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Abstract

The activity of any given protein, whether in cell or in vitro, relies on a complex
network of interactions among this protein and other molecules, such as other
proteins, water, and small molecular cosolvents/excipients. These interactions
occur at different spatial and temporal scales, spanning about 10 orders of
magnitude in the space and 15 orders of magnitude in the time domain. As such,
many different modelling techniques, each suitable for a particular spatiotemporal
regime, are routinely used. However, a single process often spans more than a single
time or space scale. Thus, the necessity arises for combining different modelling

and simulation techniques in multiscale workflows.

In this work, structurally and functionally diverse proteins such as
immunoglobulins, transcription factors, autophagy receptors and non-LTR
retrotransposon, were treated using several different structure-based methods
(multiscale molecular dynamics simulation, molecular docking, and cosolvent-
based approaches) in order to study their stability and propensity to aggregate,
misfold and small molecule allosteric binding. The central objective of this work
was to evaluate applicability of those structure-based computational workflows in
studies of protein “druggability” and development of formulations of protein-based

therapeutics.

First, effects of cosolvents/excipients on stability and formulation of protein
therapeutics have been studied. In this part of my dissertation, multiscale (all-atom
and coarse grain) simulations of monoclonal antibodies (mAbs) were carried out in
different concentrations of excipients such as amino acids, salt, and sugars to check
the stabilizing conditions in different formulations. Another aim of this work was
to assess whether the Fab fragment may be used as a representative for the full-

length mAb protein in computational studies.



Next part of my work was to assess the applicability of cosolvent-based workflows,
such as solvent-mapping and cosolvent MD simulations in finding the stabilizing
“hotspots”™ that contribute to allosteric regulation of estrogen receptors (ER) by
small molecules. Herein, solvent mapping was used to investigate the protein-
protein interaction and ESR allosteric activation by methylimidazolium ionic
liquids (MILs). This part of work has been carried out in collaboration liver
toxicology group at Newcastle University, supporting their experimental findings

on MILs acting as endocrine disruptors.

Finally, I have addressed the assembly of two regulatory coiled-coil proteins,
namely LINEI ORF1p and NDP52, which are regulated by redox environment,
post-translational modifications, protein-protein interactions, and cosolvents such
as divalent cations. This part of work included modelling of full-length proteins and
studies of protein-protein interactions in different environments. The assembly
model of NDP52, which supports experimental data has been proposed. The model
of Orflp regulation, recapitulating its modulation by site-specific phosphorylation,
copper and Pinl interactions has been developed. In addition, computational site-

directed mutagenesis has been applied in order to validate the models.
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Chapter 1: Introduction

1.1 Proteins as molecular sensors

Starting from 1838, the word protein was created and used ever since.! Protein,
made from amino acid residues coded by genes, plays a vital role in biological
processes inside human body such as immune reactions towards pathogens or
autophagy, and cell signalling. Also processes inside our cells such as cell

replication, transcription and translation also involve proteins.

In 1905, Langley used the phrase ‘receptive substance’ when investigating the
antagonistic effect of curare and nicotine on the muscles and his student, Hill
expanded the receptor idea further using a quantitative method.>* From then on,
the receptor theory gradually emerged and accepted by pharmacologists. And

receptors become the major research area of pharmacology.

Because of their receptive nature and they are all around body, for example,
myoglobin in muscles, haemoglobin in blood, collagen in skin, hair and bones,
trypsin in small intestine, antibody in immune system and a lot of other proteins
inside cells throughout the body. They can be common molecular sensors in

mammals.

The subcellular localization of proteins within cells affects their functions. Most
proteins studied in this project are intracellular (cytosolic, nuclear, or shuttling), and
antibodies are secreted (extracellular). There are other types of proteins based on

their subcellular localisation, for example membrane proteins.

G-protein coupled receptors (GPCRs) are the largest family of membrane protein
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in human.* They can response to ions, hormones, neurotransmitters and
environmental stimuli.’ There is no sequence similarity in different GPCR families
but they have a similar central core containing seven transmembrane helices,
extracellular N-terminal and intracellular C-terminal.® When ligands bind to the

receptor, G protein is activated and exert the corresponding response.

Another example of commonly known membrane protein is ligand-gated ion
channels (LGICs) which are integral membrane proteins. They allow the flow of
specific ions across plasma membrane by active transport. The channels are gated
by neurotransmitters, examples of proteins in the LGIC superfamily are nicotinic

acetylcholine receptors (nAChRs), 5-hydroxytryptamine (5-HT) and so on.’

Antibodies are extracellular sensors in our immune system. They are glycoproteins
secreted by B lymphocytes when antigens entering the body that belong to the
immunoglobulin superfamily. They can also activate the complement system to

lysis pathogens and aid in the process of phagocytosis.
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Figure 1: An illustrative diagram of cell containing the nucleus, cytosol, endoplasmic reticulum,
ribosomes, and mitochondrion. Examples of proteins located in the nucleus: DNA/RNA polymerase;
in the cytosol: LINE1, AhR, ER and NDP52; in the ribosomes: ribosomal protein L26 and S3; in the

mitochondrion: Acylglycerol kinase (AGK).

1.2 Protein domains

Proteins are composed of domains and the vast majority of proteins contains at least
two domains.® The function of proteins is also depending on how the domains

interact with each other.

For examples, antibodies contain two antigen binding fragment domains and one
crystallizable fragment domain. These domains function together to allow

antibodies to recognise antigens.

LINE1 ORF1p contains coiled-coil domain, RNA recognition motif (RRM) domain
and C-terminal domain (CTD). The coiled-coil domain is important for
homotrimerization and the RRM and CTD are essential for RNA binding.
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NDP52 contains SKICH domain, the LC3-interation region (LIR) domain and

coiled-coil domain. The SKICH domain is crucial for selective autophagy.

The ER contains a modulating N-terminal domain (NTD), DNA-binding domain
(DBD) and C-terminal ligand-binding domain (LBD). The DBD of ER normally
binds to the ERE of genes to start transcription. The LBD is responsible for most of

the ligand binding related functions.

