Structural Modelling of

Transmembrane Domains

UNIVERSITY OF

OXFORD

Sebastian Kelm
Department of Statistics
University of Oxtford

A thesis submitted for the degree of
Doctor of Philosophy (DPhil)

April 2011


http://www.stats.ox.ac.uk/~kelm/
http://www.stats.ox.ac.uk
http://www.ox.ac.uk

Declaration

All material presented in this thesis is my own work, except where otherwise stated.

Signed: Date:

Sebastian Kelm

ii



For my parents.



Acknowledgements

First of all, I would like to thank all the members of the Oxford Protein
Informatics Group, especially K1, for making life at the office more than
just work. Being a part of OPIG has been a lot of fun. I also thank my
office mates Habib Saadi, Waqar Ali and Jamie Hill for the daily mayhem
that kept life at the office interesting.

Many people helped make this thesis happen. First and foremost my su-
pervisor, Dr Charlotte Deane, whose grim determination has brought about
the publication of every single chapter of this thesis, and my industrial su-
pervisor, Dr Jiye Shi (UCB Celltech, Slough), who provided direction and
feedback at every stage.

Much of my work was done in collaboration or consultation with others. My
program iMembrane is built on the work of Prof Mark Sansom’s research
group (Biochemistry, Oxford). He and Dr Kathryn Scott have provided
much valuable feedback during the early stages of my DPhil, for which I
am grateful. My work on Environment-Specific Substitution Tables was
published in collaboration with my colleague Jamie Hill. From my 2007 be-
ginnings to Jamie’s 2010 summer project and our collaborative 2011 paper,
it has grown into something publishable. During my work on protein loop
modelling I have repeatedly benefited from the invaluable advice of local
loop guru, Yoonjoo Choi. Web wizard Jean-Paul Ebeyer conjured up the
web interface for our FREAD loop modelling server, which should be pub-
lished before the end of the year. These fine people have provided context

to my science and have made me feel like I am part of something bigger.

Last, but certainly not least, I thank my family for caring: My grand par-

ents, who kept asking for news about “Studiosus”, my little big sister and



of course my parents, without whom I would not be where I am today. Al-
though the journey of the past 8 years has been my own, I might not have

made it without them.

There are others who deserve my thanks but, for the sake of brevity, I will
not name them all. Know that I haven’t forgotten you and if you think I

have, feel free to remind me. Cheers, boys and girls.

Now enjoy the read.



Abstract

Membrane proteins represent about one third of all known vertebrate pro-
teins and over half of the current drug targets. Knowledge of their three-
dimensional (3D) structure is worth millions of pounds to the pharmaceuti-
cal industry. Yet experimental structure elucidation of membrane proteins is
a slow and expensive process. In the absence of experimental data, compu-
tational modelling tools can be used to close the gap between the numbers
of known protein sequences and structures. However, currently available
structure prediction tools were developed with globular soluble proteins in
mind and perform poorly on membrane proteins. This thesis describes the
development of a modelling approach able to predict accurately the struc-

ture of transmembrane domains of proteins.

In this thesis we build a template-based modelling framework especially for
membrane proteins, which uses membrane protein-specific information to
inform the modelling process. Firstly, we develop a tool to accurately de-
termine a given membrane protein structure’s orientation within the mem-
brane. We offer an analysis of the preferred substitution patterns within
the membrane, as opposed to non-membrane environments, and how these
differences influence the structures observed. This information is then used
to build a set of tools that produce better sequence alignments of mem-
brane proteins, compared to previously available methods, as well as more
accurate predictions of their 3D structures. Each chapter describes one
new piece of software or information and uses the tools and knowledge de-
scribed in previous chapters to build up to a complete accurate model of a

transmembrane domain.
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Chapter 1

Introduction

1.1 The Importance of Protein Structure

1.1.1 Proteins

Proteins are one of the key classes of biological macromolecules. They constitute the
largest part of a biological cell’s dry mass. Proteins serve as structural building blocks

as well as performing most of the cell’s molecular functions (Alberts et al., [2002).

1.1.2 Membrane Proteins

Membrane proteins represent around 30% of all known proteins (von Heijne, [2007).
They control the communication and exchange of chemicals between the inside and
outside of every living cell (see Figure . Many medically relevant processes involve
membrane proteins, e.g. the recognition of foreign substances by the immune system,
adhesion of blood cells to the blood vessel walls, electron transport during cellular
respiration and the recycling of used neurotransmitters (Miller et al.l |2008]). It is thus
not surprising that the majority of current drug targets are membrane proteins (von

Heijne, [2007)).



1. INTRODUCTION

C%l Membrane Protein
(in between)

<
Extra-Cellular Matrix Cytoplasm
(outside) (inside)

Membrane

Figure 1.1: The importance of membrane proteins - Membrane proteins are essential
for life. They form the bridge between the inside and outside of every biological cell.

1.1.3 Protein Structure

It has been widely accepted since the early 70s that in most cases a protein’s sequence
directly determines its three-dimensional (3D) structure (Anfinsen) 1973), which in turn
determines its function (Alberts et al., 2002)), see Figure A protein’s function can
also be investigated without knowledge of its structure (e.g. using binding assays and
enzyme kinetics assays). However, knowledge of a protein’s structure allows a fuller

exploration of how a specific function is obtained.

1.1.3.1 The four levels of protein structure

Protein structure can be broken down into four levels:

1. Primary structure refers to the network of covalent bonds between amino acids
that holds a protein together. Usually, this is a simple string of peptide bonds,
from the protein’s N-terminus through to the C-terminus. The primary struc-
ture can be more complicated than a simple string if covalent bonds are present
between amino acid side chains. In natural proteins this is only the case when
disulfide bonds (between cysteine side chains) are present. Disulfide bonds never
occur in the reducing environment of the cytosol, or within transmembrane do-

mains, but can occur in secreted or lysosomal proteins or in the extracellular
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domains of membrane proteins.

2. Secondary structure refers to the local 3D structure taken up by peptide chains.
Secondary structure types — helices, strands and coils — are defined by their local
hydrogen bonding patterns. Helices involve periodic hydrogen bonds between
the ith residue and the i + 3 residue (319 helices), the i 4 4 residue (a-helices) or
the i + 5 residue (m-helices). [-strands have an extended conformation and do
not form local hydrogen bonds. Instead, they interact with other strands further
along in the sequence, to form larger structures, the [-sheets. All amino acid
sub-sequences not fitting into these two categories are commonly referred to as
random coils or loops and are thought of as linkers between secondary structure
elements. Very short loops (3 or 4 residues) describing a 180° turn are sometimes

referred to as turns, e.g. the -turns between anti-parallel S-strands.

3. Tertiary structure is the global 3D shape taken up by a single protein chain.
Secondary structure elements (helices and strands) interact with each other to
form compact structures, called “domains”. Types of non-covalent interactions
observed are hydrogen bonds (polar interactions, electron sharing), salt bridges

(charge-charge interactions) and van der Waals forces (hydrophobic interactions).

4. Quarternary structure is formed when several protein chains assemble into a
larger multimeric complex. Multiple identical chains can form homomers, or can
associate with other proteins to form heteromers. Assembly into a complex allows
more complicated functions to be carried out, e.g. the transcription of DNA to

RNA by the RNA polymerase complex.

1.1.3.2 Accessible and buried residues

The residues on the protein’s surface can interact with other proteins and ligands and so

may be functionally important. On the other hand, their mutation may not affect the
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Molecular Biology & S -
. ) stems Biolo
Structural Bioinformatics y oy
A A
v ' N
Sequence » Structure » Molecular Function » Systemic Function

Structure Function Protein
Prediction Prediction Interaction

_/l |\_ Studies

We are here

Figure 1.2: The context of protein structure prediction in understanding bi-
ology - Structure prediction is an essential step in moving from the sequence of a gene
to the understanding of the gene product’s (i.e. the corresponding protein’s) role in the
organism.

stability of the protein’s structure. Residues buried in the centre of an approximately
spherical protein interact tightly with the surrounding residues to form the compact
“core” of the protein. A mutation of their side chains to a chemically or sterically

different residue might prevent the protein from folding properly.

1.1.3.3 The structure of soluble proteins

Soluble proteins often adopt a globular conformation (Figure [1.3]). In their natural
environment they are completely surrounded by water; their structure is usually opti-

mised to have hydrophobic residues in the protein core, while the water-exposed surface

contains a higher concentration of polar or charged residues (Berg et al., [2002). The

“hydrophobic effect”, i.e. the burying of hydrophobic residues inside the protein core,

is thought to be a major driving force in the folding of soluble proteins (Berg et al.

2002).
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Figure 1.3: A typical globular protein structure - Cartoon representation of a
globular water-soluble protein structure, in this case haemoglobin (PDB: 3A9M).

1.1.3.4 The structure of membrane proteins

In comparison, membrane proteins are not completely surrounded by water. Instead,
they penetrate a lipid bilayer (a membrane) and thus contain stretches of residues that
are exposed to the hydrophobic environment at the core of the membrane. Transmem-
brane segments usually have one of two structure types: helices or S-strands (Figure

1.4). Helical transmembrane proteins are translocated into the membrane while being

translated by the ribosome (Elofsson and von Heijnel 2007). It is thus assumed that

they adopt their main fold co-translationally, although rearrangements and multimeri-

sations may take place after translation has finished (Bowie, [2005; DeGrado et al., 2003;

[Kauko et al, [2010) (see Figure [L.5).
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Figure 1.4: Transmembrane protein structure - Cartoon representation of two typ-
ical transmembrane (TM) proteins. The black lines show the approximate location of the
lipid bilayer. (A) halorhodopsin (PDB: 2JAF), a polytopic helical TM protein; (B) porin
(PDB: 2POR), a TM f-barrel constituted of anti-parallel S-strands.

1.1.4 The Concept of Homology

Two proteins are said to be “homologous” if they have a common evolutionary ancestor.
Homologous proteins are found to have the same or very similar molecular functions

and structures.

1.1.4.1 Alignment

The most common way to quantify how similar two protein sequences are to each other
is by “aligning” their sequences. Each protein sequence is represented by a string of
letters, each of which encodes a particular type of amino acid (e.g. A’ for Alanine).
If each sequence is one row in a matrix, the goal of sequence alignment is to shift the
sequences left or right such that the maximum number of matrix columns contain two
similar amino acids. In addition, gaps can be inserted in the middle of a sequence,

e.g. if the two sequences are of different length, or if they are only locally similar. T'wo
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Stage 1: insertion Stage 2: folding

900000 \‘.’ 90000
i\

OOOOOOK :‘g/ DOO®

Figure 1.5: Transmembrane protein folding - Diagrammatic representation of the
membrane protein folding pathway. Red string: protein flexible chain; green cylinders:
TM helices. Left: protein synthesis by the ribosome (white and grey ball) and inser-
tion into the membrane via the translocon complex (brown ellipsoids). Right: folding
into the final TM protein structure. Figure adapted from 2005). Reprinted by
permission from Macmillan Publishers Ltd: Nature 438, 581-589 (1 December 2005) —
doi:10.1038 /nature04395, copyright 2005.
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components are required for sequence alignment: (a) a measure of how similar each type
of amino acid is to the others (i.e. how similar are Alanine and Threonine, compared
to Alanine and Histidine — see below); (b) a scoring system to control the location
and size of gaps. Once the sequences have been aligned, the similarity between the
two sequences can be computed. The most simplistic and most widely used similarity
measure is “percentage sequence identity”, i.e. the number of columns containing two
identical amino acids divided by the total number of columns. An example sequence
alignment is shown in Figure [[.A. Sequence alignment can be generalised to multiple
sequence alignment or can involve structural information, e.g. in sequence-to-structure
alignment. When the structure of both proteins is known, a pure structure alignment

can be performed. More details about the various alignment methods are given in

Section [1.4.2]

1.1.4.2 Substitution tables

Substitution tables are typically 20-by-20 matrices, each row and column representing
one of the 20 amino acid types. Each value in such a table represents the likelihood
(usually as a log-odds score) of observing the substitution from one type of amino acid
to another (e.g. from Alanine to Threonine) in a pair of homologous proteins.

The first ever log-odds substitution scoring matrix was PAM (Dayhoff and Schwartz,
1978), which stands for “point accepted mutation”. The first PAM matrix, PAM1, was
created from the amino acid substitutions observed in families of highly similar protein
sequences (1 substitution every 100 amino acids). Higher order matrices represent
more dissimilar proteins and are obtained by repeated matrix multiplications of the
PAMI1 matrix with itself. PAM250 is thus obtained after 250 matrix multiplications
and represents the mutation probabilities observed in proteins that have diverged by
250 mutation events within each stretch of 100 amino acids.

The most commonly used type of log-odds matrix is BLOSUM (Henikoff and
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A
Name Sequence
2sli A QVGLEYEKYDSWSRNELH-LKDILKFEKYSISELTGQA-
gi1]1109070532 QAPOEYVLYEKGRNHYTE-SISMAKISVYGTL-------
gi]109101506 LFGCYEANDYEEIVFLM-FTLKQAFPAEYLPQ--————
gil170712512 TF--VLTSYGYWEKDYNKPYIKSLRVTLKEIDEIVREMV
gi]110674221 NIGLYEGTPSEEMSYIE---MNLKYLESGANK-—-—--
B
G AV LM I S T ¢ P N Q K R HIDEE
G| 6 0-34-3-4-3-3-20-2-3-20-2-2-2-2-1:-2
A 04 0-1-1-1-2-2=-3120 0-1-2-1-1-1-2-2-1
V 3 0 4 1 3 -1 -1 -3-2 0 -1 -2 -3 -2/-2-3 -3 -3 -2
L |4 -1 1 2 200 -1 -2-2-1-1-3-3-2-2-2 -3-4-3
M 3-1 125 10 -1 -1-1-1-1-2-2 0-1-1-2-3 -2
| |4 -1 3 2 1 40 -1 -3-2-1-1-3-3-3-3-3-3-3-3
3-2-1 0006 3 1-2-2 -2 -4 -3 -3-3-3 -1-3-3
32111137 2-2-2 -2 -3-2-1-2-2 2 -3-:2
2 -3-3-2-1-31 21-3-2 -2 -4-4-2-3-3 -2-4-3
s 0 1-2-2-1-2-2-2-341-1-11200-1-100
T | 20 0-1-1-1-2-2-215=-1-10-1-1-1-2-1 -1
c 3 0-1-1-1-1-2-2-2-1-1 9 -3-3-3-3-3 -3-3-4
P|2-1-23-2-3-4 -3 -4-1-1-37-2-1-1-2 -2-1-1
N 0-233-23-3-=24410-3-26 0200 110
Q 2-1-2-2 0-3-3-1-2 0-1-3-10511 00 2
K| 2-1-2-2-1-3-3-=2-320-1-3-10 15 2 -1-1 1
R 2-1-3-2-1-3-3-2-3-1-1-3-201225 0-20
H 22 3-3-2-3-12-2-1-2-3-2120-10 8-10
12 3-4-3-3-3-3-40-1-3-110-1-2-1E86 2
2-1-2-3-2-3-3 -2 -30-1-4-102 10 025

Figure 1.6: Sequence Alignment - (A) An example sequence alignment of globular
proteins (the last 39 residues are shown). One conserved Leucine residue is highlighted
in red. One of the sequences shows a Valine (which is similar in size and hydrophobicity)
at the same position. (B) The BLOSUM62 substitution matrix. The substitutions from
Leucine to Leucine (red) and from Leucine to Valine (yellow) are highlighted. Scores are
log-odds scores (computed from substitution frequencies), where higher numbers indicate
more favourable substitutions. Substitutions to self (e.g. L to L) indicate how conserved a
residue tends to be. Note that BLOSUM matrices are symmetric.




1. INTRODUCTION

Henikoff, [1992)), which stands for “blocks substitution matrix”. Matrices of this type
are built from the frequencies of amino acid substitutions observed in conserved blocks
of sequences in local multiple alignments of closely related proteins. The most popular
version is BLOSUM62 (shown in Figure ) The number in the name signifies the
redundancy level of the sequences used to build the table. For BLOSUMG62, proteins
with no more than 62% sequence identity were used. This is done in order to avoid
biasing the score matrix towards common sequences.

BLOSUM-like matrices have been constructed specifically for membrane proteins:
JJT (Jones et al. 1994), PHAT (Ng et al. 2000) and SLIM (Miiller et al., [2001).
These matrices mainly differ from BLOSUM matrices in that they were constructed
from datasets containing only the transmembrane domains of membrane proteins.

A further refinement of substitution matrices are “environment-specific substitution
tables” (ESST) (Shi et al..|2001). If the structure of a protein is known, then the protein
can be partitioned into distinct “structural environments”, based on environmental
factors. For example, if we consider only the environmental factors “accessibility” and
“secondary structure”, then one particular structural environment might be defined
as “residues on the protein surface and in an alpha helix”. Given enough proteins
of known structure, one can generate substitution tables for each distinct structural
environment. These can be used in sequence alignment and allows for more accurate
alignments. The main drawback is that, to use such tables, at least one of the proteins

to be aligned must be of known structure.

1.1.4.3 Databases of protein domain families

A protein domain is thought to be the evolutionary and functional unit of a protein
(Alberts et al., [2002). Domains are thought to adopt a stable structure on their own
and can form the entirety of a protein or appear as part of a multi-domain protein,

covalently connected to further domains by (possibly flexible) “linker” regions. There
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are databases grouping protein domains into families based on their known or inferred
evolutionary distance. Databases such as PFAM (Bateman et al.,[2004) are based purely
on sequence information. Others, like SCOP (Murzin et al., [1995) and CATH (Orengo
et al.,|1997)) contain domains from proteins of known structure. Both SCOP and CATH
are organised hierarchically, with the top level being based solely on secondary structure
(e.g. “all alpha” or “all beta”) and the bottom level representing domain families
with almost identical structure and a high level of sequence similarity. While CATH
classification occurs semi-automatically based on sequence and structure similarity,

SCOP classification occurs in a more manual fashion.

1.1.5 Drug Discovery

Drugs attempt to modify a target protein’s function. Drug discovery today is primar-
ily driven by high throughput techniques. Large libraries of millions of compounds
are screened in the hope of identifying a candidate inhibitor for the target protein
(Hertzberg and Pope, 2000). These compounds can be small organic molecules, or
short peptides. Peptide ligands can be further evolved and refined using techniques
such as phage display (Azzazy and Highsmithl 2002; [Yang and Nolan) 2007). More
recently, antibodies — large organic molecules that form part of our natural immune
system — have become a major focus in drug development (Carter}, 2006|), for example
as anti-cancer drugs (Schrama et al., [2006). Currently, the process from finding a can-
didate inhibitor to mass-producing the final drug typically takes 10 to 15 years, costs
vast sums of money and has a very low success rate.

Knowledge of the target protein’s structure can greatly aid in the long process of
drug discovery. Firstly, this knowledge enables rational drug design and refinement.
A candidate inhibitor can be improved by changing its structure to better fit into
the binding cleft of the target protein (Carter, [2006; [Heckmann et al. 2008; |Ramos

and Fernandes, 2006). Secondly, knowing the target’s structure allows the application
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of computational techniques to predict interactions with potential inhibitors or other
proteins or small molecules (Amini et al., 2007). Even low resolution structures can
still be useful in this process (Vakser} [1995)).

With the development of fast and accurate computational methods, the entire drug
production process could become faster and cheaper, while the side effects of drugs
could be reduced. Therefore, much money and effort is being invested into developing

computational methods to predict protein structure and protein interactions.

In this project, we focus on the production of computational methods for protein

structure prediction, especially for the large class of drug targets, membrane proteins.

1.2 Experimental Protein Structure Elucidation

X-ray crystallography provides the highest resolution protein structure models available
to date. However, the method requires the purification and crystallisation of the target
protein, which is difficult, time consuming and expensive. Even with constant devel-
opments of experimental methods, the gap between the number of known sequences
(over 11 million entries in the RefSeq database (Sayers et al., [2009) on 1 Jan 2011) and
known structures (over 70000 entries in the PDB (Berman et al., 2000 on 1 January
2011) continues to grow exponentially. This problem is even more obvious in the case
of membrane proteins, which are considerably harder to purify and crystallise, due to
their physico-chemical properties (Miller et al., |2008). Only about 1500 membrane
protein structures are currently listed in the PDB_TM database (Tusnady et al., |2005),
and most of these are closely related.

Crystallisation of membrane proteins usually requires the modification of the pro-
tein, or co-crystallisation together with antibody (Fy;) fragments or detergents. The
formation of a crystal lattice is achieved by covering hydrophobic patches and providing

a framework for polar and charged interactions. This procedure is lengthy and adds to

12



1.2 Experimental Protein Structure Elucidation

the difficulty of elucidating membrane protein structures (Miiller et al., 2008)).

The second most popular experimental method for protein structure elucidation is
nuclear magnetic resonance (NMR) spectroscopy (Wuthrich) 1989). About 1/8 of the
structures in the PDB (16 April 2011) were obtained via this method. NMR requires
the purification of the target protein in milligram quantities and, in the case of a
typical solution NMR experiment, its subsequent suspension in liquid. For membrane
proteins (Marassi and Opella, 1998), this means having to remove the proteins from
their natural hydrophobic membrane environment, which is difficult and causes the
proteins to denature (lose shape). Membrane proteins need to be solubilised using
detergents, which form micelles around the hydrophobic regions of the protein, or using
organic solvents. Producing the correct detergent conditions that cause the membrane
protein to refold is problematic. Even if the protein refolds into a stable structure,
it is hard to tell if this structure is identical to the protein’s native structure. In
addition, traditional solution NMR experiments have a limit on the size of the molecule
being studied. This boundary has been pushed up to about 50kD, thus enabling the
elucidation of proteins of up to about 500 amino acids. However, many membrane
proteins natively form large multi-chain complexes that can contain thousands of amino

acids.

A more recent approach is solid state NMR (Fu and Cross, [1999; Renault et al.,
2010)). This allows the elucidation of solid objects that move slowly or not at all.
This technique allows the membrane proteins to sit inside larger bilayer vesicles, which
more closely resemble their native environment. However, solid state NMR is more

technically challenging than solution NMR and is still in its early phases.
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1.3 Computational Protein Structure Prediction

Protein structure prediction aims to bridge the gap between the numbers of known
protein sequences and available 3D structures. The goal is to produce an accurate
representation of a protein’s 3D structure given, in the typical case, only its amino
acid sequence. Broadly, structure prediction can be divided into two main categories:
homology (or template-based) modelling and ab initio (or template-free) modelling

(Moult et al., [2009).

Ab initio (i.e. “from first principles”) modelling methods aim to simulate the pro-
tein folding process in silico. This is generally implemented by encoding the rules of
chemistry and physics, combined with empirical knowledge about typical protein struc-
tures, in an energy function and then exploring a protein chain’s conformational space
while minimising its energy. Such methods have, so far, produced useful results only
for small proteins (Moult et al.l 2009), below about 150 residues in length. The larger
the protein, the more degrees of freedom need to be explored. A typical membrane pro-
tein is over 300 amino acids long (up to about 1000), with approximately 10 atoms per
amino acid. More recently, ab initio methods have begun to incorporate the principle of
co-translational folding (Deane et al., [2007; Ellis et al., 2010)), which tends to decrease
the simulation time until biologically plausible structures are observed (Jefferys et al.,
2010)). While these approaches show interesting results in terms of their general folding
behaviour, their practical application in structure prediction of large proteins is still in

its infancy.

Currently, the most successful template-free method is ROSETTA (Das and Baker|
2008]). Its algorithm is based on covering the entire length of the protein sequence with
small overlapping fragments, representing all possible local 3D conformations. These
fragments are combined in many different ways, to form candidate tertiary structures,

which are then scored using a statistical energy function based on empirical knowledge
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of protein structure. Candidate models are clustered in terms of overall similarity
and the program returns one representative per cluster. ROSETTA has consistently
performed well (Bradley et al.,|2005; Das et al.,|2007; Simons et al.,[1999). Nevertheless,
it cannot beat the accuracy of template-based methods, especially on molecules larger

than about 150 residues, and requires large amounts of processing time.

Template-based methods, on the other hand, have been used to successfully predict
protein structures for roughly 20 years (the most popular method in existence today,
MODELLER, was developed in 1993) (Sali and Blundell, 1993)). Homologues are usu-
ally identified by the similarity of their amino acid sequence, and it is assumed that
their structure and function will therefore also be similar (Anfinsen, 1973). Homol-
ogy modelling approaches thus begin with a search of the PDB (or any database of
known structures) for a protein whose sequence is similar to a given target protein (of
unknown structure). Using the known structure as a template, one assumes that the
major elements (the “fold”) of the structure are conserved between the two proteins,
thus greatly reducing the search space to identify the correct overall target structure.
The major drawback of homology methods is the complete reliance on a database of
known structures. It is possible to model structures similar to those already known,

but it is impossible to discover entirely new protein folds in this fashion.

Fifteen years ago, when most of the current homology methods were established,
only a few dozen membrane protein structures were known (see PDB website) and
their crystallisation was thought to be near-impossible. Thus, none of the traditional
homology methods took membrane proteins into account and, for lack of a “correct”
test set of membrane protein structures, neither did ab initio methods. Only in recent

years have researchers begun to work on computational methods specific to membrane
proteins (see Section [2.2]).

With the constant advances in experimental technique and the growing interest in

membrane proteins as drug targets we are, today, at a stage where homology methods
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are becoming applicable to membrane proteins.

1.4 Methods for Template-Based Modelling

1.4.1 Overview

Template-based protein structure prediction is a multi-step process, involving the use
of a variety of bioinformatics tools, typically joined together in an automated or semi-
automated modelling pipeline. Especially for globular water-soluble proteins, a multi-
tude of programs are available to perform each separate task (Eswar et al., 2007). The
input to the entire modelling procedure is a single target sequence, whose structure is

to be predicted.

1. Template identification (homology detection). In order to perform template-
based structure prediction, template structures must first be obtained. This is
done by scanning structural databases for homologous proteins of known struc-
ture. If proteins with high sequence identity to the target are available, this
step can be done using fast sequence alignment methods (Altschul et al., [1990;
Pearson, 1990). If the target sequence shares low sequence identity (below 40%)
with proteins of known structure, finding homologues becomes increasingly hard.
In the lower sequence identity range (10-40%) slower methods such as profile-to-
sequence (Altschul et al.l [1997; Eddyl, [1998), profile-to-profile (Soding, |2005|) or
sequence-to-structure (Shi et al., |2001) alignment methods perform better. Once
possible candidates have been identified, one or more template structures are
chosen using scores (e.g. sequence identity, substitution scores, etc.) or previous

knowledge.

2. Alignment. Many template finding methods are optimised to detect distant

evolutionary homologues but do not yield a good quality alignment. Alignment
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quality is one of the major contributors to the accuracy of the final model (Sanchez

1997). An incorrect alignment will almost always result in an inaccurate

model. Therefore, the templates may need to be re-aligned to each other and

to the target sequence. Structure alignment methods (Holm and Sander} [1996}

(Ortiz et al., 2002; Shindyalov and Bourne, 1998; Zhang and Skolnick, |2005al), may

be used to produce a multiple structure alignment, which is in turn aligned to

the target sequence using sequence-to-structure alignment (a.k.a. “threading”)

programs (Shi et al., 2001]).

. Template weighting. When using multiple templates for modelling, templates

may be weighted, e.g. using their estimated evolutionary proximity to the target

sequence (e.g. SCORE (Deane et al.,2001))). In addition, clustering methods may

be applied to reduce the bias towards groups of closely related protein structures.

. Co-ordinate generation. The final step in modelling is the generation of three
dimensional co-ordinates from the alignment between target and template pro-

teins. Three main approaches exist for template-based co-ordinate generation:

assembly of rigid bodies (Bates et al., [2001; Deane and Blundell, 2001} Koehl and|

Delarue, 1995; Petrey et all [2003; [Schwede et al., 2003; [Sutcliffe et al., 1987),

segment matching (Levitt, 1992)) and satisfaction of spatial restraints (Sali and
Blundell, 1993). All these approaches result in a 3D model, which may contain

gaps (missing residues) and often only the backbone atoms (N, Ca, C, O) of the

protein chain. Some methods model all atoms, but may sometimes generate low-

quality side-chain co-ordinates, while other programs specialise in re-modelling

only the side-chains on a given model (Krivov et al., 2009).

. Model quality assessment and model selection. Usually, co-ordinate gen-
eration results in the creation of more than one model. The quality of the models

can be assessed using objective functions, which may test for problems such as
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steric clashes, unfavourable bond angles and distances, as well as checking the
agreement with typical (empirical) local structures. These functions generally re-
turn a score, which should ideally correlate with the similarity of a model to the
“true” protein structure. Various functions of this type have been implemented
in model quality assessment programs (MQAPs), e.g. QMEAN (Benkert et al.|
2007)). Using MQAP scores, the models may be ranked and/or filtered before

returning the result to the user.

6. Iteration. In order to improve the final model, steps 2 to 5 may be iterated. This
procedure is time-consuming but has been shown to produce superior results as
well as being able to correct errors in the initial alignment between target sequence

and template structures (Burke et al., |[1999).

1.4.2 Sequence Alignment

As discussed in Section[[.1.4.1] sequence alignment is used to identify similar parts of bi-
ological sequences. Large segments of such “conserved” regions are thought to indicate
that the sequences share a common evolutionary origin. The optimal alignment be-
tween two sequences (the one with the highest alignment score) can be computed using
dynamic programming algorithms: the Needleman-Wunsch algorithm (Needleman and
Wunsch, [1970)) for global alignment and the Smith-Waterman algorithm (Smith} |1981)),
a variation of the former, for local alignment. The terms “global” and “local” mean
that the entire sequence or only short sub-sequences are assumed to be evolutionarily
related. Most currently available alignment methods are based on these algorithms.
Various improvements have been made since, such as the use of substitution tables (see
Section and an “affine” gap penalty (Gotoh, [1982)). This gap penalty has the
form:

s=eL+o (1.1)
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where s is the total gap penalty, L is the length of the gap, e is the gap extension
penalty and o is the gap opening penalty.

With long input sequences, dynamic programming approaches become increasingly
slow, as they typically run at quadratic complexity. Multiple alignments become com-

putationally intractable using this approach (Justl 2001; Wang and Jiang, (1994).

1.4.2.1 BLAST: searching a sequence database

The most widely used method for homology detection is BLAST (Altschul et al., 1990).
BLAST performs a fast alignment of one or more query sequences against a given
sequence database. This is done using a heuristic k-mer (or “word”) search, i.e. the
search for shared sequence fragments of length k. Such local matches are then extended
using a dynamic programming local alignment algorithm. BLAST produces an E-value
for every hit, which represents the number of equally good hits that one would expect
to obtain by chance, given the present database.

BLAST’s cousin PSI-BLAST (Altschul et all {1997) performs a simple BLAST
search and then builds a position-specific scoring matrix (PSSM) from the hits with an
E-value smaller than a given cut-off. A PSSM summarises the information contained
in all the sequences found. Each row in the PSSM represents one of the 20 amino acids,
each column relates to one position in the query string. One cell in the PSSM thus
represents the frequency of observing a particular amino acid at a particular position of
the query. This sequence “profile” is then used to search the database again. After ev-
ery iteration the profile is updated and the procedure repeated until no more sequences
are added to the profile or until a cut-off number of iterations is reached. BLAST is
excellent at detecting homologs above 40% sequence identity but its power decreases
below this. PSI-BLAST is able to find more distant homologs. At low sequence identity
neither program produces a very accurate final alignment and thus hits are commonly

realigned using other sequence alignment programs (Edgar, 2004a; Notredamel |2000;
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Sadreyev et al., [2007; Thompson et al., [1994)).

1.4.2.2 MUSCLE: pairwise and multiple sequence alignment

There are many sequence alignment programs. Virtually all of them are based on
the Smith-Waterman algorithm for pairwise alignments. However, since the algorithm
scales exponentially for multiple sequences, heuristics are needed to align more than 2 or
3 sequences at a time and solutions differ between programs. The CLUSTAL (Chenna;
et al., [2003) series of programs performs a tree-based multiple sequence alignment
(MSA) by first performing all possible pairwise alignments and building a phyloge-
netic tree from the pairwise sequence similarities. This tree is then used to determine
the order of adding sequences to the MSA. Clustal has been improved by additions
such as sequence clustering and weighting and position-specific gap penalties (Thomp-
son et al., 1994). However, the method cannot overcome the intrinsic weakness of
tree-based methods: once a sequence is added to the MSA, its alignment to the previ-
ously added sequences never changes. Thus the accuracy of the MSA depends entirely
on the accuracy of each separate pairwise alignment. This problem is partially over-
come by iterative methods, such as T-coffee (Notredame, 2000) and MUSCLE (Edgar,
2004alb), which change the initial MSA by partitioning it into smaller sub-sets of simi-
lar sequences, internally re-aligning these and then merging them back into a complete
MSA. This procedure is iterated until convergence.

The method used extensively in this work is MUSCLE, which was designed to
perform iterative MSA at a speed that allows high throughput application.

Progressive multiple sequence alignment with MUSCLE:

e Multiple sequence alignments (MSAs) are generally used to investigate what re-
gions of a group of related sequences are conserved throughout evolution. MUS-
CLE and other progressive methods invert this assumption and infer a multiple

sequence alignment from an evolutionary tree. This tree is built by hierarchical
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clustering of the pairwise sequence similarities/distances.

e Given an evolutionary tree of sequences, the algorithm visits the tree nodes start-
ing from the leaves and moving towards the root. Every leaf is assigned a sequence

profile representing a single input sequence.

e As the algorithm progresses towards the root, each internal tree node is assigned
a new sequence profile, which represents the alignment of its two child profiles.

