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1. Introduction

Life is organized in separate compartments surrounded by membranes called cells. Cells
constitute the basic unit of structure and function that all life forms are built upon,
whether mono- or multicellular. The primary cell structure contains a lipid membrane
that separates the inner part of the cell from its outside environment. Inside the cell,
genetic information is stored in chromosomes as deoxyribonucleic acid (DNA) chains
containing the genetic information of the life form [2]. In addition, other biomolecules such
as proteins, ribonucleic acid (RNA), and metabolites reside within the cell’s cytoplasm.

Cell membrane lipids are a diverse group of molecules with a wide range of reported
physical and chemical properties. The number of typical lipid types found in cells is of the
order of one thousand, and the lipid content of a cell varies significantly between tissues
[3]. As of today, The Lipid Maps Structure Database (LMSD) (http://lipidmaps.
org/data/structure/) reports over 47 000 known lipid structures in the database, of
which a little over half are curated, and the other half predicted using computational
methods. However, not all of them are central or abundant in the context of biological
membranes [4]. Proteins, on the other hand, are a group of biomolecules that serve in
multiple crucial functions within the membrane and inside a cell. For example, DNA
replication, transportation of molecules, and catalysing metabolic reactions are all tended
to by proteins [2]. The variety of proteins is even greater than lipids, as the Protein Data
Bank (PDB) archive (https://www.rcsb.org/) [5] reports over 200 000 available protein
structures and over a million computer-generated structure models.

As the numbers indicate, a plenty of work remains in the realm of structural research
of proteins. An especially tough challenge has been posed by membrane proteins that
are embedded into the plasma membrane with additional domains on the extra- and
intracellular spaces as well. The hydrophobic surfaces of transmembrane proteins, in
addition to their flexibility and relatively high instability, produce challenges at all levels
of experimental work [6].

In 2002 Sligar and co-workers produced the first nanodiscs [7] (see structure in Fig-
ure 1.1), which since then have helped to tackle these issues. Nanodiscs are used in
experimental biology research as a synthetic model of a membrane to assist in structural

and functional studies of membrane proteins. Nanodiscs have gained a standing among
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synthetic membrane models with the help of their water solubility and good representa-
tiveness of a native-like environment for membrane proteins. Membrane proteins can be
solubilised and stabilized structurally in a nanodisc environment [8]. Still, the physical
conditions that the membrane proteins are exposed to in a nanodisc have yet to be studied
in detail, even though a native-like environment has a crucial role in the behaviour of a
protein [9]. Especially if from a study conducted in a synthetic membrane, conclusions
are hoped to be extended to understand the behaviour of proteins in their native environ-
ment. The quest to determine the similarities and differences in lipid environment that a
membrane protein is exposed to in a nanodisc versus planar bilayer has become pressing
due to recent findings, which indicate that there are differences in the behaviour of lipids
within a nanodisc membrane based on their location [8] [9] [10].

Through lipid-protein interactions, the behaviour of the lipids is also tightly linked
to the behavior of the membrane protein. Knowing this, an intriguing question can be
raised: can the nanodisc in fact, though widely utilized, be depended on as a synthetic
environment to reliably reproduce native-like protein behaviour? Since this question is
hard to answer experimentally, the study detailed in this thesis provides an answer through
computational means. To achieve this, molecular dynamics simulations were conducted to
first study nanodisc and bilayer systems with similar lipid conditions and a well-behaved
membrane protein to provide a comprehensive review of the lipid conditions within each
system that proteins are exposed to. The lipid conditions were characterized by two
properties: the order, and diffusion of lipids in the membrane. Secondly, with the help of
machine learning methods, an answer has been formulated to the question posed above:
Is the behaviour of a membrane protein altered depending on whether it is embedded in

a nanodisc or a planar bilayer?



CHAPTER 1. INTRODUCTION

(a) Nanodisc, top view.

(b) Nanodisc, side view.

Figure 1.1: Structure of a nanodisc.



2. Biological Background

2.1 Lipids and Membranes

Lipids (Figure 2.1) are fundamental building blocks of all living organisms. Their nature is
amphiphatic, meaning they have two distinguishable parts: hydrophilic and hydrophobic.
The amphiphathic nature of lipids and the hydrophobic interactions that arise from it in
contact with water allows lipids to aggregate and form structures through self-assembly
[2]. This results in structures where several lipid molecules attach to each other by binding
their hydro- and lipophilic parts together, such as bilayers, lipid droplets, vesicles, and
liposomes. In bilayers, the outward facing, hydrophilic headgroups of lipids come into
contact with the solvent on two sides, and in the middle, the two hydrophobic chains turn
inward to face each other and shield themselves from the water. These lipid structures
are crucial to living organisms since they are the foundation of the plasma membrane
surrounding every living cell and the cell organelles.

The lipids of a cell membrane can be roughly grouped into three main types: phos-
pholipids, glycolipids, and sterols, of which, in eukaryotic and prokaryotic cells, the ma-
jority are phospholipids. Phospholipids are composed of two fatty acids that attach from
a glycerol molecule to phosphate and, finally a hydrophilic headgroup. The two fatty acid
chains are monocarboxylic acids with usually an even number of carbon atoms and, in
addition, are chain-like and non-cyclic. The order of a membrane is greatly influenced
by the length and saturation of the lipid chains, and both saturated and unsaturated
fatty acids are found in phospholipids. The unsaturated bonds produce kinks in the lipid
chains, preventing them from packing as tightly as the straight saturated chains.

Sterols, such as cholesterol, are lipid molecules with a steroid ring. They play an
essential role in mediating the fluidity of the membrane [2], as well as increasing their
permeability and increasing mechanical strength [4]. Glycolipids form a tiny fraction of
the total number of lipids in a cell membrane but also serve a crucial purpose. They
covalently bond carbohydrates that serve a purpose in maintaining the stability of the
membrane and cellular recognition [2].

The primary purpose of lipid bilayers is to serve as a biological barrier, separating

the cell’s insides from its environment. The cell membrane controls substance change
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Figure 2.1: The amphiphatic nature of a phospholipid with a polar headgroup and two hydrophobic

acyl chains.

to and from the cell, making healthy functioning of the membrane crucial for a cell.
The membrane also plays a role in other cellular processes, such as cell adhesion and
movement, in addition to regulating membrane proteins and cell signalling through lipid-
protein interactions [3]. As a consequence of protecting the cytoplasm inside a cell, the
cell membrane also creates a barrier that needs to be crossed every time that information
about the environment in- or outside of the cell needs to be delivered to the opposite side
of the membrane [2]. This is tended to by a specialized group of signalling proteins that

reside in the membrane.

2.2 Proteins and Membrane Proteins

Proteins are a family of specialized organic macromolecules that perform some of the
most complex molecular functions crucial for life. Proteins consist of amino acids that
all share the same structure in their backbone, with which they form peptide bonds that
attach two amino acids together linearly. Peptide bonds are covalent bonds that are
inherent to proteins and they are formed by linking the CO-NH atoms in the protein
backbone together [11]. All amino acids share the same backbone structure, but differ
in the structure of their sidechains. Hence, the sidechain also determines the properties
of the amino acid residue. Based on the sidechain properties, the amino acids can be
classified into three groups: charged, polar, and hydrophobic. The classification leaves
out four amino acids: glycine, proline, histidine, and cysteine. They are considered to be

special cases since they cannot be strictly assigned to any of the previous categories due
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Figure 2.2: The process of protein folding from amino acids through primary and secondary structure

into a functional protein. Created with BioRender.com.

to their sidechain structure [12].

The linear, ordered sequence of amino acids is called the primary structure of a pro-
tein. However, the primary structure itself is not enough for a protein to be functional.
In order to achieve this goal, a protein needs to fold itself, see Figure 2.2. Secondary
structure is the first level of protein folding that showcases localized organization and
structural motifs. Several distinct secondary folding patterns are recognized in proteins,
the main classes being a-helix, S-sheet and coil. Secondary structures are defined accord-
ing to torsion angles between the backbone atoms of the peptide, where 8 is the torsion
angle around CA and N atoms and ¢ is the torsion angle around CA and C atoms. Of
the classes of secondary structures, a-helices are the most conserved and stable, which is
a result of the tight packing of amino acids within the helical structure that arise from
hydrogen bonds between the carbonyl oxygen and amide hydrogen between subsequent
residues. [-sheets are less stable compared to a-helices due to their lack of local interac-
tions. But stacked together, hydrogen bonds are formed between the individual sheets,
which stabilizes the secondary structure of S-sheets [11].

Tertiary structure can also be referred to as a super secondary folding. It arises

from the interactions, such as hydrophobic interactions and disulfide bridges, between the
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Figure 2.3: Membrane protein types: a. Integral membrane protein, b. Peripheral membrane protein
interacting with membrane through an amphiphatic helix, c. Peripheral membrane protein anchored into
the membrane through a hydrophobic chain, d. Lipid anchored protein: G protein with subunits «, 3,

and ~. Created with BioRender.com.

secondary motifs with each other and are also modified by the environmental effect. In
other words, the protein folds and bends itself in a way that its interactions with the
environment become as favourable as possible. The tertiary structure can also give rise
to additional properties, both functional and non-functional [11]. Proteins can be fully
functional after tertiary folding, but quaternary structures are also possible. Quaternary
structure is the final functional form of a protein. Instead of folding of a single peptide
chain, quaternary folding considers multiple folded chains merging together to form larger
functional complexes.

The plasma membrane hosts membrane proteins that are responsible for many func-
tions of the membrane, such as signalling and substance transportation across the mem-
brane barrier. Hence many membrane proteins react to stimuli, such as the presence of
chemical compounds or physical conditions like stress. The stimuli cause changes in the
conformation of the protein receptor which in turn act as starting points for signalling
cascades to make the protein perform specific functions or to stimulate molecules to do so

[2]. Essential membrane proteins include, for example, integral membrane proteins that
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pass all the way through the membrane one or multiple times, and peripheral membrane
proteins that are connected to the membrane on one of its sides, see figure 2.3. Since the
acyl chains of the membrane lipids are hydrophobic, it is also pivotal for the part of the
integral membrane protein that stays inside the membrane to have neutral sidechains as
well. Often these membrane embedded parts of the integral membrane proteins acquire
an a-helical conformation. For peripheral proteins, it is enough to have a hydrophobic
chain that will anchor it into the membrane [2]. A special group of membrane proteins
are the, so called, lipid anchored proteins, of which G proteins serve as an example. In-
stead of being in direct contact with the membrane, the protein attaches to a single or
multiple lipids through covalent bonds that anchor the protein onto the membrane. In
addition to attaching the protein onto the membrane, the lipid also plays a role in me-
diating protein-protein interactions between the anchored protein and possible integral

membrane proteins in its vicinity [13].

2.3 Nanodiscs

Nanodiscs are synthetic models of membranes used especially in research of membrane
proteins. Even though they are not a native biological structure, nanodiscs have claimed
a standing as one of the most relevant synthetic environments for membrane protein
research, because compared to other synthetic environments, like micelles and bicelles,
they represent a more native-like environment for proteins [14]. A native-like environment
allows for the proteins under study to solubilise and stabilize as in a native environment,
which consequently can yield realistic results of the membrane protein behaviour [8]. This,
in addition to the fact that nanodiscs themselves are soluble in aqueous solutions making
them easier to handle, makes nanodiscs extremely relevant in the area of membrane
protein research [14]. Combined with cryo-electron microscopy, nanodiscs have recently
played a part in unravelling novel structures for numerous membrane proteins [15] and
notably, were used in the reconstruction of the active state of the full-length human insulin

receptor [16].

2.3.1 Structure

Nanodiscs are macromolecular membrane assemblies, where the lipids are confined to-
gether with two long proteins that wrap around the membrane, referred to as the mem-
brane scaffolding proteins (MSPs). As with other colloidal systems, nanodiscs are emer-
gent and self-assemble when solvent is removed from the mix of the constituents [17].
Nanodiscs are composed of lipids of natural or synthetic origin that are surrounded

and bound together by a scaffolding protein. In the case of protein research, a membrane
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Figure 2.4: Nanodisc with an embedded transmembrane protein.

protein is also often embedded into the bilayer in the middle of the disc. Nanodiscs
exhibit a multitude of different characteristics that make them desirable candidates for
experimental biology research. Mainly, they are stable and structurally well defined.
The stability of the nanodiscs comes down to the interactions between the lipid and
the scaffolding protein that surrounds them: firstly, lipids have low solubility in water
which drives them to form a bilayer in polar solvent and to minimize the unfavourable
interactions between the two [14]. However, even in a bilayer formation some of the lipids
are exposed to the solvent unless the bilayer transforms into a spherical aggregate, such
as a vesicle.