Most proteins work by interacting with another protein or binding to ligands varied
from small organic molecules, amino acids to ions. These interactions/bindings
have been studied both experimentally and computationally. The interactions can
be covalent such as disulfide bonds or non-covalent like hydrogen bonds and Van

der Waals forces.

1.3 Proteins as therapeutics

Proteins are usually regarded as targets for therapeutics (small molecules or
peptides). Yet, some proteins can also be therapeutics and exert their activity by

interacting with other proteins.

Drug targets are macromolecules that drugs can bind specifically to give therapeutic
effects in patients. There are four major macromolecule types that can interact with
small molecules: carbohydrates, lipids, proteins, and nucleic acids. Highly effective
and selective compounds binding to carbohydrates, lipids and nucleic acids are
difficult to obtain which makes proteins the main drug targets for current drugs in
the market. And nucleic acids are the second possible targets. Within the protein

category, the most common drug targets are receptors such as G-protein coupled
4



receptors and nuclear hormone receptors, enzymes like protein kinases and ion

channels.

Besides drug targets, proteins can also be therapeutic drugs, which is an important
type of medicines treating a wide range of diseases including inflammation, cancers,

nervous system disorders and so on.

We live in a world that contains pathogenic microbes and toxic substances that can
affect our normal homeostasis. Our immune system uses protective mechanisms to
eliminate these microbes and substances. The immune system contains the innate

immune system and the adaptative immune system.

The innate immune system is the first line of defence to foreign substance, and it
gives immediate responses. It involves non-specific defence mechanisms that are
encoded by genes in the germ line of hosts, including physical barriers like skin and
other epithelial layers, chemical barriers like lysozyme, gastric juice and saliva.
Also, there are phagocytic cells that destroy microbes in our bodies. This response

cannot recognize the same pathogen in the future.

The adaptative immune system is highly specific for its target antigens. The
adaptive responses rely on antigen-specific receptors on the surfaces of specific
white blood cells called lymphocytes. They provide destructive responses towards
invading microbes and toxic substances, so it is vital that they can recognize what
is foreign and not respond to original host molecules. Fail to recognize such

molecules and destroy host molecules can lead to autoimmune disease.

There are two main classes of adaptive immune responses, cell-mediated immune
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responses and antibody responses which are carried out by two classes of

lymphocytes, T lymphocytes and B lymphocytes also called T cells and B cells.

There are three main types of T cells, the helper T cell, the cytotoxic T cell and
regulatory T cell. T cells come from hematopoietic stem cells (HSCs) in bone
marrow and migrate to thymus for maturation. They have T cell receptor (TCR) on
the surface of membrane to recognize antigens. The presence of antigen presenting
cell (APC) is also required for T cell to bind to specific antigen. The major
histocompatibility complex (MHC) on the surfaces of APCs is involved in the
recognition. There are class I and class II MHC molecules, cytotoxic T cell
recognize class I bound antigens and helper T cells recognize class II bound
antigens. When TCR binds to MHC molecule, the complexes are a bit unstable, so

co-receptors are required.

Cytotoxic T cells also known as killer T cells have the co-receptor CDS, they need
to be activated to give effector functions. The interaction with APCs leads to an
intracellular pathway that stimulate TCRs on the T cell which then bind to class II

MHCs and exert immune function by killing infected cells.

Helper T cells have the co-receptor CD4, they exert their effect by directing other
cells to carry out their tasks. The activation is similar to cytotoxic T cells except the
TCRs bind to class I MHCs. The activated cells release cytokines that influence
immune responses from other white blood cells including B cells to produce T cell-

dependent antibodies.

Regulatory T cells also have CD4 on the surface and they stop the immune

responses when they are no longer needed to inhibit autoimmune processes.



B cells also come from HSCs in the bone marrow and leave the marrow when they
are mature. They have unique antibodies on the cell surface to recognize antigens
directly, so APCs are not required. When they are activated by antigens, they

proliferate and differentiate into memory B cells. These cells release antibodies.

The earliest idea of antibody therapy originated from clinical studies by Behring
and Kitasato in the 1890s.” They discovered diphtheria and tetanus antitoxin; the
antitoxins were proved to be effective and selective in animals. Then large trial
started by immunising sheep and horses before treating human patients. Behring
also thought it was a safe method to use serum with mixture of diphtheria toxin and
antitoxin to provide active immunity in human. But back to that time, anaphylactic
reactions were common after giving horse serum and serum sickness always
occurred.!'” Soon, Paul Ehrlich proposed the first antibody molecule model and then
it took scientists more than half a century to study the mechanism behind the
therapy.!! With the understanding of antibodies, the first atomic structure of an

antibody fragment was obtained in 1972.!2

Although, the immune response to an antigen is always complicated and polyclonal
in nature, two years later, the first murine monoclonal antibody (mAb) was
generated by Kohler and Milstein in 1975, this signalling the start of novel
therapeutic antibodies development.’*> In the 1980s, murine mAbs showed
drawbacks in clinical stages: short half-life, weak binding, and poor effector
function. To overcome the drawbacks, chimeric mouse-human antibodies using
genetic engineering technique were first generated and molecules are around 65%
human.!'¥ Then, to improve properties further, humanized mAbs with molecules are
95% human were generated.'> In the 20th century, scientists are able to generate

fully human mAbs. The properties of humanized and fully human mAbs are similar



to the endogenous IgGs. Nowadays, most of the FDA approved mAbs are

humanized or fully human with few chimeric and rare murine mAbs. '

In comparison with polyclonal antibodies, mAbs are homogeneous and highly
specific which makes them more effective when developing therapies. They can be
used to inhibit alloimmune and autoimmune response, antitumour, antiviral and

antiplatelet therapies.

Besides mAbs, other therapeutic proteins including recombinant enzymes like
asparaginase, fusion proteins like etanercept and bispecific antibodies like

Removab.

Therapeutic proteins represent a fast-growing sector in the biopharmaceutical
industry over the past 20 years and their stability is crucial for clinical safety and
commercial viability. As more and more therapeutic proteins are under development
or on the market, the stability improvement will require more investigations in this

field.

