues calculated over the seven distance cut-offs was used to identify a
potential domain-swapped structure. As an additional attempt to identify short
swapped-domains, if the mean value between the
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8

and

10

residue cut-off lengths

was 90% or higher, whilst the overall mean for all lengths was 70% or greater, the
corresponding region was additionally assigned as a potential hit.

6.2.3

Protein Quaternary Structure (PQS)

Domain-swapped oligomers are made up of two or more identical protein
subunits. Therefore a search for domain-swapped structures in the PDB would
ideally be focused on structures known to, or predicted to form homo-oligomeric
complexes. The protein quaternary structure (PQS) database provides the co
ordinates for the likely quaternary states for structures found in the protein databank
that have been solved by X-ray crystallography. As outlined in the documentation for
the PQS server, the crystallographic co-ordinates obtained for a given protein are not
independent of the crystallographic symmetry (space group and unit cell), and
therefore may not represent the complete molecule that is under study, or may
include several copies of the molecule. The method underlying PQS aims to
recognise multiple copies and/or generate protein co-ordinates that describe the
biological assembly of a particular protein from symmetry. Biologically relevant
protein-protein interaction sites are distinguished from those considered to be a result
of crystal packing, by measuring the size of the solvent accessible surface area buried
in the interface, solvation energies of folding, salt bridges and disulphide bonds
formed at the interface.
The PQS database web server (http://pqs.ebi.ac.uk) was used to download
all protein structures described as forming homo-oligomeric complexes of all
quaternary structure types, eg dimeric, trimeric, tetrameric etc. These structures were
then searched for potential domain-swapped structures using the domain-swapped
search method (section 6 .2 .2 ).
Additionally the PQS

database

was used to obtain co-ordinates

representing the oligomeric state of domain-swapped proteins in the analysis data set
in cases where the PDB file only contained a single chain copy of their open
monomer, so enabling an analysis of the interaction site of the swapped-domain
structures in the oligomeric state.
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6.2.4

Sequence alignment using FASTA

FASTA (Pearson & Lipman, 1998) was used with default parameters for
three separate stages in the search for domain-swapped proteins. First, FASTA was
used to remove any redundancy in the initial list of putative swapped-domains that
were obtained by the search strategy. A pair-wise comparison of the sequences was
made using an E-value of 10'^ to remove any clearly homologous sequences. Any
remaining homologous sequences could then be checked manually, in case of
potential differences in their conformations. Second, FASTA sequence alignments
were made between the putative domain-swapped sequences, and the sequences of
the domain-swapped structures found in the initial data set. Any matches to already
listed swapped structures i.e. those in the initial data set, could then be identified, and
the corresponding structures removed from the data set generated by the search.
Finally, FASTA was used to search the sequences of putative domain-swapped
structures identified by the swapped-domain search method, against PDB sequences
in order to locate any closed monomeric counterparts.

6.2.5

Secondary structure assignments

Secondary structure assignments were taken from definitions given by the
DSSP algorithm (Kabsch and Sander, 1983). A simplified secondary structure
scheme, converting the eight DSSP states to three was used, as described in section
2.2.1 of this thesis. The percentage assignments of the eight DSSP structural states,
as well as the three simplified states, were calculated for the swapped-domain linkers
in the open monomer conformation. Residue frequencies assigned to these secondary
structure states were also calculated for the bona fide swapped-domain linkers, for
both the open and closed conformations.

6.2.6

Identification of swapped-domain linker peptides

Assignments of the domain-swapped regions of each chain, taken from the
relevant literature, were verified by viewing each structure in Rasmol (Sayle and
Milner-White, 1995). The region of chain joining the swapped-domain to the main
domain is defined here as the domain-swapped linker. The N- and C-termini of these
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linker peptides were identified by visual inspection, using protein structure co
ordinates taken from the PDB viewed through the Rasmol protein structure viewer.
Secondary structure was cross-validated by residue assignments made by DSSP
(according to the simplified form (section 2.2.1)). In a similar procedure to that
outlined in section

2 .2 . 2

of this thesis, the domain-swapped linker sequence was

assigned as those residues found between the last helix or strand belonging to the
main domain and the first helix or strand belonging to the swapped-domain. The
assignment of linkers connecting swapped structures containing few secondary
structures was slightly different. In this case where no helices or sheets bordered the
linker peptide, the linker termini residues were taken as those found on the boundary
i.e. on the edge of what might be visualised as the outline of the domain that the
swapped region extends into. All other regions of the protein not assigned as part of
the domain-swapped linker are referred to as ‘non-linker’ in this chapter.

6.2.7

Amino acid composition

Amino acid propensities were calculated exactly as described in section
2.2.3 of this thesis. Propensities were calculated for all swapped-domain linker
residues.

6.2.8

C-alpha extension

The C-alpha extension for each swapped-domain linker peptide was
calculated exactly as described in section 2.2.5. The mean C-alpha extension was
calculated for all swapped-domain linkers in the analysis data set. Further, the mean
C-alpha extension was calculated for the monomeric and swapped conformations of
the bona fide swapped-domain linkers in the data set.

6.2.9

Solvent accessibility

The degree of burial of a given residue was described by its solvent
accessibility within the protein structure as described in section 2.2.6. RSA values
were calculated for all residues in the domain-swapped linker data set by the DSSP
algorithm.
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The surface area for the bona fide swapped-domain interface was
calculated by subtracting the solvent accessible surface area of the closed monomer
from that of the open monomer (one subunit of structure). Interface calculations were
only made for the bona fide swapped-domains (where a closed and open monomer
structure was available) as differences in surface area could then be attributed to the
exchanged domain.

6.2.10 Hydrogen bonding

The mean number of internal hydrogen bonds in the domain-swapped linkers
was measured in addition to the number of hydrogen bonds found in the bona fide
swapped-domains in their monomer and swapped state. Hydrogen bonds were
calculated using the HBPLUS algorithm (McDonald and Thornton, 1994), in which
hydrogen bonds were defined according to standard geometric criteria. Hydrogen
bonds made to solvent were excluded from the measurements.

6.3

Results

6.3.1

Development of a domain-swapped protein search method
The search for domain-swapped regions of chain in this study focused on an

initial search for regions of N- or C-terminal chain segments that appear highly
exposed when considered as a single chain subunit (i.e. not in its oligomeric form).
First a subset of proteins with this type of swapped-domain region was taken from
the initial data set of domain-swapped chains that had been acquired through
literature and domain classification database searches. A total of 25 proteins were
found, ranging from highly extended regions of chains to slightly more globular but
still exposed exchanged sections of peptide chain. The degree of solvent accessibility
of these 25 domain-swapped units of structure can be seen in Figure 6.2, where the
percentage frequency of swapped residues, within RSA intervals of width 5%, is
shown. Also shown is the distribution of relative solvent accessibility for residues
taken from the first and last

20

residues of a random selection of

100

single domain

chains (taken from the representative set described in Chapter 4). The relative solvent
accessibility of amino acids in these 20 residue N-and C-terminal peptides was
measured to assess the degree of exposure that might be expected for such residues
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Figure 6.2

Distribution of relative solvent accessibility values

The distribution of relative solvent accessibility values were calculated for residues
in the structures with highly exposed swapped domains (black columns) as well as
the first and last twenty residues in a representative set of
(grey columns).
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100

single domain chains

in known globular protein domains that are not domain-swapped. A peptide length of
20

was used since this was close to the mean length of the ’n on-globular’ swapped-

domain structure subset. As is expected the two distributions differ with the globular
domain N-and C- terminal residues having a large proportion of buried residues
(RSA<10%), whilst the vast majority of the domain-swapped residues have been
assigned as exposed (RSA>10%). A similar analysis is shown in Figure 6.3, although
in this case the percentage frequency of C-alpha contacts for domain-swapped
residues, and non-domain-swapped residues is shown. Again, as expected, the
distribution of residue contacts numbers for domain-swapped residues, when
compared to globular N-and C-terminal residues shows a distinct skewed distribution
towards the lower end of the contact number scale. It can be seen that most nonglobular swapped-domain residues have a contact number of less than or equal to

12.

The correlation of contact number to relative solvent accessibility (data not shown)
shows a contact number of

12

corresponds to a mean relative solvent accessibility of

approximately 45% i.e. highly exposed residues. A contact number of 12 or less was
therefore chosen as the criteria to define a residue as exposed enough to be part of an
exposed domain-swapped structure. Figure 6.3 also shows that there are a number of
the residues taken from the single domain chains have contact numbers of less than
12,

though these are likely to correspond to individual exposed residues, for example

in loop regions, rather than the consistent exposure of the N- or C-terminal 20
residue peptides.

In general it was important to distinguish globular N- and C-

terminal regions of protein structure which though exposed, still interacted with the
main domain fold.

The domain-swapped search algorithm was benchmarked on three sets of
structures. First, the algorithm was run against the subset of 25 structures with known
extended non-globular swapped structures. Of these 25 proteins, 21 (nearly 85%)
were correctly identified as domain-swapped. Missed structures were on the border
line of forming more folded, globular swapped regions. An example output of the
search method for the 25 non-globular swapped-domains is shown in Table 6.1. The
percentage of residues with a contact number below or equal to
between

8

and

20

12

for cut-offs

is shown, together with the overall mean of these values for each

protein. For highly exposed swapped regions all residues within each length cut-off
(i.e.