Then pairwise alignment is performed.

e Every internal node can also be represented as a MSA. The root node represents

the final MSA, containing all input sequences.

Sequence profiles. In MUSCLE, sets of aligned sequences are represented as a
profile. This profile can be thought of as string of characters, where each character
encodes the information contained within a single column of its corresponding MSA,
facilitating the application of pairwise alignment methods to multiple sequences.

Pairwise profile alignment. MUSCLE uses a pairwise alignment algorithm sim-
ilar to CLUSTALW (Thompson et al., 1994). Briefly, this is a speed-optimised dy-
namic programming algorithm with substitution scores, an affine gap penalty and a
half penalty for terminal gaps. The algorithm’s complexity is O(N) in space and
O(N?) in time. See Appendix for a more complete description of the MUSCLE

algorithm.

1.4.3 Structure Alignment

Structure alignment methods superimpose two or more 3D protein structures (see Fig-
ure [1.7)) and can generate a sequence alignment that reflects this superposition. The
sequences of the two proteins need not necessarily be taken into account during this pro-

cess. Unlike regular sequence alignment, structure alignment has no optimal solution,
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as two conflicting parameters are being optimised: the number of residues superim-
posed should be maximised (usually only the Ca atoms are used), while the root mean
square distance (RMSD) between the corresponding atoms should be minimised. A
superimposition of a single residue would yield a perfect RMSD of zero, but only a
minimal alignment length of one residue. Given that the two proteins are not iden-

tical in structure, increasing the number of superimposed residues will in many cases

automatically raise the RMSD (Bourne and Weissig), |2003)).

Due to these contradictory goals, there is no “best” structure alignment. Implemen-

tations vary greatly in their algorithms and speed. Most alignment programs perform

rigid body superposition (TM-align (Zhang and Skolnick, 2005a), MAMMOTH

et al,[2002)), DALI (Holm and Sander), 1996, Combinatorial Extension (Shindyalov and|
1998)), although some allow kinks and twists (MATT (Menke et al., 2008)) in

order to better align more distant homologues.

Figure 1.7: Structure Alignment - The structures of two bacterial porins; PDB entries
2POR (left, yellow), 1IPRN (middle, cyan) and their superposition (right).

1.4.3.1 TM-align

One of the most widely used pair-wise structure alignment program is TM-align (Zhang|

land Skolnickl 2005a). It is designed for speed while performing a fairly accurate rigid

body superposition of two related protein structures. More recently, a variant called

MM-align (Mukherjee and Zhang),2009)) has been developed for the alignment of protein
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complexes.

The main difference between TM-align and other structure alignment tools is its
use of the TM-score (Zhang and Skolnick, [2004) as an optimisation criterion, instead of
more traditional measures of accuracy like the RMSD, the MaxSub score (Siew et al.
2000) or the global distance test (GDT) (Zemla et al., [1999). The RMSD, while being
intuitive, has the drawback of being highly sensitive to alignment errors. The other
measures compensate for this but are defined by counting the proportion of “well-
aligned” residues in the alignment and are thus completely insensitive to the quality
of low-accuracy regions in the alignment. In addition, all the above measures have a
strong correlation with protein size, which is problematic when comparing the accuracy
of alignments between different protein pairs. The TM-score, used by TM-align, is
defined as follows:

1 Lai; 1
TM-score = Max Z (1.2)

LTarget i—0 1+ ( d; ))2

dO(LTa'rget

do(Lrarget) = 1.243/ Lrgrget — 15 — 1.8 (1.3)

where Lrg,get is the length of the target protein that other protein structures are aligned
to, Lgy; is the number of aligned residues, and d; is the distance between the ith pair
of aligned residues. do(L7arger) is a normalisation parameter that renders the average
TM-score, for randomly related proteins, independent of protein size; Max is a function

that selects the maximum score over all possible alignments.

Given two protein structures, TM-align first performs three initial alignments based
on three different heuristics: The first alignment is done by aligning the secondary struc-
ture elements of the two proteins by dynamic programming. The second alignment is
produced by gapless threading of the shorter protein onto the longer protein. The third

alignment is produced by combining the scoring matrices of the first two alignments
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and, again, running a dynamic programming algorithm on the combined scoring matrix.
In all three cases, the optimal alignment is identified using its TM-score.

These three initial alignments are each fed into an iterative optimisation algorithm.
Given an initial alignment, the 3D structures are optimally superimposed using the
aligned residues. From this superposition a new scoring matrix is built up. The scoring

matrix S has the form

1
N 1 + dfj/dO(Lm”m)Q

S(i,7) (1.4)

where d;; is the distance of the ith residue in structure 1 and the jth residue in structure
2, in the current superposition of the two proteins; L,,;, is the length of the shorter
protein; dy is defined as in equation but with respect to L, instead of Lpgrget-
As before, the optimal alignment is identified using dynamic programming and using
the aligned residues a new superposition can be computed. This process is repeated

until convergence, which tends to happen after only 2-3 iterations.

In all the above alignments only gap openings are penalised (except for the gapless

threading step).

1.4.4 Sequence to Structure Alignment

Aligning a sequence to a structure differs from other types of alignments, in that both
sequence and structure information is used to construct the alignment (see Figure .
This enables higher quality alignments at low sequence identities (<40%).

In a structure prediction context, sequence-to-structure alignment methods are of-
ten referred to as “threading” or “fold recognition” methods, as their purpose here is
to assign a 3D conformation (or “fold”) to an input sequence. This is often done by
“threading” an input sequence onto known protein structures in the PDB. A variety of
scoring methods have been employed in order to identify the best available 3D confor-

mation for a given sequence. Some methods use the full 3D structure to inform their
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scoring function (e.g. using inter-atomic distances), while others first transform the 3D
structure into sets of 1D annotation sequences (symbolising, for example, secondary

structure).

Sippl and Weitckus (1992) used an empirical pseudo-energy function, based on
CpB-Cp distances in known protein structures, to score alignments between the input
sequence and proteins of known structure. The main drawback of this approach was
that it did not support gaps in the alignment. Since then, other methods have used
predicted secondary structure (McGuffin and Jones, 2003), solvent accessibility infor-
mation (Chen and Zhou, [2005)) or various combinations of sequence and predicted struc-
tural features (Skolnick et al., 2004; Wu and Zhang}, |2008; |Zhou and Zhou, [2005). The
alignment engine itself is most commonly powered by dynamic programming or Hidden
Markov Models (Karplus et al., [1998; Soding, 2005). The most accurate methods use a
consensus of multiple approaches, for example the 3D-Jury meta-server (Ginalski et al.,

2003) available at http://bioinfo.pl.

The program used in this thesis is FUGUE (Shi et al., 2001), which is called as one
part of the above-mentioned meta-server. FUGUE uses a dynamic programming algo-
rithm informed by 1D structural annotation. This annotation is directly inferred from
the known 3D structure (using the program JOY, see below) and no predicted annota-
tion is relied upon. Each residue in the protein of known structure is thus characterised
in terms of its local structure environment. This environment then dictates which one
of a set of environment-specific substitution tables (ESSTs) and gap penalties should
be used. The two proteins are then aligned as in regular sequence alignment, but using
the previously chosen substitution tables and gap penalties for each residue. Further

details are given in Section below.
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A: Sequence Alignment

>1h2s

structure

MVGLTTL--—=——— FW——LGAIGMLVGTLAFAWAGRDAGSGERR—YYVTLVGISGIAAVA
YVVM--ALGVGWVPVAERTVFA--—————— PRYIDWILTTPLIVYFLGLLAGLDSREFGI

VITLNTVVMLAGFAGAMV--PGIERYALFGMGAVAFLGLVYYLVGPMTESASQRSSGIKS
LYVRLRNLTVILWAIYPFIWLLGPPGVALL-TPTVDVALIVYLDLVTKVGFGFIALDAAA
TLRAEHGEGAVFIFVGALTVLFGAIAYGEVTAAAATGDAAAVQEAAVSAILGLIILLGIN
LGLVAATL

>2eid

structure
QAGFDLLNDGRPETLWLGIGT.LMLIGTFYFIARGWGVTDKEAREYYAITILVPGIASAA
YLAMFFGIGVTEVELASGTVLD----— IYYARYADWLFTTPLLLLDLALLAKVDRVTIGT

LIGVDALMIVTGLIGALSKTP-LARYTWWLFSTIAFLFVLYYLLTSLRSAAAKRSEEVRS
TFNTLTALVAVLWTAYPILWIVGTEGAGVV-GLGIETLAFMVLDVTAKVGFGFVLLRSRA
IL GET

>lel2

structure
REN-ALLSS————SLW——VNV.LAGIAILVFVYMGRTIRPGRPRLIWGATLMIPLVSISS
YLGLLSGLTVGMIEMPAGHALAGEMVRSQWGRYLTWALSTPMILLALGLLADVDLGSLFT
VIAADIGMCVTGLAAAMTTSALLFRWAFYAISCAFFVVVLSALVTDWAASAS--SAGTAE
IFDTLRVLTVVLWLGYPIVWAVGVEGLALVQSVGATSWAYSVLDVFAKYVFAFILLRWVA
NN ERTVAV

B: Joy Secondary Structure Annotation

>lel2
secondary structure and phi angle
CCH—HHHHH————HHH——HHHlHHHHHHHHHHHHHCCCCCPHHHHHHHHHHHHHHHHHHH

HHHHHHPCCCEEEECCCPCCCCPCEEEECHHHHHHHHHHHHHHHHHHHHHHPCCHHHHHH
HHHHHHHHHHHHHHHHHCCCCHHHHHHHHHHHHHHHHHHHHHHHCHHHHHHH--HCPCHH
HHHHHHHHHHHHHHHHHHHHHHCCCCCPCCCCHHHHHHHHHHHHHHHCHHHHHHHHHHHH
HC HHHHHC
>1h2s

secondary structure and phi angle
CPCHHHH--————— HH——HHHIHHHHHHHHHHHHCCCCCCCCHH-HHHHHHHHHHHHHHH
HHHH--HCPCPEECCCPCCEEH-——————— HHHHHHHHHHHHHHHHHHHHHPCCHHHHHH
HHHHHHHHHHHHHHHHHC--CPCHHHHHHHHHHHHHHHHHHHHHCHHHHHHCCCCHHHHH
HHHHHHHHHHHHHCCHHHHHHHCCCCCPCC-CHHHHHHHHHHHHHHHHHHHHHHHHHHHH
HHHHHCPCCHHHHHHHHHHHHHHHHHHHHHHHHHHHPCHHHHHHHHHHHHHHHHHHHHHH
HHHHHHHC

>2eid

secondary structure and phi angle
CCPCCCCPCPCCCHHHHHHHHIHHHHHHHHHHHHHCCCCCHHHHHHHHHHHHHHHHHHHH
HHHHHHPCCCEEEECCCPCEEE----~ ECCHHHHHHHHHHHHHHHHHHHHHPCCHHHHHH
HHHHHHHHHHHHHHHHCCCCH-HHHHHHHHHHHHHHHHHHHHHHCHHHHHHCCCCHHHHH
HHHHHHHHHHHHHHHHHHHHHHCCCCCPCC-CHHHHHHHHHHHHHHHHHHHHHHHHHCHH
HC PPC

E: Target sequence

>gi|110668951

C: Structure Alignment

D: Corresponding Residues
Zooming in on the residues highlighted in

the sequence alignment. As shown in the
JOY annotation, they are part of a helix.

MSQHLYTRSTNSHCMRMIGPEQLDSAVLQLTQSDVLSQVQONDVLLSSSLWVNIALAGLSILLFVYMGRNITSGRARLIWGATLMIPLVSISSYLGLASGL
TVGFIEMPAGHALAGQEVMSQWGRYLTWALSTPMILLALGVLADVDRGSLFTVIAADIGMCVTGLGAALITSSYLFRWAFYIISCTFFVVVLFALLFEWP
VSAAAAGTDDIFSTLRLLTVVLWIGYPVIWAAGVEGFALIQSVGLTSWGYSGLDILAKYAFSFLLLRWVADNEPTVSSPASNTAESGAVADD

Figure 1.8: Sequence to (multiple) structure alignment - A multiple structure
alignment (C) and its corresponding multiple sequence alignment (A) are shown. Each
structure is annotated using JOY (B, only secondary structure annotation is shown). One
set of corresponding residues is highlighted in sequence and structure representations. The
target sequence (in FASTA format), for which a 3D model needs to be computed, is shown
in E. This sequence needs to be aligned to the pre-aligned structures in C (and A), e.g.

using FUGUE.
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1.4.4.1 JOY: Annotating Sequence Alignments with Structural Informa-

tion

JOY (Mizuguchi et al., [1998a) is a post-processor for structure or sequence alignments.
It annotates a given input alignment with the local structural environment of every
residue within the alignment. The complete annotation provided by JOY is listed in
Appendix The main annotations are computed as follows.

Solvent accessibility is calculated using the program PSA, which uses an imple-
mentation of the algorithm described by |Lee and Richards (1971)). Each residue is
annotated as being either “accessible” or “inaccessible”, depending on whether at least
7% of its surface is exposed on the surface of the protein.

Secondary structure and main chain conformation is calculated using SSTRUC,
which uses the definitions stated by Kabsch and Sander|(1983). Information on dihedral
angles is also provided.

Hydrogen bonding of side chain and main chain atoms is predicted by the program
HBOND (J. Overington, unpublished). Hydrogen donor/acceptor pairs within 3.5A of
each other are assumed to interact (with some additional restrictions on bond energy
and angle). Hydrogen bonds are classified into four types: main chain to main chain;
side chain to main chain amide; side chain to main chain carbonyl; side chain to side
chain / hetero atom group.

The annotation produced by JOY can be used in the process of creating environment-

dependent substitution tables (see Section [3.5.3]).

1.4.4.2 FUGUE: Sequence to Structure Alignment

FUGUE (Shi et al., 2001) performs an alignment between a protein sequence and
a protein structure. Its main purpose is homology detection. Given only a protein
sequence, FUGUE finds homologous protein structures, which are likely to be suitable

as templates for homology modelling of the target protein’s structure. FUGUE was
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trained and tested on subsets of the HOMSTRAD (Mizuguchi et al., |1998b) database
of multiple structure alignments of protein families. This database is explained in more

detail in Section B.5.1.2

FUGUE uses environment-specific substitution tables (ESSTs) produced by the
software SUBST. The structural environments used by FUGUE were characterised
using JOY.

Consider target protein A, for which only the sequence is known, and match protein
B, for which both the sequence and structure are known. In order to obtain a score for
the alignment between residue ¢ in protein A and residue j in protein B, we must first
choose the correct substitution table. JOY is run on protein B, thus characterising the
local structural environment of every residue in protein B. Knowing the environment of
residue j, we choose the corresponding substitution table. We obtain the substitution
score by picking the cell corresponding to the substitution of the amino acid at position

j (in protein B) to the amino acid at position i (in protein A).

Scoring matrix. The rows of the matrix represent the positions in the structure
and the columns represent the 21 amino acids (including half-cysteine). My, is the
score of replacing amino acids at position p of the structure with amino acid b. The

scoring matrix is thus:

My, =Y S(api, E—b) (1.5)

where ¢ is the 7th structure in the alignment, a,; is the amino acid of the ith structure
at alignment (or structure) position p and FE is the structural environment of amino
acid ay;.

Gap penalty matrix. Gap penalties in FUGUE are dependent on the local struc-
ture environment. For instance, insertions/deletions in the middle of a secondary struc-

ture element (SSE) are penalised.

Sequence-profile search and alignment. FUGUE uses a dynamic programming
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algorithm as described by |Gotoh| (1982)). If the length ratio between the query sequence
and the structure is greater than 1.5 or less than 2/3, a global-local algorithm is used
instead, with zero terminal gap penalties.

A z-score is finally calculated to assess the quality of the match between query
sequence and the given structure profile.

FUGUE is one of the most widely used methods for sequence-to-structure alignment
and homology detection. According to the authors (Shi et al. [2001), at the time
of publication, FUGUE significantly outperformed various other popular methods for
homology detection, including PSI-BLAST. At the family level, FUGUE attained a
sensitivity of 49% (at 99% specificity) and 62% (at 50% specificity), compared to 42%
and 50% for the next best method, a derivative of PSIBLAST. At the superfamily level
this difference is smaller as detection levels of all methods sink dramatically. Here,
FUGUE’s sensitivity reached 4% and 13%, compared to 4% and 10% for the next best
method, PSI-BLAST.

1.4.5 Co-ordinate Generation

The classical method for co-ordinate generation is the assembly of rigid bodies (COM-
POSER (Sutcliffe et al., 1987)), 3D-JIGSAW (Bates et al., 2001), SWISS-MODEL
(Schwede et al., 2003))). Here, a “framework” is calculated from the templates by find-
ing conserved regions within the multiple alignment and averaging the Ca co-ordinates
across the templates (see Figure . Main chain atom co-ordinates of each core seg-
ment of the target model are then obtained from one of the templates and superimposed
onto the framework. Segments which still have no structure are considered to be loops.
These are filled in by searching a loop database for a loop with matching anchor re-
gions (structured regions immediately adjacent to the loop) and similar sequence. Side
chains are finally added to the model and their conformation optimised using energy

minimisation or molecular dynamics.
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Alignment of the target sequence
to the structural alignment of the
basis structures 4

Structural superposition of the
basis structures

Construction of the structurally
conserved regions

N

Perform molecular dynamics/

energy minimisation
Addition of structurally
variable regions

4

Figure 1.9: Comparative modelling by assembly of rigid bodies - Algorithm used
in homology modelling by assembly of rigid bodies (see text for details). Figure taken from

(Dean, 2000).
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Another type of approach is modelling by satisfaction of spatial restraints (MOD-
ELLER (Sali and Blundell, |1993)). First, many constraints on the structure of the
target sequence are generated from the initial alignment of the target sequence to the
template structures. The assumption made is generally that distances (in 3D space)
between corresponding atoms in the alignment are similar in the target and template
proteins. Homology-derived restraints are usually combined with stereochemical re-
straints on bond lengths and angles, as well as non-covalent interactions obtained using
a classical molecular mechanics force field. The final model is obtained by an optimi-

sation process that minimises the violations of these restraints.

1.4.5.1 MODELLER

MODELLER implements comparative (template-based) structure modelling by sat-
isfaction of spatial restraints. The program is designed to accept a great variety of
restraints, some of which are listed below.

Homology-derived restraints. In the initial step of 3D co-ordinate generation,
the 3D co-ordinates of the target protein’s residues are derived from a multiple align-
ment with template proteins of known structure. Typically, spatial restraints thus
obtained include main chain dihedral angles and Ca-to-Ca distances, which are cor-
related in structurally similar proteins (Sali and Blundell, |1993). These relationships
are expressed as probability density functions, which can directly be used as spatial

restraints.

Stereochemical restraints. MODELLER uses the CHARMM?22 force field (MacK

erell et al.l [1998) to enforce proper stereochemistry.

Experimentally derived restraints. Due to the modular nature of the approach,
restraints from any source may be added to the homology-derived restraints. Examples
of such are secondary structure packing data (Cohen and Kuntz, |1989) and analyses

of hydrophobicity (Aszodi and Taylor) [1994). This allows the easy adaptation of the
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MODELLER approach to the protein being targeted for modelling.

Final co-ordinate generation. The spatial and other restraints are combined
into an objective function, which depends on the Cartesian co-ordinates of the atoms
of the target protein. This objective function is optimised using conjugate gradients and
molecular dynamics with simulated annealing ((Clore et al., [1986), to yield a new model.
The model is improved by slightly varying the initial co-ordinates before optimisation,
producing a range of final conformations, from which the “best” one may be selected
using either the value of the objective function or by using model quality assessment

programs (MQAPs).

1.5 Towards Accurate Prediction of Transmembrane Pro-

tein Structure

As illustrated above, there is a multitude of available methods facilitating the modelling
of protein structure. Some of these individual methods can be applied directly to
membrane proteins, while others need to be adjusted and improved to fit the physico-
chemical properties of membrane proteins. This project aims to develop an integrated
approach to the accurate modelling of transmembrane proteins from their sequence.
Chapter [2| describes the first step towards this goal: iMembrane, a method for
accurate prediction of a protein’s location within the membrane. iMembrane combines
existing alignment methods with a new simplified membrane model based on a database
of coarse-grained molecular dynamics simulations of membrane proteins. This new
approach will be used in subsequent chapters to build environment-specific substitution

tables of membrane proteins and ultimately to model membrane protein structure.
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Chapter 2

iMembrane: Predicting a
Protein’s Position Within the

Membrane

2.1 Context

The overall aim of this work is to accurately predict the structure of a transmembrane
(TM) protein from its amino acid sequence. The road from sequence to model struc-
ture is long and typically involves a multitude of steps performed by a plethora of
programmes. The method described in this chapter, iMembrane, is the first step along
this path and is the basis for all subsequent work described in this thesis.

iMembrane predicts a membrane protein’s “membrane insertion”, i.e. its three-
dimensional position within the lipid bilayer. This knowledge is of paramount impor-
tance in any structural analysis of membrane proteins and also to the prediction of
membrane protein structure.

In Chapter [3] iMembrane is used to partition membrane proteins into sections in

contact with the various parts of the lipid bilayer. This partitioning can be used to
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describe the molecular evolution occurring in each of these structural environments, in
the form of environment-specific substitution tables (ESST).

In Chapter [4] iMembrane is used to annotate the template structure in a homology
modelling pipeline. This annotation is then used to select the correct ESST for scoring
each part of the target-template alignment, which leads to the generation of higher-
accuracy model structures.

The following sections give further motivation for the iMembrane approach, details

on its internal workings and, finally, a validation of the method’s accuracy.

2.2 Existing Methods for Membrane Proteins

All the approaches described in Chapter [1| have been widely used in the modelling
of globular soluble proteins. However, applying them to the modelling of membrane
proteins has been less successful (Elofsson and von Heijne, 2007)).

Theoretically, considering the physical environment of membrane proteins, the pres-
ence of the membrane should impose more restrictions on the proteins’ structures, thus
making the prediction task easier. In order to exploit these spatial restraints, informa-
tion regarding the protein’s position relative to the membrane is required. This data is
not currently available from experiments.

Obtaining an accurate membrane protein structure is difficult and costly. However,
even given the structure of a membrane protein, no matter by which method it was
obtained, one vital piece of information is still missing: the protein’s position within
the lipid bilayer. Natural ligands or drugs must be able to access the part of the protein
to which they bind. Therefore it is important to be able to distinguish the parts of
the protein that are within the lipid bilayer from those that are solvent-accessible.
This information is not currently available from experiments. Structures obtained by

X-ray crystallography or NMR spectroscopy do not easily allow the elucidation of the
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protein’s native lipid bilayer environment.

Studies have shown (Elofsson and von Heijne, 2007; Eyre et al., 2004) that the parts
of the protein in contact with the membrane have different physico-chemical properties
from those that are in contact with water. This is expected, since the hydrophobic tails
of membrane lipids constitute a radically different environment from an aqueous solvent,
both in terms of hydrophobicity and physical crowding. The ability to distinguish
between parts of a protein that are in contact with these different environments should

thus be highly informative and advantageous in a structure prediction setting.

One of the most widely used methods to predict the position of transmembrane
(TM) helices is TMHMM (Krogh et all |2001). The program takes as input a single

protein sequence and outputs the predicted locations of TM helices within the sequence.

TMHMM is based on the work of |Jones et al. (1994), who described a dynamic
programming method, which implicitly combines the use of two signals associated with
transmembrane helices: hydrophobicity (Argos et al.,|1982) and charge bias (von Heijnel,
1986, {1994)). In addition, a “grammar” is used for the prediction, by considering the
protein as a whole: cytoplasmic and extra-cellular loops have to alternate with TM
helices. TMHMM uses a hidden Markov model (HMM) (Sonnhammer et al., [1998) to
model a membrane protein’s topology in a similar way to Jones et al. The positions of
TM helices are modelled, as well as whether the N and C termini are inside or outside
the cell. In addition, TMHMM uses the width of a typical membrane to constrain the

length of the TM helix core.

According to the authors (Krogh et al., [2001), TMHMM finds over 95% of TM
helices and correctly distinguishes between transmembrane helix proteins and other
proteins in 99% of cases (if no signal peptides are present). On a per-residue level,
it reaches (cross-validated) accuracies of 79%. According to the authors, the most
common mistake made by TMHMM is to predict signalling peptides as TM helices. It

should thus be used in combination with signal peptide prediction programs, such as
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SignalP (Bendtsen et al., [2004). In addition, reviews state that the accurate prediction
of helix boundaries as well as the identification of half-helices, which do not span the

entirety of the membrane, remain problematic (Cuthbertson et al., 2005).

HMM-B2TMR is a HMM-based method to predict the topology of a transmem-
brane (-barrel from its protein sequence (Martelli et al., |2003). The method is very
similar to TMHMM. The method takes in evolutionary information in the form of a
multiple sequence alignment of the target sequence with related sequences. The HMM
used differs from typical HMMs in that every state is represented not by a single char-
acter, but by a vector containing the information obtained from a single column in the
multiple alignment. It therefore shares certain features with position-specific scoring
matrices. The transition probabilities from a single state depend on the 20 parameters
of that state (i.e. the occurrence of the 20 amino acids in the corresponding alignment

column).

According to the authors (Martelli et all 2003), HMM-B2TMR is 83% accurate
on a per-residue basis. When distinguishing between [S-barrel membrane proteins and
other proteins, the method correctly rejects 90% of globular proteins and 90% of all-«

membrane proteins.

OPM (Orientation of Proteins in Membranes) is an entirely different style of pro-
gram. It inserts existing membrane protein structures into a model membrane using a
force field (Lomize et al., 2006]). The membrane is modelled as a simple hydrophobic
slab. Three parameters are optimised: the protein’s angle with respect to the mem-
brane plane, its position relative to the membrane and the thickness of the membrane
slab (see Figure . The 7 axis in the co-ordinate system represents the membrane

normal. The energy AG being minimised is defined as follows:

AGtransfe’r(pv T, 20, d) = Z ASAzO-J/V—)Mf(ZZ) (21)
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W—M

where ASA; is the accessible surface area of atom i, o; is the solvation parameter
of atom ¢, d is the shift of the protein centre along the Z axis, zq is half of the membrane
hydrophobic thickness, 7 is the tilt angle of the protein axis relative to the Z axis and
p is the rotation angle defining the direction of tilt. The membrane water penetration
profile f(z;) has a Boltzmann sigmoidal form, which fits results of electron paramagnetic
resonance (EPR) studies. What it does not allow is any deviation of the input structure

(i.e. it remains rigid).

Figure 2.1: A transmembrane helix in a hydrophobic slab - Illustration of the
parameters optimised by the OPM algorithm. A hydrophobic slab is tilted (angles 7 and
¢) and its parallel boundary planes moved ([x,y,z] position and distance D), such that the
transfer energy AGiransfer (see text) is minimised. Figure taken from the OPM website,
http://opm.phar.umich.edu, by permission of the author.

Full-blown all-atom molecular dynamics (MD) simulations of membrane proteins
provide a higher level of detail than the simple model used in OPM. Unfortunately,
running such a simulation takes weeks on a supercomputer. Coarse-grained MD simu-
lations reduce the computational complexity by reducing the number of particles mod-

elled.

The Coarse Grained Database (CGDB) (Scott et all 2008) represents an

37


http://opm.phar.umich.edu/about.php?subject=methods

2. IMEMBRANE: PREDICTING A PROTEIN’S POSITION WITHIN
THE MEMBRANE

Figure 2.2: Membrane insertion of example proteins from CGDB - Four mem-
brane proteins, after coarse-grained MD simulation. The coloured spheres represent lipid
head groups. Lipid tails have been removed for illustration purposes. Figure taken from
the CGDB website, http://sbcb.bioch.ox.ac.uk/cgdb/, by permission of the authors.

amino acid by only one main chain atom and zero to three side chain atoms, depending
on the residue. Protein structure is maintained through the use of an elastic network
model. Prosthetic groups (such as heme groups) are omitted. Membrane lipids are
simplified but modelled explicitly, which gives a relatively high level of detail, compared
to models such as OPM. The GROMACS code is used for simulations

2001} van der Spoel et al., 2005)). See Figure [2.2| for schematics of example simulation

results.

CGDB currently (11 Feb 2011) contains 380 membrane proteins from the PDB.
Although the database is not non-redundant, in terms of sequence identity, the proteins
are manually selected to be representative of the entire set of known membrane protein
structures. CGDB is an ongoing effort and should continue to grow, as more membrane

protein structures become known.

Many of the proteins in CGDB have been simulated in the presence of different
kinds of membrane lipids. Depending on the length of the lipid tails and the charge of

the head groups, the results differ slightly between lipid types.
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Overview of the CGDB modelling protocol. Firstly, a coarse-grained (CG)
model is generated from the original all-atom model. A steepest descent energy min-
imisation is performed to relax any steric clashes within the protein model. The model
is then aligned to the Z axis of the simulation box and surrounded by randomly placed
lipid molecules. Coarse grained water particles and Na+ or Cl- ions are added to bal-
ance the overall charge of the system to zero. Another round of steepest descent energy
minimisation (200 to 400 steps) is now performed on the entire system. After bilayer
formation, lipid molecules outside the bilayer are replaced with water molecules. Ten
more steps of steepest descent energy minimisation are perfomed, then velocities are
reassigned and a 200ns simulation is performed. This simulation is recorded and a

summary made available online.

The CGDB database offers analyses of the simulations in the form of tables listing
the fractions of time each residue spent in contact with the different parts of the lipid
molecules. These interactions can be either with a) the polar head groups of the lipids,
b) the hydrophobic tails of the lipids or ¢) neither (i.e. only with water or other amino

acids). These simulation summaries are used extensively in this chapter.

Performing MD simulations — even coarse-grained ones — requires large amounts of
time and processing power. The approach described in this chapter, iMembrane, is a
fast method to project existing simulation results onto proteins of homologous structure
or sequence. These projected results are shown not to vary greatly from those obtained
in the original coarse-grained simulations. Where performing an original simulation
would take days on a compute server, iMembrane takes mere seconds on a modern
desktop computer. This allows the user to take full advantage of the detailed membrane
model used in CGDB, even if the protein of interest has not yet been simulated. In
addition, iMembrane provides further levels of abstraction from the original CGDB
simulation data, presented in a standardised, automatically parsable format. Lastly,

iMembrane can be applied to proteins where only sequence information is available.
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2.3 Overview of the iMembrane procedure

Multiple Sequence
Homologous

Sequences

Structure
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Visualisation

Figure 2.3: Flowchart of iMembrane’s main algorithm - The diagram shows each
major step in the iMembrane procedure, starting from the user input right down to
the visualisation of the programme’s output. If iMembrane is run via the web interface
(www.imembrane.info)), visualisation occurs automatically.

1. The input to iMembrane can either be a sequence, in FASTA 1990))

format, or a structure, in PDB (Berman et al., [2000) format.

2. In the case of a structure, its sequence is first extracted from the ATOM records

in the structure file.
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3. A BLAST (see Section [1.4.2.1)) sequence search is then carried out against the
iMembrane database of pre-annotated membrane proteins (see Section, which
was built from the CGDB database.

4. Matches are re-aligned to the query using either MUSCLE (see Section [1.4.2.2))

sequence alignment or TM-align (see Section [1.4.3.1)) structure superposition.

5. Guided by the alignment, iMembrane then projects the database protein’s anno-

tation onto the query protein.

A flow chart of this algorithm is shown in figure[2.3] The procedure outlined above is
based on the principle of homology. Sequence and structure alignment methods rely on
the assumption that proteins of similar sequence share a common evolutionary origin.
Similar sequence means similar structure and thus similar function. Analogously, it
is assumed here that aligned regions of membrane proteins share similar membrane
contact patterns.

We provide two types of annotation of the input sequence and/or structure. Each
residue of the input protein is labeled with a single letter: N (not in contact with the
membrane), H (in contact with the polar head groups of the membrane lipids) or T
(in contact with the hydrophobic tails of the lipids). In the first instance, these letters
simply represent a discretised interpretation of the raw simulation results provided by
the CGDB database. From now on, we will refer to this type of data as the “membrane
contact” annotation (see Figure )

We also provide a simplified model, which abstracts the membrane as a three-layered
slab, with an inner region around the membrane lipids’ hydrophobic tails, and two
peripheral regions surrounding the membrane lipids’ polar head groups. The boundaries
of these layers are calculated by fitting planes onto the membrane contact data so as to
minimise the number of mis-classified N,H or T contacts. This simplified model allows

us to use each residue’s three-dimensional co-ordinates to determine, in which layer of
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the membrane it resides (or whether it is outside the membrane). Therefore, this type

of data shall be referred to as the “membrane layer” annotation (see Figure )

Figure 2.4: The structure of protein 2JAF before and after annotation with
iMembrane - (A) 2JAF before annotation with iMembrane; (B) iMembrane’s membrane
contact annotation: red=*“in contact with lipid Tails”, white="“in contact with lipid Head
groups”, blue=“Not in contact with the membrane”; (C) iMembrane’s membrane layer
annotation: red=“in the lipid-Tail-spanning layer”, white=“in the lipid-Head-spanning
layer”, blue=“Not in the membrane”.