1.4 Challenges in protein studies

The three-dimensional structure of protein depends on its primary amino acids
sequence and how they fold. Alpha helixes and beta sheets are common folded
structures. Normally, the native state of the protein represents the most stable
conformation with a lowest energy. The folding of protein is constrained by many
factors such as covalent bond between neighbouring amino acids, disulphide
linkage and weak interactions. Although folding is not well understood. Levinthal’s
paradox states that it is impossible to find the native conformation of a protein by a
random search of the astronomical number of possible conformations in a
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meaningful timescale, yet protein folds so rapidly. This suggests protein is not
folding randomly, there should be a pathway to follow. To predict the structure of a
protein purely from its amino acid sequence is a big challenge due to the number of
possible conformations, recent improvements in machine learning like AlphaFold

shows progress in theoretical computational modelling of protein.

Both thermodynamics and kinetics contribute to the folding-unfolding process of
protein. Protein folding kinetics is quite complex, both lattice and off-lattice models
have been used to represent the protein and mimic folding process.'® Protein needs

to be able to fold to a native state following a reasonable folding funnel.!”

Protein misfolding is an intrinsic propensity of proteins when they folded following
a wrong pathway and common in living cells. It is affected by the composition of
amino acid and happens continuously. The environmental conditions such as

temperature and pH can also affect the folding process.

The misfolding of protein can lead to aggregation and even folded protein can
aggregate. Some of native state protein have large hydrophobic patches are more
like to aggregate, high concentrations of protein can also increase the chance of
protein-protein interaction and initiate aggregation. Although aggregation
formation in proteins is a complex process with multiple pathways and involves
different mechanisms. In general, it is believed aggregation follows the steps of
nucleation, propagation and polymerization.'® In the Lumry-Eyring Nucleated
Polymerization model, a pre-nucleation stage was considered. The protein
monomer goes through reversible conformational changes and leads to interactions
between monomers, forming large reversible oligomers, then small aggregates start
to form due to irreversible conformational rearrangement which then behaves as
nuclei allowing more aggregation to occur into larger aggregates.'® This model

9



shown that protein aggregation is controlled by colloidal stability and

conformational stability.

Example of common aggregated protein such as amyloid conformation. Amyloids
are very stable aggregates that contain linear fibrils. More than 20 plasma proteins
can form amyloid and cause diseases such as Alzheimer’s disease, Type II diabetes

and so on.?°

Colloidal stability involves the intermolecular forces between native state
antibodies in solution. A good understanding of aggregation needs information
about these intermolecular interactions. To assess the colloidal stability,
thermodynamic parameters such as osmotic second virial coefficient (B22) is used.?!
22 By, quantifies weak protein-protein interactions induced by the appearance of
other compositions in the solutions such as excipients at molecular level. The value
of B2 can be calculated using static light scattering (SLS) and advanced
thermodynamics model such as mxDLVO model introduced by Herhut.?® There is
scientific research shown that Ba» is directly related to protein aggregation. Positive
B> values suggest repulsive protein-protein interactions (PPI) are dominant due to
favourable protein-solvent interactions and less chance to aggregate. Negative B2
values indicate attractive PPI are more favourable than protein-solvent interactions

and increases the chance of aggregation.?* 2

Conformational stability involves the Gibbs free energy difference between native
state antibodies and their denatured states. Differential scanning calorimetry (DSC)
and Differential scanning fluorimetry (DSF) are used to evaluate the stability based
on relevant thermodynamic parameters such as the Gibbs free energy difference and

unfolding temperature.
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Figure 2: The schematic representation of protein folding and formation of aggregates. In normal
process, the unfolded protein forms partially folded protein, then protein monomer and the whole
process is reversible. Oligomer can be formed from protein monomer and this process is irreversible.

From the partially folded protein, amorphous aggregate and amyloid fibril can be formed irreversibly.

1.5 Solvent effects: water and cosolvents

Protein needs to be hydrated in order to function properly. Solvent plays an
important role in protein folding, maximizing the solvent entropy provides the free
energy for folding. Burial of nonpolar side chains and hydrophobic effect can
stabilize proteins. The interactions between solvent and protein, such as van der

Waals, ionic and hydrogen bonding can also affect the stability.

It is important to select appropriate liquid formulation to increase the stability and
mitigate aggregation. Excipient molecules are added to therapeutic products to
improve their manufacturability, stability, and bioavailability. In the current market,

amino acids, salts, sugars, and surfactants are commonly used.?® 2’
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Free amino acids such as histidine, arginine and amino acid salts show positive
influence on protein stability.?® 2 They prevent aggregation by stabilize the
secondary structure and the charges on the side chain of some amino acids can
stabilise the protein further. They can also be used as buffers to control the pH of
formulations.*® The surface charge of protein is altered when protein interact with
amino acids, this causes electrostatic repulsion of particles. This alteration of
surface charges can increase colloidal stability however it can have some drawbacks.
The conformation of the protein might be slightly altered due to the increased

charge and causing decrease in conformational stability.

L-histidine and L-histidine salts are commonly used in approved formulations. For
example, Canakinumab, Efalizumab, Golimumab, Obinutuzumab, Ranibizumab
and Ustekinumab all uses either L-histidine or the salt or most of the cases, both are

used.>®

Arginine is a fascinating case in formulation design, a “Gap Effect” mechanism has
been proposed by Baynes and Trout.’! When two protein molecules associate, the
gap between them is too small for the excipient to penetrate but water molecules
are small enough to enter. The free energy of the encounter complex increases due
to the removal of water molecules from the gap and slows aggregation. They
suggested additives like arginine as “neutral crowder”, they are larger than water

but does not affect the free energy of isolated protein molecules.?? 3

Sugars such as sucrose and trehalose can also increase protein stability and usually
used in approved formulations. Sugar molecules stabilise protein by excluded
volume effect, they are excluded from protein surfaces, since protein surfaces are

surrounded by these molecules, they cannot penetrate this layer results in repulsive
12



PPI.3* Scientists have done research on intermolecular interactions in sugar
solutions to find the molecular origins of this effect. They can easily form hydrogen
bonds between neighbouring sugar molecules or with water molecules, sucrose and

trehalose are more likely to form hydrogen bonded networks than the other sugars.>

Salts slow aggregation based on ion-charge mechanism. As we know, salts are
always dissociated into ions in solution. This dissociation allows the shielding of
exposed charged areas of proteins by the ions and stop aggregation at these areas.>®

Sodium phosphate and sodium chloride are examples of salts used in commercial

formulations, e.g., Abciximab (sodium phosphate; sodium chloride; polysorbate 80).

