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Abstract

The problem of structure determination of membrane proteins is addressed with a new combination of
site-directed spin labelling (SDSL) electron paramagnetic resonance (EPR) spectroscopy and structure
modelling of a protein and its conformational spaces. This new approach is aimed at structural
characterization of membrane proteins and intrinsically disordered proteins.

In the first part of the thesis the advanced analysis of EPR spectra based on spectral simulations and
condensation of multiple solutions was enhanced facilitating its application for protein structure
characterization. In the second part a novel approach was developed to simulate the free rotational space of
a spin label attached to a protein, taking into account the restricting effect of the protein backbone, amino
acid side chains and lipid environment in case of membrane proteins. In the third part this simulations were
coupled with protein backbone modelling and an optimization algorithm to optimize the secondary
structure of the protein as well as the parameters of relative position and orientation in a protein-lipid or
protein-protein systems. The outcome of the optimization is a family of best-fit structures used for
characterization of the global conformation of a protein. Finally, the method was applied to study the
structure of the membrane-embedded major coat protein of bacteriophage M13 as well as the intrinsically
disordered Nty protein in Nta -XD protein complex of the measles virus.

Thus, the present method represents a challenging starting point for the development of an alternative
powerful methodology for the structure characterization of proteins, particularly intrinsically disordered or
membrane proteins as the combination of EPR and structural modelling provides a valuable complement to
the time and spatial windows of the conventional techniques used in protein structure determination.



VI

Povzetek

Disertacija se z novo kombinacijo metod mestno specificnega oznacevanja (SDSL), elektronske
paramagnetne resonance (EPR) in modeliranja strukture proteina ter njegovih konformacijskih prostorov
loteva problema doloCevanja struktur proteinov. Nov pristop je namenjen predvsem strukturni
karakterizaciji membranskih in intrinzi¢no neurejenih proteinov. V prvem delu disertacije so predstavljene
izboljSave analize EPR spektrov s pomocjo GHOST kondenzacije, ki naredijo metodo primernejSo za
strukturno karakterizacijo proteinov. V drugem delu je predstavljen nov pristop za simulacijo prostih
rotacijskih prostorov spinskega oznacevalca, kovalentno pritrjenega na protein, in izratun omejitev
rotacijskih prostorov zaradi proteinske hrbtenice, stranskih skupin sosednjih aminokislinskih ostankov in (v
primeru membranskih proteinov) tudi lipidov. V tretjem delu so simulacije rotacijskih prostorov
uporabljene za optimizacijo sekundarne proteinske strukture in relativne orientacije proteinov v sistemih
protein-protein ali protein-lipidi. Naloga optimizacije je poiskati ¢im boljsi priblizek lokalnim restrikcijam,
dobljenih iz GHOST kondenzacije eksperimentalnih EPR spektrov. Rezultat optimizacije je druzina
struktur z najboljSim ujemanjem z eksperimentalnimi podatki, ki nam opisuje globalne konformacije
proteina. Na koncu smo novo metodo preizkusili za karakterizacijo strukture dveh proteinskih sistemov.
Prvi je glavni protein virusne kapside bakteriofaga M13, vstavljen v membrano, drugi sistem pa je
intrinzicno neurejen NTAIL protein v NTAIL-XD proteinskem kompleksu virusa oSpic. S tem smo
predstavili dobro izhodisce za razvoj alternativne metode za strukturno karakterizacijo proteinov, predvsem
membranskih in intrinzi¢no neurejenih, ki jo nam podaja kombinacija EPR in strukturnega modeliranja na
casovni skali, ki je nedosegljiva ustaljenim metodam za dolo€evanje struktur proteinov.
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1 Introduction

Proteins are the key molecules in cells of living organisms, including human beings. The knowledge about
protein structure and function provides important insights and practical applications in medicine, agriculture,
nutrition, and industry [100]. And what is more, our ultimate concern in proteins is with the wonder of life
itself. All constructed out of amino acids, the proteins are very diverse in their structure and function. A class
of proteins called membrane proteins is one of the most challenging fields of structural biology and structural
proteomics [96,187]. Although one third of all proteins are membrane proteins, less than 1% of the known
protein structures correspond to membrane proteins [201], pointing out to the difficulties with membrane
proteins structure determination by the existing methods. The later are also less successful in structure
determination of the so-called intrinsically disordered or intrinsically unstructured proteins (IDP) [42].
Difficulties in the application of standard high-resolution methods for determination of three-dimensional
structure of these classes of proteins, X-ray crystallography and nuclear magnetic resonance (NMR)
spectroscopy, therefore, stimulate the development of alternative approaches. One of such techniques is site-
directed spin labelling (SDSL) electron paramagnetic resonance (EPR). This technique provides both a
structural and dynamical characterization of the local conformations or a membrane protein in its native
environment, and therefore evolves into a very useful method for the structure analysis of membrane proteins
[8,46,63,171,172].

1.1 Proteins

Interestingly, the whole wealth and diversity of proteins and protein functions (see Figure 1) is related to their
enormously diverse 3D structures which primary originates in a series of 20 different basic amino acids,
sequentially linked into one-dimensional biopolymer. Particular combination of amino acids and the specific
environment govern the folding of the primary protein sequence into an astonishing 3D structure. Thus,
special structural organization with specific dynamical properties define the functionally of the proteins.

Growth control
Control of growth and cell differentiation uses proteins called

Eyes
Proteins immediate cell responses. Rhodopsin

is a protein in the eye which is used for vision hormones
Enzymes
Hair and nails Enzymes facilitate biochemical reactions.
A protein called alpha-keratin forms Enzymes in saliva, stomach, and small
hair and fingernails, and also it is the| Structure Dynamlcs intestine are proteins that help to digest
major component of feathers, wool, food: lactase breaks down the sugar
claws, scales, horns, hooves lactose found in milk. Pepsin is a digestive
enzyme breaks down proteins in food.
Mechanical support

Skin, bone, tendons and Blood
ligaments contain collagen  Structure Protein Catalysis The hemoglobin protein carries
and elastin protein providing . oxygen in the blood to every part of
support in tissues function the body

Movement Transport

Muscles

Muscles proteins called actin and
myosin enable all muscular movement
from blinking to breathing to cycling

Cellular construction workers

Huge clusters of proteins form molecular
machines that do the cells’ heavy work, such
as copying genes during cell division and
making new proteins

Regulation  Signalling

Antibodies

Antibodies are the proteins that help defend your body
against foreign invaders, such as bacteria and viruses

Cellular messengers
Receptor proteins stud the outside of the cells and transmit
signals to partner proteins on the inside of the cells.

Brain and nerves
lon channel proteins control brain signalling by
allowing small molecules into and out of nerve cells

Storage
Iron is stored in the liver as a complex with the protein ferritin

Figure 1: Multitude of protein functions in the living organism.



2 Introduction

Proteins with their structural and functional variety could be compared in a way to a wealthy human
language with its diverse vocabulary, and the set of amino acids to the letters of alphabet. The words of
language dialects are unique due to unique environment: physical location, professional sphere, or social
class. The proteins are also unique due to unique environment. And as the language can be rich to express
human thoughts and ideas in our society, similarly the created nature is rich and diverse when expressing
with the help of proteins the whole multitude of biological functionality in cells of living organisms.
Nevertheless, when the structure and the function of proteins are affected it causes human diseases [90].
Actually, due to their functional importance proteins are the main targets for the majority of modern drugs,
as it has evolved in our world to be the most popular way to cope with diseases.

1.1.1 Protein structure and dynamics

Mainly the primary sequence of a protein eventually defines its 3D structure. Ordering of the amino acid
chain into a particular pattern (a-helices, B-strands forming B-sheets, and turns can be found on protein in
Figure 2A) is referred to the secondary structure. Complete folding of the secondary structure into the
three-dimensional order is then called the tertiary structure. And, finally, several folded proteins organized
into a functional protein complex form the quaternary structure (see Figure 2A).

A Antiparallel  Colagen
Parallel  psheets triple helix  Right-twisted
Psheets Bsheets
180
Left-handed
a-helix
& Right-handed
= a-helix
>
20
! - 80 : L ; o0 180
¢ (degrees)
Secondary structure  Tertiary structure Quaternary structure

Polypeptide chain
Primary structure

m Leu Gly

Sequence of amino acids

Protein complex

Figure 2: Protein structure. A. The structure of zebrafish liver bile acid-binding protein rich in B-sheets, also
having two short a-helices and several turns (loops) [25]. B. Parameterization of the secondary structure of the
protein with Ramachandran plot, the distribution of ¢ and y backbone dihedral angles. Black areas indicate the
allowed combinations of @ and y dihedral angles. Secondary structure motifs, o-helix and B-sheets as well as
turns are marked with orange lines and yellow arrows respectively. For turns one of two consequent residues has
to be glycine (this smallest amino acid may have combinations of ¢ and ¥ in the regions forbidden for other
amino acids). C. The levels of protein structure: the primary structure consists of a sequence of amino acids
linked together by peptide bonds. The resulting polypeptide can be coiled into units of the secondary structure,
such as an o-helix. The helix is a part of the tertiary structure of the folded polypeptide, which is itself one of the
subunits that make up the quaternary structure of the multisubunit protein complex. The monomer representing
the tertiary structure organization is a light-harvesting complex II [164]. 3D structures for (A) and (C) were
obtained with ArgusLab 4.0 molecular modelling software [183].
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In proteins, the amino acids are covalently linked in linear sequences, peptide chains, via peptide bonds,
in which the carboxyl group of one amino acid is joined with the amino group of another amino acid. The
peptide unit is rigid and planar; however, the bonds at the end of the peptide unit are free to rotate. This
allows polypeptide chains to form a wide range of three-dimensional protein structure [2]. The bond angles
arising from rotations at the C, atom are identified as ¢ and i rotations. Allowed values for these angles
are graphically represented on a Ramachandran plot [146,147], which also identifies regions of different
motifs of the secondary structure, e.g. a-helix and B-sheets (see Figure 2B). The backbone of the protein
(the regular repeating main chain) formed out of amino acid bases is more rigid than the protein side chain,
which is made of amino acid residues. Due to single bonds free rotation within the side chain, each amino
acid is described by a set of possible side chain rotamers.

Interestingly, interactions that control secondary, tertiary and quaternary structure are much weaker than
the covalent bond. Secondary structure motifs, a-helix and B-sheets, are entirely governed by hydrogen
interaction. In case of transmembrane proteins secondary structure is stabilized additionally by hydrophobic
interaction and van der Waals interactions imposed by membrane lipids. Different turns appear in protein
structure due to main chain flexibility and the lack of secondary structure stabilizing interactions. Hydrogen
bonding, hydrophobic forces, electrostatic forces and van der Waals forces are the weak interactions that
cooperatively govern protein folding and stabilize the tertiary and the quaternary structures.

In order to unravel the functionality of the protein, the information about protein tree-dimensional
structure has to be combined with the information about protein dynamics [58,66]. Protein dynamics
includes both equilibrium fluctuations and non-equilibrium effects such as structural transitions. It is
thought that exactly the fluctuations observed at equilibrium seem to govern biological function in
processes both near and far from equilibrium [66].

Proteins function-dynamics is rooted in the multi-dimensional energy landscape (Figure 3A) that
defines the relative probabilities (thermodynamics) of the conformational states and the energy barriers
between them (kinetics). Protein dynamics is characterized by timescale and the amplitude of the
fluctuations (as suggested by energy landscape) as well as by the directionality of the fluctuations. It should
be noted, that particular energy landscape is very much tied to an individual set of external parameters:
temperature, pressure and solvent (environment) conditions. Thus variation of these conditions changes the
relative populations of the protein conformational states and the kinetics of conversion between them.

A w B Local flexibility Collective motions
Bond Methyl Loop Larger domain
vibration rotation maotion motions
> B - B S EE—

Side-chain rotamers
B —]

TierQ pst_o ms fs Ds ns s ms s

&)

3; .
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g < R

- X-ray diffraction ,

E Hydrogen-deuterium
exchange

Tier1 Fluorescence

Tier2 Ultraviolet and visible spectroscopy

Raman spectroscopy

Infrared spectroscopy

Conformational coordinate Molecular-dynamics simulations

Figure 3: Timescale of protein motions. A. One-dimensional cross-section through the high-dimensional energy
landscape of a protein showing the hierarchy of protein dynamics and the energy barriers. Each tier is classified
following the description introduced by Frauenfelder and co-workers [6]. A state is defined as a minimum in the
energy surface, whereas a transition state is the maximum between the wells. The populations of the tier-0 states
A and B (pa, pp) are defined in accordance with Boltzmann distributions based on their difference in free energy
(4Gap). The barrier between these states (4G*) determines the rate of interconversion (k). Lower tiers describe
faster fluctuations between a large number of closely related substrates within each tier-0 state. A change in the
system will alter the energy landscape (e.g. from dark blue to light blue, or vice versa). For example, ligand
binding, protein mutation and changes in external conditions shift the equilibrium between states. B. Comparison
of the timescale of dynamic processes in proteins and the time windows of various experimental methods.
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Dynamics in proteins at physiological temperatures is divided into three regimes (Figure 3A). The
slowest, above-microsecond time-scale corresponds to the transitions between kinetically distinct states
separated by energy barriers of several kT (the product of the Boltzmann constant and the absolute
temperature). Typically, these are larger-amplitude collective motions between relatively small numbers of
states. The probability of transitions between tier-0 states is very low. Many biological processes including
enzyme catalysis, signal transduction and protein-protein interactions occur on this timescale. Faster
picosecond-to-nanosecond timescale dynamics (tier-1 and tier-2) in contrast correspond to the fluctuations
in a large ensemble of structurally similar states that are separated by energy barriers of less than .7,
resulting in more-local, small-amplitude fluctuations at physiological temperature (Figure 3).

Although there are many experimental methods (Figure 3B) to study proteins dynamics at different time
scales, different methods are often combined. Computational methods (molecular dynamics simulations)
are currently more applicable to study the fast dynamics, although a large variety of approaches that
simplify the force fields help to extend the simulation trajectory lengths and allow studying slower time
scales processes [66].

1.1.2 Membrane proteins

A membrane protein is a protein molecule that is attached to, or associated with one of the cell membranes.
The later define the periphery of the cell, separating its content from the surrounding. Membranes are
composed of lipids and protein molecules that form a thin hydrophobic barrier around the cell.
Carbohydrates are also present as part of glycoproteins and glycolipids. Transport proteins in the plasma
membrane allow the passage of certain ions and molecules; receptor proteins transmit signals into the cell
by triggering the signaling cascades; and membrane enzymes participate in various reaction pathways.
Because the individual lipids and membrane proteins are not covalently linked, the entire structure is
remarkably flexible, allowing changes in the shape and size of the cell [100].

Complex structure of the biological membrane was initially described by the fluid mosaic model of
Singer and Nicholson [43,159]. In this model the fatty alkyl chains in the interior of the membrane form a
fluid hydrophobic region. Integral proteins float in lipids, held by hydrophobic interactions with their
nonpolar amino acid side chains (see Figure 4). Both proteins and lipids are free to move laterally (at the
rates about 1-2 micrometer per second [143]) in the plane of the bilayer, but movement of either from one
face of the bilayer to the other is restricted. The refinements of the fluid mosaic model were suggested,
based on the results of experimental and theoretical studies [196]. A concept of ‘hydrophobic matching’
[74,88,89,127] suggests that proteins and lipids need to ‘adjust’ to each other (Figure 4).

L Tilting of the protein

o« D &

4 1) G4y lipids cholesterol
{ |\ { J(J ﬂ?@ %

i’:.“ ( protein ﬁarbohydrates
i Tl

Compression

1Extension

> <«

Figure 4: Biological membrane and membrane proteins. A. The fluid mosaic model of the cell membrane.
Because component lipids and proteins are not naturally matched in this membrane, they must strain (expend
energy) to match each other hydrophobically, resulting in a high-energy membrane. Compensatory
conformational changes include lipid alkyl chain extension and transmembrane helix tilting when lipids surround
a protein with a long transmembrane region, and lipid alkyl chain compression when lipids surround a protein
with a short transmembrane domain.

Small proteins of one or few a-helical chains are likely to accommodate the bilayer thickness by helix
tilting, however, larger proteins or less flexible proteins induce changes in bilayer thickness. More
advanced but still discussed picture of the fluid mosaic model contained patches of lipids, the composition
of which differed from the average for the bilayer [43]. This lipid domains, ‘rafts’, emerging and dissolving
[143] are thought to have crucial biological function [61,75]. In a shell model [5] the lipids form a shell
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(annulus) around the protein. Annular lipids are stably associated with proteins, though individual lipid
molecules remain in the annular shell around a protein for only a short period of time [75,98]. EPR
[116,117,119,120], NMR [53,199] and optical spectroscopy have been used to studying annular lipids and
protein-lipid interactions. To conclude, the new models view the membrane as a complex, highly
cooperative and heterogeneous system, which displays dynamic and structural properties on many length-
and time scales [196]. It is also clear that that there are strong interactions between lipids and proteins in
the membrane [143]. Thus, when modelling membrane protein structural restrictions, the effect of lipids in
the transmembrane regions is very significant.

Membrane proteins constitute by weight up to 80% of the biological membranes. Their common
property is that part of their structure is buried in a lipid bilayer [187]. The position of membrane proteins
in the membrane depends on the polarity of the amino acid residues. Membrane proteins can pass through a
membrane (integral or transmembrane proteins), or lie on top of a bilayer (peripheral or surface membrane
proteins). Most simple transmembrane proteins (like the major coat protein of M13 introduced in section
3.4) consist of a single chain (usually a-helical), which spans across the membrane. The larger proteins
consist of multiple segments. These are usually the chains of a-helices or strands of B-barrels connected
with the loops.

The topology of an integral membrane protein can be partially predicted from its primary sequence. If
the later is longer than 20 hydrophobic amino acids, such a part of protein will traverse the lipid bilayer. A
protein chain surrounded by lipids lacks hydrogen-bonds which are otherwise formed with water
molecules. Consequently, it tends to form o-helices and -sheets, where intra-chain hydrogen bonding
minimizes the chain free energy. If the side chains of all amino acids in a helix are nonpolar, hydrophobic
interactions with the surrounding lipids further stabilize the helix [100]. Polar amino acids (lysine, arginine,
glutamate, and asparagate) are found exclusively in the aqueous phases, which can, however, be found also
on the polar side of the amphiphatic transmembrane helices that form a pore. The side chains of tyrosine
and tryptophan are often presented in the interface between lipids and water [36], able to interact both with
the lipids and with water, and serving as membrane interface anchors.

Protein-lipid interactions are expected to play a prominent role in the membrane structure [35]. Not only
do integral proteins perturb the lipids, but the physical state of the lipids does also actively influence
protein function [76]. Membranes are very dynamic structures with constant movements of lipids in the
bilayer, both in the transverse direction across bilayer and the lateral direction in the plane of this two-
dimensional matrix. The movements in the lateral direction give rise to the fluid nature of the membrane
and enable interactions among proteins and between proteins and lipids [107]. It is though that lipid
dynamics profoundly influence the function of membrane proteins, not least in dynamically differentiated
and spatially separated in-plane membrane domains [117]. On the other hand, there is evidence for
stabilizing lipid-protein interactions. Several hydrogen bonds and/or ion—pair interactions stabilize head
group binding, whereas hydrophobic lipid side chains fit tightly into hydrophobic grooves at the protein
surface and are stabilized by multiple nonpolar, van der Waals interactions with amino acid residues [136].

1.1.3 Intrinsically unstructured proteins

Intrinsically disordered proteins (IDPs) are functional proteins that do not fold into well-defined, unique
three-dimensional structures under physiological conditions [40,42,50,186,192]. IDPs show an extremely
wide diversity in their structural properties. Indeed they can attain extended conformations (random-coil-
like) or remain globally collapsed (molten-globule-like), where the latter possess regions of fluctuating
secondary structure [128]. Although there are IDPs that carry out their function while remaining
permanently disordered, many of them undergo induced folding, i.e. a disorder-to-order transition upon
binding to their physiological partners [12,126] (see Figure 5). The functional role of intrinsically
disordered proteins in crucial areas, such as transcriptional regulation, translation and cellular signal
transduction, has only recently been recognized [42]. Many of the disordered regions and most if not all of
the completely disordered proteins are involved in cell signalling or regulation. Qualitatively, it seems
reasonable that highly flexible proteins would provide a better basis for responding to changes in the
environment than rigid ones. [41] It can be additionally expected that the structural transition in case of
IDPs are much faster than for other proteins since the interactions in the protein under physiological
conditions are usually not strong enough to stabilize its structure without strong constraint of the partner
proteins.
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Figure 5: Schematic illustration of folding of IDP upon binding. The phosphorylated kinase-inducible domain
(pKID) of the transcription factor cyclic-AMP-response-element-binding protein (CREB) is unstructured when it

is free in solution but it folds on forming a complex with the KID-binding (KIX) domain of CREB-binding
protein (CBP).

Spectroscopic methods such as NMR have now advanced in sensitivity and resolution, to the point at
which the structural propensities and dynamics of sizeable disordered proteins in solution can be
thoroughly characterized [42]. Site-directed spin labelling EPR has been used to detect local structural
characteristics of disordered proteins [11,128].

1.2 Protein structure characterization

Around 90% of the protein structures available in the Protein Data Bank [14,200] have been determined by
X-ray crystallography (see Table 1). This method allows the exact 3D coordinates of all the atoms in the
protein to be determined to within a certain resolution. Roughly 9% of the known protein structures have
been obtained by Nuclear Magnetic Resonance (NMR) techniques. Alternatively electron microscopy
(EM), atomic force microscopy (AFM) can also be used to determine 3D structure [51,65,129,140]. Certain
aspects of the secondary structure as whole can be determined via other biochemical techniques such as
circular dichroism (CD) [47,87,192], small-angle X-ray scattering (SAXS) [141,181], fluorescence and
electron paramagnetic resonance (EPR) spectroscopy [63]. Cryo-electron microscopy has recently become
a means of determining protein structures to low resolution (less than 5A) and is anticipated to increase in
power as a tool for high resolution work in the next decade.

In the past few years it has become possible for highly accurate physical molecular models to
complement the in silico study of biological structures. These include various technologies of
3D Molecular Design and visualization, and Molecular Dynamics (MD) simulations, which are being
constantly enhanced due to refinement of the models and due to continuous increase of the computational
power allowing longer simulations or simulations of more complex systems.

Table 1: Protein database current holdings [14,200].

Techniques Proteins Nucleic acids I::::;i;le /)1::: Other Total
X-ray 46071 1142 2118 17 49348
NMR 6844 850 144 7 7845
Electron Microscopy 163 16 59 0 238
Other 110 4 4 9 127
Total 53188 2012 2325 33 57558

1.2.1 Modelling of protein structure

The main goal of the protein structure characterization is to determine the protein function. Since both the
structure and function of a protein strongly depend on the structure and dynamics of the environment, a
modelling of a biomolecular system should in general include to the whole system and model the structure
and the dynamics of all the system components. Five choices have to be made when modelling a
bimolecular system: 1) scale of structure and dynamics have to be defined; 2) degrees of freedom for the
elementary particles (e.g. atoms, atom groups) that define the dimension of the conformational space have
to be determined; 3) force field (what interactions are taken into account) have to be revealed; 4) sampling
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scheme of the conformational space have to be setup; and 5) boundary conditions (for dynamics
simulations) have to be identified. When identifying these five choices, four problems arise: 1) force-field
accuracy; 2) conformational sampling (search) efficiency; 3) ensemble sampling scheme (usually only a
small part of the experimental system is modelled); 4) experimental conditions are not well defined
(whether enough data is available, whether a proper comparison between simulated and experimental data
is made) [193].

In order to produce efficient simulations that create calculation output in a short period of time, the
model can split dynamics of the biomolecular system and its structure. Thus, the modelling of static protein
structure has no time scale and relies only on the data about the structure of amino acids, chemical bond
lengths and bond angles. The backbone (main chain) of a protein is modelled by setting the secondary
structure. Then amino acid side-chains are attached to the backbone. If particular conformations of amino
acid side-chains are needed the, rotamer libraries can be used. At this step the structure of the protein can
be compared with one in Protein Database (if it is available) and/or checked by employing the potential
energy calculations, and determining possible steric conflicts. More advanced methods of structure
validation also include information about various structure stabilizing effects, e.g., sulphide bonds,
hydrogen bonding, and other stabilizing weak interactions.

Identification of the interactions that stabilize protein structures has provided the framework for the
development of computational models of protein structure and dynamics. To provide an accurate
representation of the protein, these models include terms that reflect bond stretching, bending, and rotation.
Although bond lengths and angles are formally determined by interactions of electrons and nuclei as
described by quantum mechanics, these interactions can be treated by simple physical models. For
example, the bond-stretching potential, V(7), is determined by calculating the distance for each covalent
bond, r, and comparing that distance to an ideal value, 7yuui,q. A similar expression can be written for
bending and also for bond rotation. All potentials are collected into a single expression, and each atom is
uniquely identified by specific interactions with every other atom. The expectation for a protein is that the
structure will adopt a conformation that represents the lowest-possible-energy state as given by total
potential energy [2].

One of the most efficient simulation tools to study the structure and the dynamics in proteins is the
molecular dynamics (MD) simulations. It has started to make new and specific quantitative predictions
about biological properties not yet reported from experiment [59,104,156]. Constant increase of modern
computational power and further development of MD protocols including coarse-grained methods [16,114]
gradually extend the simulation time range and improve poor conformational sampling. In addition, certain
work has to be done to verify simulations, force fields and simulation methods [104,189]. These are the
most important reasons why the search for new alternative protein structure characterization methods is one
of the frontiers in biophysics.
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2 Aims and Hypothesis

This work is aimed at developing a new approach for protein structure characterization based on modelling
of local conformational spaces coupled to the structural constraints extracted from the spin label EPR
spectroscopic data. To present the applicability of the new method, we focused on membrane proteins and
intrinsically disordered proteins as these two classes of proteins have been very problematic in obtaining
structural information. Either the problem originates in specific membrane environment, which prevents
solubilization of the protein for NMR spectroscopy and crystallization required for X-ray crystallography,
or the fast dynamic characteristics, especially important for the functionality of intrinsically disordered
proteins, lead to the ensemble of protein conformations, which can not be resolved with the conventional
methods. With this in mind, we split our work into three stages (see Figure 6):

1. EPR spectroscopy and data analysis (Figure 6A). An advanced analysis of EPR data based on
spectral simulations, optimization of spectral parameters and GHOST condensation of multiple solutions is
required, so that the molecular modelling can employ experimental data about local restrictions in proteins
obtained with site-directed spin labelling EPR spectroscopy. The feasibility of spectral analysis is achieved
by speeding-up the spectrum optimization algorithm (see sections 3.2 and 4.1) as well as by development
and application of a new data condensation technique (section 3.1).

2. Conformational space modelling and restrictions calculations (Figure 6B). Since EPR
spectroscopy is very sensitive to the available space of the fast rotational motion of the spin label attached
to the protein, the rotational conformational space of the side chain is taken as the most strategic unit in our
approach. We develop a model to calculate the local restrictions to the conformational space of the spin
label (section 3.3) and we test the sensitivity of this approach (section 4.2). The multiple SDSL-EPR data
from a set of spin-labelled protein mutants, describing local restrictions along protein sequence, is modelled
simultaneously (Figure 6B) allowing the comparison between experimental and simulated restriction
profiles.

3. Structural optimization of proteins (Figure 6C). We set up a structural optimization (sections 3.5)
that enables to find the best possible structures of the protein based on fitting simulated restrictions to the
experimentally obtained restrictions. In this respect, the backbone dihedral angles are continuously changed
and the local restrictions are recalculated, thereby optimizing the 3D structure of the protein. The goodness
of fit to the experimental data guides the optimization procedure through the search space towards more
favourite structures (Figure 6C). At the end the optimization provides a family of favourite global protein
conformations (Figure 6D).. The whole procedure was then applied to the M13 major coat protein (sections
34.1, 3.5.2, and 4.3), a membrane protein, and to the measles virus nucleoprotein, an intrinsically
disordered protein (sections 3.4.2, 3.5.3, and 4.4) of N1ar-XD complex.

According to the aims our proposed hypotheses are the following:

1. Restrictions of the conformational space of a spin-labelled protein can be modelled by means of
reducing the probabilities of the side chain conformations due to overlap by backbone, neighbouring side
chains and surrounding lipids (in case of membrane proteins).

2. The global analysis of the measured and modelled restrictions of the series of the spin labelled
mutants can be used for 3D structure characterization of membrane proteins and other proteins.
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Figure 6: Aims and hypothesis: overview of the SDSL-ESR approach for protein structure determination.
Analysis of a series of SDSL-EPR data in terms of free rotational space Q (A) is combined with protein
conformational space modelling and local restrictions simulation (B); fitting of the restrictions and structural

optimization (C) allows to obtain a population of favourite structures (D).
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3 Materials, Methods and Experiments

3.1 Determination of free rotational space through SDSL-EPR spectra

Te advanced analysis of SDSL-EPR spectra based on spectral simulations, optimization of spectral
parameters and GHOST condensation of multiple solutions is required in order to determine the local
conformational restrictions in proteins, which are employed for protein structure characterization.

3.1.1 Biosystem complexity

Complexity is one of the basic properties of natural biological systems. It qualitatively describes the number of
(biochemical or biophysical) patterns/solutions that coexist in a system. In a pure system, only one solution can
describe the entire system, whereas in complex systems distributions of solutions can exist (see Figure 7). The
complexity of a biological membrane, for example, originates in its biochemical composition of a few hundred
of lipids and many different proteins — channels and pumps, as well as membrane enzymes and receptors. In
such a system, the constituents exhibit different interactions to each other, from local steric and Van der Waals to
more long-ranged Coulomb and dipolar interactions. The intensity and orientation of these interactions strongly
depend on the type of interacting molecules as well as the potentials of the neighbouring molecules. All these
parameters make the biological membrane a very complex system in which many motional patterns can be
found. Similarly, a high complexity of local motions can be found also in proteins, as they, in addition to the
local heterogeneity, may be found in various static global conformations or be involved in slow passages through
many different conformational states.