1 0 0 %)

have a contact number of less than or equal to
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Figure 6.3

Distribution of residue contact numbers (10 A cut-off)

The number of contacting C-alpha atoms within a cut-off of 10 Â was calculated for
residues in the structures with highly exposed swapped domains (black columns) as
well as the first and last twenty residues in a representative set of
chains (grey columns).
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100

single domain

Protein Swappeddomain
length
ly v sN
30
lh t9 A
38
IcdcA
45
114mA
27
1 jmlA
16
la2wA
12
I f OvA
9
IdzSA
12
IsndA
20
IpucN
13
IwwaX
9
IcksA
14
IbhSA
13
IhulA
23
lilk N
41
lobpA
35
Ify rA
25
2spcA
31
Ib ylA
9
IbuoA
5
IgScA
9
lg6uA
14
IdudN
10
I f zrA
29
lk04A
36

Table 6.1

Percentage of residues with contact
Mean percentage Type of
number < 12, at different cut-off distances: over all cut-off swapped
8
10
12
14
16
18
20
distances
domain
75.0 70.0 58.3 64.3 68.8 66.7 65.0
66.9
2
62.5 60.0 58.3 57.1 50.0 55.6 60.0
57.6
2
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
2
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
1
100.0 100.0 100.0 100.0 100.0 94.4 95.0
98.5
1
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
1
100.0 100.0 100.0 100.0 87.5 77.8 70.0
90.8
1
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
1
100.0 80.0 83.3 78.6 81.2 83.3 85.0
84.5
1
75.0 70.0 75.0 64.3 68.8 61.1 60.0
67.7
1
100.0 100.0 100.0 100.0 93.8 88.9 80.0
94.7
1
100.0 100.0 100.0 100.0 100.0 100.0 95.0
99.3
1
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
1
100.0 90.0 91.7 92.9 93.8 94.4 95.0
94.0
1
100.0 100.0 100.0 100.0 93.8 94.4 95.0
97.6
2
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
2
62.5 70.0 75.0 64.3 62.5 55.6 50.0
62.8
2
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
1
100.0 90.0 75.0 64.3 56.2 54.2 52.0
70.3
1
100.0 100.0 100.0 100.0 93.8 83.3 75.0
93.2
1
100.0 100.0 100.0 100.0 93.8 83.3 80.0
93.9
1
100.0 100.0 100.0 100.0 93.8 88.9 80.0
94.7
2
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
1
87.5 90.0 83.3 85.7 87.5 88.9 90.0
87.6
2
100.0 100.0 100.0 100.0 100.0 100.0 100.0
100.0
1

Output for swapped-domain finding algorithm

The output generated by the swapped domain search algorithm for the 25 domain
swapped proteins in the database which exchange non-globular, or predominantly
non-globular structures. The PDB code (and chain identifier) is shown for each
protein, followed by the length of the swapped domain. The percentage of residues
within the different length cut-offs, with a residue contact number less than or equal
to

12

is also shown followed by the mean percentage value for the seven cut-offs.

The final column represents the type of structure swapped, where 1 indicates very
extended, and

2

indicates less extended, may contain buried residues within the

swapped domain. Swapped domains were assigned to these classes by visual
inspection.
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considered as exposed enough to be a putative swapped structure, for example, the
Human prion homo-dimer (Knaus et aL, 2001), PDB code li4m, that consists of a
highly extended alpha-helix. Those swapped-domains that were missed tended to be
those slightly more globular swapped-domains.
The search method was also used to search the N- and C-termini regions of
the monomer structures (i.e. closed conformations) of the bona fide and quasi
domain-swapped proteins. Here the swapped-domain forms part of the main domain,
and as such is no more exposed than would be expected for the termini regions of
general protein structures. Of these 24 structures, no false positive identifications
were made, i.e. all were considered to have terminal peptide regions with solvent
accessibility similar to that expected for general globular termini structures.
Finally, this algorithm was run against a set of 100 single domain proteins,
visually inspected to verify their compactness. Again, no false positive predictions
were made (data not shown). This was repeated using a contact number cut-off of 14
rather than

12,

allowing residues with a slightly higher degree of burial into the

calculations. This gave no change in the prediction results. However, a cut-off of 12
was retained for the remainder of the analysis, as it was felt that a more potentially
more restrictive cut-off was necessary to keep any false positive predictions as
infrequent as possible.

6.3.2

Searching for domain-swapped oligomers in the Protein Data Bank

As a preliminary search for potential domain-swapped structures in the PDB,
a list of proteins assigned as forming homo-oligomeric structures was obtained from
the PQS (http://pqs.ebi.ac.uk) database, giving a set of 4824 protein structures,
(section 6.2.3). A run of the search method generated a list of 292 putative domainswapped proteins. A manual approach, by visual inspection of these structures, was
then used to remove structures that did not appear to fit the criteria of a domain
swapped protein. Such structures included those with exposed N- or C-terminal
regions of chain that appeared extend out to, and interact with adjacent subunits, but
did not appear to make contacts in the oligomer that would be identical to those made
in the monomer. Other structures included leucine-zipper helices, and fragments of
larger structures, that would be monomeric in their complete form, but appear to
swap structures in their truncated form.
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\

A pair-wise alignment of the remaining putative domain-swapped sequences
was then carried out using FASTA to remove any redundancy in the set (section
6.2.4). The resulting list of chains was aligned to those in the initial domain-swapped
data set and 19 matches to these known domain-swapped chains were found all
having E-values above 10'^® (data not shown). The final set of possible domainswapped structures consisted of

8

chains, and is summarised in Table 6.2. A search

for the structures of non domain-swapped monomeric forms of these structures, was
made using FASTA against all the sequences of all structures in the PDB. Of the

8

putative swapped structures, potential closed monomer matches were found for 2. All
are described in more detail below.

6.3.3

Domain-swapped structures found by the search algorithm

The putative domain-swapped structures (shown in Figure 6.4a-j) are
described below and are also listed in Table 6.2.

Flavin mono nucleotide binding protein (PDB code - leje)
The domain-swapped structure of flavin mononucleotide (FMN) binding
protein from Methanobacterium Thermoautotrophicum (Christendat et aL, 2000) is
shown in Figure 6.4a. The crystal structure of this dimer appears to swap the first 20
residues of the N-terminal of the polypeptide chain, exchanging two helical elements
of structure. The N-terminal helix does not appear to form a close interaction to the
main domain of the neighbouring subunit.

6-Phosphogluconate dehydrogenase from T.brucei (PDB code - Ipgj) and sheep
liver (PDB code - 2pgd)
The three-dimensional structures of

6 -phosphogluconate

dehydrogenase

(6 PGDH) (an enzyme forming part of the pentose phosphate pathway) from both the
protozoan Trypanosoma brucei (Phillips et al, 1998) and sheep liver (Somers et a l,
1992) are shown in Figures 6.4b and c. Though both structures share low sequence
identity (Phillips et al, 1998) (and therefore both representatives were retained when
filtering the set of putative domain-swapped proteins), it can be seen that they both
have a C-terminal tail extending from the main domain into the neighbouring subunit
forming a homo-dimeric complex. The N-terminal domains of both two-domain
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Table 6.2

Data set of domain-swapped structures used in this analysis

The domain swapped proteins used in the analysis data set are listed together with
their closed monomer counterpart in cases where a structure is known.
The sequence length of each protein and corresponding PDB code is shown. This is
followed by additional data for the domain swapped structures describing the length
and position in sequence of the swapped structure and the number of helices or
strands exchanged in the open monomer structures. The class of domain swapped
protein is also shown, where BF = bona fide, Q = quasi and C = candidate for
domain swapping. Next, the oligomeric state in the PDB file is shown where N = no
oligomeric co-ordinates given (and were therefore downloaded from the PQS web
site), and Y = co-ordinates show structure as oligomer. Functions for each structure
are listed (if known), and finally the reference for each structure is shown.
^ These structures were identified by the swapped domain search algorithm.
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Protein (PDB code)

No. residues
SwappedSubunit

*Bamase monomer (Ibm)

110

*Bamase trimer (lyvs)

110

*Calbindin D9k wild-type monomer (4icb)

76

*C!aIbindin D9k dimer (lht9)

76

*CD2 monomer (Ihng)

177

*CD2 dimer of N-terminal binding domain
(Icdc)

99

*Cyanovirin-N monomer (2ezm)

101

*Cyanovirin-N dimer (3ezm)

101

Linker

Structure

domain

position

exchanged

Type

Oligomer Function

30

33-41

N-term helices (2)

BF

N

38

38-47

C-term helices (2)

BF

Y

45

44-54

N-term strands (4)

BF

Y

44 or 49

50-57

N or C term domain

BF

N

BF

N

Reference

in PDB?
Endonuclease

Buckle & Fersht, 1994

Endonuclease

Zegers et al., 1999

Calcium binding

Svensson et al., 1992

Not known

Hakansson et a l, 2001

T lymphocyte adhesion protein

Jones et al, 1992

Not known

Murray et al, 1995

HIV inactivating protein

Bewely et al, 1998

Not known

Yang et a l, 1999

Toxin (ADP-ribosylating)

Bennet & Eisenberg, 1994

strands (5)
*Diptheria toxin monomer (Imdt)

535

*Diptheria toxin dimer (Iddt)

535

*Human prion monomer (Iqbt)

108

*Human prion dimer (li4m)

108

*B1 domain of protein L monomer (lhz5)

62

*B1 domain of protein L dimer (Ijml)