But when the ionic strength is too high, the aggregation increases due to the electric

double layer is compressed.?” There is less repulsive force between particles.

Quaternary amines such as choline can also stable proteins with a different choice
of anions such as chloride, phosphate®® and amino acids*. Choline chloride based
deep eutectic solvents (DES) are also used as solvents, catalysts or chemical

donors.*

Ionic liquids (ILs) are compounds composed of ions with a melting point below
100 °C. They are greener alternative for organic solvents. Proteins tends to be more
soluble and stable in ILs and less self-aggregated.*! They can also be used as
solvents when extract bioactive compound and electrolyte materials.*> Examples of
ILs including ammonium-based ILs, Choline-based ILs and imidazolium-based

ILs 43,44

Surfactants such as polysorbate 20 and polysorbate 80 are present in most of the

market formulations. The proposed working mechanism is these surfactants
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covering hydrophobic areas of protein surfaces hence prevent aggregation.
However, the degradation of these surfactants can form insoluble particles and

result auto-immune response.*’

Some solvents can destabilise proteins such as urea and GdmClI. The unfolding of
protein starts with expanding of hydrophobic core, next the core is solvated by water
and followed by urea. Urea can act as a denaturant by interacting with the protein
directly to form hydrogen bonds with polar parts of the protein or change the solvent
environment makes the solvation of hydrophobic residues more favourable.*® The
mechanism of how guanidinium chloride (GdmCI) denatures protein is not well
understood, studies have been carried out to focus on the effect of GdmCI on

hydrophobic interaction.*’

To develop working formulations, the synergetic effect of excipient mixtures needs
to be considered. For example, sugars will surely stabilize the tertiary structure of
protein and slow aggregation by excluded volume effect but at the same time,
viscosity of the solution is increased hence increases the chance of aggregation
upon agitation. By adding salts to the solution, the viscosity increase can be

mitigated.*®

1.6 Binding events: thermodynamics and kinetics

Binding specificity and affinity are vital for molecular recognition. The
thermodynamic properties can provide enthalpy and entropy for the ligand binding
to its target receptor and the kinetics give the residence time a ligand can stay in

contact with the pocket of the protein.

Regarding the thermodynamics of binding, binding affinity is defined by the Gibbs
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free energy AG = AH — TAS. The main factor affects the entropy is hydration
effect.** Another unfavourable but important factor is translational degrees of
freedom.>® The binding enthalpy change is due to breaking/formation of hydrogen

bonds, van der Waals interactions, salt bridges and so on.>!

The equation for binding is [Protein] + [Ligand] < [Protein-Ligand] and the

[Protein][Ligand

]. When the

binding affinity is defined by dissociation constant K; = Protein Ligand]

system reaches equilibrium, the Kq is the value when half of the protein-ligand
complexes are formed. The time required to reach equilibrium and maintaining in

position in the pocket is rather important.

The value of Kq reflects the affinity between the protein and ligand therefore it’s
not directly affected by the time to reach equilibrium, however when it’s too long
to reach equilibrium, the value of K4 can be difficult to measure and leading to
inaccuracy. For example, when the protein concentration is too high, the time takes
for half of the protein to bind to the ligand might be too long and if the ligand binds
tightly to the protein, eventually equilibrium can be reached and Kgq is calculated,
but if the ligand doesn’t bind to the protein strong enough, the residence time is too
short, system might not be able to reach equilibrium and lead to inaccurate
measurements. Different to thermodynamics, kinetics affect binding affinity

indirectly.

1.7 Experimental and theoretical structural techniques to obtain
simulation models

To study protein using molecular simulation, a good model is needed as an input.
There are experimental techniques such as x-ray crystallography and cryo-electron

microscopy, theoretical techniques such as homology modelling and alpha fold.
15



X-ray crystallography is an experimental technique to obtain three-dimensional
atomic structure of a crystal. A reliable source of protein is needed, purification is
then taken place to gain high yield crystals. Then the crystal is exposed to a beam
of X-ray, diffraction will occur, and the images are collected. The resolution needs
to be sufficient to get the atomic details, unit cell dimensions can also be determined
from the diffraction pattern. Date collected is processed mathematically to get the
positions and intensity of diffraction spots. The intensity of diffraction spot is
calculated using the amplitude of the reflection and phase angle of the waves. These
data are then used to get the electron density map which gives the arrangement of
the protein atoms. Finally, the built structure is exported as a PDB file and uploaded

into online data bank.>?

Cryo-electron microscopy (Cryo-EM) is another experimental technique to gain
structural information of biological systems. The specimen is prepared by freezing
the unstained biological sample to below -150 °C, trapped it in vitreous ice. Then
the specimen is placed under electron microscope where a beam of electrons passes
through it and images are formed. These 2D projections are then used to reconstruct
3D model.** Cryo-EM can determine the structure of large macromolecules in their
native state in solution so it doesn’t require crystallization of samples which is an
advantage over X-ray crystallography. However, the resolution level of cryo-EM is
typically below 3A which is not high enough for a starting structure of molecular
simulations.>* In the past decade, advances in emission source, electron director,
and image processing improve the resolution of cryo-EM greatly and it will keep

improving in the future.>* >

Homology modelling also known as comparative modelling is a computational

method to predict the 3D structure of protein using its primary sequence based on
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a template. Homology modelling is based on two observations, the first one is the
3D structure of a protein in more conserved than its primary sequence, so a few
changes in amino acid sequence normally result in a small change in the 3D
structure; Second one is homologous proteins have similar 3D structure.>® There are
several steps involved, 1) identify and select a template; 2) alignment of target and
template sequences; 3) model building; 4) loop modelling; 5) addition of side-
chains; 6) model optimization; 7) model validation.’” *® A well-known homology
modelling server is SWISSMODEL.> It was the first automated homology
modelling server and improved continuously during the last 30 years. Giving the
primary sequence of the protein, it can provide models of homo- and heteromeric

proteins.