¢ uti quasi-continuous
wo solutions L ;
distribution of solutions

A

one solution several discrete complexity
solutions

Figure 7: Biosystem complexity axis. Complexity is increasing from simple single-solution to quasi-continuous
distribution of solutions.

EPR spectroscopy in combination with nitroxide spin labelling (SL-EPR) has proven to be a powerful
technique for the exploration of heterogeneity and motion in biological systems [29,178]. The time scale of
SL-EPR appears to be in the nanoseconds range [118], which is exactly the range needed to observe
possible motional anisotropy of local rotational motions through motional averaging. The difference in
anisotropy of rotational motion can be used to distinguish lateral domains in biological membranes or local
motional patterns on proteins.

3.1.2 Site-directed spin labelling EPR spectroscopy

Site-directed spin labelling (SDSL) electron paramagnetic resonance (EPR) spectroscopy [70-72] is among new
characterization techniques of biophysics, which is alternative to such powerful methods of protein structure
determination as X-ray crystallography and NMR spectroscopy. SDSL-EPR provides both local structural and
dynamic information on proteins [103] and has been widely applied to membrane proteins [63].

In SDSL-EPR a spin probe (nitroxide) is incorporated into the protein by attaching it to a cysteine side

chain (see Figure 8). In the presence of paramagnetic species, e.g. a nitroxide, which contains an unpaired
electron, EPR absorption is observed [187].
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w
Figure 8: Site directed spin labelling EPR spectroscopy. Nitroxide spin label is attached to the cysteine (A),
which replaces the original amino acid at the strategically chosen site (B). Anisotropy of the spin label side chain
fast motion (C) is revealed in the line-shape of EPR spectrum (D). Analysis of EPR spectrum provides
parameters, which describe the rate of the spin label dynamics and the conformational restrictions at local protein
site. In (C) small red points represent the single spin label conformations (rotamers).

One of the principal uses of spin label EPR is to study the mobility of nitroxide-labelled molecules [68].
The dynamics, which can be detected in EPR spectrum in physiological conditions, is in picosecond-
nanosecond time-scale [68,165]. The sensitivity of the conventional spin label EPR spectra to molecular
motion is determined by transverse relaxation process (7, process) [68] and is limited by the spectral
anisotropies to motions faster than ~ 10%-107 s [118]. SDSL often enhances resolution of data obtained
with other methods although it provides lower resolution and more qualitative structural data compared to
NMR and X-ray crystallography [46].

For a spin label bound to a protein, the potential surface that determines its motion, or the rotational
conformational space, is very complex, involving interactions with the protein backbone, the adjacent side
chains, and collisions with solvent molecules [167]. Thus SDSL is a powerful tool to study the local
structure in the proteins, monitor conformational changes in protein topology [71,103], and to determine
backbone fluctuations at high temperature conditions [30,31,103].

In respect to structure determination, dual-probe-SDSL [46] enables also distance measurement in
biological molecules [18,73]. Depending on the particular experimental method, distances from 0.4 to 8.0
nm can be accurately measured [13,150,188]. The disadvantage of this method is that distance analysis by
EPR can only be done at low temperature (200 K) [63] although the attempts to estimate of inter-residue
distances at physiological temperatures have been made [4]. The information about this method can be
found elsewhere [13,17,77-79,155].

3.1.3 Characterization of SDSL-EPR spectra

To determine the picture of the actual heterogeneity within biomembranes and at specific sites of proteins, a
special methodology should be applied including advanced spectral analysis and inverse-problem solving
techniques [177]. Such an analysis is based on mathematical modelling, spectrum fitting and parameters
optimization [173,178]. As a large amount of information evolves from such an approach a special method of
solution condensation called GHOST was developed to facilitate the analysis and interpretation of the
experimental data [173,178]. It combines solution density filtering, y° goodness filtering, solution-space
slicing, and group determination, leading to a graphical presentation of the system parameters (see Figure 9).

Due to protein conformational variations, conformational transitions, and the complexity of protein
dynamics at time scale detectable by EPR spectroscopy the measured spectrum at a single mutant position
is often a superposition of several components [178]. In general, each component of EPR spectra can be
simulated on the basis of different dynamic models [154]. In order to accurately resolve spectroscopic
parameters of each spectral component (so that the total multi-component simulated spectrum would fit the
experimental spectrum) a good optimization method needs to be applied. The advanced multi-component
spectral analysis [173,178] (see Figure 9) was applied in this thesis (it is publicly available online as
EPRSIM-C: A Spectral Analysis Package [175], see also Appendix A).
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Figure 9: Overview of the method of EPR spectral analysis. Spectral analysis is based on multi-component
spectral simulations and optimizations of spectral parameters (left), multiple solutions filtering, condensation and
presentation (center), and multiple data analysis (right).

After the experimental data is measured and prepared (often a file conversion is needed when
transferring the spectra from the spectrometer for further analysis) the analysis of EPR spectra can be
organized into the following steps:

1. EPR spectral simulation and spectral parameters optimization. An appropriate simulation models
has to be chosen for simulation of experimental EPR spectrum. The maximal complexity, i.e. the number of
spectral components, has to be defined. In addition optimization constants based on experimental
parameters (EPR centre field and sweep, magnetization tensors, etc.) has to be defined as well as the initial
spectral parameters. The later are then optimized with hybrid evolutionary algorithm. The result of spectral
simulations the optimization of spectral parameters is a population of multiple solutions, which fit the
experimental spectrum (left box in Figure 9).

2. GHOST condensation. In order to make a relevant characterization based on spectral simulations the
multiple solutions have to be filtered according to the quality of the fit and the solution density and
recognized into groups of solutions (central box in Figure 9). Initially, GHOST condensation and GHOST
presentation algorithms (central box in Figure 9) were developed in Mathematica environment, which was
however too slow for high-throughput analysis. As a part of this thesis all the analysis algorithms were
reprogrammed in a faster and more flexible independent software program called GHOSTMaker, a part of
EPRSIM-C: A Spectral Analysis Package [175] (see Appendix A).

3. Multiple data analysis. In multiple EPR data analysis (several mutant positions, temperature or
concentration series) the first two steps are repeated for each spectrum of a series. However, motional
patterns have to be checked against artefacts in spectral line-shape analysis, which can appear as solutions
with low contribution and strange spectral parameters combination. In case the temperature measurements
are available, additional check can rely on that the local temperature dependence has to be monotonous.
The recent version of the GHOSTMaker (see Appendix A) is capable of simultaneous presentation of
multiple EPR data (right box in Figure 9), allowing also the comparison of several spectral series and data
export to other analysis software packages.

The abovementioned stages of the SL EPR spectral analysis are discussed in more details in the next
sections.

3.1.3.1 EPR spectral simulation

Generally, to describe the EPR spectra of spin labels, the stochastic Liouville equation should be used
[24,148,154]. However, under physiological condition the majority of the local rotational motions are fast
with respect to the EPR time scale and therefore the fast motional approximation can be applied, reducing
the computational demand by a factor of 100 [179].

Since the basic approach has been already discussed elsewhere [153,179], we will emphasize only the
physical background of the spectral parameters involved in the calculations. Firstly, one or two parameters
are used to parameterize the partial averaging of the rotational motion while averaging the magnetic
properties of the spin Hamiltonian for spin probes directed at every allowed direction with respect to the
external magnetic field — one order parameter S or opening cone angle ¢ (that defines the maximal tilt
angle) and asymmetry cone angle ¢ (that describes the maximal angle allowed in long-axial-rotation).
Secondly, the traces of the interaction tensors g and A are linearly corrected with ps [115] and Prot [166],
the parameters that take into account the effects of polarity and proticity, respectively. Thirdly, when
calculating the convolution of the magnetic field distribution and basic lineshape, two linewidth parameters
are additionally applied: a single (effective) rotational correlation time, 7., and an additional broadening
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constant /. The first defines a Lorentzian-type line in the motional narrowing approximation [133], while
the latter arises primarily from unresolved hydrogen superhyperfine interactions and contributions from
paramagnetic impurities (e.g. oxygen), external magnetic field inhomogeneities, field modulation effects,
and spin-spin interaction.

To take into account the superposition of motional/polarity patterns, this basic set of parameters 9, ¢, 7,
W, pa and Prot is expanded for the number of spectral components N¢. In addition, there are No- 1 weights
d of these spectral components. Altogether, there are 7N- 1 spectral parameters, which have to be resolved
by the optimization routine. Taking into account the resolution limit of SL-EPR to be around 30
parameters, this allows the usage of at most 4 spectral components.

3.1.3.2 Multi-run spectrum optimization

An optimization routine is used to find the set of spectral parameters that produces the best fit to the
experimental spectrum. To guide the optimization for solving an inverse problem, a common fitness
function i.e., the reduced 7’ (Eq. 1), is used. This function is calculated from the sum of the squared
residuals between the experimental and simulated spectral points divided by the squared standard deviation
of the experimental points and by the number of points in the experimental spectrum:
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where y“% and y™" are the experimental and simulated data, respectively, o is the standard deviation of the
experimental points, V is the number of spectral points, and p the number of model parameters.

For the optimization, HEO routine, a combination of the Genetic Algorithm (GA) with Downbhill-Simplex
local search was applied. Since the optimization scheme is presented elsewhere [49], we only briefly report on
the implemented algorithm.
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Figure 10: The scheme of a single optimization run of the population-based HEO algorithm. The blocks on the
right part of the scheme represent the genetic operators, which modify the population of solutions (sets of
simulated spectral parameters) at each generation.
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The routine starts with a random initialization of solutions and continues with the tournament selection and
application of genetic operators for 100 generations. The 3-point crossover with probability of 0.7 and
uniform mutation with probability of 0.01 are applied together with certain knowledge-based operators and
local improvements (performed with Downhill-Simplex with probability of 0.002) [49,178]. The elite set (2%
of the population size) is used to keep track of the best individuals found so far. One HEO consists of 100
generations optimizing a population of 300 individuals. In the initial version of the algorithm, only the best
parameter sets of each of 200 HEO runs were accumulated. A new version of HEO with the implemented
shaking operator (shaking maintains diversity already within a single HEO run [85], see section 3.2.2.1),
however, requires only 20 HEO runs. The latter is enough to accumulate the final set of 200 sets of parameters
of spectral components, which are then filtered, grouped and graphically presented with a so-called GHOST
condensation algorithm, described in the following section.

Efficiency of spectral simulations and optimization of spectral parameters depends a) on the quality of
the measured data (high signal-to-noise ratio, absence of artefacts in the line-shape); b) on the correct
choice of the spectral simulation model; ¢) on the correct set of the parameters determining the
experimental conditions (e.g. central field, magnetic field sweep interval, magnetic properties of
paramagnetic molecules in a reference environment, i.e., tensors) [173]. The most straightforward
indication of successful optimization run is the low values of the fitness function 7’ (Eq. 1) (acceptable
values of ;(2 depend on S/N; in general, ;(2 should be below 10). However, another important indicators of
the successful optimization procedure are the equal contribution of different runs into the final solution
(measured in terms of run flatness parameter, which should be above 70%), and the absence of unusual
combinations of spectroscopic parameters.

3.1.3.3 Projection principle and data condensation

The large amount of solutions resulting from the multiple HEO runs should be condensed and grouped
together to construct a discrete or quasi-continuous description of the system. If the proposed model
complexity is sufficient to describe the system, the final description is also discrete. However, when the
proposed complexity is lower than in reality, the model tries to describe the most important features of the
system (EPR spectra in our work). In this case, the landscape at the point of the global minimum changes
into a flat valley, and consequently, HEO needs to resolve the distribution of solutions describing this
optimum region of the parameter search space. In this way, multiple-HEO approach incorporates the
“projection principle” idea [177,178].

After solution filtering according to the local solution density and goodness of fit, which is performed in
accordance with [178], the GHOST condensation results are presented in 2D cross-sections {4 - @, 9 -
7., & - W, 8 - pg} (Figure 11). This GHOST presentation technique helps to distinguish the groups of
solutions, and to explore optimized values of model parameters.

The most important property of the GHOST algorithm is that there is no need to define the complexity

(the number of different motional patterns) in advance — it comes out automatically from the GHOST
condensation and graphical presentation.
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Figure 11: Presentation of the GHOST condensation of multiple solutions. An example of the GHOST condensed
multiple solutions represented in two-dimensional distributions of the parameters 4 and ¢, ¢ and 7., $and W, 9 and
P4 of MTSL-SL spin labelled at position 496 Nray protein sample in 30% sucrose at 281K in complex with XD
(section 3.4.2). The components of each single solution are represented with a point on the plot with a colour,
combined of red, green, and blue, which codes for the relative values of 7., W and p, in their definition intervals {0 - 3
ns}, {0 - 0.4 mT}, and {0.8 - 1.2}, respectively, according to colour legend (right). The closed black lines on the plot
surround domains of the solutions grouped into motional patterns. The contribution of each pattern is shown in
percents. Additionally, the average spectroscopic parameters of the detected motional patterns are presented on the plot
with the red solid circles.
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3.1.3.4 Multiple EPR data analysis

As a single EPR spectrum is always biased with small noise it is impossible to interpret it perfectly.
Therefore a series of EPR spectra has to be measured, analyzed and interpreted jointly. For that purpose
experimental series of different spin probes, different environments, different concentrations and/or
different temperatures can be applied [190]. For protein structural characterization the site-directed spin
labelling EPR measurements are often performed at several mutant positions [12,172]. Note that the
measurements at different temperatures is the most straightforward approach to clear the artefacts in
spectral analysis (see Figure 12A). Herein we present an extension of the approach of the multi-run multi-
component EPR spectral simulations, which is aimed at multiple experimental data series analysis. All the
possibilities of that approach are realized in GHOSTMaker software (see Appendix A).

GHOST condensation results in terms of motional patterns (see section 3.1.3.3) obtained for all the
spectra in a series (Figure 12A) can be simultaneously presented in a three-dimensional plot (one
dimension is presented with the size of the drawn bubbles) called bubble diagram (Figure 12B). In this
diagram the vertical axis encodes one of the chosen characteristic (free rotational space Q (Eq. 15),
rotational diffusion D, order parameter S, correlation time 7., and etc.), and the horizontal axis encodes the
parameter of the series (e.g. temperature, concentration, pH, type of spin label, mutant position). For each
value of an external parameter many motional patterns can be found through GHOST condensation
resulting in a vertical row of bubbles (Figure 12B), where a single bubble represents a motional pattern
with the position of the bubble corresponding to the average characteristic value of that motional pattern
and the bubble size being proportional to the contribution of that particular motional pattern in the total
spectrum. The vertical bar at each bubble represents the second moment of a distribution of that particular
motional pattern.
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Figure 12: Interpretation of multiple EPR data with bubble diagram. A. Temperature series of SDSL-EPR
spectra: experimental spectra (grey) are fitted with multi-component simulated spectra (black). The SDSL-EPR
experiments for the mutant 491 of Nta -XD complex in sucrose (see section 3.4.2) at different temperatures.
Below are the corresponding series of $-¢ GHOST plots presenting the determined motional patterns. B. ¢
GHOST plots condensed into the temperature-dependent Q-bubble diagram (encircled region indicate the
pattern, which need to be checked/cleaned). C. Temperature-dependent Q-bubble diagram for different protein
mutants condensed into a single bubble diagram for the selected temperature (310 K). In (B) and (C) each bubble
represent a motional pattern, the size of bubble is proportional to the relative contribution of the particular
pattern in the total spectrum. The vertical bar at each bubble represents the second moment of the motional
pattern and proportional to its size in a GHOST plot. D. The overall scheme of multiple data analysis.
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Bubble diagram allows tracking general trends in data series. It helps to determine the number of
motional patterns, conformational transitions via distributed motional patterns. However, bubble diagram
does not replace the GHOST plots, it is an additional presentation of the multiple data, and if presented just
alone it actually reduces the information available in GHOST plots. In short, GHOST plots never have to
be disregarded, but on the contrary, GHOST plots, line-shape analysis (with the Wizard application [175]),
and bubble diagram have to be combined for the analysis and correct interpretation of the experimental
data. Motional patterns determined with GHOST condensation (Figure 12A) are further condensed into the
bubble diagram (Figure 12B). The latter enables to check and to clean the small and meaningless motional
patterns (Figure 12E). The cleaning of motional patterns is based on checking the consistency of the data
(e.g. the temperature dependence should be locally monotonous; in addition, the combinations of the
parameters that describe motional pattern should be meaningful).

Cleaning and tuning of motional patterns has to be done while checking GHOST plots itself. By
controlling the density level one has to achieve compact shape of the groups of motional patterns. If density
level is decreased, i.e. fewer solutions are taken into account and the corresponding threshold density in
density filtering is increased. In such a case, the border of the motional pattern group will contract towards
the centre of such a group and often appearing (with the default density level) “flower” pattern will
disappear guaranteeing the right density level. The last can be recognized also at the density level
histogram, where the threshold density level indicator has to be positioned significantly higher than the
background noise. Generally, the motional patterns with a small contribution (less than 10-20%) can be
discarded from the analysis unless they represent an important recognized effect. Final criterion for
accepting the small solutions can always be a simple visual check of the results of spectral simulations (the
components of the simulated line-shape) — any spectral component that does not clearly describe at least
one spectral feature can be disregarded.

The simulation of experimental spectra could be also repeated with the different number of spectral
components, especially reduced number of spectral components in case of low S/N ratio. Note, that if a
spectrum is too simple, signal-to-noise too low and the predefined complexity too high (for example using
four components where there is obviously only one component), the optimization have to ignore too many
parameters. The latter puts a lot of numerical stress on the GHOST condensation algorithm, which can
therefore create non-existing patterns. To even further help with the analysis some components may be
locked to specific parameter values in order to fit a specific feature in the spectra (like very low-populated
water-soluble free probe spectral component, however, significant in amplitude).

To demonstrate the approach, the GHOST condensation results for the series of EPR spectra were
collected for the same mutant position of Nya-XD protein complex (section 3.4.2) measured at different
temperatures (Figure 12C). Temperature data helped to identify the motional patterns and to condense then
for further analysis and interpretation of the EPR data at different mutant positions for the selected
representative temperatures (e.g. 310 K in Figure 12D).

3.2 Speeding-up SL EPR-based characterization of biosystem complexity

The most computational demanding part of SL EPR-based characterization approach was the optimization of
the simulated EPR spectrum. To obtain a reliable result even in the case of quasi-continuous problems, the
HEO procedure initially had to be executed at least 200 times. Each particular run consisted of 100
generations with a population size of 300 candidate solutions. At each generation after application of
various genetic operators the spectrum was reevaluated. Tacking into account multiple spectrum
calculations during several local optimizations, the singe HEO run was forced to do up to 150 thousand
spectrum calculations. As a single spectrum optimization took ~ 40 min on a 1 GFlops processor (year
2004), the whole 200-runs optimization resulted in 130 hours of computer time. Since that was too long for
a single spectrum characterization, one of the first goals was to reduce the computational time by enhancing
the HEO routine.

Taking only one best parameter set from each run (see section 3.1.3.2) was a waste of computer time. In
fact, HEO converges to the best solution region within 20-80 generations, thus creating a great number of
similar solutions after 100 generations. This provided the key idea for speeding up the spectrum
optimization procedure. Accordingly, HEO was modified to increase the solution diversity within the
population while preserving the same level of convergence rate. Thus, it became possible to include more
than one solution into the final group of solutions and consequently rely on a smaller number of runs.
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3.2.1 Parameter search space

The optimization process should be thought as searching for the minima in the landscape of the parameter
search space (phase-space), which may contain both local minima and global minimum. A powerful
optimization routine should be able to find global minimum(a), which can be of different types (Figure 13)
— a well-defined minimum (Figure 13B) or a flat minimum valley (Figure 13A). An optimization routine
should therefore keep convergence to the minima of type B (discrete problems) and maintain the diversity
to be able to reveal the minimum valleys of type A already in a single run, i.e. to find distributed solutions
(continuous problems).
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Figure 13: Schematic presentation of parameter search space and the effect of the local mutation procedure
responsible for fine-tuning. Due to the noisy spectra and finite resolution of the local optimization routine
starting approximations (white circles) are optimized into more accurate solutions (gray circles) according to the
local phase-space landscape. A. In case of a flat valley (plateau in multidimensional space), the results of the
local optimization routine strongly depend on the starting approximation. B. In case of sharply defined
minimum, local optimization routine provides similar results independently of starting approximation unless
starting approximation is too far from the local minimum.

3.2.2 Population diversity in genetic algorithm

A simple genetic algorithm (SGA) [54] is suitable for finding the optimum of a unimodal function in a
bounded search space. However, both analysis and experiments show that the SGA cannot find multiple
global maxima of a multimodal function [54,110,142] or a function with a flat global minimum, which is an
extreme limit of the multimodal function. This limitation can be overcome by a mechanism that creates and
maintains several subpopulations within the search space, referred to as “niching methods”. There exist
sequential niching methods [55]; parallel niching methods (sharing [55], crowding [142] and clearing [142]);
speciation methods [37,101,160] and clustering [180,205]; multi-population methods [191] (island models
[15,56]and migration models [121]).

Another way to find multiple optima is to make several runs of an ordinary GA. In each run the GA
typically converges to a different optimum. Thus, several optima are found [34]. Exactly this strategy was
used in the previous multiple HEO-based approach. Since the methods that assume creating subpopulations
do not match with our specific problem, we looked for the method to maintain diversity within a single run
together with a multiple run approach. First candidate was a sharing parallel niching method.

3.2.2.1 Maintaining population diversity: sharing and shaking operators

Sharing [55,110] requires that fitness is shared as a single resource among similar individuals in a
population of solutions [109]. The fitness sharing method modifies the search landscape (Figure 14A) by
changing the fitness function (Eq. 2), i.e. the value of 4, in densely-populated regions [152]. As a result the
solutions population becomes better distributed in the search space improving the population diversity

" f()
_ , 2
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where the sharing function £ is a function of distance d/i,j] between two population elements and can be
defined as:
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sh(x) = 1—(LJ (x<o, )| . 3)

share

0 otherwise

It returns ‘1 if the elements are identical and ‘0’ if they cross some threshold of dissimilarity, specified
by constant o,,.. Here o is a constant, which regulates the shape of the sharing function. As a result of the
sharing operator application, the population becomes better distributed in the search space which improves
the population diversity (Figure 14A). Alternative to sharing, shaking is a new operator that includes small
Gaussian-like deviations to the spectral parameters (Figure 14B) before the crossover is applied. The
shaking algorithm prevents “grid” formation and preserves the diversity in the solution population.
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Figure 14: Schematic presentation of the fitness sharing and Gaussian shaking operators. A. Top: In a non-
sharing routine crowding at the local minima is allowed, since there is no operator that would maintain diversity.
Bottom: In a sharing-routine, fitness function is increased according to the density of solution, aiming to prevent
crowding. B. Shaking operator implies a Gaussian random generator that provides a small deviation to the value
of each parameter. The error bars indicate the width of Gaussian probability distribution of these deviations. The
standard relative uncertainties of the spectral parameters {9, @, 7., W, pa, prot, d} are {0.02, 0.02, 0.04, 0.035,
0.035, 0.04, 0.02}, respectively, which follow average uncertainties that are found empirically for these
parameters within the simulation model.

3.3 Modelling protein structure and conformational space restrictions

3.3.1 Modelling approach overview

In SDSL-EPR spectroscopy a protein is labelled at a specific site with a spin label of a size slightly larger
than the size of the largest amino acid residues. This makes the rotational conformational space of the spin
label sensitive to the local protein structure, i.e. local backbone conformation and the conformational
spaces occupied by the neighbouring amino acids, as well as by the surrounding lipids (for membrane
proteins). To employ the properties of rotational conformational space for protein structure determination,
the rotational conformational space has to be both accurately measured experimentally and calculated by
modelling. The latter can be facilitated by the following features, specific for EPR spectroscopy:

1. The motion of protein side chains at physiological conditions (i.e., room temperature) is fast on the
nanosecond EPR time scale [64]. However, if the temperature is decreased significantly, the side chain
motion of the spin probe will be slowed down and/or immobilized due to stabilizing interactions [149],
making it insensitive to the space restrictions imposed by the other side chains, backbone and lipids. In
such a case the analysis of the rotational conformational spaces cannot be used for structure determination,
and for the applicability of the approach the temperature had to be raised until the rigid-like EPR lineshape
disappears.

2. The backbone motion is much slower than the nanosecond EPR time scale [83,195], or at least slower
than the side chain motion. This is especially valid for proteins embedded into membranes or in large
multi-chain protein complexes [182]. However, backbone atoms near the terminal ends can move to a
larger extent, but such a case can be easily recognized in the EPR spectra and treated separately during the
modelling.
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3. The EPR experiment is insensitive to the exact atomic coordinates. On the contrary, it is very
sensitive to the motional anisotropy of the nitroxide group. Therefore there is no need for a precise
calculation of a conformation of an individual side chain; instead, the probability of all possible side chain
conformations has to be determined. A calculation should also take into account the average effects of all
the surrounding wobbling chains (the amino acid side chains of the protein(s) and alkyl chains of the lipids
when present).

Overview of the method. These characteristic EPR aspects offer us the opportunity to develop an
approach that is computationally manageable and which provides a sufficiently high resolution to match the
SDSL experiment. Under these conditions modelling of the conformational space of a spin-labelled side
chain and its restrictions will be based on the following steps (see Figure 15):

1. Modelling of membrane protein structure including all local rotations of the amino acid side chains
and the spin-label side chain, i.e., the conformational space of the spin label;

2. Modelling of the restrictions of the spin label conformations by the protein backbone, the side chains
of other neighbouring amino acid residues, and the restrictions imposed by the surrounding lipids;

3. Characterization of the restricted conformational space of the spin label in terms of the so-called
normalized free rotational space Q, to enable a) comparison with experimental SDSL-EPR data; b)
optimization of the parameters of the structural model to provide a simultaneous fit of the modelled
restrictions to the experimental restrictions; c¢) characterization of the structure of the protein and its
embedment in the membrane.
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Figure 15: Overview of the SDSL-ESR approach for protein structure determination.

When calculating the conformational space restrictions, we will focus exclusively on the repulsive part of
the van der Waals interactions that dominate close interatomic distances [23,194,195]. This approximation is
mainly explained by the high-temperature condition where the entropic term becomes at least as important as
the energy term of the free energy if not prevailing, and consequently the conformational spaces are restricted
due to space sharing and not due to energy-minimized side chain rotameric conformations. It is therefore
logical, that for simplicity, tertiary structure stabilizing interactions including sulfide bridges, hydrogen
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bonding as well as helix-helix interactions due to effects of macrodipoles are not included. It should be
stressed that the dynamics of the protein backbone is assumed to be much slower than the dynamics of the
side chains [83] and also slow on the nanosecond EPR time scale, so that it is not need to be taken into
account when simulating the spin label conformational space and modelling the local conformational
restrictions at the spin label positions

3.3.2 Membrane-embedded protein structure modelling

Protein modelling. To derive the atomic coordinates, first the protein backbone structure is parameterized
by dihedral angles ¢; and y at each i-th amino acid residue, following by the attachment of the amino acid
side chains to the backbone. Since EPR spectroscopy is sensitive only to the shape of the conformational
space of the spin label and not to the exact positions of the atoms of various conformations, an atomistic
resolution of modelling is not required. Therefore the atomic structures of the amino acid residues and spin
labels are constructed using an approximation of fixed bonds lengths and bonds angles [204], based on
previously reported values [45,108,203]. The so-called Ramachandran plot [146], which contains the
allowed distributions of the backbone dihedral angles ¢ and y;, was calculated with our model and
compared with previously published plots [67,69,106,146]. When optimizing the protein structure a pre-
calculated Ramachandran plot was used to speed up the calculations by excluding forbidden secondary
structures from the search. In the description of the protein structure two coordinate systems, absolute and
relative, are simultaneously used. In an absolute Cartesian coordinate system, the structure of the protein,
its orientation towards the membrane or other proteins and the coordinates of the amino acid side chains are
stored. A relative coordinate system is used when constructing the side chain conformations [28,145,206].
The details of the protein modelling and the numerical values are presented in Appendix B.

Protein embedment in a membrane. In case of membrane protein, the embedment of protein into the
lipids and the restrictive effect of lipids have to be modelled. When developing the methodology, we use the
membrane-embedded M13 major coat protein, which is 50-residues long and almost o-helical [169,198].
Since this protein has a single transmembrane domain, it is virtually placed in a lipid bilayer by setting its
initial start and end point of the transmembrane region using the information from previous work
[93,131,132,170,172]. The tilt angle of the protein is derived from the effective length of the
transmembrane region and the steric thickness [130] of the lipid bilayer. Also the initial orientation angle,
which defines the protein rotation around the symmetry axis of the helix, is taken from previous work
[93,131,132]. The effect of the lipids is modelled as a restrictive potential along the transmembrane region as
the lipids tend to restrict the side chain conformations which stick out from the protein in a perpendicular
direction to the alkyl chains of the lipids.

3.3.3 Modelling of side chain conformational space restrictions

Sampling side chain conformations. Different combinations of torsion angles around single bonds of a
side chain result in a set of rotamers, i.e. side chain conformations, which all together constitute the
conformational space. For the conformational sampling within the conformational space, we propose a so-
called Residue-Parts-Groups mechanism, which links neighbouring side chain conformations and
considerably speeds-up the conformational sampling when checking the overlaps between neighbouring
side chains. The residue is split into parts according to the number of free bond rotations, so that all atoms
within one part preserve their relative positions. Each complex part is split into atom groups, while each
group contains one heavy atom (C, O, N or S) with hydrogen atoms, if there are any. Thus, the largest parts
are the aromatic rings of tryptophan, tyrosine, and phenylalanine. The glycine and proline residues, both
known to be helix-breaking residues [27], are considered as an exception. The side chain of glycine is just a
hydrogen atom. This makes the glycine residue very flexible to adopt most of the dihedral angles of a
Ramachandran plot. Contrary, the side chain of proline has a cyclic structure, which imposes a certain
conformational rigidity by locking one of the dihedral angles.