Secondly, the scaffolding protein also plays a major role in the stability of nan-
odiscs. The scaffolding protein that surrounds the solvent exposed lipid acyl chains, is an
amphiphatic helix who’s already stable conformation will only be enhanced by the interac-
tions between the lipids and itself. The MSP stabilizes the nanodisc structure by turning
its neutral side chains towards the lipids and polar or charged side chains towards solvent,
thus shielding the lipids chains completely from solvent and eradicating the remaining
unfavourable interactions between the two. In this manner, the lipid-protein interactions
between the lipids and the lipid-bound scaffolding protein stabilize the nanodisc struc-

ture. The amphiphatic nature of the scaffolding protein and its shielding effect to the
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lipid-solvent interactions also gives rise to another important feature of nanodiscs that is
their solubility in polar solvents, such as water. To conclude, the tendency of lipids to
form membranes and the enhanced lipid-protein interactions of the MSP helix combined,
give rise to the self-assembly of nanodiscs and their stability in dynamic equilibrium with

the environment [14].

2.3.2 Scaffolding Protein

The first nanodiscs were produced using a membrane scaffolding protein derived from
the human apolipoprotein Apo-A1l, which is the main protein component of high density
lipoprotein (HDL) [17]. HDLs partake in metabolism and trafficking of cholesterol in the
human body and also play a role in the steroid hormone biosynthesis as a supplier, for
which it can be merited as one of the key players in human health. In solvent, discoidal
HDL is stabilized by two belts of Apo-Al wrapping around it [1]. HDL was intensively
studied during the 1950’s and 60’s and it was then noted for the first time that the helical
configuration of the protein plays an important role in the protein-lipid interactions of
HDL. The flexibility of lipoproteins was also noticed, in addition to the high dependency
of the lipoproteins’ properties from the lipid mixture in the HDL lipid-protein complex
[18]. So, apolipoprotein Apo-Al became the golden standard for nanodisc scaffolding
proteins: the MSPs used in nanodiscs today are still either the original Apo-A1l or one of
its derivatives [17].

Several different scaffolding proteins have been engineered after the original Apo-Al
that can be used to produce stable nanodiscs with different numbers of lipids and varying
circumferences. The original human Apo-Al sequence as a scaffolding protein contains
10 helices and an additional N-terminal helix (hexahistidine tag + Factor X recognition
site) and is referred to as MSP1 [19]. All its derivatives are composed of the same helices
with some of the ten helices either repeated or deleted. The N-terminal helix also has a
longer modified version (hexahistidine tag and a linker containing a TEV protease site
enabling removal of the tag) and the first helix (H1) has a few truncated versions of it,
see Appendix A for more information. The rational engineering of the MSP’s was done
after it was uncovered that not all of the N-terminal amino acids were taking part in
the formation of the belt around the nanodisc membrane that stabilizes the structure
of the nanodisc [20]. Since all the residues in the engineered MSPs take part in lipid
binding, they also allow for more precise control over the final size of the nanodisc and,
consequently, to more easily accommodate membrane proteins of various shapes and sizes
into the nanodiscs [21]. Generally, the scaffolding proteins with name starting with MSP1
consist of one repeat of the eleven helices with some possible repeated helices in the middle

and those with name MSP2 are double-sized; meaning that all the helices are repeated in
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Figure 2.5: The double belt of membrane scaffolding protein MSP1E1.

the same order twice [19].

The scaffolding protein governs certain features, such as shape and size, of the
nanodisc and they can be adjusted by truncating the MSP or fusing multiple of them
together [1]. For a time, it was unclear how the scaffolding protein sits around the lipids.
However, the finding of a correlation between the diameter of the nanodisc and the length
of the MSP provided the evidence that the scaffolding protein in practice forms belts [22]
around the bilayer of the nanodisc rather than a picket fence formation [23] that had been
suggested previously [24]. This was later also confirmed by the means of solid state NMR
[25], electron microscopy and other techniques [26] including simulations [23] [27], leading
to general acceptance of the belt configuration. But most importantly, the scaffolding
protein plays a pivotal role in the stability of the nanodisc as already discussed above.
Considering the stability, especially the ratio between the number of lipids in the bilayer
and the length of the scaffolding protein is crucial. The optimal length of MSP with
respect to the number of lipids in a bilayer of the nanodisc are related in the following

manner:

2(rr + V7 NS)
I 5
where M is the length of the MSP (number of amino acid residues), r is mean radius
of the MSP and L is the helical pitch per MSP residue. Finally, N is the number of lipids
in bilayer and S the mean surface area of the lipid type [20].

M= (2.1)

The longest scaffolding proteins can be used to construct nanodiscs with a diameter
up to ~17 nm. Even though larger membrane sizes would also be possible, due to the ratio
of the MSP length and number of lipids, larger nanodiscs are often unstable and collapse

to spherical aggregates [14]. Multiple ideas have been proposed to maximize the stability
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of nanodiscs: the modification of MSPs [28] as stated also above, and the optimization of

lipid composition, since in nanodiscs it can be precisely controlled [29].

2.3.3 Lipid Properties

Even though nanodiscs are often used in structural and functional studies of membrane
proteins [14] due to their stability and water solubility, growing evidence suggests that
the structure and behaviour of the lipids inside nanodiscs are not strictly comparable
to those in a normal planar bilayer [30]. If membrane protein function and structure
are what we want to study with nanodiscs, this raises an obvious question about the
conditions that a protein of interest faces when embedded in the nanodisc: Are the
functional circumstances native-like enough to stabilize the protein structure and foster its
usual activity [8]7 The relevance of this question is in addition backed up by studies that
have shown the sensitivity of mechanosensitive membrane protein channels to membrane
pressure [31] and how lipid conformations have been observed to affect the structures of
membrane proteins that are sensitive to allosteric binding of the lipids [32]. In conclusion,
understanding the internal structure and lipid-protein dynamics in nanodiscs is extremely
important.

The conformation of lipids’ chains and headgroups and their dynamics have been
shown to be modified under the influence of the MSPs that surround the nanodisc struc-
ture [10]. In parallel with these findings, it has also been reported that the lipids in
nanodiscs indeed can be classified into three distinct categories that revel an internal
structure within nanodiscs: central lipids (1) in the center of the disc, boundary lipids (2)
that are in direct contact with the MSPs and intermediate lipids (3) in between [8]. The
three groups of lipids have been shown to have drastically different properties:

1. The central lipids in the middle part of the nanodisc are characterized by
significant ordering and consequently, slow rate of diffusion. Notably, the order in the
central lipids is higher than that of normal planar bilayer systems and the features of
the central lipids resemble the characteristics of a cholesterol-rich membrane [8]. Because
of the tight packing of lipids, the area per lipid in the central area is smaller than the
average area per lipid in the boundary regions. Due to the high order and subsequent
tight packing, the central lipids are also more hydrophobic than the boundary lipids [33]
and form the thickest part of the nanodisc [8].

2. The boundary lipids that are in direct contact with the scaffolding protein
are, as opposed to the central lipids, characterized by disorientation and fast diffusion [8].
These lipids at the boundary of the nanodisc are prone to remain in fluid state even at
temperatures below their main transition temperature [34]. Evidence also suggests that

at the boundary area near the MSPs, the nanodisc bilayer is the thinnest and due to the
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less tight packing of the lipids, they are more hydrated than in the middle of the nanodisc
[8]. Around 60% of lipids in nanodiscs have been reported to be under the influence of
the MSPs [35] and about 30% of all lipids have been approximated to be in direct contact
with the scaffolding protein [§].

3. The intermediate lipids are the lipids that reside in between the two other
groups. In the intermediate area, the lipids can translocate between the populations of
central and boundary areas. The enthalpy of this transition has been observed to resemble
the lipids going through a main phase transition. In addition, the number of fast lipids
increases with increasing temperature which in practice means that the central lipids
melt and transition into boundary lipids [8]. Due to this phenomenon and the fact that
boundary lipids have a larger area per lipid than central lipids, the radii of nanodiscs
increase with increasing temperature allowing the number of tightly packed central lipids
to decrease [35].

Overall, on average the lipids of nanodiscs exhibit higher order than usual lipid
bilayers, which has been explained by the influence of the scaffolding protein both experi-
mentally [10] and in simulations [9]. Consequently, this is also expected to indicate lower
entropy levels in nanodisc lipids that has been studied through simulations [9]. Also,
the effect of the scaffolding protein divides the lipids into distinct groups of central and
boundary lipids [8] that in addition to difference in lipid order, also differ in the hydration
due to backfolding of lipids at the boundary regions. This allows water to penetrate at
the edges of the nanodisc, confirmed both by simulations [9] and fluorescence studies [30].
The main conclusions of experimental data concerning the internal structure of nanodiscs
discussed above have been confirmed by molecular dynamics simulations, with both all
atom and coarse grained models [9]. However, all modelling studies of nanodiscs report
perturbations in the circular structure of the nanodiscs that are described, for example, as
elongated ellipsoids and distorted polygons [14]. These findings have been also employed
to explain recent results from scattering studies, and these slightly distorted models of
nanodiscs have been found to fit better than the ideal circular shape [36] [37] [38]. Hence,
it has been concluded that it is probable for real nanodiscs to exhibit slightly irregular
shapes rather than ideal circles. The sharp angles in the scaffolding protein have been so
far explained by kinks at the proline residues that separate the helices of the scaffolding
proteins from each other [33].

In the light of the interesting lipid characteristics in nanodiscs and knowing that
lipid-protein interactions are crucial for the behaviour or membrane proteins, a compari-
son of biophysical properties of lipids in planar bilayers and nanodiscs is of essence. Since
this could answer important questions about the effects of these distinct membrane en-
vironments on lipid behavior and protein-lipid interactions. Planar bilayers would serve

as the conventional model for membrane systems and provide a comprehensive under-



15 CHAPTER 2. BIOLOGICAL BACKGROUND

standing of lipid organization and dynamics in a native state. Nanodiscs, on the other
hand, would offer a unique, synthetic environment to study that mimics the membrane
topology found in cells. By comparing the biophysical properties of lipids in these two
systems, valuable insights could be gained into the role of confinement on lipid dynamics,

organization, and finally, their impact on membrane protein function.

2.4 G Protein-Coupled Receptors

G Protein-Coupled Receptors (GPCRs) are a diverse group of membrane receptors. They
are the largest superfamily of membrane receptors in eukaryotes with almost 1000 unique
members only in humans [39]. GPCRs are signalling proteins that respond to a wide
array of stimuli, through which the receptors modulate and control processes in the cell.
For example, GPCRs are known to take part in senses of smell, vision, and taste, as
well as regulation of behaviour, mood, immune system, and nervous system among other
vital physiological events [40]. As of 2018, it has been estimated that about 35% of the
FDA-approved drugs target 108 members of the GPCR family [41]. Over 35 atomic level
structures of GPCRs are nowadays available [42] and in 2012 the Nobel Prize in Chemistry
was awarded to Brian Kobilka and Robert Lefkowitz on the subject. The modulation of

GPCR signalling still holds its place as a hot topic in pharmaceutical research.

2.4.1 Structure

According to a recent new classification system, the human GPCRs are classified into
five main classes through phylogenetic analysis that are rhodopsin, secretin, glutamate,
adhesion and frizzled /taste2 receptors [40]. Though each receptor is unique and highly
specific to a particular signal, all the GPCRs share the same major structure: sometimes
also referred to as the seven-pass-transmembrane domain (7TM) receptors, the GPCRs
pass through the cell’s plasma membrane seven times. The transmembrane domains are
seven helices (H1-7) that connect together through six loops in- and outside of the cell
in addition to the N- (outside the cell) and C-terminal (in cytoplasm) areas [43]. Some
sources also differentiate a small cytoplasmic extra helix, called helix eight (H8) that
follows straight after H7 and lies parallel to the membrane plane [40].

Although the transmembrane domains of GPCRs are similar to each other, the se-
quences of the receptors are diverse [44]. Still few features are considered to be crucial for
GPCR activation and inactivation, and some corresponding SM/FM (conserved Struc-
tural Motifs that have roles as Functional Microdomains) elements have been identified
in the known GPCR sequences [45]. These elements include groups of conserved residues
that have been identified to be important as 'switches’ [46] for the GPCR activation over
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Figure 2.6: G protein (light purple) with GDP bound to adenosine receptor As, R (pink).

the family. The four most important motifs include:

1. The so-called ’ionic lock’ that includes highly conserved residues in H3 and H6 [47].
These residues form a network of hydrogen bonds that bridges together the two trans-
membrane helices and are hypothesized to stabilize the inactive state of the receptor [48].
2. The hydrophobic cage, where a group of amino acids constrain a conserved arginine
residue in H3 [49].

3. NPxxYxF motif in H7 or "Tyrosine Toggle Switch’ [50] that allows for a direct inter-
action of H7 and HS8 [49], and a water-mediated interaction between H7 and H2 [51].