Another computational modelling method is using AlphaFold. It is an artificial
intelligence (Al) system to predict the protein’s 3D structure using machine learning.
It involves novel neural network architecture; the network directly predicts the
coordinates of heavy atoms of proteins from the amino acid sequence. Different to
homology modelling, it can predict protein 3D structure without any template.
AlphaFold was built based on the learning from PDB data with minimal imposition
of handcrafted features. It can produce accurate model even some physical contexts

are missing.%

1.8 Hot spots

There are smaller regions known as hot spots within the binding sites of proteins
that contribute most to the binding free energy, so they are vital to protein binding
at these sites. This concept was originated in 1995 when residues of human growth
hormone bound receptor (hGHbp) were replaced to alanine, the binding affinity was
affected.’! Based on this concept, a residue is viewed as a hot spot when a
significant drop in binding affinity is observed due to its mutation to alanine. These
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hot spots can also be identified experimentally when they bind to small organic
molecules and the weak binding is detected by Nuclear Magnetic Resonance (NMR)

or X-ray Crystallography.®?

Hot spots are less sensitive to conformational changes and can be studied in apo
protein as well as bound state. They are prime targets in drug design since they are
energetically important areas of binding sites, these are the regions needed to be
investigated when studying the protein-ligand interactions. They are also involved
in the identification of new binding sites and the possible residues mediate protein-

protein interactions.®®

1.9 Cosolvent molecular dynamics simulations

Cosolvent simulations are MD simulations of a protein in explicit water and
cosolvent molecules. Molecular Dynamics simulations with mixed solvents
(MDmix) is an early stage of cosolvent simulation showing the use of organic
solvents in MD simulations for hotspot detection.®* Site Identification by Ligand
Competitive Saturation (SILCS) method employs small aliphatic and aromatic
molecules to find out the affinity pattern of proteins.®> Mixed-solvent molecular

dynamics (mixMD) is another method designed for prediction of hot spots® but it

can also be used to identify orthosteric and allosteric binding sites on proteins.®’

t68’ 69

Cosolvent MD simulations become popular recently to detect hotspo , predict

70,71

and characterise cryptic binding sites’®"!, study peptide aggregation’?, but currently

there is no clear evidence of using these techniques in antibody formulations.

Although there are tools developed to analyse the trajectories such as Cosolvent

Analysis Toolkit’”® and cosolvKit’* cosolvent simulation still requires manual
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inspection of relevant sites, and the other drawback is the hydrophobic sites tend to
aggregate. The timescale limitation of normal MD simulation also implies to

cosolvent simulations.

In this chapter, introduction starts on how protein can be molecular sensors followed
by briefly explaining the importance of domains in protein function. The use of
protein as therapeutics especially antibodies is also introduced. There are also
challenges in protein studies such as aggregation, and ways to reduce aggregation
such as solvent effect is mentioned. Thermodynamics and kinetics all counting for
successful binding between protein and ligand. For reliable simulations, the initial
structure used is vital, there are experimental and theoretical techniques to obtain
the 3D model. Lastly, hot spots and cosolvent molecular dynamics simulation are

introduced.

19



Chapter 2: Methodology

In this chapter, the methodology used in this project is introduced, including atomic
and coarse-grained molecular dynamics, AMBER force field, software to run

simulation and docking.

2.1 Computational Simulations

Quantum mechanics (QM) is a purely physics-based theory that describe the
physical properties of matters in a microscopic scale of atoms and sub-atoms like
electrons and nucleus.”” Molecular mechanics (MM) uses the classical description
of molecular systems. It has wide applications to different sized systems, varied
from small molecules with a few carbons to large biomolecular complexes such as
proteins with or without membranes. MM force fields are the methods used for

protein simulations and vital to study the conformational flexibility.”®

Due to the hierarchical nature of biological systems, multiscale approaches have
been used to study biological processes.”’ Highly accurate quantum chemical
calculations are used to study chemical reactions and the mechanisms driving
them.” The computational cost for quantum calculations is too high so the
calculations can only be done with a few atoms in a short time scale. The next level
is molecular dynamics (MD) simulations, all-atom MD can give conformational
dynamics of proteins and their interactions with ligands and other proteins. For
biological processes happen in a longer timescale such as aggregation, coarse-

grained simulations will be involved.”

In this project, mainly molecular dynamics simulations were used. MD simulations
are the most common technique used to study protein folding, predict binding site,
and estimate binding affinity.3’ Other calculations like homology modelling and

molecular docking were also carried out.
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2.1.1 Molecular Dynamics

MD is the computational method to simulate the time-dependant atomic motions of
biological molecules based on the classical Newton’s law of motion. First, we need
to know the force exerted on the atoms from the potential energy of all interactions

in the system. The force equals to the gradient of the potential energy:

dv

oo
l dT'i

(1

Then according to Newton’s second law of motion, we can write the derivative form

of the equation:

dF,

a=——
dt?

= i ()
m;

In MD simulations, the Newton’s equation is integrated in order to get the new

coordinates r at time (t+At) with the known initial coordinates r0 at time t0.

There are two main approximations in MD simulations, Born-Oppenheimer
approximation and classical approximation. The Born-Oppenheimer approximation
states that the nuclear motion and electron motion in a molecule can be considered
separately since nucleus are much heavier than electrons (more than 1000 times).
According to the approximation, only electron motion needs to be calculated when
nucleus is thought to be frozen. Nucleus are regarded as point particles, and the

motion is treated using classical Newton’s second law.