61

*Ribonuclease A monomer (5rsa)

124

147
27
16

377-388
190-199
45-48

Large N-term domain
N-term helix
N-term strands (4)

BF
BF

N
N

Putative receptor binding

Bennet et a l, 1994

Prion protein

Zahn et al, 2(X)0

Possible receptor

Knaus et a l, 2001

IgG binding

O’Neill et a l, 2001

Not known

Kuhlman et al, 2001

Ribonuclease

Wlodawer et al, 1982

*Ribonuclease A dimer, N-term swap (la2w)

124

12

13-24

N-term helix

BF

Y

Ribonuclease

L iu e ta l, 1998

*Ribonuclease A dimer, C-term swap (Ifov)

124

9

112-115

C-term strand

BF

Y

Ribonuclease

Lin et a l, 2001

*Single-chain antibody NCIO monomer

246

Antigen binding

Malby et a l, 1998

(Inmc)
*Diabody (llmk)

243

*Phosphorylated-SPOOA monomer (Iqmp)

129

*Phosphorylated-SPOOA dimer (ldz3)

129

*Staphylococcal nuclease monomer (Isnc)

149

*Staphylococcal nuclease dimer (Isnd)

143

*sucl monomer (1 see)

113

*sucl dimer (Ipuc)

113

110
12

121-228
106-112

N- or C-term domain
N-term heUx

BF
BF

Y
N

Antigen binding

Perisic et a l, 1994

Sporulation response regulator

Lewis et a l, 1999

Sporulation response regulator

Lewis et a l, 2000

Nuclease

Loll & Lattman, 1989
Green et al, 1995

20

112-121

C-term helix

BF

Y

Not known
Cell cycle regulation

Boume et a l, 1995

13

86-93

C-term strand

BF

Y

Not known

Khasanovich et a l, 1996

continued...
Protein (PDB code)

No. residues
Subtmit
Swapped-

*TrkA monomer (Iwww)

120

*TrkA dimer (Iwwa)

109

*Human cyclin dependent kinase type 1

79

Linker

Structure

domain

position

exchanged

9

291-298

C-term strand

Type

Oligomer Function

Reference

in PDB?
BF

Y

Nerve growth factor binding

Wiesmann et al., 1999

Not Known

Ultsch et al., 1999

Cell cycle regulation

Arvai et al., 1995

Cell cycle regulation

Parge et al., 1993

Eye lens protein

Najmudin et a l, 1993

Eye lens protein

Nalini et a l, 1994

(CksHsl) monomer (Idks)
♦Human cyclin dependent kinase type 2

79

14

60-65

C-term strand

Q

Y

81 or 88

81-88

N- or C-term domain

Q

Y

(CksHs2) dimer (Icks)
♦Gamma-B crystallin monomer (4gcr)

174

♦Beta B2 crystallin trimer (Iblb)

204

♦Chicken cystatin monomer (Icew)

108

♦Human cystatin C dimer (lg96)

120

34

55-59

N-term helix &

Q

N

Q

Y

Protease inhibitor (Cysteine)

Bode et al, 1988

Not known

Janowski et a l, 2001

Lyase

He et al, 2000

Lyase

Ridderstrom et a l, 1998

Granulocyte macrophage

Diederichs et a l, 1991

strands (2)
oo

♦Glyoxalase 1 of E.coli (dimer)(lfa5)

135

♦Human Glyoxalase 1 (swapped-dimer)
(lbh5)

183

♦Human granulocyte macrophage colony

127

13

20-32

N-term helix

stimulating factor monomer (Igmf)

stimulating factor

♦Interleukin-5 dimer (Ihul)

113

♦Interferon-beta monomer (Irm l)

160

♦Interleukin-10 dimer (lilk)

160

♦Mannose binding protein (Imsb)

115

♦IX/X-binding protein coagulation factor

129

23
41
17

dimer (lixx)

85-88
108-118
73-76

C-term helix
C-term helix

Q
Q

Y
N

B and T cell stimulating factor

Milbum et al, 1993

Interferon

Senda et a l, 1992

Cytokine synthesis factor

Zdanov et a l, 1995

Mannose binding

Weis et a l, 1991
Mizuno et a l, 1997

Middle loop

Q

Y

Coagulation factor
Rodent-pheromone transport

Bocskei et a l, 1992

Odorant-binding

Bianchetet a l, 1996

Signal transduction

Maignan et a l, 1995

93-98

♦Major urinary protein monomer (Imup)

166

♦Odorant-binding protein (lobp)

159

♦Grb2 adaptor (SH2 -f- SH3) (IgrI)

217

♦Grb-SH2 domain dimer (Ifyr)

93

♦Fyn-SH3 monomer (Ifyn)

62

♦SH3 domain of Eps8 (laoj)

65

35

121-124

C-term helix & strand

Q

Y

25

120-127

C-term helix

Q

Y

26

34-39

C-term strands (2)

Q

Y

Binding phosphorylated peptide

Schiering et a l, 2000

Signal transduction

Musacchio et a l, 1994

Proline-rich sequence

Kishan et a l, 1997

continued...
Protein (PDB code)
*Type 3 secretion chaperone SigE monomer

No. residues
Subunit

Swapped-

Linker

Structure

domain

position

exchanged

Type

Oligomer Function

Reference

in PDB?

113

Chaperone

Luo et al., 2001

Chaperone

Luo et al., 2001

(lk3s)
*Type 3 secretion chaperone CesT dimer

156

33

34-37

(lk3e)

'O

N-term helix &

Q

N

strands (2)

*Bleomycin resistance protein (Ibly)

122

9

7-9

N-term strands (4)

C

N

Bleomycin resistance

Dumas et al., 1994

*BTB domain of PLZF (Ibuo)

120

5

11-13

N-term strand

C

Y

Protein-Protein interaction motif

Ahmad et al., 1998

*Cab type beta carbonic anbydrase (IgSc)

170

9

N-term helix

Lyase

Strop et al., 2001

433

14

c
c
c
c
c
c

Y

*Citrate synthase (lets)

11-26
417-423

N

Citrate synthase

Remington et al., 1982

C-term helix

*Designed domain-swapped dimer (lg6u)

48

15

33-34

C-term helix

*dUTPase trimer (Idud)

136

10

125-126

C-term strand

*HSP33 dimer (lhw7)

255

51

177-183

C-term helices (3)

157

74

*Recombination endonuclease VII dimer
(len7)

75-83

N-term helices (2) &

Y

not known

Ogihara et al., 2001

N

dUTPase hydrolase

Larsson et al., 1996

N

Molecular chaperone

Vijayalakshmi et al., 2001

Y

Mismatch repair

Raaijmakers et al., 1999

strands (2)

*Phage T7 GP4D belicase bexamer (leOj)

326

N-term helix

352

23
24

283-305

*E.coli RecA protein bexamer (2reb)

27-39

N-term helix

*Simian virus 40 oligomer (Isva)

361

61

296-300

C-term helix &

c
c
c

Y

Helicase

Singleton et al., 2000

N

Recombination

Story et al., 1992

N

Virus coat protein

Stehie et al., 1996

c

Y

Endonuclease

Hadden et al., 2(X)1

strands (2)
29

46-48

N-term helix &

Bacteriophage T7 endonuclease dimer
(Ifzr)

129

Focal adhesion kinase targeting domain

142

36

944-946

N-term helix

c

N

Transferase

Arold et al., 2002

449

95

320-329

C-term domain

Y

tRNA-synthetase

Ames et al., 1997
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20

24-27

N-term helices (2)

c
c

N

FMN-binding protein

Christendat et al., 2000

478

33

437-442

N-term helix

c

Y

Oxidoreductase

Phillips et al , 1998

473

36

434-439

N-term helix

c

Y

Oxidoreductase

Somers et al., 1992

strands (2)

dimer (lk04)
Histidyl-tRNA sytbetase dimer (Ikmn)
Flavin mononucleotide binding protein dimer
(leje)
*6-Pbospbogluconate dehydrogenase
*T.brucei dimer (Ipgj)
*6-Phosphogluconate dehydrogenase
sheep liver dimer (2pgd)

continued...
Protein (PDB code)
*Bovine interferon-gamma dimer (ld9g)
*Mannose specific agglutinin from snowdrop

No. residues
Subunit
Swapped143
109

Linker

Structure

domain

position

exchanged

34

82-84

N-term helices (2)

Type

Oligomer Function

Reference

in PDB?
C

Y

Interferon

Randal & Kossiakoff, 2000

Agglutinin

Hester et al., 1995

9

96-99

C-term strand

C

Y

(Imsa)
*Metallo-beta-lactamase B. Jragilis ( 1znb)

230

Antibiotic resistance

Concha et al., 1996

*L1 metallo-beta-lactamase S. maltophilia

266

13

2-14

N-term strand

Q

Y

Antibiotic resistance

Ullah et al., 1998

115

8

504-508

C-term strand

C

Y

Phosphatase

Prasad et al., 2000

103

19

25-30

C-term strand

C

Y

Tailspike protein

Steinhacher et al., 1997

(Isml)
*Feline HIV DUTP pyrophosphatase trimer
(lf7o)
^Binding domain Phage P22 tailspike protein
(llkt)

oo

O

structures form Rossman folds, whilst the all helical C-terminal domain forms the
dimer interface and forms the swapped-domain structure. As summarised in Table
6.2, the swapped region of T.brucei 6 PGDH (33 residues) is slightly shorter than that
of the sheep enzyme (36 residues). However, in both cases the main swapped
element is an alpha helix.