4. The Rotamer Toggle Switch which is an interaction of aromatic amino acids surround-
ing the tryptophan in the CWxP motif in H6 [52] that leads to a vertical rigid motion
of the helix. Binding of a ligand triggers a chain of rearrangements in the extracellular
part of the receptor that regulates the ionic lock described above. In the inactive state,
this cluster of aromatic residues points towards H7 and in the active state undergoes a
conformational change to pointing towards H5 [53].

Compared to the transmembrane domain structures, the termini and the extracellular
loops of the GPCRs are extremely diverse both in lengths and sequences [44]. There is
also evidence that they can strongly influence ligand binding and dynamics of the recep-
tors [54].
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2.4.2 Activation and Signalling

As implied in the name, GPCRs interact with so-called G proteins in the plasma mem-
brane. There are three main signal transduction pathways that the GPCRs are known to
be involved in: the phosphatidylinositol signal pathway and inhibition and stimulation of
cAMP production [43]. In principle, a GPCR undergoes a conformational change when
an extracellular signalling molecule binds to the receptor or through triggering of another
signalling mediator, like light. On the cytoplasmic side of the bilayer, this conformational
change mediated through the seven transmembrane helices allows for the GPCR to engage
in an interaction with a nearby G protein.

G proteins exist as heterotrimers with three distinct subunits: «, 3, and ~, with a
nucleotide binding pocket in the a-subunit. To keep its inactive conformation, the G,g,-
trimer attaches itself to guanosine diphosphate (GDP), where the [~-dimer prohibits
the dissociation of the nuclide, hence stabilizing the conformation of the complex [55],
see Figure 2.6. As the GPCR changes its conformation to active through a binding of
an agonist, the receptor associates with the inactive G,g,-trimer which may lead to the
conformational change to activate the a-subunit of the G protein. The activated a-subunit
exchanges GDP into guanosine triphosphate (GTP) rapidly, which in consequence initiates
the dissociation of the a-unit from the fvy-dimer complex [55]. In this nucleotide free from,
the GPCR and G protein complex is highly stable and has a high affinity for the agonist
and a higher affinity for GTP than GDP [56]. This drives the binding of the GTP and the
subsequent dissosiation of the GPCR and G protein and the eventual dissociation of the
Go-GTP and Gg, from each other [57]. For activation of the G protein, the GDP release
has been determined to be the rate-limiting step [58] and despite available experimental
data, the molecular level mechanism of the dissosiation step is still unclear. However,
the freed GPCR is then ready to bind another G.,g,-trimer and the G,-GTP and Gg,
are available to continue a signal transduction cascade with other proteins within the cell
[59]. The resulting signal is directly dependent on the type of the a-subunit, of which
there are four distinct families: G,; (inhibits cAMP pathway), G,s (stimulates cAMP
pathway), Gai2/13 (remodelling of actin cytoskeletal in cells during movement), and Gag/11
(stimulates the phosphatidylinositol signal pathway) [60]. Finally, the G protein cycle is
completed with hydrolysis of GTP to GDP within the G,-GTP subunit that allows for
the Gg,-dimer and the emerging G,-GDP to rebind [61].

GPCRs have also been recently shown to form homo- and hetero-oligomers, and
the binding of the oligomers versus single receptors to G proteins has been observed to
trigger different signalling pathways [62]. However, the role of oligomerization in GPCR
signalling still remains mostly uncertain. The GPCRs are believed to exist in a dynamic

equilibrium between active and inactive states, and the binding of the ligands to shift the
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equilibrium according to the type of the ligand. If the ligand is an agonist, the equilibrium
shifts in favour of active states and if an inverse agonist, the equilibrium shifts toward
inactive states. Ligands that are neutral antagonists, do not affect the equilibrium [63].
Also, it should be mentioned that in addition to the native ligand binding pocket on the
extracellular side of the receptor (orthosteric site), where majority of the GPCR ligands
bind, so-called allosteric ligands also exist that bind at other sites within the receptors
[39]. Often the role of these allosteric modulators is to increase or decrease the binding
affinity of the orthosteric ligands binding at the main site, thus influencing the dynamics,
function and structure of the GPCRs [64], even to the point where the allosteric ligands

may activate the receptor as strongly as the main ligand [61].

2.4.3 Adenosine Receptor A, R

The adenosine receptor Ay, R (Figure 2.7) is one of the four adenosine receptor subtypes
(A1R, Asn R, AsgR, A3R) in the rhodopsin-like family of GPCRs that modulate adenosine
[65]. Adenosine is a neuromodulator that plays a role in governing the activity of both
neurons and glial cells and is formed by the degradation of adenosine triphosphate (ATP)
[66] both in intra- and extracellular space. Adenosine also acts as a homeostatic modulator
[67]. Ay R is distributed widely in the limbic system and neocortex, but is most abundant
in the ventral and dorsal striatum mainly in the synaptic and extrasynaptic space of
GABA neurons [67]. The presense of A, R in synapses indicates its role in controlling
synaptic transmission, though the exact physiological mechanism remains unclear [68].
However, some hypotheses suggest the controlling of synaptic transmission through the
regulation of NMDA receptors or presynaptic mechanisms [69]. In neurons, As,R acts
as a modulator of glutamate and dopamine release, making the receptor a potential drug
target for, e.g., Parkinson’s [70] and Alzheimer’s disease [71], and other conditions such
as drug addiction, insomnia, and pain [72]. As,R has also been observed to protect
tissue from inflammation and damage by suppressing immune cells through regulation of
immunosuppressant levels [73].

What distinguishes the structure of A,;,R from other structurally determined
GPCRs is an allosteric binding pocket below the orthosteric pocket on the extracellular
side [74] of the receptor. The allosteric pocket is also known as the sodium-ion binding
pocket after the discovery that sodium can bind there [75]. A, R couples to G,s that in
turn activates adenylyl cyclase [67], finally leading to the stimulation of the intracellular
cAMP signal transduction pathway. The activation of all rhodopsin-like GPCRs have
been shown to involve large movements in the transmembrane helices H5-7 that lead to
an opening of a hydrophobic binding site for the G protein on the intracellular side of

the membrane [76]. In the case of Ay, R, the crystal structures show the transmembrane
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Figure 2.7: Structure of the adenosine receptor As, R with an adenosine bound to the ligand binding

pocket.
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events to be similar to other rhodopsin-like GPCR structures [77], but the magnitude of
the changes appear to be smaller [78]. In simulations, As,R has been observed to rely
on at least the ’ionic lock’” and rotamer toggle switches when rearranging its transmems-
brane conformation from inactive to active state [79]. As for other GPCRs, the Ay R
has also been observed to engage in several hetero-oligomer conformations, for example
with dopamine Dy receptors, in addition to receptor tyrosine kinases, and glucocorticoid

receptors [80].



3. Methodology

3.1 Molecular Dynamics Simulations

Molecular dynamics (MD) simulations can be used to study systems of molecular scale
that would be unreachable by other means. The simulation systems are composed of
particles that represent either atoms or groups of atoms that move according to the laws
of classical mechanics. By tracking the movement of the particles and recording the
system dynamics, models of the previously inaccessible systems can suddenly be within
reach.

At the heart of the classical MD simulations lies the Born-Opperheimer approxima-
tion. It assumes for the electrons to stay in the ground state and have negligible effect on
the movement of an atom due to the weight difference between electrons and the nucleus.
Hence, the motion of atoms can be approximated only from the movements of the nucleus

and potential energy functions are used to treat the eletron distributions [81].

3.1.1 Initial Structure

To begin an MD simulation, an initial starting structure is needed. Experimentally re-
solved structures of proteins are available through databases such as the PDB archive
[5], additionally the initial structure can also be obtained, for example, from a previous
simulation. The PDB structures often contain only the coordinates of the protein, and re-
quires the user to add other molecules such as lipids or carbohydrates into the simulation
system by themselves, as well as water and ions.

It is possible that the available protein structures are also missing some parts of the
molecule. Single atoms can be simply added into the protein topology file, but bigger
missing regions require help from modelling software such as MODELLER [82]. If the
missing region in the molecule is too large to be reliably reconstructed through modelling,
it might cause artefacts or the system might become unstable during simulation. Hence,
without a good structure, a reliable simulation cannot be performed.

The initial structures yield coordinates for the system, but to start a simulation,

velocities are also required. If they are not known from previous simulations, initial ve-

21
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locities v; are assigned randomly for each atom 7 from the Maxwell-Boltzmann distribution

miv2
. m; < 2le%‘)
p(v;) =4/ 27rkBTe , (3.1)

where T is temperature, m; is the mass of particle 7, and kp is the Boltzmann

at a given temperature:

constant.

3.1.2 Energy Minimization

Ofter, the initial starting structure for a simulation does not respond to a physically
relevant state or may not lead to a stable simulation. Hence, it is desirable to first
optimize the interactions in the system by leading the system into a minimum energy
state. Biological systems tend to be large and complex, meaning that they also have
many local energy minima, all of which are impossible to sample. Because of that, the
search is set out to find the nearest local energy minimum to the initial structure and
start simulating from there. The local energy can be found by minimizing the potential

energy V of the system as follows:

oV
5 =0 (3.2)
2V
53 > 0. (3.3)

where V' is potential energy and r; are the coordinates of particle 7 in the system.

Because of the complexity of biological systems, using analytical methods to find
such minima is practically impossible. This is why numerical methods are used that can
recognise and move down the potential energy landscape of the system towards lower
energy. Such numerical methods that yield a sufficiently stable state of the system to
start a biological simulation from, are for example the conjugate gradient and steepest
descent. Also methods that use random sampling such as Monte Carlo methods and

simulated annealing, can be used to find a local energy minimum [81].

3.1.3 Force Field

Force field is a construct that provides a model for how the different kinds of atoms in
a simulation interact with each other through their potential energy. Consequently, the
force field can be seen as the single most crucial component of the simulation protocol

which affects the outcome of the simulated system. Five interactions construct the basis of
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many force fields, though the potential energy function of some force fields might contain
additional terms as well.

In a general from, the potential energy function for a system can be written as:

Epot = Ebonds + Eangles + Edihedrals + EL—J + ECoulomb- (34)

The first three terms of the equation are called the bonded interactions, which char-
acterize the length, stretching, vibrations and shape of the bonds. During the simulation
run, these interactions are calculated based on a list set at the beginning. The last two
interactions are the so-called non-bonded interactions. They describe the interaction be-
tween neighbouring atoms and hence, are sensitive to the immediate neighbourhood of an
atom at any moment in time. So, the non-bonded interactions are calculated based on a
list of interactions that get updated periodically during the simulation run.

All terms written out, equation 3.4 gets the following form:

Epot :Zkbond(r . + Zk angle 9 o 90 + delhed 1 +Cos(nl¢1 + ¢0)]

)
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(3.5)

The first term of the equation is related to the length and stretching of a bond

between two atoms of the system with harmonic spring potential.

Ehonas = 3 ki*"(ri — 19)?, (3.6)

where k%" is the force constant related to the bond, r; is the length of the bond
and 7y is the reference bond length.
The second term is related to bond angles and their vibrations. This is again de-

scribed with harmonic spring potential like bond stretching previously.

Eangles = Z k@angle(ei - 9())27 (37)

where k9t

is the force constant, #; is bond angle and 6, is the reference angle.
The third term characterizes the torsion angles of the bonds. These dihedral angles
are formed by four atoms and their values characterize the secondary structure of molecule

as described in the previous chapters.

Edinedrals = »_ ki1 + cos(n;icho)], (3.8)

where k%" is the force constant, n is multiplicity of the angle, ¢; is the phase

factor and ¢, its reference.
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The fourth and the first non-bonded term describes the Lennard-Jones potential.

Bua = XX da () - (2], 39

i g Tj T

where o;; and ¢;; are parameters defined in the force field. The Lennard-Jones
potential is split in two parts. The first term r~¢ characterizes van der Waals interactions
that arise from fluctions in the electronic distribution of neighbouring atoms. The second
term r~!2 characterizes repulsive interactions of neighbouring atoms. It has been shown
to approximate the repulsive interactions well, even though the exponent does not have
proper theoretical justification and has been chosen due to computational convenience.

The last term of the equation characterizes charged interactions which are described

by the Coulomb law:

1 g
Ecoutomb = Y Y —— 5% (3.10)

Y
oy 4mey €15

where ¢ is charge, r; is distance between the two interacting atoms, ¢, is dielectric

constant of vacuum, and ¢, the relative dielectric constant.

3.1.4 Newtonian Dynamics

Classical molecular dynamics simulations are governed by Newton’s second law of motion,
which states that knowing the force acting on an atom with a known mass, it is possible
to calculate its acceleration.

The Newton’s equation of motion for a system:

or
Moy = F, (3.11)
where m is the mass of an atom in the system, the second order derivative of the
atom’s position r is the acceleration of the atom due to force F' acting on it.