In all-atom MD simulations, each atom is treated as a hard sphere, using a model

of potential energy known as force fields (FF). Force fields are mathematical
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parameters that describes the molecular energy potentials of molecules in molecular
mechanics. These parameters were developed using experimental data and high-
level quantum mechanical calculations and designed based on All-atom, United-
Atom and Coarse-grained (CG) force fields. All-atom force fields are the most
accurate one used for all the types of atoms in the system including hydrogen.
United-Atom and Coarse-grained force fields treat the hydrogen and carbon atoms
as one interaction centre. Coarse-grained force fields are normally used in long-

time simulations of large proteins, from 500 nanosecond to microseconds.

2.1.2 AMBER force field

AMBER force field is one of the most common classes of FF used in biomolecular
simulations. There are two main terms contribute to the potential energy, bonded

potential and non-bonded potential shown below in the equation:

U = Upondea + Unon-bonded 3)

The bonded term can be calculated using equation:

Upondea = ) Jr(ri =102+ > kg(6; = 00)?
bonds angles
4)
£ ke[l + costney — bo)?
dihedrals
Where k; is the force constant of the bond, r; is the actual bond length and ro is the
bond length at equilibrium. ke is the force constant of the angle, 0; is the actual angle
and 00 is the angle at equilibrium. k. is the force constant of the dihedral, ¢; is the
actual dihedral, ¢bo is the dihedral at equilibrium and n is the multiplicity gives the

number of energy minima.

The non-bonded term can be calculated using equation:
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Where € is the dielectric constant of the solvent, ri; is the distance between particle
iand j, and qj, qj are partial atomic charges of particles. € is the Lennard-Jones well

depth and o referred as van der Waals radius, is the distance when the intermolecular

energy between two particles is zero.

Figure 3: The schematic representation of molecules showing bonded and non-bonded interactions.
Balls represent atoms and the lines represent the bond between them. r is the bond length that
changes while the bond is stretching. 6 is the bond angle that changes when the bonds are bending.
¢ is the torsional angle that changes when the bond is rotating. The dashed lines represent non-

bonded interactions between neighbouring molecules.

By using molecular mechanical force field, one can calculate the potential energy
of a system of choice (e.g., protein in water) and a set of molecular properties (e.g.,
flexibility, density, radius of gyration) which can be compared to experimental data.
These simulations are powerful tools to study biomolecules since the speed of
calculations are much quicker compared to real experiments, it is unlikely to make
mistakes throughout the whole process and they can provide a lot of information,
such as giving the positions of atoms of macromolecules at a femtosecond timescale
which is difficult to achieve using experimental techniques and predict the response
of biomolecules towards perturbations such as phosphorylation, mutation and effect

of ligands which can be then compared with experimental results to validate the
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findings.

There are also drawbacks of computational simulations. The main problem is the
timescale. For computational simulation, it is mostly under microsecond because of
the high computational cost, a lot of folding-unfolding processes, conformational
changes cannot be simulated in this timescale. The AMBER FF99SBILDN is the
improvement version of original 99SB force field with better side-chain torsion
potentials, although it has better agreement with experimental data, force field
calculation is still estimation, we can never say the data is hundred percent correct
and that’s why experimental results are always needed to validate computational
results. It is highly depending on the input file, so a correct starting structure is
crucial to initiate calculation. Processes involving formation and cleavage of

covalent bonds cannot be simulated.

2.1.3 Steps of MD simulation

The general steps of MD simulation are structure preparation, setup of the
simulation system, simulation and analysis. During structure preparation, the
protein structure will be normally obtained from protein data bank or homology
modelling. If the structure is from data bank, it can be checked using visualising
software like Chimera or VMD. We can select the chains or regions that we want to
simulate and make sure there is no missing loops. Mutations can also be introduced
during this stage. Once we have the final pdb file that contains the atomic

coordinates, we can proceed to the setup stage.

During the setup stage, the pdb file is converted to the correct file format required
by the simulation software and using chosen force field to define the inter-atomic
bonded and non-bonded interactions, topology file is also generated. Then the
simulation box is built with one’s choice of shape and size, boundary conditions are
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also specified. Next, the box is solvated with water or other solvents of choices and
neutralised or building up to certain molar concentration by adding ions. Finally,
energy minimization is performed to give a good starting conformation for

equilibration and then simulation.

There are two parts in the simulation stage, equilibration and production. During
the equilibration stage, leap-frog integrator is used with 2 fs timestep, the initial
velocities are assigned to the molecules randomly using a random seed in Maxwell-
Boltzmann distribution at 298K and the system is heating up to the required
temperature. Once the system reaches thermodynamic equilibrium with constant

temperature and temperature, the production simulation can start.

Protein structure obtained or modelled :
: ) - Structure :
: Checking and cleaning structure . ]
: preparation :
: Mutation if required ]
P T PP PP PP P PP PP PP TP PP ST P PP PP PP P PP PO PP PP PP PP PP PP PP ST T T L O LT ER OO T T PP P OPPPFRPPPPRTITISPTTTSRIEPRORERe .
: Force field calculation, topology generation :
: Simulation box defined Setup of the '
: Solvation and adding ions simulation system
: Energy minimization :
' Assign velocity and heating up the system Rescaling -
: Equilibration simulation Ot? . :
: velocities :
: Temperature, structure, OK? Simulation :

Yes l} L

. Thermodynamics equilibrium .
. Production run :
' Analysis Analysis :

Figure 4: A flow chart showing the steps of general MD simulations including structure preparation,
setup of the simulation, running the simulation and analysis. Structure preparation, setup and running

of the simulation are further divided into smaller steps as described in the paragraphs.
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The limitations of the simulations are the system can only be single molecular
connectivity because of the force-filed model which stops us modelling any
processes that break or make any covalent bonds and when very large systems are
involved, the calculations for all atom MD simulations are enormous which slows
down the simulations to a large degree, that’s why coarse-grained (CG) simulations
are also required to study large biological macromolecules and interactions that
occur on a longer timescale from microseconds to milliseconds. In some cases,
experimental studies of biomolecular aggregates are carried out using low to
)

medium techniques such as cryo-electron microscopy (cryo-EM)”* so there is no

need to investigate them using atomically detailed simulations.®!