Bovine interferon-gamma (PDB code - ld9g)
The homo-dimeric crystal structure of interferon-gamma (IFN-g) (Randal and
Kossiakoff, 2000) is shown in Figure 6.4d. The dimeric structure is composed of the
two chains, both made up of six helices, in which the last two C-terminal helices of
each subunit swap over to form the domain of the adjacent dimer subunit. The search
for homologous monomer structures identified a single chain form of IFN-g.
However this structure consisted of a linked version of the homo-dimeric chains,
where the N- and C-termini had been fused together. This was carried out to
overcome the highly flexible nature of the last C-terminal swapped helix, found in
the swapped form, making high resolution structural determination of this protein
difficult (Randal and Kossiakoff, 1998).

Mannose-specific agglutinin (snowdrop) (PDB code - Imsa)
The homodimeric structure of mannose specific snowdrop lectin (Hester et
aL, 1995) is shown in Figure 6.4e. This retroviral inhibitor consists of three
antiparallel four stranded beta sheets, forming a twelve stranded barrel structure, that
forms a dimeric association with an identical domain through C-terminal strand
exchange. The exchanged strand can be seen to form part of one four stranded sheet
in the adjacent subunit. It is thought that these hybrid beta-sheets are the sites for
high affinity mannose binding in the dimer interface (Hester et aL, 1995). A search
for monomeric forms of the domain swapping protein revealed a two-domain lectin
from bluebell. Figure 6.4f (Wright et aL, 2000), PDB code Idlp, whose N-terminal
domain shows significant homology to the snowdrop lectin, again with a similar
twelve stranded beta barrel fold. Here the exchanged strand is not swapped, but
connects to an eleven-residue linker that passes to the N-terminal strand of domain 2
(Wright et aL, 2000 ).
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Figure 6.4

Structures of potential domain swapped proteins identified by the
search algorithm.

a)

The domain swapped structure of flavin mononucleotide (FMN)
binding protein from Methanobacterium Thermoautotrophicum (Christendat
et aL, 2000).
The

h) & c)

three-dimensional

structures

of

6 -phosphogluconate

dehydrogenase (6 PGDH) (enzymes forming part of the pentose phosphate
pathway) from the protozoan Trypanosoma brucei (B) (Phillips et aL, 1998)
and sheep liver (C) (Somers et aL, 1992).
The homo-dimeric crystal structure of interferon-gamma (IFN-g)

d)

(Randal and Kossiakoff, 2000).
The homodimeric structure of mannose specific snowdrop (E) (Hester

e) & f)

et aL, 1995). A search for monomeric form revealed a two-domain lectin
from bluebell (F) (Wright et aL, 2000), whose N-terminal domain shows
significant homology to the snowdrop lectin with a similar twelve stranded
beta barrel fold.
g) & h)

The structure of the LI metallo-beta-lactamase protein, from

Stenotrophomonas maltophilia (G) (Ullah et aL, 1998). The structure of the
metallo-beta-lactamase protein in Bacteriodes fragilis has also been
determined (H) (Concha et aL, 1996). The N-terminal residues of the B.
fragilis structure, appear to turn back into the main domain forming an
additional strand with the main domain beta sheet, rather that extending from
the main domain.
The trimeric structure of the head-binding domain of P22 tailspike (I)

i) & j)

(Steinbacher et aL, 1997), and the similar trimeric crystal structure of the
feline immunodeficiency virus DUTP Pyrophosphatase (J) (Prasad et aL,

2000).
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a)

b)

c)

&

183

d)

e)

f)

184

h)

g)

185

i)

j)
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LI metallo-beta-lactamase protein (PDB code - Isml)
The structure of the LI metallo-beta-lactamase, a protein that is responsible
for antibiotic resistance, from Stenotrophomonas maltophilia is shown in Figure 6.4g
(PDB code Isml). The LI protein forms an active tetramer (shown as a dimer in
Figure 6.4g) where the N-terminal residues of each chain make interactions with the
opposing residues, formed by the side-chains of residues at the more distal end of the
structure (Ullah et ah, 1998). The structure of the metallo-beta-lactamase protein in
Bacteriodes fragilis {B. fragilis) has also been determined (Concha et aL, 1996),
shown in Figure 6.4h. The monomeric B. fragilis structure lacks the extended Nterminal region. Other structural differences include a number of elongated helix and
loop regions, and an additional strand in the N-terminal domain of the two-domain
structure. However, although these metallo-beta-lactamase proteins from S.
maltophilia and B. fragilis share little sequence similarity, the overall fold appears
conserved (Ullah et aL, 1998). The N-terminal residues of the B. fragilis structure,
rather that extending from the main domain, appear to turn back into the main
domain forming an additional strand with the main domain beta sheet. As such, these
protein structures may represent an example of quasi domain swapping.

The head-binding domain of P22 tailspike protein (PDB code - llkt) and Feline
immunodeficiency virus DUTP Pyrophosphatase (PDB code - lf7o)
The trimeric structure of the head-binding domain of P22 tailspike protein is
shown in Figure 6.4i, where the N-terminal polypeptide chain can be seen to interact
with the neighbouring subunit. Similarily, Figure 6.4j shows the trimeric crystal
structure of the feline immunodeficiency virus DUTP Pyrophosphatase. Here it can
be seen that the C-terminal region of the polypeptide chain crosses over and interacts
with a neighbouring trimer subunit.

6.3.4

The secondary structure of swapped-domain linkers and swappeddomains

The secondary structure assignments given by DSSP for the swapped-domain
linkers can be seen in Table 6.3a. These assignments were made for the protein
chains in the swapped open conformation. The eight secondary structure states are
shown together with the percentage of swapped-domain linker residues assigned to
187

Table 6.3

Secondary structure assignments of swapped-domain linkers

a) The frequency of secondary structures assignments in the swapped-domain
linkers. These assignments were made for the protein chains in the swapped
open conformation. The eight different secondary structure states defined by
the DSSP algorithm are shown together with the percentage of swappeddomain linker residues assigned to each secondary structure state by DSSP.
Also shown are the percentage frequencies of swapped-domain linker residues
adopting coil, strand or helical conformations as defined by the simplified
secondary structure assignment scheme (section 6.2.5).
b) The values for the bona fide swapped-domain linkers in their closed
conformation.
c) The secondary structure frequencies for the bona fide swapped-domain linkers
in their open conformations.
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a)

Swapped-domain linkers (open conformation)
Secondary structure
DSSP
Simplified
state (DSSP)
assignment
scheme
Percentage of residues
C
43.0
81.0
s
11.6
0.0
T
9.2
0.0
E
14.4
10.9
B
1.8
0.0
H
14.8
8.1
G
5.3
0.0
I
0.0
0.0

b)

Bona fide swapped domain linkers

(closed conformation)
Secondary structure
DSSP
Simplified
state (DSSP )
assignment
scheme
Percentage of residues
C
63.9
91.8
13.4
s
0.0
T
4.1
0.0
E
4.1
3.1
B
0.0
0.0
H
14.4
5.2
G
0.0
0.0
I
0.0
0.0

c)

Bona fide swapped domain linkers

(open conformation)
Secondary structure
DSSP
Simplifîed
assignment
state (DSSP)
scheme
Percentage of residues
C
48.5
80.4
13.4
S
0.0
6.2
T
0.0
E
16.5
14.4
B
1.0
0.0
H
14.4
5.2
G
0.0
0.0
I
0.0
0.0
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each state by DSSP. Also shown are the secondary structure assignments using the
simplified secondary structure assignment scheme (section 6.2.5). It is evident from
the DSSP eight state assignments that swapped-domain linker residues tend to be
found in a coil conformation. Using the simplified scheme shows that nearly 20%
contribute to helix or strand elements. Of the 47 swapped-domain hinge regions, 3
were found to be all helical, and 3 all strand.
The 14 bona fide domain-swapped structures were analysed to allow
comparison of their swapped-domain linkers in the open and closed conformation.
Table 6.3b shows the percentage secondary structure assignments for the linker
residues in their closed conformation, whilst Table 6.3c shows the secondary
structure frequencies for their open conformations. It can be seen from the simplified
scheme that though the predominant structural class is coil, the percentage of strand
linker residues increases from 3% (non-swapped conformations) to over 14%
(swapped conformation). Visual inspection shows that this is mainly due to the linker
forming beta sheet structures on interaction with the adjacent domain subunit, that
were not present in the monomer structure.
The swapped-domains varied greatly in their secondary structure composition
(Table 6.2). For example, in the swapped dimer of RNase A (Liu et al, 2002) a single
(N-terminal) alpha-helix is swapped whilst in the Diphtheria toxin dimer (Bennet et
al, 1994) the whole 148 residue C-terminal domain is swapped.

6.3.5

Length distribution of swapped-domain linkers

The length distribution of the swapped-domain linkers is shown in Figure 6.5.
Overall the length of the linkers showed a large variation between 3 and 22 residues,
although the longer linkers were less frequent. Most linkers were found to have
lengths between 3 to 10 residues (87%), with the mode of the distribution being 4
residues. The mean linker length

6.3.6

6 .8

residues.