When checking the overlap between two side chain conformations, the steric contacts between atoms
are checked only if the conformations are close enough in space: the distance is checked on the levels of
residues, parts, groups and then finally atoms. When determining the steric contacts between any two
atoms, the distance between the atoms is compared with the sum of the original van der Waals radii,
assuming that there are no interactions between the atoms that would allow any closer contacts. If a
conformation of one side chain overlaps with another neighbouring side chain, automatically all the
conformations, which partially repeat the current conformation, inherit this overlap result.
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Unrestricted conformational space. When modelling the conformational space of the side chains, we
assume the backbone to be fixed. This approximation is based on the findings that the side chain dynamics
is in the nanosecond time scale while the backbone motion is much slower, i.e., in the range of several tens
or hundreds of nanoseconds [1,83], and the approximation is even more valid in case of protein surrounded
by lipids or in viscose environment.

After carbon beta as a side-chain origin is fixed, the side-chain is rotated around its single bonds in
order to derive all possible rotational conformations. Equidistant rotational states with an optimized grid
step varying from 10 to 45° is used according to the type of an amino acid or a spin label and rotation level
%1, A2 ete. (Figure 16A). A torsion potential (similar as the “three staggered potential”) is implemented via
fixed orientations of two subsequent bonds. Since the orientation of the second subsequent bond relative to
the first one is much more poorly defined and the steric effects start to prevail [184,185], rotational
conformation are restricted only via a repulsion part (hard sphere exclusion volume, in accordance with the
high-temperature approximation). Note, that in this case the effective van der Waals radii are reduced
standard van der Waals radii due to nonbonding electrostatic interactions in O-H, C=0O and CH groups, as
well as the anisotropy of C atom electron shell and non-spherical shape of the electron shell of C atoms.
These enable closer contacts between the atoms as allowed on basis of the original van der Waals radii. The
effective van der Waals radii are calculated from an analysis of protein structure data in the PDB data bank
[67] (see Appendix B, Table 11). Finally, conformations that have internal overlaps are eliminated.
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Figure 16: Spin label conformational space restrictions modelling. The statistical weight of the conformations is
coded with the red-orange-yellow colour gradient: the red and yellow colour correspond to unrestricted and
restricted conformations, respectively. A. Side chain free rotations (), X2, X3, X4) of the 3-maleimido proxyl spin
label. B. Initial unrestricted spin label conformational space (each red sphere represents one side chain
conformation; the coordinates of the sphere represent the coordinates of the oxygen atom of the nitroxide group).
C. Spin label conformational space restricted by the protein backbone. D. Spin label conformational space
restricted due to sharing space with neighbouring amino-acids side chains. E. Superposition of the restrictions
due to local structure and restrictive effects of the lipids. F. Schematic illustration of the overlap of the
conformational spaces of two neighbouring residues. Two modelled residues linked with a peptide bond:
cysteine with 3-maleimido proxyl spin label attached (SL) and lysine (Lys). The backbone dihedral angles
correspond to an o-helix. G. The overlap of the conformational spaces of the spin label (red) and the lysine
residue (orange). H. Spin label conformational space restriction due to the overlap with the neighbouring lysine
residue. I. Model illustrating the calculation of the restrictive effect of lipids: schematic representation of the
M13 protein [171,172] labelled at position 25 and reconstituted into a phospholipid bilayer. The steric thickness
of the lipid bilayer D includes both the hydrophobic and head group regions of the membrane. The restrictions
arising from the lipids are schematically presented on the conformational space of the spin label. The colour
gradient encodes the magnitude of the restriction effect, which depends on the orientation 9; of each particular i-
th conformation relative to the membrane normal 7,z The yellow colour corresponds to maximum restrictions;
red to conformations that are not restricted.

In general, a too large number of conformations arises in rotational conformational space creation,
becoming a computational bottleneck in determining the restrictions due to overlap between neighbouring
side chains. In the course of our work, we found a compromise between modelling accuracy and
computational costs by adjusting the rotational step resulting in approximately 3000 allowed conformations
for the spin label and at most 1000 for the amino acid side chains. For simplicity, we assume that the initial
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probability P of these different conformations in the unrestricted conformational space (Figure 16B) is

equal. Lists of allowed conformations, i.e., unrestricted conformational spaces, calculated for each residue
of the protein are stored in memory and then used later for the calculation of the restrictions.

Restricted conformational space. The restriction of the conformational space of the spin label side chain
is calculated by checking the restrictions for each particular conformation due to: a) overlap with the
backbone (Figure 16C); b) overlap with side chains of neighbouring amino acid residues (Figure 16D); and
¢) restrictions imposed by the surrounding membrane lipids that tend to suppress conformations
perpendicular to the lipids alkyl chains, i.e., perpendicular to the membrane normal (Figure 16E).

In the first step the overlap with the backbone is determined. Sequentially we go through the
conformational space of the spin label and check each individual conformation for overlap with the
backbone. Since the backbone motion is assumed to be much slower than the side chain motions, the
statistical weight of a conformation that overlaps with the backbone is diminishes, i.e., all such
conformations are forbidden (removed conformations in Figure 16C).

The conformations that do not overlap with the backbone could be still restricted by the side chains of
neighbouring amino acid residues. The statistical weight of the allowed spin label conformations is further
reduced by restrictions from adjacent amino acid side chains. If two residues are close and their side chains
are large enough, their conformational spaces will overlap (Figure 16F-H). The extent of overlap depends
on the relative position and orientation of these two residues in the protein, i.e., on the local secondary
structure. By this effect, the statistical weights of the overlapping conformations of both residues are
reduced, i.e., the statistical weight of the i-th conformation that shares space with N**** conformations of

the neighbouring 4-th residue is reduced by a factor:

all overlaps
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where N{" is the number of all conformations of the neighbouring residue.

A chosen conformation of the side chain of a spin label overlaps with many conformations of other
neighbouring side chains, and each of these conformations may spend a certain time in the space, which is
occupied by a chosen spin label conformation. If there is more than one overlapping neighbouring side
chain, the overlaps can happen only in different fractions of time. Therefore, the probabilities for each of
the overlapping pairs of conformations should be factorized. As the side chains wobble fast, the overlaps
cannot occur over the full (EPR averaging) time period and thus as a result the statistical weight of a
particular spin label conformation will be reduced to a value between 0 and initial value P"“, depending
on the extent of overlap. Thus the combined restriction of the conformational space of the spin label from
the neighbouring residues is a product of factors:

P,- — Pii”itialHF;j , (5)
k

where P and P"" are the statistical weights (probabilities) of the restricted and unrestricted i-th side
chain conformation. The factors F are given by Eq. 4. Note, that this part of calculations is not limited just

to side chains of the same protein chain, as two side chains of two different proteins could be in the close
contact in the folded complex, and thus could restrict each other.

Finally, if the spin-labelled protein site is in a transmembrane region the statistical weight of the spin
label conformations is further reduced. The side chains of the amino acid residues including the spin label
that are surrounded by the lipid environment will feel the fluctuating lipid alkyl chains as well as the
restrictive effect of lipid head groups. Since the latter expose lateral pressure [117] and occupy certain
amount of space, the conformational spaces of side chains will be further restricted. However, for a spin
label at each single mutant position we assume that the amplitude of lipid effect is constant for all
conformations and only the direction of the conformation relative to membrane normal makes a difference
in the restrictive effect of the lipids. Such a restrictive lipid effect is in agreement with the finding that the
fluctuations of the lipid molecules are on the time scale from ps to ns [53] and that the lipid-protein
interactions are just slightly more favourable than lipid-lipid interactions [98]. Recent molecular
dynamics simulations show that side chains from aromatic, polar and charged amino acid residues tend to
orient along the membrane normal [80], supporting our model. With this in mind, the simplest
approximation of the lipid effect should take into account the following issues [176]: a) side chain
conformations, which stretch out from the main body of the protein perpendicular to the lipids, should be
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restricted by the highest extent (Figure 161); b) there are no restrictions in case of a parallel alignment to the
membrane normal as the disruption to lipid packing is minimized; c) the effect of the lipids should be
effective as soon as there is any non-zero angle 4 between the side-chain of a spin label and a lipid alkyl
chain, meaning that the derivative of the lipid effect should be linear when the angle approaches zero; d)
perpendicular and near-perpendicular conformations should be restricted by approximately a similar extent,
meaning that the derivative of the lipid effect should be zero, when the angle approaches 7/2; and ¢) the
occupancy of the space around a particular conformation is reflected by the extent of reduction of the
statistical weight of the i-th conformation due to sharing space with the neighbouring amino acid side
chains. In accordance with all these constraints a simple empirical (1 — sin %) function is used, so that the
statistical weight P; of the i-th conformation is modified in the following way:

k= i(l_Sin‘gi)’ (6)

where % is the angle between the membrane normal and side chain direction of a i-th conformation (which
is the vector from the B-carbon atom to nitroxide oxygen atom of the spin label side chain).

nitroxide CS

X (m-orbital)

Figure 17: Relation between the geometrical and nitroxide NO conformational spaces. A. NO group axis, NO
bond direction and CPO directions of the spin label side chain conformation. B. Unrestricted initial geometrical
and nitroxide conformational spaces. Small spheres represent single conformations. For the nitroxide
conformational space sphere coordinates represents NO vector direction. The colours of the conformations
encode the local conformational density. C. Restricted geometrical and nitroxide conformational spaces. NO
vectors at different conformation are represented with small black direction lines. The spin label is attached to
the M13 protein at position 25. Only the amino acid residues that contribute to the restriction of the
conformational space of the spin label are presented.

The backbone restrictions, superposition of the neighbouring amino acids restrictions, and lipid effect
on a single i-th side chain conformation can be summarized [176] as:

n overlaps
P’_ _ Pil.m.ﬁal {0, backbone overlap}l—[[l _ N;va” J(l _ Sin ]9[) ] (7)

1, no backbone overlap k k

Characterization of spin label conformational space restrictions. EPR spectroscopy is sensitive to the
orientation of the spin label nitroxide group relative to the external magnetic field, thus the distribution of
orientations is reflected in the measured EPR spectrum. In general the orientation of the NO group does not
coincide with the geometrical orientation of the side chain of the spin label (Figure 17A). Both orientations
depend on a combination of free rotations of the side chain. The difference between geometrical
orientations of the side chain and the orientation of the nitroxide group varies from one conformation
(rotamer) to another. Note, that conformational space restrictions have to be calculated for geometrically
defined conformations (Figure 17B), while the calculation of the restrictions for the conformational space is
based on nitroxide group orientations (Figure 17C).

To characterize the restricted conformational space of the spin label, we refer to the cone model that is
also used in the analysis of experimental EPR spectra [85,172,178]. The cone model is parameterized with
the angles %y and ¢, (Figure 18A), which describe the amplitude and the anisotropy of the spin label
rotational motion within a cone, respectively. Parameters 9, and ¢, available from the EPR spectral

analysis, are connected with the directional averages cos’(4) and sin’(¢):
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Figure 18: Characterization of spin label conformational space restriction. A. Definition of the opening 9, and
the asymmetry ¢, angles of the cone model. B. Conformational space opening characterized by the average
cos’(9) . The angle 3 is between the NO bond direction £Y in the i-th conformation and the average direction of
the NO bond &} . C. Conformational space asymmetry characterized by sin’(¢). The angle ¢ is between the X
direction, £* (a projection of £'° on a plane perpendicular to the average NO direction £}’ ) of the i-th
conformation and a reference X direction &Y (direction that corresponds to the highest radial density of the
£ directions). D. Definition of the vectors for characterization of the conformational space asymmetry ¢. E.
Characterization of the conformational space of spin label restricted by protein backbone, due to sharing the
space with the neighbouring amino acids, and due to perpendicular restrictive effect of lipids (the yellow colour
corresponds to maximum restrictions; red to conformations that are not restricted).
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The averages cos’(9) and sin’(¢) can be calculated numerically from the modelled restriction of the

conformational space of the spin label (Figure 18B-C). The average cos’ (&) characterizes the opening of
the simulated spin label conformational space (a larger value indicates a higher restriction of the

conformational space). The average sin’(¢@) characterizes the asymmetry of the simulated spin label
conformational space (a smaller value corresponds to a more asymmetric conformational space). The
average cos’(9) is calculated by:

i(EiNO '@)2 p:p;
cos’ () =— , (10)
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where &£ is the normalized nitroxide NO bond direction of the i-th conformation, fafg is the normalized

average nitroxide NO bond direction, and p; and p; are the probability (statistical weight) and local density



26 Materials, Methods and Experiments

of the i-th conformation, respectively (see Figure 18D). The average sin® () is calculated by:

g =1 —E7 cos(9)[E)| =& —é_ék—g S e (11)
F, = ppsin(®) = pp1-(£7-E12) (12)
s (¢,) =1-(E7 25 ) (13)
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where &"is a projection of ﬁm on a plane perpendicular to @ (Figure 18D); g is a normalized
reference direction for the calculation of the asymmetry of the conformational space that corresponds to the
highest radial density of £* directions (Figure 18D).

Both angles 3 and ¢, can be combined into the so-called normalized free rotational space [172]:
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which is compared to the normalized free rotational space values extracted from SDSL-EPR experimental
data [172,176]. The results of testing of the sensitivity of the normalized free rotational space are presented
and discussed in Section 4.2.

3.4 Materials

The MI13 coat protein was used to test our new method of calculation the restrictions of the
conformational spaces and to develop a new protein structure optimization approach. In addition, we apply
our approach to translate multiple SDSL EPR data into structural characterization of the intrinsically
disordered C-terminal domain of the measles virus nucleoprotein (Ntay, aa 401-525) alone or in a complex
with and the C-terminal X domain (XD, aa 459-507) of the phosphoprotein (Section 3.5.3 and 4.4).

3.4.1 Major coat protein of bacteriophage M13

Bacteriophage M13 is thoroughly studied by various biophysical techniques, the structure of the virion
protein sheet was determined by X-ray fibre diffraction. The viral particle is composed of single-stranded
circular DNA molecule that is encapsulated in a long cylindrical protein coat. The protein coat is composed
of about 2800 copies of the major coat protein (gp8). At both termini there are five copies of each of the
two minor coat proteins, gp7 and gp9 at one end and gp3 and gp6 at the other end (see Figure 19)
[111,170]. The detailed description of the filamentous bacteriophages can be found in the reviews [170]. In
addition, extensive knowledge about bacteriophage M13 and recent technological advances lead to
successful application of M13 virus in Nanotechnology [99,112].

The major coat protein is a small protein with molecular weight of about 5240 Da. It forms a 1.5-2.0 nm
thick flexible cylindrical shell (see Figure 19B). It is 50 amino acids long and it is composed of three
specific domains: a hydrophobic core, an acidic N-terminal and basic C-terminal domains. Secondary
structure is largely a-helical (also proven by primary sequence prediction) with several flexible positions in
the N terminus [170].

After integration into the lipid bilayer, the M13 coat protein adopts a transmembrane configuration. The
structure of the protein, the dynamics, and protein embedment into the lipids were studied with X-ray
crystallography [122], NMR spectroscopy [134,138], site-directed labelling in combination with EPR
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[124,125,163,169-172,176] and fluorescence spectroscopy [48,93,131,132,197], circular dichroism
spectroscopy [151] and other methods.

According to X-ray crystallography the protein is slightly curved a-helix extending from the N-
terminus to the C-terminus [122]. Studies based on NMR spectroscopy [3,138,139] suggest that in micelles
the protein contains two a-helical segments, residues 7-16 and 25-45 (see Figure 19). NMR spectroscopy
in dehydrated lipid bilayer [113] resulted in a 3D structure where the first a-helical segment (residues 8-18)
rests on the membrane surface, the transmembrane a-helix (residues 21-45) crosses the membrane at an
angle of 26° up to residue Lys40, where the helix tilt changes to 16°, which was also observed previously
by solid-state NMR [33].

Figure 19: The membrane coat protein of Bacteriophage M13. A Schematic illustration of a bacteriophage M13
filament [170]. B. Arrangement of the coat protein subunits in M13 [123]. C. Curved a-helix model of the M13
coat protein found by X-ray crystallography [122] deposited in the Protein Data Bank as PDB file 1IFJ. D. FRET
data-based 100 best-fit structures of AEDANS-Iabelled M13 coat protein in DOPC/DOPG vesicles [132].

The results obtained with SDSL-EPR spectroscopy for the protein in different lipid bilayers (14:1PC-
22:1PC) [124,125,171,172] were generally in accordance with two a-helical segments model, while the
modelling based on the recent fluorescence data obtained for the protein in DOPC/DOPG vesicles
suggested a model of two a-helical domains with unstructured region (residues 1-9) and general tilt
(residues 12-46) by 18° relative to membrane normal. The state of art regarding the model for M 13 protein
structure can be found in the recent publication [198].

3.4.2 Intrinsically disordered C-terminal domain of the measles virus nucleoprotein

Intrinsically disordered proteins (IDPs) are functional proteins that do not fold into well-defined, unique
three-dimensional structures under physiological conditions [40,42,50,186,192]. Although there are IDPs
that carry out their function while remaining permanently disordered, many of them undergo induced
folding, i.e. a disorder-to-order transition upon binding to their physiological partners.

Measles virus (MV) belongs to the Paramyxoviridae family within the Mononegavirales order. This
order includes several human pathogens with a strong socio-economical impact and comprises both well
characterized viruses (as for instance mumps, parainfluenza, rabies and Ebola viruses) and emerging
viruses, such as the Nipah and Hendra viruses that are responsible for encephalitis with a high (>50%)
case-fatality rate. With approximately 800,000 deaths worldwide, measles ranks 8th as the cause of
worldwide mortality and represents the main cause of childhood mortality in developing countries. Despite
extensive vaccination campaigns, the disease has not been eradicated yet. Furthermore, outbreaks occur
even within vaccinated populations. To date, no effective antiviral treatment exists [20].

MV’s non-segmented, negative-sense, single-stranded RNA genome is encapsidated by the viral
nucleoprotein (N) within a helical nucleocapsid. This latter is the substrate used by the viral polymerase
complex during transcription and replication. The viral polymerase complex consists of the large protein
(L) and of the phosphoprotein (P) that is an essential polymerase co-factor as it tethers the L protein onto
the nucleocapsid template [128].

The MV nucleoprotein consists of two regions: a structured N-terminal moiety, NCORE (aa 1-400),
which contains all the regions necessary for self-assembly and RNA-binding, and a C-terminal domain,
Nrar (aa 401-525) that is intrinsically unstructured [105] and exposed at the surface of the viral
nucleocapsid [62,82]. Due to its intrinsic flexible nature Ntajp interacts with various partners, including
host cell proteins and the P protein. The P protein is an essential subunit of the viral polymerase complex. It
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has a modular organization and its C-terminal X domain (XD, aa 459-507) is responsible for binding to
Nra. Within a conserved region of Nyap (aa 489-506, Box2), an a-helical molecular recognition element
(0-MoRE, aa 489-499) is involved in binding to P and in induced folding [21,81].

The current picture of the Ntay -XD complex, that is schematically presented in Figure 20, is based on
the study of the crystal structure of a chimeric construct consisting of XD and of the 486-504 region of
Nrar [91] as well as SDSL EPR experimental study [128] and on the small angle X-ray scattering study
providing a low-resolution structural model of the complex between XD and the entire Nta;p domain [22].
The later two show that the Nyap region upstream Box2 (residues 401-488) remains disordered in the
complex and does not establish contacts with XD. On the other side, they also indicate that Box2 and
probably also Box3 of the C-terminal region of Npap are involved in binding to XD. Despite all the studies
above and additional characterizations gained by CD spectroscopy, surface plasmon resonance and NMR
spectroscopy [19,20,22,128] the structural characterization of the C-terminal domain of the measles virus
(MV) nucleoprotein in its native water environment at high temperature is still not resolved.

1 NPNT——— N-PNT— 400 NTAIL 525

| NCORE | |
N-N and N-RNA — “N-PCT

Figure 20: Model of the N14;;-XD complex. The predicted (A) structure was then experimentally observed (B) in
the chimeric construct (encompassing residues 486-504, pdb code 1T60) as derived by small-angle X-ray
scattering studies, highlighting the involvement of the a-MoRE and of the C-terminus of Npay (Box3) in the
interaction with XD [22]. The three regions of homology conserved in Morbillivirus members [39], namely
Box1, Box2 and Box3, are highlighted (C).
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3.5 Optimization of protein structure

The goal of our work is to use the series of free rotational spaces that are experimentally obtained for a
membrane protein spin-labelled along its primary sequence, as constraints in optimizing its three-
dimensional structure and membrane-embedment. For this, we use a stochastic optimization algorithm to
tune the secondary structure of the protein and the relative position of the protein in the membrane (or
relative to the protein complex core), so that the calculated local restrictions fit the characteristics extracted
from the experimental EPR data.

The optimization module is based on a stochastic algorithm of the Metropolis Monte Carlo family [92]
with several elements of the evolutionary algorithm (mutation operator, replacement operator and elite)
[44,52] (see the scheme of a single optimization run in Figure 22). However, unlike conventional
evolutionary algorithm, each optimization run tunes just a single structure. One run counts for 200
generations. At each generation the current structure of the protein is modified by mutation (modification
of backbone dihedral angles), crossover (introduction of the secondary structure motifs of successful
structures achieved in previous generations and stored in elite) and shaking (orientation shaking, long axis
rotation and position shifting) operators. For each new structure simulated restrictions are compared with
the experimental SDSL-EPR data-based restriction profile. The quality of the fit at each generation is
evaluated by the goodness of fit as follows:

N&|l AQ

exp,i

2
1 Q&x N3 _Qsim,i
- by(tata],

where N is the number of spin-labelled mutants, Q.,; and €;,,; correspond to experimentally derived and
simulated free rotational space values at i-th mutant position, while AQ,,, ; represents the inaccuracy of the
experimental free rotational space.

Table 2: Parameters of the algorithm for protein structure optimization.

Parameter Value Description

NRuns 1000 runs  Number of optimization runs

Ngen 200 gen Number of runs generations

sigVariationRange Number of flexible molecules

Clashes

MaxClashes 1000 Maximum number of allowed subsequent clashes in a single generation
Shaking dihedrals

sigmaDih 5° Minimal shaking amplitude of backbone dihedral angles
sigmaDihLimit 20° Maximal shaking amplitude of backbone dihedral angles
DihSigArray 5-20° Array of backbone dihedral angles shaking amplitudes
Corossover

CrossoverThreshold  0.05-0.3 Elitist crossover probability

Shaking chain

sigmaCoord 2A Protein chain position shaking amplitude

sigmaBase 0.01rad Protein chain direction shaking amplitude

sigmaRot 10° Long axis rotation amplitude

Membrane

sigmaMemThickness 0.3 A Bilayer steric thickness shaking amplitude
sigmaTransMemN 3 res Transmembrane region shaking amplitude at N-terminal end
sigmaTransMemC 1 res Transmembrane region shaking amplitude at C-terminal end
Metropolis

kT threshold - Metropolis temperature and threshold criteria

Best replace

NUnsucc 10-30 gen  Number of subsequent unsuccessful generations

Fine Tuning

NFineTuneBest 3-15 gen Number of generations for the fine-tuning after the best structure is found

NFineTuneCur 3-10 gen Number of generations for the fine-tuning of the current structure
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The goodness of fit ;(2 guides the optimization routine determining and influence acceptance of the new
structures for the next generation of structural evolution. Each time a new best-fit structure found, the
algorithm turns on the fine-tuning mode, which tries to do local optimization of the best-fit structure to
even more improve the fit.

The settings of the optimization algorithm common for any structural optimization task are listed in
Table 2. Many of the algorithm operators (backbone dihedral angles shaking amplitudes, elitist crossover,
metropolis criterion, replacement by the best and fine tuning) depend on generation number.

Figure 21: Parameters for the protein structure optimization. A. Relative position and orientation of membrane-
embedded M13 coat protein [84] parameterised according to Table 3. The protein is shown with the
conformational spaces of the amino acid side chains and spin label. The starting, tmg,,, and ending, tm,,q residues
of the transmembrane part of the protein as well as a reference n,., residue in the centre of the transmembrane
domain are highlighted. The yellow planes indicate the restrictive region of the lipid bilayer. B. Ntaj. protein is
parameterized relative to the partner protein XD according to Table 4 and presented by backbone atoms (left)
and conformational spaces (right).

After multiple runs of optimization, many final structures will have the similar goodness of fit, given by different Q
profiles, providing a family of structures. Such a method is comparable to the distance geometry approach employed
in two-dimensional solution NMR spectroscopy that also results in a family of structures [9,26,137].

The main structural parameters that are being optimized are the pairs of the dihedral angles {¢;, y}. In
addition depending on the specific protein optimization task there are parameters describing the positions
and orientation of protein chains in the membrane (in case of membrane proteins) or in relationship with
one another (in protein complexes). When optimizing the protein structure in a membrane, the parameters
that describe the protein-lipid arrangement (see Figure 21A) are tuned simultaneously with the dihedral
angles of the protein. In addition, in case of membrane proteins, the steric thickness of the bilayer [130] has
to match the protein tilt angle and transmembrane length. Furthermore, the relative orientation of the
protein in the membrane is tuned by a vertical shift and the rotation of the protein around its long axis. In
case of optimization of a protein chain in a protein complex, the parameters that describe position and
orientation of the chain in relation to the complex (core) are: relative chain displacement, relative
orientation, long axis rotation (mainly for helical chains) (see Figure 21B).

3.5.1 How single optimization run works

The common optimization algorithm scheme is presented in Figure 22. In the beginning of the optimization
run an initial protein structure is generated. In addition, optimization algorithm requires the following: a)
initialization of the Ramachandran plot, which is used in mutation operator (changing the backbone
dihedral angles) and which helps to reduce the search space; b) setting of the mutant positions; c)
initialization of the experimental data (experimentally obtained local restrictions in terms of rotational
space, Q and the rotational diffusion, D); d) modelling of the lipid bilayer, in case of membrane proteins; )
setting the initial values for the optimization parameters presented in Table 2.

The first generation starts with calculation of the restrictions. At each next generation, before restrictions
calculation is done (orange box in Figure 22), the current structure of a protein system is being modified by
internal (modification of the secondary structure of a protein via mutation and crossover operator applied to the
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backbone dihedral angles of a protein, see red box in Figure 22) and external (modification of the position and
orientation of the protein towards the membrane or other protein, see the yellow box in Figure 22) operators.
First of all, the optimization parameters (Table 2) and the backbone dihedral angles amplitudes are updated
(unless the parameters dependence on generation is turned off). Second, the mutation operator (fine-tuning or
larger structural shaking depending on algorithm stage) is applied to modify the secondary structure of the
protein. Third, the elitist crossover is applied (for each structure with calculated restrictions the subsequences
with the corresponding goodness of fit are stored in the Elite database and used later for elitist crossover).
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Figure 22: The scheme of the structure optimization algorithm. Dashed boxes represent the optional operators.

External operators modify orientation of the protein towards the membrane (in case of membrane proteins)
or towards the other protein if this is the case of protein complex. This also includes the rotation of the protein
around its long axis (relevant for helical chains), setting of the lipid effect or any external restrictive effect
from the environment, and modification of the position of the protein towards the membrane or other protein.
At several stages, before any next operator is applied, the protein system structure is checked for steric
clashes. The latter relies on the original van der Waals atom radii data listed in Table 11 in Appendix B.
Algorithm continues only if there no internal overlap, otherwise it returns to a previous operator and makes
another try. It should be noted, that there is a maximum number of clashed structures allowed in one
generation (MaxClashes in Table 2). If this number is achieved (box Blind alley in Figure 22) the current
structure is replaced with the initial structure in order to avoid algorithm getting into the dead-end.

After the new structure is generated, the local restrictions at mutant positions are calculated, and the
obtained restriction profile g, is compared with the experimental Q.. If the goodness of fit X2 is better
than the best found so far, the current structure becomes best and the fine-tuning mutation mode is turned
on. Thus, the current structure becomes the parent for the next generation. If the new structure is not the
best, it may still become the parent if the Metropolis criterion is satisfied. If the new structure is rejected,
the parent stays the same as in previous generation. However, there is also some small probability,
depending on the number of unsuccessful generations, that the current structure is replaced with the best.

The algorithm repeats this main loop with updating the optimization parameters and dihedral angles
amplitudes as well as with generating a new structure until the maximal number of generations is reached.
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3.5.2 Detection of the topology of M13 coat protein

To validate the structural optimization approach, we compared the simulation and experimental data of the
conformational space of 3-maleimido proxyl spin label of 27 mutants of the M13 coat protein reconstituted
in phospholipid bilayers [171,172]. A stochastic optimization algorithm was used to tune the secondary
structure of the M 13 protein and the relative position and orientation of the protein in lipid bilayer, so that
the calculated local restrictions would correspond to the characteristics extracted from the experimental
EPR data. Finally, a population of best fit structures was compared to a fluorescence-based protein model
[93,131,132] of the membrane-embedded M13 protein [84].

Sample preparation and EPR spectroscopy. Various site-specific single cysteine mutants of the M13
major coat protein were prepared, purified, and labelled with 3-maleimido proxyl spin label as described
previously [124,161]. Labelled mutants were reconstituted into lipid bilayers at L/P 100 as reported earlier
[124,162]. For the purpose of EPR measurements, the proteoliposomes were then concentrated using
lyophilization and subsequent rehydration and were collected by high-speed centrifugation [171].