At every time step of an atomistic simulation, the forces to each atom and the atoms’
consequent accelerations are calculated. The forces can be obtained from a force field.
Force fields provide a force model of potential functions that determine how different
atoms interact with each other in the simulation system.

Potentials are partial derivatives of the forces:

F = —(?;:, (3.12)
where F' is the force acting on an atom, expressed in the form of a negative partial

derivative of potential V with respect to the position of the atom concerned.
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3.1.5 Numerical Integration

To create a trajectory of a system with N atoms, the system needs to be propagated in
time, as generally presented by Figure 3.1. Since the systems are generally too large for
solving their development analytically, numerical integrators are utilized for this purpose.
An integrator algorithm is used to integrate over the Newton’s equation of motion for a
small enough timestep, so that the forces in the system can be considered to be constants
during it [83]. Because of this, the scale of the time step needs to very small, in atomistic
simulations usually in the scale of femtoseconds. The integration is done for every atom
in every time step and it gives out the forces acting on each of them. Of the forces,
the accelerations of the atoms can be solved and when combined with coordinates and
velocities from previous time steps, the coordinates and velocities of the new time step
can be obtained. With the new velocities and positions for all atoms of the systems, the
parameters for the next time step can now be calculated. Keeping the circle of integration

going, a simulation trajectory can be obtained [83].
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Figure 3.1: Schematic representation of the MD algorithm.
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The validity of the integrator is crucial for the simulation to succeed. Most impor-
tantly the integrator has to be time reversible to avoid the system from developing into
unphysical states. Also, it is desirable for the integrator to allow for as long a time step
as possible to speed up the simulation process [81].

A simple algorithm for numerical integration in MD is the Verlet algorithm [84],
where the positions of atoms are derived simply by expanding the expression for their

positions with respect to time:

r(t+6t) = 2r(t) — r(t — 0t) + 6t%a(t). (3.13)

However, a few issues are inherent to the Verlet algorithm [84]. The obvious main
issue is that from the simple expression of the positions, the velocities do not automatically
emerge and have to be computed separately. To obtain the velocities, for example the
following expression can be used:

_r(t+4dt) — r(t—dt)

o(t) = o , (3.14)

where v and r are the velocity and position of an atom, respectively, and ¢ is time.

To overcome the issue with velocities emerging in the integration, more sophisticated
algorithms have been created. One of the most used numerical integrators, the leap frog
[85], is a modification of the Verlet algorithm. The leap frog algorithm solves for particle

positions r and velocities v as follows:

r@+&y:mw+vu+;&wt (3.15)

v(t+ ;525) =v(t— ;515) + a(t)dt. (3.16)

Now both positions and velocities are obtained from the algorithm. Though as
stated in equations 3.15 and 3.16, the velocities are always calculated a half step prior to
the positions, so that the velocities can be used to obtain the new position of the atom
at the full step. So, even though the leap frog is an improvement compared to the Verlet
algorithm, it would still be desirable to modify the integrator to provide positions and
velocities simultaneously.

Such conditions can be met with the Velocity Verlet algorithm [86], which also
provides acceleration of each atom at every time step in addition to the positions and ve-
locities. The Velocity Verlet algorithm works in four stages: first the algorithm calculates
the positions of atoms from equation 3.17, then velocities at half step with 3.18. Next,
using the coordinates obtained from 3.17 new forces are obtained at time step t + dt to
calculate acceleration a at time step t 4 dt. Lastly equation 3.19 is used to calculate

velocities at the new time step t + dt.
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r(t+ 0t) = r(t) + v(t)dt + ;a(t)étQ (3.17)
1(5 = L ) 3.18

v(t+§ t)—v(t)—|—§a(t) t (3.18)
v(t+ 0t) = v(t—i-;(it)—i-;a(t—l—&)ét (3.19)

3.1.6 Periodic Boundary Conditions

The goal of MD simulations is usually to get a closer look at some part of the microscopic
world that is not reachable through other methods. So it is safe to assume that the model
system inside the simulation box is a part of a larger scheme, and would in reality be
surrounded by a sea of lipids, proteins and other biological entities that together make
up a membrane surrounding a living cell. On that note, it seems justified to conclude
that the simulation box cannot be simulated as a separate entity, since in that scenario
at all sides of the simulation box, the atoms in the box would have nothing to interact
with. This problem with the vacuum surrounding the simulation box, is overcome with a
simple construct called the periodic boundary conditions (PBCs) [81]. So, on every side
of the simulation box, or the unit cell, resides an exact copy of the system itself which in
fact is not a copy, but the system itself as visualized by image 3.2. This is accomplished
by looping the atoms and interactions from one side of the unit cell to the other when
they cross over the dimensions of the box, so that when something leaves the box, it will
immediately re-emerge from the opposite side.

The same treatment also applies for all interactions and hence, it is possible for a
particle to feel the attraction or repulsion of another particle on the far other side of the
simulation box. In principle, it is possible for any two particles to interact within the
box and also across all sides of the unit cell. This is why the so-called minimum image
convention is used, in order to make sure that the same two atoms do not interact with
each other in more than one way at the same time. Due to the minimum image convention,
atoms of the system are only allowed to interact with the closest projections of each other,
which consequently sets a limit for the maximum interaction distance between two atoms

to be half of the minimum diameter of the unit cell [81].

3.1.7 Statistical Ensembles

Atomic details such as motion and structure are not usually relevant for studying the
macroscopic properties of a simulation system, so the simulation is lightened by averaging

over the details by methods of statistical mechanics. Macroscopic properties of the system
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(a) Unit cell with a protein embedded in membrane. (b) Unit cell with its periodic images in plane.

Figure 3.2: Cubic unit cell and its nearest periodic images in xy-plane, snapshots of the second system
in Table 4.1.

are always obtained as an ensemble average over a representative statistical ensemble.
The most commonly used ensembles in MD methods are canonical (NVT), often used to
equilibrate MD systems, where number of particles, volume, and temperature are kept
constant. Also microcanonical ensemble (NVE) can be used, which conserves the number
of particles, volume, and total energy. Finally, isothermal-isobaric (NpT) which is an often
used ensemble in MD simulations, employed in order to mimic the conditions of real-life
experiments. In NpT conditions the number of particles, pressure and temperature are
constant. The chosen thermodynamic ensemble is set and maintained with the choice of

barostat and thermostat.

3.1.8 Thermostats and Barostats

Statistical ensembles are obtained and maintained by employing thermostats and
barostats to control the temperature and pressure of the system, in respective order.
The Berendsen thermostat [87] uses a weak coupling scheme to keep the temper-
ature of the simulation system constant. The set reference temperature is reached and
maintained by frictional constants that are used to scale the velocities of the atoms in the
system. Even though the Berendsen temperature coupling is extremely efficient in stabi-

lizing the temperature of the system, it also suppresses the kinetic energy fluctuations of
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the particles and hence, the Berendsen thermostat does not produce true statistical en-
sembles [88]. Because the Berendsen thermostat reaches the desired temperature fast, it is
often used in the equilibration stage of an MD simulation to set the reference temperature
and more refined thermostats are used to run the production simulation.

A popular example of such a thermostat is the Nosé-Hoover thermostat [89].
In the Nosé-Hoover thermostat the frictional term that characterizes the strength
of coupling between the system and its heat bath is more refined compared to the
Berendsen coupling. This causes the temperature of the system to fluctuate around the
reference value more than with the Berendsen thermostat. The Nosé-Hoover thermo-
stat is known to produce correct canonical (NVT) ensembles. Hence it is often used

in simulations after initially equilibrating the temperature with the Berendsen thermostat.

Pressure coupling in MD simulations can be implemented in three manners:
1. Isotropic, which is the most used way. In isotropic implementation, all the dimensions
of the simulation box are scaled by the same measure.
2. Semi-isotropic coupling scales one dimension of the box independently and the other
two by the same measure.

3. Anisotropic scales all box dimensions independently.

Alike with the thermostat, Berendsen barostat is often used in the equilibration
phase of the simulation to equilibrate the system pressure. The Berendsen barostat works
simply by applying a scaling factor to the dimensions of a simulation box. This scales
the coordinates of all atoms, and the pressure of the system starts decaying exponentially
toward the desired reference pressure. However, the Berendsen barostat, as its thermostat
counterpart, does not produce the correct isothermal-isobaric (NpT) ensemble [90].

The Parrinello-Rahman barostat is in principle implemented on top of the simple
Andersen barostat. The Andersen barostat sets the pressure of the system by controlling
the dimensions of the simulation box by acting as a piston [91]. The Parrinello-Rahman
barostat is simply an extension of the Andersen barostat which allows this pressure cou-
pling scheme to be implemented for different shapes of boxes [90]. The Parrinello-Rahman
barostat is also known to produce the correct NpT ensemble, which is why it is often used

as a barostat in production simulations after equilibration.

3.1.9 Fine-Tuning Interactions

It would simply be computationally too expensive to calculate the non-bonded interactions
of each atom with all other atoms in the system which is why cut-off methods are used

to limit the calculation of non-bonded interactions to the nearest neighbors of a given
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atom. This allows for faster and more efficient simulations. Due to the difference in
the magnitude of the exponent of the non-bonded Lennard-Jones interactions (equation
3.9) the attractive interactions fade faster than repulsive interactions. This is why the
Lennard-Jones interactions are usually handled with a cut-off list that ensures that the
interactions are only calculated between atoms that are reasonably close to each other
[81].

Electrostatic interactions have a longer range and using cut-off lists to reduce them
would create artefacts to the simulation. To treat them in a realistic yet computationally
effective manner, the more prominent short-range Coulombic interactions are calculated
explicitly and long-range interactions are approximated with lattice-sum methods [81].
An example of such is the Particle Mesh Ewald (PME) method which uses reciprocal
space to sum over the long-range electrostatic interactions. PME is currently one of the

best and fastest ways to calculate long-range interactions in MD simulations [92].

3.1.10 Constraints and Restraints

If some part of the simulation system is desirable to be kept invariant during the simulation
run, constraints and restraints can be used for this purpose according to the desired level of
invariability. Constraints are boundary conditions set before the initialization of MD run
that the model must satisfy. Constraints can be utilized to set, for example, positions,
angles, distances or orientations of bonds invariable. Since constraints are set before
starting the simulation to preserve the initial state of some part of the system, they are
based on fixed lists that are not updated during the simulation run. Constraints are mostly
used to increase the integration timestep of the simulation, but can also be useful when
an experimentally determined structure is desired to be included in the MD simulation
system. Restraints, on the other hand, are additional energy functions that aim to keep
the system in a desired state. They do not, however, subject absolute invariability to the

structure they restrain [81].

3.2 Biophysical Properties

The analysis of the order and lateral diffusion of lipids are crucial to gain a comprehensive
understanding of the functional differences between planar bilayer and nanodisc systems.
Acyl chain order parameter provides a quantitative measure of lipid chain conformational
order, which directly impacts membrane fluidity, stability, and interactions with embedded
transmembrane proteins. Evaluating lateral diffusion of lipids offers insights into the
dynamic behavior of the lipids, shedding light on the mobility and exchange processes

within the bilayer both in planar bilayer and nanodisc environment. Consequently, a
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thorough analysis of these parameters is critical for elucidating the biophysical properties

of lipids in both systems, and the consequent implications in membrane protein research.

3.2.1 Acyl Chain Order Parameter

Order parameter provides a quantitative measure to study how the lipid tails are oriented
in a membrane. The calculation is conducted by measuring the orientation of a C-H
bond in a lipid chain with respect to the normal of the bilayer, which often is the z-axis
in membrane simulations. The calculation is performed for all C-H bonds in the lipid
acyl chain and separately for both sn-1 and sn-2 chains of the lipid. The end result is
usually averaged over all the lipids in the membrane and over the sampling time. Order

parameter is calculated as:

3(cos?*0 — 1)
2 7

where 6 is the angle between z-axis or bilayer normal and the vector of a C-H bond.

S = (3.20)

The angular brackets represent average over the number of lipids and time [93].

Often the order parameter is calculated for all C-H bonds and averaged over all
lipids. However, since in this work the goal is to examine the lipid population around a
membrane protein, the order parameter is calculated for each lipid separately and averaged
over time. This way, the distribution of lipids in the systems can be studied as a function
of distance from the protein.

In effect, the lower the value of the order parameter is, the more ordered the mem-
brane is and the tighter the lipids are packed in it. Vice versa, for higher values of order
parameter, the membrane can be expected to be less ordered and lipid movement to be
faster and less restricted. Due to this inversionally proportional relationship of the mem-
brane packing and order parameter value, the order parameter is also often expressed as

its negative counterpart: —S [93].