Swapped-domain linker amino acid propensities

The amino acid propensities of the amino acids in the swapped-domain
linkers compared to those found in proteins generally are shown in Table 6.4.
Propensity values above 1.0 show the corresponding amino acid to be favoured,
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Figure 6. 5

Length distribution of swapped-domain linker peptides
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16

22

Percentage
Amino acid In Domain Swapped Linkers In all Proteins
5.04
PRO
8.03
5.64
9.12
LYS
2.44
ms
4.38
SER
6.06
7.30
CYS
1.82
1.53
GLN
3.73
4.38
1.59
TRP
1.82
7.68
GLY
8.39
6.35
GLU
6.20
ASN
4.58
4.38
ASP
5.90
5.47
4.86
ARG
4.38
VAL
6.95
6.20
PHE
4.10
3.65
LEU
6.93
8.36
5.74
THR
4.74
ALA
6.57
8.00
TYR
3.71
2.19
MET
1.09
2.10
ILE
5.62
2.92
Charged
Polar
Hydrophobic*

Table 6.4

22.75
29.40
42.81

25.18
31.02
35.77

Propensity
1.79
1.62
1.59
1.20
1.19
1.17
1.15
1.09
0.98
0.96
0.93
0.90
0.89
0.89
0.83
0.83
0.82
0.59
0.52
0.52
1.11
1.06
0.84

Amino acid propensities in swapped-domain linkers

* excluding proline (see section 6.3.6)
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whilst a propensity below 1.0 shows a residue to be disfavoured. The overall
propensity value for the polar residues of 1.06 shows that there is a preference for
this amino acid subset, whilst a propensity value of

1 .1 1

for the charged residue

subset shows these residues are favoured in swapped-domain linkers. In contrast,
hydrophobic residues are less favoured, with an overall propensity value of 0.84
excluding proline (0.92 including proline). These observations are made more salient
when considering the individual amino acid propensities. With the exception of
proline and glycine, all the residues with a propensity above one are polar or
charged. Those amino acids with a propensity close to one are similarly polar or
charged. The disfavoured amino acids tend to be hydrophobic with threonine and
tyrosine being exceptions. Tyrosine may be disfavoured as it is amongst the larger
polar residues, having an aromatic side chain, though both tryptophan with a
propensity of 1.15 and histidine with a propensity 1.59, also have aromatic side
chains and are favoured. As a whole, the most favoured amino acid is proline,
followed by lysine, histidine and serine, all of which have propensities above 1 .2 .
As described in section 6.3.4, the majority of swapped-domain linker residues
are found in a coil conformation. To assess if there was similarity in the amino acid
propensities of swapped-domain linkers and general coil residues (as calculated in
Chapter 2 of this thesis), a ranked correlation between the two distributions was
calculated. A correlation coefficient of r=0.12 was determined, showing no
significant correlation between the two ranked distributions. The correlation for the
two sets of data can be seen in Figure 6 .6 a. Amongst the amino acids that appear to
differ most in their propensity are histidine and lysine, that are also amongst the most
favoured swapped-linker residues whilst glycine is less favoured in swapped-domain
linkers compared to non-linker coil.
The propensities obtained for the swapped-domain linkers in this chapter
were compared to the propensities calculated for the domain-linkers in Chapter 2. A
ranked correlation coefficient of r=0.47 was calculated between the distributions, that
although weak, is significant. The comparison of the swapped-domain linker
propensities and general domain linkers propensities can be seen in Figure

6 .6 b.

Amongst the largest outliers are cysteine, tryptophan both of which are favoured in
swapped-domain linkers (propensities of 1.19 and 1.15) but are disfavoured in
domain-linkers - in fact tryptophan (propensity of 0.57) is the least favoured residue
in domain-linkers. Lysine and histidine differ considerably - though lysine is
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Figure 6.6

Comparison

of

swapped-domain

linker

amino

acid

propensities
Swapped-domain linker amino acid propensities calculated in this study were
compared to:
a)

Amino acid propensities calculated for non-linker coil residues (in
Chapter 2).

b)

Domain linker propensities (calculated in Chapter 2).
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favoured (propensity of 1.12) and histidine is tolerated (propensity of 0.98) in
domain linkers, these residues are ranked second and third in domain-swapped
linkers, with propensities of 1.62 and 1.59 respectively.
Proline is the most favoured residue in domain-swapped linkers with a
propensity of 1.79. This finding is similar to that obtained in Chapter 2, where
proline was also the most frequent residue in domain-linkers. As discussed, this
residue has a key role in conferring flexibility to the polypeptide chain, especially
when paired with glycine. Interestingly, whereas glycine was the second most
frequent residue in domain-linkers, it is the eighth most frequent in swapped-domain
linkers, albeit still having a propensity above one.

6.3.7

C-alpha extension of swapped-domain linkers

The mean C-alpha extension (in Â) between swapped-domain linker residue
pairs, shown in Table 6.5, was calculated by measuring the distance between the two
terminal C-alpha atoms, and dividing by the linker length minus 1. The mean
extension for all

swapped-domain

linkers

in their domain-swapped open

conformation was 2.51 Â (±1.13). This value is intermediate between the mean
extension of general coil residues (2.84 A (±0.53)) and the mean value of 2.21 Â
(±0.88) for general domain linkers (both values were taken from the analysis in
Chapter 2). The mean extension values for the bona fide linkers in their closed and
open conformations, are also shown in Table

6.5. The mean extension of the

swapped-domain linkers in their swapped conformation is greater than the mean
extension value in their monomer conformation (2.37 Â (±1.17) versus 2.05 Â
(±1.27)), demonstrating the more extended conformation achieved by the linkers in
the swapped oligomer.

6.3.8

Solvent accessibility of swapped-domain linker residues

The extent to which swapped-domain linking residues are exposed to solvent
in the swapped oligomer complex was calculated using relative solvent accessibility
measurements (section 6.2.9). The percentage of swapped-domain linker residues
defined as exposed (RSA >10%) is shown in Table 6.6. The equivalent values for
non-linker helical, strand, coil and domain-linker residues taken from Chapter 2 of
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C-alpha extension (Â)
mean
s.d.
*Helical residues
1.54
0.07
*Strand residues
3.21
0.18
*Coil residues
2.84
0.53
*A11 domain-domain linker residues
2.21
0.88
1.13
Swapped-domain linker residues
2.51
open monomer (all)
1.17
Swapped-domain linker residues
2.37
{bona fide open monomer)
Swapped-domain linker residues
2.05
1.23
{bona fide closed monomer)

Table 6.5

C-alpha extension

The mean C-alpha extent per residue pair is shown for non-linker helical, strand and
coil residues, as well as residues found in domain linking peptides. Also shown is the
mean C-alpha extent for all swapped-domain linker residues in the data set.
Additionally the C-alpha extension for swapped-domain linker residues in the bona
fide domain swapped structures are shown, calculated for their monomer (i.e. closed
conformation) and swapped (i.e. open conformation) states.
*Values taken from Chapter 2 of this thesis.
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% total exposed
residues
*Helical residues
56.4
*Strand residues
42.6
*Coil residues
72.3
*Domain linker residues
71.3
Swapped-domain
79.0
linker residues

Table 6.6

RÎ5A
mean
23.3
15.0
33.6
31.8
33.1

s.d.
24.0
18.8
27.8
26.5
27.2

Relative solvent exposure

The proportions of exposed residues for each structural state are shown as well as the
mean relative accessible surface area and associated standard deviation for non
linker helical, strand and coil, domain-linker and swapped-domain linker residues.
*Values taken from Chapter 2 of this thesis.
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this thesis are also shown in this table. Of these residue sub-sets, swapped-domain
linker residues have the largest percentage (79%) of residues assigned as exposed in
the protein oligomer, higher than both domain-linker residues (71% exposed) and
non-linking coil residues, (72% exposed), and considerably higher than helical
residues (56% exposed) and strand residues (42% exposed). Comparison of mean
relative solvent accessibility again shows swapped-domain linker residues to have
similar values to non-linker coil and domain-linker residues, all having mean relative
solvent accessibility values in the low 30’s (mean relative solvent accessibility 33.1,
33.6 and 31.8 respectively). The large standard deviation values demonstrate the high
degree of variation of the accessibility values, even within the structural subsets,
making any differences between the mean relative solvent accessibility values of the
general coil, swapped-domain and domain-linking resides difficult to interpret with
confidence.