Samples of reconstituted spin-labelled mutants in different lipid bilayers were filled up to 5 mm in 50-
ml glass capillaries that were accommodated within standard 4-mm diameter quartz tubes. EPR spectra
were recorded at room temperature on a Bruker ESP 300E EPR spectrometer (Bruker Instruments,
Billerica, MA) equipped with a 108TMH/9103 microwave cavity. The EPR settings were 6.38 mW micro-
wave power, 0.1 mT modulation amplitude, 40 ms time constant, 80 s scan time, 10 mT scan width, and
338.9 mT centre field. Up to 20 spectra were collected to improve the signal/noise ratio [172].

Data analysis by motional patterns condensation. The experimental spectra were fitted by a model of
asymmetric motional restriction of a spin label, which is based on fast rotational motion approximation,
with 4 spectral components as it is described in Section 3.1.3.1. Motional patterns, or a distribution of
motional patterns, were resolved from the EPR spectra with the implementation of multi-run HEO (Section
3.1.3.2) and GHOST condensation algorithm (Section 3.1.3.3) that filters and groups the solutions found in
the spectrum optimization runs [49,85,171-173,178].

Optimization of protein structure. By using structural optimization algorithm the parameters of the
protein-lipid model (see Table 3) were optimized by improving the fit of simulated local restrictions data
along the protein sequence to the available experimental free rotational space data obtained from EPR
spectra of 27 mutants of the M13 coat protein reconstituted in 14:1 PC phospholipid bilayers.

Table 3: Optimization parameters for the membrane-spanning transmembrane M13 protein system.

Parameter Unit Description

{o, v} 2x49 pairs of dihedral angles (first and last angles, ¢; and s, are not defined)
Mgt - Starting position of the transmembrane region of the protein

o

Moy - End position of the transmembrane region of the protein

D A Steric thickness of the membrane (see Figure 161)

0 ° Tilt angle of the protein with respect to the membrane normal

i A Shift of the protein in the bilayer along the membrane normal (used for the fine-
tuning of the transmembrane position of the protein)

1) ° Rotational angle (rotation of the protein around the long axis)

Initially the secondary structure of the protein was set to an o-helical conformation (¢ =-57° and y=—
47°). The lipid effect was defined for the transmembrane region between amino acid positions 14 and 46
according to the experimental profiles for the free rotational space Q2 and rotational dynamics [172]. The
initial steric thickness of the bilayer was set to 40 A resulting in an initial protein tilt of about 35° in
accordance with the fluorescence-based protein model [93,131,132]. The multi-run optimization was
repeated for 1000 times. Each run contained 200 generations. At each generation a new structural
conformation of the protein was obtained by modifying stochastically the dihedral angles of the main chain
{¢, W}, by tuning the parameters of lipid bilayer (steric thickness D), and by optimizing the relative
position and orientation of the protein in the lipids (tMgar, tMend, 0, @, danisr.). For each new structure the
corresponding local structural restrictions were calculated. Thus altogether about 200,000 different global
structural conformations were checked.
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3.5.3 Detection of conformational changes in NrtarL

Herein the structure characterization approach is applied to translate multiple SDSL EPR data into structural
characterization of the intrinsically disordered C-terminal domain of the measles virus (MV) nucleoprotein
(NtarL, aa 401-525) [105] alone or in a complex with and the C-terminal X domain (XD, aa 459-507) of the
phosphoprotein, shown to be responsible for binding with Ntay and for its a-helical folding [81].

Sample preparation and EPR spectroscopy. The details about expression, purification and preparation of
Nrarw as well as the details about the spin labelling could be found in [12]. EPR spectra were acquired using
liquid nitrogen cryostat on an Elexsys E500 Bruker spectrometer equipped with an ELEXSYS Super High
Sensitivity resonator operating at 9.3 GHz. The microwave power was 20mW and the magnetic field
modulation frequency and amplitude were 100 kHz and 0.15 mT, respectively. Before EPR experiment 20 L.
sample was warmed up in water bath at 296 K to equilibrate for 10 minutes, quickly transferred into quartz
capillary and measured at 296 K. Then the sample was cooled down in 1 minute, equilibrated for 2 minutes
and measured at temperatures in the low range (279 K, 281 K and 283 K). The temperature changing time
was about 1 minute and the temperature equilibration time was 2 minutes (T stability < 0.3 K, T accuracy
<0.2 K). Finally, the temperature was raised to the high range (308 K, 310 K and 312 K), with the 25 K jump
taking approximately 10 minutes (including the equilibration time). The measurement time (in terms of the
number of acquisitions) was modified to get satisfactory signal-to-noise ratio of the spectra.
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Figure 23: The overview of the approach of structural characterization of Nt -XD complex. The approach is
based, from one hand, on site-directed spin labelling (A), EPR spectroscopy (B), multi-component spectral
analysis and GHOST condensation (C), and from the other hand, on protein structure modelling (E),
conformational space modelling and restrictions calculation (F), fitting (H) of simulated restriction (J) to
experimentally obtained data (D), and structure optimization (I).

Data analysis by motional patterns condensation. The experimental spectra were fitted within the fast
restricted rotational motion approximation with 2, 3 or 4 spectral components (depending on the signal-to-
noise value: below 100, between 100 and 150, and above 150, respectively) as it is described in Section
3.1.3 (similarly as it was done to detect motional pattern for the M13 coat protein). 20 runs of dHEO
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optimization [49,85,173,178] was performed for each of the 336 spectra and condensed with GHOST
condensation procedure [85,173,178] as schematically depicted in Figure 23C. All the condensed solution
in terms of motional patterns was plotted against temperature for each sample and environment to detect
the significant motional patterns. Those without monotonous local temperature dependence have been
deleted (like isolated patterns without temperature dependence, patterns that does not have similar patterns
at nearby temperature, etc). In addition, all the patterns with the weight below 10 % were also ignored as
they do not contribute to the main results significantly.

Finally, the local temperature sets, 279 K - 283 K as well as 308 K - 312 K, were used to get average
condensed solution pattern set for low temperature (281 K) and high temperature (310 K). The rotational
restrictions were then used in terms of free rotational space €).,, and normalized rotational diffusion Dy,
positional dependences as in [172] and schematically presented in Figure 23D.

Optimization. A stochastic optimization algorithm was used to tune the secondary structure of Nray and
the relative position of the Ntay towards XD, so that the calculated local restrictions would correspond to
the characteristics extracted from the experimental EPR data. Initial structure of Nt -XD complex was
based on a chimera structure [91], available at Protein Data Bank (PDB) as 1T60.pdb.

Table 4: Optimization parameters of Ny, protein structure in complex with XD.

Parameters Unit Description

{@, v} ° 2x40 pairs of dihedral angles (first and last angles, ¢, and w4, are not defined)
Ax A Displacement vector of the Ny relative to XD

A ° Orientation tensor of the Ntar. chain relative to XD

7 ° Rotational angle (rotation of the Ntaj. around its long axis relative to XD)

The parameters that are optimized are listed in Table 4. The optimization module was based on a
stochastic algorithm of the Metropolis Monte Carlo family with several elements of the Evolutionary
Algorithm (see section 3.5 for details).
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4 Results and Discussion

In this chapter, first, the results from enhancement of EPR data analysis are presented and discussed
following by the testing of the conformational space modelling, and the M 13 protein structure optimization.
Finally, the results of application of the proposed approach to study the changes of the secondary structure
of the measles virus nucleoprotein are discussed.

4.1 Speeding-up GA for SL EPR-based characterization of biosystem
complexity

Spin label EPR-based characterization [85,178] is one of the basic component of the protein structure
characterization approach [176] presented in this thesis. Our goal was to make the EPR spectral analysis
procedure more feasible by speeding-up of the computationally expensive spectrum optimization routine.
With this goal in view, our strategy was to reduce the number of optimization runs and preserving the
quality of the results. The “grid” problem was found to be the cause of loosing the solution diversity, and
the problem was solved with introduction of the “shaking” operator. New modification of the spectrum
optimization algorithm was tested within this work and also by the following successful application of the
EPR spectral analysis and GHOST condensation method [86,94,95,135,171,172].

4.1.1 Reduction of the number of multiple runs

To measure the efficiency of the HEO algorithm modifications the following criteria were selected:
GHOST quality (solution diversity, solution domains determination, model parameters distribution);
minimal fitness achieved in ;(Zmi,,, and fitness deviation of ;(2), that is 40% of the best szm values; runs
contribution histograms; and maximal detected solution density p,.... To check the universality of the new
algorithm we analyzed two types of EPR spectra: experimental ones (from membranes and membrane
proteins) and synthetic (discrete and continuous).

In our attempt to enhance the optimization algorithm, we first reduce the number of HEO runs from 200
to 20 and increase in the contribution of each run (more than one best parameter set). The results for a
typical experimental spectrum are shown in the Figure 24 where the GHOST diagram (Figure 24B) and runs
contribution histogram (Figure 24C) are compared with the original GHOST diagram based on the 200 runs
(Figure 24A). It can be easily seen that the distribution of solution is not maintained, so this can not be the
right approach to reduce the computational demand of the problem. In addition, it can be also seen on the runs
contribution histogram in the Figure 24C, that only a few runs (such as the first, seventh, ninth and
seventeenth) contribute to the GHOST presentation, whereas the other runs (i.e. the third, fourth, tenth, ezc.)
have no contribution at all. This causes a loss of solution diversity, a worse distribution of 7 (see minimum
value and distribution width in “20 runs” column of Table 5) and a wrong solution domains determination
(Figure 24B). In addition one can also see a higher solution density as a consequence of the crowding in the
phase-space. And even worse result is achieved when the modified “20 runs” approach is tested on a
continuous problem: compare original “200 runs” (A) and “20 runs” (B) in the Figure 26. The bad GHOST
picture arises from the fact that the contribution of the runs is extremely uneven (Figures 26B), originating in
a solution crowding.



36 Results and Discussion

] 02 ns ors

Figure 24: Typical characterization of spin labelled membrane. A. GHOST as a result of 200 runs of HEO where
only one solution is extracted from a single run. B. GHOST as a result of 20 runs of the same HEO algorithm
where on average 10 solutions are taken from each run. C. Runs contribution histogram for the case of 20 runs
where the number of runs is shown along the x-axis and number of solution (taken from particular run) along the
y-axis.

Table 5: Optimization parameters after 200 and 20 runs for the real membrane spectrum (for the experimental
preparation see the caption to the Figure 11).

Criteria 200 runs 20 runs
2 min 3.4 4.09
o) 2.04 1.87
Pmax 64.2 71.5

According to the literature, the sharing implementation could change the result [55,110]. To test the
sharing approach the continuous problem was chosen (Figure 26A). The results of this test in terms of the
runs contribution histogram and GHOST cross-section are shown in the Figures 26C. It can be seen that the
GHOST representation better resembles the original one, and also the contribution histogram becomes
more even. However, the distribution of 7’ is worse (see the minimum value and the distribution width in
“sharing” column of Table 6). This result was not good enough, even when we increased the population
size from 300 to 600 (to keep convergence at the same level due to the sharing implementation), modified
the elite set and changed the selection strategy in the GA algorithm.

4.1.2 Detection of the “grid” problem and implementation of the “shaking” operator

By careful analysis of the parameters in the resulting solution distribution, we found the origin of the
unsuccessful implementation of the sharing approach — the shortcoming of the three-point crossover. The
latter is one of the most important operators in the GA algorithm and assures that “genetic material” related
to good model parameters can spread and copy through the population. After a few generation decades the
population forms a “grid” in the search space (Figure 25A) as a consequence of the rough action of the 3-
point crossover operator. This leads to the loss of solution diversity.

Pyl

Figure 25: Schematic presentation of the “grid” problem (A) for three cross-sections of the phase-space and its
solution (B) in single run. A. Due to the standard multipoint crossover, subgroups of parameters are “transferred”
between generations untouched, resulting in a grid-like distribution of the GHOST solution (single run). The
lines indicate very high vertical and horizontal densities of solutions that evolve from copying of parts of
parameter sets within the optimization routine. B. Single run GHOSTs (with population size 600). Original
version with crowding problem (left) — several solutions are crowded in many regions and the version with
shaking that maintains diversity (right) — solutions crowded in each point previously now spread over the flat
minima region with the help of shaking operator.
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In the HEO algorithm only a local search operator is capable to restore the diversity and eliminate the ~grid”,
but due to the high computational cost and extremely high impact on the convergence to local minima the
probability of the Downhill-Simplex local search operator should be and is very low. Therefore the local search
operator cannot be used to maintain population diversity. Instead, a new idea of “shaking” was introduced in our
work keeping the standard crossover. As it was described in the Methods section, the shaking operator
introduces a small deviation in parameters, thereby diminishing the effect of the “grid” problem.

Indeed, the implementation of the shaking operator allowed the algorithm to overcome the solution
crowding and increased the population diversity already in a single run. This result is shown in the Figure
25B for a continuous problem that represents the most extreme case of the complexity.

The results of the implemented shaking operator are shown in the Figures 26. One can see that the shaking
operator considerably improves the result of a single run as the GHOST pattern from 20 runs (Figure 26D) is
very similar to the original one (Figure 26A), the runs histogram is very even Figure 26D), and finally the
distribution of 4 is very good (Table 6).

a0 100 150 200
run index run index run index run index

Figure 26: Comparison of the effectiveness of different multi-run HEO-GHOST approaches on the synthetic 15-
component spectrum together with runs contribution histogram. Comparison includes also runs contribution
histograms. A. GHOST and runs contribution as a result of 200 runs of original HEO routine. B. GHOST and
runs contribution as a result of 20 runs of the original HEO routine. C. GHOST and runs contribution as a result
of 20 runs of the modified HEO routine that includes sharing operator. D. GHOST and runs contribution as a
result of 20 runs of the modified HEO routine that includes shaking operator as described in the text.

Table 6: Comparison of the i distributions and solution densities for the different multi-run HEO-GHOST
approaches on the synthetic 15-component spectrum that simulates quasi-continuous distribution of spectral
parameters (see also caption to the Figure 26).

Criteria 200 runs 20 runs  sharing  shaking

2 min 1.17 122 1.65 1.24
o) 09 0.4 1.29 0.9
Prmax0 69.5 75.7 69 66.1

4.1.3 Testing of the modified algorithm

In further testing, the algorithm with the new shaking operator was also applied to several experimental and
synthetic spectra in order to cover a wide range of possible systems related to discrete and continuous
problems. The results of the characterization of four different examples are shown in the Figure 27, where the
GHOST diagrams of different approaches are compared (original “200-runs” approach is compared against
“shaking-20-runs” approach). The GHOST diagrams are very similar, confirmed also by the comparison of
the averaged values and the distribution widths of the condensed parameters (table is not shown).
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Figure 27: Comparison of GHOST plots of original-HEO approach versus shaking-modified-HEQO together with
runs contribution histogram for the shaking-modified-HEO based on 20 runs. The original-HEO approach with
200 runs (above) is compared versus modified-HEO (with shaking) based on 20 runs (bellow). A. GHOST plot
and runs contribution of the synthetic discrete 2D spectrum that was constructed from two spectral components
with the known parameter set and optimized as unknown one. B GHOST plot and runs contribution of the
synthetic quasi-continues spectrum (see the caption to the Figure 26). C. GHOST plot and runs contribution of
the spectrum of the real membranes of breast cancer cells MT1 in the exponential phase of growth: MT1 breast
cancer cells were seeded at approximately 10° cells in a culture flask with surface area of 75 cm? spin labelled
with the methyl ester of 5-doxyl palmitate, MeFASL(10,3), and measured under the same conditions as the
membranes of horse neutrophils (see the caption to the Figure 11). D. GHOST plot and runs contribution of the
spectrum of the spin labelled (maleimide spin label) cystein mutant of major coat protein of bacteriophage M13
at amino acid position 46 reconstituted in dimyristoylphosphatidylcholine lipid bilayer [170].

Thus the approach enables us to reduce the number of HEO runs while preserving the quality of the final
result for the synthetic 15-component spectrum (Figures 26D, and Table 6) as well as for the other testing
experimental and synthetic spectra (Figures 27). Therefore by using this new algorithm, we are able to speed-
up the optimization process by a factor of 5-10.

4.2 Testing the sensitivity of the spin label conformational space to the

primary and secondary structure and to the lipid environment

Before local restrictions in proteins obtained via site-directed EPR spectroscopy, spectral simulation and
optimization (see Sections 3.1.3 and 4.1) are compared to the ones modelled by the spin label
conformational space restrictions simulations as described in Section 3.3, the sensitivity of the
conformational space had to be extensively tested according to variation in primary and secondary structure
of the protein, as well as according to the effect of lipids.
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4.2.1 Spin label conformational space sensitivity to primary structure

To test the sensitivity of the conformational space of the spin label to the primary structure of a protein, the
normalized free rotational space (2 was calculated for the 3-maleimido proxyl spin label attached to the
central (10™) cysteine residue of a number of artificially-designed 19-residue peptides in an o-helical
conformation (¢ =—-57° and w=—47°). Since the secondary structure in tests was set to be uniform among
all oligopeptides, the resulting differences in Q (Figure 28A) can be assigned to the properties of the amino
acid residues, i.c., to the primary structure. As can be seen in Figure 28A, the restrictive effect of the
primary structure depends on the flexibility and on the size of the amino acid side chains. The long and
flexible side chains of lysine and arginine as well as the bulky side chains of tryptophan, phenylalanine,
tyrosine and histidine show the strongest restrictions. On the contrary, the side chains of glycine, alanine,
and serine are smaller resulting in a less restricted conformational space for the spin label (Figure 28A).
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Figure 28: Spin label conformational space sensitivity to primary structure. A. Normalized free rotational space
Q) (orange data points) for artificially-designed 19-residue peptide homopolymers in an a-helical conformation
(¢ =—-57° and w = —47°) with the 3-maleimido proxyl spin label attached to the central (10™) cysteine residue.
For a few oligopeptides the conformational space of the spin label is illustrated in a molecular model with the
yellow colour corresponding to the restricted and red to the unrestricted conformations. B. Frequency (f)
histogram of the Q distribution for several thousands of conformations of an oligolysine peptide (K) (left) and a
simplified representation showing its inter-quartile ranges given by the 5™, 25™ 75" and 95™ percentile (right).
C. Inter-quartile ranges of typical peptides: oligoglycine — G, oligoalanine — A, oligolysine — K, oligoarginine —
R and oligotryptophan — W. In B and C all backbone dihedral angle pairs are the same along the oligopeptide.
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To examine the accumulated effect of primary structure for the different secondary structure motifs, the
backbone dihedral angles along the oligopeptides were varied stochastically within the allowed regions of
the Ramachandran plot. Since the secondary structure was uniform along the peptide, the changes in the
calculated normalized free rotational space Q for the different oligopeptides and for the specific secondary
structure are directly related to the properties of the particular amino acid side chains, i.e., to the primary
structure. To illustrate this effect, the Q values for an oligolysine peptide were sorted in a histogram (Figure
28B). This Q distribution was simplified by plotting the inter-quartile ranges that correspond to 5™, 25",
75", and 95™ percentiles of the Q distribution. For a number of typical oligopeptides the inter-quartile
ranges are plotted in Figure 28C. Amino acid residues with small side chains (i.e., glycine and alanine) are
not very restrictive, as indicated by a relatively large median and narrow distribution of the conformational
space of the spin label (Figure 28C, columns G and A). In this case, the spin label will be less sensitive to
different elements of the secondary structure. However, amino acid residues with bulky side chains
(tryptophan) or long and flexible side chains (arginine and lysine) more strongly confine the
conformational space of the spin label (see columns W, R and K in Figure 28C).

Among the tested structures the probability that the value of the normalized conformational space (2 of
the spin label in the oligolysine peptide exceeds 0.77 is 25%, and the probability that the spin label is
immobilized with an Q value below 0.63 is also 25% (Figure 28C, column K). It is even more striking that
the probabilities of the spin label being very unrestricted with Q above 0.84 and very restricted with Q
below 0.39 are both equal to 5%. The same applies to the oligoarginine and oligotryptophan peptides with
virtually identical probability levels (Figure 28C, columns R and W). This indicates that the spin label is
more sensitive to the secondary structure rather than to the primary structure.

4.2.2 Spin label conformational space sensitivity to secondary structure

To explore the sensitivity of the conformational space of the spin label to the secondary structure, the
backbone restrictions Rp (i.e., the reduction of the sum statistical weight due to overlap with the backbone)
were calculated for an artificially-designed oligoalanine peptide. By using alanine as a small amino acid
residue, we minimized the effect of primary structure. The dihedral angles ¢ and y at the position of the
spin label were systematically varied within the allowed regions of the Ramachandran plot with a grid step
of 5°, resulting in approximately 1000 different secondary structures. The remaining part of the
oligopeptide was fixed to an a-helix. The calculations show that Rp varies from 40 to 100% (Figure 29A),
indicating that most restrictions arise from an overlap of the conformational space with the backbone.
Consequently Q varies from 0.3 to 0.9 (data is not shown). Thus changing the secondary structure of a
protein locally at the spin label position considerably affects its conformational space.

To investigate how the secondary structure at neighbouring amino acid positions affects the
conformational space of the spin label, we repeated the calculation of Rp by changing the dihedral angles
further away from the i-th labelled site. The result is shown in Figure 29B for up to five amino acid
positions towards the N and C-terminal ends. The remaining secondary structure was fixed to an a-helix. In
all cases, the conformational space of the spin label is affected by this effect of the secondary structure, the
range of backbone restrictions varies from 30 to 100% (Figure 29B). Based on this finding it may not be
necessary to have all positions labelled. Instead, sites could be labelled alternately, reducing the number of
mutants by a factor of two. The restrictive effect is most strong, as expected, at one helical winding up or
down to the spin label site (i.e., at i+3 and i+4). For positions up to the C-terminal end (i.e., at i+3, the
restrictive effect is slightly larger as compared to positions down to the N-terminal end. This may be related
to the fact that in o-helices the amino acid side chains have the tendency to slightly tilt toward the N-
terminal end of the helix [32].
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Figure 29: Sensitivity of the conformational space of the spin label to the secondary structure. The 3-maleimido
proxyl spin label is attached to the central (10™) cysteine residue of a number of artificially-designed 19-residue
oligoalanine peptide in an a-helical conformation (¢ =-57° and y=-47°). A. Backbone restrictions R (i.e., the
reduction of the sum statistical weight due to overlap with the backbone) at the spin-labelled site. The dihedral
angles ¢ and y at the position of the spin label were systematically varied within the allowed regions of the
Ramachandran plot with a grid step of 5°, resulting in approximately 1000 different secondary structures. The
remaining part of the oligopeptide was fixed to an a-helix. Each allowed conformation is represented with a
coloured dot in the Ramachandran plot with the coordinates corresponding to the angles ¢ and y at the spin label
position (the red-yellow colour gradient encodes Rg from 0 to 100%). Molecular models of typical secondary
structures conformations (indicated on the left and right sides of the figure) point to the corresponding regions of
the plot. The regions for a-helix and B-sheet conformations are indicated as well. B. Backbone restrictions at the
spin-labelled site ;=10 arising from adjacent amino acid positions up to five to the N and C-terminal end (i.e.,
i*1, i£2, i£3, i+4, i£5). The remaining secondary structure was taken as a-helix. For labelling of the axes and for
the other details, see (A).

4.2.3 Spin label conformational space sensitivity to lipid environment

The tendency of lipids to reduce the conformational space of amino acid side chains was introduced in the
model as an additional restrictive factor that limits the conformational space of the spin label. This effect is
demonstrated through the normalized free rotational space Q of the membrane-embedded spin-labelled
M13 protein, for which we assumed that the protein is in an a-helical conformation [93,131,132,197]. To
enable comparison with experimental spin-label EPR data, we assume that the protein is reconstituted in
1,2-dierucoyl-sn-glycero-3-phosphocholine (22:1PC) phospholipid bilayers [172] with the transmembrane
region defined between amino acid positions 9 and 47 and a steric bilayer thickness of 55 A. This protein-
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lipid model implies that the restrictive lipid effect extends into the phospholipid headgroup region. In this
way, the tilt angle of the protein in the membrane turns out to be around 20°, in good agreement with a
protein model based on site-directed fluorescence labelling [93,131,132]. For comparison we also examine
the protein without a lipid environment.

For almost all amino acid positions in the transmembrane region of the M13 coat protein, the
normalized free rotational space Q is reduced by 20-40% due to the lipid effect (Figure 30A). Also, the
trend of the values for Q is slightly changed by the lipids. This is due to the fact that at each spin-labelled
site the lipid effect strongly depends on the relative orientation of the conformational space of the spin label
in relation to the membrane normal (i.e., the restrictive effect of the lipids depends on the angle between the
lipids alkyl chains and the spin label side chain conformations).

The effect of the orientation of the M13 protein in the membrane (i.e., rotation about the helical axis) on
the conformational space of the spin label was studied by systematically changing the orientation angle
from 0 to 360° by 1°. Then the values for (2 were calculated for the different spin label positions along the
protein. The secondary structure of the protein, the transmembrane region, and the tilt angle were set to the
same values as in the previous calculation. From these Q data the frequency histograms were determined
(Figure 30B) and for each amino acid position collected in Figure 30C. As can be seen, this approach
results in quite wide ranges for Q in the transmembrane region. This effect is due to the change of the
relative orientation of the conformational space of the spin label in relation to the membrane normal. Thus
simultaneous analysis of the experimental Q values from SDSL-EPR data combined with modelling of the
membrane-embedded protein may reveal the correct orientation angle of the protein in the membrane.
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Figure 30: Sensitivity of the conformational space of the spin label to the lipid environment. The 3-maleimido
proxyl spin label is attached to the membrane-embedded M13 protein in an o-helical conformation (¢ = —57°
and = -47°). The transmembrane region is defined between amino acid positions 9 and 47, corresponding to a
tilt angle of 20°. A. Free rotational space Q of the spin label at different amino acid positions on the protein in
the presence of lipids (grey curve) and without lipids (black curve). B. Effect of orientation of the M13 coat
protein in the membrane by systematically changing the orientation angle from 0 to 360° in steps of 1°, shown in
a frequency histogram (left) and using a blue colour coding (right). The spin label is at position 23. C. Amino
acid position dependence of the Q2 data as determined in (B).
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4.2.4 Contribution of different restrictive factors to conformational space restriction

To summarize the tests of conformational space sensitivity we will discuss the contribution of different
restrictive factors to conformational space restrictions.

The sum statistical weight of the conformational space, Psyys, Which is the sum of the statistical weights
of the single conformations P;, shows the total effect of the different restrictive factors that contributes to a
reduction of the statistical weight. This is given by:

Pouu :PS[ZLZH(I_RB_RS_RL): (17)

where PS’;’,Z(;’” is the sum statistical weights of the unrestricted conformational space; Rz, Rs, and R,

characterize the reduction of the sum statistical weight due to overlap with the backbone and neighbouring
side chains, and due to the lipids, respectively.

A relative analysis of the different restrictive factors that contribute to the restriction of the
conformational space of the spin label shows that approximately half of the restrictions arise from the
overlap of the side chain conformations with the backbone (Table 7). The conformational overlap with
neighbouring side chains and lipids contributes to the restrictions with about 30 and 10%, respectively. This
means that half of the conformations become fully restricted due to ‘hard’ overlap with the backbone, the
other half of the conformations considerably lose their statistical weights and finally the occurrence
probability of still allowed conformations is redistributed. These results indicate that the major restrictive
factor that defines the conformational space of the side chains is the secondary structure of the protein. The
side chains compete for the available space with each other and also with the surroundings (e.g., the lipid
alkyl chains).

Table 7: Computational results of the relative comparison of the restricting factors that contribute fto the
reduction of the conformations statistical weights and restrict the conformational space of the spin label.

Restricting factor Notation Reduction of initial probability Psy,
Overlap with the backbone Ry ~50-60 %

Side chain neighbourhood Ry ~30%

Lipids Ry ~10 %

4.2.5 Analysis of side chain rotational restrictions of membrane-embedded proteins

In order to determine the potential ranges of the rotational restrictions the protein modelling was tested
against recently published experimental data of free rotational space of the membrane-bound M13 major
coat protein [172] (Figure 31, red triangles). For this protein, consisting of 50 amino acid residues, 27
single cysteine mutants were available. They span the whole primary sequence of the protein and they
cover almost the complete range of values of the free rotational space Q2 (see also section 4.3.1) of the 3-
maleimido proxyl spin label for the protein reconstituted in phospholipid bilayers consisting of 1,2-
dierucoyl-sn-glycero-3-phosphocholine [171,172].