3.2.2 Lateral Diffusion

Typically, diffusion of lipids is quantified by its rigorous definition in terms of mean-
squared displacements (MSD) of lipids at long time scales [94]. The MSD’s can be calcu-

lated as:

MSD(t) = ([r;(t) — 7:(0)]?), (3.21)

where 7;(t) is the position of the center-of-mass (COM) of lipid ¢ at time ¢ and the

angular brackets denote average over all the lipids in the examined system and time.
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From MSD, lateral diffusion coefficient in the membrane plane can be derived as
[95]:

. MSD(?)
The long-time limit in equation 3.22 assumes that the lateral diffusion coefficient

Dy, is determined from the region, where MSD scales as a power-law in time as:

MSD(t) ~ 2, (3.23)
and o =1 [96].

However, since diffusion in the nanodisc systems studied in this case happens in
a confined environment, the rigorous MSD method is not the technique to study the
lateral diffusion of lipids. Instead, we can assume for the COM’s of the lipids to follow
random walk, meaning that the lengths of lipid displacements as well as the directions,
should be random within a fixed time period. Consequently, studying the displacement
distribution of the lipids over that time period, the distribution should show Gaussian
behaviour that allows to determine the approximate lateral diffusion coefficient through
fitting of a Gaussian over the distribution [97].

Considering a random walker in one-dimensional scenario, starting at time ¢ = 0 at
a starting position of x = 0 and over time ¢ is found to have moved to distance = + Az.

The probability for this move to happen can be expressed as [98]:

1 (_452:)
Pra(z, ) Az = ———c\ 7/ A
e 04 = 7D 8

where D;; is the diffusion coefficient in one dimension.

(3.24)

Similarly in two dimensions, where Dy; is the diffusion coefficient for two-

dimensional diffusion, we have:

()
Pog(zy, t) AzAy = 47?D2dt€ et ) AxAy. (3.25)

Considering circular symmetry, it is feasible to change to spherical coordinates and
study the displacement distributions of lipids radially in terms of Ar, A® and,A®. In-
tegrating equation 3.25 over © and ®, we acquire the probability distribution for the
distance that a COM of a lipid has travelled within a fixed time interval as a function of
r [99]:

Poy(r,t)Ar i _W>Ar. (3.26)
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The fitting of equation 3.26 over the distribution of distances travelled by lipids,
will now yield the two dimensional diffusion coefficient Dy; over the corresponding time

interval.

3.3 Machine Learning Methods

The application of machine learning (ML) in the data analysis of MD simulations is
increasingly becoming indispensable for driving scientific breakthroughs. ML algorithms
can efficiently process the vast amounts of data generated in MD simulations, revealing
key insights into the underlying molecular mechanisms with reduced human intervention.
The ML methods used to analyse the results presented in this thesis highlight some of
the key advantages of incorporating ML into MD simulations projects: uncovering hidden
relationships within data with feature extraction, enhanced interpretability and a more

comprehensive understanding of the complex phenomena happening in the systems.

3.3.1 Principal Component Analysis

Due to the nature of the method, working on biological systems with molecular dynamics
simulations by default means working with inherently noisy and high dimensional data.
Considering a typical simulation system, it often comprehends a number of atoms from
anywhere between tens to millions. Hence, it might be desirable to reduce the dimen-
sionality of the data before analysing it further. One of the established dimensionality
reduction methods is the Principal Component Analysis (PCA) that allows to reduce
the dimensionality of data while striving to preserve as much of its variance and, in ef-
fect, interpretability as possible [100]. In the realm of biological systems, this means, for
example, finding and preserving the largest motions and mobile areas of the system.

In PCA, the objective is to summarize the original data in a small number of rep-
resentative variables that collectively explain as much of the variability of the original
dataset as possible. In other words, PCA seeks to find out a new, reduced feature space
in which the original data is highly variable. In most cases, it is safe to presume that
in a large dataset, not all the features of the data are as informative and interesting as
others; interesting in this case meaning the highest variance along that dimension [101].
So, with the means of PCA, a set of orthogonal principal component (PC) vectors in the
directions of the highest variance in the data can be obtained and used as a basis for a
lower dimensional subspace to project the data into [100].

Considering a dataset X, with n observations x and p features, and the dataset is
assumed to be normalized to have mean zero [101].

The first principal component Z; is a linear combination of the features
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X, Xg, .0 X,

Zl = (I)HXl -+ (I)QIXQ + ...+ (I)plen (327)

where @11, @9y, ..., @, are the loadings of the first principal component and together

make up the PC loading vector:

CI)l - (q)lh q)Zla ceey épl)T (328)

The loadings ®11, o1, ..., ®,1 are constrained so that the sum of their squares equals

one:

p
> oo =1, (3.29)
j=1

in order to normalize the PC vector and prohibit the variance from arbitrarily large
absolute values.

To find the first principal component of dataset X, with n observations z in p
dimensional feature space, we look for a linear combination of the sample features that

has the largest sample variance within the normalization constraint 3.29:

zin = Puri + Por®in + ... + Pprayy, (3.30)

where @4y, ®gy, ..., ®,; are the elements of the first PC loading vector.
Using equation 3.30, an objective for the first principal loading vector can be for-

mulated as the following optimization problem:

1 n D 2 p
maximizeg, ... s, { Z(Z (I>j1xz-j> } subject toz @?1 =1, (3.31)
j=1

i=1 \j=1

The problem above can be solved with the means of eigen decomposition by consid-
ering the PC loading vectors @, &y, ®3... (3.28) as the eigenvectors of the matrix X7X
and the variances of the components as corresponding eigenvalues.

After the first principal component Z; has been determined, the second princi-
pal component Z, can be determined again as a linear combination of the features
X1, Xs,..., X, that has the largest variance out of all the linear combinations that are
uncorrelated with the first principal component Z;. As for the first principal component,

the scores of the second PC acquire a corresponding form to 3.30:

Zig = P1a%in + Pooin + ... + Ppoyy (3.32)

By constraining Z; and Z, to have be uncorrelated, or in other words to have

zero covariance with each other, it is also secured that the two principal components are
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orthogonal to each other. To find the second principal component loading vector @5, we
again optimize the objective defined in 3.31, but with the added restraint that vector &,
is orthogonal to ®; as stated above.

If the dataset is large with multiple features, subsequent PC vectors can be solved in
identical manner. Once the principal components are solved, they can be selected as the
new orthonormal basis for the dataset and project the original data for low-dimensional
views in the subspaces spanned by the PC vectors ®;, ®,, ®3...

To investigate how much information has been lost by projecting the observations
onto the principal components, we can look at Proportion of Variance Explained (PVE).

If the data are normalized to have a mean zero, the total variance in the dataset is:

iVar(Xj) = Zp:

2}%, (3.33)

and the PVE of the mth principal component can be acquired as:

<
I
—
-
I
—

i () Bjmiy)?

P n 2
=1 2ie1 Tij

PVE = (3.34)

3.3.2 Gaussian Mixture Models

Mixture models are a tool to find subpopulations within data without any prior knowledge
about possible substructures of the data. To find such underlying features in the data,
mixture models fit distributions into the data in order to estimate the best combination of
distributions to describe the dataset. Each distribution in the final combined model can
be interpreted as a cluster, and by estimating the probabilities of each datapoint belonging
in them, it is possible to identify subpopulations within the whole dataset [102].

In accordance with the name, in Gaussian mixture models, the fitted distributions

N have the Gaussian form:

m 1 7(12'—#;2')2
N(z|p,0%) =] e (3.35)

i=14/2mo?

:

where x = (z1,xs..., ,,) is the m-dimensional random variable, o = (p1, fo..., fim)
are the means, and o2 = (0%, 03...,0%,) variances of the distribution. When provided with
the number of distributions K, the model will find the means, variances and coefficients

7 to maximize the likelihood of the data being from the distribution:

p(x) = ;; TR (2|, o%7)), (3.36)

where 0 < 1, < 1 and Y, m, = 1 [102].
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The fitting of linear combinations of distributions to the data is managed by esti-
mating the values of means u,, variances o%, and coefficients 7 for each cluster. This
is carried out by the Expectation Maximization (EM) algorithm, a general algorithm for
learning about variables [103]. After setting the initial values for the parameters, the algo-
rithm alternates between two steps - expectation and maximization - until the parameters
converge. In the expectation step, the responsibilities 7, are evaluated. In principle, the
responsibilities determine the probabilities of data points to belong to component k in
the combination of distributions. In the maximization step, the parameters u,, o%, and
7, are re-estimated according to the new values of corresponding responsibilities.

In the setting of parameter estimation for GMM, the EM-algorithm is implemented
as illustrated by the following steps [102]:

1. Initialise

Set initial values p,, o2, and m, for the K components.

2. E — step

Evaluate responsibilities r,; for all components k£ and each datapoint x,,:

X (x| p, 0?)
ok = 3.37
T~ Rl o) 337
3. M — step
Recalculate all the corresponding parameters:
N
Ne =Y Tk (3.38)
n=1
1N
Pr =N > TukXn (3.39)
k n=1
2 1 J 2
%% = N, D TuklXn — py] (3.40)
k n=1
N
T = Wk (3.41)

4. Repeat

Repeat E- and M-steps (2 and 3) until values of the parameters converge.

If there is not enough information about the dataset to determine how many com-
ponents K are enough to satisfactorily describe the data, a set of criteria is needed to
determine, which fit provides the best model. The same criteria can also be utilized, when
the number of components is known, but the quality of the fit needs to be assessed to
avoid overfitting which can result from adding too many free parameters to the model

to increase its likelihood estimate. Two such criteria are often used for these purposes:
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the Akaike Information Criterion (AIC) [104] and Bayesian Information Criterion (BIC)
[105].
Considering a model with N data points, and p free parameters, and the maximum

likelihood estimate of E, the two criteria get the following forms:

AIC = —2log(L) 4 2p (3.42)

BIC = —2log(L) + log(N)p (3.43)

The shared form reveals the close relation of the two criteria, the difference appearing
only in the second term. The penalty term of AIC remains constant, whereas the penalty
term of BIC-criteria scales logarithmically with the accumulation of data points N. Due
to its stronger penalty on the free parameters, the BIC-criterion is more likely to point

towards a model of lower dimensionality than AIC [105].



4. Simulations

4.1 Systems

To examine differences between planar bilayer and nanodisc systems, eight simulation
systems were built that varied in the type of the system and their lipid content. Two
different types of lipids, POPC and DMPC, were used to build two planar and two
nanodisc systems of each lipid. One system of each of the two system types was either
a pure lipid planar bilayer or a pure lipid nanodisc system, and the other also had the
transmembrane protein Ay, R in the membrane. Hence at the end, eight distinct systems
were studied. Table 4.1 shows the detailed compositions of all systems used in this thesis.

The two phospholipids used in this study were POPC and DMPC. POPC (1-
palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine) is a phospholipid which is naturally
present and one of the most abundant lipid in eykaryotic cell membranes [106]. Hence, it
is often used in studies of the membrane and to mimic the plasma membrane conditions,
for example in nanodiscs [14]. DMPC (1,2-dimyristoyl-sn-glycero-3-phosphocholine), on
the other hand, is a synthetic phospholipid. It is commonly used to mimic a mammalian
plasma membrane in studies of plasma membranes and liposomes, and also to study the
interactions of lipids with membrane proteins. DMPC’s shortcoming is its shorter than
average chain length compared to human membranes which sets limitations for its use
[107].

The transmembrane protein in the systems, A, R is one of the four adenosine re-
ceptor subtypes in the rhodopsin-like family of GPCRs. PDB: 5G53 was used as a start-
ing structure for Ay, R in the simulations and the missing residues were added into the
structure using MODELLER [82]. The scaffolding protein used in all the nanodiscs was
MSP1E1 [1].

Both planar and nanodisc systems in the study were originally constructed using
CHARMM-GUI [108]. However, since CHARMM-GUI does not yet support the scaffold-
ing protein MSP1E1 used in the nanodiscs, the nanodisc systems were initially built in
CHARMM-GUI using another membrane scaffolding protein called MSP1D1. This MSP
was chosen as the initial replacement for MSP1E1 due to its length that was the closest

in number of residues to MSP1E1. The starting structures for MSP1E1 were constructed
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Type Lipid No of Lipids MSP Membrane Protein No of Replicas
Planar POPC 300 - - 10
Planar POPC 321 - A2AR 10
Planar DMPC 414 - - 10
Planar DMPC 277 - A2AR 10
Nanodisc || POPC 275 MSP1E1 - 10
Nanodisc || POPC 240 MSP1E1 A2AR 10
Nanodisc || DMPC 273 MSP1E1 - 10
Nanodisc | DMPC 260 MSP1E1 A2AR 10

Table 4.1: The simulation systems and their constituents.

from FASTA sequences with the help of a recent nanodisc generation protocol [109], before
carefully substituting the CHARMM-GUI generated MSP1D1 scaffolding proteins with
the desired MSP1E1s in the nanodiscs. After the change of the scaffolding protein, the
nanodisc systems were resolvated. All the equilibration steps and simulation runs were
performed with the correct MSP1E1 scaffolding proteins.