6.3.9

Hydrogen bonding

The mean number of hydrogen bonds made between residues within the
swapped-domain linkers was calculated for all swapped-domain linkers in the dataset
(open conformation) (section 6.2.10). A mean value of 0.51 hydrogen bonds per
swapped-domain linking residue was calculated. The same calculation for domainlinker residues (calculated in Chapter 2 of this thesis), gave 0.39 hydrogen bonds per
residue, suggesting that swapped-domain linkers tend to make on average, more
internal hydrogen bonds.
The swapped-domain linker is found in different conformations in the open
and closed states (Figure 6.1). An analysis of the bona fide domain-swapped
structures was also made to assess the difference in internal hydrogen-bonding (if
any) within their swapped-domain linkers in the two conformations. Only the bona
fide swapped-domain linkers were considered since by definition, only these proteins
had their structures solved in both the open and closed conformations. The linkers of
this sub-set in the swapped open state were found to have 0.58 hydrogen bonds per
residue, whilst 0.91 hydrogen bonds per residue were found in the closed
conformation. It appears the conformation that the linker chain attains in the closed
state allows more potential for internal hydrogen bonding.
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Finally, the difference in the number of hydrogen bonds made by residues in
the swapped-domain, (within the swapped-domain and externally to other domains)
was computed for the bona fide domain-swapped proteins, in the monomer and
swapped structures (section 6.2.10), and is shown in Table 6.7. A similar number of
hydrogen bonds between the two states would indicate little difference in the
conformation of the swapped-domain in the open and closed conformation, as might
be expected if mr^rchain interactions made between subunits were similar to the
mfmchain interactions made within subunits. In Table 6.7 it can be seen that for most
bona fide swapped-domains, the number of hydrogen bonds made by the swappeddomain residues are similar in the two conformational states. The most marked
difference was found between the monomer and swapped form of the Cyanovirin-N
antiviral protein, PDB code liiy (swapped dimer) and PDB code 3ezm (monomer),
each making 40 and 55 hydrogen bonds respectively. Analysis of the swappeddomain structure of Cyanovirin-N shows that though the swapped-domain is by no
means the largest of the bona fide proteins, at 49 residues, it appears to intertwine
with the adjacent dimer subunit, which may result in a degree of conformational
change thereby creating more opportunities for hydrogen bonding in the open state
than are available in the closed state.
The surface area of the swapped bona fide swapped-domains are shown in
Table 6.7, calculated by subtracting the total surface area of the closed monomer
structure from that of the open monomer (both single subunit). It can be seen that the
sizes of interface areas can vary considerably from structure to structure in this
subset of proteins, (from 1581

to 4162 Â^) and does not appear to correlate to the

size of the swapped-domain.

6.4

Discussion

The work described in this Chapter has aimed to make a general analysis of
domain-swapped protein structures, in particular the properties of the linker regions
of peptide that join the swapped-domain to the main domain. The process of domain
swapping may provide a method for the evolution of protein oligomers through the
exchange of structures that form identical interactions in the swapped state as those
that are made in the monomeric non-swapped state. This mechanism may have
bypassed the need for the evolution of compatible interfaces between the
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Monomer

Swapped oligomer

% change in

Surface area of
swapped interface

structure

No. H-bonds

structure

No, H-bonds

no. H-bonds
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Table 6.7

Hydrogen bonding in, and interface size of bona fide domainswapped structures

The difference in the number of hydrogen bonds in the swapped domains of bona
fide domain swapped proteins was calculated in their monomer and swapped states
as indicated in the table. The percentage change in number of hydrogen bonds is also
given. Also shown is the surface area (Â^) of the interface formed between the
swapped domain and the main domain.
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oligomerised structures. The energy barrier between the monomeric fold and the
domain-swapped fold must be low enough to allow transition between the two
conformations (Newcomer, 2002).
An initial search for potential domain-swapped structures in the PDB was
made, identifying structures with highly exposed non-globular chain termini
extending from the main domain. The degree of residue exposure to solvent was
assessed by calculating the number of contacting residues within a 10 Â cut-off. The
domain-swapped search algorithm gave eight additional domain-swapped structures
for the analysis data set, although many more false positive structures were found
with highly exposed termini regions. It appeared that many of the false positive
'swapped structures' could be assigned as artefacts of crystallisation. For example,
termini-peptide of several structures were seen to 'invade' and interact with
neighbouring protein subunits, as might be expected for swapped-domains. However,
whilst exchanging identical units of chain, from the visual inspection it did not
appear as though the interaction sites of these swapped units were equivalent to thise
that would be made in the monomer. In other words the swapped-domain region
would not be able to form the same interaction to its own main domain in the closed
monomer form, and were therefore not true domain swaps.
Another potential source of false positives resulted from the common practice
of dissecting a protein into its constituent domains to facilitate biochemical studies.
The structure of the N-terminal domain of the nitrogen fixation protein, FIXL (Gong
et al., 1998), PDB code ld06, is shown in Figure 6.7. This protein forms a five
stranded beta barrel with a C-terminal protruding helix that would normally lead into
a kinase domain that is not present in this structure. It can be seen that the C-terminal
helix of each subunit exchanges between the domains, possibly the best
conformation to shield hydrophobic residues within the helix from solvent. The
residues in the helix are therefore ‘exposed’ in the monomeric subunit structure and
as such this structure was identified by the domain swapping search algorithm. The
occurrence of this oligomeric structure is a result of the truncation of the kinase
domain and would therefore be unlikely to be found in nature.

The analysis data set used in this study contains two swapped protein
structures, having only one domain of their two-domain closed monomer
counterparts, (CD2 dimer of N-terminal binding domain and the Grb-SH2 domain
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Figure 6.7

Structure of the homo-dimer formed by the N-terminal domain of
the nitrogen fixation protein FIXL

The structure of the N-terminal domain of the nitrogen fixation protein FIXL (Gong
et aL, 1998). The C-terminal helices exchange between the domains and are therefore

highly extended and exposed in the monomeric subunit structure, and were therefore
identified by the domain swapping search algorithm. H owever the

‘domain

swapping’ in this structure appears to be a result of the common practice of
dissecting a protein into its constituent domains to facilitate biochemical studies.
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dimer). However, the domain swapping in both of these cases is clear, with
considerable interchange of structural elements (see Table 6.2) whereas the swapping
in FIXL does not seem to be so clear and so remains a false positive, the orientation
of the C-terminal helices appearing to be more a factor of the domain truncation than
an overly favourable interchange of structures.
The high concentrations of expressed protein together with the non
physiological conditions (such as low pH) that are sometimes used to achieve
crystallisation of protein is thought to be a factor attributable to several cases of
domain swapping (Bennett et al, 1995; Liu and Eisenberg, 2002). Therefore a degree
of reticence over the biological relevance of some swapped structures must be
applied. It is important to keep this in mind when considering domain swapping as an
evolved mechanism for oligomer formation and potential regulation of protein
function in vivo rather than an artifact of analysis.

The search for closed monomer structures of the domain-swapped proteins
found by the search method came up with two potential matches. First a match to
bovine interferon-gamma was found, however, this was actually found to be a fused
form of the swapped homodimer. Second, a search for a monomeric form of the
homo-dimeric mannose specific snowdrop lectin identified a monomeric two-domain
lectin from bluebell, whose N-terminal domain showed significant homology to the
snowdrop lectin domain. Although both the homologous domains have a similar 12
stranded barrel fold, the swapped beta-strand of the snowdrop domain remains in the
N-terminal domain of the bluebell lectin where it is connected to the domain-linking
peptide spanning between the domains.

A general analysis of swapped-domain-linkers was made for all the structures
in the data set. The properties of these swapped-domain linkers were also compared
to the characteristics found for domain-linking peptides made in Chapter 2.
Swapped-domain linkers can be seen to act in two ways; in the closed monomer form
the swapped-domain linker region can appear as just another part of protein structure,
for example an all coil linker may appear as general coil. However in the open
monomer the swapped-domain linker is found in a different conformational state
bridging the gap between the swapped-domain and main domain. The ability to
change conformations is clearly an essential property of the swapped-domain linker
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and such properties are also essential in many domain-linkers that are often
responsible for facilitating large conformational changes between domains in multi
domain structures (Gerstein et aL, 1994).
The assessment of the secondary structures formed by the swapped-domain
linkers showed them to be mainly coil which is similar to the findings for domainlinkers, and is not surprising as coil residues are amongst the most flexible regions in
protein structure. Of the 47 swapped-domain linkers analysed, 6 were found to
consist of only helical or only strand residues. It was also shown that the secondary
structure states varied between the closed and open monomer conformations.
Interactions made by the bona fide swapped-domain linkers in the swapped oligomer
can lead to sheet formation, in place of coil found in the closed monomer. Such new
interactions made by the linker in the swapped-dimer may favour oligomerisation
helping to overcome the associated loss of entropy.
Though a smaller sample set than the domain-linkers, the distribution of
swapped-domain linker lengths still showed considerable variation from 3 to 22
residues, the most common length being 4 residues compared to 8 for domain
linkers. An average length of 6.8 residues was found, shorter than the average length
of 9.8 residues found for domain-linkers (Chapter 2). The length of the swappeddomain linker has been shown to be an important factor for domain swapping, where
the addition or deletion of linker residues affect or hinder domain swapping (Murray
et aL, 1995; Albright et aL, 1996).
The average residue pair C-alpha extension showed the swapped-domain
linkers to be more extended than domain-linkers, but not as extended as non-linker
coil. Comparisons were also made between the closed and open monomer
conformation of the bona fide swapped-domain linkers. Here the change in
conformation between the two states was suggested by the larger mean residue pair
C-alpha extension of 2.37 Â of the open monomer, compared to 2.05 Â of the closed
monomer. This also suggests that the swapped-domain linker tend to achieve a lessstrained conformation in the swapped state favouring oligomerisation.
Solvent

accessibility

characteristics

(measured

as

relative

solvent

accessibility) of swapped-domain linker residues showed them to be on average as
accessible as coil and domain-linker residues, with a mean relative solvent
accessibility of 33.1% exposed surface area. Though some regions of swappeddomains become buried when 'invading' the neighbouring subunit, in most domain205