2.2 Coarse-QGrained simulation

The idea of CG simulation of proteins has been around since 1970s%?, and due to
the improvement on computing powers it becomes more popular lately and being
studied further.®® CG models can simply the representation of full atomic models
and keep the essential molecular properties of interests so the CG models have less
degrees of freedom. This simplified representation of the system is why large
biological molecules can be simulated and faster sampling is enabled due to these

less degrees of freedom.®!

The development of CG models needs to define the position of pseudoatoms that
represent the group of atoms, then using energy function to define the interactions
between pseudoatoms. This should reproduce the thermodynamic properties of the
original system. Next, dynamical equations need to be defined to study the time-

based movement of the CG model.”

The methods to derive the energy function
have been classified into structure-based, knowledge-based and dynamics-based.
Structure-based method uses experimental data and usually defines the position of
pseudoatoms based on Ca atoms. The energetics can then be defined by elastic
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network models. Knowledge-based method also uses experimental data in order to
parametrise the CG model with greater degree of transferability so it can be used in
any system of interest. Dynamics-based method uses purely statistics data from full
atomic simulations to derive mappings and energetics through systematic

algorithms.*

2.2.1 MARTINI

MARTINI CG was used in this project since it is compatible with the GROMACS
package. It was developed mainly for lipid model then extended to include other
biomolecules.? There are on-lattice and off-lattice CG models, the on-lattice model
is faster and the off-lattice model is more flexible and realistic. The MARTINI
model is an off-lattice model that main based on a four-to-one mapping, which
means four heavy atoms are represented by one bead. Hydrogen atoms are ignored
because they are tiny in size. The number is not limited strictly, because sometimes
it is more appropriate to include three or more atoms in one bead.®® Ring-like
molecules are exceptions, they need higher resolution, one-to-one or two-to one
mapping.®’ There are mainly four types of beads: polar (P), nonpolar (N), apolar (C)
and charged (Q). For early version, only type N and Q had subtypes and newer
version all four main types have subtypes.®® The subtypes are divided according to
hydrogen-bonding capacities into none (0), doner (d), acceptor (a) and both (da) or
based on the degree of polarity, from low polarity 1 to high polarity 5. Examples of

the CG model of some molecules and types of beads are shown below in Figure 5:
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Protein helical fragment

cholesterol

Figure 5: A graph showing the mapping between the atomic structure and the coarse-grained model
of DPPC, cholesterol, protein helical fragment, water, benzene and four amino acids (VAL, GLU,
ARG and TRP).}” The transparent spheres are the coarse-grained beads, and the atomic structures

are shown as balls and sticks.

The MARTINI model has been developed considered four important aspects: speed,
accuracy, applicability, and versatility. Smooth potentials are used to allow large
integration steps and only short-range interactions are included to optimize the
speed aspect. CG results are matched to atomistic simulations as much as possible
to maximise the accuracy. The building blocks of the force field are calibrated
extensively against thermodynamic data. To enhance the applicability of the model,
the force filed used is simple, standard interaction potentials are employed and only
few parameters. There is no need to reparametrize the model every time.®® Finally,
the phase of the system is not limited and plenty of room is left in the force field to

adjust structural details of molecule.®¢

The bonded interactions, i.e., bonds, angles and dihedrals are described by weak
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harmonic potentials. Non-bonded interactions are described by a Lennard-Jones (LJ)
potential, charged groups are described by a Coulombic energy function. These
non-bonded interactions are shifted with a cut-off distance of 1.2nm. They are
parameterized by comparing to experimental thermodynamic data of different CG
beads such as the free energy of hydration, vaporization and the partitioning free

energies between water and some organic phases.

Elastic network can be used in combination with MARTINI CG model to keep the
secondary, tertiary, and quaternary structures together without affecting the
dynamics of protein. Extra harmonic bonds between non-bonded beads are added
to the martini topology with a distance cut-off. The force constants of elastic bond

can be adjusted accordingly on protein behaviour.

After running MARTINI CG simulations, reverse coarse graining is carried out to
generate a reasonable full atomic structure from the positions of the beads. The

method used was “backward” that generated by Tsjerk Wassenaar.®

2.2.2 SIRAH force field

SIRAH force field is also used to run CG simulations. It is implemented in
GROMACS and the pairwise Hamiltonian is used to calculate the interactions. The
parameters are chosen to fit structural data. It includes parameters for protein, DNA,
and water molecules. Water molecules are represented by four beads based on the
tetrahedral structure in solution. The mapping of proteins keeps the nitrogen, alpha
carbon and oxygen in position and side chains are modelled at a lower degree.
Compared to backbone representations only considering one bead on the Ca, they
might need constraints to construct the secondary structure. Backbone beads in
SIRAH force field are chosen to form optimal shapes of compacted a-helices and
the partial charges on every single bead can roughly describe the hydrogen-bond
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like interactions, the formation of a-helices and B-sheets can be stabilised without

- .90
constraints.
SIRAH q [0} € SIRAH q g €
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Figure 6: A graph showing the mapping between the atomic structure and the SIRAH coarse-grained

model of 20 amino acids, water, K*, NA* and CI-.%
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2.3 Using GROMACS to run simulation and do analysis

In the project, GROMACS®! molecular simulation software suite is used to prepare
and run cosolvent MD simulations for all the proteins mentioned above, ER, AhR,

NDP52, LINE-1 and mAb.

As mentioned before, AMBER FF is widely used in biomolecular simulations and
specifically, AMBER99SB-ILDN was used in this work. Water molecules in the
system were simulated using three-site transferable intermolecular potential (TIP3P)
water model. The three-atom molecular H>O molecule is described using

experimental parameters.