The main conceptual difference between the two types of annotation is that mem-
brane contact distinguishes only between residues that are in contact with the head
(H) or tail (T) groups of the membrane lipids. It cannot distinguish between residues
outside the membrane and those buried inside the protein, both of which are labeled
N (not in contact). The membrane layer annotation, on the other hand, will annotate
residues outside the membrane as N (not in the membrane) and buried residues as either
N, H or T, depending on their location with respect to the membrane. The drawback
of this type of annotation is that it cannot distinguish between buried and accessible
(surface) residues within one membrane layer. However, as residue accessibility can be
computed from a protein’s 3D co-ordinates (using JOY, see Section, this is not
a problem. The only remaining issue now is to distinguish between surface residues
within the membrane which are (a) in contact with the membrane, or (b) not in con-

tact with the membrane because they are lining an aqueous pore (e.g. the inside of an
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ion channel). This conundrum can be solved by combining the knowledge gained from
both types of membrane annotation. Thus, by using membrane contact, membrane
layer and the traditional accessibility annotation, we now have a complete picture of a
protein’s position within the membrane.

In the case where the input to our method is a structure, structure alignment to
a database protein is performed. Then, each residue can be annotated as part of one
of the membrane layers, defined by the aligned database protein, based on its 3D co-
ordinates (see Figure [2.7)).

In the case of a sequence-only input, the query’s three-dimensional information is
missing. It is true that, by aligning the input sequence to a database structure, we
implicitly assign a fold to the aligned residues. These residues can thus be reliably
annotated. However, this does not allow the direct inference of the unaligned residues’
3D co-ordinates (if this were the case, the protein folding problem would be solved).
If the unaligned region is long enough, the residues therein could conceivably be in
any one of the membrane layers. Therefore we restrict ourselves to annotating only
those residues that are aligned to a database protein’s residues. In order to completely
annotate the input sequence, one would first perform structure prediction and then
use iMembrane to annotate the resulting model structure. Structure prediction for

membrane proteins is considered in detail in Chapter [4

2.4 Building the iMembrane database

2.4.1 Database organisation and annotation format

The iMembane database (iMemDB) unifies the information found in the CGDB (see
Section [2.2) with the PDB-deposited all-atom X-ray structures. Annotation data is
stored in a simple and consistent format, making it easily useable by automated meth-

ods.
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The CGDB annotation was first simplified into a membrane contact annotation
(described earlier in this chapter) and saved in the standard JOY format (see Section
1.4.4.1). This allows easy combination with other structural annotation and facilitates
the projection of the membrane annotation onto homologous proteins using alignment
methods. In addition to the membrane contact annotation, a simplified membrane
layer model was created from the contact data, such that every residue in a protein’s
structure can be annotated with its position relative to the membrane. Both annotation
types, and the way they are constructed, are described in detail below. PDB structures
corresponding to the CGDB entries were split into chains and structurally aligned to the
coarse-grained CGDB structures using TM-align (see Section |1.4.3.1]). The annotation
of the CGDB structures was transferred to the PDB proteins, resulting in iMemDB, a
new database that is easily parseable, contains all the relevant information from CGDB

and is directly compatible with the structures deposited in the PDB.

2.4.2 Membrane contact model

The membrane contact model is, in the first instance, simply a discretised form of
the information found in the CGDB. It adds no new information but makes existing
information more accessible to automatic methods such as iMembrane.

In its simulation summary tables CGDB provides, for each residue, the fraction
(from 0 to 1) of simulation time spent in contact with any part of the membrane
(Fiotar), or specifically with the polar head groups (Fg) or the hydrophobic tail groups
(Fr). Fg and Fr may not sum up to Fiyq, as residues can simultaneously be in contact
with both head and tail groups.

Using the above data, each residue is classified as being mostly in contact with lipid
head groups (H), lipid tail groups (T) or neither (N), by applying the following cut-off

values:

IF Ftotal § 0.1:
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assign class N
ELSE:
IF Fy > Fp:
assign class H
ELSE:

assign class T

Thus every residue in the protein is assigned to one of the three contact classes N, H,
or T (see Figure [2.4|B and Figure [2.5| A). The contact profile of the protein can now be
represented as a sequence composed of the letters N, H and T, in a manner analogous

to the JOY format.

2.4.3 Membrane layer model

Compared to the membrane contact model, the membrane layer model is a far more
abstract representation of the membrane.

The membrane layer model cuts the entire protein into 5 pieces using 4 parallel
planes (see Figure C and Figure B). The middle section of the protein is in the
same layer as the hydrophobic membrane core (lipid tails, T'), the two adjacent sections
represent the polar outer layer of the membrane (polar head groups, H) and the two
outermost sections are surrounded by the aqueous solvent (not in membrane, N).

In addition to the membrane contact time fractions, values for each residue’s acces-
sible surface area (ASA) are extracted from the 3D structures of the CGDB-simulated
molecules. ASA values are rescaled as fractions between 0 and 1, by dividing each
value by the maximum ASA value in the dataset. A residue not in contact with the
membrane but having a high ASA is assumed to be in contact with water.

In CGDB, every simulated protein/membrane complex is transformed in Cartesian
space such that the Z axis is parallel to the bilayer normal. The angle of the protein

with respect to the membrane is thus implicit.
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Figure 2.5: Computing the membrane annotation - The protein shown is the CGDB
protein 2POR (a porin found in the outer membranes of bacteria). Colours indicate mem-
brane annotation: (A) 1: Raw CGDB contact data; 2: membrane contact annotation (3
discreet colours); (B) 1: Raw CGDB contact data; 2: finding a single membrane layer
(Head + Tail); 3: finding the membrane Tail layer, resulting in the final membrane layer
annotation

First, the 3D structure of the protein is cut into discrete, 0.2A wide slices, all
of which are parallel to the membrane (i.e. every slice is penetrated by the bilayer
normal). For each of the parameters fraction of head group contact (H score), fraction
of tail group contact (T score) and rescaled ASA (N score), a profile is now computed
(see Figure ) The X axis of each profile lists the 0.2A bins, from one side of the
membrane to the other. Along the Y axis are the respective parameter values summed

over all residues in the current slice.

A single slice is thus assigned three scores (one per profile), which bias it to be
classified as being in the membrane tail layer (T), one of the membrane head layers
(H) or outside the membrane (N). In order to obtain the best sectioning of the protein,
the following linear search procedure is carried out for each class boundary (which is a

plane parallel to the membrane):

The input to the linear search function are two profiles (Siype1r and Syype2), which
contain the scores for each protein slice being classified into one of two membrane layer
types (e.g. Head layer and Tail layer). The plane defining the boundary between the

two layer types is moved, in discrete steps, to every possible position between any two
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adjoining protein slices. At each step, a misclassification score is computed. Finally,
the position with the minimal misclassification is chosen.
For every possible position j of the boundary plane, the score S; has the following

form:

J k
Sj = Z Stype1 + Z Stype2 (2.2)
i J

where ¢, j and k are boundaries between protein slices; ¢ is before the first slice to be
considered, k is after the last slice to be considered and j is the current boundary being
scored. The boundary where S; is minimal is chosen.

This procedure is applied in a stepwise fashion to every one of the 4 planes:

1. Find the membrane. The optimal boundaries between the two water phases
and the membrane are computed. The input to the function are the N score
profile (water phase) as well as the summed profile of the H and T scores (mem-
brane), both of which span the entire length of the protein structure, along the
bilayer normal. This procedure is carried out for both water-membrane bound-

aries separately (see Figure 2.6B, steps 1&2).

2. Find the membrane core. The optimal boundaries between the core membrane
layer (tail groups, T') and the two outer layers (head groups, H) are now computed.
The profiles used in this step are the H score (outer membrane layer) and the
T score (core membrane layer) profiles, both of which are cropped to span only
the region between the two previously computed water-membrane boundaries.

This procedure is carried out for both head-tail boundaries separately (see Figure
, steps 3&4).

Like the membrane contact model, the membrane layer model can be represented
with the three letters H (head group layer), T (tail group layer) and N (non-membrane
layer). The membrane layer profile of a protein is thus a sequence composed of the

characters N, H and T, analogous to the JOY format.
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Figure 2.6: Computing the membrane layers from CGDB simulation results -
The data shown relates to CGDB protein 2POR. A: Profile of the CGDB contact anno-
tation (H and T scores) and normalised solvent accessibility (N score). The X axis lists
all 0.2A wide protein slices perpendicular to the membrane normal. The Y axis shows the
total score for all atoms within a slice. B: Locating the optimal layer boundaries. X axis
as above. The Y axis shows the misclassification score for each slice (see text). Steps 1&2:
Locate the membrane; steps 3&4: locate the membrane core (T layer). This procedure is
equivalent to that visualised in Figure [2.5B.
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2.5 Homology-based prediction of a protein’s membrane

insertion

The previous section focused on how the initial iMembrane database was created. This
section describes how this database is now used to annotate a given input protein, not
present in the CGDB, with the same kind of annotation. The only prerequisite is that

the given input protein is homologous to at least one of the database proteins.

2.5.1 Transfer of membrane annotation via structure homology

The process described in the previous section can be extended to annotate any addi-
tional homologous protein P, whose structure is known, but for whom no simulation
results are available.

We assume that homologous membrane proteins interact with the membrane in a
similar fashion. Having computed the membrane layer information for a CGDB protein
C' homologous to protein P, we now structurally align protein P to protein C. This
way we move protein P into a virtual membrane, whose co-ordinates were derived from
protein C'. The membrane layer profile of protein P can thus be derived from every
residue’s Z co-ordinates (along the bilayer normal). All residues can be annotated in
this manner — there are no gaps in the annotation (see Figure .

This procedure is only possible for the membrane layer annotation. Membrane
contact annotation cannot be transferred in the same manner. Instead, an alignment
is needed (either an implicit alignment resulting from a structure superposition or one

obtained through sequence alignment methods).

2.5.2 Transfer of membrane annotation via sequence homology

If no structure is available, a sequence alignment can be performed between the target

and a homologous protein in the iMembrane database. It is then possible to transfer
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N

Figure 2.7: Transferring membrane layer annotation via structure homology -
The query protein (cyan) has been aligned to its matching CGDB protein 2POR (in red,
green and dark blue). The membrane boundaries (black lines) defined using the CGDB
annotation of 2POR can now be used to annotate the query protein. Membrane layers are
labelled in black letters (N: non-membrane layer, H: head layer, T: tail layer)

Molecule Data Type Sequence

1PRN Query sequence EISLNGYGR (O VEDRGV[ELEDME IESIINNUN\NRYE
2PORO CGDB structure EVKLSGDAR! (/M EEEEE GDD SSRSRVLFT
2PORO membrane contact [NINNINSINNINEEBNE - — — - —- l38z0s0 sl NNNNNNNNNN

Figure 2.8: Transferring annotation via sequence alignment - Annotation can be
transferred between aligned residues in a sequence alignment. Here, the sequence labelled
“2POR0” is an annotated CGDB protein (only the first 37 residues are shown). Membrane
contact annotation is shown as a sequence of “N”, “H” and “T”. Alignment columns are
coloured according to this annotation. Unaligned regions of the query sequence cannot be
annotated using this method and are thus not coloured. Key: T: In contact with lipid Tails

(red), H: In contact with polar Head groups (yellow), N: Not in contact with membrane
(blue).
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annotation from one protein to the other using the residue equivalences defined by the
alignment. This is true for both membrane layer and membrane contact annotation.
A residue from protein P, aligned to an annotated residue of protein C, simply
receives the same annotation as the aligned residue (see Figure . Unaligned residues
receive no annotation.
Even if the input protein’s structure is known, membrane contact annotation is

always transferred using this method.

2.6 Validation

2.6.1 Layer abstraction accuracy

The membrane contact annotation provided by iMembrane contains detailed informa-
tion about each residue’s preference to be in contact with either the polar head groups
or the hydrophobic tail groups. Residues that are not in direct contact with the lipid
tails or head groups are simply labelled as “not in contact”. Their location relative to
the membrane cannot be identified using this annotation type. In order to allow the
annotation of all residues’ position within the membrane, we have created the mem-
brane layer model, which simplifies the contact information into a 3-layered membrane
slab model (one tail layer and two head layers representing the membrane, plus two
non-membrane layers).

Figure shows the distribution of membrane contacts within the CGDB proteins,
as well as the distribution of membrane-contacting residues assigned to the wrong
membrane layer. By “wrong membrane layer” we mean that, for the given protein, the
assumption that the membrane is shaped like a flat slab does not hold and the residue
in question is in fact in contact with a different part of the membrane than its assigned
membrane layer would indicate. The number of misclassified residues within a single

protein thus gives an indication of how strongly this protein distorts the membrane
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Figure 2.9: Profiles of membrane-contacting residues misclassified by the mem-
brane layer annotation - A,B: Residues, per protein chain, in contact with the mem-
brane. C,D: Residues, per protein chain, in contact with the membrane and misclassified
by the membrane layer annotation. The x-axes in A and C are absolute numbers, B is
expressed as a fraction of the length of the protein chain, D is a fraction of the number
of residues in contact with the membrane. The Y axis is always expressed as the absolute
number of proteins (within a total set of 542 chains considered).
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around it.

The test was performed on 542 transmembrane protein chains present in the iMem-
brane database (database built on 11 Feb 2011). Seventy nine chains in the database
are part of a membrane protein complex but do not, themselves, pass through the mem-
brane tail layer and were thus excluded from this test. The vast majority of proteins
were found to distort the membrane bilayer by about 10-15 misclassified residues per
protein. FExpressed as a fraction of the total number of residues in contact with the

membrane, this is between 17.5% and 20% per protein chain.

On average, our membrane layer model can approximate the membrane’s shape.
However, quite a few proteins do appear to locally distort the membrane (52 proteins
result in more than 50 misclassified contacts). The largest distortion is seen in protein
1SU4A (Sarcoplasmic/endoplasmic reticulum calcium ATPase; 107 membrane contacts
misclassified). Most of the misclassifications, in this case, are caused not by the TM
helices but by a soluble domain that touches the membrane head groups and “pulls” at
them, forming a bulge on the membrane surface. These residues are classified as being
in the “non-membrane” layer, even though the membrane contact annotation reflects

their interaction with the head groups.

When considering the fraction of membrane-contacting residues being misclassified,
the largest distortion is seen in the protein 10CCQ (bovine heart cytochrome C ox-
idase). Only 32 residues are in direct contact with the membrane but 53% (17) of
them are placed in the “wrong” membrane layer. This particular protein chain only
has a single TM helix attached to a soluble domain. It is in contact with other protein
chains, forming a large TM protein complex. Other chains in the complex contain
soluble domains in contact with the membrane (similar to the case of 1SU4A), and
many of the TM helices within the complex have differing orientations relative to the
membrane. This results in large distortions of the membrane surrounding the entire

protein complex, and this distortion is reflected in the misclassified contacts.
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In conclusion, the membrane layer annotation alone is a good model of the mem-
brane for proteins that do not strongly distort the membrane. There are a number
of cases where such distortions do occur, however, and in these cases the membrane
contact annotation must be consulted in order to accurately describe each residue’s
physico-chemical environment. Most existing computational methods, such as OPM
and PDB_TM (Tusnddy et al., [2005), use a simple slab model of the membrane and
are thus prone to the same kinds of errors. With iMembrane, we retain the simplicity
of the membrane slab model, while effectively circumventing the problem of membrane

distortions using the membrane contact annotation.

2.6.2 Homology prediction accuracy

The validity of iMembrane’s homology-based approach was verified using a leave-one-
out cross-validation. The prediction results for each hit were compared to the original
membrane contact and membrane layer annotation generated directly from the corre-
sponding MD simulation result in the CGDB. A Q3 score was calculated, representing
the fraction of residues annotated correctly (as either T, H or N; see figure .

In the case where the input is a structure, iMembrane’s accuracy is consistently good
above about 20% sequence identity between the input and the database protein. For
sequence input, this threshold is at about 35%. (Note that these identities are always
calculated from the structure alignment.) Layer annotation is always better conserved
than contact annotation, with the difference being most visible for structure input (see
Figure &D). In Figure [2.10D we consider the membrane layer annotation and
the input to iMembrane is a structure. In this case iMembrane can make full use of
the input protein’s 3D co-ordinates and is guaranteed to annotate every residue, as
explained earlier (Section .

Independent of the input type (structure or sequence), a sequence identity of more

than 35% tends to result in a Q3 accuracy above 70% and a Q2 accuracy of around
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Figure 2.10: iMembrane Q3 accuracy - The X axis shows the percentage sequence
identity between the input and database proteins, as calculated from their structure align-
the percentage of residues annotated
correctly by iMembrane as either “N”, “H” or “T”. A&B: Membrane contact annotation;
C&D: Membrane layer annotation; A&C: Sequence input; B&D: Structure input. The
Q2 equivalent to this figure can be found in Appendix

ment.
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and above 90% in the membrane layer prediction (see Appendix for Q2 accuracy
plots). A slight upwards trend can be observed with increasing sequence identity. Below
35% sequence identity, homology detection and sequence alignment quality is known
to decline (Rost, [1999)). In the case where the input is a sequence, our method de-
pends entirely on the alignment between the query and database proteins; below about
35% identity its accuracy is thus highly variable. For structure input, this boundary
is pushed down to 20% sequence identity. The use of improved alignment methods
more suitable for distant homologues will benefit the accuracy of iMembrane in future
releases. A proof-of-concept implementation of a membrane protein-specific alignment

method is described at the end of Chapter

2.7 The iMembrane web application

iMembrane is a valuable source of knowledge for any scientist working with membrane
proteins. To make this knowledge as widely accessible as possible, iMembrane is avail-
able as a web application with a friendly graphical user interface (www.imembrane.info).
A screenshot of the programme’s output is shown in Figure The iMembrane web
server is integrated with the MEDELLER structure prediction server, described in
Chapter

2.8 Conclusions

iMembrane is a simple yet powerful new method allowing rapid and easy prediction
of a protein’s membrane insertion. It is the foundation for the work described in the
following chapters, as well as being a useful tool for any biologist or bioinformatician
working with membrane proteins. iMembrane has been published in the journal Bioin-
formatics (Kelm et al., [2009). Since its initial publication, some minor changes and

updates have been made, which are briefly outlined in a later paper (Kelm et al., [2010)).
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Figure 2.11: Result screen of the iMembrane web application - The query given
to iMembrane was the 3D structure of the protein 3CAP, a G-protein coupled receptor
(GPCR). Since the protein is in the database, its top database match is identical to the
input. For illustration purposes, the second-best hit is shown here, protein 1U19, another
GPCR. Top left: cartoon representations of the query and database proteins. Top right:
sequence alignment between query (here labelled “template”, as this protein will be used
as a modelling template later) and database match (labelled by its iMembrane database

ID, “1U19.0.A.0.17).

Colours indicate the membrane annotation, as labelled. The lower

half of the screen shows the list of top database hits, whose annotation can be viewed
by clicking on the corresponding “Layer” or “Contact” link. Links to the corresponding
CGDB entries are provided. All results can be downloaded as tar/gzip archives.
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The version described here is current at the time of submission of this thesis.

2.9 Future work

iMembrane is built in such a way that its output format is identical to the iMemDB
format. It is possible to apply iMembrane to iteratively grow its own database by
annotating all proteins homologous to the current database proteins. This could be
repeated until some similarity threshold is reached. One must be cautious, however,
because the annotation quality is bound to decrease for every new generation of anno-
tated proteins, as the new proteins become more and more distant from the original
set of CGDB proteins. Since the effect of such an approach has not yet been tested,

iMembrane currently only includes the original set of CGDB proteins in its database.

Future versions of the iMembrane web application may allow the user to browse
the iMembrane database, without submitting a query. The database should also be
directly downloadable as a single zip file. This would further increase iMembrane’s
usefulness to the scientific community. In addition, pre-computed annotation may
become viewable and downloadable for most membrane proteins of known structure,

in a fashion analogous to the OPM and PDB_TM databases.

For sequence input, we currently perform a pairwise sequence alignment with MUS-
CLE (see Section . In future versions we hope to implement a sequence-to-
structure alignment method, such as FUGUE (see Section, but adapted specif-
ically to membrane proteins. This should raise the annotation quality considerably
when the input to iMembrane is a sequence (see Section [2.6.2)).

As discussed in Section [2.6.1] membrane proteins can distort the membrane around
them, resulting in very specific membrane contact patterns. As the capacity to lo-
cally distort the membrane is a property of an entire protein complex, care should be

taken when searching iMembrane for single protein chains. A chain that occurs as a
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monomer might have a close homolog which is part of a multimeric TM complex. The
latter may potentially have very different membrane contact patterns and thus trans-
ferring annotation from one to the other may result in annotation errors. Currently,
iMembrane only allows searches using a single input chain. In the future, we may imple-
ment alternative search strategies, making it possible to search the database for entire
protein complexes (e.g. using MM-align, (Mukherjee and Zhang, 2009)), which would
essentially eliminate such annotation errors. Furthermore, this would ensure a higher
annotation quality, as each chain’s annotation would be guaranteed to be compatible
with that of the others in the same complex. However, this type of search could result
in no database hits being found for some inputs, even if several of the input chains
are present in the database. Thus, the current single chain-based annotation scheme

should remain available.

2.10 What’s next

All the work described in the following chapters makes use of iMembrane. In Chapter 3]
iMembrane will be used to investigate the difference in molecular evolution between the
various membrane environments (defined by the membrane contact and membrane layer
annotation). The thus identified evolutionary patterns are encoded in environment-
specific substitution tables (ESSTs), which are analysed and used for sequence-to-
structure alignment of membrane proteins. In Chapter 4] iMembrane and the ESSTs
are used in a homology-based structure prediction setting, in order to produce high

quality 3D models of transmembrane proteins.
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Chapter 3

Environment-Specific
Substitution Tables of Membrane

Proteins

3.1 Context

There are a multitude of methods that facilitate the structural modelling of soluble
proteins but no software has yet been designed specifically to predict membrane pro-
tein structure. The previous chapter introduced iMembrane, a method to accurately
annotate a membrane protein’s membrane insertion. iMembrane allows us to define
structural environments within the protein, such as “helix residues in contact with the
membrane lipid tails”. In this chapter, we use this information to build environment-
specific substitution tables (ESSTs). These tables describe the observed patterns of
molecular evolution within membrane environments. This information can then be
used in membrane-specific alignment methods and, as described in subsequent chap-

ters, for 3D co-ordinate generation.
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3.2 Acknowledgements

The work described in this chapter was largely of my own design and, between 2008 and
2009, was performed solely by me. I created an automated pipeline to build the main
dataset used in this study and wrote the programme JSUBST to build substitution
tables.

In 2010, Jamie R. Hill also began work on ESSTs and membrane protein alignment.
The entire analysis and alignment work has been published in (Hill et al., [2011]).

Unless otherwise stated, all the work, figures and tables in this chapter are my own.
I have included some of Jamie’s data for comparison and interest at clearly marked

points.

3.3 Motivation

3.3.1 Membrane protein-specific information

Template-based modelling of protein structure is currently the most successful method
available. Popular programmes such as MODELLER (see Section use various
types of empirical information to restrict the search space of possible structures corre-
sponding to a particular sequence. Generally, the more information available, the more
constraints that can be applied and the better the final model.

The first step in template-based modelling is the identification of template proteins
of known structure. If more than one template structure is to be used, these first
need to be (structurally) aligned to each other. Then, the templates are aligned to the
query sequence, using sequence-to-structure alignment (e.g. with FUGUE, described in
Section. The quality of the initial alignment is a major factor in the accuracy of
the final model (Sénchez and Sali, [1997). A detailed description of a typical template-
based modelling pipeline was given in Section [1.4

ESSTs are a widely used way to guide sequence-to-structure alignment. In order

62



3.3 Motivation

to improve the performance of current modelling methods on membrane proteins, it
is essential that we gather the basic information on how substitution behaviour in
membrane proteins differs from that in soluble proteins. To this end, we have created

membrane protein-specific ESSTs.

3.3.2 Structural environments in membrane proteins

When comparing membrane and soluble proteins, one might assume that buried residues
as well as water-accessible residues of both types of proteins should be relatively sim-
ilar. The main difference should be observable between residues in contact with the
membrane, compared to residues in contact with water. However, when using classi-
cal “solvent-accessible surface area” annotation, as given by programmes such as JOY
(Mizuguchi et al., [1998a)) (see Section , there is no way to distinguish between
these two structural environments. Solvent-accessibility is calculated without using
any information about the protein’s membrane insertion; it is merely a measure of the
surface area of a residue exposed on the outside of the protein. Thus, in membrane
proteins, many of the residues labelled “solvent-accessible” (i.e. surface residues) are in
fact in contact with the hydrophobic membrane, a radically different physico-chemical
environment to the aqueous “solvent”.

From the annotation generated by iMembrane (see Chapter , it is possible to dis-
criminate between these structural environments. Specifically, we distinguish residues
that are predicted to be either: in contact with the lipid tails (t); in contact with the
polar head groups (h); not in contact with the membrane (n), i.e. exposed to water.
We termed this “membrane contact” annotation (Figure 2.4B).

We can also distinguish residues by their position along the bilayer normal, i.e.
residues that are: in the tail layer of the membrane (T); in the head group layer (H);

not inside the membrane (N). This is called “membrane layer” annotation (Figure

2C).
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Combining those two types of annotation with classical “accessibility” (i.e. which
residues are on the surface of the protein), it is also possible to computationally annotate
residues that are facing an aqueous pore in the transmembrane protein. All this can

be done automatically and requires no human intervention.

In this chapter, we use the annotation produced by iMembrane and JOY to define
structural environments specific to membrane proteins. Each such environment is char-
acterised using an ESST. The ESSTs can then be analysed in order to learn more about
how amino acid substitution patterns differ between the membrane environments, or

between membrane proteins and soluble proteins.

3.3.3 Sequence-to-structure alignment for membrane proteins

Membrane protein ESSTs should not only provide new insights into the molecular
evolution of membrane proteins but also have a more immediate practical use. The
ultimate aim of this research is to improve structure prediction of membrane proteins.
It is widely known that alignment quality is a major factor in determining the quality
of template-based models (Sanchez and Sali, [1997)). Therefore, we apply our ESSTs to
sequence-to-structure alignment of membrane proteins, using the programme FUGUE.
We compare alignment performance using our membrane protein-specific tables to the
performance of FUGUE’s standard ESSTs created from soluble proteins and show that
using membrane tables yields markedly improved alignments. In addition, we show
the direct effect of a better target-template alignment on the accuracy of the final 3D

model of a membrane protein.
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3.4 Existing literature

3.4.1 Properties of amino acids in membrane proteins

Membrane protein sequence and structure has been studied for over 35 years. [Hen-
derson and Unwin (1975) used electron microscopy to obtain a 3D model of a mem-
brane, containing multiple copies of bacteriorhodopsin (purple membrane protein), a
seven-helix bundle, at 7A resolution. This study was the first concrete proof that trans-
membrane segments are likely to be helical. Others elaborated on the model (Khorana
et al., [1979; Ovchinnikov et al., (1977) with such experiments as protease digestion of
water-exposed amino-acids, and by obtaining the protein’s primary sequence. Later
Henderson et al.| (1990)) refined the model to 3.5A resolution, confirming that the pro-

tein indeed contained seven largely hydrophobic a-helices.

Deisenhofer et al.| (1985) obtained the first high-resolution (3A) X-ray crystal struc-
ture of a membrane protein, that of bacterial photosynthetic reaction centre, contain-
ing eleven TM helices. This one high-resolution structure, combined with the growing
knowledge of membrane protein sequences, allowed the development of sequence-based
methods to predict the location and topology of TM helices. Rees et al.| (1989)) described
the amino acids in the TM region of photosynthetic reaction centre in terms of their hy-
drophobicity: the interior of the protein was “comparable” to soluble proteins, whereas
the bilayer-exposed residues were more hydrophobic and the water-exposed residues
more hydrophilic than the interior residues. They proposed a prediction method based
on the periodicity of these states in the amino acid sequence. von Heijne, (1986, [1992)
went on to stipulate the “positive inside rule” which, combined with hydrophobicity in-
formation, successfully identified TM helices in 23 out of 24 helical membrane proteins
(von Heijnel |1992)).

Since then, many more membrane protein structures have been resolved and studied,

resulting in a large number of observations. These have been extensively reviewed (von

65



3. ENVIRONMENT-SPECIFIC SUBSTITUTION TABLES OF
MEMBRANE PROTEINS

Heijne, 1994, 11995, [2007)).

In 2004, [Eyre et al| performed a comprehensive study of all helical transmembrane
protein structures known at the time, in order to verify the many previous hypotheses
and reevaluate which aspects of membrane protein structure might be useful for predic-
tion purposes. Residue composition and conservation was analysed for a representative
set of 23 highly non-redundant (<20% sequence identity) helical transmembrane pro-
teins. The authors used a computational method to automatically place each structure
in an artificial membrane, composed of three fixed-width layers (see Figure . In
addition, the study distinguished between surface accessible residues and those buried
within the protein (accessible residues could be in contact with either membrane lipids
or water). Their method did not allow the computational identification of pore-lining

residues and they thus performed this step by manual inspection.

Head group-spanning

TMa helices buried residues
Accessible head group-
Pore spanning residues
Non membrane- )
spanning residues ”"adli'ﬁ:'\g

Head group- s

spanning 15A
residues

Lipid-tail (( o

spi x I 30A
spanning

residues ' ))

Lipid-tail region
Lipid-tail

accessible residues
Lipid-tail-spanning Lipid-tail-spanning

pore-lining residues buried residuss

Figure 3.1: Fixed-width membrane model used by Eyre et al.| (2004) - The
diagram shows three TM helices within a lipid bilayer. The membrane model used here
is a simple 3-layered slab, with a central 30A wide lipid-tail-spanning layer (tail layer)
and two peripheral 15A wide head-group-spanning layers (head layers). The orientation
of the protein within the slab is assigned automatically using hydrophobicity of surface
exposed side-chains. Pore-lining residues must be identified manually, as a subset of the
accessible residues within the membrane tail layer. Figure taken from (Eyre et al.| 2004),
by permission of Oxford University Press.

Eyre et al| reached a number of conclusions relevant to the work discussed in

this chapter, many of which agreed with previous studies on smaller datasets. In the
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following paragraphs, the conclusions of |Eyre et al.| are used as a backbone for a

discussion of previous work in the field.

Soluble domains of MPs are similar to globular soluble proteins. Eyre
et al.| tested this by comparing the average length of secondary structure elements in
the soluble domains of MPs to those of globular soluble proteins. The lengths were
not significantly different, which was in agreement with previous work (Bowie, (1997}
Ulmschneider and Sansom) 2001). In contrast, transmembrane helices were generally
found to be longer, in order to be able to span the entire membrane (though occasional
exceptions where observed, where a helix only spanned part of the membrane). How-
ever, there seemed to be no direct correlation between the length of TM helices and

their angle relative to the membrane normal.

As in soluble proteins, buried residues tend to be more conserved than
the average residue. It is generally assumed that buried residues tend to be strongly
conserved to preserve structural stability (Berg et al., 2002), and membrane proteins
seem to be no exception to this rule. This is in agreement with later observations by

Mokrab et al.| (2010]).

Tail layer residues are more conserved than the average residue. Trans-
membrane domains are subject to stronger evolutionary constraints than soluble do-
mains, requiring specific residue patterns to ensure stability within the particular
physico-chemical environment of the membrane. This same trend was observed by

Mokrab et al.| (2010]).

Within the membrane tail layer, large differences are observed between
buried and accessible residues. In the tail layer, accessible residues are, on average,
significantly more hydrophobic than buried residues. Accessible tail layer residues are
also less conserved than buried ones. It is assumed that buried residues in the tail
layer tend to be more strongly conserved to preserve structural stability, while lipid

tail-contacting residues need to preserve their hydrophobicity to retain favourable in-
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teractions with the hydrophobic lipid tails. In addition to the basic hydrophobicity
requirement, tail-contacting regions seem to be enriched in aromatic residues, possibly

indicating their role in anchoring the protein within the membrane (Yuen et al., |2000).

In the membrane head layer, differences between buried and exposed
residues are observed, but are less obvious than in the tail layer. As opposed
to the tail layer, accessible residues in the head layer tend to be less hydrophobic
than buried residues. Similar to the tail layer, buried residues in the head layer are
more conserved than accessible ones, but this difference is less pronounced. [Eyre et al.
concluded that purely sequence-based methods should therefore focus on predicting
only the tail-spanning region.

Pore-lining residues (in the tail layer) show similar patterns to buried
residues in the tail layer. Surprisingly, in terms of hydrophobicity and conservation
patterns, pore-lining residues appeared similar to buried tail layer residues. Concern-
ing amino acid composition there was only a slight enrichment in polar and charged
residues in the pore (possibly for functional reasons) and a reduction in the number of
aromatic residues (possibly due to steric constraints). Eyre et al.| ventured that the
hydrophobicity of the pore would enable efficient flow of polar substrates through it and
prevent strong interactions that could hinder flow. They commented that the strong
similarity to buried residues would make it very hard to predict pore-lining residues

from sequence alone.

Buried residues in the tail layer are involved in helix-helix interactions.
In soluble proteins, there are standard patterns that aid helix-helix packing, such as
the leucine zipper (Crickl 1953} |[Langosch and Heringa, 1998)). Such patterns are also
observed in membrane proteins. In addition, transmembrane helices interact via an-
other mechanism, rarely seen in soluble proteins (Eilers et al., 2002), which involves
patches of small polar amino acids (Eilers et al., |2000; Javadpour et al., [1999; Senes

et al., [2000; Ulmschneider and Sansom), 2001]).
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Polar and charged residues do appear on the lipid-exposed surface (in
the tail layer). Many of these lipid-exposed residues were observed “snorkelling”
their polar groups, usually at the end of a long side chain, towards the head layer. This
was thought to allow the formation of energetically favourable hydrogen bonds (H-
bonds) with head groups or water, while leaving only a fairly apolar hydrocarbon chain
exposed to lipid tails. Other charged residues were seen to form H-bonds with polar
(not necessarily charged) residues one helix turn away. About one quarter of charged
surface residues remained unsatisfied and apparently in contact with the membrane
lipid tails. This observation may be due to classification errors due to the use of a
fixed-width membrane slab model. In a later study, Mokrab et al. (2010) observed a
similar pattern on a larger dataset, although their membrane model was essentially

identical to that of [Eyre et al.| and thus prone to the same errors.