swapped oligomers the majority of residues are found on the surface of the protein
complex.
The exposed nature of the swapped-linker residues is supported by
observations of their amino acid propensities. Hydrophobic residues were not
favoured (with the exception of proline), whilst charged and polar residues are
tolerated or preferred. The amino acid propensities of domain-swapped linkers were
compared to those found in non-linker coil where differences included an increased
preference for histidine and lysine and a decreased preference for glycine in the
swapped-domain linkers. Comparison of the domain-swapped linker residue
propensities to those obtained for the domain-linkers in Chapter 2 again showed
some of the biggest differences for histidine and lysine both of which are more
favoured in the swapped-domain linkers. Interestingly tryptophan, the least favoured
residue in domain-linkers, occurs much more frequently in swapped-domain linkers
(propensity of 0.57 in domain-linkers compared to 1.15 in swapped-domain linkers).
Histidine may be favoured because its aromatic side-chain can act as both a
hydrogen-bond donor (the nitrogen bonded to a hydrogen) and a hydrogen-bond
acceptor (via the other nitrogen in the aromatic ring). This versatility in hydrogenbond formation may be a factor in this residue’s high occurrence in swapped-domain
linkers allowing the different conformations of the open and closed monomer state to
be tolerated.
Proline was found to be the most favoured of the residues in the swappeddomain linkers, mirroring the findings for the domain-linkers (Chapter 2). As has
been discussed in Chapter 2, a high frequency of proline residues will confer turn
propensity to the polypeptide chain, facilitating changes in direction. The importance
of proline has been demonstrated by the mutation of two proline residues in the
linker region of the plSsucl protein. Mutation of residues in the linker has also been
shown to shift the equilibrium between the monomer or dimer state (Bergdoll et a l,
(1997).
Analysis of hydrogen-bond formation internal to the swapped-domain linkers
showed there were 0.51 hydrogen-bonds per residue (in the open monomer state),
higher than the value of 0.39 calculated for the domain-linkers in Chapter 2.
Comparison of the average number of internal linker hydrogen-bonds per residue
pair for the bona fide swapped-domain linkers in the closed and open monomer state
calculated that over a third as many hydrogen bonds are made on average in the
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closed conformation (mean of 0.91 hydrogen-bonds per residue pair), compared to
the open conformation (mean of 0.58 hydrogen-bonds per residue pair). This
supports the C-alpha extension calculations and observations of the structures
themselves, that the linkers are more extended in the open conformation, and
therefore have less chance for formation of internal hydrogen-bonds. Measuring the
change in number of hydrogen-bonds between the bona fide swapped-domains in the
closed and open monomer conformations showed only small changes in hydrogenbonds made. Cyanovirin-N antiviral protein was an exception possibly due to the
degree of interchange of the swapped-domain, that may be the cause of some change
in structure in comparison to the closed monomer form. A structural alignment of
these proteins would be required to confirm this. The sizes of the swapped-domain
interfaces were found to vary considerably, from just under 1600

to nearly 4200

Â^. However the size of the swapped-domain interface was unrelated to the size of
the swapped-domain.
The analysis of the swapped-domain linkers has shown that they tend to be
exposed, usually coil in structure with a preference for polar and charged residues.
The linkers are capable of changes in their conformation that enables the formation
of oligomers from monomer subunits by the exchange of structure. The high
propensity for proline will enable large changes in direction of the polypeptide chain
whilst the preference for residues such as histidine will enable a degree of versatility
in the hydrogen bonds that can be formed within the linkers in their open and closed
conformations. From this analysis it appears many of the properties of swappeddomain linkers are similar to domain linkers - the high proline content demonstrating
the importance of this residue in sections of proteins that can mediate conformational
changes.

The assembly of protein monomers to form domain-swapped oligomers must
over-come the energy barrier associated with the loss of entropy of independent
monomer subunits (Newcomer, 2002). Because the interaction interface of the
swapped-domain is almost identical in the closed and open conformations,
favourable changes in the swapped-linker region may be enough to allow domain
swapping to occur. The changes in the properties of the swapped-domain linker, such
as the increase in C-alpha extent, demonstrating a less constrained conformation, and
decrease in internal hydrogen-bonding may play a part in this. Newly formed
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interactions made by the swapped-domain linker at the interface were also shown by
the increase in strand residues in the linkers of open monomer compared to their
closed monomer counterparts. Such interactions may also be favourable enough to
tilt the equilibrium towards a domain-swapped state (Newcomer, 2002).

Several experiments have effected domain swapping by engineering the
swapped-domain linker. Shortening the linker has lead to the formation of domainswapped dimers in a number of proteins, including staphylococcal nuclease where
the deletion of residues caused a helix to extend from the monomer, and in turn swap
with a neighbouring subunit (Green et al, 1995). The lengthening of swappeddomain linkers has been shown to convert swapped-domain structures to a monomer
form, for example the DNA-binding protein Cro repressor protein (Albright et al.
1996). This protein forms a stable dimer in solution. Figure 6.8a shows the structure
(Ohlendorf et aL, 1998). Each dimer subunit contains a helix-tum-helix motif
characteristic of many prokaryotic DNA binding proteins. Interaction of the Cterminal strands of each subunit is essential for dimérisation and provide the correct
distance and orientation between the helix-tum-helix motif to allow high affinity
binding to the DNA double helix (Branden and Tooze, 1999). A monomeric form of
the Cro protein was engineered (Albright et al. 1996), and its stmcture subsequently
determined as shown in Figure 6.8b. This was achieved by inserting five amino
acids into the wild type Cro sequence. This insertion forms a beta turn allowing the
following beta strand to mimic the position of the ’swapped’ beta strand in the wildtype Cro dimer, allowing the C-terminal residues to bind within the main domain
hydrophobic core (Albright et al, 1996). The wild-type C-terminal strand is not long
enough to allow for it to turn back and its C-terminal residues to bind to its own core
resides. Thus the monomeric form would be highly unlikely to be seen in vivo.
However the engineering of potential swapped-domain linker sites in monomer
chains, as described for Cro, could mean, in principal, that any protein could be made
to domain swap.
The research for domain-swapped proteins in the PDB gave two examples of
putative domain-swapped viral proteins as shown in Figures 6.4i and j. It can be seen
that the trimeric structure of the head-binding domain of P22 tailspike and the
trimeric

crystal

structure

of

the

feline

immunodeficiency

virus

DUTP

Pyrophosphatase both show exchanged regions of chain. A further example of a
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Figure 6.8

Structures

of

homo-dimeric

and

engineered

monomeric

bacteriphage lam bda Cro

a)

Wild-type Cro forms a stable dimer in solution (Ohlendorf et aL, 1998).

b)

A monomeric form of the Cro protein has been engineered and its structure
subsequently determined (Albright et aL, 1996). This was achieved by
inserting five amino acids into the wild type Cro sequence.
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a)

b)
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candidate for domain swapping used in this analysis is the simian virus 40 (SV40)
coat protein oligomer (Stehle et al, 1996), that functions as a viral coat protein. The
SV40 coat protein C-terminal arms, made up of a helix and strands ‘invade’ a
neighbouring subunit, forming part of the jelly-roll domain of the invaded structure.
The neighbouring subunits are viral coat building blocks tied together by the Cterminal arms rather than being cemented together across preformed complementary
interfaces (Branden and Tooze, 1999). It is interesting to note that the exchange of
peptide between viral proteins has been observed in a number of cases - polypeptide
arms extending over or under domains of neighbouring subunits, intertwining with
others, are a remarkable feature of virus structures (Steinbacher et aL, 1997).
Interestingly none of these three viral domain-swapped proteins have a know closed
monomer structure. Though these viral oligomers clearly have swapped-domains, it
important to consider if closed monomer structures would exist in vivo, for example
in the case of SV40 capsid protein. If the closed monomer occurred, would it form a
biologically relevant protein? It may be possible that these proteins initially fold as
monomers and then swap domains, or it is also possible that oligomer formation
occurs as they fold.
Perhaps for such cases where it is unclear as to whether a closed monomeric
form would exist in nature, the domain swapping definition should be modified
slightly to highlight structures that swap domains but the swapped interface may not
be replicating a intra-domain interaction present in a closed monomer structure as
one may not exist.
Many avenues of future work exist in the field of domain-swapped proteins.
An analysis of the conservation of linker residues should be made, especially
focusing on the linkers of quasi domain-swapped proteins. Differences in the linker
residues of these homologous closed and open monomers must play some part in
allowing one form of the homologue to swap, and the other to remain as a monomer.
It would also be of interest to consider the main domain interface that is formed
between the swapped oligomers. Though the subunits are identical it would be of
interest to see if the surface residue propensities at the interface site have evolved to
form favourable residue interactions, as is the case for non domain-swapped homo
oligomers.
Further work into the prediction of domain-swapped structures is also
worthwhile. The search method here is limited in only identifying non-globular
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domain-swapped structures. Identifying the exposed swapped-domain linkers of the
open monomers may allow globular domain-swapped structures to be identified.
Identifying loops that may be capable of acting as a hinge loop has been addressed
by calculation loop contact distance values from structure co-ordinates, outlined in
the paper by Linhananta et a l, (2002). Combining these methods may provide a
useful prediction method.
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Chapter 7

Final discussion
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The identification of the domain content and corresponding boundaries within
a protein sequence is an important first step in many areas of molecular biology. This
thesis has described two new methods for domain prediction; A method to predict
domains and their boundaries from protein sequence using predicted secondary
structure has been described (DomSSEA) and a method that delineates protein
domains by post-processing PSI-BLAST sequence alignments has also been
developed (DPS). Both methods have also been combined, with DPS acting as a pre
filter stage to DomSSEA.