All the systems were solvated in water, and ions were added to the system to neu-
tralize charges, and to establish ion concentration of 0.15M KCl. The CHARMMS36m
force field was used for all proteins [110] and lipids [111] and the TIP3P model was used
for water [112] with compatible parameters for ions [113]. For each of the eight systems,
10 replicas were run independently.

All simulation systems went through the same simulation protocol. First the systems
were minimized and equilibrated in the NVT ensemble with a temperature of 310 K.
Heavy atoms were restrained during the equilibration with decreasing constants on each
repetition of the short equilibration periods. Also, side chains were set to have less rigorous
restraints than backbone to allow for more efficient equilibration. After the equilibration,
the systems were simulated for 500 ns in the NpT ensemble for a longer equilibration to
give the nanodiscs sufficient time to equilibrate. After the long equilibration, a production

run of 100 ns was conducted again in the NpT ensemble for analysis, Figure 4.2.

4.2 Simulation Protocol

All simulations were carried out using GROMACS 2021 [114]. The equations of motion
were integrated using the leap frog algorithm with a 2 fs time step. All covalent bonds
involving hydrogens were constrained using the LINCS algorithm [115]. Long-range elec-
trostatic interactions were treated by the fast smooth particle mesh Ewald scheme [116]

with a cutoff of 1.2 nm, Fourier spacing of 0.12 nm, and fourth-order interpolation was
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(a) Planar bilayer system with an embedded (b) Nanodisc system with Asy R and
transmembrane receptor As, R. scaffolding protein MSP1E1.

Figure 4.1: Example of a planar bilayer system with an embedded transmembrane receptor As, R and

its nanodisc counterpart.

System

Preparation

Bqquili

NPT 310K
for Analysis
(100ns)

NPT 310K

(500ns)

Figure 4.2: Schematics of the simulation protocol.

used. For van der Waals interactions, a Lennard-Jones potential with a force-switch
between 1.0 and 1.2 nm was used.

Before the long equilibration and production runs, all systems were first minimized
using the steepest descent algorithm and later equilibrated in stages with the heavy atoms
of proteins kept restrained at 310 K and 1 atm pressure using the Berendsen thermostat
and barostat [87].
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All production simulations were performed in the NpT ensemble. In the long equi-
libration runs, the temperature was maintained at 310 K using the Berendsen thermostat
[87]. The protein, membrane, and solvent (water and ions) were each coupled to separate
heat baths at the reference temperature with a time constant of 1.0 ps. The production
simulations, on the other hand, employed the same leap frog integrator and the Nosé-
Hoover thermostat [89], [117] maintaining the temperature at 310 K. The constituents of
the system were each coupled to separate heat baths as described before and the time
constant was again 1.0 ps. Pressure was controlled semi-isotropically using the Berendsen
barostat [87] with a reference pressure of 1 atm, a time constant of 5 ps, and compress-
ibility of 4.5x10® bar! on the membrane plane.

The final simulation length for each system considering the long equilibration and
the sampled production run was over 600 ns, of which the last 100 ns was used in analysis
of the lipids. In addition, the first 500 ns, with 100 ns cut off from the beginning, was
used in the machine learning analysis of membrane protein behaviour.

For the purposes of this thesis, all simulations were run on the supercomputer Mahti
of CSC (IT Center for Science, Finland). PyMOL [118] and VMD [119] with Tachyon
[120] renderer were used to construct the 3D images in this document. All the graphs in

the results section were made with the Matplotlib Python package [121].



5. Results and Discussion

In order to investigate the differences between planar bilayers and nanodiscs, MD simu-
lations with 8 different systems and two different lipid types were performed.

Each simulation system had 10 independent trajectories from which the results were
derived by averaging over all trajectories. The analysis was conducted using the last
100 ns of the total 600 ns simulation per trajectory. At this stage in the simulations,
the system and the analysed properties were assumed to have equilibrated to the point
where they could reliably be quantified. Before analysis, in all the systems that had the
transmembrane protein, the protein was centered and fixed to the center of the simulation
box. In addition, in all the nanodisc systems, the nanodiscs were reconstructed so that
they did not cross the periodic boundaries and centered into the simulation box from the
scaffolding proteins or the transmembrane protein.

First, results concerning the lipids within the simulated planar and nanodisc systems
will be discussed. These are composed of the analysis of the acyl chain order parameter
and diffusion of lipids. Afterwards, the results of the machine learning approaches, prin-
cipal component analysis and Gaussian mixture models, will be presented to decipher the
behaviour of the transmembrane protein in these two systems. In the following discussion,

it is argued how the lipid environment in each system affects the membrane protein in it.

5.1 Order Parameter

The acyl chain order parameter was calculated by using the carbon atoms of the sn-1
chain of all the lipids in each system. The analysis of was done in two parts: the first step
was to calculate the average order parameter of each individual lipid over the analysed
length of the trajectory and projecting the resulting values on a 2D plane (xy-plane of
the simulation system) in order to visualize the distribution of order parameter within
the system. In the second step, the data were presented as a function of radial distance
from the center of the system. The analysis was conducted in a similar manner for the
planar and nanodisc systems.

As expected, the 2D order parameter distributions of planar bilayers without mem-

brane protein 5.1 show a constant distribution values for the acyl chain order parameter.
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The system with POPC lipids exhibits a value of just below 0.2 and the system of DMPC
lipids a value of a little over 0.2, meaning that the DMPC lipids are in a slightly more
ordered state than the POPC lipids. This can be explained by the difference in the main
transition temperatures of the two lipids at which they change from ordered gel phase to
a disordered liquid crystalline phase: for POPC the main transition temperature is 271 K
and for DMPC 297. As the simulations were conducted in the temperature of 310 K, the
temperature is far further from the main transition temperature of POPC than DMPC,
making POPC more likely to be disordered. The reason can also be found in the length
of the lipid chains: as DMPC possesses shorter chains, it is more likely to be able to pack
them efficiently and exhibit higher order than POPC.

In the 2D order parameter distributions of planar bilayers with membrane protein
Aso R at the center of the system, Figure 5.2, the effect of the membrane protein addition
can be visualized. At the immediate vicinity of the protein, the lipids are relatively
disordered compared to the rest of the system. This is an effect imposed by contact
with the surface of the protein. The outer surface of the membrane protein is not flat
and smooth, but has in- and out curved areas to its body. If there is no lipid residing
in an inward curve, a tiny local vacuum is created in this space if no lipid is presently
occupying it. As this is highly unfavourable, it creates an immense pressure with which
the surrounding lipids press themselves towards the protein to fill the space. When a
lipid comes in contact with the protein, the pressure imposed on it by the surrounding
lipids makes it ordered by pressing it onto the protein surface. A lipid approaching an
outward curve will also be pressed towards the surface of the protein by the surrounding
lipids. However, since the surface protrudes outwards, the lipid cannot preserve an ordered
straight acyl chain, but becomes disordered. This is the effect that can be seen in Figure
5.2 around the protein.

However, moving further away from the protein to the area, where the lipids are
not in immediate contact with the protein anymore, but instead surround the protein
completely. In this area, an increase in the order of the lipids is visible. Moving further
away from the protein and towards the ends of the systems, the increased ordering caused
by the protein can be discovered to weaken and finally descend towards the value of order
parameter in the corresponding planar system without a membrane protein. This can be

visualized better in the plot of radial distribution of order parameter in Figure 5.3.
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(a) POPC lipids in planar system. (b) DMPC lipids in planar system.
Figure 5.1: 2D distributions of order parameter in planar systems without As, R.
(a) POPC lipids and Ay, R in planar system. (b) DMPC lipids and Ay, R in planar system.

Figure 5.2: 2D distributions of order parameter in planar systems with Ao, R.
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(a) Planar systems with POPC.

(b) Planar systems with DMPC.

Figure 5.3: Order parameter as a function of radius in planar systems, uncertainty of data points
expressed in form of Standard Error of the Mean (SEM).
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As previously published in multiple studies, the 2D visualization of order parameter
in nanodiscs without a membrane protein, reveals a distribution of three distinct regions,
Figure 5.4. In the center of the nanodisc, the order is the highest and in the edges of the
nanodisc and in the immediate vicinity of the membrane scaffolding protein, the lipids
are extremely disordered. In between the two regions, a third intermediate region can be
detected, in which the lipids are changing between the two regions and the value of order
parameter is somewhere between the two extremes. Similarly with respect to the planar
systems, the overall order is higher in the DMPC nanodiscs (around 0.3 in the middle of
the nanodisc) than in the POPC nanodisc (a bit over 0.25 in the middle) as read from
Figure 5.6.

In Figure 5.5, which shows the 2D visualization of order parameter in nanodisc
systems with As, R, the same three regions can be seen within the lipids as in the nanodisc
systems without membrane proteins in Figure 5.4. Additionally, the local disordering
effect of the added membrane protein is visible, as described previously in the case of the
planar systems with As, R.

However, considering the radial distribution of order parameters in nanodiscs in
Figure 5.6, unlike in the planar systems, the addition of the Ay, R does not raise the value
of the order parameter higher than in the corresponding nanodisc with the same lipid
type, but without the membrane protein. This is likely explained by the small size of the
nanodisc.

To conclude, the results confirm the previous findings of the three region distribution
of lipid order within the nanodisc systems [8] that is not present in planar bilayers. In
addition, the radial visualization of order parameters in the systems provides a more
systematic way of quantifying the change of order parameter values in nanodiscs. If no
transmembrane protein is not present in the middle of the nanodisc, in the middle of the
nanodisc, the order of the membrane is significantly higher than in a planar membrane.
In both nanodiscs and planar bilayers the order of the membrane protein disintegrates in
the vicinity of As, R due to the rough interface of the protein. The results also indicate
that in a nanodisc environment, the membrane protein never experiences a lipid order

similar to that in a planar bilayer.
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(a) POPC lipids in nanodisc. (b) DMPC lipids in nanodisc.

Figure 5.4: 2D distributions of order parameter in nanodisc systems without As, R.

(a) POPC lipids and Ay, R in nanodisc. (b) DMPC lipids and As, R in nanodisc.

Figure 5.5: 2D distributions of order parameter in nanodisc systems with Ay, R.
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(a) Nanodisc systems with POPC.

(b) Nanodisc systems with DMPC.

Figure 5.6: Order parameter as a function of radius in nanodisc systems, uncertainty of data points
expressed in form of Standard Error of the Mean (SEM).
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5.2 Diffusion

Due to the enclosed nature of nanodiscs, the diffusion analysis of lipids in the simulation
systems was conducted by calculating the 2D jump lengths Ar of the COM of each lipid in
a system over a fixed lagtime of 10 ns. Then a skewed Gaussian of the form presented by
equation 3.26 was fitted over the distribution in order to acquire the diffusion coefficient.

The results of the diffusion analysis will be presented in radial plots showing the
diffusion coefficient as a function of distance from the center of the system, corresponding
to the similar plots in the previous acyl chain order parameter analysis. In addition, the
fitting of the skewed Gaussian over the distribution of lipid jump lengths will be showcased
for all systems.

In appendix B, the dependence of the diffusion coefficient from lagtime in the dif-
ferent simulation systems, planars and nanodiscs, is shown in detail. In principle, lagtime
means the timeframe within which diffusion is quantified, here in the range of 0.1 to 50
ns. In all systems, excluding the very beginning and end of the graphs, the relationship
between the two is linear. The lagtime used in the following analysis is 10 ns.

In the following Figures 5.7, 5.8, 5.9, and 5.10, the fitting of the skewed Gaussian
function over the lipid jump length distribution is shown. The fits can be seen to be
the best for the planar systems without As,R. The function fit is inferior for the planar
system with a transmembrane protein and both nanodisc systems, as also characterized by
the R? values shown in the Figures that characterize the quality of the fitting. However,
as the R?’s indicate, the fits are still good enough to provide reasonable results. The poor
fits rise from the fact that the fitting in these figures has been done for all lipids in the
systems in which multiple regions of lipids with distinct diffusion coefficients exist: lipids
by the protein, and lipids further and far away from the protein in the system.

R? is the so-called coefficient of determination, and is calculated using equation 5.1:

R*=1- M (5.1)
>y —y)?

where 3(y; — f;)? is the residual sum of squares and 3 (y; — 7)? is the total sum of

squares. In principle, the measure gives an interpretation of how well the model explains

the observed data by comparing the fitted function to the observed data.
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(a) Planar system with POPC and without (b) Planar system with POPC and Ay, R.
Az R.

Figure 5.7: Fitting of skewed Gaussian distribution over jump lengths of lipids in planar POPC systems.

(a) Planar system with DMPC and without (b) Planar system with DMPC and Aj, R.
Az R.

Figure 5.8: Fitting of skewed Gaussian distribution over jump lengths of lipids in planar DMPC systems.
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(a) Nanodisc system with POPC and without (b) Nanodisc system with POPC and A, R.
Az R.