The experimental free rotational space  was compared with the value of Q obtained from the
simulation of the restrictions of the side chain rotational spaces (Figure 31). For simplicity, we assumed a
membrane-embedment of the protein based on a recently published model, using an a-helical protein with
a tilt angle of 18° with respect to the membrane normal and with membrane crossing points at positions 9
and 47 [93,131,132]. To analyze the effect of protein conformation and membrane-embedment on the
simulated free rotational space Q, we generated a number of 5000 different helical structures of the protein
with dihedral angles ¢ and y uniformly distributed around the values for an a-helix: -57+£30° and -47+30°,
respectively. The Q values related to the original a-helical protein model (¢ = -57° and y= -47°) are
indicated with white triangles in Figure 31. The observed variation in Q values represents the effect of the
various amino acid residues in the primary sequence of the protein. In one set of simulations, we left out the
lipid effect in Eq. (1), showing the variation of QQ for a ‘free’ protein (Figure 31A). At all spin label
positions along the primary sequence of the protein the simulated Q values were summarized into
frequency histograms (see the cyan-blue histograms of the relative frequency of a given value of Q in
Figure 31). As can be seen, the calculated restrictions from the simulated helical structures produce a wide
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range of Q) values that nicely cover the experimental data. In a second simulation approach, the effect of the
lipids was included. In this case, there is a reasonably good agreement between the SDSL-EPR
experimental data and the simulated data for all spin label positions (Figure 31B). The deviating positions
25-29 most likely indicate that the simulated structure did not produce locally a secondary structure motif
that would sufficiently restrict the conformational space of the spin label. This problem is addressed by
introducing an optimization procedure in our calculation, which tunes the backbone dihedral angles and in
fact eventually would produce an optimized ensemble of best-fitting structures.
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Figure 31: Sensitivity of the free rotational space to the primary sequence and variations of the protein secondary
structure and the effect of the lipids for the membrane-embedded spin-labelled M13 coat protein. The histograms of
the relative frequency of a given value of Q (colour-coded by continuous shades of blue, such that cyan is the lowest
frequency and dark blue is the highest frequency within the set of 5000 modelled near helical structures; see text) at an
amino acid position along the primary sequence are plotted both for the ‘free’ protein A. and for the protein in a lipid
environment B. The red triangles correspond to the experimental values of Q. The white triangles indicate the (2 values
related to the original a-helical protein model (¢ =-57° and = -47°) as defined in [93,131,132].

4.3 Optimization of the membrane-embedded M13 protein structure by

fitting simulated restrictions to experimentally obtained restrictions

The secondary structure of the membrane-embedded M13 protein, the thickness of the lipid bilayer and the
position of the protein relative to the membrane normal were optimized with a multi-run optimization algorithm.
The simulation data allow a comparison with the experimental data obtained from SDSL-EPR spectra of 27
mutants of the M13 coat protein reconstituted in 14:1PC bilayers [171,172]. This protein served as a reference
membrane protein to test the basic ideas of our approach. Initially the secondary structure of the protein was set
to the a-helical conformation (¢ = —57° and = —47°). The lipid effect was defined for the transmembrane
region between amino acid positions 14 and 46 according to the experimental profiles for the free rotational
space Q and rotational dynamics [172]. The initial steric thickness of the bilayer was set to 40 A resulting in an
initial protein tilt of about 35° in accordance with the fluorescence-based protein model [93,131,132]. The multi-
run optimization was repeated for 1000 times. Each run contained 200 generations. At each generation a new
structural conformation of the protein was obtained by modifying stochastically the dihedral angles of the main
chain, by tuning the parameters of lipid bilayer, and by optimizing the relative position and orientation of the
protein in the lipids. For each new structure the corresponding local structural restrictions were calculated. Thus
altogether about 200,000 different global structural conformations were checked.
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4.3.1 Site directed spin labelling and EPR experiments

First, to resolve the local conformation of the protein in 14:1 PC lipid bilayers, 27 out of 50 amino acid
residues were replaced for a cysteine residue, spin labelled, reconstituted into lipid bilayers, and the EPR
spectra were recorded. To extract the local structural information, the EPR spectra were simulated with a
multi-component model of asymmetric motional restriction [49,171,172,178] and characterized via a multi-
run hybrid evolution optimization method [178]. The goodness of fit was chosen to be the reduced y°
function (Eq. 1) and for all 27 mutants, the quality of the simulated EPR spectra is excellent — the reduced
% is between 3 and 5 at a signal/noise ratio between 250 and 400.
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Figure 32: Amplitude normalized EPR spectra of the spin-labelled M13 coat protein samples reconstituted in 14:1
PC lipid bilayers. Label positions are 3, 7, 10, 12, 13, 15, 16, 17, 18, 19, 21, 22, 23, 24, 25, 27, 29, 30, 32, 34, 35,
39, 41, 42, 44, 46, and 49. The total horizontal scan range is 10 mT. Spectral line heights are normalized to the
same central line height (left peak). The simulated spectra are shown in red and grey is for experimental data.

The experimental and simulated EPR spectra of the 27 spin-labelled mutants in 14:1 PC lipid bilayers
are shown in Figure 32, while the resolved spectroscopic parameters of multiple solutions are condensed in
the GHOST plots as shown in Figure 33. GHOST presentation provides the most significant and probable
groups of solutions (motional patterns) of spectral parameters.
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Figure 33: GHOST condensatzon plots of the spin-labelled M13 coat protein samples reconstituted in 14:1 PC
lipid bilayers. GHOST plots present the optimized multiple solutions represented in a two-dimensional
distribution of the angles 9-¢ and Y-dependent distribution of z. of the spin-labelled M13 coat protein at 27 spin
label positions (the position is indicated with red number in the left bottom corner of the $-¢ GHOST plot). For
the details about GHOST presentation see Figure 11 in Section 3.1.3.3.

For the further analysis and structural optimization, the motional patterns along the protein are collected
in so-called bubble diagrams in terms of free rotational space and rotational diffusion (see Figure 34).
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Figure 34: Bubbles-condensed presentation of the motional patterns for the spin-labelled M13 coat protein
samples reconstituted in 14:1 PC lipid bilayers. Each bubble presents the motional patterns for 27 mutant
positions along the M13 coat protein sequence in terms of free rotational space Q (A, C) or rotational diffusion
D (B, D) before patterns clearing (A, B) and after (C, D). In the cleaned bubble diagrams the most important
motional pattern series is presented only. Each bubble represent a motional pattern, the size of bubble is
proportional to the relative contribution of the particular pattern in the total spectrum; the vertical bar at each
bubble represents the size of the motional pattern in the phase space (as in Figure 33). For the details about
bubble diagram presentation see Figure 12 in Section 3.1.3.4.

The EPR line shapes for the different mutants in 14:1 PC along the protein primary sequence are
different, ranging from mobile and isotropic (positions 3, 7, 49) to moderately immobilized (positions 15-
22, and 46) and then to very anisotropic (positions 25, 27, 29, and 35). Different rotational restrictions of
the spin labels as suggested by different spectral line shapes are well resolved by the GHOST plots. For
example, the rotational space for position 13 is completely open as suggested by the large 9 and ¢ values of
the dominating motional pattern (Figure 33). On the other hand the rotational space for spin label at
position 25 is very restricted as suggested by the green-coloured component. As was discussed previously
[171], it is expected that the “most restricted” component represents the transmembrane state of the protein.
Other components resolved by this methodology could involve non-specific labelling and other local
conformations with lower probabilities [172].

4.3.2 Characterization of the membrane-embedded M13 coat protein structure

The data about the local conformational restriction in M13 protein in 14:1 PC lipid bilayer, which was
obtained with EPR spectroscopy at 27 sites along the protein according to spin labelled mutants, was then
used to guide structure optimization algorithm.

The result of structural optimization is presented as a family of most successful (in terms of goodness of
fit) global protein conformations together with the summarized simulated restrictions (Figure 35A). The
goodness of fit 5 of this assembly of 50 structures is in the range from 2.7 to 3.7. These structures are
mainly o-helical, some of them demonstrate a tiny kink, i.e., as can be seen for the structure in Figure 35B.
The tilt angle varies between 10 and 40° with a mean value around 26°. This mean tilt angle is in excellent
agreement with the experimental data (23° + 4, as determined from quantitative fluorescence site-directed
analysis [93]). The steric bilayer thickness of these structures is in the range from 37 to 44 A with a mean
value around 41 A. This value is quite reasonable as compared to the typical steric thicknesses of a
phospholipids bilayer around 44 A [7,130]. The transmembrane region was found between amino acid
positions 12-17 and 46-47. In most cases the transmembrane region starts at position 14 and ends at
position 46.

One of the best-fit structures is shown in Figure 35B. The corresponding goodness of fit of this structure
is 7/ = 3.2. For this topology, the transmembrane region is between amino acid residues 14 and 46 as
indicated by a drop of the free rotational space Q2 in the simulated data below 0.5. The tilt angle is about
25° and the resulting steric bilayer thickness turns out to be 42 A. The local restrictions of the same
structure simulated without including the lipid effect (Figure 35C) provide a goodness of fit ;(2 of 33.0,
which is much worse than for the membrane-embedded protein. This indicates that the presence of lipid
restrictions is required to get a good fit to the experimental data.
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Figure 35: Optimization of the structure and the membrane-embedment M13 coat protein. Protein structure is
optimized by fitting the calculated local restrictions (blue circles) to the restrictions profile obtained from SDSL-
EPR (red circles). A. A population of best-fit structures (50 structures with a goodness of fit 5 in the range from
2.7 to 3.7) of the M13 coat protein in 14:1PC lipid bilayers. The yellow-red colour gradient represents the
structural density in this population of structures. The steric thickness of lipid bilayer (including hydrophobic
and head group regions) is represented with yellow planes. B. A single structure from the population of best-fit
structures from (A) with 7 = 3.2. C. The free rotational space for same secondary structure of the M13 coat
protein calculated without taking into account the lipid effect (3° = 33.0).

Extensive testing of the model (see section 4.2) shows that the free rotational space is sensitive to the
protein primary sequence, secondary structure, and to the position and orientation of the protein in the lipid
system. Calculated restrictions from 5000 randomly simulated structures of the M13 coat protein reconstituted
in phospholipids produced a wide range of Q values that cover all 27 points of the experimental data [176].
The optimization routine that is implemented in our model is capable to considerably improve the fits (starting
with an initial a-helical structure). Multiple structures (Figure 35A) obtained in 1000 runs of optimization are
in excellent agreement with a recently proposed fluorescence-based The M13 coat protein model
[93,131,132]. This nice accordance implies that our modelling and optimization approach is fundamentally
sound and that the simplifications we have made in our model are acceptable.

As compared to related papers on SDSL-EPR that employ molecular dynamics (MD) simulations
[10,24,38,60,97,144,157,168] our approach has the following advantages: 1) the simplicity of the underlying
physical principles in the structural model; 2) the simultaneous analysis of multiple SDSL-EPR data from all
available spin-labelled mutant positions; 3) there is no need for dynamics trajectories; 4) as a consequence,
our calculations are 3-4 orders of magnitude faster than calculations based on MD simulations. In the present
case, extending the computation time would impose a severe limit to the calculations, as the optimization of
the 200,000 structures resulting in Figure 35A already takes four weeks of CPU time on a 20-core computer
cluster (6xOpteron Double Core 2.4 GHz and 8xAthlon Single Core 2.13 GHz).

Analysis of best-fit single structures (like the one in Figure 35B) indicates that the optimization
algorithm successfully provided accurate fits for different parts of the protein picking up the main trends of
the experimental data. Some experimental points may not be fitting well (e.g., mutant positions 10, 42, 44
for the structure in Figure 35B), which results in the ranges of calculated Q values for the family of best-fit
structures (Figure 35A). The observed discrepancy between simulated and experimental data could be
either due to the simplifications we assume in calculating the lipid effect, or to an incorrectly determined
local motif of the secondary structure, related to simplifications in the protein structure determination.
Although, the Q trend remains correct for short subsequences, still some single mutant positions may
experience different lipid effect most likely due to different local orientations of the spin label with respect
to the membrane normal.
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Fitting the simulated to the experimental data remains a challenging task. The number of parameters
even for a small protein is already high (for a 50-amino acid residue long protein we have more than 100
parameters). On the other hand, in our case there are 27 mutant positions revealing a series of
experimentally detected motional patterns to be fitted simultaneously. For such a task an efficient
optimization algorithm is needed that would be capable to efficiently handle a high number of optimization
parameters. A good candidate is a hybrid evolutionary algorithm that could optimize a population of
structures simultaneously [49]. In that case, to make the optimization more efficient, the information about
known secondary structure motifs, tertiary structure interactions as well as information about protein-lipid
interaction could be implemented in specialized genetic operators.

4.4 Detection of conformational changes in Ny, by SDSL-EPR

spectroscopy and conformational space modelling

The approach developed (sections 3.3 and 3.5) and numerically tested (sections 4.2 and 4.3) on small
synthetic peptides and on membrane-embedded M13 coat protein was then applied to reveal the
conformational changes in measles virus Npap (see introduction in section 3.4.2) according to temperature
changes and according to the presence of XD partner protein.

4.4.1 Site directed spin labelling and EPR experiments

Twelve Nrap cysteine-spin labelled mutants (S488, S491, D493, 1.496, Q499, A502, S505, S510, T512,
V517, D520, N522) were strategically designed [12] (see Figure 20) to be the most sensitive to different
possible local structural arrangements of Nrtayp relative to XD protein in both Ntajp Box2 and Ntapp Box3
parts with the reference complex structure being the chimera crystal structure.

The EPR spectra of all 12 mutants in two protein systems, Ntay. alone and of Ntayp with XD, each in a
buffer solution with or without sucrose, were measured within the temperature scan 279 K - 281K - 283 K -
296 K - 308 K - 310 K - 312 K (see Figure 36). The sucrose was added to check the slow down of the
backbone motion effect on the structural characteristics of the complex Since the proteins were expected to
posses more than one local conformation at a site in addition of possible traces of non-specific labelling,
measured spectra were analyzed with a multi-component model of asymmetrically restricted rotational
motion of a spin label [49,171,172,178]. Excellent S/N of experimental spectra allowed such an analysis as
well as optimization of the fitted spectra employing a multi-run multi-solution hybrid evolutionary
algorithm [178]. The goodness of fit, the reduced )(2 function (Eq. 1) for final spectral fits appeared always
to be within less than 3 noise amplitudes relative to the experimental spectra. In some case, especially for
highly disordered spectra at high temperature, e.g. for the mutant positions 499, 522 of Npa alone and
positions 512, 522 for Nra-XD complex (both at 310 K), the lower run flatness of a value around 50%
indicates over-fitting problem - the number of spectral parameters were too high for such a simple
spectrum.
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Figure 36: Amplitude normalized EPR spectra of spin-labelled Nz protein. EPR measurements were done for
spin-labelled Ntay, samples (100 uM) in the absence (left panel) or presence of a molar excess of XD (right
panel) at low (281 K) (top) and high temperature (310 K) (bottom) at 12 spin label positions (S488, S491, D493,
L496, Q499, A502, S505, S510, T512, V517, D520, N522). The total horizontal scan range is 10 mT. Spectral
line heights are normalized to the same central line height (left peak). The simulated spectra are shown in red
and the black behind is for experimental data.

The results from multiple spectrum optimizations were condensed with GHOST methodology and
summarized in GHOST plots shown in Figure 37 — an example of the most different sites (positions S491 and
V517 of Box2 and Box3 correspondingly) are presented with a 9— distribution in Figure. In that way the
most significant and probable groups of motional patterns of spectral parameters were recognized. Since each
of the patterns describes local restrictions to the rotational motion of the probe it can be used to detect
structural properties at each specific site in protein. In addition, the weight of a motional pattern represents the
relative probability, with which corresponding restriction is detected for particular spin label mutant.
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Figure 37: GHOST condensation plots of spin-labelled N4y protein. GHOST plots shows the optimized
multiple solutions represented in a two-dimensional distribution of the angles 3¢ and 9-dependent distribution
of 7. of spin-labelled Nty protein samples (100 pM) in the absence or presence of a molar excess of XD at low
(281 K) and high (310 K) temperatures at 12 label positions (the position is indicated with the number in the
right bottom corner of the 8 - ¢ GHOST plot). For the details about GHOST presentation see Figure 11 in
Section 3.1.3.3.
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Figure 38: Bubbles-condensed presentation of the motional patterns for Nryy protein. Each bubble diagram
presents the motional patterns for 12 mutant positions along Nrtay protein sequence in terms of free rotational
space Q (left) and rotational diffusion D (right). With grey colour the less important motional patterns are
presented. For the details about bubble diagram presentation see Figure 12 in Section 3.1.3.4.
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Figure 39: GHOST condensation plots with corresponding EPR spectra of spin-labelled Ny, protein at selected
mutant positions. GHOST plots shows the optimized multiple solutions in terms of the opening and asymmetry
angles 9 and @ of spin-labelled Nty proteins at positions 491 (Box2) and 517 (Box3) at low (281 K) and high
(310 K) temperatures for Nt in both the free and bound form. For the details about GHOST presentation see
Figure 11 in Section 3.1.3.3.

For example, at position 491 (Box2) of Nyap-XD complex at 291 K (Figure 39) the three patterns, i.e. degrees
of local restrictions, are resolved: very restricted motion with the probability of 71%, less restricted with a
probability of 20% and fully non-restricted with only 9% contribution. Obviously, such a complexity can be
explained in terms of coexisting local conformations. However, at least in case of non-restricted sites one have to
be aware also of explanation in terms of too short-lived structure if non-specific labelling can be excluded.

It has to be noted that almost all the experiments with the mutants of Ntayr alone or in complex with XD
in a buffer without sucrose show mainly unrestricted rotational motion at all temperatures except for Nray -
XD complex at lower temperatures. Consequently these experimental results cannot be used for structure
determination and are therefore not shown. However, the addition of sucrose decreases the normalized
diffusion (see next section) at all positions indicating that the backbone motion slows down for a factor of 2
to 3. The latter is than enough that significant and stable restrictions appear at many positions at various
temperatures (Figure 40) thus enabling us to use this information as structural constraints for protein
structure optimization. It should be noted that the temperature scans help us to clear those motional patterns
that are not significant as discussed in the Methodology section.
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4.4.2 Scanning motional restriction along primary sequence

For all available mutants the detected motional patterns were averaged for lower temperatures (279 K -
281 K - 283 K) and for higher temperatures (308 K - 310 K - 312 K) thus enabling us to compare the local
properties at two distinguished temperatures, namely “281 K” and “310 K”. In further analysis two physical
quantities has been precisely addressed: free rotational space Q, a normalized product of the cone opening
angle ¢ and cone anisotropy angle ¢ (Eq. 15), as well as normalized rotational diffusion D, a rotational
mean square displacement, approximated with a quotient of a product of ¢ and ¢ angles, in an effective
rotational correlation time z:

D =944, (18)

Free rotational space Q measuring the space angle, i.e., the surface of the cone, left for local spin label
wobbling is shown for all twelve spin-labelled Ntayp and Npap with XD samples at 281 and 310 K
(Figure 40A and 40C). High values of Q (close to 1) correspond to nearly unrestricted motional patterns of
the spin label, whereas very low values (below 0.2) imply very high restrictions preventing almost all the
side-chain conformational motions.

Rotational diffusion D indicates true mobility of the spin label normalized to the full rotational space.
Unlike the conventional correlation time z¢, which is correlated to the free rotational space [172], normalized
diffusion allows comparison between the spectra of different rotational restrictions (Figure 40B and 40D).
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Figure 40: Free rotational space €2 and diffusion D of Nryy in 30% sucrose. The data represents the cleaned
motional patterns of bubble diagrams in Figure 38. The data was obtained for Nty measured alone (black
empty circles) and in complex with XD (grey solid circles). The horizontal axis indicates the spin label position,
the vertical axes give €, and D, and the error bars point to their second moments. High values of Q (close to 1)
correspond to unrestricted motional patterns of the spin label, whereas low values (between 0 and 0.2) imply
very high restrictions. Mutant positions of Ntaj. in Box 2 and Box3 are indicated with the black and grey dashed
rectangle correspondingly. A. Free rotational space Q of Ntap at 281K. B. Rotational diffusion constant D of
Nrar at 281K. C. Free rotational space €2 of Nt at 310K. D. Rotational diffusion constant D of Nty at 310K.

Firstly, in case of Nrtay alone (without partner XD protein) there is no stable restriction at higher
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temperatures (Figure 40C, open black circles), while at lower temperatures in Box 2 region some restriction
appeared (Figure 40A, open black circles). Normalized diffusion of Ntap alone mutants reveals too fast
motion at higher temperature (Figure 40D, open black circles), the real reason why we cannot detect any
motional restrictions. On the other hand, at lower temperature the normalized diffusion is reduced, i.e. the
motion slows down, for a factor of 2 in Box 3 region and for almost an order of magnitude at some
positions in Box 2 (Figure 40B, open black circles) indicating significant impact of the temperature on the
protein disorder in this small temperature interval.

On the other hand Nra-XD complex stabilizes the local conformations so the restrictions can be
detected already at higher temperatures (Figure 40C, grey filled circles). Also the diffusion is slower,
especially in Box 2 regions where stable restrictions are detected (Figure 40D, grey filled circles). At lower
temperatures there are even more restrictions detected (Figure 40A and 40B, grey filled circles). Very
strong restrictions at positions 491 and 496 also indicate that the spin label is squeezed between two heavy
objects, i.e. proteins’ backbones of Ntay and XD.

For many positions more than one different restriction is resolved, from restricted to unrestricted. As we
are interested in the most stable and well-defined global structure we will further focus on the lower
envelope of these motional patterns, i.e. on the most restricted motional patterns detected at each mutant
position. It should be however noted that the protein global conformations can be in principle (but not very
likely) such that all possible combinations of detected restrictions at different sites can exist.

4.4.3 Conformational space modelling

Modelling of conformational spaces of Nray-XD complex allows tracking of the restriction effect at
particular amino acid side chains in different conformations of the protein complex (see Figure 41).

It is expected that the increase of the temperatures the entropic term in free energy function for protein
side chains will become more and more important. Thus the inter-chain interactions that stabilize Nraj -XD
complex will become weaker and the Nrtayp will search for other free-energy-minima conformations. We
surmise that at such conditions rotationally more flexible bulky amino acids at the side of XD, which is in
contact with Nray, would force Nray to tilt relatively to XD in order to minimize the overlap of side
chains conformational spaces.

N tail 484

XD module

Figure 41: Conformational space modelling of of N7-XD complex.

Similar effect of minimization of the overlap between conformational spaces of the side chains is
suspected also within single chains, thus, resulting in the unfolding and losing of the secondary structure
(helicity).
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4.4.4 Protein structure optimization

To enhance the interpretation of EPR results of both systems at low and high temperature we performed an
appropriate structural modelling and searched for best-fit-structures at 281 K and 310 K as described
previously in methods section. In case of Ntay -XD complex we firstly checked so-called chimera structure
[91] that includes residues 486-505 of N protein with six of our mutant positions (S488, S491, D493, 1496,
Q499, A502). The calculated free rotational space of the spin label at these sites for the chimera structure is
shown in Figure 42A. As can be seen from modelling, positions S491, Q499, A502 in chimera structure are
completely restricted, forbidding any conformation of spin label side-chain. Other three positions look to be
less restricted. Comparing these restrictions with the ones of the low temperature Nra-XD data series
(Figure 40A, grey filled circles), we found a reasonable agreement at positions 488 - 491 - 493, but
significant difference at positions 496 - 499 - 502.
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Figure 42: Optimization of the structure of Nryy in complex with fixed XD. Protein complex structure is
optimized by fitting the calculated local restrictions (blue circles) to the restrictions profile obtained from SDSL-
EPR (red circles). (A) Local restrictions calculated for the fixed chimera structure of Ntay in complex with XD.
(B) and (C) present populations of 50 best-fit structures of Ntar at 281 K and 310 K correspondingly (together
with 10 best fits). The fixed XD is presented with dark colour, while Nty structures — with the yellow-red.
Colour gradient here represents the structural density in the population of Ntay structures.

To search what kind of different structure can explain this mismatch we optimized the structures of
Nrar in the Npap-XD complex based on the fitting the modelled restrictions to the most probable
restrictions detected by SDSL-EPR [176]. As we worked with bigger part of Nray protein, we added
appropriate 20 residues of Nray in the 506-525 region and optimized the structures against data at 281 K
and 310 K (high and low temperature). The secondary structure of the missing part of Nya;. was initially
set to a-helix.

Fifty best fits from 1000 optimization runs, both for Nt -XD complex at 281 K and 310 K, are plotted
in Figure 42B and 42C together with the corresponding structures. The orientation of the complex was
defined by referring to the tree helical chains of XD from the chimera study (black) as in front and putting
Nram structures in background (yellow-red coloured; more red indicating more similar structure).
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4.4.5 Analysis of secondary structure changes

To summarize the changes in the secondary structure of NTAIL according to the presence of XD and to the
temperature, the resulting best-fit structures were analyzed in terms of helicity. For that purpose the
backbone dihedral angles of the best-fit structures were collected for each amino acid position in so-called
Ramachandran plots [147] and the percentage of a-helical angle pairs was compared against all other pairs
(Figure 43). Clearly helical domains are resolved in Box3 region in the case of Ntay at 281 K (Figure 43A)
and of N, -XD at 281 K (Figure 43B) and 310K (Figure 43C). For Ntap at 310 K helical domains could
not be detected since there are no stable restrictions.
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Figure 43: Analysis of the secondary structure of Nryy at different conditions. The height of black (mutant
positions) and grey (other positions) bars represent the amount of the helical conformations among 100 best-fit
structures. The Ramachandran plots below each mutant position represent the corresponding distribution of the
backbone dihedral angles @ and w of 100 best-fit structures. Mutant positions of Ntay in Box 2 and Box3 are
indicated with the black and grey dashed rectangle correspondingly. A. Nrtayp alone. B. Nty in complex with
XD at 281K. C. Ntay in complex with XD at 310K.

4.4.6 Characterization of conformational changes in NtaiL

Determination of a protein dynamics and the corresponding protein function is the final goal of all
structural investigations. If protein global conformations are frozen in any way, high resolution methods
provide various snapshots of protein structure’s rearrangement. Low temperature conditions of such
experiments implies that the local protein dynamics is frozen, energy-minimized states are strongly
favoured, entropic effects are diminished or ignored [193]. Any fast global structural rearrangement is
highly annoying as it is incoherent with slow or even static time-window of the high-resolution methods. It
is therefore straightforward why short-lived protein structures like intrinsically disordered proteins still
represent not only experimental but also conceptual problem to the scientific community [42].
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Two of the main features of the spin labelling EPR spectroscopy are the sensitivity to rotational motion
anisotropy as well as the nanosecond time window [68]. To apply them in structure determination one have
to search for appropriate dynamical events rather than static structural relations. Taking into account that
side-chain and backbone dynamics are in the range of sub nanoseconds and several tens or hundreds of
nanoseconds [66,83], consequently, the EPR time window is perfectly suited to distinguish those two
motional phenomena. In this case the sensitivity to motional anisotropy can be used to detect restrictions to
side-chain rotational conformational spaces, which can then be translated into local structural constraints.
And since the backbone is much slower, i.e. static for the EPR spectroscopy window, its conformation
could be characterized at EPR nanosecond time window. Noteworthy, the life-time of such a structure
should be just longer than EPR nanosecond time window. If backbone experiences a structural transition
from folded conformation into a random coil, the time scale of backbone suddenly speeds up and begins to
overlap with the time scale of the side-chains. In such a case, EPR is also perfectly suited to detect
destabilization of backbone structure. Exactly these phenomena were detected in our study of Npar
structure in Nap -XD complex.

The ability of detection of the short-lived backbone conformations can be understood in a simple
experiment by addition of sucrose. At the first glance, the experiment in a sucrose-free solution seems very
boring — no stable restriction can be detected at any positions, therefore being not interesting enough to be
shown. However, addition of sucrose slows down the backbone motion (for a factor 2 to 3), pushing it
away from the side-chain time scale and on another side of EPR time window. Consequently, it enables
detection of the local restrictions at EPR nanosecond time scale, indicating that the lifetime of the backbone
conformation after addition of sucrose increases from few nanoseconds to ten or few tens of nanoseconds.
Obviously, this makes SDSL EPR a unique method capable of detecting nanoseconds-lived structures.

As it can be seen in Figure 40C (black circles) the spin label positioned at any mutation site of Nyar
without partner XD protein at 310 K experiences no restriction at all, while at 281 K (Figure 40A, black
circles) significant restrictions appear in the Box 2 region of a length of approximately 14 amino acids.
Approximating the number of degrees of freedom in this region to be roughly 900 (9 degrees of freedom
per bond and approximately 100 bonds in this segment), the thermal energy difference would correspond to
breaking of about 5 to 6 hydrogen bonds. The later is very similar to 7 to 8 hydrogen bonds stabilizing the
short 3-turn a-helix of these 14 amino acids. This result strongly favours our hypothesis that the Box 2
helix cannot be stable for few nanoseconds at 310 K but rather at 281 K (Figure 40A and 43A),
corroborating with some other experiments speculating that small part of Ntaj possesses helical structure
even without partner protein.

After partner protein is brought to Nray protein, the complex structure becomes much more stable as
can be seen in the restrictions of the spin probe conformational space (Figure 40A an 40C, gray circles).
Beside normally restricted sites, additional almost fully restricted sites appear resembling direct overlap of
the spin label at Ntayp with conformational space and backbone of XD protein. Such points indicate strong
interaction in the neighbourhood. In addition, such points also represent strong distant constraints in
structural determination methodology.

Among strong stabilization of Ntay Box 2 region in form of a-helix by the interaction through XD
protein, which can be seen in secondary structure analysis in Figure 43B, we can also identify indirect or
weak stabilization in Box 3 region. The interaction is not strong enough to stabilize this region at 310 K
(Figure 40C, grey circles). However, when the temperature is decreased to 281 K, the stable restrictions
appear (Figure 40A, grey circles). Remember, that this region cannot stabilizes exclusively due to
temperature drop (Figure 40C to Figure 40A black circles), indicating indirect stabilization of Box 3.