The DPS (Domains Parsed by Sequence) method was developed to use PSIBLAST to identify homologues to a query sequence, and then delineate domains
from the N- and C-termini of locally aligned sequence fragments. In cases where a
domain boundary is found, DPS predicts the target sequence as multi-domain. Just
over 50% of the multi-domain sequences containing continuous domains were
correctly predicted by DPS, with a selectivity of 79%. In turn, nearly 56% of the
continuous domain boundaries predicted by DPS were correct within ±20 residues of
a true domain boundary (with a corresponding sensitivity of 30%). Clearly not all
domain boundaries predicted by DPS coincided with the domain boundaries given in
the GATH domain database. A closer examination of the false-positive boundary
predictions and how they might relate to corresponding regions of protein structure
would be worthwhile. Also, although the DPS method was designed to be a simple
approach to domain assignment from sequence, boundary prediction might be
improved by the creation of a more accurate multiple-alignment of the PSI-BLAST
(Altschul et aL, 1997) hits to the query sequence before the domain identification is
made.
The results for prediction of discontinuous domain boundaries using DPS
were disappointing, but perhaps to be expected, as this method was not designed with
the specific intention of recognising such domains. Since most protein structure
prediction methods are aimed at the assignment of continuous domains it was felt
that it was important to accurately assign continuous domain boundaries. Therefore,
although discontinuous domain assignment was considered, the benchmarking of
DomSSEA and DPS focussed on the assignment of continuous domains. Because of
this, for both methods described (DPS and DomSSEA), the accuracy of
discontinuous domain assignment was below that for continuous domain assignment
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mainly due to the inherent complexity of recognising discontinuous domain
fragments.
Many discontinuous domains are thought to have arisen from domain
insertion (Russell, 1994), and are therefore found as two or more individual segments
along the amino acid sequence. Such discontinuous domain fragments might be
identified by searching for segments of chain that are separated in sequence, but that
align to the same sequences, whilst the intervening residues between them do not. A
similar procedure has been carried out by George and Heringa (2002). However, the
identification of discontinuous segments by this method does not appear to improve
corresponding boundary prediction, since the discontinuous domain boundary
prediction by George and Heringa (2002) does not appear to be substantially better
than that calculated for DPS in this study.

The DomSSEA method is based upon the automatic analysis of the predicted
secondary structure of a query sequence. A human sequence analyst will usually
resort to this method in an attempt to parse a protein into domains when homologybased approaches have been unsuccessful. DomSSEA acts as a simple fold
recognition algorithm based upon the mapping of predicted secondary structures to
observed secondary structure patterns of proteins of known 3-D structure. DomSSEA
was able to successfully predict domain content of a protein with the prediction of
continuous domain boundaries achieving a sensitivity of 31%, with a corresponding
selectivity of 32%. DomSSEA was able to predict both the correct domain content
and domain boundaries for 25% of the multi-domain test set (±20 residues).
Although this method is not 100% accurate it could act as a rapid pre-filtering stage
in automatic genome annotation and threading methods where domain boundaries
cannot be located purely from comparative sequence analysis. A further benefit of
DomSSEA is the fact that a number of predictions can be give, from which domain
assignments can be chosen and tested.

Combining DPS and DomSSEA gave an approach in which domain
assignment by sequence comparison could first be made by DPS leaving the more
difficult assignment cases to be predicted by DomSSEA. This combined approach to
domain assignment by DPS and DomSSEA gave correct domain content predictions
for 73% of the single and multi-domain test set, with 76% of the multi-domain chains
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correctly predicted to contain more than one domain. Furthermore, correct
assignments were made for over 55% of the continuous domain boundaries (with a
selectivity of 45%) using both methods (± 20 residues).
A number of additional methods and improvements could be made for a
combined domain prediction algorithm. For instance, the inclusion of a pre-stage to
DPS in which the query sequence is searched against a domain database such as
Pfam would be useful, in order to detect more obvious matches. The inclusion of
transmembrane prediction (Jones, 1994) and the detection of internal sequence
repeats which may correspond to domains (Heringa, 1998) could be used to improve
the domain prediction process. Using the length and composition of domain linkers,
either applied in hidden Markov models or used to train a neural network in order to
predict domain boundaries might also be worthwhile. The analysis of domain linkers
showed that they tend to be mainly coil, favouring proline residues, although all
helical and all-strand linkers do also exist. Even if direct prediction of linkers using
such characteristics did not achieve a high level of accuracy, they may still act as a
useful post-processing stage for domain boundaries predicted by DPS or DomSSEA.
This could include the analysis of predicted domain boundaries and their degree of
agreement with the characteristics observed for domain linkers. Post-processing
stages for predicted domains could also be implemented. For example, a strong
relationship was found between sequence length and surface area. The surface area
of a putative protein domain could therefore be predicted and compared to the
observed distribution of the expected surface area for the given chain length.

All the domain definitions used to test the methods used in this study were
based on those given in the CATH domain database. CATH domains are identified
using a number of algorithms, and in cases of disagreement, manual domain
boundary assignments are made (Orengo et aL, 1997). As such, benchmarking
domain prediction methods on CATH is not reliant on a single assignment procedure
providing the ’true’ domain boundaries. However there are disagreements in domain
assignments between classification databases such as SCOP and CATH (Hadley and
Jones, 1999). The construction of a test data set based on chains which are given
similar domain assignments by both of these databases might be a better approach.
Domain assignments can differ because methods of assignment can be
different according to their overall definition of a structural domain. In SCOP,
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domain recurrence is important because a domain will only be assigned if it is known
to exist as an individual unit (Murzin et aL, 1995). This means that some proteins in
SCOP could be further subdivided into smaller, more compact domains, as might be
the case when using CATH. Assigning domains on the criteria of compactness
however may be problematic since defining the level of compactness used may be
difficult. Domains can be defined as either units of compact structure, or as units of
sequence homology. Both are acceptable definitions although the two may result in
different domain assignments (Marchler-Bauer et aL, 2002). There are several levels
of structural independence, where a domain may fold independently, whilst still
containing smaller subdomains. In addition, small units of structure can correspond
to autonomous folding units, which do not necessarily correspond to domains.
Though Wetlaufer (1973) described domains as independent folding units this
definition may not agree with all domains assigned as independent structural units.
The assignment of domains will never be perfect because ultimately it will
always be a subjective process, and consequently, there is no universally applied
domain definition. This is a problem for domain prediction methods, especially as
they become more accurate. For example when comparing predictions that have been
made using different criteria for a domain, or results that have been benchmarked on
different domain classifications, differences will always be present.

The delineation of domain boundaries is a difficult problem because it relates
to protein folding and understanding the principals by which amino acid sequence
confers protein structure. The protein folding problem is still a key issue to be
resolved and the accurate prediction of protein structure will be an essential tool in
understanding structure and function and is of great importance in this post-genomic
age. The formation of a hydrophobic core plays a key role in the folding of protein
domains. It was shown that the design of simple prediction methods based upon the
percentage or distribution of hydrophobic residues within proteins does not appear to
be a feasible method. There appeared to be no obvious separation in the percentage
of hydrophobic residues in single and multi-domain proteins, whilst the distribution
of hydrophobic residues in sequence appears to be random. The use of factors such
as the percentage of exposed residues and some measure of hydrophobicity may
however have some use in domain prediction, although not in isolation. The
approach used for DomSSEA was to try to identify the more conserved protein
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secondary structure corresponding to protein structural folds which form the
hydrophobic structural core of protein domains.
In this study it has been shown that domain linkers may play an important
role in the folding of multi-domain proteins. Unstructured linkers were found to have
a high frequency of proline residues, isolating the linker from the adjacent. The
presence of the cw-proline residues in domain linkers is known to slow protein
folding because the cis-trans isomérisation of proline peptides is intrinsically slow. It
would be interesting to determine whether multi-domain proteins, which undergo
post-translational folding in the cytosol, are more likely to have proline rich linker
regions.
The rate of domain folding may also be essential in the efficient formation of
multi-domain structures. If one domain of a two domain protein folds quickly and the
other more slowly, the likelihood of the two structures misfolding by aggregation
may be reduced. Work by Plaxco and colleagues (1998) found that the folding rate of
single domain chains correlates well with the mean sequence separation between
residues within a given cut-off in 3D structure. Furthermore, proteins with a large
number of local contacts fold faster than proteins with more long-range non-local
contacts. The analysis and possible prediction of contact order and folding rate in
multi-domain proteins may be of some use in domain analysis and prediction.

Protein domain-swapping provides a mechanism for oligomer formation from
identical protein subunits. In this study it has been shown that swapped domains can
differ considerably in size and secondary structure content. The analysis of swappeddomain linkers has shown that, like domain-linkers, these swapped-domain linkers
have a preference for proline residues. Again, proline residues will confer both
independence and some turn propensity to a swapped-domain linker. The ability to
form oligomers by swapping identical structures, and thus replicating intra-domain
interfaces with inter-domain interfaces is a fascinating mechanism for protein
complex formation. Structural studies have suggested that domain swapping may
occur through the partial unfolding of the monomer to an intact core structure,
leaving the terminal domains free to move and swap (Bennet et aL, 1995; Liu et aL,
2001). Understanding the mechanism and cellular conditions required for the
unfolding and refolding of these proteins will be of great interest, especially in light
of the possible association of domain-swapping and amyloid diseases. The search
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method implemented in Chapter 6 was limited in that it only identified non-globular
domain-swapped structures. The identification of swapped-domain linkers in their
monomer form may allow globular domain-swapped structures to be identified.
Further work regarding the prediction of domain-swapped structures is clearly
needed.
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