3.4.2 Substitution tables of membrane proteins

An introduction to substitution tables has been given in Section As mentioned
there, a refinement of the concept of substitution tables are ESSTs. A protein is
partitioned such that each residue belongs to one of a predefined set of structural
environments. For membrane proteins, these environments might be defined by using
a membrane model such as that of |[Eyre et al. (Figure . For each such environment
a single substitution table is created.

The sequence-to-structure alignment program FUGUE was described in Section
1.4.4.2] It uses a set of 64 ESSTs built from a dataset of soluble protein structures.
The 64 ESSTs correspond to 64 structural environments defined by their solvent ac-
cessibility, secondary structure and various hydrogen bonding patterns.

In a later study, Mizuguchi et al.| (2007) used ESSTs as a means of analysing
thermophilic procaryotes and identified two different mechanisms by which thermophilic

archaea and thermophilic eubacteria might have evolved their temperature resistance.

69



3. ENVIRONMENT-SPECIFIC SUBSTITUTION TABLES OF

MEMBRANE PROTEINS

A recent study by Mokrab et al| (2010) used a dataset of 42 families of helical

membrane protein structures, each of which contained at least one structure and a

number of homologous sequences. The families were aligned (one multiple sequence

alignment per family) and amino acid substitutions were counted,

ESSTs. The method used to count substitutions is similar to the

in order to build

one used in this

chapter (see Section|3.5.2) and the authors mentioned possible applications in sequence-

to-structure alignment.

3.5 Materials and Methods

3.5.1 Creating the JSUBST datasets

3.5.1.1 Membrane protein dataset
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5, > protein PDBs PDB chains
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Figure 3.2: Creation of the dataset for calculating substitution tables - Flowchart
of the procedure used to create the dataset for substitution table generation. The orange

circles show the number of CGDB protein sequences (or sequence famil

ies) kept in each

step. The light yellow circles show the total number of sequences in the dataset, including

homologs from the NCBI NR sequence database.
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Figure 3.3: Counting substitutions in a multiple alignment - In JSUBST, sub-
stitutions can be counted in a multiple sequence alignment between one master sequence
(whose structure is known) and any number of sequence homologues (whose structure may
not be known). As an example, one substitution is highlighted in A and is counted in B
(no other substitutions are counted here, for illustration purposes). A: Multiple sequence
alignment. The first sequence (marked with a ! sign) is the master sequence, whose struc-
ture is known. The other sequences are homologues. B: Substitution count table. Only
aliphatic residues are shown. Note that such count tables are asymmetric.

Transmembrane protein structures were identified using the PDB_TM database
(Tusnady et al., 2005) and downloaded from the PDB (Berman et al. |2000). Each was
then split into its component protein chains. The dataset was made non-redundant at

the 80% sequence identity level using CD-HIT (Li and Godzik, [2006).

Each protein chain in the dataset was annotated using JOY (accessibility and sec-
ondary structure annotation) and iMembrane (membrane contact and membrane layer
annotation). Proteins without any iMembrane hit (i.e. those not structurally similar
to any protein in the iMembrane database) were removed from the dataset. This had
the desirable side-effect of eliminating any protein chains not part of a biological mem-
brane protein complex, such as antibody (Fj;) fragments, which are commonly used to
facilitate the crystallisation of membrane proteins.

For each chain, related sequences were obtained from 5 iterations of PSI-BLAST
(Altschul et al. |1997) runs against the NR database (Sayers et al. 2009). NR is a
non-redundant database of known protein sequences. The E-value thresholds used for
the PSI-BLAST search were 1073 for keeping a hit, and 1075 for including a hit in the
sequence profile of the next iteration. Protein chains gaining no PSI-BLAST hits were

discarded (mostly single helices of <30 amino acids).
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Every “family” of homologous sequences was made non-redundant at the 80% se-
quence identity level using CD-HIT. Then, sequences were aligned to their correspond-
ing structure using the MUSCLE (Edgar}, |2004a) multiple sequence alignment method.

Finally, the remaining 416 annotated multiple alignments were fed into JSUBST to
count amino acid substitutions. An overview of the entire procedure up to this point

is shown in Figure

3.5.1.2 Soluble protein dataset

Using the same method, an equivalent dataset was built for soluble proteins. It contains
423 soluble protein structures, taken from the HOMSTRAD (Mizuguchi et al., |1998b)
database, each aligned to a family of homologous sequences.

HOMSTRAD contains structure alignments of proteins from homologous families.
Known protein structures are collected from the Protein Data Bank (PDB) (Berman
et al., 2000) on the basis of their quality and resolution and aligned using the COM-
PARER (Sali and Blundell, 1990) structure alignment method. The alignments are
then subjected to manual refinement and annotated in terms of each protein’s struc-
tural environment using the JOY (Mizuguchi et al., 1998a)) program. The protein
families in HOMSTRAD are manually selected by human curators, such that all family
members share a common evolutionary origin. This is done on the basis of sequence

and structure similarity.

3.5.2 Counting substitutions with JSUBST

JSUBST calculates substitution tables from an annotated sequence alignment as pro-
duced by the programme JOY. JSUBST can handle (annotated) structure input as well
as (unannotated) sequence input.

Counting substitutions. The input to JSUBST is a multiple sequence alignment,

where the structure of at least one of the proteins is known. In addition, JSUBST ex-
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pects a definition of the possible structural environments, for each of which an ESST
will be built (e.g. accessible/inaccessible and helix/sheet/coil/positive phi; resulting in
2 x 4 = 8 possible environments, and thus 8 ESSTs).

For each column within the alignment, substitutions are counted between each protein
of known structure and all other proteins (see Figure . Let Aﬁ) be the number of
observations of amino acid a being substituted by amino acid b in structural environ-
ment E. If a and b in their respective environments F(a) and F(b) are observed in the

same alignment column, then both counts Aﬂ(a) and Ai(b)

are increased by one.

As a special case, if b comes from a protein where only sequence information (and no
structure) is known, E(b) is undefined and only Afb(a) is incremented. This is generally
the case for our datasets, where only one of the aligned sequences has a known struc-
ture. Therefore, tables created this way are asymmetric.

A set of 20 x 20 matrices, each describing the raw (unweighted) substitution counts
observed in one environment in the input alignment, are created. The sum of all en-
vironment matrices is called the environment-independent (or TOTAL) counts matrix
and describes the observed substitution counts within the entire protein.

If more than one input alignment is given, this entire procedure is repeated for each

alignment and the counts in each environment are summed over all input alignments.

Clustering and weighting. The procedure described above treats every protein
within an alignment equally. If large groups of highly similar proteins are present within
the alignment, this will bias the collected information towards these groups of proteins.
To avoid such bias, alignments are clustered before counting substitutions. Using a
standard single linkage algorithm, the alignment is broken up into clusters of proteins
with pairwise sequence identities less than a user-adjustable cut-off value (<60%, by
default). This procedure is similar to that used in the calculation of BLOSUM matri-
ces (Henikoff and Henikoff, 1992)). Then, substitutions are counted between pairs of

clusters, rather than pairs of sequences, and each individual substitution is weighted
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by a factor of ﬁ, where n and m are the numbers of sequences in the two clusters.

Calculating observed substitution frequencies. Raw (weighted) substitution

counts are converted to substitution frequencies as follows:

E
Aab

> A

P(bla, E) = (3.1)

where P(bla, F) is the frequency of amino acid a in environment E being substituted
by amino acid b. Note that ZAfC is the sum of substitution counts from a to all

(&
possible amino acids, in environment E.

Calculating log-odds scores. Frequency matrices are converted to log-odds ma-

trices as follows:

P E
s(a, E — b) = logM (3.2)
v
DA
a, B
b (3.3)

Ty ar

a,c,E
where s(a, E — b) is the log-odds score for amino acid a in environment E being
substituted by amino acid b, and g is the background probability of observing amino
acid b. Log odds scores are multiplied by a scaling factor of 3/log(2) and rounded, as in
the original SUBST. (Scaling factors vary between different tables, e.g. BLOSOMG62,
as used in NCBI BLAST, uses a factor of log(2)/2.)

In [Shi et al. (2001) a prior distribution of amino acid substitution probabilities is
combined into a weighted sum with the frequencies observed from the input alignment.
Then a smoothing algorithm is run. This smoothing procedure was originally developed
to deal with sparse data. However, we found that its effect was negligible, when using
a large enough dataset. The only (small) visible effect of the smoothing procedure

seemed to be on tables relating to the “positive phi angle” secondary structure class,
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which is naturally sparse and mainly involves glycine-to-glycine substitutions. On our
datasets, activating smoothing appeared to be slightly detrimental to alignment quality
(Jamie R. Hill, personal communication). We therefore opted not to use this smoothing

procedure.

3.5.3 Definition of structural environments

ESSTs differ from traditional environment-independent tables in that they do not treat
the entire protein as a single homogenous entity. Instead, the protein is partitioned into
several smaller “structural environments”, whose amino acid substitution patterns are
characterised independently of each other. A simple example would be to separate
residues by their accessibility, i.e. they are either on the protein surface (accessible)
or buried within the protein (inaccessible). In this example, we use only a single
environment factor (annotation type), namely accessibility, to define our structural
environments. We would thus create two ESST's, one for “accessible” residues and one
for “inaccessible” residues. More complex environments can be constructed, and larger
sets of ESSTs created, by combining several environment factors. An overview of the

environment factors used in this work, and their possible values, is shown below:

e Membrane contact

— in contact with lipid tails (t)
— in contact with head-group (h)

— not in contact with membrane (n)
e Membrane layer

— membrane tail layer (T)
— membrane head-group layers (H)

— non-membrane layers (N)

e Secondary structure
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a-helix (X)

extended fS-sheet (E)
— coil / loop (C)

positive phi angle (P)
e Accessibility

— accessible (A)

— inaccessible / buried (a)

For all possible combinations of environment factors, one set of ESSTSs is created.
That is, the membrane layer environment factor by itself, membrane layer combined
with membrane contact, membrane layer combined with membrane contact and sec-
ondary structure, etc. The number of possible combinations of environment factors is

thus defined by the term:

" /n - n!
Cfactors = Z <k> = ; m (34)

k=1

where n is the number of total environment factors (in this case 4) and & is the number
of environment factors used to build a single set of ESSTs. We thus build 15 sets of
ESSTs:

rar =3 (1) = (1) + (3) + () + () ~ovorariznn @y

The number of ESSTs in a single such set depends on the number of values each of
its defining environment factors can take. For example, a set of tables created using the
factors membrane contact and secondary structure, would contain 12 ESSTs (3 possible
values for membrane contact x 4 possible values for secondary structure). Each ESST
is labeled with the values of the environment factors that define it, e.g. one of the

ESST would be labeled “tX”, which stands for “residues in contact with the lipid tail
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groups and inside a helix”. In total, I have created 239 ESSTs for membrane proteins,
each based on a different structural environment.

For soluble proteins, ESSTs were created analogously (using only secondary struc-
ture and accessibility annotation, as iMembrane annotation is not applicable for soluble
proteins). In accordance with Equation this resulted in 241 = 3 sets of tables (just
secondary structure, just accessibility and both combined) totalling 4+2+ (4 x 2) = 14

ESSTs for soluble proteins.

3.5.4 Comparing the Substitution Tables

I use Kolmogorov-Smirnov (KS) tests to compare the substitution profiles (i.e. the
ESSTs) of two structural environments. For each substitution, a KS test is carried out.
This determines whether the distribution of substitution scores (where one score comes
from each protein family) for a particular substitution is significantly different in the two
environments being compared. By choosing a p-value cut-off, the difference between
two matrices can be quantified as the fraction of substitutions with a significantly

different score distribution. The procedure is outlined below:

1. The input is a dataset with one multiple sequence alignment (MSA) per protein
family (see Figure [3.2)). Every multiple alignment contains one master protein,
whose structure is known, as well as a series of sequence homologues. Every MSA

is annotated with JOY (and iMembrane, in the case of membrane proteins).

2. Based on a given definition of structural environments, create a separate set of
substitution tables for every annotated MSA. Note that this is different from the
usual way of creating ESSTs, where the information of all MSAs is summarised

into a single set of ESSTs.

3. “Overlay” all tables for a specific environment such that every cell has a distri-

bution of values, with each protein family providing one value for each possible
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substitution.

4. To compare the substitution of amino acid a to b in two arbitrary structural
environments E; and Fs, run a two-sample KS test, giving the vector of values

of s(a, E1 — b) and the vector of values of s(a, E2 — b) as the two arguments.

5. A significance level of 0.05 is used to determine whether a particular substitution
has a significantly different distribution in the two environments. As this is a
multiple testing scenario, the Bonferroni correction (Dunn, [1961)) is used to avoid
over-estimating the number of significant substitutions, i.e. the p-value cut-off is
divided by the number of tests performed (20 x 20 amino acids = 400 possible

substitution types = 400 tests).

6. The distance between two tables is defined as the fraction of significantly different

substitution types out of all 400 possible ones.

Using this approach, we perform a large number of pairwise comparisons of struc-
tural environments. The resulting distances are saved in a distance matrix, which
can then be fed into a hierarchical clustering method and visualised as a binary tree.
Here, Ward’s hierarchical clustering method (Ward, |1963) is used, implemented in the
“agnes” function of the R statistical programming package. The resulting binary tree is
visualised using the FigTree programlﬂ which gives a global idea of how the substitution
tables are related.

However, before comparing all 253 structural environments (239 in membrane pro-
teins + 14 in soluble proteins) to each other, some filtering was required as several
environments make little biological sense and thus contain virtually no observed substi-
tutions (e.g. residues in contact with the membrane tails and in the “not-in-membrane”
layer). To simplify matters all tables were compared, using the procedure described

above, to the environment-independent “TOTAL” substitution tables. We discarded

'FigTree homepage: http://tree.bio.ed.ac.uk/software/figtree
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those ESSTs with less than 20 substitutions (i.e. 5% of the possible 400) significantly
different from the TOTAL tables. This step filters out tables containing very little
data, as well as tables with substitution distributions very similar to the environment-
independent tables. After this filtering step, 152 ESSTs for membrane proteins re-
mained (out of the initial 239). For soluble proteins, filtering did not reduce the number
of tables, i.e. all 14 soluble tables contain enough data and are significantly different
from the TOTAL soluble table.

All 166 remaining ESSTs (including both membrane and soluble protein tables)
were then compared to each other. This resulted in a 166 x 166 distance matrix, which
could be visualised using hierarchical clustering methods (see Section .

In addition to such large scale comparisons, it is possible to compare two individual
structural environments. First, one ESST (a single table of 20 x 20 log-odds scores) is
subtracted from the other to form a difference matrix (of 20 x 20 log-odds differences).
Then, each cell is shaded in red if its KS test produced a p-value below the chosen
cut-off. Rather than simply summarising the difference between two environments in
a single number, this approach allows an analysis of which substitutions contribute to

the difference. An example of this type of comparison is discussed in Section [3.6.2

3.5.5 Testing ESSTSs in sequence-to-structure alignment

The above sections described how we defined a list of structural environments, created
ESSTs to describe their evolutionary properties, and compared these ESSTs to each
other. Here, we go on to apply one particular set of ESSTs to a real bioinformatics
problem: sequence-to-structure alignment. We used our membrane ESSTs as an input
to the alignment program FUGUE (described in Section , replacing its default
ESSTs created from soluble proteins. We then re-optimised gap penalties on a small
training set (of membrane protein alignments) and measured the improvement in align-

ment accuracy on a separate test set. This work was based on ESSTs created from the
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same dataset described in Section but was performed, as part of a separate study
(Hill et al., [2011)), in large parts by Jamie R. Hill.

3.5.5.1 ESST environment definition for purposes of the FUGUE align-

ment test

As described in Section[3.5.3] four environment factors were used to define the structural
environments for our ESSTs. As each environment factor can take one of several pos-
sible values (membrane contact [t,h,n]; membrane layer [T ,H,N|; secondary structure
[X,E,C,P]; accessibility [a,A]), this results in a total of 3 x 3 x4 x 2 = 72 environments.
As some of these environments make little biological sense and are thus extremely
sparsely populated, we combined several of them, resulting in a final 26 well-populated
structural environments, each of which is labeled with a 3-letter code, as shown in Fig-
ure The membrane-related annotations (membrane contact and membrane layer)
are summarised in the first letter of each environment label, by ignoring the membrane
contact annotation apart from two cases: Pore-lining residues (non-contact, tail layer,
accessible) and the “head-tail Interface”, where contact and layer annotations disagree
([head contact, tail layer| or [tail contact, head layer]). A visual representation of this

summarised membrane annotation is shown in Figure |3.5

First letter Second letter Third letter
(layer) (secondary structure) (accessibility)
H - lipid head X — helix A — accessible
N — not in membrane E — beta strand a — inaccessible
T — lipid tail C — coil

P — pore-lining P — positive ¢

I — interface region

Figure 3.4: Glossary of environment descriptions for the FUGUE alignment
test - All combinations of letters are possible with the exception that Pore-lining and
Interface-regions cannot be inaccessible. This is because the definition of these “layers”
requires them to have contacts with either the membrane or solvent. Figure adapted from
(Hill et al., 2011)), by permission of Oxford University Press. “Helix” has been relabelled
as "X’ instead of the original "H’, for consistency.
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Figure 3.5: Membrane environments used for the FUGUE alignment test - A
schematic slice through a membrane protein (1YEW) in the membrane indicating the layer
types used. 'N’ is the region outside the membrane, "I’ and "H’ span the tail and head
groups of the membrane lipids respectively, 'P’ is the area lining the pore, and 'T’ is the
interface region between the tail and head groups, on the protein surface. Figure created

by Jamie R. Hill, taken from (Hill et al 2011)), by permission of Oxford University Press.

3.5.5.2 Alignment test set

We collated a set of pairs of homologous membrane proteins both with known structure.

These pairs of proteins were structurally aligned using TM-align (Zhang and Skolnick],

2005b)). An implicit sequence alignment was extracted from the superposed structures

which served as the “correct” alignment.

Our dataset was based on the MEDELLER dataset (explained in detail in Section

4.3.10). Briefly, target proteins were those identified as membrane proteins by SCOP

(Murzin et al., 1995), PDB_TM (Tusnady et al., 2005), OPM (Lomize et al., [2006]) and

CGDB (Scott et al., 2008). All structures were taken from the PDB and filtered to

include only X-ray structures with resolution <3A. Structures were split into chains
and made non-redundant at the level of 80% sequence identity, using CD-HIT (Li and|
Godzik}, 2006). We then searched the iMembrane database for all membrane proteins

of similar structure (TM-score > 0.50) to each target. Target proteins, for which no
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suitable template was found, were discarded. In addition, cases where the target and
template were one and the same (same PDB code and chain identifier) were discarded.
This resulted in the MEDELLER, dataset, containing 616 target-template pairs of mem-
brane proteins. For the purposes of this alignment test, we performed an additional
filtering step using CD-HIT such that, for any single target, no two templates shared
more than 80% sequence identity. This left 408 target-template pairs including both
a-helical and S-barrel proteins.

We designated one protein, from each pair, to be the “template” of known structure
and the other to be the “target” of unknown structure. We discarded all information
about the target’s structure. Each residue in the “template” protein was annotated

with respect to its structural environment using iMembrane (Chapter and JOY

(Section [1.4.4.1)).

3.5.5.3 Alignment programs and accuracy test procedure

Several alignment programs were run on each of the 408 target-template pairs:

e FUGUE, using its own built-in ESST's based on soluble proteins ( “default FUGUE”)

e FUGUE, using our new membrane protein ESSTs (“membrane FUGUE”)

e FUGUE, using a bipartite scheme that applies the PHAT (Ng et al., |2000)) table,
for residues in the tail layer (including pore-lining residues), and the BLOSUM62
(Henikoff and Henikoff, 1992) table, for residues in the head or non-membrane
layers

e MUSCLE, a sequence-to-sequence alignment program, given only the target and

template sequences as input (with no structural information at all)

The sequence alignment generated by each of these methods was compared to the
“correct” alignment generated by TM-align. Residues in the template protein were

considered one at a time. If a residue is aligned to the same target residue in both
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the “correct” (TM-align) alignment and the alignment being assessed (e.g. membrane
FUGUE), it is considered “correctly aligned”. Being aligned to a gap in both alignments
also counts as “correctly aligned”. Gaps within the template protein are counted in
the same way as regular residues. Terminal gaps in the template sequence (where the
target ’overhangs’ the template) are ignored. A schematic of this procedure is shown

in Figure |3.6

Correct alignment
Template Structure --AGGA- CGPAA ...
Target Structure AAAGGAF CA-AL ...
Proposed alignment
Template Structure --AGGA--CGPAA ...
Target Structure AAAGGAFC-A-AL ...

Correct? ——YYYYYNNYYYY

Figure 3.6: Measuring target-template alignment accuracy - The “correct” align-
ment refers to the structure-to-structure alignment created by TM-align; the “proposed”
alignment may be made by any of the FUGUE variants or MUSCLE. In this example 9
residues are correctly aligned, out of a possible maximum of 10 (9 template residues + one
internal gap in the “correct” alignment). For clarity, a space was inserted in the “correct”
alignment, to make the template sequences line up with each other. Correctly aligned
residues are highlighted in red. Note that only the N-terminal end of a larger alignment is
shown, and that terminal overhangs are being ignored when assessing correctness. Figure
adapted from (Hill et al., [2011)), by permission of Oxford University Press.

The number of “correctly aligned” residues is summed over the entire alignment to
assess its accuracy. In addition, this measure can be summed over the entire dataset
of alignments, or over a subset of alignments in a given sequence identity range (e.g.
all alignments between 30% and 35% sequence identity), in order to allow large-scale

comparisons between alignment methods.

The methods were compared on a test set of 336 target-template alignments (the

total 408, minus the 72 alignments used for gap penalty optimisation).
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3.5.5.4 FUGUE gap penalty determination

In any standard sequence alignment algorithm, there is at least one gap penalty (see
Section . FUGUE uses an “affine gap penalty” scheme (Gotoh, 1982), i.e. it
distinguishes between gap opening and gap extension penalties, where the opening
penalty is generally more negative than the extension penalty. This reflects the as-
sumption that a single large insertion/deletion event is more likely to occur than many
small insertions/deletions. FUGUE has four types of gap penalties, which reflect a

residue’s position relative to the nearest secondary structure element:

1. Gap within a secondary structure element (H)

[\

. Gap at the end of a secondary structure element (L)

w

. Gap in a loop region (VL)

W

. Gap at a terminus (VVL)

Each of these penalties has an opening and an extension variant, making a total of
eight penalties, all of which can be modified using command-line arguments.

The value of these gap penalties can have a large impact on alignment quality.
As the default values are optimised for use with the built-in default ESSTs, leaving
the penalties unchanged may not be a fair comparison. We thus re-optimised all gap
penalties for each FUGUE variant, on a small training set of 72 pairs of membrane
proteins randomly chosen from our dataset of 408 target-template pairs. The remaining
336 pairs were used as the test set.

During the optimisation procedure, each penalty was perturbed from its default
value in integer steps of size 1-5, depending on the size of the initial value. The
combination of penalties yielding the highest number of correctly aligned residues,
summed over the entire training set, was chosen for each FUGUE variant. For further

details, see Hill et al.| (2011)).
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3.5.6 Testing alignments in 3D structure prediction

It is widely known that alignment quality is the major contributor to the quality of
template-based models (Sanchez and Sali, 1997). Building models based on our im-
proved membrane protein alignments should thus yield 3D models of higher accuracy.
To test this hypothesis I ran my co-ordinate generation program MEDELLER (dis-
cussed in Chapter [4)) with the various alignments generated as input.

The three alignment methods compared were membrane FUGUE, default FUGUE
and the structure-based “correct” alignments created by TM-align. MEDELLER pro-
vides a variety of options to prioritise either model quality or coverage, but these had

little effect on the relative accuracy of the three methods.

3.6 Analysis

3.6.1 Large-scale comparison of membrane and soluble protein envi-

ronments

The automated comparison method explained in Section was applied to all possi-
ble pairs of ESSTs of membrane and soluble proteins, yielding a large (166 x 166) matrix
of pairwise distances. The matrix can be used to visualise the clustering of a large num-
ber of structural environments (i.e. the ESSTs built to describe these environments).

“zoom in” and investigate each pairwise comparison in de-

In addition, it is possible to
tail, by examining which substitutions have a significantly different distribution (across
protein families) in the two environments being considered. This section deals with the
overall clustering of structural environments. An example comparison of two individual
matrices is discussed in Section

Ward’s clustering method was run on the matrix of pairwise environment distances.

The resulting hierarchical tree is shown in Figure [3.7] From the figure, it is clear that

the structural environments (across membrane and soluble proteins) primarily cluster
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Figure 3.7: Comparison of structural environments in membrane and soluble
proteins - Hierarchical clustering tree (Ward’s method), based on the KS test distance
measure defined in the text. Background colours give a rough grouping of environments,
clade colours sub-divide these groupings further. Clade numbers correspond to those used

in the text. Black clades contain only very general environments and are thus less inter-
esting. The names of soluble protein environments are coloured red.
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into two distinct groups: one made up of strongly hydrophilic, surface-exposed environ-
ments, the other comprising mainly hydrophobic lipid-exposed or buried environments
along with some mixed environments. These two main clades can be further sub-divided
into 5 large groups or 17 smaller clades, as shown below. The clade numbers below
correspond to those used in the figure. Throughout the next section, we will refer to
the work of Hill et al.| (2011)), comparing the results between the analysis presented here

and that from the paper. Included in this chapter are adapted versions of the PCA

plots (Figure and dendrogram (3.9)) from Hill et al., for comparison purposes.
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Figure 3.8: Principal component analysis of ESSTs by [Hill et al. - The top row

and the bottom row are views of the same data along different principal components. The
columns colour-code the data-points by layer type, secondary structure, and accessibility
respectively. This allows the three-letter table code of each point to be read off from left
to right. The labelled tables are ordered by secondary structure in the second principal
component — reading panel (e) from left to right we first encounter TCa, then TEa, then
TXa. A similar ordering holds for other layer and accessibility types. Figure adapted from

(Hill et al.l |2011)), by permission of Oxford University Press.

for consistency, instead of the original "H’.
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Figure 3.9: Dendrogram of ESSTs by [Hill et al. - A split is seen between accessible
(red) and inaccessible (blue) environments. Tail-layer environments (T**) appear not to
cluster. Figure adapted from (Hill et al., [2011)), by permission of Oxford University Press.
“Helix” was relabelled "X, for consistency, instead of the original "H’.
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3.6.1.1 Strongly hydrophilic environments

Surface-exposed residues near the membrane head groups

1. Head-tail interface and accessible coils nearer the centre of the membrane
These residues are positioned at the border between the head and tail layer of the
membrane, where the environment is a mixture of hydrophobic and hydrophilic
groups. Hydrophobic tail groups are present, and polar side-chains may “snorkel”,
reaching “up” towards the hydrophilic head groups, possibly pulling them down
in turn. Such “snorkeling” was observed in the study of |[Eyre et al. (2004)) for a
quarter of hydrophilic residues in the membrane tail layer. This clade contains
coil/loop residues in the tail layer of the membrane, which are likely to be at
the ends of transmembrane regions and “snorkeling” polar side chains. Thus,
this clade contains residues likely to be in contact with polar groups (either head
groups or water), but near the hydrophobic lipid tails. In accordance with this
interpretation, the PCA plots by Hill et al.| (Figure indicate that, in terms
of hydrophobicity, “interface” residues seem to lie between water or head group

accessible residues and tail-accessible residues.

2. Head contact sheet
Beta sheet residues in contact with the head groups cluster with various environ-
ments that include them. Hill et al.| (2011) showed that this environment seems

markedly less hydrophilic than other head layer environments (Figure .

3. Head contact helix and head-tail interface helix
Head-contacting helix residues (irrespective of layer) dominate this clade. They
cluster with membrane-contacting helix residues slightly further towards the cen-
tre of the membrane, located at the head-tail interface, which again indicates
the occurrence of “snorkeling”. Notably, although not unexpectedly, this clade

also contains residues in the non-membrane layer, but in contact with the head
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groups. Residues outside the membrane and not in contact with the membrane

are in a separate clade. This is discussed in more detail further below.

4. Head layer water-accessible helix
Water-accessible helix residues in the head layer (possibly facing an aqueous pore)
cluster separately from head-accessible helix residues. In addition, the more gen-
eral environment “head layer, helix, accessible” [mHXA] clusters here. This is
the exact equivalent to the [HXA] environment of Hill et al.| (2011), which, in
that analysis, was observed to cluster closely with accessible residues in soluble
proteins [e.g. sHA| (Figure [3.9). We do not observe this in the present analysis.
This is undoubtedly due to the different methods of comparing ESSTs to each

other. This is discussed further at the end of this section.

5. Accesible head layer coil
The head layer is a frequent location of coils in transmembrane proteins (the non-
membrane layer is more frequent, but may include loops from soluble domains).
There seems to be little distinction between coil residues in contact with head
groups and those in contact with water, but still within the head layer (these
residues could be pore-lining or on the water-exposed face of a large transmem-
brane domain). This is in contrast with helix residues within the same environ-
ment (discussed above), which showed a more distinct separation between head

group-accessible and water-accessible residues.

Water-exposed environments outside the membrane

Accessible environments outside the membrane are always grouped with their equivalent
in soluble proteins. These findings confirm the often-made previous assumption that
soluble domains of membrane proteins behave essentially identically to globular soluble
proteins (Bowie, [1997; Eyre et al. 2004; Mokrab et al.,|2010; |Ulmschneider and Sansom,

2001)). This pattern was also observed in Hill et al. (2011), but the separation from
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head-accessible environments was less visible (Figure [3.9) because, in that study, the
“not-in-membrane” layer also included some head-accessible residues. The present
results show that, by excluding such residues, the expected clustering of water-accessible

environments emerges even more clearly.

6. Soluble accessible sheet
Water-accessible beta sheet residues outside the membrane are grouped with their

counter-parts in soluble proteins.

7. Soluble accessible helix
Water-accessible helix residues outside the membrane are grouped with their

counter-parts in soluble proteins.

8. Positive phi angle (anywhere in the protein)

All positive phi tables are grouped together in this single clade. Positive phi tables
are generally dominated by substitutions from Glycine to Glycine. Environments
in soluble proteins form a separate sub-clade from the membrane protein environ-
ments, indicating that, in this case, the origin of the protein itself may be more
important than any of the environment factors. This was not observed in Hill
et al.| (2011]), where positive phi tables did not cluster in an easily interpretable
fashion (Figure [3.9).

No positive phi environments are shown for the membrane tail layer, or any buried
environment in membrane proteins. This is simply an indication of the scarcity
of residues fitting these criteria, as having a positive phi angle means breaking
any surrounding a-helix or -sheet.

In addition, this clade contains an unexpected environment: accessible coil residues
at the head-tail interface. This may be an artefact, due to the low population
of this environment. However, one could imagine that, since this is usually the

location where TM helices end, there may be an abundance of helix-terminating
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Glycine residues (with a positive phi angle) here, dominating this substitution
table. It does not explain, however, why this environment clusters with solu-
ble proteins rather than the neighbouring environments in membrane proteins,

increasing the chance that this is, in fact, merely noise.

9. Soluble accessible coil
Water-accessible coil residues outside the membrane [mnNCA] are grouped with
their counter-parts in soluble proteins [sCA]. A separate sub-clade contains ac-
cessible loops in the head layer [mnHCA] (which may be in contact with the head
groups or water), and several other less specific environments dominated by water-
accessible coils (such as “coils not in contact with the membrane”, or simply

“coils”).

3.6.1.2 Hydrophobic environments (buried or in the tail layer)

Buried environments

Buried environments (divided by their secondary structure type) in soluble proteins
generally cluster with their equivalents in the soluble domains of membrane proteins.
Again, this confirms previous assumptions. The same pattern was observed by (Hill
et al,|2011) for helices and coils, although buried sheets did not appear to cluster with
their soluble counterparts (Figure, possibly due to the simpler method (Gong et al.,

2009)) used for ESST comparison.

10. Buried tail layer helix
Buried helix residues in the tail layer of the membrane do not cluster with buried
helix residues outside the membrane (which are located in clade 12). Furthermore,
buried residues in the tail layer cluster separately from tail-contacting residues
(clade 16) — differences between these two environments have been discussed at

length in previous work, in terms of hydrophobicity, amino acid composition, and
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conservation (Eyre et al., [2004), as well as individual substitution preferences

(Mokrab et al., 2010]).

11. Buried soluble or head layer coil
Buried coil residues (no matter in which layer) are grouped with their counter-
parts in soluble proteins. A similar pattern was seen in Hill et al.| (2011]) (Figure
3.9)). Buried coils in the membrane tail layer do not appear as a separate envi-

ronment at all, due to their scarcity (in Hill et al| these do not cluster).

12. Buried soluble helix
Buried helix residues outside the membrane are grouped with their counter-parts

in soluble proteins.

13. Buried soluble sheet

Buried beta sheet residues outside the membrane are grouped with their counter-
parts in soluble proteins. They are grouped with buried sheets in general, indi-
cating that this type of residue is most common in soluble domains of membrane
proteins, rather than inside the membrane (beta barrels contain very few buried
residues). Buried sheets in the head layer do not appear as a separate environ-
ment, due to their scarcity. Buried sheets in the tail layer appear in clade 14 and
are discussed there. Tail-accessible beta sheets appear separately in clade 17.