Despite all the above characterizations, in order to make conclusion about global conformation of the
protein, a structure modelling is needed. The usage of molecular dynamics (MD) simulations would be
feasible and straightforward if the structure determination would not include fitting experimental data.
Since few 10-ns simulations would take few weeks on small cluster, the inverse problem solving would
take enormous amount of computer time. On the other hand, to explain restrictions found by SDSL EPR we
do not need full time trajectories of all the atoms in the system but only time averages of rotational motion
anisotropies. Since EPR is not sensitive to atom coordinates but rather to anisotropy of spin label rotational
space, we also do not need atomistic accuracy. Therefore we can approach this problem from the point of
view of side-chain conformational spaces [176], which however can be fully explored by the side-chains
only at appropriate temperatures. Under such conditions, entropic contribution to the free energy becomes
more important and side-chains are not stacked in some of the energetically favourable conformers
(rotamers). At this point the modelling approximation exactly meets the experimental conditions and the
protein structure determination based on the detection and analysis of the rotational conformational space
restrictions under physiological conditions can become very powerful.
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By the means of the optimization method we were able to tune the dihedral angles of the Ntay protein
backbone and its relative orientation to XD structure at different temperatures, i.e. whenever the restrictions
were detected. By fitting the modelled restrictions of the local conformational spaces to the measured ones
we derived the family of structures that equally good describe the experimental data (Figure 42B and 42C).
The most striking result is the reorienting of the Ntay helical part (Box 2 region) relative to the XD helices
with increasing temperature. If one starts with the chimera structure (for a bit smaller part of Nyap. protein),
detected with X-ray crystallography at lower temperatures, one can see that the “281 K” structure
(Figure 42B), based on SDSL EPR measurements, is much less strictly positioned but in average the Nt
helix tilts away from the direction of the XD helices (Figure 42B, black structure). At “310 K”
(Figure 42C) this phenomenon is even more pronounced since the tilt is more obvious and much clearly
defined. By exploring the overlap of the side-chains conformational spaces both at Ntay and XD sites we
found out that the tilt is actually due to minimization of the rotational spaces overlap, i.e. maximization of
the entropy. The more disordered side-chains of different main chains increase the steric repulsions
between chains. Therefore the family of structures modelled at high temperature represents the tendency of
the flexible NtaL to minimize the side-chains contact with XD (Figure 42). It is therefore obvious that at
physiological temperatures like 310 K, the structure prediction based on free energy minimization should
involve also entropic part and not only energy part.

With the temperature increase from 281 K to 310 K we can see that the structures become less helical
(Figure 42B and 42C), supporting our ideas derived exclusively on the spectroscopically detected motional
restriction. The same results can be quantitatively confirmed by calculating the proportion of dihedral angle
pairs of the best-fit structures found in a-helical region of Ramachandran space (Figure 43). One can see,
that the loss of helicity when temperature is increased from 281 K (Figure 43B) to 310 K (Figure 43C) is
obvious. As discussed previously, the Box 3 region structure melts completely, while Box 2 helicity melts
substantially. At 310 K only a small part of Box 2 can still be found in a-helical conformations.

It should be noted, that the quality of the structure determination strongly depends on the number of
spin labelled sites. Since the spin label rotational space is twice as big as an average rotational space of
amino acid side-chain, its restrictions arise not only from the first amino cid neighbour (forward and
backward) but also from several amino acids in the vicinity, the last being not restricted to the same
backbone. It is therefore sufficient to label in average every 3™ or 4™ site, enabling one to avoid mutation
on some of the critical sites at the same time maintaining the resolution of the method. As it can be seen
from our study, 12 mutants enable us to derive temperature dependent backbone conformations of 40
amino acid long short-lived Ntayp protein with an accuracy of a part of nanometre. If there would not be a
strong interaction site between Ntayp and XD in Box 2 region which provides strong constraint in the
modelling, we would certainly need additional mutants on XD site to resolve Ntay orientation relative to
XD more accurately. With that one should also note that the structure of XD was not optimized but
approximated with the XD low temperature structure derived within X-ray crystallography chimera
experiment.
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5 Conclusions

Fast proteins structural rearrangements are very likely to be observed in protein systems under
physiological conditions, especially in case of intrinsically disordered proteins. Also the specific
environment (e.g. membrane) can be very critical for protein functionality. Therefore the development of
alternative structure determination methodology is crucial to complement the structural picture provided by
the well-established high-resolution techniques. In this perspective we herein presented a novel
combination of site directed spin labelling EPR spectroscopy and molecular modelling that both describe
restrictions to side-chain conformational spaces, stable at EPR nanosecond time window. The restrictions
are then used to navigate the optimization of a protein backbone conformation, which finally provides a
family of equally-good global conformations of the protein.

In the first part of the thesis we developed and implemented a novel shaking operator in order to reduce
the computational demand of the original multiple HEO approach and carried out an extensive testing on
various spectra that represent a wide range of possible applications. With this new modification of the
optimization algorithm we succeeded to keep the quality of the EPR-based characterization, thereby
considerably reducing the computational time of the multiple EPR spectral analysis by a factor of 5-10
making the application of this advanced EPR spectra characterization to complex biosystems, such as
proteins and biological membranes, more feasible. Further numerical calculations on both synthetic and
experimental data [86,94,135,171,172,190] proved the efficiency of the enhanced algorithm and opened
new possibilities for its application [84,176].

In the second part of this work, the method of protein structure modelling, conformational spaces
simulations, and local structural restriction calculations was developed. The sensitivity of the modelled
conformational space restrictions to primary and secondary structural elements as well as to lipid
arrangements (in case of membrane proteins) was extensively tested and proven. The method characterizes
the simulated restrictions in the same way as it is done in the analysis of experimental EPR spectra.

In the third part, we developed an optimization algorithm, which tunes a protein structure and fits
simulated restrictions of the spin label free rotational space to the experimental data obtained from SDSL-
EPR spectra. In case of a reference membrane protein (the membrane-embedded M13 coat protein
reconstituted in 14:1PC bilayers), a multi-run optimization results in a family of favourable protein
structures, which not only agree with the available SDSL-EPR data, but also are consistent with the
previously published model based on site-directed fluorescence labelling [93,131,132].The proposed
method was then applied to study structural characteristics of partially disordered measles virus Npap -XD
complex in physiological conditions. We discovered that increase of the temperature in the system is
accompanied by the tilting of Nya helix relative to XD helices in order to maximize Nrap-XD contact
entropy as well as by the temperature-induced Nrayp helix melting. By application of sucrose to the protein
solution we found out that Nap structure last for about few to few tens of nanoseconds revealing SDSL
EPR as the unique experimental method able to determine the structure of such a short lived protein
structure in its native environment.

Our work clearly demonstrates that the simultaneous analysis of available SDSL-EPR data and
structural modelling can provide information about protein structure. Let us stress, that the structural
modelling can easily include additional data from primary structure analysis (secondary structure
predictions, hydropathy index [102,202] calculation) and results from other experimental techniques (X-ray
crystallography high-resolution structures, structural information from NMR spectroscopy, fluorescence
spectroscopy, infrared spectroscopy, and circular dichroism). In this perspective, structural modelling is
thought to be a connecting link, which transfers multiple structural data into a high-resolution structure or
structural characterization revealing the functional properties of intrinsically disordered proteins, membrane
proteins, not being limited to other classes of proteins. The present method therefore provides a challenging
starting point for the development of a powerful methodology for the protein structure characterization, an
alternative approach to conventional techniques.
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Appendix A

GHOSTMaker software from EPRSIM-C: a spectral analysis package

The EPRSIM-C software package provides a tool for nitroxide-based characterization of:

¢ Specifically and nonspecifically labelled biological membranes

o Site-directed spin labelled proteins

¢ Biopolymer networks explored by specific labelling or concentration imaging

¢ Nanomaterials

¢ Other interesting complex biological systems labelled with different labelling techniques
EPRSIM-C package is capable of performing an automatic nitroxide-based characterization of a biological
system by implementing simpler and still accurate simulation models, powerful optimization routines as
well as data condensation techniques that enable the user to parameterize the complex system in a more
understandable way [173]. For increased efficiency the different tasks are handled within different
programs (see Figure 44).

ESR experiments

EFPR-Convert

= gonverting formats

EFPRSIM-WIZ
- arranging datasets
* diafiming simulation modeds

EPRSIM-BBW
+ dHED / 5D optimization
= fun in background with parallel threads

GHOSTMAKER

= condense and filter the optimized solutions

nitroxide-based characterization
Figure 44: EPRSIM-C software package concept. Specific tasks of the individual program modules are indicated.

All the intensive numerical tasks — in fact, the optimizations — are done in background within EPRSIM-
BBW in a way that one can submit the tasks from a network in a simple way. The simulation models are
based on partial motional averaging [173]. The user should understand that the complex phase space can
only be searched by a stochastic population-based optimization routine. This approach takes a great deal of
computational time. However, much faster local search methods are not applicable in general, as the user
can never be sure that there are not equally good solutions in other parts of the phase space.

The user interface of EPRSIM-WIZ helps to arrange and check the experimental and simulated data sets
and is not meant to show the progress of the optimization routines. The main idea of having this kind of
interface separated is to arrange clearly the experimental and simulation data. Various formats of
experimental series can be read directly or translated into a proper format within EPR-Convert.

Inverse problem solving is separated from the data condensation routine implemented in
GHOSTMAKER to increase the efficiency of the calculations. This module filters the data sets resulting
from the optimization routine according to goodness of fit and solution density. In addition, it helps to
condensate the solutions into groups of various complexity [174].
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GHOSTMaker software is used to condense and present the results of the analysis of EPR spectra (by
spectral simulations and optimization).

The purpose of GHOSTMaker is to condense the multi-run dHEO solutions into GHOSTs to be able to
represent and distinguish groups of solutions. In general, one can extract at least the best solution from each
run when a genetic algorithm is applied for optimization. As this kind of optimization is purely stochastic,
one should compare at least the best solutions from each run to determine the uncertainty of solutions. If
the proposed model complexity is large enough, the uncertainty represents the pure deviation of solutions.
However, if the proposed complexity is too low and the optimization finds larger regions of the phase space
to describe the spectral data, these uncertainties also represent the distribution of solutions [174].
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Figure 45: GHOSTMaker software working window (single EPR data analysis).

The program operates in the following modes:
o Single EPR data analysis (view simulations of single spectrum)
e Multiple EPR data analysis (simulations of series of spectra)
e Several series comparison

In Single EPR data mode (GHOST page, see Figure 45) the results of single spectrum simulations can
be loaded, condensed, viewed graphically or exported if needed. In Multiple EPR data mode (Bubbles
page, see Figure 46) the GHOST results (from single mode) can be viewed and analyzed simultaneously
with so-called bubble diagram (see section 3.1.3.4). In addition, multiple series of data could be loaded and
compared in bubble diagram (Figure 46).

Bebbln | Laved | Orchen | Fier

Bé e | W & | :i
|

i
i

FoaWT el 08}
Mat MY P

- - - ==
'__J MH-S«I_"_‘"_ﬂ =

amm

;L avia g e |

T — |

=wswm aal

7 s 4
oL

W Butb Lo

I ST s
r_:iMAJ

GHOST. tau W P | GHOST: P et |

-
5
1

I H
Ik
g

| o
| || GHOST Pecemotors | Frs

T none

| || Flasing maenges &7 3
| || © Proting spimngs. |~ e0+0

P Aussmenc Wesght Comection |

o mata b 2o 16 deectirms e i U1 VP - et Mgl Prd

Figure 46: GHOSTMaker software working window (multiple EPR data analysis).
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Protein structure modelling

The modelling of the protein structure makes use of previously reported fixed bond lengths and bond
angles [45,108,203] that are presented in Tables 8 and 9.

Tuning interatomic contact distances with Ramachandran plot calculation

The secondary structure of a protein is parameterized with pairs of backbone dihedral angles ¢; and
(Figure 47A). Due to steric restrictions between backbone atoms not all angle pairs are allowed. For a
three-residue fragment the allowed combinations of the angles ¢ and y; for the central amino acid residue
is presented in a so-called Ramachandran plot [146]. To derive the ¢, - ; distribution, a list of backbone
atom pairs has to be checked for steric interatomic contacts [67]. In our case, the sterically allowed
effective minimum distances between the backbone atoms (sums of atom van der Waals radii) were tuned
by computing Ramachandran plots and comparing them with previously published plots [67,69,106,146].
As a consequence the van der Waals radii of the atoms (Table 10) needed to be reduced in agreement with
the literature [57,67,158,184]. Note that the reduction of the “apparent” van der Waals radii simulates the
effect of atomic interactions when checking steric overlaps [23,194,195]. For example, nonbonding
electrostatic interactions between O-H, C=0O and CH groups, as well as the anisotropy of the C atom
electron shell contribute to the reduction of the average distance at which those groups can be found. In our
case, calculation of the Ramachandran plot suggested a reduction of the minimally allowed initial
interatomic distances between backbone atoms by 3-16% (Table 10). The atom pairs in Table 10 are split
into three groups according to the restrictive effect that they impose on the distribution of backbone
dihedral angles @ and . Some discrepancy can be found between the Ramachandran plot calculated with
our model (Figure 47B) and the distribution of the angles ¢ and w based on PDB structures analysis [106]
(Figure 47C). This difference arises from the fact that in our calculations of the Ramachandran plot we
used a three-alanine peptide, whereas ¢ and  angle distribution of the reference [67,69,106,146] was
obtained by analysis of different amino acid residues of structures deposited in the PDB data bank. For the
conformational sampling within the conformational space, the residue is split into parts according to the
number of free bond rotations, so that all atoms within one part preserve their relative positions (blue ovals
in Figure 47D). Each complex part is split into atom groups, while each group contains one heavy atom (C,
O, N or S) with hydrogen atoms, if there are any. The result of the tuning of the contact distances is
presented in Table 11 with the reduced van der Waals atoms radii.
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Table 8: Values of the chemical bond lengths used in the modelling of the protein structure. These values are
based on previously reported constants [45,108,203].

Bond Bond length (A)
N-C* (backbone) 1.46
C“-C (backbone) 1.53
C-N (backbone) 1.33
C-C 1.53
C-S,S-C 1.80
C-0 1.42
C=0 1.24
C-N (Lys) 1.50
C-N, N-C (Arg, Asn, Gln) 1.32
C-H, O-H, N-H 1.00
S-H 1.30
C-C (in ring) 1.35
C-C (spin label) 1.45
N-O (nitroxide) 1.40

Table 9: Values of the chemical bond angles used in the modelling of the protein structure. These values are
based on previously reported constants [45,108,203].

Bond Bond angle (°)
-C- 109.5
-C= 120.0
-N- 120.0
O-H 104.5
S-H 104.5

Table 10: Computational results of the interatomic distances between the backbone atoms tuned by computing
Ramachandran plots. Tuned values suggest a reduction of the minimally allowed interatomic distances, which is
in accordance with the literature [57,67,184].

Atoms pairs Original van der Waals Tuned interatomic
interatomic distances (A) distances (A)

Restricting ¢

cf, o 3.15 2.70

0;.1, C 3.05 2.55

Restricting

c’ o 3.15 2.70

CP, Niyy 3.30 2.95

N, Hi+ 2.72 2.30

C? Hi, 2.92 2.65

Restricting both ¢ and

0:.1,0 2.80 2.70

Oi.1, N+ 2.95 2.70

Oi.1, His 2.57 2.50

H, H;y, 2.34 2.10
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Table 11: Reduced van der Waals atoms radii. This radii values were used in the modelling of the conformational
space of the amino acid side chains in accordance with [23,57,158], compared with the original values.

Atom, atom group Original van der Waals  Reduced van der Waals
radius (A) radius (A)
C 1.75 1.25
C (carboxyl) 1.65 1.15
C (aromatic) 1.65 1.65
N 1.55 1.25
o 1.40 1.20
S 1.80 1.50
H 1.17 1.17
H (polar, aromatic) 1.00 1.00
CH, CH,, CH; 2.27 1.50
SH, OH, NH, NH,, NH; 2.17 1.55

180 180 L

-180 -90 0 ¢ 90 180 -180 -90 0 ® 90 180

Figure 47: Protein secondary structure parameterization. A. Definition of the backbone dihedral angles.
Available backbone free rotations and corresponding dihedral angles are shown on a three-residue model. Amino
acid side chains are schematically presented with the green ovals marked with ‘R’. B. Ramachandran plot: the
distribution of allowed ¢ and i backbone dihedral angles (islands coloured with black) calculated with our
model for a three-alanine peptide. Nine backbone atom pairs were analyzed. Different grey scale regions
represent @ and y combinations that are forbidden due to steric clashes between atoms pairs. C. Distribution of ¢
and y dihedral angles obtained by analysis of 240 protein structures from the Protein Data Bank [106].
D. Residue side chain presented with a so-called Residue-Parts-Groups mechanism. The residue is split into side
chain parts (blue ovals) including backbone zero-part (brown oval). Each part is composed of atom groups
(green circles) which contain one of the heavy atoms (C, O, N or S) and often a few hydrogen atoms.
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Complexity of biological systems is one of the toughest problems for any experimental technique. Complex
biochemical composition and a variety of biophysical interactions governing the evolution of a state of a
biological system imply that the experimental response of the system would be superimposed of many
different responses. To obtain a reliable characterization of such a system based on spin-label Electron
Paramagnetic Resonance (EPR) spectroscopy, multiple Hybrid Evolutionary Optimization (HEO) combined
with spectral simulation can be applied. Implemented as the GHOST algorithm this approach is capable of
handling the huge solution space and provides an insight into the “quasicontinuous” distribution of parameters
that describe the biophysical properties of an experimental system. However, the analysis procedure requires
several hundreds of runs of the evolutionary optimization routine making this algorithm extremely
computationally demanding. As only the best parameter sets from each run are assumed to contribute into
the final solution, this algorithm appears far from being optimized. The goal of this study is to modify the
optimization routine in a way that 2840 runs would be enough to obtain qualitatively the same
characterization. However, to keep the solution diversity throughout the HEO run, fitness sharing and newly
developed shaking mechanisms are applied and tested on various test EPR spectra. In addition, other
evolutionary optimization parameters such as population size and probability of genetic operators were also
varied to tune the algorithm. According to the testing examples a speed-up factei7ofvas achieved.

INTRODUCTION . quasi-continuous
two solutions Lo .
distribution of solutions

Complexity is one of the basic properties of natural —I—I—/’—I—/

biological systems. It qualitatively describes the number of ) . .

. . . . R . one solution several discrete complexity
(biochemical or biophysical) patterns/solutions that coexist solutions
in a system. In a pure system, only one solution can describerig re 1. Biosystem complexity axis of increasing complexity
the entire system, whereas in complex systems distributionsfrom simple single-solution to quasicontinuous distribution of
of solutions can exist (see Figure 1). The complexity of a solutions.

biological membrane, for example, originates in its bio- . . L .
chemical composition of a few hundred lipids and many for the exploration of heterogeneity and motion in biological

different proteins— channels and pumps, as well as systems:? The time scale of SL-EPR appears to be in the

membrane enzymes and receptors. In such a system, th&@noseconds range, which is exactly the range needed to
constituents exhibit different interactions to each other, from °PServe phossmLe mo'qona}l anisotropy OL Ioc(:jgl rotational
local steric and van der Waals to more long-ranged Coulomb Motions through motional averaging. The difference in

and dipolar interactions. The intensity and orientation of these 21iSOtropy of rotational motion can be used to distinguish
interactions strongly depend on the type of interacting lateral domains together with other spectroscopic parameters

molecules as well as the potentials of the neighboring SUch s the rate of motion, polarity, spispin broadening,
molecules. All these parameters make the biological mem- €Ic: However, to determine the picture of the actual

brane a very complex system in which many motional hete_rogeneity within biomembranes, a_specigl methodology
patterns can be found. that includes advanced spectral analysis and inverse-problem

. o . L . Ivin hni n it h an analysis i
EPR spectroscopy in combination with nitroxide spin solving techniques needs to be appfielich an analysis is

. : based on mathematical modeling, spectrum fitting, and
labeling (SL-EPR) has proven to be a powerful technique spectral parameter optimization by means of evolutionary

computation. A large amount of information evolves from
such an approach. Therefore a special method of solution

* Corresponding author phonet386 1 477 32 26; fax:+386 1 477
31 91; e-mail: Janez.strancar@ijs.si.

" Belarusian State University. condensation called GHOST was developédncorporates
z\?vzzaerg.‘gzgtnoa'n’.‘tee':gte”t Systems, #b5tefan Institute. solution density filteringy? goodness filtering, solution-space
i iversity. . . . . . ) .
I' Laboratory of Biophysics, Solid State Physics DepartmerigfJtefan S|IC|ng, and domain determination, Ieadlng_to a graphlcal
Institute. presentation of the system parameters. This advanced ap-
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proximation can be applied, reducing the computational
demand by a factor of 100.

Since the basic approach has been already discussed
elsewheré# we will emphasize only the physical background
of the spectral parameters involved in our calculations. First,
one or two parameters are used in partial averaging of the
rotational motion. While averaging the magnetic properties
of the spin Hamiltonian for spin probes directed at every
allowed direction with respect to the external magnetic field,

Figure 2. Superimposed four component EPR spectrum. The total an order_ para_met@ or opening cone angl# (that defines
EPR spectrum is a sum of four spectral components derived within the maximal tilt angle) and asymmetry cone anglgthat
a described simulation model and determined by four sets of the describes the maximal restriction of spinning) will be applied.
following spectral parametefs?, ¢, e, W, pa, Prot,d}. Second, the traces of the interaction tensprand A are
linearly corrected withp,® and Prot parameters to take into
proach named Hybrid Evolutionary Optimization (HEO) was account the effects of polarity and proticity, respectively.
shown to be powerful enough to study complex heteroge- Third, when calculating the convolution of the magnetic field
neous systemsbut the computational demand appeared to distribution and basic line shape, in addition two line width
be an obstacle for wider usage of the method. parameters are applied: a Lorentzian-type line is defined in
The core of the problem lies in the optimization routine. the motional narrowing approximatighwith a single (ef-
To obtain a reliable result even in the case of quasicontinuousfective) rotational correlation timeg.,, and an additional
problems, the HEO procedure has to be executed at leasbroadening constanitV. The latter arises primarily from
200 times. Each particular run consists of 100 generationsunresolved hydrogen superhyperfine interactions and con-
with a population size of 300 candidate solutions that are tributions of paramagnetic impurities (e.g. oxygen), external
exposed to various genetic operators. Since an averagemagnetic field inhomogeneities, field modulation effects, and
operator spends up to 10 spectrum calculations, HEO onspin—spin interaction.
average spends 60 million spectrum calculations. As a single To take into account the superposition of motional/polarity
spectrum calculation takes around 10 nmsab1 GFLOPS patterns, this basic set of six line shape parameteys .,
processor, this results in 200 h of computer time spent for aW, pa, and Prot is expanded for the number of spectral
single characterization. Therefore, our aim was to enhancecomponent$\.. In addition there ardl.—1 weightsd of these
the HEO routine to speed up the approach to make it morespectral components. Altogether, there alg—71 spectral
applicable. parameters, which have to be tuned by the optimization

Total spectrum

Spectrum
compon ents

THEORY AND METHODOLOGY

1
N_p|=

)

most 4 spectral components.
biological membranes in a nondestructive way. In this experimental spectrum. The goodness of fit (optimization
motional properties. Since the nitroxide moiety is a small
approximation for the nonlabeled molecules. This fact o*
subsystem of interest. In this way, various coexisting states points,N is the number of spectral points, apdhe number
inherits a unique sensitivity to the motional and polarity Genetic Algorithm (GA) with Downhill-Simplex local search
and membrane proteins (i.e. restriction and rate of rotational algorithm. The routine starts with a random initialization of
of solutions superimposed in the EPR spectrum of such a3-point crossover with probability of 0.7 and uniform

routine. Taking into account the resolution limit of SL-EPR
which is around 30 parameters, this allows the usage of at

EPR Spin Labeling. EPR spectroscopy in combination  optimization. An optimization routine is used to find the
with spin labeling can be applied to study the properties of set of spectral parameters that produces the best fit to the
approach spin-labeled analogues of different molecules areppjective function) was chosen to be the reduggdriteria
introduced into a system to report about their structural and

. . N (P — ym)?
perturbation to the whole molecule, one can approximate that X2 _
the description derived from spin probes is a reasonable
enables us to use EPR to explore biological systems in vivo wherey®® andys™ are the experimental and simulated data
so that there is no need for (bio)chemical extraction of the respectivelyg is the standard deviation of the experimental
of the system can be detected and characterized. of model parameters.

As was mentioned in the Introduction, EPR spin labeling  For the optimization, HEO routine, a combination of the
properties of the labeled molecules providing an opportunity was applied. Since the optimization scheme is presented
to extract information on structure and dynamics of the lipids elsewheré! we only briefly report on the implemented
motions, relative membrane locations, and oxygen profile). solutions and continues with the tournament selection and
The complexity of such a system results in a large number gpplication of genetic operators for 100 generations. The
labeled system (Figure 2).

EPR Spectrum Modeling.Generally, to describe the EPR

mutation with probability of 0.01 are applied together with
certain knowledge-based operators and local improvements

spectra of spin labels, the stochastic Liouville equation should (performed with Downhill-Simplex with probability of 0.002,

be used ¢ However, under physiological conditions the
majority of the local rotational motions is fast with respect
to the EPR time scaleas calculated by numerous molecular
dynamics simulationsand therefore the fast motional ap-

see Figure 3):'* The elite set (2% of the population size) is

used to keep track of the best individuals found so far. One
HEO consists of 100 generations with a population size of
300 individuals and provides the best parameter set found.
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Figure 3. Schematic presentation of parameters search space and
the effect of the local mutation procedure responsible for fine-
tuning. Due to the noisy spectra and finite resolution of the local . . ) )
optimization routine starting approximations (white circles) are Figure 4. Schematic presentation of the fitness sharing operator
optimized into more accurate solutions (gray circles) according to function. Top: In a nonsharing routine crowding at the local minima
the local phase-space landscape. (a) In case of a flat valley (plateads allowed, since there is no operator that would maintain diversity.
in multidimensional space), the results of the local optimization Bottom: In a sharing-routine, fitness function is increased according
routine strongly depend on the starting approximation. (b) In case t0 the density of solution, aiming to prevent crowding.

of sharply defined minimum, local optimization routine provides L o’ o3 )

similar results independently of starting approximation unless SPeciation method%#* and clustering?** and multipopu-
starting approximation is too far from the local minimum. lation method¥' (island model®26and migration modets).

Another way to find multiple optima is to make several
In the 200 HEO runs a group of best parameter sets can beruns of an ordinary GA. In each run the GA typically
accumulated. This information is then filtered, grouped, and converges to a different optimum_ Thus, several optima are
graphically presented with a so-called GHOST Condensationfound_28 Exacﬂy this Strategy was used in the pre\/ious
algorithm. multiple HEO-based approach.
Taking only one best parameter set from each run can be  Since the methods that assume creating subpopulations do
a waste of computer time. In fact, HEO converges to the not match with our specific problem, we chose the sharing

best solution region within 2680 generations, thus creating parallel niching method to maintain diversity within a single
a great number of similar solutions after 100 generations. run together with a multiple run approach.