Figure 5.9: Fitting of skewed Gaussian distribution over jump lengths of lipids in nanodisc POPC

systems.

(a) Nanodisc system with DMPC and (b) Nanodisc system with DMPC and As, R.
without Ay, R.

Figure 5.10: Fitting of skewed Gaussian distribution over jump lengths of lipids in nanodisc DMPC

systems.
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From the fits above, an average diffusion coefficient can be acquired for each of the
eight systems. These values can be found in Figure 5.11 and Table 5.1. The diffusion
coefficient for the POPC and DMPC planar bilayers have been studied before, and the re-
sults shown here are well aligned with both previous computational [99] and experimental
[122] work.

As indicated by visualizing Figure 5.11, the diffusion coefficient is always slightly
higher in systems with POPC lipids compared to systems with DMPC lipids. This is
expected due to the earlier results concerning the acyl chain order parameter. The order
of the membrane and the diffusivity of the lipids are known to be connected, such that with
higher order the diffusion in the system is slowed down. As DMPC lipids were concluded
to have a higher order than POPC in the simulated systems, it is not surprising that the
diffusion is consequently slightly slower in the DMPC systems. Considering the planar
systems with proteins, the addition of the transmembrane protein seems to halve the
average diffusion coefficient compared to the systems with lipids only.

On the other hand, the diffusion coefficients in nanodiscs without transmembrane
protein are already in the same order of magnitude, as the planar systems that have the
added membrane protein. And when moving on to the nanodisc systems with A,, R, the
diffusion coefficients are reduced even further, but not quite halved as was the case with
the planar bilayers. Hence, according to these results, the nanodisc environment can be
observed to have a significant effect on the diffusivity of the lipids. The trend of DMPC
systems having a lower diffusion coefficient than POPC, is continued in the nanodiscs in

similar fashion as in the planar systems.

Type Lipid Membrane Protein Diffusion coefficient (cm?/s) Uncertainty (cm?/s)
Planar POPC - 2.1-1077 3-1078
Planar POPC A2AR 0.98 - 10" 3-1078
Planar DMPC - 2.0-1077 3-1078
Planar DMPC A2AR 0.81-10~" 2.10-8
Nanodisc POPC - 0.82- 1077 41077
Nanodisc POPC A2AR 0.50 - 107" 2-1077
Nanodisc DMPC - 0.63-10~" 3-107°
Nanodisc DMPC A2AR 0.44 1077 2.1077

Table 5.1: Average diffusion coefficients in the simulated systems.
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Figure 5.11: Visual representation of Table 5.1, average diffusion coefficients in the simulated systems,

uncertainty expressed in form of Standard Deviation (STD).
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Figure 5.12 displays diffusion coefficients as a function of radial distance from the
center of the system towards the edges. The diffusion coefficient of the plain lipid bilayers
is not majorly altered throughout the length of the system. In the planar bilayers that
have the transmembrane protein, the diffusion starts very low at the center of the system
where As, R is located, and rises towards the edges of the system towards the value of
diffusion coefficient in the simple lipid bilayer systems. As discussed earlier, the diffusion is
overall slightly slower in the DMPC systems than POPC, and consequently, the diffusion
coefficients are lower as well.

In the planar POPC lipid systems, the diffusion coefficients of the two systems (with
and without Ay, R) rise to meet the same order of value in the end, but for the DMPC
this does not quite hold true. In the end, the effect of the transmembrane protein on the
diffusion of lipids, should be fairly local and dissipate quickly as moving away from the
protein. There could be multiple explanations to why this does not show in the DMPC
graph. The chosen lagtime could offer an explanation to the behaviour, possibly in a
larger timescale, the diffusion at the edges of the two systems might be more comparable.

Another possible explanation could be protein crowding, resulting from the periodic
boundary conditions. In studies of the effect before, it was disclosed that the effect of
protein crowding provides a significant change in the diffusion of lipids when the lipids-to-
protein ratio in simulation systems is 200:1 compared to the situation where the ratio is
comparable to infinity:1 [96]. Since the ratio in the planar simulation systems with lipids
and transmembrane protein here is in the order of 300:1, there might be a chance that
the effect of protein crowding could offer at least a part of the explanation to the effect
seen here. Also, it should be noted that the number of lipids in the POPC planar bilayer
system with the membrane protein is a bit higher than in its DMPC counterpart. The
number of lipids in the planar bilayers was originally chosen to be comparable to that in

the nanodisc systems.
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(a) Planar systems with POPC.

(b) Planar systems with DMPC.

Figure 5.12: Diffusion coefficient as a function of radius in planar systems, uncertainty expressed in
form of Standard Deviation (STD).
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Diffusion coefficients in nanodiscs are more than half lower than those in the planar
bilayers. The radial distributions of diffusion coefficients in Figure 5.13, also display a
significant drop in the scale of magnitude. Considering the nanodisc systems with no
Ago R, the graph shows the diffusion to hold a stable value at the center of the system.
Moving away from the center of the disc, the value of diffusion coefficient stays stable for
almost until the edges of the disc, until the lipids counter the ordering effect imposed by
the membrane scaffolding protein shortly before coming in contact with it. The effect is
the same as was discussed previously in the case of changes in diffusion coefficient imposed
by the transmembrane protein in planar bilayers. This is also the area where the diffusion
is at its lowest in nanodiscs. As soon as the lipids come into contact with the scaffolding
protein itself, the diffusion speeds up quickly. Knowing that the order parameter and
rate of diffusion are related, this is in line with the earlier result of drastic drop in order
parameter at the very edges of the nanodisc systems.

The radial treatment of the diffusion coefficient has provided new insights into the
diffusion patterns inside a nanodisc. Previously it has been concluded that the slowest
diffusion in nanodiscs happens at the very center of the discs [8], but the results presented
here indicate that even though the diffusion is highest at the very edges of the nanodiscs,
the lowest diffusion rate in fact is not in the center, but closer towards the edges of disc. In
the very center of the nanodisc, the diffusion rate is somewhere between the two extreme
regions.

The behaviour of diffusion coefficients as a function of radius in the nanodisc sys-
tems with Ay, R as seen in Figure 5.13, in the middle of the system follows a similar
pattern as in the corresponding planar systems. Close to the transmembrane receptor,
diffusion is extremely low and starts slowly rising when moving towards the edges of the
system. However, when the vicinity of the membrane scaffolding protein at the edges
of the nanodisc is reached, the rate of diffusion starts decreasing again. This happens
until the lipids again come in contact with the scaffolding protein and at the edges of the
system, the diffusion reaches its highest value in these systems as well.

As in the planar systems, in nanodiscs also the diffusion of POPC lipids is slightly
faster than DMPC lipids. Illustrated by Figure 5.13, in nanodiscs with Ay, R, the diffusion
in the center of the systems never reach the diffusion rate that they do in the nanodiscs
with the same lipid, but no protein inserted. However, in the DMPC nanodiscs, the lowest
rate of diffusion in both types of discs is the same, but in POPC nanodiscs, the lowest
value of diffusion in the nanodisc without a transmembrane protein never reaches that of
the system with the protein. Also, in the POPC nanodiscs, the diffusion coefficients at the
edges of the two types of nanodisc systems are significantly higher than that of the central
part of the nanodisc. On the other hand, this does not hold true for the DMPC nanodisc

systems in which the rate of diffusion at the edges of the two systems is comparable to
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the diffusion in the center of the nanodisc.
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(a) Nanodisc systems with POPC.

(b) Nanodisc systems with DMPC.

Figure 5.13: Diffusion coefficient as a function of radius in nanodisc systems, uncertainty expressed in
form of Standard Deviation (STD).
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5.3 Protein Behaviour

In order to find out whether the behaviour of the transmembrane protein As, R is different
in planar bilayer and nanodisc environments, two machine learning techniques where
employed: dimensionality reduction with principal component analysis and clustering
with Gaussian mixture models. For the analysis, 500 ns of data from all simulation
systems with As, R was used of which the first 100 ns was considered not equilibrated
enough and cut out. From the remaining 400 ns for all the repeats of each system, the
CA atom coordinates of As, R were taken for the analysis.

To begin with, PCA was performed for all the data without labels indicating which
dataset it was originally from: planar or nanodisc systems. The result was plotted in the
space of the first two principal components for easy interpretability. Figure 5.14 shows
the result of this simple analysis after the origin of each data point had been traced back
and marked which dataset they originated from. The first two principal components were
decided on as a starting point, since they explain the largest amounts of variance in the
data in regards to all principal components and due to the possibility to visualize the
results in a simple two dimensional graph.

Already Figure 5.14 showcases that the two datasets, one coming from the trans-
membrane protein coordinates of planar bilayers and the other in nanodiscs, do not have
the same distribution. The data points coming from the planar systems cover a larger
area compared to the data coming from the nanodisc systems that are concentrated in an
inverted C-like shape in the middle of the graph.

This is further highlighted in Figure 5.15 that shows the distributions of the two
datasets projected along the first seven principal components of the dataset. In all di-
mensions, the distributions are only partially overlapping, signifying that along the given
dimension, the datasets do not share the same distribution. Only after reaching principal
components five and six, the shape of the distribution starts to converge towards a shared
form.

The initial clustering using Gaussian mixture models was conducted on the dataset
obtained from the simple PCA dimensionality reduction shown in Figure 5.14. Since there
was no initial knowledge about underlying clusters in the data, the first step was to choose
a clustering model and Figure out how many clusters to form. This was determined by
emplying the BIC-criteria as displayed in Figure 5.16. In the Figure, the colored bars
stand for four independent types of covariance parameters: 1: "full": where each cluster
has its own general covariance matrix, 2: "tied": in which all clusters share the same
general covariance matrix, 3: "diag": in which each cluster has its own diagonal covariance
matrix, and 4: "spherical": where each cluster has its own single variance.

The BIC-score should be minimized and the number of clusters should be chosen
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Figure 5.14: Protein coordinates from all simulations projected onto the space of the first two principal

components.
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Figure 5.15: Distributions of data coming from planar and nanodisc systems along the first principal

components.
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to be as low as possible. Based on Figure 5.16, a clustering with a full model and 7
components or clusters was chosen. Even though the BIC-score slightly improves also after
this point, the change after the seventh component does not provide enough improvement
to compromise the robustness of the clustering by possibly overfitting with a larger number
of components. A bigger and smaller number of clusters was also empirically tried, but
the seven components clustering provided the best results. In this case over all the
components, the full model for variance had always the lowest BIC-score.

With the chosen model, full model with seven components, the clustering was carried
out by firstly training the model. This was done by using the unlabeled data from the
PCA run presented above. Afterwards, the newly trained model was used to predict
clusters on the PCA reduced coordinate dataset. The prediction was done on both planar
and nanodisc data separately. Plotting all the data together, the clustered data are seen
in Figure 5.17 with the centroids of the clusters marked with black crosses. Of course,
this graph does not yet tell much about differences between the two types of systems.

However, when the two types of systems are separated as in Figure 5.18, intriguing
differences start to emerge. Cluster five is only visible in the data coming from the planar
dataset and cluster 1 has significantly more data points in the nanodisc dataset than
planar. Figure 5.19 quantifies the phenomenon and indeed, clusters one and five are only
or mostly populated by data from one of the systems. This can be interpreted as a sign
that the two datasets are different. Transferring back into the context of MD simulations,
this would mean structures that the other type of system does not explore during the

simulation trajectory.
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Figure 5.16: Values of BIC-criterion for different Gaussian mixture models.
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Figure 5.17: Clustering in the dimension of the first two principal components.
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(a) Planar systems

(b) Nanodisc

Figure 5.18: Visualization of the origin datasets of data points in the clusters of Figure 5.17.
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Figure 5.19: Amount of data points in each cluster of Figure 5.18.
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Figure 5.20: Variance explained by the first principal components of the full dataset.

Since already using only the two first principal components of the dimensionality
reduction offered a good separation between the two datasets, the next logical step was to
go back and look at the next principal components and decide whether they had more to
offer. As discussed already above in the case of Figure 5.15, the distributions of the planar
and nanodiscs datasets do not share a common form until the principal components exceed
four dimensions. From that, it is safe to deduct that the first two principal components
are not enough to capture all the major differences in the two datasets.

Thus, the clustering was conducted again, but this time with higher dimensional
data. To decide how many dimensions to take into account, the variance explained by
each principal component of the PCA as seen in Figure 5.20 was determined. As the
percentage of variance explained by each principal component in the plot starts majorly
decreasing after the fourth principal component, and because in Figure 5.15, the largest
differences in the two distributions are before the fifth principal component, the cluster-
ing was determined to be conducted again with the data from the first four principal
components.