A separate sub-clade contains the general “beta sheet” environment for membrane

proteins as well as the equivalent for soluble proteins.

Pore-lining or buried in the head layer

14. Buried coils in the head layer, buried tail layer sheets
This clade is dominated by buried coil (loop) residues in the head layer [mn-
HCal, and less specific environments that overlap with this definition (e.g. buried

residues in the head layer [mHa|, or tail layer coils [mTC]). These are distinct
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15.

from buried residues in other layers (clades 10 and 11) and resemble more closely
the pore-lining residues (in clade 15). The head layer contains relatively high
concentrations of water. Assuming that these loops have some degree of flexibil-
ity, water may occasionally be able to form hydrogen bonds with these residues.
In addition, polar side chains may interact with each other. This agrees with the
PCA plots by Hill et al| (2011)) (Figure[3.8)), which show buried coils (in all layers,
in fact) to be more hydrophilic than their helix counterparts, and slightly more
so than buried coils in soluble proteins.

Buried (-sheet residues in the tail layer also appear in this clade, along with
two less specific environments. Such residues are rare, due to the organisation
of a typical beta barrel protein, where most residues are surface accessible. Fur-
thermore, buried residues are often in an environment near the aqueous pore at
the centre of the protein and are usually of structural or functional importance.
They are thus expected to show substitution preferences atypical of other buried
or surface residues. In terms of clade organisation, we find a similar pattern as in
Hill et al.| (2011). Buried sheets in the tail layer cluster close to pore-lining sheet
residues (in the neighbouring clade 15) in both the dendrogram (Figure and
PCA plots (Figure . They are distinct from tail-exposed sheet residues (clade
17).

Pore-lining helix, head-layer helix

Pore-lining helix residues are grouped with various more general environments
that include them. In addition, they cluster with buried helix residues in the
head layer. This, once again, indicates that polar interactions are more common
in the head layer, even for residues annotated as “buried”.

Further to this, we provide additional observations: Pore-lining helix residues
cluster in the hydrophobic half of our dendrogram, but not immediately adjacent

to the buried tail layer residues. There may thus be important differences in
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amino acid substitution patterns between these environments. This is a new
discovery, first shown but not discussed in Hill et al.| (2011]), warranting further
investigation. A detailed comparison between these two environments is discussed

in Section [3.6.2.2]

Tail contacting

16.

17.

Tail contact helix

Helix residues in contact with the membrane tails dominate this clade. They
cluster with various more general environments that include them. This agrees
with previous studies (Eyre et al., [2004; Mokrab et al., [2010) which showed that
tail-contacting helix residues tended to be more hydrophobic but less conserved
than buried residues in the tail layer, but still more conserved than residues out-
side the membrane. A comparison between this environment and water-accessible

residues in soluble proteins is discussed in Section |3.6.2.1

Tail contact sheet

Beta sheet residues in contact with the membrane tails dominate this clade. They
cluster with various more general environments that include them. This is a new
result indicating that findings distinguishing lipid-exposed and buried residues in

helical proteins (Eyre et al.l 2004) also seem to hold for S-barrel proteins.

3.6.1.3 Summary

As discussed above, our ESSTs, created to represent the various structural environ-

ments in membrane and soluble proteins, cluster in a biologically interpretable way.

Large differences can be observed between tables that represent chemically distinct

environments and the structure of the clustering tree reflects much of the knowledge

gained from previous studies. In addition, several new observations of biological interest

were made. In summary, one can make the following statements:
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e In general, environments in membrane proteins but outside the membrane cluster
with their equivalents in soluble proteins. In other words, soluble domains of

membrane proteins behave similarly to soluble globular proteins.

e Residues with a positive phi angle seem to behave similarly, independent of their
environment, although a subtle distinction can be made based on the type of

protein (membrane or soluble).

e Environments within the membrane show very different substitution patterns,
which are also clearly distinct from substitution patterns in soluble proteins. They
can be divided as shown previously using the four environment factors membrane

contact, membrane layer, secondary structure and accessibility.

The analysis presented here is based on the same data as that of |Hill et al.| (2011).
However, the latter study was based on a single set of ESSTs built from a slightly
reduced set of structural environments. Several environments were combined into one,
e.g. the “tail contact, head layer” and “head contact, tail layer” environments were
combined into a single head-tail “interface” environment (Figure . This was done
in order to increase the amount of data used to build each ESST, without making the
environment definitions too unintuitive.

In contrast, the analysis presented here takes a more exhaustive, automatable ap-
proach. All possible combinations of environment factors were used to build ESSTs,
and no environments were manually recombined. The clustering presented here was
manually interpreted but, in principle, there is no need to do so if the sole goal is to
build a reduced set of ESSTs. Conceptually, this table comparison approach could be
automated and environments chosen based on the clade structure of the tree. New
ESSTs would then be built and formatted appropriately to serve as input to any
sequence-to-structure alignment programme, such as FUGUE. This approach would

not be restricted to membrane proteins, but could be applied to any pre-annotated set
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of proteins.

In terms of results, the present analysis and that of Hill et al| (2011) are in agree-
ment, overall. Several details have become clearer, such as the consistent clustering of
environments in soluble proteins with their equivalent non-membrane environments in
membrane proteins. [Hill et al.| observed a general grouping of accessible non-membrane
and head layer residues, whereas the present analysis shows a much clearer separation
between them. This is due to the simplified set of environments used by [Hill et al.
which combined all accessible residues in the non-membrane layer, even if they were, in
fact, in contact with the membrane head groups. This difference is visible when com-
paring ESST clustering results, but is unlikely to have a large impact on the alignment
results presented by Hill et all due to the relatively low fraction of residues affected

(<5%; Jamie R. Hill, personal communication).

3.6.2 Example environment comparisons

3.6.2.1 Helices in contact with the lipid tails vs accessible helices in soluble

proteins

In this section, we compare two example environments which, intuitively, should be
very different from each other. Accessible helix residues in soluble proteins (Figure
3.10)A) are in contact with the polar solvent, whereas tail-contacting residues within
the membrane (Figure [3.10B) are touching strongly hydrophobic hydrocarbon chains.

Looking at each table individually, one can already make out different substitution
patterns. On the surface of soluble proteins we observe relatively subtle preferences
to conserve amino acid type, and somewhat stronger preferences to conserve polar or
charged amino acids. In the tail-accessible environment in membrane proteins, the
whole block of aliphatic-to-aliphatic substitutions is favoured, apart from substitutions
to glycine. This agrees with and confirms previous observations (Eyre et al., [2004) that

the tail-accessible environment is especially hydrophobic and the main evolutionary
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Difference matrix of A-B. Log-odds scores are rounded to the nearest integer,

negative numbers are coloured in red. Amino acids are grouped by type as follows: aliphatic
(grey), aromatic (green), polar uncharged (yellow), positively charged (blue), negatively

charged (red).

Individual substitutions are shaded in colour if their respective KS test

two environments. Yellow shading, p < 0.05 (uncorrected); orange shading, p < 0.05/400

indicates a difference in log-odds score distributions, across protein families, between the
(Bonferroni corrected for large-scale analysis).
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constraint appears to be the conservation of that hydrophobicity.

Figure 3.10C shows a difference matrix. The general trend in this environment
comparison is immediately visible by observing the clustering of cells shaded in orange
and yellow, for which a KS test indicated differing log-odds score distributions between
the two environments. Most of the differences are located in the aliphatic-to-anything
section (left) of the matrix. Aliphatic-to-aliphatic substitutions (top left) are clearly
favoured by the membrane environment, whereas aliphatic-to-polar/charged substitu-
tions (bottom left) are strongly disfavoured. In addition, the substitution of several
polar or charged residues to aliphatic residues (top right) are favoured, when compared
to the surface of soluble proteins.

Some concrete example substitutions include:

Valine (V, aliphatic) to Glutamate (E, negatively charged). This substitution is
neutral (score 0) in soluble, accessible helix residues. On the other hand, introducing an
unpaired negative charge deep inside the hydrophobic membrane is highly unfavourable
(score —10). This difference is highly significant (p = 3.5 x 107%).

Threonine (T, polar uncharged) to Isoleucine (I, aliphatic). This substitution is
unfavourable in soluble, accessible helix residues (score —2) but is favourable in the
middle of the membrane (score +2). This difference is also highly significant (p =
2.9 x 10719).

3.6.2.2 Buried helices in the tail layer vs pore-lining helices

Eyre et al. (2004]) observed that pore-lining residues shared similar properties to buried
residues within the membrane tail layer, in terms of hydrophobicity, conservation and
amino acid composition. Only a small enrichment of polar and charged residues was
observed. The most common residues within the pore were isoleucine, alanine and
glycine. Alanine was observed to overall favour being buried over being accessible,

but the other hydrophobic residues had no particular preference. Other groups had
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A-B. Log-odds scores are rounded to the nearest integer, negative numbers are coloured
in red. Amino acids are grouped by type as follows: aliphatic (grey), aromatic
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substitutions are shaded in colour if their respective KS test indicates a difference in log-

odds score distributions, across protein families, between the two environments.
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large-scale analysis).
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previously reported the importance of small residues in TM helix packing, especially
alanine, glycine, serine and threonine (Eilers et al.l [2000; Javadpour et al., [1999; Senes
et al., 2000; Ulmschneider and Sansom) [2001)).

We compared the ESSTs corresponding to these two structural environments (Fig-
ure and found few differences. Both matrices show a similar overall pattern, with
a strongly positive diagonal and otherwise mostly negative scores. In the buried en-
vironment, non-conservative substitutions (away from the diagonal) are more strongly
disfavoured than in the pore-lining environment. Conversely, the conservation (score
on the diagonal) of several polar and charged residues is slightly (but significantly,
p < 0.05) stronger in the buried environment. This may simply be an indication of the
stronger evolutionary pressure to avoid inserting unpaired charges in the middle of the
protein and thus destabilising its structure.

Off the diagonal, the biggest statistically significant difference seems to be in the
substitutions away from glycine or alanine (the first two columns), where scores tend
to be less favourable in the buried environment. This is in agreement with the above-

mentioned roles of these residues in TM helix packing.

3.7 Applications

3.7.1 Sequence-to-structure alignment

We tested the effect of using membrane-specific tables in sequence-to-structure align-
ment using the program FUGUE. By default, FUGUE uses a set of ESSTs for soluble
proteins, created using SUBST (based on the SUB177 dataset). We replaced these
tables with membrane protein-specific ones, re-optimised gap penalties and compared
our alignment accuracy.

FUGUE was run, using both table types (“default” and “membrane”), on a test

set of 336 protein pairs. In addition we tested a bipartite scheme using the PHAT and
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BLOSUMBG62 tables, as well as a pure sequence-to-sequence alignment method MUSCLE.
All alignments were compared to the “correct” structure-to-structure alignment made
using TM-align.

As is shown in Figures and membrane FUGUE clearly outperformed
default FUGUE in the critical “twilight zone” of sequence identity (around 20% on our
scale). Above 35% identity both approaches did roughly equally well and below 10%

both approaches performed poorly.

membrane FUGUE vs
% Number of default MUSCLE PHAT/
Identity | Alignments | FUGUE BLOSUMG62
Win Loss | Win Loss | Win  Loss
0-5 53 12 5 14 4 11 3
5-10 78 32 10 29 8 30 6
10-15 49 36 4 43 1 33 6
15-20 20 10 2 14 0 11 2
2025 30 8 0 18 0 12 3
25-30 26 1 14 0 6 1
30-35 14 1 0 6 0 3 1
> 35 66 1 2 3 1 1 0
Total 336 104 24 141 14 107 22

Figure 3.12: Alignment quality of membrane ESSTs vs other methods - For each
sequence identity range, the number of alignments where membrane FUGUE correctly
aligns at least 10 more (Win) or 10 fewer (Loss) residues than the named alternative
method. For example, in the 10 - 15% sequence identity range membrane FUGUE correctly
aligns at least 10 more residues in 36 out of 49 alignments. Figure adapted from (Hill et al.)
2011)), by permission of Oxford University Press.

3.7.2 3D co-ordinate generation

Reasonable alignments are only achieved from 15% sequence identity upwards, and
above 35% alignments differ little between methods (see Figures and . In the
15 - 35% sequence identity range the average root mean square deviations are: 3.4A
(membrane FUGUE), 4.1A (default FUGUE), 2.0A (TM-align). The mean sequence

identity is 24%. A similar trend is observed on GDT_TS scores. Thus, the better
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Figure 3.13: Alignment accuracy on membrane proteins of various alignment
methods - Box plots of the fraction of residues aligned correctly as sequence identity
increases. There are three boxes at each sequence identity, from left to right corresponding
to membrane FUGUE (black), default FUGUE (blue), and MUSCLE (red). The green
bars show the number of alignments divided by 100. For example, there are 78 alignments
in the 5 - 10% sequence identity range. PHAT /BLOSUMG62 always performed similarly to
default FUGUE and was thus omitted, for clarity. Figure taken from , by

permission of Oxford University Press.
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alignments created by membrane FUGUE result in an increase of model quality. These

findings were reported in (Hill et al., 2011).

3.8 Conclusion

We have developed a new approach for generating substitution tables of membrane
proteins. This required the definition of a useful set of structural environments spe-
cific to membrane proteins. Tables representing the molecular evolution within these
environments were shown to differ from each other. We have proposed several biolog-
ically meaningful interpretations, which confirm and supplement observations in the
published literature.

Substitution profiles for membrane environments differ significantly from those ob-
served outside the membrane or in soluble proteins. Molecular evolution thus seems to
differ inside and outside the membrane, as well as in the membrane core compared to
the outer layers of the membrane.

Using these specialised membrane substitution tables for the structural prediction
of membrane proteins should thus improve modelling accuracy.

Guided by the structure of the clustering tree used in our analysis of ESSTs, one
may now choose to combine several of the structural environments, in order to reduce
the total number of ESSTs and increase the amount of data used to build each of them.
This would increase the quality of each individual ESST, while keeping the maximum
possible differences between tables. This was done manually in Hill et al.| (2011])), based
on biological intuition and measures of table sparsity and quality. Using the approach

presented here, the process could potentially be automated and made applicable to any

set of ESSTs.

In addition to the insights gained from our analysis of membrane protein-specific

ESSTs, we have demonstrated that the use of such ESSTs in alignment programs can
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improve alignment accuracy. Furthermore, the use of such improved alignments in
template-based structure prediction directly results in more accurate 3D models.
These positive results are encouraging, especially since many improvements could
still be made to our definitions of structural environments, the exact method used
to build ESSTs and the alignment algorithm itself. In order to improve the quality
of the ESSTs we may, in the future, replace MUSCLE with a sequence-to-structure
alignment method, when creating the initial multiple sequence alignments from which
ESSTs are built. As sequence-to-structure alignment requires ESST's to work, one could
imagine an iterative alignment and table building procedure, which is continued until

convergence.

3.9 What’s next

The next chapter will move away from the alignment problem and focus, instead, on
the final critical step in a template-based structure prediction pipeline: 3D co-ordinate
generation. Given a target-template alignment (which will remain unchanged), mem-
brane protein-specific ESSTs will be used as part of a co-ordinate generation method,
MEDELLER, to make decisions about which co-ordinates may be copied from a given
template structure. This approach results in the generation of improved 3D models of

membrane proteins.
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Chapter 4

MEDELLER: Co-ordinate
Generation for Membrane

Proteins

4.1 Context

In the previous chapters we introduced iMembrane, a method to annotate membrane
proteins in terms of their membrane insertion. We defined structural environments
unique to membrane proteins based on each residue’s contact with the membrane head
or tail groups and its position along the membrane normal. Environment-specific sub-
stitution tables (ESSTs) were created, encoding the amino acid substitution patterns
observed within each environment. We showed that ESSTs of membrane environments
differ significantly from those of soluble proteins. Finally, we demonstrated that the
use of such membrane tables improves sequence-to-structure alignment of membrane
proteins. In this chapter, we use the knowledge from the previous chapters and address
the next step in our template-based modelling pipeline for membrane proteins. We

present MEDELLER, a co-ordinate generation method specifically designed for mem-
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brane proteins. This work has been published in the journal Bioinformatics (Kelm

] 2010).

4.2 Motivation

Physically, membrane proteins differ significantly from water-soluble proteins (Schulz

2002; Stevens and Arkin, [1999; Ulmschneider and Sansom, 2001). Soluble proteins often

adopt a globular conformation, with their hydrophobic residues mainly in the protein
core and their polar and charged residues predominantly on the water-exposed surface.
Membrane proteins, on the other hand, sit in a lipid bilayer and thus contain stretches
of residues that are exposed to the hydrophobic environment of the membrane
2004). Such transmembrane (TM) segments usually have one of two structure

types: a-helices or S-strands. These structural differences between membrane and

soluble proteins have been used in various computational methods (Punta et al., [2007)),

for example to identify membrane proteins from sequence alone (Gromiha and Suway,

2005 [Wallin and von Heijne, [1998).

A typical (template-based) homology modelling pipeline was described in Section
The final step in such a pipeline is co-ordinate generation based on the align-

ment between template protein structures and the target sequence. The three main

approaches to this problem are (a) assembly of rigid bodies (Bates et al., 2001}; Deane|

land Blundell, 2001; Koehl and Delarue, [1995; Petrey et al., [2003; |Schwede et al., 2003)),
(b) segment matching (Levitt, [1992) and (c) satisfaction of spatial restraints (Sali and
Blundell, (1993)).

The current computational structure prediction methods may not be ideal for trans-

membrane proteins, designed as they are for water-soluble proteins (Elofsson and von|

2007)). The physical differences between water-soluble and membrane proteins

may mean that many of the steps in structure prediction should be approached differ-
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ently.

There is currently no co-ordinate generation method specifically developed for mem-
brane proteins. However, the successful ab initio fragment-assembly method ROSETTA
has been adapted to predict membrane protein structure (ROSETTA Membrane (Yarov+
Yarovoy et al 2006)). The adapted method included an energy function that modelled
a multi-layer artificial membrane environment. The performance of ROSETTA Mem-
brane was tested on 12 membrane proteins of known structure, producing complete
models with backbone RMSDs between 6 and 10A. Sub-sets of each model (between
51 and 145 residues long) achieved RMSDs of 3 to 4A. More recently, the method
was modified to include experimentally derived constraints, such as known helix-helix
contacts (Barth et al., |2009)). The best models selected by the method had RMSDs
of around 4A, with all test proteins being single chains of at most 230 amino acids.
The authors ventured that for larger proteins, multiple constraints were likely to be
required in order to obtain accurate results. It should also be noted that, being a
combinatorial ab initio method, ROSETTA requires large amounts of computing time
and is typically run across large (possibly distributed) computing clusters. Homology
modelling methods on the other hand, while relying on the availability of a template,

can be run on a single desktop computer.

Wallner and Elofsson demonstrated (Wallner and Elofsson, [2005)) that existing co-
ordinate generators, on soluble proteins, showed little difference in terms of overall
accuracy and none of the methods consistently produced models that were much closer
to the native target structure than the template. In general, the models were also worse
than simply copying the backbone co-ordinates of the template.

They identified Modeller (Sali and Blundell, |1993) as one of the best methods, due
to its reliability and consistent model quality. Modeller attempts to satisfy spatial
restraints in order to build a target protein structure. Its probability density function

uses data obtained from the input target-template alignment, as well as prior knowledge
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obtained from a database of structural alignments (Sali and Overington, 1994). This
original database contained 105 families of soluble proteins and no membrane proteins.
In this chapter, we use the most up-to-date version of Modeller (9v7, at the time of the
experiment) as a representative of existing modelling methods and compare it to our

own method.

Modeller’s accuracy for modelling membrane proteins has been tested previously
(Forrest et al. 2006). It was noted that it was possible to build models whose TM
region had less than 2A C-a RMSD to the native structure, given a template with
>30% sequence identity. The accuracy for the whole protein was much lower than that
of the TM region. This reflected important local differences in the regions connecting
TM segments in membrane proteins with similar topology. This result indicated that

template-based approaches can be successfully applied to membrane proteins.

However, this result also showed that Modeller (as a representative of the current
standard in homology modelling software), in its current state, is not ideal for creating
complete, accurate models of membrane proteins. A 2A RMSD in the TM region is
surprisingly high, given that the problem of TM protein prediction should theoretically
be simplified by the additional physical constraints imposed by the presence of the
lipid bilayer. Modelling errors in the TM region can then propagate to the loops that
connect TM segments, thus resulting in even lower accuracy outside the TM region.
Nevertheless, scientists commonly use Modeller, and comparable methods, to predict
membrane protein structure (software reviews: (Reddy et al., 2006; |Saxena et al., 2008);
example case studies: (Fenosa et al., 2009; |[Yang et al., 2008])).

We present MEDELLER, a new method for co-ordinate generation specialised for
membrane proteins. The input is a template protein structure and a sequence align-
ment between the target and template proteins. This alignment is not altered by
MEDELLER. The most important part of the method is the identification of the reli-

able “core” structure shared by the template and target proteins. First, the template
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protein’s membrane insertion is calculated using iMembrane (Kelm et al., [2009). The
“core” is initially restricted to the template residues buried in the middle layer of the
membrane. It is then gradually extended using a specialised membrane-specific substi-
tution score. The model is then completed, as far as possible, using the loop modelling

protocols FREAD (Choi and Deane, [2010)) and Modeller.

We test the modelling accuracy of our method on four large test sets, containing a

total of 616 target-template pairs of transmembrane proteins.

Our method, MEDELLER, builds highly reliable core models (which usually cor-
respond to a protein’s TM region). Averaged over all test sets, MEDELLER produces

more accurate core models and achieves a core model accuracy of 1.97A RMSD versus

2.57A for Modeller.

With added high-accuracy loops, MEDELLER remains the more accurate method
in 65% of test cases and at least as good as Modeller in 77% of test cases, with an

average accuracy of 2.62A RMSD versus 3.16A for Modeller.

4.3 Methods

4.3.1 Overview of the MEDELLER procedure

We have created a homology-based protocol for co-ordinate generation. The method is
specific to membrane proteins. The algorithm is outlined below, with detailed expla-
nations of the more complex steps following in separate sub-sections. Figure gives
a flowchart of the algorithm. All algorithm steps are identical, irrespective of the input
protein’s structure type (a-helical or S-barrel), although the substitution score itself is

secondary structure-dependent and will thus differ for residues in helices or 3 sheets.
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As input, a template structure is
Template provided, along with a sequence
@ <+ Sstructure alignment between the target
sequence and the template
| Target Sequence | | Template Sequence sequence.
1
- Annotate sequence alignment with
Annotation iMembrane » template's position in membrane
+JOY » template's secondary structure
\'4
/ Starting from an empty model,
gt;mp:ate — MEDELLER defines a “core” model
fuctre which can be copied directly from
| Target sequence | | Template Sequence | M e,
1

» Selectaligned residues in the middle of
. MEDELLER the membrane

Core bmldlng + SToMP » Extend selection using a set of rules

» Copy coordinates to form “core” model

Target g Template ——— “Core” model is now in place.
Structure < stucture _/ Ideally, itis only missing a few
loops.
| Target Sequence | | Template Sequence |
7
Loop » Fill in gaps with FREAD loop modelling
. FREAD » Prioritise quality over coverage
Modelling (may leave some gaps open)
Target _ Templale [ — High-accuracy model of the
Structure 1 Structure =1 transmembrane domain. Some
gaps may remain.
| Target Sequence | Template Sequence

Figure 4.1: Algorithm for modelling from a single template - Progression from the
initial user input to the high-accuracy model. When modelling from multiple templates,
steps up to stage 3 are performed for each template separately. The data is then combined
into a single core model (stage 3) and the algorithm proceeds as for a single template.
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4.3.2 Algorithm Overview

1. User Input. The input to our co-ordinate generation method is the target pro-
tein’s sequence, aligned to one or more homologous template protein sequences,

as well as the 3D co-ordinates of those template structures.

2. Annotation of the Sequence Alignment. iMembrane (Section m (Kelm
et al., 2009)) and JOY (Mizuguchi et al.,|1998a) are run on the template structure

in order to annotate its membrane insertion and secondary structure.

3. Building the “core” model. The core is built over four phases (Section.
In each of these, a specific set of masking rules is in place (Section , along-
side our smoothed fragment-based environment-specific substitution score (Sec-
tion . Once the four core modelling stages are considered “complete” the
remaining gaps, where the target and template are not aligned or where the
substitution score is low, are modelled using FREAD (Choi and Deane} 2010).
FREAD is a database search loop prediction method, which selects fragments
based on an environment-specific substitution score and anchor RMSD. FREAD
prioritises accuracy over coverage and thus may not make predictions for all the

missing segments.

4. Prioritising Accuracy or Coverage. Our core building algorithm and our con-
servative use of FREAD are designed to give high accuracy co-ordinates. However,
the model produced may still contain gaps. For the case where high coverage is
required, MEDELLER also produces a “high-coverage” model, in addition to the
default “high-accuracy” model. In this case, FREAD is used on a less conserva-
tive setting, resulting in a larger number of possibly less accurate loop predictions.
Loops longer than 26 residues or terminal gaps cannot be modelled using FREAD.
MEDELLER thus builds a set of backbone co-ordinates for the majority of the

structure. For convenience, we include an option to fill any remaining gaps using
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Modeller, allowing the user to always output a complete all-atom model, including

side chains.

4.3.3 Insertion of Proteins into the Membrane

iMembrane (Chapter [2)) is a method to ascertain a protein’s position within the lipid
bilayer. It relies on a database of known transmembrane protein structures, which
have been simulated in an artificial lipid bilayer using molecular dynamics (Scott et al.,
2008)). iMembrane is used here to annotate the template protein structure with regards
to its membrane insertion.

The version of iMembrane used in this chapter is the one described in Chapter
and not the one originally published (Kelm et all 2009). The new version of iMem-
brane is included in the MEDELLER distribution and is available as a web server at

http://imembrane.infol

4.3.4 Core Building Algorithm

A typical template-based co-ordinate generator starts from a given alignment between
the target sequence and a single template structure. 3D co-ordinates are then copied
from template residues to their corresponding, aligned, target residues. The underly-
ing assumption is that aligned residues are evolutionarily related and share a similar
structure. A model based solely on copying the backbone co-ordinates of all aligned
residues is called a “naive” model. Especially when the target and template proteins
are distantly related, alignment quality will drop, introducing errors in regions that
are hard to align (Rost, 1999)). For membrane proteins, this will primarily be in the
loop regions connecting transmembrane segments. These were demonstrated by |Forrest
et al.| (2006) to be hard to model using existing modelling software. The centre of the
transmembrane domains was, conversely, usually quite well conserved.

Our core modelling algorithm makes use of these observations, by first identifying
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the central part of the transmembrane domain and then “growing” the model outwards,

towards the loop regions, as long as our substitution score remains above a cut-off value.

An example of this procedure is shown in Figure

Blue shaded regions Orange and red framed

have already been alignment columns are
selected as part of the || being considered for
“core”. selection.

Gaps and the alignment
columns immediately adjacent
to them are masked mn grey.
These can never be selected.

target sequence
A template sequence

GIGADYQFAEGVEVSGSVQOS

target sequence GADTAYGIGADYOQFAEGVEVSGESV(S
B template sequence DDVIYYGLGAS YDLGGGASTVGGIALD
template membrane layer NNHEHHTTTTTTTHHHHTTTTTTTHH
target sequence GADNANGI GADYOFAEGVEVSGEVS
c template sequence DDVIY GLGAS YDLGGGASTVGGT A D
template membrane layer NNHHHHTTTTTTTHHHHTTTTTTTHH
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Figure 4.2: Core extension algorithm - In the “membrane layer” annotation, T, H
and N respectively represent the middle hydrophobic (Tail group) membrane layer, the two
peripheral polar (Head group) membrane layers and the two outer-most aqueous (Non-
membrane) layers. A: Two “fragments” (stretches of alignment columns) have already
been selected as part of the model core (blue boxes). All columns adjacent to an already
selected (blue) column are now considered for selection (those highlighted in orange and
red). The column marked in red has the highest substitution score and is thus selected. B:
Again, the selection procedure is as in A. One new column is being considered for selection
now: the one next to the column selected in A. C: The right-most fragment is now adjacent
to a masked alignment region and can no longer be extended. Only columns next to the
left-most fragment are considered, as the algorithm carries on. The subsequent steps are

not shown.

1. Selecting the “minimal core”. Using our membrane insertion and secondary

structure annotation, we select the alignment columns containing those template

protein residues, which are: (a) located in the middle layer of the membrane
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(where the lipid tails reside) and (b) are not masked (Section |4.3.5)).

. Core extension — phase 1: The “solid core”. Each selected fragment is
extended, one column at a time, until all adjacent secondary structure elements
or short, gap-less loops (< 3 residues) have been selected. Extension stops when
an alignment gap or a masked alignment column is reached (Section . If a
short loop contains any alignment gaps, extension will stop before entering the
loop. If a secondary structure element contains an alignment gap, it is selected

right up to the gap.

. Core extension — phase 2: Adding long, gap-less loops. Core extension
continues in a similar way as described above. However, the alignment column
masking rules have now changed to also allow longer (> 3 residues) gap-less loops
to be selected. At each step a single column is added. The column to be added is
selected based on the smoothed fragment-based environment-specific substitution
score (Section . If the value of the score falls below a predefined cut-off, the

core extension procedure stops.

. Core extension — phase 3: Adding gappy and terminal loops. Unless
core extension was stopped during the previous phase, the procedure continues
as above. The masking rules are changed (Section to allow any remaining
residues to be selected, that is gappy loops (loops that contain an alignment
gap) and N- or C-terminal loops. As before, the core extension procedure will
be stopped, if it reaches an alignment column whose addition would make the

fragment score drop below a certain cut-off (Section [4.3.6).

. Filling any remaining gaps in the model. All selected columns constitute
the common core between template and target. We have now defined a core
structure for our model of the target, which we refer to as the “core” model. This

model usually still contains gaps, where the target and template are not aligned,
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or where the substitution score is low. We use the loop modelling algorithm
FREAD (Choi and Deane, 2009) to fill any remaining gaps with homologous
fragments from a large fragment database, resulting in the “high accuracy” and

“high coverage” models.

4.3.5 Alignment Column Masking

During each phase of the core building procedure, masks are used to prevent certain
alignment columns from being selected. Masked columns may be those containing a gap
in target or template, those annotated as “loop” (where masking may be dependent
on loop length) or those outside the middle layer of the membrane (where the lipid
tails reside). All rules are active at the beginning of the core building procedure and
are then consecutively deactivated during the following phases of the algorithm. An

overview of when each rule is active is given in Figure [4.3

Rule Minimal Solid Long Gappy
core (0) core (1) loops(2) loops(3)

Alignment gaps X X X X
Gappy & terminal loops X X X

Long gap-less loops X X

Outside membrane “tail” layer X

Figure 4.3: Masking rules active during each core building phase - Each row
corresponds to a single masking rule. Each column corresponds to a single phase during
the core building procedure. X denotes that a rule is in effect. Note that the sets of active
masking rules go from the most stringent combination (in phase 0, “minimal core”) to the
least stringent one (in phase 3, “adding gappy & terminal loops”).

1. Alignment gaps. Alignment columns containing a gap in either the target or
the template sequence are always masked, preventing any selected fragment from
ever extending past an alignment gap. Residues adjacent to an alignment gap are

also masked.

2. Gappy & terminal loops. Windows of columns, annotated as “loop” by JOY,
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which contain a gap are masked. This rule represents the assumption that loops

are the least structurally conserved regions of the protein. A gap in a loop region

would indicate that the structures of the template and target loops do indeed

differ. In addition, loops at the N- or C-terminal ends of the sequence alignment

are also masked, as these are usually less structurally conserved. This rule is

deactivated during the final core building phase.

3. Long gap-less loops. Loops longer than 3 residues, which do not contain an

alignment gap, are masked. Long loops tend to be more structurally variable

than shorter ones. We use this masking rule to treat long loops in a later stage

of the core building procedure than their short (<3 residues) counterparts. This

rule is deactivated during the “long loops” core building phase.

4. Outside membrane “tail” region. Any residue outside the middle layer of the

membrane (where the lipid tails reside), is masked. This masking rule is applied

only during the initial core building phase, in order to select the minimal core of

the template structure, which is thought to be the structurally most conserved

part of a transmembrane protein. The rule is deactivated during the “solid core”

phase, where the extension of the “minimal core” begins.

4.3.6 Substitution Score

During core building, a smoothed fragment-based environment specific substitution

score Seqng is used to determine the order, by which alignment columns are added to

the model’s core. During the later phases of core extension a score cut-off is used at

each alignment column selection step, in order to decide whether the core building

process should be halted.
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4.3.6.1 Environment-specific substitution tables

In this chapter we use a set of 12 ESSTs dependent on membrane layer and secondary
structure annotation (e.g. “helix residues in the membrane tail region”). The environ-

ment factors used are as follows:

e Membrane layer

— membrane tail layer (T)
— membrane head-group layers (H)

— non-membrane layers (N)
e Secondary structure and phi angle

— a-helix (X)

— extended [-sheet (E)

coil/loop (C)

positive phi angle (P)

For each of the 12 possible combinations of the above environment classes, MEDELLER
uses one substitution table: TX, TE, TC, TP, HX, HE, HC, HP, NX, NE, NC, NP.

The procedure of creating these ESSTs was described in Chapter

Here, we use a far smaller number of ESSTs than considered in Chapter [3] This is
due to MEDELLER being built before the examination described there.