Therefore, HEO was modified to increase the solution  Sharing. Sharing*!’ requires that fitness is shared as a

diversity within the population while preserving the same single resource among similar individuals in a population
level of convergence rate. In such a case, it should be possiblef solutions?® The fithess sharing method modifies the search

to include more than one parameter set into the final group Jandscape by changing the fitness function (2), i.e. the value
of solutions and consequently rely on a smaller number of of 52 in densely populated regiofis

runs.

y

Ll
Search space

To maintain the population diversity throughout the GA F(i) = f(j) 2
generations and not to affect convergence, one should modify 0= z_n £(dli]) (2)
the selection scheme or add new operator(s) to keep the =1 "

diversity within the population. To do that, one should clearly \ynere the sharing functioB is a function of distanceli j]

understand the HEO as well as the problem search spacepeqyeen two population elements and can be defined as
Parameters Search SpaceThe optimization process

should be thought of as searching for the minima in the 1 [-X o X <
landscape of the parameter search space (phase-space), which £G) = Oghard Oshare (3)
may contain both local and global minima. A powerful 0: otherwise

optimization routine should be able to find global minimum-
(a), which can be of different types (Figure 3), i.e., well- It returns ‘1’ if the elements are identical and ‘0’ if they
defined minima (Figure 3b) or a flat minimum valley minima  cross some threshold of dissimilarity, specified by constant
(Figure 3a). An optimization routine should therefore keep oshare Herea is a constant, which regulates the shape of the
convergence to the minima of tyge (discrete problems)  sharing function. As a result of the sharing operator applica-
and maintain the diversity to be able to reveal the minimum tion, the population becomes better distributed in the search
valleys (in continuous problems) already in a single run.  space which improves the population diversity (Figure 4).
Population Diversity in GA. Genetic algorithms are Shaking. Shaking is a new operator that was developed
general purpose global search algorithms that use principlesto provide small Gaussian-like deviations to the spectral
of natural genetics. Simultaneously, a population of possible parameters (Figure 5) before the crossover operator is
solutions is being optimized. A simple genetic algorithm applied. The shaking algorithm prevents “grid” formation
(SGA)*? is suitable for finding the optimum of a unimodal and preserves the diversity in the solution population (for
function in a bounded search space. However, both analysisexplanation of the grid problem see Discussion section).
and experiments show that the SGA cannot find multiple  Projection Principle and GHOST Condensation.The
global maxima of a multimodal functidfr4 or a function large amount of solutions resulting from the multiple HEO
with a flat global minimum, which is an extreme limit of runs should be condensed and grouped together to construct
the multimodal function. This limitation can be overcome a discrete or quasicontinuous description of the system. If
by a mechanism that creates and maintains several subpoputhe proposed model complexity (4 spectral components in
lations within the search space, referred to as “niching our case) is sufficient to describe the system, the final
methods”. There exist sequential niching methtdéparal- description is also discrete. However, when the proposed
lel niching methods (sharing,crowdingi*'8and clearing); complexity is lower than in reality, the model tries to describe
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Figure 5. Schematic presentation of the Gaussian shaking operator. o .' " -'
Shaking operator implies a Gaussian random generator that provides 0 1 L
a small deviation to the value of each parameter. The error bars t.[ns]?

indicate the width of Gaussian probability distribution of these _.
deviations. The standard relative uncertainties of the spectral F19ure 7. Color legend. The RGB (red, green, and blue) color of

parameter$ 9, ¢, 7, W, pa, Prot,d} are{0.02, 0.02, 0.04, 0.035, anwarti%ular'S(iwti_or:jp?in:_COQets thelrelative values of parameters
0.035, 0.04, 0.0R, respectively, which follow average uncertainties 7o ¥V @10Pa In heir definition intervais.
that are found empirically for these parameters within the simulation

model Table 1. Optimization Parameters after 200 and 20 Runs for the

Real Membrane Spectrdm

.................................... criteria 200 runs 20 runs
szin 3.4 4.1
P 2.0 1.9
Pmax 64.2 71.5

aFor the experimental preparation see the caption to Figure 6.
0o 0x% 05 075 1

st RESULTS AND DISCUSSIONS

Figure 6. An example of the GHOST solution presentation of the Evaluation Criteria. To judge the success of the modi-
spin labeled horse neutrophils taken from bronchoalveolar fluid fication of the HEO algorithm the following criteria were
(BAL) from horses suffering from the chronic obstructive pulmo- selected: GHOST quality (solution diversity, solution do-
nary disease (COPD). Horses were sedated with medetomidine” . ) L Lo
purchased from Domosedan (Turku, Finland). A 2.5-m long Mains determlnatllon, model p_arameters.dl.f,trlbunon), m!nlmal
endoscope was introduced through the precleaned and topicallyfitness achieved in%min, and fitness deviation(y?), that is
anesthetized nostril and advanced until it wedged in a bronchus.40% of the besj?mwin values; runs contribution histograms;
Three hundred milliliters of prewarmed sterile physiological saline and maximal detected solution densiy.. To check the

solution was infused through the biopsy channel into the bronchus : :
and immediately reaspirated into a sterile flask cooled in ice. generality of the new algorithm we analyzed two types of

Polymorphonuciear leukocytes were isolated from whole BAL EPR spectra: experimental ones (from membranes and
samples, spin labeled with MeFASL(10,3), centrifuged, transferred membrane proteins) and synthetic (discrete and continuous).
to quartz capillary, and measured at Bruker ELEXSYS E500 9.6  Multiple Runs. Before making any implementation changes

GHz spectrometer (field sweep of 10 mT; modulation: 0.15 mT, i the code, we simply reduced the number of HEO runs
100 kHz; 5 scans of 40 s with 40 ms of time constant), fitted with

EPRSIM BBW software and characterized using GHOST conden- from 200 to 20 and increased the contribution of each run
sation procedure. (more than one best parameter set). The results for a typical

experimental spectrum are shown in Figure 8 where the

the most important features of the system (EPR spectra inGHOST diagram (Figure 8b) and contribution histogram
our work). In this case, the landscape at the point of the (Figure 8c) are compared with the original GHOST diagram
global minimum changes into a flat valley, and consequently, based on the 200 runs (Figure 8a). It can be easily seen that
HEO needs to resolve the distribution of solutions describing this is not the right way to reduce the computational demand
this optimum region of the parameter search space. In thisof the problem. With the modified approach, the GHOST
way, multiple-HEO approach incorporates the “projection diagram (Figure 8b) does not resemble the original one
principle” ideal? (Figure 8a). In addition it can be seen that only a few runs

After solution filtering according to the local solution (such as the first, seventh, ninth, and seventeenth) contribute
density and goodness of fit, performed in the same way asto the GHOST presentation as it is shown by runs contribu-
defined beforé,the GHOST condensed results are presentedtion histogram in Figure 8c, whereas the other runs (i.e. the
in 2D cross-section§S<., S-W S-p} (Figure 6). The color  third, fourth, tenth, etc.) have no contribution at all. This
of any solution point in the GHOST diagram is defined by causes the loss of solution diversity, a worse distribution of
RGB specification, where the intensity of each color y? (see minimum value and distribution width in “20 runs”
component (red, green, blue) represents the relative valuecolumn of Table 1), and a wrong solution domains deter-
of the spectral parametets, W, andpa in their definition mination (Figure 8b). In addition one also can see a higher
intervals{0—3 ng, {0—4 G}, and{0.8-1.2}, respectively solution density as a consequence of the crowding in the
(Figure 7). This technique enhances the possibility to search space. An even worse result is achieved when the
distinguish groups of solutions and to explore optimized modified “20 runs” approach is tested on a continuous
values of model parameters. problem: compare original “200 runs” (a) and “20 runs”

The most important property of the GHOST algorithm is (b) in Figure 11. It can be easily seen that the results do not
that there is no need to define the complexity (the number meet the original GHOST distribution. The bad GHOST
of different motional patterns) in advanc# comes out picture arises from the fact that the contribution of the runs
automatically from the GHOST condensation and graphical is extremely uneven (Figure 12b), originating in a solution
presentation. crowding.

g1
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Figure 8. Typical characterization of spin labeled real membrane (see the caption to Figure 6): (a) GHOST as a result of 200 runs of HEO

where only one solution is extracted from a single run; (b) GHOST as a result of 20 runs of the same HEO algorithm where on average
10 solutions are taken from each run; (c) runs contribution histogram for the case of 20 runs where the number of runs is shown along the

075

x-axis and number of solution (taken from a particular run) alongythgis.
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Figure 9. Schematic presentation of the “grid” problem for three cross-sections of the phase-space. Due to the standard multipoint crossover,
subgroups of parameters are “transferred” between generations untouched, resulting in a gridlike distribution of the GHOST solution (single

run). The lines indicate very high vertical and horizontal densities
the optimization routine.

. * i . ¢ i -
1,142 — " ——
AR "
S Ver |, e
1 e . .
[ S O e v £
X N ol I
08} .,..'g.’ . ..'.-...?:.“'.. —
o |3 o el %
08 i
0 025 05 075 1
s(1)

Figure 10. Single run GHOSTs (with population size 600): (a)
original version with crowding problemseveral solutions are
crowded in many regions and (b) version with shaking that
maintains diversity-solutions crowded in each point previously now
spread over the flat minima region with the help of shaking operator.

According to the literature, the sharing implementation
could change the resutt}" To test the sharing approach the

of solutions that evolve from copying of parts of parameter sets within

Table 2. Comparison of the? Distributions and Solution Densities
for the Different Multirun HEG-GHOST Approaches on the
Synthetic 15-Component Spectrum that Simulates Quasicontinuous
Distribution of Spectral Parametérs

criteria 200 runs 20 runs sharing shaking
Xmin 1.2 1.2 1.7 1.2
o(x?) 0.9 0.4 1.3 0.9
Pmax0 69.5 75.7 69 66.1

a See also caption to Figure 12.

enough, even when we increased the population size from
300 to 600 (to keep convergence at the same level due to
the sharing implementation).

Grid Problem and Shaking. By careful analysis of the
parameters in the resulting solution distribution, we found
the origin of the unsuccessful implementation of the sharing
approach-the shortcoming of the three-point crossover, one
of the most important operators in the GA algorithm.
"Genetic material” related to good model parameters spreads

continuous problem was chosen (Figure 11a and 12a). Theand copies among individuals in the population. After a few

results of this test in terms of the runs contribution histogram

tens of generations the population forms a "grid” in the

and GHOST cross-section are shown in Figures 11c and 12csearch space (Figure 9) as a consequence of the rough action
It can be seen that the GHOST representation betterof the 3-point crossover operator. This leads to the loss of
resembles the original one, and also the runs contribution solution diversity.

becomes more even. However, the distributiop’f worse
(see the minimum value and the distribution width in
“sharing” column of Table 2). This result was not good

In the HEO algorithm only a local search operator is
capable of restoring the diversity and eliminating the "grid”,
but due to the high computational cost and extremely high
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Figure 11. Comparison of the effectiveness of different multirun HEEnDashGHOST approaches on the synthetic 15-component spectrum

that simulates a quasicontinuous distribution of spectral parameters. (a) GHOST as a result of 200 runs of original HEO routine; (b) GHOST

as a result of 20 runs of the original HEO routine; (c) GHOST as a result of 20 runs of the modified HEO routine that includes sharing

operator; and (d) GHOST as a result of 20 runs of the modified HEO routine that includes shaking operator as described in the text.

runs (@ runs (b)
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Figure 12. Comparison of runs contribution histograms of different multirun HEGHOST approaches on the synthetic 15-component
spectrum that simulates a quasicontinuous distribution of spectral parameters. (a) GHOST as a result of 200 runs of original HEO routine;
(b) GHOST as a result of 20 runs of the original HEO routine; (¢) GHOST as a result of 20 runs of the modified HEO routine that includes
sharing operator; and (d) GHOST as a result of 20 runs of the modified HEO routine that includes shaking operator as described in the text.
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Figure 13. GHOSTs comparison of the original-HEO approach with 200 runs (above) versus modified-HEO (with shaking) based on 20
runs (bellow): (a) for synthetic discrete 2D spectrum that was constructed from two spectral components with the known parameter set and
optimized as unknown one; (b) synthetic quasicontinues spectrum (see the caption to Figure 12); (c) spectrum of the real membranes of
breast cancer cells MT1 in the exponential phase of growth: MT1 breast cancer cells were seeded at approxfneatdyirl@ culture

flask with surface area of 75 &nspin labeled with the methyl ester of 5-doxyl palmitate, MeFASL(10,3), and measured under the same
conditions as the membranes of horse neutrophils (see the caption to Figure 6); (d) spectrum of the spin labeled (maleimide spin label)
cystein mutant of major coat protein of bacteriophage M13 at amino acid position 46 reconstituted in dimyristoylphosphatidylcholine lipid
bilayers?

impact on the convergence to local minima the probability of “shaking” was introduced in our work keeping the

of the Downhill-Simplex local search operator should be and standard crossover. As it was described in the Methods
is very low. Therefore the local search operator cannot be section, the shaking operator introduces a small deviation
used to maintain population diversity. Instead, a new idea in parameters and thereby eliminates the effect of the “grid”.
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Figure 14. Runs contribution histogram for the modified HEO approach based on 20 runs with the implemented shaking operator. For the
description of the samples fajd) see the caption to Figure 13.

Indeed, the implementation of the shaking operator allowed of the Republic of Slovenia through the Slovenian Research
the algorithm to overcome the solution crowding and Agency. Initiation of the collaboration between the authors
increased the population diversity already in a single run. was enabled by the financial support from EC COST D22
This result is shown in Figure 10 for a continuous problem Action.
that represents the most extreme case of the complexity.
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Site-directed spin-labeling electron spin resonance (SDSL-ESR) is a promising tool for membrane protein
structure determination. Here we propose a novel way to translate the local structural constraints gained
by SDSL-ESR data into a low-resolution structure of a protein by simulating the restrictions of the local
conformational spaces of the spin label attached at different protein sites along the primary structure
of the membrane-embedded protein. We test the sensitivity of this approach for membrane-embedded
M13 major coat protein decorated with a limited number of strategically placed spin labels employing
high-throughput site-directed mutagenesis. We find a reasonably good agreement of the simulated
and the experimental data taking a protein conformation close to the one determined by fluorescence
resonance energy transfer analysis [P.V. Nazarov, R.B.M. Koehorst, W.L. Vos, V.V. Apanasovich, M.A. Hem-
minga, FRET study of membrane proteins: determination of the tilt and orientation of the N-terminal

space domain of M13 major coat protein, Biophys. J. 92 (2007) 1296-1305].

Computer simulations

© 2008 Elsevier Inc. All rights reserved.

1. Introduction

To identify the biological functions of proteins, it is imperative
to know their three-dimensional structure. In this context, the
least understood class of proteins are the integral membrane pro-
teins [1,2]. Although they represent 30-40% of all expressed se-
quences, they amount to less than 1% of proteins of known
structure [3]. Thus membrane proteins remain an enormous chal-
lenge in structural biology.

The progress of high-resolution structural studies of membrane
proteins using the two common techniques, NMR and X-ray dif-
fraction, has been limited because both approaches are restricted
by technical and practical difficulties [4]. As a result, there is an ur-
gent need for new biophysical methodologies that can provide de-
tailed structural information. Among the more modern biophysical
techniques, site-directed spin-labeling electron spin resonance
(SDSL-ESR) appears to show a high potential to further advance
the field [5-10].

The basis of this technique is a high-throughput site-directed
mutagenesis to introduce unique cysteine residues at desired loca-
tions in the protein. As site-directed mutagenesis is becoming an

* Corresponding author. Fax: +31 317 482 725.
E-mail address: marcus.hemminga@wur.nl (M.A. Hemminga).
URL: http://ntmf.mf.wau.nl/hemminga/ (M.A. Hemminga).

1090-7807/$ - see front matter © 2008 Elsevier Inc. All rights reserved.
doi:10.1016/j.jmr.2008.12.019

increasingly powerful tool in protein preparation, the usefulness
of SDSL-ESR in membrane protein studies grows tremendously
[7]. An additional advantage is that the membrane proteins can
be examined in their native membrane environment, such as
reconstituted lipid bilayer systems under their physiological
conditions.

Our objective is to present the basic ideas of a new method tai-
lored to transfer the SDSL-ESR data into structural information. To
demonstrate the power of our analysis, we use the M13 major coat
protein, a small reference membrane protein, and we decorate it
with a limited number of strategically placed spin labels. We ex-
tract the experimental free rotational space of the spin labels at-
tached to the protein as published previously [11-13]. Here we
develop a molecular model to describe local conformations of the
protein in a lipid environment in terms of the available free rota-
tional space for the spin label, showing that our method provides
a new advance for spin-label ESR spectroscopy in the determina-
tion of protein structures.

2. Methodology

For a membrane-embedded protein, the conformational space
of a spin-labeled side chain is determined by three main factors:
(i) the local rotations of the spin-label side chain attached to the
protein backbone, (ii) the restrictions of the rotamers by the back-
bone and side chains of the neighboring amino acid residues, and
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(iii) the restrictions imposed by the surrounding lipids. These ef-
fects are illustrated in Fig. 1. In our conformational modeling, it
is assumed that at room temperature the backbone motion is slow
on the ESR time scale and significantly slower than the motion of
the side chains [14]. Thus the protein fold on a timescale beyond
several nanoseconds is defined by series of pairs of dihedral angles
¢ and . Possible dihedral angle pairs are restricted due to steric
clashes of the backbone atoms by taking into account the minimal
interatomic distances (van der Waals distances, contact distances)
[15,16]. The bond lengths and angles are fixed to the values re-
ported in the literature [17,18], as there is no need to resolve the
individual conformation at the atomistic resolution. Instead, we
want to detect the shape of the restricted conformational space
that is experimentally measured by ESR. For each amino acid posi-
tion including the spin-labeled cysteine side chain, the full confor-
mational space of a side chain is generated by discrete rotations
around the single bonds (Fig. 1A and B). The torsion potentials
are modeled by a discrete set of equiprobable but not equidistant
rotational states, such that their density increases with the depth
of the torsion potential at a given angle.

The statistical weight p; of a certain conformation of spin label i
is given by:

0, backbone overlap

p; =} 1,no backbone overlap
Nk )
x { 11 (1 - "‘”;je“apﬂ (1 —sin o), (1)
keneighboring amino acids Nall

where the product in the central factor runs over all neighboring
amino acid residues that share the space with the conformations
of the spin label.

The first factor in Eq. (1) indicates that the conformations of the
spin-labeled cysteine side chain, which overlap with the backbone
are completely rejected (Fig. 1C and D) as the motion of the back-
bone is much slower than the motion of the side chains. However,
the overlap with the neighboring amino acid side chains (Fig. 1E
and F) is assumed to be “soft” rather than “hard”, as the wobbling

Restrictions
by backbone

Unrestricted
conformational space

o

of the side chains is fast on the ESR time scale. This is taken into
account by the second factor in Eq. (1), which describes the reduc-
tion of the statistical weight by the ratio of the number of overlap-
ping conformations and the number of all possible conformations
of the neighboring side chains that are allowed by the backbone
overlap check. Finally, the statistical weight of each conformation
of a side chain of the spin label is also decreased by restrictions
due to adjacent lipids. The aligning effect of the lipids is parameter-
ized by the angle ¥ between the membrane normal and the direc-
tion of the side chain of a particular conformation (which is defined
as the direction from the CB to the oxygen atom of the nitroxide)
and in a first approximation described by (1 — sin4) (Fig. 1G and
H). This is provided by the third factor in Eq. (1). This factor is a
simplification, based on the following requirements: (1) there are
no restrictions in case of a parallel orientation with respect to
the lipids; (2) as soon as there is a non-zero angle, there should
be a non-zero first derivative effect; (3) at a direction perpendicu-
lar to the lipids, the restriction should be strongest; (4) the deriv-
ative of this perpendicular effect should be zero again: there is not
a very large difference whether lipid molecules are perfectly or
nearly perpendicular to the side chains. The most simple and effec-
tive function that meets those criteria is the (1 — sin¥) function.
Since the side chain of the 3-maleimido proxyl spin label, which
is used in the ESR experiments, is twice as large as compared to
amino acid side chains, the aligning effect of the lipids on the other
amino acid side chains can be ignored. Based on similar arguments
we did not take into account the restrictive effects of amino acid
side chains on one another.

Thus, the conformational space of a spin label at a specific site
on a membrane-embedded protein will be sensitive to its local
environment. For membrane-embedded M13 coat protein, the
location of the protein relative to the lipid bilayer is defined by
locking the positions of the amino acids that were experimentally
determined to be at water-lipid interface [19,20]. Note that this
kind of description is proposed to describe the time-averaged
SDSL-ESR experimental data and cannot be compared to the much
more time-consuming molecular dynamics approach, which on the
other hand would actually resolve the time evolution of the
conformations.

Restrictions
by lipids

Restrictions
by neighborhood

less restricted

more restricted

Fig. 1. Schematic illustration of the conformational space of the spin-label side chain for membrane-embedded 3-maleimido proxyl spin-labeled M13 coat protein. For
simplicity, the protein is assumed to be in a perfect a-helical conformation and embedded in a bilayer of 1,2-dierucoyl-sn-glycero-3-phosphocholine between amino acid
positions 9 and 46; the spin label is attached to a cysteine residue at position 25. (A) The spin label attached to a cysteine residue has four free rotations (1, X2, X3, X4)
around the four single bonds. (B) Unrestricted spin label conformational space (shown in red) resulting from the free rotations of the side chain around the four single bonds.
(C) Steric overlap of the spin label with the protein backbone reduces the set of possible conformations. (D) The available spin label conformational space after steric overlap
with the protein backbone (forbidden conformations are shown in yellow). (E) The wobbling spin label shares space with the wobbling side chains of the neighboring amino
acid residues (indicated in orange). (F) The available spin label conformational space after steric overlap with both the backbone and the side chains of the neighboring amino
acid residues. The soft interaction with the neighboring amino acids is indicated by a continuous yellow-orange-red color scale (see inset). (G) As the lipids tend to orient the
amino acid side chains, conformations that are perpendicular to the membrane normal are highly restricted, which further reduces the set of allowed spin label
conformations. (H) The final available spin label conformational space subject to all three types of restrictions.
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Recently we have introduced a method of analysis of ESR spec-
tra of site-directed labeled proteins, which provides information
about the conformational space of the spin-labeled sites [11-13].
The conformational space of a spin label is quantified by the nor-
malized free rotational space ©, which measures the effective solid
angle of the cone left for spin label wobbling. This parameter can
also be deduced from molecular modeling of the restriction in
the rotational space of the side chains (Fig. 1), by interpreting the
results of the modeling in terms of a cone model [12,13]. For this,
we calculate the average direction of the nitroxide N-O bonds
using the statistical weights of the conformations. The averages
are converted into two cone angles ¥y and ¢q that characterize
the anisotropy of the rotational space. From the cone angles we fi-
nally compute the simulated normalized free rotational space €2 as
follows:

_ Yoy
=Ty @

which can then be compared to the experimental values of Q [12].

In summary, the free rotational space of a spin label is an attrac-
tive parameter to consider for protein structure analysis, as it will
be affected by its local environment as given by the primary se-
quence, fold of the protein backbone, adjacent protein domains
in a tertiary protein structure and, for membrane proteins, the
phospholipids in which the protein is embedded. All computer
models were realized as Delphi classes using the Borland Delphi
6.0 environment. The Pascal classes and the software are available
from the authors upon request.

3. Results

The protein modeling was tested by comparing the simulated
free rotational space of a membrane-bound M13 major coat pro-
tein to recently published experimental data [12] (Fig. 2, red trian-
gles). For this protein, consisting of 50 amino acid residues, 27
single cysteine mutants were available. They span the whole pri-
mary sequence of the protein and they cover almost the complete

A

247

range of values of the free rotational space Q of the 3-maleimido
proxyl spin label for the protein reconstituted in phospholipid
bilayers consisting of 1,2-dierucoyl-sn-glycero-3-phosphocholine
[11,20].

The experimental free rotational space 2 was compared with
the value of 2 obtained from the simulation of the restrictions of
the side chain rotational spaces (Fig. 2). For simplicity, we assumed
a membrane-embedment of the protein based on a recently pub-
lished model, using an o-helical protein with a tilt angle of 18°
with respect to the membrane normal and with membrane cross-
ing points at positions 9 and 47 [19,21,22]. To analyze the effect of
protein conformation and membrane-embedment on the simu-
lated free rotational space Q, we generated a number of 5000 dif-
ferent helical structures of the protein with dihedral angles ¢ and
Y uniformly distributed around the values for an o-helix:
—57 +30° and —47 = 30°, respectively. The € values related to
the original o-helical protein model (¢ = —57° and = —47°) are
indicated with white triangles in Fig. 2. The observed variation in
Q values represents the effect of the various amino acid residues
in the primary sequence of the protein. In one set of simulations,
we left out the lipid effect in Eq. (1), showing the variation of Q
for a ‘free’ protein (Fig. 2A). At all spin label positions along the
primary sequence of the protein the simulated Q values were sum-
marized into frequency histograms (see the cyan-blue histograms
of the relative frequency of a given value of Q in Fig. 2). As can be
seen, the calculated restrictions from the simulated helical struc-
tures produce a wide range of 2 values that nicely cover the exper-
imental data (red triangles). In a second simulation approach, the
effect of the lipids was included. In this case, there is a reasonably
good agreement between the SDSL-ESR experimental data and the
simulated data for all spin label positions (Fig. 2B). The deviating
positions 25-29 most likely indicate that the simulated structure
did not produce locally a secondary structure motif that would suf-
ficiently restrict the conformational space of the spin label. We will
address this problem by introducing an optimization procedure in
our calculation, which would tune the backbone dihedral angles
and in fact eventually would produce an optimized ensemble of
best-fitting structures.
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Fig. 2. Sensitivity of the free rotational space to the primary sequence, variations of the protein secondary structure and the effect of the lipids for membrane-embedded spin-
labeled M13 coat protein. The histograms of the relative frequency of a given value of 2 (color-coded by continuous shades of blue, such that cyan is the lowest frequency and
dark blue is the highest frequency within the set of 5000 modeled near helical structures; see text) at an amino acid position along the primary sequence are plotted both for
the ‘free’ protein (A) and for the protein in a lipid environment (B). The red triangles correspond to the experimental values of Q. The white triangles indicate the €2 values
related to the original o-helical protein model (¢ = —57° and y = —47°) as defined in [19,21,22].



248 Communication /Journal of Magnetic Resonance 197 (2009) 245-248

4. Conclusions

The key factor to the efficiency of our computational approach
is the adjusted spatial and temporal resolution of the molecular
modeling guided by the characteristic scales of the spin-label ESR
experiments. The ESR experiment is insensitive to the exact atomic
coordinates, but it enables us to track the rotational conformations
of the amino acid side chains. With this in view, the simulation
algorithm is designed to optimize its runtime without compromis-
ing the level of detail of the analysis. Since ESR spectroscopy is very
sensitive to the available space of the fast rotational motion of the
spin label attached to the protein, the rotational conformational
space of the side chain can be taken as the most strategic unit in
our protein modeling. The proposed search of the conformational
space for each spin-labeled protein mutant requires a new approach
in the modeling strategy as the standard modeling techniques and
molecular dynamics simulations are not ideally suited for such an
ESR data analysis and consequently are not realistically applicable
within the computer time frames possible.

The next step will be to set up an optimization algorithm that will
enable to find the best possible structures of the protein based on the
Q data. In this respect, the backbone dihedral angles will be contin-
uously changed and the local restrictions will be recalculated, there-
by optimizing the secondary structure of the protein. The goodness
of fit to the experimental data will guide the optimization procedure
through the search space towards more favorite structures. At the
end of the optimization, more than one structure can produce
equally good fits to the experimental €2 data, indicating a set of al-
lowed global protein conformations. Such a method is comparable
to the distance geometry approach employed in two-dimensional
solution NMR spectroscopy that also results in a family of structures
[23]. Based on our experience with evolutionary optimization meth-
ods [24,25], the estimated time frame for the structure optimization
fora protein of size of 150 amino acid residues and 50 different single
cysteine mutants will be about 4 weeks using twenty 4-GFLOP pro-
cessors, which makes this approach highly competitive compared to
other high-resolution methodologies.

As compare to well-established ESR tools of structure determi-
nation, such as accessibilities and distance constraints, our method
provides an alternative approach. Our method has the advantage of
providing direct information about the local secondary structure at
physiological temperatures (i.e., room temperature) with singly la-
beled protein samples, without changing the sample conditions. In
the case of accessibility experiments relaxation agents, such as Ni%*
ions or oxygen, need to be added to the sample. To determine dis-
tance constraints, two spin labels need to be engineered at the pro-
tein and for spin echo ESR experiments the sample has to be cooled
to a low temperature (around 50 K) [7].
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ABSTRACT The topology of the long N-terminal domain (~100 amino-acid residues) of the photosynthetic Lhc CP29 was
studied using electron spin resonance. Wild-type protein containing a single cysteine at position 108 and nine single-cysteine
mutants were produced, allowing to label different parts of the domain with a nitroxide spin label. In all cases, the apoproteins
were either solubilized in detergent or they were reconstituted with their native pigments (holoproteins) in vitro. The spin-label
electron spin resonance spectra were analyzed in terms of a multicomponent spectral simulation approach, based on hybrid
evolutionary optimization and solution condensation. These results permit to trace the structural organization of the long
N-terminal domain of CP29. Amino-acid residues 97 and 108 are located in the transmembrane pigment-containing protein
body of the protein. Positions 65, 81, and 90 are located in a flexible loop that is proposed to extend out of the protein from
the stromal surface. This loop also contains a phosphorylation site at Thr81, suggesting that the flexibility of this loop might
play a role in the regulatory mechanisms of the light-harvesting process. Positions 4, 33, 40, and 56 are found to be located
in a relatively rigid environment, close to the transmembrane protein body. On the other hand, position 15 is located in a flexible

region, relatively far away from the transmembrane domain.

INTRODUCTION

Photosynthesis in green plants and algae occurs in chloro-
plasts. Their highly folded thylakoid membranes provide
a home for the multisubunit protein complexes PSI and
PSII, which work in concert (linked by a cytochrome b6f
complex) to convert sunlight energy into chemical energy
(1). The fourth major player is the ATP-synthase complex
that uses the proton gradient across the thylakoid membrane,
created by PSI/PSII, to convert ADP into ATP. PSI and PSII
are supramolecular complexes composed of a core moiety,
which contains all the cofactors of the electron transport
chain and of an outer antenna system, the role of which is
to collect light energy and transfer it to the reaction center
where it can be used to drive charge separation. All antenna
complexes of higher plants belong to the Lhc multigenic
family (2). In particular, six different gene products
(Lhcb1-6) compose the outer antenna system of PSII. The
major antenna complex of PSII is LHCII, the product of
the genes Lhcb1-3 (3), harboring over 50% of the pigments,
and it is organized as trimers at the periphery of the PSII
supramolecular complex (4). Three minor antenna
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complexes, CP29 (Lhcb4), CP26 (LhcbS), and CP24
(Lhcb6) are located in between the LHCII trimers and the
core complex, and they are present as monomers. Recently,
it has been proposed that the minor antenna complexes
provide the sites of nonphotochemical quenching, a mecha-
nism that protects PSII against photoinhibition (5). In partic-
ular it has been shown that in CP29, a radical cation is
formed on the zeaxanthin in the L2 site, which strongly inter-
acts with Chl A5 (6), leading to the harmless dissipation of
excess excitation energy.

The structure of LHCII has been resolved at 2.72 A (7)
showing three transmembrane helices, two amphipathic
helices on the lumenal side of the membrane, and the posi-
tions of 14 Chl and 4 xanthophyll molecules per monomeric
subunit. Structural information on the minor antenna
complexes CP24, CP26, and CP29 is still lacking, but
sequence analysis (8) and site-selected mutagenesis have re-
vealed that they share high structure similarity with LHCII,
although they coordinate a smaller number of pigments
(9,10).

CP29 is the largest member of the Lhc family, and it is
characterized by a long N-terminal domain (~100 amino-
acid residues), which contains a phosphorylation site (11).
Phosphorylation takes place, for instance, under cold stress
and is accompanied by a structural change of the protein
(12). It has been shown that there is a strong correlation
between the presence of phosphorylated CP29 and the resis-
tance of plants against cold stress, thus leading to the sugges-
tion that the phosphorylation is involved in protective
mechanisms (13). However, details are lacking on both the
structure and the structural changes.

doi: 10.1016/j.bp;j.2009.01.038
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CP29 belongs to the class of membrane proteins. In
general, membrane proteins comprise almost one-third of
the total amount of proteins in an organism or cell. However,
progress in determining their structures has been slow.
Therefore, membrane proteins offer an enormous challenge
in structural biology, and there is an urgent need to develop
and apply new biophysical methodologies that are able to
generate detailed structural information. Among modern
biophysical techniques, site-directed spin-labeling ESR
appears to show the highest potential to further develop the
field (14).