This decision was also supported by Figure 5.21, which shows a pairplot of the
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Figure 5.21: Pairplot of principal component analysis in the dimensions of the first four PCs, showing

the separation and distributions of the two datasets (planar and nanodisc) in each dimension.

labeled data and their distributions from both planar and nanodisc datasets along the
first four dimensions. This is due to the fact that all the frames of the plot with the fourth
principal component show the best separation between the two datasets.

The clustering model for the second round of clustering was the same, full model
with seven components. The training of the model was again done with all the data
and the clusters were predicted separately for the data points coming from planar and
nanodisc systems. A pairplot of the predicted clusters along all the four dimensions is
shown in Figure 5.22 and Figure 5.23 shows the number of data points in each cluster.
In the latter graph, the separation of the clusters can be observed to have been improved
compared to the previous clustering model with just the first two principal components.
Additionally, from the histograms of the graph, it can be noted that the third and fourth
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PCs bring a major number of data points into the clusters that are not as populated in
the first and second dimensions.

In the improved clustering model with four PCs, two clusters with mainly data
points from planar systems (clusters 1 and 5) can be found and a third cluster with
mostly data points from the nanodisc systems’ coordinates (cluster 3). This serves as a
nice improvement in the robustness of the clustering model compared to the previous one,
which only provided one cluster which was populated by data from the planar systems
and another cluster which was mainly populated by data from nanodisc systems. This
is a strong indication that the two systems do not share the same underlying distribu-
tion. Translating back to the original simulations from which the data points originated
from, this would correspond to the situation that a transmembrane protein in a nanodisc
environment would behave differently from a protein embedded in a simple planar bilayer.

The next incentive was to find the structures of A,,R that correspond to the cen-
troids of the clusters that have the biggest differences in populations (clusters 1, 3, and 5
in Figure 5.23), visualize them and see whether they differ from each other and whether
the differences can be linked to the activation of Ay, R. The representative structures are
visualized in Figures 5.24 (cluster 1), 5.25 (cluster 3), and 5.26 (cluster 5). Clusters 1
and 5 are both representative structures from clusters that are mainly populated by data
points from planar bilayers and cluster 3 represents a structure from a cluster with mainly

nanodisc data.
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Figure 5.22: Pairplots of clusters in the dimension of the first four PCs, showing the amount of data

points each PC dimension contributes to each cluster.
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Figure 5.23: Amount of data points in each cluster of Figure 5.22.



73 CHAPTER 5. RESULTS AND DISCUSSION

(a) Cluster 1, ligand binding site: closed. (b) Cluster 1, G protein binding site:
partially open.

Figure 5.24: Representative structure of cluster 1 (planar bilayer).

In cluster one, the ligand binding site is seen to be in a closed state and the G
protein binding site in a relatively wide, partially open state. In cluster five, the other
planar cluster, the ligand binding site is partially closed and the G protein binding site
is completely open and a view to the channel inside the receptor is revealed. In cluster
three, the nanodisc cluster, both the ligand binding and the G protein binding site are in
a tight, almost closed position.

As a simple model of activation, with an open ligand binding site, As,R can be
considered potentially ready to bind a ligand to the open site. On the other hand, with
an open G protein binding site, the Ay, R can be assumed to be ready to bind a G protein.
As in both of the planar data populated clusters, one and five, the G protein binding site is
seen to be in an open state, the structures in these clusters could be interpreted to possibly
be available to activate through binding of a G protein. However, in the nanodisc cluster
number three, neither of the binding sites are open, but are neither tightly closed. In this
state, the binding of a ligand or a G protein should not be possible, and the receptor seems
to exhibit a kind of intermediate state where it would not be susceptible for activation
through either binding site.

In conclusion, the representative structures of planar clusters exhibit a state in
which the receptor is potentially able to activate through binding of a G proteins, and
that of the nanodisc cluster a state in which the receptor would be incapable of activating
neither through ligand binding nor G protein binding. Since all the three clusters possess

very few data points from the opposing dataset, it can be concluded that the A, R in a
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(a) Cluster 3, ligand binding site: closed. (b) Cluster 3, G protein binding site:
partially closed.

Figure 5.25: Representative structure of cluster 3 (nanodisc).

(a) Cluster 5, ligand binding site: partially (b) Cluster 5, G protein binding site: open.

closed.

Figure 5.26: Representative structure of cluster 5 (planar bilayer).
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planar bilayer might be more likely to be activated than As, R in a nanodisc environment.
In a nanodisc, the lipid environment seems to push the receptor to exhibit a possible
intermediate state in which neither of its binding sites might not available. With the
evidence presented, it can be concluded that the nanodisc environment in fact affects the
behaviour of adenosine receptor A,, R by not letting the protein explore all its possible

open conformations.



6. Conclusions

Nanodiscs are synthetic membranes that are widely used in structural studies of trans-
membrane proteins. In addition to the lipid dynamics in nanodiscs, the protein’s reaction
to its environment is poorly understood. In this thesis, a comprehensive study of two
lipid characteristics: order parameter and diffusion, has been conducted. Differences in
lipid behaviour between lipid only systems and systems with transmembrane proteins
were investigated for planar bilayers and nanodiscs.

The results presented in the thesis shed new light on the behaviour of both membrane
lipids and the embdedded protein, adenosine receptor Ay, R. Three main conclusions can
be drawn from the results:

First, the nanodisc environment affects the ordering of lipids. In nanodiscs, the
results concerning order parameter confirm results reported in the literature before [8].
Three regions of order can be found in nanodiscs: a central ordered region, a disordered
region on the edges of the disc, and an intermediate region between the two. In both the
planar and nanodisk bilayers it is shown that the lipid order substantially decreases close
to the protein. The radial distribution function of the order parameter shows that this
effect dissipates rapidly as distance from the protein surface increases.

In addition, the results detail the effect of a transmembrane protein on the ordering.
The minor disruptive effect of the transmembrane protein is also visible in nanodiscs.
However, presumably due to the nanodisc system’s limited space, the transmembrane
protein’s ordering effect is not clearly visible in nanodiscs. This can be seen best from
the graphs showing the radial behaviour of the order parameter.

Second, the nanodisc environment also affects the diffusion of lipids. Although
evidence of the affected lipid diffusion in nanodiscs was already found in literature before
this study, the new results presented in this thesis are based on a more robust method
of calculating diffusion coefficients. According to the results, the average diffusion in
planar bilayers is roughly halved with the addition of the protein. The average diffusion
coefficient in nanodiscs without transmembrane protein is already reduced to about half of
that in a plain planar bilayer and reduces even further with the addition of the membrane
protein. Investigation of the radial behaviour of lipid diffusion in nanodiscs yields three

distinct regions of diffusion: a region of fast diffusion in the middle of the nanodisc, a
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region of fast diffusion in the vicinity of the concave surface of the membrane scaffolding
protein, and a region of slow diffusion between the two. This latter regime of slow diffusion
has not been reported in literature earlier. In both planar and the nanodisk systems the
addition of the membrane protein produces a region of slow diffusion in the vicinity of the
protein. The effect dissipates as the distance from the protein surface increases. These
results provide new insights into the distributions of diffusion behaviours in nanodiscs, as
the radial behaviour of diffusion in nanodiscs has not been reported before. Previously
in literature, the diffusion regions in nanodiscs have only been characterized in concert
with the order parameter, slow in the ordered area in the middle of the disc and fast
by the scaffolding protein [8]. However, the results presented in this thesis also reveal a
third previously uncharacterized area between the two, where the slowest diffusion in a
nanodisc happens.

Third, the behaviour of the adenosine receptor As, R is different in a nanodisc envi-
ronment than in a planar bilayer. The protocol of dimensionality reduction with principal
component analysis and clustering with Gaussian mixture models has provided the strik-
ing result that the two datasets, one originating from the structures of As, R in planar
systems and the other in nanodiscs differ substantially from each other. Moreover, the
cluster analysis and visualization of the representative structures have revealed that the
difference in A, R behaviour can be linked to the activation mechanism of the receptor.
This manifests itself in a manner that the receptor in a nanodisc environment is much
more likely to reside in a configuration intermediate to the G protein receptive or the
ligand receptive state, in which neither binding site is not available. In comparison, the
receptor in a planar bilayer is more likely to be found in a state that exhibits potential
for activation, where its G protein binding site is open.

As the results concerning the activation of the Ay, R are qualitative primarily at
this point, much work remains to be done to investigate the matter further. By incor-
porating a potential quantitative measure of As, R activation into the protocol, a more
conclusive answer could be derived for the question how the nanodisc environment affects
the transmembrane receptor. Also, the respective times that Ay, R spends in each of the
identified conformations require further investigations. In addition to that, the analysis
done for As, R in this thesis could also in future be repeated with other GPCRs, as well
as other membrane proteins to generalize the result.

The investigation of lipid characteristics could also be expanded further in order to
understand further how the lipid environment in nanodiscs changes the behaviour of the
transmembrane protein. For example, an analysis on the pressure profile in nanodiscs
could be useful in order to see whether the protein is exposed to a higher compression in
a nanodisc which could force it towards a closed conformation. In addition, a study of

the nanodisc radius on the lipid characteristics could provide interesting insights. Since
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the results presented here and previously indicate an area of stable order and diffusion
in the middle of the nanodisc, how large should a nanodisc diameter be to appear to a
transmembrane protein as a planar bilayer? Furthermore, taking into consideration the
ultimately limited size of nanodiscs before they become too big and collapse into spheres,
it might not even be possible to reach the lipid conditions where nanodisks can provide a
local environment similar to that of a planar bilayer. Some studies incorporating multiple
sizes of nanodiscs already exist, such as reports of lower ordering of lipids with a larger
disc diameter [8]. This could prove to be an interesting path to investigate further.

In conclusion, the results presented in this thesis provide novel insights into the lipid
and transmembrane protein behaviour in a nanodisc environment compared to a planar
bilayer. The question posed in the introduction is also answered: Does a nanodisk provide
an environment identical to that of a planar bilayer? The results demonstrate that neither

the lipid environment nor the protein behavior is comparable in the two systems.



Appendix A. Labels and Amino Acid Sequences of Membrane

Scaffolding Proteins!!!

Abbreviation || Description Amino Acid Sequence

H1 Helix 1 LKLLDNWDSVTSTFSKLREQLG
H1A(1-11) Truncated Helix 1 STFSKLREQLG

HIA(1-17) Truncated Helix 1 REQLG

H2 Helix 2 PVTQEFWDNLEKETEGLRQEMS
H3 Helix 3 KDLEEVKAKVQ

H4 Helix 4 PYLDDFQKKWQEEMELYRQKVE
H5 Helix 5 PLRAELQEGARQKLHELQEKLS
H6 Helix 6 PLGEEMRDRARAHVDALRTHLA
H7 Helix 7 PYSDELRQRLAARLEALKENGG
H8 Helix 8 ARLAEYHAKATEHLSTLSEKAK
H9 Helix 9 PALEDLRQGLL

H10 Helix 10 PVLESFKVSFLSALEEYTKKLNTQ
FX Original N-terminus MGHHHHHHIEGR

TEV Modified N-terminus MGHHHHHHHDYDIPTTENLYFQG

Abbreviated Name

Composition

MSP1
MSP2

MSP1E1
MSP1E2
MSP1E3
MSP1D1
MSP1D2
MSP2N1

MSP2N2

MSP2N3

FX-H1-H2-H3-H4-H5-H6-H7-HS8-H9-H10
FX-H1-H2-H3-H4-H5-H6-H7-H8-H9-H10-
GT-H1-H2-H3-H4-H5-H6-H7-H8-H9-H10
FX-H1-H2-H3-H4-H4-H5-H6-H7-H8-H9-H10
FX-H1-H2-H3-H4-H5-H4-Hb5-H6-H7-H8-H9-H10
FX-H1-H2-H3-H4-H5-H6-H4-H5-H6-H7-H8-H9-H10
TEV-H1A(1-11)-H2-H3-H4-H5-H6-H7-H8-H9-H10
TEV-H2-H3-H4-H5-H6-H7-H8-H9-H10
TEV-H1A(1-11)-H2-H3-H4-H5-H6-H7-H8-H9-H10-
GT-H1A(1-11)-H2-H3-H4-H5-H6-H7-H8-H9-H10
TEV-H1A(1-11)-H2-H3-H4-H5-H6-H7-H8-H9-H10-
GT-H2-H3-H4-H5-H6-H7-H8-H9-H10
TEV-H1A(1-11)-H2-H3-H4-H5-H6-H7-H8-H9-H10-
GT-H1A(1-17)-H2-H3-H4-H5-H6-H7-H8-H9-H10
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Figure B.1: Diffusion coefficient as a function of lagtime, POPC planar systems
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Figure B.2: Diffusion coefficient as a function of lagtime, DMPC planar systems.
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Figure B.3: Diffusion coefficient as a function of lagtime, POPC nanodisc systems.
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Figure B.4: Diffusion coefficient as a function of lagtime, DMPC nanodisc systems.
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