4.3.6.2 Calculating the smoothed fragment-based environment-specific sub-

stitution score S.,,4

Our ESSTs are used to assign a raw score Syq, (see Section|3.5.2)) to every column in the
sequence alignment. Syq,, is smoothed over a window (of 3 residues, by default) to form

Ssmoothed (Equation . Secand 1s the score given to a candidate alignment column. It
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is the sum of the smoothed scores Sgmootheq Of all alignment columns already in the

selected fragment, plus the candidate’s own smoothed score.

w
g Sraw,iJrj

j=—w

Ssmoothed,i = (41)
L
Flast
Scand,i = Ssmoothed,i + g Ssmoothed,j (42)
j:Ffirst

where i, j, Ffis and Fjqq are alignment column indices; ¢ is the index of the
alignment column, whose score is to be determined; w is a constant dependant on the
window size (V'), which is 3, by default; w = (V — 1)/2; L is the actual number of
scores inside the window (L = w in the normal case, but can be smaller if the window
contains alignment gaps or extends past an end of the sequence); Fijrs and Fj,s are

the indices of the first and last columns of the fragment to be extended, respectively.
4.3.6.3 Calculating the substitution score cut-off
The substitution score cut-off Seyt0f ¢ for each core extension phase is dependent on the

previous phase and is calculated as follows:

2 1
Scutoff = gSmezm,prev + gslast,prev (4'3)

where Syean prev 18 the mean score of the previous phase and Syt prev is the score
of the last-added residue in the previous phase.
4.3.6.4 Using S.4,q to determine selection order

Assume an alignment with several fragments (consecutive stretches of alignment columns)
already selected. During a core extension iteration, one of the many fragments is ex-

tended by a single residue. In order to decide which fragment is extended by which
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residue, the following steps are taken: (1) Identify all possible candidates (unselected
alignment columns adjacent to an already selected column); (2) Discard any masked
candidates; (3) Calculate the substitution score of each remaining candidate (equation
2); (4) select the best-scoring candidate. In the later phases of the core extension pro-
cedure, if the candidate score Sgqnq is below a defined score cut-off (equation 3), the

candidate is rejected and core extension halted (Section |4.3.6.5)).

4.3.6.5 Halting core extension

When core extension is halted, it regresses (i.e. columns are removed in the reverse

order they were added) until a local Seq,q score maximum is reached.

4.3.7 Multiple Templates

MEDELLER allows the user to provide more than one template protein. In this case,
the same algorithm (Section step 3) is run for each template separately, in order
to identify the fragments that constitute the common core between the target protein
and each template. Then, the fragments from all templates are pooled and the top-
scoring subset of fragments is chosen to build the core model. Two fragments are
allowed to overlap only if (a) the overlapping region is shorter than half the length of
the smaller fragment, (b) there are no alignment gaps in the overlapping region, and
(¢) the backbone root mean square deviation (RMSD) of the overlap is lower than 1A.
Overlapping co-ordinates are melded (Choi and Deane, 2010). After assembling the

single best-scoring core model, the algorithm proceeds as for a single template (Section

step 4).

4.3.8 Testing the Modelling Accuracy

Modelling accuracy was tested using the all-backbone-atom (C-a, N, C, O) RMSD

between a model and the “native” target x-ray structure, as found in the PDB. In
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addition, we report GDT_TS (Zemla et al., 1999) scores. We also analysed the models’
transmembrane region in terms of tilt angle and rotation angle and shift (as number
of residues) relative to the native structure. The accuracy of the models generated by
our method was compared to the “top” model out of 10 equivalent models generated
using Modeller with default settings. In every case, both methods started from an
identical “ideal” sequence alignment, generated from a structure alignment between
the template and the native target structure. The “top” Modeller model was selected
using Modeller’s own DOPE energy score (Eswar et al., 2007). To make the comparison
fair, we calculated Modeller’s RMSD using only that sub-set of residues present in the
MEDELLER model. Two models with RMSDs to the native structure that differ by
no more than 0.05A were deemed to be equally accurate. We also conducted identical
tests using the “best” Modeller model, which was selected from the set of 10 as the one

with the lowest RMSD to the native target x-ray structure.

4.3.9 Sequence Identity and Coverage Measures

Sequence identity (ID) is calculated as the number of identical residues divided by
the total number of alignment columns. On this scale, a value of approximately 20%
identity corresponds to the “twilight zone” of sequence identity (Rost, 1999). Target
coverage (Cov) is the number of residues, for which the model provides 3d co-ordinates,
divided by the total length of the target sequence. Target “core coverage” (CoreCov)
is calculated as above, except that the sequence is shortened to exclude any N- or

C-terminal stretches of unmodelled residues.

4.3.10 Creation of the Test Sets

A list of membrane protein structures was compiled by combining data from several
publicly available databases: all PDB entries annotated with the SCOP class “mem-
brane proteins”, the OPM database (Lomize et al., 2006, the PDB_TM database
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(Tusnady et al., [2005) and the CGDB data-base (Scott et al., 2008). A list of unique
PDB entries was compiled and filtered to include only x-ray structures with a resolu-
tion < 3A. These structures were split into single protein chains. The protein sequences
were extracted and made non-redundant at a level of 80% sequence identity using CD-
HIT (Li and Godzik, 2006|). Thus, none of the target proteins in any of our test sets
share more than 80% sequence identity. The remaining protein chains were run through
iMembrane, in order to identify possible template structures in the CGDB database.
The “structure search” option was used; this method searches iMembrane’s database
for homologous structures using pairwise structure alignment. All iMembrane search
hits with a TM-score (TM-align (Zhang and Skolnick}, 2005a)) >0.50 were kept. Some
target proteins did not receive any iMembrane hits and were thus removed from the
dataset. Pairs where target and template were the same protein chain were also re-
moved. The remaining protein pairs were then classified into four test sets of varying
sequence identity ranges. The test set for modelling multiple templates is a subset of

the above set and contains targets associated with at least two templates.

4.4 Results

4.4.1 Test Sets

Our complete test set contains 616 pairs of protein chains (target-template pairs). Pro-
teins of both the a-helical (413) and the S-barrel (203) type are included. The target-
template pairs were classified, by their sequence identity, into 4 test sets representing

4 different levels of modelling difficulty:

e “easy” set: 128 protein pairs, 40-100% sequence identity
e “medium” set: 115 protein pairs, 20-40% sequence identity
e “hard” set: 102 protein pairs, 10-20% sequence identity

e “hardest” set: 271 protein pairs, 0-10% sequence identity
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A target may be paired with more than one template. Conversely, a template
may also be paired with more than one target. The full list of target-template pairs
is given in Appendix Our test set is approximately 17 times larger than the
HOMERP set by [Forrest et al.| (2006) (36 pairs of membrane proteins) and roughly two
thirds of the size of that used by Wallner and Elofsson (Wallner and Elofsson, [2005])
(1036 representative protein pairs from different protein families) for testing co-ordinate

generation in soluble proteins.

4.4.2 Modelling from a single template

Test Set More Less MED MOD Diff MED MOD Diff CoreCov Cov
ace acc rmsd rmsd rmsd gdt ts gdt ts gdt ts

all 65% 23% 2.62A 3.16A -0.54A 071 0.64 0.07 92% 11%
easy 68% 13% 0.93A 1.56A -0.63A 094 0.85 0.09 99% 88%
medium  59% 23% 1.92A 2.40A -048A 0.78 0.73  0.05 92% 80%
hard 49% 39% 2.82A 297A 0.15A 0.65 062 0.03 90% 70%
hardest  72% 21% 3.64A 432A -0.68A 059 0.51 0.08 88% 58%

Figure 4.4: Accuracy of MEDELLER’s high-accuracy model vs Modeller - Rows
correspond to test sets. The “all” test set is the union of all the test sets. “More acc” and
“Less acc” are the percentages of test cases where MEDELLER (MED) is more or less accu-
rate, respectively, than Modeller (MOD). If the two methods’ accuracies are within 0.05A
RMSD of each other, they are deemed equal. “MED rmsd” and “MOD rmsd” are accuracy
values measured using the RMSD between the native structure and the MEDELLER or
Modeller model, respectively. “Diff rmsd” is the difference in accuracy between the two
methods. Analogously, “MED gdt_ts” and “MOD gdt_ts” are accuracy values measured
using the GDT_TS score. GDT_TS scores are normalised by the number of target residues
not in a terminal gap. “Diff gdt_ts” is the difference in GDT_TS between the two methods.
Cov is the percentage coverage of the target sequence by the MEDELLER model. CoreCov
is equivalent to Cov, but disregards uncovered terminal regions. All values are averaged
over an entire test set.

We ran our new co-ordinate generator, MEDELLER, as well as Modeller on all
target-template pairs in our test set. Modelling accuracy and target coverage was
compared. The average accuracy of both methods as well as MEDELLER’s coverage
are summarised in Figure [{.4 The distribution of both methods’ accuracy over all

target-template pairs in the “easy” test set is shown in Figure On average, our
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Figure 4.5: Distribution of modelling accuracy for the “easy” test set, when
modelling from structure-based sequence alignments - Backbone RMSD (in bins of
0.5A) to the native structure achieved by MEDELLER’s high-accuracy (MED HiAcc) and
complete (MED Compl) models and the corresponding co-ordinates in the Modeller model
(MOD HiAcc, MOD Compl). MEDELLER’s accuracy distribution peaks at the 0-0.5A
bin for both high-accuracy and complete models. Modeller peaks at 0.5-1A and the 1-1.5A
bin, with its equivalent co-ordinates to the two model types.

method outperforms Modeller on the entire test set, in terms of accuracy, by 0.60A
RMSD for the core model and by 0.54A RMSD for the high-accuracy model. On our
“easy” data-set, the difference in average modelling accuracy between the methods is
the most visible, with 0.71A versus 1.46A RMSD for the core model and 0.93A versus
1.56A RMSD for the high-accuracy model. This can also be seen in terms of GDT_TS
with MEDELLER achieving a GDT_TS of 0.94 for high-accuracy models in the easy
test set, whereas Modeller achieves 0.85.

The major advantage of MEDELLER lies in its highly reliable core models. Com-
pared to Modeller, our core models are at least 0.05A more accurate in 66% of test
cases and at least as good (0.05A) in 88% of test cases. A scatter plot of “core” model
accuracies is shown in Figure for both MEDELLER (A) and Modeller (B). With
added high-accuracy loops, MEDELLER remains the more accurate method in 65% of

test cases and at least as good as Modeller in 77% of test cases.

The worst core models made by the two methods have respective RMSDs of 5.40A
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Figure 4.6: Modelling accuracy of the ‘“core” model, over the entire test set
- Results shown here are when modelling from structure-based sequence alignments made
using TM-align. Accuracy is measured using backbone RMSD of the model to the native
structure. A: Accuracy of MEDELLER’s “core” model. B: Accuracy of Modeller’s corre-
sponding co-ordinates. Blue vertical lines show the division of the dataset into the “easy”,
“medium”, “hard” and “hardest” subsets. Red and orange lines serve purely as visual aids
for comparison between A and B and delimit the area containing the mass of data points
for the MEDELLER (red) and Modeller (orange) models.
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(MEDELLER) and 10.47A (Modeller). Mostly, these inaccurate models are where
target and template have different S-barrel diameters, or considerable local changes in
helix bundle geometry. With added “high accuracy” loops, the worst accuracy values
are 13.72A and 13.33A, respectively. Any errors in the core models are propagated
and result in very poor loop prediction. In terms of loop accuracy, both globally
and locally, MEDELLER’s high-accuracy models outperform Modeller, with average
RMSDs of 5.9A (global) and 1.32A (local). This relatively high global RMSD is mainly
due to a number of loops whose general shape is correct, but which are at a wrong
angle to the rest of the model, resulting in a very high RMSD. Both MEDELLER. and
Modeller show relatively poor performance if all loops are built (complete model) with
global RMSDs of over 11A. An overview of loop modelling accuracies for both methods
is given in Figure

In terms of coverage Modeller always provides a complete model. However, its loop
regions tend to be unreliable. MEDELLER, on the other hand, provides four models:
a core model with only highly conserved regions, a high-accuracy model containing
high-confidence loops, a high-coverage model that includes low-confidence regions and
a complete model. MEDELLER’s modelling confidence is shown in the output using an
atom’s B-factor (Figure ) All our tests were repeated when selecting the “best”
out of the 10 Modeller decoys using the RMSD to the native structure, instead of

Modeller’s DOPE energy score. This did not change the overall trend of the results.

4.4.3 Modelling from pure sequence alignments

All accuracy values reported in Section 3.2 are achieved when modelling from an “ideal”
alignment, based on a structure superposition between target and template. Whether
such values can be achieved in a real modelling case always depends on the quality of
the input alignment. As a practical “worst case” scenario, we report accuracy values

achieved when modelling from a simple pairwise sequence alignment, generated using
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A: ALL

Model type Loop count Loop length MED global MED local] Mod global Mod local
all loops 4145 7.42 8.34 2.2 7.96 2.2
hiacc 1682 5.76 5.9 1.32 6.36 1.73
hicov 1378 8.23 9.12 2.65 7.24 2.35
complete 1085 8.98 11.12 2.98 11.34 2.72
B: EASY

Model type Loop count Loop length MED global MED local| Mod global Mod local
all loops 276 6.73 6.64 1.98 6.53 1.89
hiacc 88 5.5 4.51 1.13 412 1.51
hicov 72 7.08 7.91 2.32 5.73 1.92
complete 116 7.44 7.46 2.41 8.85 217
C: MEDIUM

Model type Loop count Loop length MED global MED local| Mod global Mod local
all loops 648 6.99 7.45 21 6.5 2.08
hiacc 180 5.89 4.61 1.23 5.36 1.77
hicov 250 7.46 7.56 2.38 5.21 2.2
complete 218 7.37 9.66 2.48 8.92 2.21
D: HARD

Model type Loop count Loop length MED global MED local| Mod global Mod local
all loops 1000 7.2 7.96 2.14 6.81 2.07
hiacc 420 5 5.58 1.33 5.25 1.57
hicov 391 7.81 8.78 2.56 6.33 2.16
complete 189 10.84 11.51 3.09 11.24 2.97
E: HARDEST

Model type Loop count Loop length MED global MED local] Mod global Mod local
all loops 2221 7.73 8.98 2.28 9.08 2.33
hiacc 994 6.09 6.38 1.35 7.21 1.82
hicov 665 8.88 10.04 2.85 8.71 2.56
complete 562 9.29 12.32 3.26 12.82 2.95

Figure 4.7: Global and local loop accuracy in MEDELLER and Modeller mod-
els, across the test sets. - “Loop count” is the number of example loops in a particular
dataset and model type. “Loop length” is the average length of these same loops. All other
numeric values are average loop RMSDs. The global loop RMSD was calculated, for each
loop separately, by first aligning the model to the native structure using only the model
core and then calculating the RMSD between the loop coordinates. The local loop RMSD
was calculated by directly aligning the loop coordinates of the model and the native struc-
ture and then calculating the RMSD between the loop coordinates. med = MEDELLER;
mod = Modeller.
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TestSet MED MOD Diff MED MOD Diff CoreCov Cov
rmsd rmsd rmsd gdt ts gdt ts gdt ts

all 8.08A 823A -0.16A 048 044 0.04 89% 71%
easy 0.96A 1.78A -0.82A  0.94 0.84 0.10 99% 95%
medium  3.49A 3.76A -027A  0.67 0.62 0.04 92% 80%
hard 8.87A 8.87A 0.00A 037 034 0.03 87% 66%

hardest 13.08A 12.94A 0.15A 023 021 0.02 83% 57%

Figure 4.8: Accuracy of MEDELLER’s high-accuracy model vs Modeller when
modelling from MUSCLE sequence alignments - Rows correspond to test sets. The
“all” test set is the union of all the test sets. “More acc” and “Less acc” are the percentages
of test cases where MEDELLER (MED) is more or less accurate, respectively, than Mod-
eller (MOD). If the two methods’ accuracies are within 0.05A RMSD of each other, they
are deemed equal. “MED rmsd” and “MOD rmsd” are accuracy values measured using
the RMSD between the native structure and the MEDELLER, or Modeller model, respec-
tively. “Diff rmsd” is the difference in accuracy between the two methods. Analogously,
“MED gdt_ts” and “MOD gdt_ts” are accuracy values measured using the GDT_TS score.
GDT_TS scores are normalised by the number of target residues not in a terminal gap.
“Diff gdt_ts” is the difference in GDT_TS between the two methods. Cov is the percentage
coverage of the target sequence by the MEDELLER model. CoreCov is equivalent to Cov,
but disregards uncovered terminal regions. All values are averaged over an entire test set.

MUSCLE (Edgar, 2004a). As expected, the resulting model accuracy was reduced
for both MEDELLER and Modeller. On average MEDELLER’s high-accuracy model
achieved a backbone accuracy of 0.96A compared to 1.78A for the equivalent Modeller
co-ordinates, on the “easy” test set. The average accuracy of both methods as well as
MEDELLER's coverage are summarised in Figure[£.8] In practice, users will most likely
use a more sophisticated alignment method, such as our membrane-specific version of

FUGUE (Chapter , yielding somewhat better accuracies.

It should, of course, be understood that, even when using MUSCLE alignments
as input, we still base our results on the prior knowledge that the chosen template
is adequate for homology modelling (target-template TM-score > 0.50; see Section

4.3.10). In a standard modelling case, this knowledge is not available and one has to

rely on the accuracy of homology detection methods.
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A

NAIVE MEDELLER Core MEDELLER HiAcc

Cov CC bckb TSc |Cov CccC bckb TSc [Cov ccC bckb TSc

% % rmsd gdt % Y% rmsd gdt |% % rmsd gdt
all 82.04 90.26 2.77 0.65 65.92 85.84 1.97 0.69 70.56 91.81 2.62 0.71
easy 96.72 98.03 1.06 0.92 86.37 97.15 0.71 0.94 87.69 98.64 0.93 0.94
medium | 91.00 93.59 2.13 0.75 76.95 88.33 1.47 0.76 80.21 92 192 0.78
hard 83.74 91.19 3.15 0.60 6579 852 22 0.63 7044 90.61 282 0.65
hardest | 70.66 84.83 3.71 0.50 51.63 79.67 2.68 0.56 58.42 88.96 3.64 0.59
B

NAIVE MEDELLER Core MEDELLER HiAcc

Cov CC bckb TSc |Cov CcC bckb TSc |Cov CcC bckb TSc

% % rmsd gdt |% % rmsd gdt |% % rmsd gdt
all 87.11 90.97 9.58 0.43 68.81 86.21 7.96 0.48 70.85 88.79 8.08 0.48
easy 97.81 99.07 1.15 0.93 943 9852 0.93 0.94 9483 99.05 0.96 0.94
medium | 92.58 94.12 4.87 0.61 76.98 88.65 3.3 0.65 79.67 92.04 3.49 0.67
hard 85.97 89.8511.55 0.29 63.23 82.75 8.74 0.36 66.33 86.54 8.87 0.37
hardest | 80.16 86.2214.83 0.16 55.41 80.67 12.97 0.23 57.49 83.41 13.08 0.23

Figure 4.9: Accuracy of MEDELLER’s core and high-accuracy models com-
pared to the naive model - A: Modelling from TM-align structure-based alignments;
B: Modelling from MUSCLE sequence alignments. Rows correspond to test sets. The “all”
test set is the union of all the test sets. Abbreviations: Cov, fraction of the target covered
by a particular model; CC, “core coverage”, i.e. the fraction of the target covered by the
model when ignoring terminal gaps and gaps longer than 26 residues (which cannot be
closed with FREAD loop modelling); bckb, backbone RMSD; TSc, GDT_TS normalised

by CC.
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4.4.4 Comparison to the naive model

When modelling from an “ideal” alignment, the core selected by MEDELLER, is on
average smaller than the naive model but has a far lower RMSD (1.97A for MEDELLER
vs 2.77A for the naive model). In other words, MEDELLER’s core model successfully
excludes residues away from the conserved transmembrane portion of the protein, thus
achieving a better accuracy. MEDELLER’s high-accuracy model is in between the core
and naive models, in terms of coverage and RMSD (2.62A), but has a very similar
“core coverage” (CC) to the naive model (see Figure [4.9A). In other words, the loop
modelling step closes most internal gaps (resulting in a high CC), while residues away
from the conserved regions remain excluded from the model (resulting in a lower overall
coverage but also lower RMSD than the naiive model).

The same trend is observed when modelling from a pure sequence alignment (O.93A
and 0.96A RMSD for MEDELLER'’s core and high-accuracy models vs 1.15A for the

naive model, on the “easy” test set). For further details, see Figure [4.9B.

4.4.5 Main chain bumps and transmembrane geometry

The model quality assessment software WHATCHECK (Hooft et al., 1996) was run
on the complete MEDELLER and Modeller models. On average, both methods had
a significantly higher amount of bumps between main chain atoms than the template
and target structures. Modeller produces slightly fewer bumps, thanks to its model
refinement function. For details, see Appendix

Using iMembrane, we also compared the accuracy of transmembrane helix/S3-sheet
geometry, relative to the native x-ray structure. While both methods behaved very
similarly, on average MEDELLER produced slightly better geometries. MEDELLER
and Modeller, respectively, had average TM shifts of 1.9 vs 2.3 residues, tilt angle

deviations of 2.4° vs 3.4° and rotation angle deviations of 31.2° vs 36.0°. For further

details, see Appendix
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4.4.6 Modelling from multiple templates

We tested both MEDELLER and Modeller on a set of 35 target proteins with at least
2 templates per target. On average, MEDELLER’s core model achieves an accuracy
of 3.24A RMSD, compared to 3.32A for the corresponding Modeller co-ordinates. This
average is heavily biased by two outliers, where both methods’ accuracy was worse than
9A. In one case, Modeller is the least bad of the pair, in the other case MEDELLER is.
After discarding these two test cases, the two methods’ average accuracies are 2.20A for
MEDELLER and 2.44A for Modeller. In almost every test case, both MEDELLER and
Modeller could create a better core model when given only a single template structure

(e.g. the one with the highest sequence identity to the target). For further details, see
Appendix

4.4.7 Example model: Human adenosine A2A receptor

The human adenosine A2A receptor (PDB 3EML, chain A) is a G-protein coupled
receptor (GPCR). The structure was resolved at a resolution of 2.6A and contains only
a single gap in a loop connecting two TM helices. In 2008, this protein was the subject
of a CASP-style blind prediction competition (Michino et al., 2009) in order to assess
the current state in GPCR membrane protein structure prediction. The most direct
comparison possible is between values for TM helix accuracy from Michino et al. and
our MEDELLER “core” models, which are roughly equivalent.

Our test set contains three models of 3EML (all from the “hard” set), with core
accuracies (Ca RMSD) of 2.1A, 2.3A and 2.5A. The model in Michino et al. to best
predict the TM helices had a Ca RMSD of 2.1A (the model submitted by Davis,
Barth and Baker). The average TM helix (Ca) RMSD for all submitted models was
2.840.5A. This places MEDELLER’s models at the top end of the scale. Of course
this comparison is not entirely fair, as our models are based on a structure alignment

to the native structure. However, Michino et al. reported that alignment did not seem
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Figure 4.10: Example model of human adenosine A2A receptor (PDB 3EML,
chain A) - (A) Progression of model accuracy through the modelling process. The
modelling phases corresponding to the different MEDELLER models [Core, High Accu-
racy (HiAcc) and High Coverage (HiCov)] are labelled. (B) MEDELLER'’s high-coverage
model, coloured by modelling confidence in a blue-to-red spectrum, aligned to the native
x-ray structure (transparent orange). (C) MEDELLER’s high-coverage model, coloured by
membrane insertion using iMembrane [red, middle hydrophobic (tail group) layer; white,
peripheral polar (head group) layers; blue, aqueous (non-membrane) layers].
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to be a problem due to the conserved TM sequence patterns.

The high-coverage MEDELLER model with a core (Ca) RMSD of 2.5A is shown
in figure The template structure is Opsin (PDB 3CAP, chain A), another GPCR.
The MEDELLER model is more accurate than the corresponding co-ordinates of the
top Modeller model. MEDELLER’s backbone RMSD was 2.64A, 2.65A and 3.57A for
its core, high-accuracy and high-coverage models, respectively. Modeller achieved an
RMSD of 4.70A, 4.83A and 5.11A for the corresponding co-ordinates.

Loops modelled using FREAD had the right general shape, even in the high-coverage
model, whereas Modeller’s loops tended to be at the wrong angle relative to the core of
the protein. Only one very long loop was not modelled by FREAD. Modeller produced
co-ordinates for this loop but these were far from the loop’s position in the x-ray
structure.

One particular mistake was made by both methods: failure to predict a helix kink

that was present in the native structure but not in the template. For further details,

see Appendix

4.5 Discussion and Conclusion

We present MEDELLER, a new template-based co-ordinate generation protocol for
membrane proteins. First, a common core between target and template proteins is de-
fined, using membrane-insertion and secondary structure information. Then, any gaps
in this core model are completed, as far as possible, using FREAD, a database search
loop modelling algorithm. Finally, any remaining gaps are filled using Modeller. This
results in four models with increasing target coverage: the “core”, “high-accuracy”,
“high-coverage” and “complete” models. In the output, co-ordinate reliability is indi-
cated using B-factors.

MEDELLER’s algorithm speed is comparable to that of Modeller. Modeller, with-
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out molecular dynamics optimisation, takes between 5 and 30 seconds to generate one
model on a single Intel Xeon 2.33GHz processor core. This is multiplied by the number
of models the user chooses to generate (i.e. about 50-300 seconds for 10 models). In
addition, the user may choose to run a separate model quality assessment software,
to decide which of the generated models to keep. MEDELLER takes 1 to 4 seconds
to generate the “core” model of a membrane protein, which is likely to be of better
accuracy than the Modeller counterpart. For the FREAD loop modelling step, the ad-
ditional runtime depends on the number of gaps in the model. Per gap (of any length
from 1 to 26 residues), one should expect about 45-190 seconds of runtime (on the same
processor as above). Completing the model with Modeller adds another 5-30 seconds to
the runtime. Future versions of MEDELLER should include a re-implemented version

of FREAD that will take less time to run (see Chapter |5)).

MEDELLER’s core and high-accuracy models are potentially incomplete. However,
the level of certainty in these co-ordinates is high. We have shown that MEDELLER’s
core models (1.97A average RMSD) are consistently more accurate than their cor-
responding co-ordinates in the Modeller models (2.57A average RMSD). Even adding
high-accuracy loops MEDELLER still outperforms Modeller in most cases. MEDELLER’s
high-coverage model represents a trade-off between accuracy and coverage. At this cov-
erage level, the two methods are, on average, approximately equal, with MEDELLER
better in the “easy” set and Modeller better in the “hard” set. Where complete cover-
age is required, we also produce a complete model by filling any remaining gaps using
Modeller. However, the accuracy of such co-ordinates is unreliable. Here both methods
have average RMSDs of over 10A, mainly due to large regions of the targets not aligned
to a template in the “hard” and “hardest” test sets. Only on the easy set, where un-
aligned regions are short, MEDELLER’s complete models have a clear advantage with
2.80A RMSD versus 3.39A for Modeller. In the “medium” set, Modeller’s complete
models lead with 5.33A versus 5.84A for MEDELLER.
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The fact that MEDELLER’s core models are consistently better than Modeller’s,
even though MEDELLER employs no structure optimisation methods, suggests that
Modeller’s probability density function, which was created to model soluble proteins,

may distort the template structure of a membrane protein.

The high quality of MEDELLER’s core models is achieved by reliably selecting
parts of the template structure that are similar to the correct target co-ordinates. This
is made possible by using membrane insertion annotation and an environment-specific
substitution score along with the rule-based MEDELLER algorithm (Sections -
4.3.6]).

In terms of loop modelling, MEDELLER is the first software to use the recently
revised FREAD algorithm (Choi and Deane, 2010). For soluble proteins, FREAD
guarantees consistent loop quality independent of loop length as long as the anchor
structures are correctly modelled. The high accuracy of our core models allows FREAD,

Y

in many cases, to produce accurate loop structures (“high-accuracy” models). In our
test set, FREAD sometimes does not correctly filter out loops which are similar in
shape to the native structure but are attached at a wrong angle to the model core.
We have not observed this phenomenon when modelling loops in soluble proteins. In

future versions of MEDELLER, we hope to introduce membrane protein-specific loop

selection procedures to deal with such errors (see Chapter |5)).

MEDELLER’s loss in accuracy in the higher coverage models, especially at low
target-template sequence identity, is due to small local structure differences in the
membrane protein “core” region. These errors are amplified when adding loops to the
model, based on such erroneous anchor structures. Modeller lessens this dependency
using its model refinement method. This has two opposing effects, however: smaller
errors at low target-template identity (which is desirable) but also worse core models

overall (which is not).

The obvious way to improve model accuracy would be to either greatly reduce the
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size of the model core or to create a refinement method that corrects local structural
differences such as helix kinks. Helix kink prediction will allow better core accuracy,
even with templates that are locally different from the correct target structure. Future
versions of MEDELLER should include such refinement methods, as well as a more
accurate ab initio loop modelling protocol that should allow for better “high-coverage”

and “complete” models. This is discussed further in Chapter

4.6 What’s next

MEDELLER is a working tool to model membrane proteins. However, membrane-
specific information has only gone into the modelling of the core model. Loops are, so
far, being modelled using FREAD, a method developed for soluble proteins. Its results
already outperform Modeller when conservative substitution score cut-off values are
used. Nevertheless, results from Chapter [3| have shown that membrane protein loops
have significantly different substitution patterns from soluble protein loops, when con-
sidering residues in direct contact with the membrane. It should be possible to improve
loop modelling results for membrane proteins, either by using a database containing
only membrane proteins, or by replacing the FREAD substitution score with one spe-
cific to membrane protein loops. This will be explored in the next chapter, in order to
further improve the overall quality of the MEDELLER models.

Another problem that has become apparent is the presence of helix kinks and twists
within the “core” models. The more distant the target and template proteins, the
higher the chance of finding such local structural variation, resulting in errors in the
final model. Prediction of the location of such errors and model refinement to correct
them would increase the model quality for all but the easiest modelling cases. This
problem is not addressed in this thesis, but should be the subject of future work,

discussed briefly in the final chapter.
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Chapter 5

PyFREAD: High-Speed Loop
Modelling for Membrane

Proteins

5.1 Context

The previous chapters have described a homology-based modelling approach specifi-
cally developed for membrane proteins. The input provided by the user is the sequence
of a target protein, which is to be modelled, and the structure of a suitable template.
This template is annotated in terms of its membrane insertion using iMembrane (see
Chapter [2) and, possibly, re-aligned to the target sequence. Chapter [3[ has demon-
strated that superior alignment quality can be achieved in target-template alignment
by using environment-specific substitution tables of membrane proteins. From this
alignment, a highly accurate core model of the target protein can be generated using
the MEDELLER algorithm (Chapter . The loops in Chapter |4 were modelled using
the FREAD database search algorithm. This final step is the only remaining one not

using membrane protein-specific information.
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5.2 Motivation

In membrane proteins, transmembrane (TM) segments are usually one of two structure
types: alpha helices or beta strands. These TM segments are connected to each other by
stretches of amino acids with irregular structure, termed loops. In helical TM proteins,
TM helix geometry is often well-conserved, whereas the structure of loop regions can
vary greatly between homologues (Forrest et al., 2006). Therefore, loops tend to be the

parts of transmembrane proteins that are the hardest to model.

The loop modelling algorithm FREAD has been shown to produce consistently ac-
curate loop models in soluble proteins (Choi and Deane, [2010). Using the same default
parameters, FREAD also achieves a good average accuracy in membrane proteins, in
cases where the core model is sufficiently accurate, and performs markedly better than
the popular programme Modeller (see Chapter . However, compared to soluble pro-
teins FREAD’s accuracy is reduced and unexpected outliers appear where the local

loop structure is often correct, but globally the loop is in the wrong orientation.

TM segments tend to be roughly parallel to each other and loops connecting them
can thus be expected to have characteristic shapes specific to membrane proteins. Op-
erating under the hypothesis that membrane protein loops are potentially shaped dif-
ferently from soluble protein loops, we created a fragment database of only membrane
proteins. In this chapter we show that by using such a specialised database it is possible
to greatly improve modelling accuracy. In addition we explore the use of membrane

protein-specific substitution tables.

We performed these tests using a re-written version of FREAD, PyFREAD. The
new program runs an order of magnitude faster than the original implementation, due
to improvements to its database architecture and search algorithm. In addition, a

simplified parameter scheme results in slightly higher coverage.

PyFREAD is intended to replace FREAD as the final modelling step in the MEDELLER

140



5.3 Materials and Methods

suite, described in Chapter [4], resulting in higher accuracy models of membrane proteins

and reduced runtimes.

5.3 Materials and Methods

5.3.1 Definition of a loop

In structural terms, a “loop” is typically a stretch of amino acids that has no obvious
secondary structure (i.e. is neither helix nor strand). In a practical loop modelling
situation, the definition is slightly different. Here, “loop modelling” typically fills the
gaps in an existing template-based model. In other words, regions conserved between
the target and template proteins have been modelled, but unconserved regions have not
yet been assigned co-ordinates. Most often, these regions do correspond to a structural
loop, but this need not necessarily be the case.

Thus, a “loop”, for the purposes of this chapter, is simply a stretch of amino acids
of unknown 3D structure, bounded by two “anchor” regions of known structure. Only
the amino acid sequence of the “loop” is known. PyFREAD employs both the anchor

structure and loop sequence to assign 3D co-ordinates to the loop.