Recently, CP29 protein mutants reconstituted with plant
pigments in detergent were selectively labeled at three posi-
tions in the N-terminal domain with a fluorescent dye
TAMRA (6-carboxy-tetramethyl-rhodamine) and examined
with picosecond fluorescence spectroscopy (15). The results
indicated that the N-terminus is folded back on the hydro-
phobic part of the protein, and suggested the presence of
some structural heterogeneity in the N-terminal part.

This work focuses on the structure and dynamics of the
N-terminal domain of CP29 in detergent systems with and
without pigments. Site-directed mutagenesis was used to
produce 10 single-cysteine protein samples with cysteine
positions equally distributed over the N-terminal domain.
Following the approach of Stopar et al. (16), single-cysteine
protein samples were labeled with nitroxide spin labels. The
ESR data allowed us to determine the free rotational space,
local dynamics, and polarity of the spin-labeled sites that
reflect the pigment-binding properties of CP29 and to arrive
at a topological model for the N-terminal domain.

MATERIALS AND METHODS

Construction and isolation of overexpressed
CP29 apoprotein

Lhcb4.1 cDNA of Arabidopsis thaliana (A. Thaliana) (from Arabidopsis
Biological Resource Center DNA Stock Center) was subcloned into
a pT7-7 expression vector. The construct contains the sequence of the
mature CP29 protein with an additional methionine at the N-terminus and
a 6 His-tag at the C-terminus. Mutations were introduced using the Strata-
gene Quick Change Site Directed Mutagenesis Kit. First, the naturally
occurring cysteine (position 108) was replaced by alanine. This mutant
was also used to estimate the amount of nonspecific spin labeling. On this
template, single-cysteine residues were introduced in the N-terminal part
at various positions resulting in the following mutants: G4C, S15C, S33C,
S40C, A56C, S65C, T81C, S90C, and S97C. The constructs were checked
by DNA sequencing. The plasmids were amplified in the super competent
Escherichia coli (E. coli) XL-1 Blue strain and the proteins overexpressed
in the E. coli BL21 (DE3) strain. Inclusion bodies containing the CP29
apoprotein mutants were isolated as reported in (17,18) and stored in the
presence of 10 mM dithiothreitol at —20°C.

Pigment isolation, labeling, and reconstitution
of CP29-pigment complexes

Purified pigments were obtained from spinach. Concentrations of pigments
were determined spectroscopically: Chls as described by Porra et al. (19) and
carotenoids as described by Davies (20). Just before labeling, inclusion
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bodies containing CP29 apoprotein were freshly purified from dithiothreitol
and dissociated in LDS reconstitution buffer (2% LDS, 12.5% sucrose,
20 mM Na,HPO, pH 7.6). CP29 apoproteins were labeled at room temper-
ature for 3 h with a five-times molar excess of the spin label MTS-SL (meth-
anethiosulfonate from TRC, Toronto, Canada). Excess spin label was
removed using affinity chromatography on a His-Trap column. Before
storage at —20°C, the excess of imidazole and NaCl from the elution buffer
were removed by dialysis against LDS reconstitution buffer. Samples of
CP29 apoprotein to be measured in B-D-maltoside (DM) buffer (0.03%
W/V + 10 mM Na,HPO,, pH 7.6) were prepared by using the detergent
substitution procedure (21) followed by affinity chromatography on a His-
Trap column to bring the apoprotein in DM buffer. Reconstitution and
purification of protein-pigment complexes (holoproteins) were performed
as reported in (22), but using a Chl a/b ratio of 5.5. Solutions of the spin-
labeled CP29 samples were washed and concentrated in sucrose-free DM
buffer just before the ESR measurements. Integrity of the holoprotein
samples was checked by fluorescence excitation and emission measure-
ments, showing the complete absence of free Chls and carotenoids in all
preparations.

ESR measurements

All washed and concentrated spin-labeled CP29 preparations in DM buffer
(final protein concentration between 0.07 mM and 0.2 mM) were transferred
to 50 ul capillaries up to 1 cm height and placed in a standard 4-mm quartz
ESR tube. Spectra were measured on an X-band Bruker Elexsys E-500
ESR system (Bruker, Rheinstetten, Germany) equipped with a super-high-
Q cavity ER 4122SHQE in combination with a SuperX X-Band Microwave
Bridge type ER 049X. Temperature was controlled with a quartz variable-
temperature Dewar insert (Eurotherm, Leesburg, VA). Spectra were recorded
at 10-mT scan widths with a microwave power of 5 mW at 6°C. To improve
signal/noise, up to 100 scans were accumulated with a time constant of 20 ms,
a modulation amplitude of 0.1 mT and a scan time of 82 s. Before analysis,
spectra were corrected for the background signal of the buffer.

ESR spectral simulation, optimization,
and solution condensation

The ESR spectra of spin-labeled CP29 samples were simulated with a multi-
component model as described previously (16,23). The spectral parameters
{0, @, 7., W, pa, prot} of each component of the simulated spectra were
simultaneously optimized with a multirun hybrid evolutionary algorithm
(24,25). Multiple solutions, which were obtained from optimization, were
then filtered and grouped into domains with a GHOST condensation
approach (16,23,25,26).

The simulation model for the ESR spectra employs a fast motional aver-
aging approximation to describe the local motion of the spin label (25). The
dynamics of the spin probe gives rise to a motion in a cone (27), which can
be described with three parameters: a maximum opening cone angle ¢,
a cone asymmetry angle ¢, and an effective correlation time 7. The
magnetic interaction tensors g and A are linearly corrected with a polarity
parameter p,. Furthermore, a proticity parameter prot is used that accounts
for the effect of proton binding to the spin label on the g tensor (28). It was
found that the relative error for parameter prot was quite large. Therefore this
parameter is not used in our further discussion (23). When calculating the
convolution of the magnetic field distribution and the basic line shape,
two line width parameters, 7. and W, are applied. A Lorentzian line is
used in the motional narrowing approximation with a single effective rota-
tional correlation time 7. (27,29). The additional broadening of the spectral
line arising from nonmotional effects is described by a constant W. This
parameter arises from unresolved hydrogen superhyperfine interactions
and contributions from paramagnetic impurities (e.g., oxygen), in addition
to external magnetic field inhomogeneities, field modulation effects, and
intermolecular spin-spin interactions if present and applicable.

To resolve coexisting motional patterns from the experimental ESR
spectra, the simulated spectra were composed from four independent
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spectral components defined by four sets of spectral parameters {¢, ¢, 7., W,
Pa, prot} and four relative contributions following a previous approach (23).
Typically, 20 runs of the population-based hybrid evolutionary optimization
were used to produce 8000 (400 in each of 20 runs) solutions (spectral
parameters and the weights of four spectral components) (25,26). The 200
best solutions were chosen (according to the quality of fit), and their four
spectral components were separated into a pool of 800 parameter sets.
Collected single-spectral components are processed further with GHOST
condensation, which filtered and then grouped the spectral components
into domains (25,26). Each domain in a GHOST plot can be seen as
a “‘motional pattern” of the spin label that is related to its local motional
properties. Such motional patterns reflect the restrictions of the spin
label arising from the local protein structure, i.e., local interactions between
the spin-label rotamers and neighboring amino-acid side chains and the
motional limitations imposed by the protein backbone. In addition, the
motional patterns reflect different dynamical regimes of the spin probe,
which may additionally include: a), dynamics inherited from the whole
protein motion, and b), protein backbone fluctuations (27). Also the spin
label senses the accessibility of solvent molecules and adjacent acyl chain
of the phospholipids in case it is in bilayer.

Filtering of the multiple solutions was done according to the fit quality of
a particular solution and according to the density of the solution in the
parameter space. The group recognition was done with a slicing method
based on domain detection at several density levels (30). Visual analysis
of the resulting GHOST plots, which present a combination of two param-
eters (¢ and ¥, 7. and ¥, p, and ¥), was used to revise the results of the
automated group (motional patterns) recognition and to examine the distri-
bution of the spectral characteristics within the groups. Candidate motional
patterns were tested for their physical relevance by looking at the corre-
sponding line shapes. Unusual line shapes resulting from abnormal combi-
nations of parameters were omitted from further analysis. In this way the
ESR experimental spectra are characterized in terms of multiple motional
patterns, and the GHOST analysis provides the number of patterns, average
parameters, and relative contribution of each pattern.

RESULTS
CP29 reconstitution

Together with the wild-type CP29 (WT-C108) nine cysteine-
spin-labeled CP29 apoproteins (G4C/C108A, S15C/C108A,
S33C/C108A, S40C/C108A, AS6C/C108A, S65C/C108A,
T81C/C108A, S90C/C108A, and S97C/CI108A) were
obtained and reconstituted with pigments in vitro. All
pigment-protein complexes were obtained in their monomeric
state as assessed by sucrose gradient ultracentrifugation. The
absorption spectra of the holoprotein mutants are identical to
that of the wild-type construct and resemble the spectrum of
the native CP29 complex, similar as in previous studies
(9,21,31). This indicates that the mutations do not influence
the pigment binding.

ESR experiments

The ESR spectra of the reconstituted holoprotein complexes
and of the apoproteins in detergent solution are shown in
Fig. 1. In all cases the spectra have a multicomponent char-
acter. As can be seen, the absence of the pigments has only
a small effect on the spectra corresponding to positions 15,
65, 81, and 90, and for all these cases the ESR spectra
show a strong sharp three-line component of mobile spin
labels. In contrast, for positions 33, 40, 56, 97, and 108, there
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holoprotein (Exp)
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————— apoprotein (Exp)
——— apoprotein (Sim)

FIGURE 1 ESR spectra of MTS-SL spin-labeled CP29 protein samples at
label positions 4, 15, 33, 40, 56, 65, 81, 90, 97, and 108 reconstituted in DM
with (holoprotein, black line) and without (apoprotein, gray line) pigments.
The total horizontal scan range is 10 mT. Spectral line heights are normal-
ized to the same central line height (left peak). The simulated spectra are
shown in red for holo- and blue for apoprotein samples.

is a relatively large spectral difference between the holo- and
apoproteins. At these positions, the ESR spectrum has
a typical immobile appearance, especially for the holoprotein
in the presence of pigments. The ESR spectrum correspond-
ing to position 4 shows a two-component spectrum with a
strong immobile contribution. Close inspection of the ESR
spectra corresponding to positions 4 and 15 reveals that
there is a small increase of immobile component for the
apoprotein.

To decompose the multicomponent ESR spectra, we used
a multicomponent model of asymmetric motional restriction
(16,23) and optimized the fitted spectra employing a multirun
multisolution hybrid evolutionary method (25). The good-
ness of fit was chosen to be the reduced % function:

1 N (y€«‘»'17 _ ;im)z
2 _ 1 i i
R D M)

exp

where y“? and y*" are the experimental and simulated data,
respectively; ¢ is the standard deviation of the experimental
points; and N is the number of spectral points (in our case
N = 1024). For all 10 spin-labeled CP29 holo- and apopro-
tein samples, the quality of the simulated ESR spectra is
good (see Fig. 1). For holoprotein spin labeled at positions
33, 56, 81, and 97 and apoprotein spin labeled at positions
4, 56, 81, and 108, the reduced x2 of the best-fit solutions
is between 1.6 and 3. For the other samples, this is slightly
higher, i.e., between 3 and 5. In general, Xz values below 5
can be considered to be very good.

The results from the simulations are summarized in so-
called GHOST plots (such as a ¥—¢ GHOST shown for
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positions 65 and 108 in Fig. 2). The GHOST methodology
provides the motional patterns that characterize the spec-
trum, thus the GHOST plots provide the most significant
and probable groups of solutions of spectral parameters.
Each group corresponds to a particular motional pattern
(e.g., mobile or immobile according to the rate of motion;
restricted or unrestricted according to the extent of restric-
tions imposed by the local protein structure on free rotational
space of the spin probe). The weight of the group represents
the contribution of that particular component to the spec-
trum. For example, at position 65 (Fig. 2), the rotational
space of the component with 14% contribution is completely
open (¢ and ¢ around 7t/2), a component with a contribution
of 57% is half-closed (¢ around 7t/4) and still symmetric (¢
around 7t/2), and a component with a contribution of 16% is
very closed (¢ around 7t/6 and ¢ close to 0), as suggested by
the distribution of the cone angles of the spin label ¢ and ¢
(both angles can vary between 0 and 7t/2). On the other hand,
the rotational space for the spin label at position 108 of CP29
pigment-protein complex is very restricted as suggested by
the major component with a contribution of 51% (¢ around
7t/6 and ¢ close to 0) (Fig. 2). In most cases, the motional
patterns in the GHOST plots (as shown in Fig. 2) are repre-
sented in the parameter space by concentrated groups of
solutions. Contrary, in the case of spin-labeled apoprotein
mutants 40 and 90, there appear continuous patterns, which

/2

/2
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reflect smooth transitions between the spectral parameters.
This may indicate a transition between structural conforma-
tions, or could represent a distribution of a local structure
around the mutated residue. The samples having spectra
with a relatively low signal/noise turned out to be somewhat
more problematic in terms of group recognition. Also the
ESR spectra of mutants at positions 15 and 90 were more
difficult to fit, and after group recognition, many spectral
components were found distributed in the parameter space.
Thus, after group recognition, the final solution appeared
to contain several motional patterns with a low contribution
(see Fig. 4). This means an additional complexity of the
corresponding spectra and consequently of the spin-label
motion at positions 15 and 90 relative to other spin-labeled
positions. The four best-fitting spectral components in the
simulated spectra (Fig. 1) are presented in the GHOST plots
with colored triangles (Fig. 2). The size of a triangle is
proportional to the contribution of the corresponding compo-
nent in the spectrum.

For further analysis (i.e., a more convenient comparison of
multiple data between different spin-label positions along the
protein), the angles ¢} and ¢ are combined in a single param-
eter, Q, which is defined as (23):

Q= 0—"’2. @)
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FIGURE 2 GHOST plots showing the optimized
multiple solutions represented in a two-dimensional distri-
bution of the angles ¢ and ¢ of MTS-SL spin-labeled
CP29 protein samples at positions 65 and 108 reconstituted
in DM with (fop, holoprotein) and without (bottom, apopro-
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in percents. Additionally, the four spectral components of
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relative contribution of the corresponding component in
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This parameter measures the space angle, i.e., the surface of the
cone left for local spin-label wobbling (free rotational space)
and is shown for all 10 spin-labeled CP29 holo- (Fig. 3 A)
and apoprotein samples (Fig. 3 B). High values of Q (between
0.7 and 1) correspond to nearly unrestricted motional patterns
of the spin label (i.e., mobile spectral components), whereas
low values (between 0 and 0.25) imply very high restrictions
(i.e., immobile spectral components). In addition to the free
rotational space €2, the simulations provide the effective rota-
tional correlation time 7. (29) and the polarity correction p4 for
the magnetic interaction tensors g and A of the spin label
(16,28). These parameters are presented in Fig. 3, A and B,
as well. To elucidate the effect of pigment removal on the
ESR data, we carried out a comparison of the most important
motional patterns (with a contribution of more than 25%), as
shown in Fig. 3 C. Fig. 3 D compares the weighted averages
of the motional patterns of the spin-labeled holo- and apopro-
teins. In general, it can be seen in Fig. 3 that high values of
the free rotational space € correspond to high values of the
effective rotational correlation time 7.

DISCUSSION

The central issue in our research is related to the following
questions: 1), What is the conformation of the unusually
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100-residues long N-terminal domain of CP29 protein
(which is much longer than for all other members of the
Lhc family)? 2), Where is this domain located with respect
to the membrane-embedded transmembrane protein body?
and 3), What is the role of the pigments in determining the
structure and dynamics of the N-terminal domain? To
address these questions, we compared CP29 holo- and apo-
protein by using ESR of spin-labeled cysteine positions
distributed over the N-terminal domain. In this respect, it
should be noted that after reconstitution in the detergent
DM, the pigments provide a correctly folded transmembrane
body domain of the protein, which can be considered as the
native state of the protein (21,32,33). The detergent that is
used for the reconstitution of CP29 protein with the pigments
provides a good membrane-mimicking environment for
CP29: DM is not a very strong denaturing detergent
providing a relatively compact protein-detergent complex
(33). If the pigments are absent, the structure of CP29 protein
is looser and it may be partly unfolded (33). For LHCII in
DM, the spectroscopic properties are similar to those
observed in the intact thylakoid membrane (34). Because
LHCII and CP29 have a strong sequence homology in the
transmembrane protein body (9), this indicates that the struc-
ture of CP29 in DM may also be similar to the in vivo struc-
ture. Thus, the holo- and apo-states of CP29 provide a good
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FIGURE 3 ESR data of MTS-SL spin-labeled CP29 protein samples reconstituted in DM with (A) (holoprotein, red circles) and without (B) (apoprotein,
blue circles) pigments. Less-pronounced motional patterns with a contribution below 25% are represented by gray circles. The horizontal axis indicates the
spin-label position, the vertical axes give Q, 7., and p4. High values of Q (between 0.7 and 1) correspond to (nearly) unrestricted motional patterns of the spin
label (i.e., mobile spectral components), whereas low values (between 0 and 0.25) imply very high restrictions (i.e., immobile spectral components). (C)
Comparison of the most important motional patterns (with a contribution of more than 25%) of spin-labeled CP29 protein samples with (holoprotein, red
circles) and without pigments (apoprotein, blue circles). (D) Weighted averages of the motional patterns of spin-labeled CP29 protein samples with (holopro-
tein, red circles) and without pigments (apoprotein, blue circles). The area of the circles in A, B, and C is proportional to the relative contribution of the

motional patterns to the multiple solution.
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starting point for a comparative spin-label ESR study ad-
dressing the questions given above.

From a qualitative analysis of the ESR spectra (Fig. 1), it
follows that positions 33, 40, 56, 97, and 108 are located in
protein domains that are strongly affected by pigment recon-
stitution of the CP29 complex. Positions 97 and 108 are
located in the transmembrane protein body that contains the
pigments (11). Itis evident that these positions will be affected
by the pigment reconstitution, bringing the protein from a rela-
tively loose and partly unfolded structure without pigments
into a native folded structure with pigments. Interestingly,
positions 33, 40, and 56 follow the same trend. This indicates
that this protein domain is located adjacent to the transmem-
brane protein body. Positions 65, 81, and 90 show a sharp
mobile component indicating a relatively high degree of
motion. Moreover, these positions are not affected by pigment
reconstitution, suggesting that they are located far from the
transmembrane region in a loop extending out from the
stromal surface of the protein (11). Also positions 4 and 15
at the N-terminal end are just slightly affected by pigment
reconstitution. Position 4 displays a clear two-component
characteristic of a sharp mobile and a broad immobile compo-
nent. Contrary, position 15 can be characterized only by
a sharp mobile component, and the broad immobile compo-
nent is almost absent. This indicates that the spin label at posi-
tion 4 is more restricted in its motion than the one at position
15. This finding is remarkable, because position 4 is close to
the N-terminal end, where one would expect a large degree of
motion due to fraying of the terminal amino-acid residues.
The ESR line shapes at positions 15, 65, 81, and 90 are
roughly similar to each other.

To further analyze the multicomponent ESR spectra, we
carried out a spectral decomposition based on a multicompo-
nent model of asymmetric motional restriction (16,23),
followed by a multirun, multisolution hybrid evolutionary
approach (25). The multicomponent model turned out to
be robust enough to cover many different combinations of
coexisting local motional patterns. The multisolution feature
of the simulations provides the capability of determining the
actual number of the spectral components related to spin-
probe motional patterns, the spectral parameters and the
contribution of each component, without setting the number
of the spectral components in advance. Due to practical
considerations, we limited the maximum number of spectral
components to four.

The main general advantages of our multiple-solution
algorithm are: 1), determination of multiple components
(motional patterns), because a single solution characteriza-
tion may not be capable of revealing all components; 2),
revealing a transition between spectral parameters, which
could be very useful in the case of multiple protein confor-
mations; 3), detecting defects in the line shape. Concerning
line shape defects, a spectral component may arise in the
optimization to simulate a particular feature of the line shape
to improve the fit. In such a case, checking of the parameter
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space via GHOST plots (such as shown in Fig. 2) in combi-
nation with the line-shape analysis helps to clarify the char-
acterization results and to remove meaningless components,
if needed (23,25). Also, the appearance of low-quality fits
and an unusual distribution of the spectral parameters in
the parameter space may indicate artifacts in the spectra. In
most cases, we found high-quality fit solutions and well-
defined two-dimensional GHOST patterns, indicating that
the ESR spectra do not have artifacts and that the group
recognition was carried out in a correct way.

As can been seen in Fig. 3, A and B, the GHOST analysis
results in a number of motional patterns. There are several
factors that can contribute to a multicomponent character:
1), differences in local structure around the spin label at
the binding site; 2), various rotamers of the side chain of
the spin label and interactions between certain rotamers
with the local environment; 3), sample heterogeneity on
the level of the micelles in which CP29 protein is incorpo-
rated, for example arising from differences in protein-to-
detergent ratios and micellar sizes; and 4), nonspecific
labeling. To estimate the amount of nonspecific labeling,
we produced a mutant of wild-type CP29, in which the
cysteine at position 108 is replaced by an alanine. Spin
labeling of this mutant shows that the amount of nonspecific
labeling is 5%. As can be seen in Fig. 3 A even by discarding
motional patterns with small contributions (<10-20%), there
is more than one component left in a majority of the cases.

Because the free rotational space € is very sensitive to the
local environment of the spin-label side chain (adjacent
protein domains and/or solvent molecules), there are two
different ways to handle multiple motional patterns:

1. Assign the motional patterns to one or two protein confor-
mations and further use this result to interpret the effect of
pigment binding on the conformation of the protein and
locations of the pigments in the protein. In this case, we
select the components with the highest intensity (above
25%) in the GHOST analysis (Fig. 3 O).
The other motional patterns are then assigned to sample
heterogeneities and minor structural components. Two
or more components may manifest similarities, consistent
changes of the model parameters, and thus can be consid-
ered to be parts of a single major motional pattern. Such
a pattern (prolonged in parameter space) with an evident
transition of the model parameters then most likely repre-
sents the transition between conformational states. This
enables an analysis of the results in terms of different
protein conformations.

2. As we will concentrate on the effect of pigment binding
of CP29 protein, we do not need to assign the various
motional patterns, but we can focus on the differences
in the results with and without pigments. Therefore
another approach is to take the weighted average of all
patterns (Fig. 3 D). When comparing the averaged data
for the protein with and without pigment, the difference
will be dominated by the effect of pigment binding.
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In comparing the Q values for the holo- and apoprotein in
Fig. 3, A and B, it can be seen that for almost all spin-label
positions the range of values increases from low values to
higher values. This is especially true for the motional
patterns with Q = 0 in Fig. 3 A, in which the spin-label
motion is highly restricted. These motional patterns are
almost gone in Fig. 3 B. In turn, in Fig. 3 B a larger range
of motional patterns is observed for Q values from 0.6 to
1.0, indicating local conformations with less-restricted
spin-label motion. Because this effect is found throughout
the whole N-terminal domain, it is assigned to partly unfold-
ing of the protein on going from the holo- to the apo-state. As
can be seen in the intensity-filtered data in Fig. 3 C, at several
positions (4, 15, 40, 56, and 108) two values for Q, 7., and p,4
can be identified. These positions appear to be spread over
the entire sequence of the N-terminal domain of CP29
protein. This effect is also related to a relatively loose and
partly unfolded state of the apoprotein, as discussed above.
However, no consistent pattern exists between the various
values for 2, complicating a detailed analysis of the data
in terms of different conformations of the N-terminal protein
domain. Although there appears to be a wealth of informa-
tion in Fig. 3, A and B, a full assignment of motional patterns
is not possible without additional knowledge about the
N-terminal domain and without having more amino-acid
residues systematically replaced in a certain protein domain.

This difficulty does not exist by taking the weighted
average of all motional patterns (Fig. 3 D). These data repre-
sent the general trend, but details about the various compo-
nents are lost. In Fig. 3 D, apart from information about
the average free rotational space 2, information is available
about the average effective rotational correlation time 7. and
local polarity p, of the spin label attached to the protein.
In Fig. 3 D, it can be seen that in all cases (except for posi-
tions 4 and 15) the values for Q for the pigment-free CP29
protein are above the values for the reconstituted protein.
This indicates that the N-terminal part of the pigment-free
apoprotein has a relatively loose and flexible structure in
which the available space for the spin label is expected to
be less restricted. Based on the polarity effect shown in
Fig. 3 D (a high value for p, reflects an increased local
polarity (25)), we can conclude that overall the spin-labeled
sites in the apoprotein are more in an apolar environment as
compared to the holoprotein. This could reflect an enhanced
exposure to the acyl chains of the solubilizing detergent
molecules, probably due to the relatively loose and partly
unfolded state of the apoprotein.

The trend in the free rotational space €, as shown in
Fig. 3 D, closely follows the qualitative interpretation of the
ESR spectrain Fig. 1, indicating that the loop positions 65, 81,
and 90 are only slightly affected by the pigment binding to
CP29. Also the observed differences between the holo- and
apo-state of the protein on positions 33, 40, 56, 97, and 108
are consistent with the analysis of Fig. 1. In the N-terminal
domain, position 4 is slightly affected by the absence of
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pigment; however, its value for Q is similar to the values for
the positions in the more structured domains. This is remark-
able for an N-terminal end position and could indicate a local
structure that limits the free rotational space of the spin label.
Alternatively, this N-terminus could interact with the trans-
membrane protein body, which is in agreement with recent
fluorescence experiments with the fluorescent dye TAMRA
(6-carboxy-tetramethyl-rhodamine) covalently attached to
a cysteine at position 4 (15). In contrast, position 15 does
not show a strong effect to pigment removal, but its value
for Qis at a high level, indicating rather unrestricted spin-label
motion at a location probably relatively far from the trans-
membrane protein body.

Summarizing model

CP29 has a strong sequential homology with LHCII, the ma-
jor difference being an N-terminal insert from amino-acid
residue 56 to 98 (9). Also light-spectroscopic experiments
have revealed a high degree of structural and functional
similarity between CP29 and LHCII and demonstrate an
unequivocally high similarity for the transmembrane protein
bodies (22,35-38). Because of this strong sequence
homology and spectroscopic similarities, we took the crystal
structure of LHCII from spinach (7) as a starting point for
constructing a model for CP29 (Fig. 4). In this figure, the
extra N-terminal insert is shown as a red loop extruding
from the main protein body. The amino-acid residues 97
and 108 that were used for spin labeling are located in the
transmembrane protein body of the protein. Position 108 is
situated on the putative transmembrane helix B of the
protein, close to the center plane of the protein; position 97
is at the end of this helix, close to the stromal surface of
the protein. These locations are consistent with the relatively
strong difference between holo- and apoprotein and the rela-
tively low values of Q that are indicative for a restricted spin-
label motion (Fig. 3). Positions 65, 81, and 90 are located in
the extra N-terminal loop that is proposed to extend out of
the protein in the stromal space, because for these sites, the
label has a large degree of freedom and is not influenced
by pigment binding. This loop also contains a phosphoryla-
tion site at Thr81. This finding suggests that the flexibility of
this loop could play a role in presumed regulatory functions
of the phosphorylation.

Positions 33, 40, and 56 show far less rotational freedom,
and moreover, the corresponding ESR spectra are substan-
tially affected by pigment reconstitution, indicating that the
domain in which they are located should be close to the
transmembrane protein body. Their relatively low values
for Q are similar to the values found for positions 97 and
108 (Fig. 3). This observation is consistent with the crystal
structure of LHCII, in which these positions are located in
a folded protein domain at the stromal side of the protein
(7) (Fig. 4). The next labeled position toward the N-terminal
end, position 15, shows a high value for Q suggesting rather
unrestricted spin-label motion. This indicates that this
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stromal surface

lumenal surface

FIGURE 4 Schematic structural model of CP29 based on the crystal
structure of LHCII from spinach (7) (Protein Data Bank ID: 1RWT). The
main helical structures (A-E) of the transmembrane protein body are shown
in light blue. The extra N-terminal insert of CP29 (as compared to LHCII) is
shown as a red loop extruding from the main transmembrane protein body.
The N-terminus from amino-acid residue 1-14 is indicated in gray, as this
part of the structure is not resolved in the crystal structure of LHCII. The
numbers refer to the labeled positions (black dots).

protein domain is in a flexible state. This is in agreement with
the finding that the structure of the N-terminal amino-acid
residues 1 to 14 is not resolved in the crystal structure of
LHCII. Finally, position 4 at the N-terminal end displays
clear two-component characteristics of a broad immobile
component in combination with a sharp mobile one (Figs.
1 and 3 O). It is slightly affected by the absence of pigments;
however, its value for Q (Fig. 3 D) is similar to the values for
the positions in the more motionally restricted domains (i.e.,
position 97). This suggests that the N-terminus interacts with
the transmembrane protein body probably by folding back to
it; however, without being strongly affected by the holo- or
apo-state of the protein. This topology is in agreement with
recent fluorescence experiments with the fluorescent dye
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TAMRA  (6-carboxy-tetramethyl-rhodamine) covalently
attached to a cysteine at position 4 that indicate that in
~80% of the cases the N-terminus is folded back on the
hydrophobic core (15). Next to position 4, there are two
phenylalanine residues. It could be hypothesized that this
domain interacts with the hydrophobic amino-acid residues
that can be found in a groove on the stromal side of the trans-
membrane protein body.

Until so far, we have limited ourselves to analyze the ESR
spectra of singly spin-labeled CP29 protein mutants. The
main difficulty that we encountered was the limited number
of available single-cysteine mutants, but this problem can be
tackled by a high-throughput approach. In addition,
a double-labeling approach can be applied that provides
distances between spin labels placed in various domains of
the protein, in a similar way as has been carried out for the
major light-harvesting Chl a/b protein (LHCIIb) (39). There-
fore, site-directed spin-labeling ESR spectroscopy is an
attractive and powerful way to study the conformation and
topology of the protein domains in CP29.
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