5.3.2 PyFREAD
5.3.2.1 Overview of the FREAD algorithm

The FREAD algorithm, which is at the heart of the PyFREAD program, relies upon
a database of known protein structures. The input to the algorithm is the incomplete
model of a target protein, lacking the co-ordinates of a particular query loop. The
loop’s amino acid sequence is known and is provided as a second input. From the
model, the main chain co-ordinates of the N-terminal and C-terminal loop “anchors”
(two residues on each side of the loop) are extracted. The database of known protein

structures is then searched for fragments of the required length with a similar sequence
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and anchor geometry.

The anchor geometry match is performed by superimposing the query and database
anchor co-ordinates and calculating the RMSD for all main chain atoms (N, Ca, C,
0). Here, only loops with an anchor RMSD match below 1A are considered (the least
stringent cut-off employed in the original FREAD program).

The sequence match is made using environment-specific substitution tables. These
tables are slightly different from those discussed in Chapter [3|in that they are based
on different structural environments. The environments used here are six classes of
dihedral (¢ and 1) angles, which are partitions in the Ramachandran plot (Figure [5.1).
Typically, a score cut-off of 25 is used to identify “good” matches (Choi and Deane,
2010)).

Once suitable database loops have been identified, they are inserted into the model
and a clash check is performed. Loops clashing with the model framework are discarded.
This step replaces the Samudrala-Moult pseudo-energy calculation used in the original
FREAD algorithm (Choi and Deanel [2010). It has the advantage of being applicable to
any type of protein, without needing to be trained on a set of known protein structures.

Finally, database loops matching the search criteria (also called “decoys”) are
ranked by their anchor RMSD and returned to the user, along with their 3d co-

ordinates.

5.3.2.2 Why PyFREAD is fast: Database structure and search procedure

The original FREAD program used a database of Ca distances (between anchor residues)
to preselect potentially interesting loops. These loops where then extracted from their
PDB-style structure files and anchor RMSD and sequence score computed. The cut-off
values for Ca distances were determined empirically, with the most recent version using
a fixed cut-off of 0.7A independent of loop length. In addition anchor RMSD cut-offs

were scaled by loop length, with a maximum cut-off of 1A for loops longer than 10
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Figure 5.1: Ramachandran plot showing PyFREAD’s dihedral classes - The X
and Y axes show an amino acid’s dihedral angles (¢ and ). The plot is partitioned into
six classes of dihedral angle combinations numbered from 0 to 5. These “dihedral classes”
form the structural environments used in PyFREAD’s environment-specific substitution
score. The heat map in the background represents the observed frequencies of dihedral
angles in membrane protein loops (as defined by JOY) with warmer colours indicating
higher frequencies. The equivalent plot for soluble protein loops has a virtually identical
shape.
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residues.

The main bottleneck of this implementation was the need to parse a large number
of structure files, in order to compute the RMSD and sequence score of each candidate
loop. The purpose of the Ca distance cut-off was to reduce the number of loops for
which this was necessary. However, a large number of loops (hundreds of thousands)
did meet this distance cut-off criterium while failing to satisfy the RMSD and sequence
score cut-offs.

The PyFREAD database is designed in such a way as to avoid parsing structure
files for all but the most promising database matches, but without sacrificing coverage.
This is achieved by extracting most of the required information from the structure files
and archiving it in a SQL database. Using a single SQL query, database loops can now
be effectively filtered down to that small subset of loops that potentially match the
query criteria.

The information contained in the SQL database includes the loop sequence and di-
hedral angles, allowing PyFREAD to compute the substitution score for each database
loop without touching a single structure file. In addition, the Ca distances between
the anchor residues are extracted.

PyFREAD allows the user to set two cut-off values: the maximum RMSD R,z
(1A by default), and the minimum substitution score Sy, (25 by default). Internally,
additional cut-offs are imposed upon the Ca distances between anchor residues, but
the values of these parameters are automatically determined from the anchor RMSD
cut-off and are invisible to the user.

PyFREAD’s search strategy to identify matching loops is as follows:

1. For each loop length a separate SQL database exists. Only the subset of loops

with the required loop length is considered.

2. For any pair of anchor Ca atoms ¢ and k, where ¢ is part of the N-terminal anchor
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and k is part of the C-terminal anchor, restrict the Euclidean distance d;; to be
within the margin Ad of the values in the query (Figure . The size of the
margin is scaled as: Ad = 3Ryq:. This scaling was determined from randomly
generated sets of 3d co-ordinates (Figure and set to have no impact on the
search results. All decoys rejected in this step would have failed to meet the

RMSD cut-off R4, (in Ca space).

3. Calculate the “internal anchor RMSD”, which is a combined measure calculated
from all the Co distances d;;. defined in the previous step. It is half the root mean
square difference of the d;; values within the query and decoy anchors (red and

yellow dotted lines in Figure :

1
RM S Dinternal = 2\/Averagei,k ([dzk (query) — dik (dGCOy)]2> (51)

where Average; . is the average function over all values of ¢ and k. This “internal”
anchor RMSD has the desirable property of being independent of the orientation
of the two shapes being compared. It thus requires no superposition and is fast to
compute. In addition, it is always less or equal to the optimal anchor RMSD (of
the Ca co-ordinates), see Figure Therefore, applying the same RMSD cut-off
Ry to this parameter results in virtually no loss of coverage, while eliminating

a large number of decoys that would have failed to meet the R4, cut-off.

4. Calculate the substitution score and apply the cut-off Sy,,. Storing the loop
sequence and dihedral angle classes within the SQL database avoids the time-

consuming task of parsing a great number of structure files.

5. Load the 3D co-ordinates of each decoy loop from its corresponding PDB-style

structure file.

6. Insert each loop decoy into the query model by optimally superimposing the
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10.

anchor backbone co-ordinates (N, Ca, C, O). Discard any loops not meeting the

anchor RMSD cut-off R,,q.

Optionally, close the loop to perfectly fit the query anchors, using the Cyclic
Co-ordinate Descent algorithm (Boomsma and Hamelryck, 2005)). This step is

currently disabled by default.

. Perform a soft-sphere clash check and discard clashing loops. By default, an

atom’s soft-sphere radius is set to 70% of its Van-der-Waal’s radius. All heavy
atoms in the input model are taken into account while, for the loop, only backbone
and CfS atoms are used. Anchor residues are excluded from the clash check.
PyFREAD’s clash checking algorithm follows the concept of[Bugalho and Oliveira
(2009) and employs a geometric hash, allowing it to run in essentially constant

time. Clash checking can be disabled by the user, if desired.

. All remaining database loops are sorted by their anchor backbone RMSD and

returned to the user. Loop co-ordinates are written to individual PDB files.

If no database loops were found, the query loop is extended by one residue at each
end and the entire search procedure repeated. This is done up to 3 times, thus
extending the input loop by a maximum of 6 residues. This extension procedure
accounts for the possibility that the input model may have a non-native confor-
mation. Performing the search with “wrong” anchor structures is likely to yield
no database hits. Extending the loop region past these “wrong” anchors and into
more conserved regions is more likely to yield results (provided that loops of the
required length are present in the database). This length extension procedure
does not reduce prediction accuracy, as FREAD’s predictions are independent of

loop length (Choi and Deanel 2010).
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Figure 5.2: Restricting anchor geometry using Ca separations - N1 and N2 are
the Ca atoms of the N-terminal anchor, C1 and C2 are those of the C-terminal anchor of
a loop. Ca separations are shown as red and yellow dotted lines. The margin Ad by which
Ca separations in the decoy (yellow) are allowed to vary from their values in the query
(red) are shown by a black rectangle.
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Figure 5.3: Relationship between Ca distance difference and optimal anchor
RMSD - 10000 sets of eight random points (p1, pa, ..., ps) were generated in a 3D space of
the dimensions ([0,30], [0,30], [0,30]). In each case, the quantity abs(d(p1,p2) — d(ps,ps))
was calculated (X axis), as well as the RMSD between the first four and last four points,
after their optimal superposition (Y axis). Conceptually, the first value is equivalent to the
difference in Ca distance between anchor co-ordinates of two loops, while the latter value
is the optimal Ca RMSD of all anchor residues. The red line has the slope 1/3, showing
that the difference in Ca separation is always < 3 x optimal_anchor_RM SD. Thus, setting
the allowed margin Ad = 3 X R4, will result in no loss of coverage.
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Figure 5.4: Relationship between internal anchor RMSD and optimal anchor
RMSD - 10000 sets of eight random points (p1, pa, ..., ps) were generated in a 3D space
of the dimensions ([0,30], [0,30], [0,30]), as in Figure In each case, the “internal anchor
RMSD” was calculated, as well as the standard “optimal anchor RMSD” between the first
four and last four points, after their optimal superposition (Y axis). The red line has the
slope 1, showing that the internal anchor RMDS is always less than the optimal anchor
RMSD. Thus, using the cut-off R,,q, on the internal anchor RMSD will result in no loss
of coverage.

149



5. PYFREAD: HIGH-SPEED LOOP MODELLING FOR MEMBRANE
PROTEINS

5.3.2.3 Adjusting the substitution score cut-off for short loops

For short loops, it is occasionally the case that even a decoy with identical sequence and
structure does not satisfy the substitution score cut-off. For example, a four-residue
loop consisting only of Alanines (sequence “AAAA”) can achieve a maximal score of
Smaz,query = 4 X 6 = 24. With the default cut-off of 25 it is thus impossible to find any
matching decoys. Loops shorter than 4 residues would almost always suffer from this

problem. To account for such cases, we introduce a simple rule:

Smin = min(susery Smax,query - L) (52)

where S),;, is the cut-off substitution score actually used during the search, Syse, is
the cut-off defined by the user (25 by default), Spaz,query is the maximum achievable
substitution score when the decoy and query have identical sequences, and L is the
loop length (number of residues). For simplicity, Smaz,query is calculated using the TO-
TAL (environment-independent) substitution table (see Section[3.5.2). L is subtracted
from Siaz,query in order to account for small variations in substitution scores between
structural environments.

This rule makes PyFREAD applicable even at small loop lengths, where the original

FREAD program, with default parameters, would always have produced zero coverage.

5.3.3 Benchmark
5.3.3.1 Test sets

This study uses two sets of X-ray structures: one containing only soluble proteins,
another containing only membrane proteins.

An initial list of potential membrane proteins was created by listing the union of
PDB codes contained within the PDB_TM, OPM and CGDB databases and those in

the SCOP category “membrane and cell surface proteins and peptides”. This list was
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then run through the PISCES server (Wang and Dunbrack, 2003), to keep only X-
ray structures with resolution < 3A, R factor < 0.3 and length > 40. The remaining
structures were split into component chains and duplicate chains (with 100% sequence
identity) were removed. Each structure was then run though iMembrane and only those

chains with an iMembrane hit were retained.

Residues annotated by JOY as being anything but helices and sheets were treated
as loop residues. Only loops of length >2 and within the membrane, or close to it, were
considered. Loops close to the membrane were defined as those which start/end within
4 residues of the nearest TM residue. For each loop length, loops were clustered by
sequence identity using UPGMA and made non-redundant at the 40% identity level.
From each cluster, the representative loop with the lowest average B factor was chosen.
For each loop length from 4 to 17, twenty representative loops were randomly chosen
as the test set. Longer loops could not be tested due to the limited number of examples

in the database.

A test set of soluble protein loops was obtained from the FREAD website E Loops
were clustered at the 40% identity level, as above, and 20 representatives chosen for

each loop length from 4 to 17.

Both of the above test sets contain known x-ray structures of proteins, taken from
the PDB. In addition, we created a test set of homology models of membrane proteins,
which is a subset of the MEDELLER. test set explained in Chapter [4. We grouped the
616 pairs of membrane proteins by their target protein. For each target protein we
chose the most sequence-similar template, excluding any template above 90% sequence
identity (to ensure that there were indeed gaps in most of the models). This resulted

in a set of 156 loops from 59 models of varying accuracy.

Thttp://www.stats.ox.ac.uk/ choi/FREAD

151


http://www.stats.ox.ac.uk/~{}choi/FREAD

5. PYFREAD: HIGH-SPEED LOOP MODELLING FOR MEMBRANE
PROTEINS

5.3.3.2 Databases

The “soluble” database was created by filtering the entire PDB using PISCES, to keep
only X-ray structures with resolution < 3A, R factor < 0.3 and length > 40, and making
the resulting list non-redundant at a sequence identity level of 99%. Those chains
originating from a protein complex included in the initial list of potential membrane
proteins (see previous section) were removed from the “soluble” database.

The “membrane” database was created from the same set of iMembrane-annotated
structures as explained in the above section.

The “all” database is the union of the “soluble” and “membrane” databases.

All three databases include entire proteins, not just the loop regions. The first and

last 5 residues in each protein were discarded.

5.3.3.3 Substitution tables

Three substitution table sets were tested: the original substitution tables used by
FREAD, new tables for soluble protein loops and membrane protein loop-specific tables.

The new sets of ESSTs were created from the membrane and soluble datasets de-
scribed in Chapter (3| (Section . One major difference from the tables discussed in
Chapter[3]is that, for these tables, only substitutions between loop residues are counted.
The other main difference lies in the structural environments used to build the tables.
Each environment is defined as one particular combination of dihedral angles (¢ and
), as shown in Figure [5.1]

Before generating the substitution tables, homologous sequences with identity <20%
to their corresponding protein of known structure were discarded, to avoid errors intro-
duced via low quality alignments. In all remaining sequences, only loops with at most
3 gaps were considered when counting substitutions, to further ensure only well-aligned
loops are considered. These parameters were chosen from among a set of similar pa-

rameters based on the following reasoning: The original FREAD tables are built by
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counting substitutions between proteins of known structure. Because of the lack of
known membrane protein structures we adopt a different approach, where we count
substitutions between a single structure and multiple homologous sequences (Section
3.5.2). We thus first determine the parameters needed to minimise the difference be-
tween our new tables and the original FREAD tables by building several versions of
the soluble tables. These are then compared to the original FREAD tables and the one
with the smallest difference retained. The same set of parameters is then used to build

equivalent tables for membrane proteins.

5.4 Results

5.4.1 Database choice matters

PyFREAD was run on the two test sets (soluble proteins and membrane proteins),
using the three types of databases (soluble only, membrane only, or the union of the
two). The original FREAD substitution tables were used in this test. The results are
shown in Figures and

In general, we found that using the ’correct’ database, corresponding to the test set,
resulted in the highest accuracy and coverage, around 1A RMSD at about 60-80% cov-
erage. Attempting to predict membrane protein loops using a soluble protein database
resulted in a rapidly declining coverage, at higher loop lengths, and overall poor accu-
racy. The reverse scenario, predicting soluble loops with a membrane database, yielded
almost zero coverage. Using a union of the soluble and membrane databases (the “all”
database) generally resulted in slightly higher coverage and lower accuracy compared
to the ’'correct’ database for each test set.

There thus appears to be a clear difference between the structures of loops in mem-
brane and soluble proteins and one should therefore use membrane protein fragments

to predict membrane protein loops.
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Soluble test set: global loop RMSD
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Figure 5.5: Influence of database choice on (a) accuracy and (b) coverage in
soluble proteins - A membrane protein database is not useful in predicting soluble protein
loops as it results in almost zero coverage.
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Membrane test set: global loop RMSD
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Figure 5.6: Influence of database choice on (a) accuracy and (b) coverage in
membrane proteins - At high loop lengths, use of a soluble protein database results in
low coverage. Use of a membrane protein database results in much higher coverage and
better accuracy. A union of the two databases achieves slightly higher coverage at a loss
of accuracy.
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5.4.2 Choice of substitution table type makes little difference

Next, we assess the importance of substitution tables by testing the predictive power
using the default ESSTs used in the original FREAD program, a new set of ESST's
created from soluble protein loops and a new set of ESSTs built from membrane protein
loops. The structural environments are identical for each set of tables. In this test, only
the ’correct’ database was used for each test set (i.e. membrane database for membrane
test set). The results of the test are shown in Figures and

In general, the choice of substitution tables had little influence on the results. Minor
variations could be observed, usually due to one or two decoys being included or ex-
cluded by one of the ESSTs. The main overall trend was that the newly created tables
resulted in slightly lower overall RMSDs, compared to the default FREAD tables. This
may be due to table smoothing procedure that forcibly introduces symmetry to each
substitution table.

Only very small differences between the results given by the membrane and soluble
tables are observed. Overall, loop residues in membrane and soluble proteins seem to
have similar substitution patterns. This is not entirely unexpected, considering the
current choice of structural environments. In Chapter |3 we observed no obvious differ-
ence between the “coil” environments in membrane and soluble proteins. Differences
only started to become visible when considering each residue’s proximity to the polar
head groups of the membrane lipids.

With the current scoring scheme, it makes little difference which of the new sets of
ESSTs is used. We therefore chose the soluble ESSTs as the new default for PyFREAD.

In subsequent tests, only this one set of tables was used.

5.4.3 Prediction on models of membrane proteins

The previous tests were performed on X-ray structures. While the loop structures

were unknown, the anchor structures were known to be correct. In a real modelling
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Soluble test set: global loop RMSD
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Figure 5.7: Influence of ESST choice on (a) accuracy and (b) coverage in soluble
proteins - Overall, few differences are observed when changing the ESSTs used for decoy
scoring. Most differences result from addition or removal of a single loop from the result
set. The main trend is that the old FREAD tables (“def”) tend to produce slightly worse
accuracy, even in cases where coverage is equal or higher than for the other ESSTs. For
length 16, only the new soluble tables (“sol”) successfully exclude one very low-accuracy
decoy.
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Figure 5.8: Influence of ESST choice on (a) accuracy and (b) coverage in
membrane proteins - On the membrane protein test set, the choice of ESSTs makes
little difference. The largest change in accuracy is observed at length 13, resulting from a
single decoy being excluded by the new soluble ESSTs (“sol”).
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situation the anchor structures are non-native, making it harder to correctly predict
the loop’s structure. The loop structure’s global RMSD directly depends on the anchor
structure’s global RMSD (Figure [5.9).
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Figure 5.9: Relationship between core model RMSD and loop RMSD - Loop
prediction accuracy depends on the accuracy of the loop anchors.

The model test set consists of 156 loops taken from 59 homology models of varying
accuracy.

In Chapter [ FREAD was used to build the loops on MEDELLER'’s “core” models to
produce the “high accuracy” models. Here the same step is performed, while replacing
FREAD with PyFREAD. We can thus directly compare the accuracy achieved by
FREAD in the earlier study to that achieved by PyFREAD here. In addition, we built
Modeller models and compared the accuracy of the corresponding loop co-ordinates.
All models were superimposed onto the target’s native x-ray structure using only those
atoms present in MEDELLER’s “core” model. Then the global RMSD was calculated
for the loop co-ordinates without re-superimposing them.

Figure [5.10] shows a summary of the test results. All methods created with soluble

proteins in mind (Modeller, FREAD and soluble PyFREAD) achieved average global
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RMSDs above 6A. FREAD and Soluble PyFREAD have a coverage of 74/156 and
79/156 — Modeller always gives complete coverage due to being an ab initio method.

Membrane PyFREAD achieves an average accuracy of about 3A at a coverage
of 102/156. With the “all” database, PyFREAD’s accuracy is reduced to 4.4A but
coverage is raised to 123/156. See Figure ?? for a plot of Membrane PyFREAD’s
accuracy against that of Modeller.

Conceptually FREAD’s database is more similar to PyFREAD’s “all” database,
which includes both soluble and membrane proteins. However, in this comparison,
PyFREAD clearly outperforms FREAD, both in terms of accuracy and coverage. This
is probably due to the higher number of membrane proteins in the PyFREAD database.
In addition, the fixed anchor RMSD cut-off (1A, independent of loop length) may also
increase coverage relative to FREAD, where anchor RMSD cut-offs become stricter at

lower loop lengths.

Mod | FREAD | PyF sol | PyF all | PyF mem

Avgerage RMSD 6.65A 6.34A 6.55A 4.43A 2.93A
Loops predicted 156 74 79 123 102
Wins/Losses vs Modeller - 40/34 41/38 87/36 89/13
Wins/Losses vs FREAD | 34/40 - 27/21 47/22 44/12

Figure 5.10: Accuracy and coverage on homology models - Several loop mod-
elling tools were run on 156 loops from 59 homology models of varying accuracy built with
MEDELLER. The average backbone RMSD for the core models used as input to the var-
ious loop modelling methods was 2.2A. Abbreviations: Mod=Modeller, PyF=PyFREAD,
sol=soluble protein database, mem=membrane protein database, all=union of soluble and
membrane databases.

5.4.4 Applicability of the FREAD approach to membrane proteins

In order to verify the validity of PyFREAD’s modelling approach, we considered the
relationship between accuracy and the similarity of the target protein and the protein
providing the loop decoy (Figure|5.12)). As previously shown by Choi and Deane| (2010)

for soluble proteins, there is no obvious correlation between the local similarity of the

160



5.4 Results

16

° L
14 .. .
12 ¢
o 1 z. °
e ® 0
§ 10 Py e ®
< .o. '.
g s . .
< o oo o
-
§ °TY % oer® * '
.“o \.. o
4 .‘ ‘. ..
° oo °p ®
.
2 3.:i
Qoo o
0
0 2 4 6 8 10 12 14 16

Membrane PyFREAD RMSD

Figure 5.11: Membrane PyFREAD’s accuracy versus Modeller’s accuracy -
Membrane PyFREAD consistently achieves lower RMSDs than Modeller.

loop structure and the global similarity between the two proteins.

However, in the case of PyFREAD on membrane proteins, Figure does show
that a large amount of loop decoys originate from highly sequence-similar proteins.
We thus re-computed the benchmark results while excluding all hits to proteins with
over 90% sequence similarity. The average accuracy remained similar (3.56A average
RMSD), but the coverage was reduced to 42/156. This reflects the fact that the cur-
rently known membrane protein structures are largely clustered into dense groups that
are highly similar within-cluster but very different across-cluster. In other words, the
effective number of currently known membrane protein folds is low and only covers
small discrete parts of the available fold space. Until the number of known membrane
protein folds increases, it may thus be hard to predict loops of newly discovered families

of membrane proteins with the methodology presented here.

When the FREAD algorithm was first invented (Deane and Blundell, 2001), the
situation was similar with regards to soluble proteins. Coverage was low, making it

necessary to combine FREAD with ab initio loop modelling methods. Ten years later,
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FREAD was shown to be the most accurate loop modelling method available (Choi
and Deane| 2010). The results presented here suggest that the same may happen with

regards to the prediction of membrane protein loops.

10

) [ ]
.
8 6 7e d o:
: -
2 . ° L4 N oo..o
o 4 2 ° ° L ]
- X ° 2 o
° . :. .o'
* . °®
2 S
° ) e ° o o °
°
° L4 i
°
0
0 20 40 60 80 100

PyFREAD database protein %ID

Figure 5.12: Relationship between local and global structural similarity - PyF-
READ loop RMSD (membrane database) is plotted against the percentage sequence iden-
tity between the target protein and the protein from which the decoy loop was taken.
There is no obvious correlation between the two metrics. However, it is obvious that many
of the loops predicted by PyFREAD originate from highly similar proteins to the target.

5.5 Speed

PyFREAD’s current implementation takes about 10 seconds to model a single soluble
loop (by searching the soluble database) and 1 second for a membrane loop (by searching
the membrane database). If no database hit is found, the loop region is extended and
the search repeated up to 3 times, resulting in a maximal runtime of 40 and 4 seconds,
respectively. This is an order of magnitude faster than the original implementation of

FREAD and many orders of magnitude faster than the most accurate ab initio methods.
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5.6 Conclusions

We have developed PyFREAD, a fast and accurate method for loop prediction, founded
upon the principles of the FREAD fragment database search algorithm. We used the
PyFREAD program to predict loops in soluble proteins and membrane proteins. Our
results showed that, to achieve good accuracies, the type of proteins included in the
fragment database should match the type of protein being modelled. The choice of
substitution tables (built either from soluble or membrane proteins), on the other hand,
had little effect, given the current structural environment definitions.

PyFREAD achieves better accuracies on membrane protein loops than any of the
other methods tested.

Modelling accuracy is especially important in the loop regions of membrane proteins,
which are hardest to model, even when the target and template are closely related. As
a part of the MEDELLER modelling pipeline, PyFREAD will permit more accurate
models of membrane proteins to be built.

As only a small number of membrane protein structures are known the applicability
of the approach may still be limited. This is likely to change over the next few years,

as the number of membrane protein structures increases.

5.7 What’s next

The results presented in this chapter suggest that membrane protein loops differ in
structure from soluble protein loops. Being able to characterise this difference would
enable us to predict loops from a soluble protein database and filter the results in order
to exclude loops that do not resemble a typical membrane protein loop. If successful,
this would increase our method’s applicability to membrane proteins and circumvent
the coverage problem.

Like all loop modelling methods, PyFREAD’s accuracy is dependent on the anchor
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structures of the framework model. In membrane proteins, even the most conserved
part of the target protein often contains small structural variations, compared to the
template. In helical membrane proteins these variations appear in the form of helix
kinks and twists. In the MEDELLER approach, this causes errors in the core model
resulting in poor anchor orientation and wrongly oriented loops. Detecting such er-
rors and correcting them in a membrane protein-specific model refinement step should

further improve the overall quality of MEDELLER models.

164



Chapter 6

Conclusions and Future

Directions

We have created a toolkit that accurately models the structure of the transmembrane

domains of proteins.

6.1 iMembrane: Inserting proteins into a lipid bilayer

iMembrane is a fast, accurate way to obtain a membrane protein’s orientation within
the lipid bilayer. It provides simple “membrane layer” annotation as well as more
detailed “membrane contact” annotation on a per-residue basis. By combining these
two types of information with classical surface accessibility annotation one can build
a complete picture of a membrane protein’s orientation in the membrane. iMembrane
has an intuitive user interface and is freely available onlindﬂ to academic users. This
work has been published in the journal Bioinformatics (Kelm et al., 2009)).

If a structure is known, the iMembrane database (iMemDB) can be searched for a

similarly shaped membrane protein using structure alignment tools. The query protein

'iMembrane web server: http://imembrane.info
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is then annotated in terms of its membrane insertion based on the database protein’s

known annotation.

If no structure is known, iMemDB can instead be searched using sequence in order
to find a suitable homologous protein for use as a modelling template. Currently this
step is performed using a PSI-BLAST search and/or pairwise sequence alignment with
MUSCLE, a method which uses no structural information. In [Hill et al. (2011]) we
have demonstrated that markedly higher alignment accuracies can be achieved when
using a sequence-to-structure alignment method utilising membrane protein-specific
information. Integrating such a method into iMembrane would make it a suitable tool

for template identification and target-template alignment.

Currently, iMembrane operates on a single-chain basis. Each database entry consists
of a single protein chain and the database search is performed with a single input chain.
In order to annotate whole complexes of membrane proteins it may be worth exploring
the use of complex-to-complex alignment methods (such as, for example, MM-align
(Mukherjee and Zhang, 2009)). Annotation of the whole complex may also involve a
consensus method that uses the annotation of each individual chain to infer a more

general annotation of the entire complex.

In addition to improving the search algorithms used by iMembrane, the database
itself could be made browsable via a user-friendly web interface or as a downloadable

archive to increase further its usefulness to the scientific community.

6.2 Environment-specific substitution tables of membrane

proteins

Based on the structural environments defined by iMembrane, we have built environment-

specific substitution tables (ESSTs) for membrane proteins. This was done using our
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software JSUBST, which is freely available onlinﬂ We have shown that substitution
patterns differ between membrane and non-membrane environments. In addition, we
have confirmed that substitutions in soluble portions of membrane proteins resemble
those in soluble proteins.

We have developed a method for comparing structural environments to one another
through the comparison of substitution tables. This procedure is entirely automatable
and could be used to make decisions about which combination of environments to use
when creating substitution tables for a particular set of proteins.

In collaboration with Jamie R. Hill we have applied our new substitution tables
to sequence-to-structure alignment of membrane proteins and have demonstrated in-
creased accuracy compared to the traditional soluble protein tables. These better
alignments directly translate into 3D models of higher accuracy. This work has been
published in the ISMB 2011 conference proceedings (Hill et al., 2011)).

The studies presented in this thesis have yielded a very clear separation of mem-
brane and non-membrane environments when clustering structural environments by
their substitution patterns, something not always observed by Hill et al., due to the
simpler membrane model used there. It may thus be possible to obtain a further in-
crease in alignment accuracy by taking into account this information. In addition,
further improvements may be achieved through an iterative approach to the creation

of substitution tables, as shown in Figure [6.1

6.3 MEDELLER: co-ordinate generation for membrane

proteins

Our template-based co-ordinate generation method MEDELLER, builds highly reli-

able core models of transmembrane domains. This is achieved through the use of the

! JSUBST and substitution table download: http://www.stats.ox.ac.uk/proteins/resources
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Figure 6.1: Iterative table building procedure - The input to the procedure is
a dataset containing protein structures, each associated with a number of homologous
sequences. We also have a pre-existing set of ESSTs. These ESSTs are used to align each
set of homologous sequences to their corresponding structure. From the resulting set of
multiple alignments, new ESSTs are built. These can now be used to create new multiple
alignments, etc. The procedure would end when the ESSTs no longer change from one
iteration to the next.
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membrane protein-specific information from our iMembrane annotation, in order to
choose the correct ESST to score each residue in an input alignment. This score in-
forms a rule-based algorithm that grows the model’s “core” from the centre of the
membrane outwards, towards the less reliable loop regions of the template structure.
Residues with a low score are deemed unreliable and are discarded. Missing segments
are then modelled using the FREAD database search algorithm. MEDELLER shows a
clear improvement in accuracy over the popular program Modeller. The user-friendly
MEDELLER web serverll] is freely accessible to academic users. This work has been
published in the journal Bioinformatics (Kelm et al., 2010).

As MEDELLER was built before our detailed study of ESSTs, the first step in im-
proving MEDELLER should be to replace the original substitution tables with equiv-
alent newer ones. This should result in slightly more consistent scoring of rare substi-
tutions.

The other improvement to MEDELLER is the replacement of the FREAD loop
modelling program by our new implementation, PYFREAD. As described in Chapter
loop models should initially be selected from membrane structures but, due to limited
coverage, it may be useful to also add the option of searching a database of soluble
protein loops.

Currently, MEDELLER does not employ any model refinement. Developing a func-
tion that could deal with the local differences between template and target, such as
helix kinks and twists, would result in better core models. Since loop modelling accu-
racy directly depends on the accuracy of the anchor structures, this would translate
into better loop models.

Another possible extension to MEDELLER would be the support of multi-chain
modelling. Protein function happens at the complex level — individual chains might

not even be stable in the membrane. Obtaining whole complex models would enable

'MEDELLER web server: |http://medeller.info
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functional and interaction studies that would not be feasible with single chain models.
A straight forward way to implement this would be to use a whole protein complex
as a modelling template. This is already possible with MEDELLER’s current imple-
mentation. However, this approach is not applicable when the complex structure of
a homologous protein is not available. In this case, the integration of various types
of experimental information as well as ab initio prediction methods may be required
to infer the structure of the macromolecular assembly (Alber et al., 2007). This is a
complex and compute-intensive process.

Currently, MEDELLER only models transmembrane domains. However, its ap-
proach is readily applicable to any type of protein or domain. Making the program
applicable to other types of proteins would increase its usefulness to the scientific com-
munity. More specifically, it would allow the modelling of soluble domains of membrane
proteins, or separate protein chains associated with membrane proteins, an essential

requirement when aiming to model entire membrane protein complexes.

6.4 PyFREAD: high-speed loop modelling for membrane

and soluble proteins

PyFREAD is our new and improved implementation of the FREAD loop modelling
algorithm. Using PyFREAD, we have shown that membrane protein loops are not
easy to predict when using a database of only soluble proteins and attempts to do so
result in low accuracies and declining coverage at increasing loop lengths. Conversely,
predicting soluble protein loops with a membrane protein database results in near-zero
coverage. However, when using the “correct” database (i.e. a database of membrane
proteins when modelling membrane protein loops), accuracies of about 1A global RMSD

can be achieved, on native anchor structures.

We further tested our approach by running it on a set of homology models of
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varying accuracy and comparing it to prediction using a soluble database, to the old
implementation of FREAD and to Modeller. Membrane PyFREAD was the most
accurate method.

The major drawback of our approach is its reliance on a database of membrane
proteins. Due to the low number of currently known membrane protein structures, a
relatively low coverage (about 45%) is achieved as soon as highly homologous proteins
(to the query) are excluded from the database. Accuracy stays high, indicating that
our approach is valid. However, the reduction in coverage means that modelling loops
on a protein of previously unknown fold is likely to fail, simply because no usable loops
are yet present in the database. The same problem was encountered when FREAD was
first written for soluble proteins, in 2001. It is likely that this issue will resolve itself
within the next decade as the number of known membrane protein structures increases.

The obvious inability of one type of protein loop to replace the other indicates a
difference in the typical structures of soluble and membrane protein loops. Character-
ising this difference may enable us to mitigate the coverage problem by filtering the
soluble database to leave only those loops that “look like” a typical membrane protein

loop.

6.5 Final words

We have developed a suite of tools to build accurate 3D models of transmembrane
domains. All our software was developed to be fast, easy to use and more accurate
than previously available methods. All the above tools are, or will shortly be, available
online and some already enjoy an active and growing user base (iMembrane has had
users from 39 countries world wide and over 60 visits within the single month of May

2011).
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Chapter 7

Appendix

7.1

MUSCLE

Overview of the MUSCLE algorithm:

1. Draft progressive alignment

(a) Calculate the distance between all input sequences using a fast heuristic

distance measure, D¢y, based on k-mers (a.k.a. words) appearing in both

sequences. This produces distance matrix D1.

Dimer =1 — F (7.1)
where
F =) dxy(T)/[min(Ly, Ly) — k + 1] (7.2)
T
dxy (T) = minng(T), ny(T)] (7.3)

T is a k-mer (a sub-sequence of length k); X and Y are the two sequences
being compared; n,(7") is the number of times that the k-mer 7" was found
in sequence X; L, is the length of sequence X. dxy is the maximum number
of times that the k-mer T could potentially be aligned in the two sequences.
A decrease in time and space complexity can be obtained by using a binary

measure for of whether a k-mer appears in both sequences, instead of using
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an integer count. In this case,

dxy(T) =1 (7.4)
if T appears in both sequences X and Y'; otherwise

dxy(T)=0 (7.5)

(b) Cluster D1 using UPGMA (Sneath and Sokal, [1973) to produce binary tree
TREEL.

(¢) Perform a progressive alignment using TREE1 as the guide tree, producing

multiple alignment MSAT.
2. Improved progressive alignment

(a) Calculate the distance between all sequences using their Kimura distances
as calculated from the current MSA (in the first iteration, this is MSAL).
The Kimura distance D g imurq is based on percentage sequence identity, but
includes a correction for the possibility of multiple substitutions at the same

site. This produces distance matrix D2.
DKimura = _loge(lDD2/5) (76)

(b) Cluster D2 using UPGMA to produce binary tree TREE2.

(¢) Perform a new progressive alignment using TREE2 as the guide tree, pro-

ducing multiple alignment MSA?2.
(d) Iterate until TREE2 no longer changes.

3. Refinement

(a) Choose a single edge from TREE2. Edges are chosen starting from the leaves

and moving towards the root.

(b) Choose a single edge from TREE2. Edges are chosen starting from the leaves

and moving towards the root.

(c) Delete the edge, thus dividing the tree into two sub-trees. Calculate the

sequence profile representing each sub-tree.
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(d) Re-align the two profiles, producing a new complete MSA.

(e) Calculate the sum of pairs (SP) score for the new MSA. If the score is higher

than the one for the previous MSA, accept the change, otherwise reject it.

(f) Iterate until convergence or until a user-defined number of iterations. This
method is a variant of tree-dependent restricted partitioning (Hirosawa et al.l

1995).

7.2 JOY

Full list of annotation types created by JOY:
e secondary structure and phi angle
e solvent accessibility
e hydrogen bond to mainchain CO
e hydrogen bond to mainchain NH
e hydrogen bond to other sidechain/heterogen
e cis-peptide bond
e hydrogen bond to heterogen
e covalent bond to heterogen
e disulphide
e mainchain to mainchain hydrogen bonds (amide)
e Mainchain to mainchain hydrogen bonds (carbonyl)
e DSSP
e positive phi angle
e percentage accessibility

e Ooi number
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7.3 1iMembrane

See Figure [7.1] for iMembrane’s Q2 accuracy plots.

A Q2; Sequence; Contact B Q2; Structure; Contact
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Figure 7.1: iMembrane Q2 accuracy - The X-axis shows the percentage sequence iden-
tity between the input and database proteins, as calculated from their structure alignment.
The Y-axis shows the Q2 accuracy, i.e. the percentage of residues annotated correctly by
iMembrane as either “N” or anything else (“H” and “T” are treated as being equivalent
for the purpose of this test). A+B: Membrane contact annotation; C+D: Membrane
layer annotation; A+4C: Sequence input; B4D: Structure input. This figure is the Q2

equivalent to Figure

7.4 MEDELLER

7.4.1 Target-template pairs

The format is TARGET_TEMPLATE, where TARGET is the target protein’s PDB
code followed by the chain code (twice), and TEMPLATE is the template protein’s
PDB code, followed by its CGDB simulation number, the chain identifier and a number

distinguishing between duplicate chains in the same CGDB simulation (i.e. if the
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protein is part of a homo-oligomer).

7.4.1.1 Easy test set

1AOSPP_1A0TOP1
1AOSPP_1A0TOQ1
1AOSPP_1AO0TOR1
1AF6AA_2MPROA1
1AF6AA_2MPROB1
1AF6AA_2MPROC1
1AIGLL_1EYSOL1
1AIGLL_10GV6L1
1AR1BB_1QLEOB1
1AR1BB_2GSMOB1
1BE3CC_1BGYOC1
1BE3CC_1BGY001
1BE3CC_1EZVOC1
1BE3GG_1BGYOG1
1BE3GG_1BGYOS1
1BE3JJ_1BGY0J1
1BE3JJ_1BGYOV1
1DXRLL_1EYSOL1
1DXRLL_10GV6L1
1DXRMM_1EYSOM1
1EYSLL_10GV6L1
1EZVCC_1BGYOC1
1EZVCC_1BGYO001
1H6S11_1PRNOA1
1HXXAA_2J1NOA1
1HXXAA_2J1NOB1
1HXXAA_2J1NOC1
1HXXAA_20MFOA3
1TJDAA_1NKZOC3
1IJDBB_1NKZO0OB3
1TJDBB_1NKZ0OD2
1J4NAA_1YMGOA1

1J4NAA_3D9S0A1
1J4NAA_3D9SOB1
1J4NAA_3D9S0C1
1J4NAA_3D9S0D1
1KPLBB_1KPLOA1
1KPLBB_10TSOA1
1KPLBB_10TSOB1
1LGHBB_1LGHOE2
1M56AA_10CCOA1
1M56AA_10CCON1
1M56AA_1QLEOA1
1IM56AA_2GSMOA1
1M56BB_1QLEOB1
1M56BB_2GSMOB1
1M56CC_10CCOC1
1M56CC_10CCOP1
1IM56CC_1QLEOC1
1INEKCC_1NENOC2
1NKZAA_1NKZOC3
1NKZAA_1NKZOE1
1NKZBB_1NKZ0D3
10CCAA_10CCON1
10CCAA_1QLEOA1
10CCAA_2GSMOA1
10CCBB_10CC001
10CCCC_10CCOoP1
10CCCC_1QLEOC1
10GVMM_1EYSOM1
1PY6AA_1C3WOA1
1PY6AA_1VGOOA1
1PY6AA_2ET40A1
1QFGAA_2FCPOA1

7.4.1.2 Medium test set

1AOSPP_2MPROA1
1A0SPP_2MPROC1
1AF6AA_1A0TOP1

1AF6AA_1AO0TOR1
1AIGLL_1EYSOM1
1AR1BB_10CCOB1
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1QLECC_10CC0OC1
1QLECC_10CCOP1
1U19AA_3CAPOA1
1VF5DD_1VF50Q1
1WP1BB_1WP10A1
1XL6AA_1XL40B1
1XMEAA_1EHKOA1
1YCEaa_1YCEOA1
1YCEaa_1YCEOB1
1YCEaa_1YCEOC1
1YCEaa_1YCEOD1
1YCEaa_1YCEOQE1
1YCEaa_1YCEOF1
1YCEaa_1YCEOG1
1YCEaa_1YCEOH1
1YCEaa_1YCEOI1
1YCEaa_1YCE0J1
1YCEaa_1YCEOK1
1YEWAA_1YEWOE1
1YEWAA_1YEWOI1
1YEWBB_1YEWOF1
1YEWBB_1YEW0J1
1YEWCC_1YEWOG1
1YEWCC_1YEWOK1
1YQ3DD_1Z0YOD1
2B6PAA_1J4NOA1
2B6PAA_1YMGOA1
2B6PAA_3D9S0A1
2B6PAA_3D9S0B1
2B6PAA_3D9S0C1
2B6PAA_3D9S0D1
2BHWAA_1RWTOA1

1AR1BB_10CC001
1BE3JJ_1EZVOI2
1DXRLL_1EYSOM1

2BHWAA_1RWTOB1
2BHWAA_1RWTOC1
2E74AA_1VF50A1
2E74AA_1VF50N1
2E74BB_1VF50B1
2E74BB_1VF5001
2E74CC_1VF50C1
2E74CC_1VF50P1
2ET4AA_1C3WOA1
2ET4AA_1VGOOA1
2EVUAA_2F2B0A1
2FBWCC_1Z0YO0C1
2GSKAA_1NQEOA1
2GUFAA_1NQEOA1
2HYDAA_2HYDOB1
2IXXAA_2J1NOA1
2IXXAA_2J1NOB1
2IXXAA_2J1NOC1
2IXXAA_20MFOA2
2JAFAA_1E126A1
2NQ2AA_2NQ20B1
2VT4BB_2VT40A1
3CX5DD_1BGYOD1
3CX5DD_1BGYOP1
3CX5DD_1EZVOD1
3CX5II_1EZVOI1
3D31CC_3D310D1
3D9SAA_1J4NOA3
3D9SAA_1YMGOA1
3D9SAA_3D9SOB1
3D9SAA_3D9S0C1
3D9SAA_3D9S0D1

1DXRMM_10GVOL1
1EYSLL_1EYSOM1
1EYSMM_1EYSOL1
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1EYSMM_10GV1L1
1FX8AA_1J4N0OA4
1FX8AA_1YMGOA2
1FX8AA_17Z980A3
1FX8AA_2F2B0A3
1FX8AA_3C020A4
1FX8AA_3D9S0A1
1FX8AA_3D9S0B1
1FX8AA_3D9S0C1
1FX8AA_3D9S0D1
1H2SAA_1C3WOA1
1H2SAA_1E121A1
1H2SAA_1VGOOA1
1H2SAA_2ET40A1
1H6S11_2P0OROA3
1TJDAA_1LGHOA1
1TJDAA_1LGHOD4
1TJDAA_1NKZOA1
1TJDAA_1NKZOE1
1TJDBB_1LGHOB2
1TJDBB_1LGHOE2
1J4NAA_1FX80A4
1J4NAA_17987A1
1J4NAA_2F2BOA1
1LGHBB_1NKZOB3
1LGHBB_1NKZO0OD3

1M56BB_10CCOB1
1M56BB_10CC001
1M56DD_1QLEOD1
1NKZAA_1LGHOD4
1NKZBB_1LGHOB1
1NKZBB_1NKZOF3
10CCBB_1QLEOB1
10CCBB_2GSMOB1
10GVMM_1EYSOL1
10GVMM_10GV1L1
1PY6AA_1E121A1
1PY6AA_1H2S0A1
1SU4AA_1XP50A1
1077AA_2B2F0A2
1XTOAA_1C3WOA1
1XTOAA_1E122A1
1XTOAA_1H2SO0A1
1XTOAA_1VGOOA1
1XTOAA_2EI40A1
1YCOAA_1WP10A2
1Z98AA_1FX80A4
1Z98AA_1J4NOA3
1Z98AA_1YMGOA2
1Z98AA_2F2B0OA1
1Z98AA_3D9S0A1
1Z98AA_3D9SOB1

7.4.1.3 Hard test set

1AOSPP_2MPROB1
1AF6AA_1A0TOQ1
1BE3GG_1EZVOG1
1DXRMM_1EYSOL1
1EZVEE_1VF50D1
1EZVEE_1VF50Q1
1FEPAA_1KMOOA1
1FEPAA_1NQEOA1
1FEPAA_1XKWOA1
1FEPAA_2FCPOA1
1H6S11_2FGQOX3
1H6S11_20MFO0A2
1HXXAA_1PRNOA1
1HXXAA_2FGQOX1

1HXXAA_2POROA3
1TIJDAA_1EHKOC1
1TJDBB_1EHKOC1
1J4NAA_3C020A2
1KMOAA_1NQEOA1
1KMOAA_1XKWOA1
1KMOAA_2FCPOA1
1IM56AA_1EHKOA1
1M56DD_1NKZOF2
1INEKCC_1NEKOD1
1NEKCC_1NENOD1
1INEKCC_1Z0YO0C1
1INKZAA_1LGHOA2
1NKZBB_1VF50F1
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1Z98AA_3D9S0C1
1Z98AA_3D9S0D1
2B6PAA_1FX80A3
2B6PAA_17Z980A4
2B6PAA_2F2B0OA1
2ET4AA_1E121A1
2ET4AA_1H2SOA1
2EVUAA_1FX80A4
2EVUAA_1J4NOA3
2EVUAA_1YMGOA2
2EVUAA_1Z982A4
2EVUAA_3C020A2
2EVUAA_3D9S0A1
2EVUAA_3D9S0B1
2EVUAA_3D9S0C1
2EVUAA_3D9S0D1
2HDIAA_1NQEOA1
2JAFAA_1C3WOA1
2JAFAA_1H2S0A1
2JAFAA_1VGOOA1
2JAFAA_2ET40A1
2NROAA_2IC80A1
209DBB_1FX80A3
209DBB_1J4N0OA3
209DBB_1YMGOA2
209DBB_1Z982A4

1NKZBB_1VF50S1
10CCAA_1EHKOA1
1QFGAA_1KMOOA1
1QFGAA_1NQEOA1
1QFGAA_1XKWOA1
1QLEDD_1NKZ0D3
1T16AA_3BS00A1
1TQQAA_1WP10A2
1U19AA_2VT40A1
1U19AA_27730A1
1U77AA_3BOWOA1L
1VF5DD_1EZVOE2
1XKWAA_1KMOOA1
1XKWAA_1NQEOA1

209DBB_2F2B0A4
209DBB_3C020A2
209DBB_3D9S0A1
209DBB_3D9S0B1
209DBB_3D950C1
209DBB_3D9350D1
20DJBB_2QTKOA1
2PORAA_1PRNOA1
2Q0KSAA_1XL40B1
3C02AA_1FX80A4
3C02AA_1J4NOA3
3CO02AA_1YMGOA2
3C02AA_2F2B0A3
3C02AA_3D9S0A1
3C02AA_3D9S0B1
3C02AA_3D9S0C1
3C02AA_3D9S0D1
3CX5II_1BGYOV1
3D9SAA_1FX80A3
3DOSAA_17983A1
3D9SAA_2F2B0OA1
3D9SAA_3C020A2
3DDLAA_1VGOOA1
3DDLAA_2ET40A1
3DWOXX_1T160A1

1XKWAA_2FCPOA1
1XMEAA_10CCOA1
1XMEAA_10CCON1
1XMEAA_1QLEOA1
1XMEAA_2GSMOA1
1YQ3DD_1NENOD1
1Z98AA_3C020A2
1Z0YCC_1NEKOC1
1Z0YCC_1NENOC3
1Z0YDD_1NENOD1
2AHYAA_1K4COC1
2AXTaa_1EYSOL1
2AXTaa_1EYSOM1
2AXTaa_10GV6L1
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2AXTdd_1EYSOL1
2AXTdd_1EYSOM1
2AXTdd_10GVeL1
2B2FAA_3BOWOA1
2B6PAA_3C020A2
2E74GG_1VF50R1
2FBWCC_1NEKOC1
2FBWCC_1NENOC3
2GSKAA_1KMOOA1
2GSKAA_1XKWOA1
2GSKAA_2FCPOA1
2GUFAA_1KMOOA1

2GUFAA_1XKWOA1
2GUFAA_2FCPOA1
2HDIAA_1KMOOA1
2HDTAA_1XKWOA1
2HDIAA_2FCPOA1
2TAHAA_1KMOOA1
2TAHAA_1NQEOA1
2TAHAA_2FCPOA1
2IXXAA_2FGQOX1
2PORAA_2FGQOX2
2PORAA_20MFOA1
2R6GGG_3D310C1

7.4.1.4 Hardest test set

1AOSPP_1PRNOA1
1AOSPP_2FGQOX3
1AOSPP_2IWVOA1
1AOSPP_2J1NOA1
1AOSPP_2J1NOB1
1AOSPP_2J1NOC1
1AOSPP_204VOA1
1AOSPP_204VOB1
1A0SPP_204V0C1
1AOSPP_20MFOA1
1AOSPP_2P0OROA3
1AOSPP_2(QTKOA1
1AF6AA_1PRNOA1
1AF6AA_2FGQOX3
1AF6AA_2J1NOA1
1AF6AA_2J1NOB1
1AF6AA_2J1NOC1
1AF6AA_204VOA1
1AF6AA_204VOB1
1AF6AA_204V0C1
1AF6AA_20MFOA1
1AF6AA_2POROA3
1AF6AA_2QTKOA1
1AQBAA_1P4TOA1
1AQBAA_1THQ8A1
1BE3JJ_1LGHOB2
1BE3JJ_1LGHOE4
1BE3JJ_1NKZ0C1

1BE3JJ_1NKZOE1
1BE3JJ_1QLEOD1
1H2SAA_2VT40A1
1H65S11_1QD60C1
1H6S11_1QD60D1
1H6S11_2IWVOA1
1H6S11_2J1NOA1
1H6S11_2J1NOB1
1H6S11_2J1NOC1
1HXXAA_1AO0TOP1
1HXXAA_1A0TOQ1
1HXXAA_1AO0TOR1
1HXXAA_1QD50A1
1HXXAA_1QD60C1
1HXXAA_1QD60D1
1HXXAA_2IWVOA1
1HXXAA_2MPROA1
1HXXAA_2MPROB1
1HXXAA_2MPROC1
1HXXAA_204VOA1
1HXXAA_204VOB1
1HXXAA_2QTKOA1
1TJDAA_1LGHOB1
1TJDAA_1LGHOE4
1TJDAA_1NKZOB1
1TJDAA_1NKZOD3
1TIJDAA_1NKZOF2
1TJDAA_1VF50E1
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2R6GGG_3D310D1
2RH1AA_1U190A1
2RH1AA_27Z730A1
2RH1AA_3CAPOA1
2VT4BB_1U190A1
2VT4BB_2Z730A1
2VT4BB_3CAPOA1
3BOWAA_2B2F0A2
3BSOAA_1T160A1
3C02AA_17Z980A3
3CSLAA_1KMOOA1
3CSLAA_1NQEOA1

1TJDAA_1VF50F1
1TJDAA_1VF50R1
1TJDAA_1VF50S1
1TJDBB_1NKZOF1
1IJDBB_1QLEOD1
1TJDBB_1VF50E1
1TJDBB_1VF50F1
1TJDBB_1VF50R1
1TJDBB_1VF50S51
1IJDBB_1VF50T1
1TJDBB_1VF50U1
1JBOJJ_1EHKOC1
1JBOJJ_1LGHOB1
1JB0JJ_10CCOM1
1JB0JJ_10CC0Z1
1JBOJJ_1VF50E1
1JBOJJ_1VF50F1
1JBOJJ_1VF50R1
1JBOJJ_1VF50S81
1LOLKK_1LGHOB4
1LOLKK_1LGHOE4
1LOLKK_1NKZOF2
1LOLKK_10CCOX1
1LGHBB_1EHKOC1
1LGHBB_1NKZOF1
1LGHBB_10CC0J1
1LGHBB_10CCOW1
1LGHBB_1QLEOD1

3CSLAA_1XKWOA1
3CSLAA_2FCPOA1
3CX5II_1BGY0J1
3DDLAA_1C3WOA1
3DDLAA_1E127A1
3DDLAA_1H2S0A1
3DWOXX_3BS00A1
3EMLAA_1U190A1
3EMLAA_2Z730A1
3EMLAA_3CAPOA1

1LGHBB_1VF50E1
1LGHBB_1VF50F1
1LGHBB_1VF50R1
1LGHBB_1VF50S1
1IM56CC_1YEWOC1
1M56DD_1EHKOC1
1M56DD_1LGHOB1
1M56DD_1LGHOE4
1M56DD_1NKZ0B2
1M56DD_1NKZ0D3
1M56DD_1VF50E1
1M56DD_1VF50F1
1M56DD_1VF50R1
1M56DD_1VF50S1
1INEKCC_1Z0YOD1
1NKZAA_1LGHOB1
1INKZAA_1LGHOE2
1NKZAA_1NKZOB1
1NKZAA_1NKZOD3
1INKZAA_1NKZOF2
1NKZAA_10CCOX1
1INKZAA_1VF50S51
1NKZBB_1EHKOC1
1NKZBB_1LGHOE4
1NKZBB_1NKZO0A2
1NKZBB_1QLEOD1
1NKZBB_1VF50E1
1NKZBB_1VF50R1
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10CCBB_1EHKOB1
10CCCC_1YEWOC1
1PY6AA_2VT40A1
1QLEDD_1EHKOC1
1QLEDD_1LGHOB1
1QLEDD_1LGHOE2
1QLEDD_1NKZ0B2
1QLEDD_1NKZOF2
1QLEDD_1VF50E1
1QLEDD_1VF50F1
1QLEDD_1VF50R1
1QLEDD_1VF50S1
1T16AA_2FGQOX1
1T16AA_20MFOA1
1T16AA_2POROA1
1U19AA_1E127A1
1U19AA_1VGOOA1
1U19AA_2ET40A1
1U2MBB_1YCEOA1
1U2MBB_1YCEOB1
1U2MBB_1YCEOC1
1U2MBB_1YCEOD1
1U2MBB_1YCEOE1
1U2MBB_1YCEOF1
1U2MBB_1YCEOH1
1U2MBB_1YCEOI1
1U2MCC_1K4C0C2
1XTIOAA_2VT40A1
1YCEaa_1H2S0B1
1YCEaa_1K4C0C1
1YQ3DD_1NEKOD1
1Z0YCC_1NENOD1
1Z0YCC_1Z0YOD1
1Z0YDD_1NEKOD1
2E74GG_1EHKOC1
2E74GG_1LGHOB1
2E74GG_1LGHOE4
2E74GG_1NKZ0B1
2E74GG_1NKZ0D3
2E74GG_1NKZOF1

2E74GG_1VF50F1
2E74GG_1VF50S1
2E74GG_1VF50U1
2ET4AA_2VT40A1
2ET4AA_3CAPOA1
2FBWCC_1Z0YOD1
2GSKAA_1AQTOP1
2GSKAA_1A0TOQ1
2GSKAA_1AOTOR1
2GSKAA_2MPROA1
2GSKAA_2MPROB1
2GSKAA_2MPROC1
2GUFAA_1AOTOP1
2GUFAA_1A0TOQ1
2GUFAA_1AOTOR1
2GUFAA_2MPROA1
2GUFAA_2MPROB1
2GUFAA_2MPROC1
2GUFAA_2QTKOA1
2HDTAA_1AOQTOP1
2HDTAA_1A0TOQ1
2HDIAA_1AOTOR1
2HDTAA_2MPROA1
2HDIAA_2MPROB1
2HDTIAA_2MPROC1
2IWVAA_1PRNOA1
2IWVAA_1QD50A1
2IWVAA_1QD60C1
2IWVAA_1QD60D1
2IWVAA_1UYNOX1
2IWVAA_20MFOA3
2IWVAA_2Q0OMOB1
2IXXAA_1AO0TOP1
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7.4 MEDELLER

7.4.2 Main chain bumps

The number of main chain bumps for each model was computed using the program

WHATCHECK (Hooft et al.l [1996)). See Figures and

—template — medeller modeller
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0
2 20 200

Number of bumps

Number of occurrences

Figure 7.2: Distribution of main chain bumps for the template as well as the
MEDELLER and Modeller models - The X axis is shown in logarithmic scale.

7.4.3 Transmembrane geometry

7.4.3.1 Transmembrane “shift”

Transmembrane shift was assessed by annotating the models with iMembrane, using
the native target structure as the template. A window around the TM region was
defined by selecting consecutive alignment columns marked as being in the membrane
“tail” layer in the native structure. The window was further enlarged, until all adjacent
residues were included, where the model’s iMembrane annotation placed them in the
membrane “tail” region. The “shift” is defined as the number of columns in the window

where the annotation for native and model differs. See Figures and
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Figure 7.3: Number of main chain bumps for Modeller versus MEDELLER

complete models.
clarity.
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- One datapoint was cut off when scaling the figure, for increased
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Figure 7.4: Distribution of transmembrane shift (as number of residues) for
Modeller and MEDELLER. - The dataset has been divided into alpha-helical (a) and

beta-barrel (b) prote

ns
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Figure 7.5: Comparison of transmembrane shift (as number of residues) be-
tween Modeller and MEDELLER. - The dataset has been divided into alpha-helical
(a) and beta-barrel (b) proteins. Two datapoints (with Modeller shift ; 20 residues) were
cut off during scaling of this figure, for better visualisation.

7.4.3.2 Transmembrane “relative tilt angle”

The (relative) transmembrane tilt angle was calculated by aligning the native and
model structures and calculating the angle between the helix (or beta sheet) axis and
the membrane normal, in both the model and the native structure. The difference of

the two values is defined as the relative tilt angle. See Figures and

7.4.3.3 Transmembrane “relative rotation angle”

The (relative) transmembrane rotation angle was calculated by first aligning the native
and model structures. The helix (or beta sheet) axis was calculated. Then the C-alpha
atom of the middle residue of the TM region was defined as point P. Let vP be the
vector that is (a) perpendicular to the helix axis and (b) goes through point P. We
superimposed the helix axes, effectively setting the tilt angle to 0 degrees. The relative

rotation angle is now defined as the angle between the vectors vP of the native and

model structure. See Figures [7.8 and
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proteins.
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Figure 7.8: Distribution of transmembrane rotation angles for Modeller and
MEDELLER. - The dataset has been divided into alpha-helical (a) and beta-barrel (b)
proteins.
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Figure 7.9: Comparison of transmembrane tilt angles between Modeller and
MEDELLER. - The dataset has been divided into alpha-helical (a) and beta-barrel (b)
proteins.

185



7. APPENDIX

7.4.4 Comparison when modelling using multiple templates

See Figures [7.10] [7.11] and [7.12]

Core HiAcc
MEDELLERModeller Difference MEDELLER Modeller Difference
Cov CC bckb TSc bckb TSc bckb TSc |Cov cc bckb TSc bckb TSc bckb TSc
% % rmsd gdt rmsd gdt rmsd gdt |% % rmsd gdt  rmsd gdt rmsd gdt
all 92.52 96.77 3.24 0.75 3.32 0.72 -0.07 0.03 93.02 97.28 3.24 0.76 3.33 0.73 -0.09 0.03
HiCov Complete
MEDELLERModeller Difference MEDELLER Modeller Difference
Cov CC bckb TSc bckb TSc bckb TSc |Cov cc bckb TSc bckb TSc bckb TSc
% % rmsd gdt rmsd gdt rmsd gdt % % rmsd gdt rmsd gdt rmsd gdt
all 95.56 100.00 3.57 0.76 3.48 0.74 0.09 0.02 100.00 100.00 5.03 0.76 4.65 0.75 0.39 0.01

Figure 7.10: Modelling accuracy when modelling from more than one template
- Comparison of modelling accuracy for MEDELLER and Modeller across test sets and
model types. Modeller’s top decoy was selected using Modeller’s DOPE score. All models
were based on a multiple structure alignment, between the target and all templates, using
Multiprot. Abbreviations: Cov, fraction of the target covered by a particular model;
CC, “core coverage”, i.e. the fraction of the target covered by the model when ignoring
terminal gaps and gaps longer than 26 residues (which cannot be closed with FREAD loop
modelling); bckb, backbone RMSD; TSc, GDT_TS normalised by CC.

7.4.5 Example model

Figures and relate to the example model of human adenosine A2A receptor
(PDB code “3EML”, chain A) mentioned in Section
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Figure 7.11: Distribution of modelling accuracy, when modelling from mul-
tiple templates - Backbone RMSD to the native structure achieved by MEDELLER’s
high-accuracy (MED HiAcc) and complete (MED Compl) models and the corresponding
coordinates in the Modeller model (MOD HiAcc, MOD Compl). MEDELLER’s accuracy
distribution peaks in the 0-1A range for both the high-accuracy models and the complete
models. In comparison, Modeller’s equivalent co-ordinates have a 0-1A / 2-3A dual peak
(high-accuracy models) and a 1-2A peak (complete models). Both methods’ accuracy
distributions have long tails, which are not shown in this figure.
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Target Multi-template Single-template (structure alignment)
#tem best %id worst %id avg %id Best %id |Average Best Worst
MED MOD MED MOD |MED MOD MED MOD |MED MOD
1YEWA 2 100.00 100.00 100.00 0.11 1.21 011 1.48 0.11 2.14) 0.11 1.48 0.11 2.80
1YEWB 2 100.00 100.00 100.00 0.09 219 0.08 1.77| 0.08 1.47| 0.08 1.18 0.09 1.77
1BE3C 3 100.00 4665 8222 0.32 0.53| 0.32 0.53 0.51 0.63| 0.30 0.45 0.92 0.91
2EVUA 10  100.00 2519 3526 0.27 0.44| 0.27 0.38 1.22 1.23| 0.27 0.38/ 1.50 1.49
3D9SA 9 99.19 2119 5499 0.60 0.59 0.50 0.54/ 1.13 1.13| 0.41 043| 1.77 1.79
2JAFA 6 98.35 8.71 36.85 0.56 0.56/ 0.56 0.58 1.82 1.85| 0.56 0.58/ 4.86 5.09
2VT4B 10 98.19 364 1783 1.93 202 1.24 1.35 3.06 3.23] 1.24 1.35 4.01 4.34
2EI4A 6 97.90 491 3666 0.75 0.68 0.75 0.72 1.90 1.82| 0.75 0.72] 4.22 3.93
1YEWC 2 95.77 8290 89.34 0.07 3.21] 0.49 3.36 0.70 2.23| 0.49 1.10] 0.91 3.36
1PY6A 6 93.86 539 4436 0.73 0.62| 0.63 0.71| 1.41 1.41| 0.63 0.71) 3.93 3.88
2E74C 2 92.44 89.73 91.09 1.35 239 1.36 3.02 1.36 2.66| 1.36 2.31| 1.37 3.02
2B6PA 10 89.27 19.93 41.19 0.26 1.13) 0.26 0.59] 1.19 1.22| 0.26 0.59] 1.61 1.59
1U19A 6 85.27 575 2265 280 272 168 1.68 2.87 2.82) 1.68 1.68 3.86 3.77
3CX5D 3 83.07 4961 6129 0.27 2.88 0.17 0.57| 0.93 1.90| 0.17 0.57| 1.32 2.62
1BE3G 3 82.56 1313 59.35 0.41 7.68 0.14 0.91) 0.50 3.01| 0.14 0.91| 0.93 6.57
2E74A 2 82.03 81.02 8153 2.58 2.85 0.50 0.45 0.51 0.48| 0.50 0.45| 0.53 0.52
2BHWA 3 81.06 6752 7342 0.35 0.64/ 1.02 1.10 1.04 1.38/ 0.40 1.10, 1.69 1.89
1VE5D 2 77.40 1514  46.27 2.96 3.71] 0.32 237 1.29 2.84| 0.32 2.37| 2.27 3.30
2E74B 2 62.73 5714 59.94 4.16 3.31) 0.82 5.68 0.86 5.08/ 0.82 4.48 0.89 5.68
10GVM 3 57.01 2401 3547 1.04 1.22/ 0.68 0.67| 1.06 1.37| 0.68 0.67| 1.29 2.12
1EZVC 2 49.87 4884 4936 1.15 0.90 0.94 0.93 0.94 0.94| 0.94 0.93| 0.95 0.96
1J4NA 9 4427 1993 3566 1.57 1.70/ 1.07 1.07| 1.62 1.59 1.07 1.07| 2.07 2.07
12982 9 35.77 17.78 2752 5.36 5.000 1.95 1.83 1.53 1.48| 1.18 1.24| 1.95 1.83
1U77A 2 33.50 16.34 2492 3.16 248 169 1.67 1.89 1.88 1.69 1.67 210 2.09
1FX8A 9 32.56 2191 2479 564 2,57 1.38 147/ 1.61 1.66| 1.38 142 1.84 1.87
209DB 10 31.91 2200 2887 4.82 1.60| 1.63 1.57 1.61 1.59] 1.26 1.20| 1.81 1.81
3C02A 9 31.66 1791 2251 3.89 1.82) 1.27 140 1.61 1.62] 1.27 1.33] 2.09 2.14
1XIOA 6 30.25 6.62 2346 278 1.87| 1.53 1.60, 2.03 2.05/ 1.27 1.36| 4.81 4.40
1H2SA 5 29.11 6.14 23.06 1.48 1.33) 1.08 1.09 1.75 1.77| 0.92 0.94| 4.05 4.13
3DDLA 9 20.74 464 1261 4.92 3.95 2.32 2.33 2.74 2.67| 1.90 1.81| 411 3.77
1EZVE 2 16.51 1279 1465 6.08 598 1.41 1.87 1.11 1.13] 0.81 0.39] 1.41 1.87
2R6GG 2 14.33 1433 1433 6.78 757 2.65 3.11 2.59 292/ 2.54 273 2.65 3.11
1LOLK 4 6.67 3.12 445 344 3.30, 1.85 1.85 1.62 2.27| 1.10 1.85 1.97 3.26
1U2MB 8 448 222 3.33 2357 16.35 2.42 3.81) 2.43 3.04| 2.21 1.98| 3.04 4.04
1AQBA 2 4.11 3.60 3.86 17.23 19.06| 2.93 3.08 2.85 2.77| 2.77 2.46| 2.93 3.08
Average 3.24 3.320 1.09 1.63 1.47 1.98| 096 1.31] 2.17 2.88

Figure 7.12: Comparing multiple and single template modelling accuracy for
MEDELLER and Modeller - All models are “core” models. All accuracy values are in
A backbone RMSD. The method with the better accuracy, i.e. lower RMSD (by a margin
of more than 0.05A), is formatted in bold green font for MEDELLER and bold red font
for Modeller.
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Figure 7.13: Predicted loop structures - MEDELLER (yellow) and Modeller (cyan)
models aligned to the native x-ray structure (red).

Figure 7.14: Failure to model a helix kink - MEDELLER (yellow) and Modeller
(cyan) models aligned to the native x-ray structure (red).
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