Periodic boundary condition is applied to the simulation to avoid finite-size effect
and keep the number of particles inside the simulation box constant. The protein of
interest was placed in the centre of a cubic simulation box, and it is at least 1 nm
distance from the edge of the box. It is surrounded by images of this box. Then
solvation is required with water molecules and ions, cosolvent molecules can also
be added to the simulation box. There are implicit and explicit solvent models, due
to the stronger computational power in modern time, explicit solvent model was
used to give a better accuracy. lons such as sodium and chloride ions were added to
neutralise the box and bring the solution to a 0.1 M NaCl to mimic the physiological

condition.

Once the system was built, energy minimisation is required to avoid steric clash and
therefore reduce the chance of crash during later simulations. The two commonly
used minimising method are steepest descent algorithm and conjugate gradient

algorithm. Steepest descent is very fast and travels in the direction of steepest
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negative gradient. Once a new position is reached, a new minimisation is starting
from that position and travels in the steepest gradient. The process will repeat until
a reasonable minimum is reached. This uses only orthogonal gradient. Conjugate
gradient starts with the same step as steepest gradient, then uses a combination of
the gradient at the new position and the previous search direction, although less

steps are needed to reach the minimum, it is slower in calculations.

After minimisation, equilibration runs of the system were carried out. There are two
phases of equilibration, the first one is NVT ensemble and the second one is NPT
ensemble. Initially, the system should have a temperature of zero Kelvin and
specific conditions were given to increase the temperature to a desired value. NVT
ensemble is also known as canonical ensemble, the number of particles, the volume
of box and the temperature of the system are set as constants. A velocity rescaling
method based on Berendsen thermostat was used during this phase, the system is
coupled to a temperature bath and the velocities are rescaled at each step. The

rescaling is randomised by adding a stochastic term.

After the 100ns NVT equilibration phase, the system needs to bring to a constant
pressure of 1 bar. The NPT ensemble also known as isothermal-isobaric ensemble
was involved, the number of particles, the pressure of the system and the
temperature of the system are set as constants. Both thermostat and barostat are
required to satisfy the conditions. Parrinello-Rahman barostat was used with a

relaxation time of 2ps at the pressure of 1 bar. The NPT equilibration is also 100ns.

Finally, the well equilibrated system is ready for production run. The length of

simulation varied from 50ns to 200ns.

After the simulations, trajectories need to be visualised and analysed. Software such
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as chimera and VMD were used to visualise the runs. GROMCAS can be used to
calculate root-mean-square deviation (RMSD), root-mean-square fluctuation
(RMSF), radial distribution function (RDF), radius of gyration (Rg), solvent
accessible surface area (SASA) and principal component analysis (PCA) for the

running simulations.

Root-mean-square deviation (RMSD) is used to measure the stability of the protein
during the simulation time compared to a reference structure and check if there are

conformational changes. The equation is shown below:

n

: D @@ =) + 30 - 3) + @ - ©)

RMSD(t) = E

=1

Where n is the number of particles, xir e, yiref and Zir °f are the reference positions

of particle i, xi(t), yi(t) and z(t) are the positions of particle i at time t after fitting to

the reference structure.

Root-mean-square fluctuation (RMSF) is used to measure the atomic fluctuations

of particle 1 and the reference position. The equation for RMSF is:

T
1 2 2
RMSF, = = (xi =) + (i = [ + (2 = 22 (7
i=1

Where T is time of the simulation that we want to use, xir ef , yiref and Zl.r °f are the

reference positions of particle 1, x;, yi and z; are the positions of particle i. The
reference positions are normally time-averaged positions of particle i. RMSFs were

mostly calculated for residues.

Radial distribution function (RDF) gives the probability of finding other particles
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when given the positions of reference structure. It is defined:

_ {pB(M)
gAB(r) = (pB)local 3
Np 6(rl]
(pB(r)) = NAZEAZEB Wz 9

Where (pB(r)) is the particle density of particle B at distance r around particle A
and it can be expressed as equation 7, Na are Np are the number of particles A and

B respectively, rj is the distance between the ith and jth atoms.

Radius of gyration (Rg) is used to give a rough measure of compactness of the

Rg = /zg# (10)

Where m; is the mass of atom i and r; is position of particle i with respect to the

protein, the equation is:

centre of mass of the molecule.

Principal component analysis (PCA) is used to give the correlated motions of a
molecule during simulation. A symmetric 3Nx3N covariance matric C of atomic

coordinates 1s calculated:
= ((X; — XD (X; — X)) (11)
The matrix C is diagonalised using orthonormal transformation matrix R:
RTCR = diag(Ay, Ay, ... A3y) (12)

The columns in R are the eigenvectors, also known as the principal components
(PC) of trajectories which give the directions where the molecules showed a largest
correlated motion and A is the eigenvalue of matric C. The trajectories projects into

the PCs p(t):
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p(t) = RT(x(t) — %) (13)
p is the position matrix.

pdb file prepared

| pdb2gmx
l protein.gro topol.top
| editconf |
i box.gro
| solvate |
l water.gro; topol.top ) Setup of the
| genion | simulation system
J’ ions.gro; topol.top
| grompp |
emin.mdp l emin.tpr
I mdrun |
................................................................................................................................ ;
l emin.gro
| grompp
nvt.mdp; npt. mdp; md.mdp l nvt.tpr; npt.tpr; md.tpr :| ;:;:gg | Simulation ‘
| mdrun ‘
...................................... I
L md.tpr; md.trr;
| rms; rmsf; rdf; gyrate; covar; | | Ana]ysis |

Figure 7: A flow chart showing the steps of running MD simulations using GROMACS including
setup of the simulation, running the simulation and analysis. Each step has different command and

input files that are required to carry out the process.

2.4 FTmap server

Experimental techniques need to solve several crystal structures which are
expensive and time consuming. Computational solvent mapping is a fast and easy
method to identify possible hot spots of proteins. FTmap server was used as a
solvent mapping tool that using 16 small fragment-sized organic molecules as
molecular probes and placing them around the surface of protein. These organic
molecules are ethanol, isopropanol, isobutanol, acetone, acetaldehyde, dimethyl
ether, cyclohexane, ethane, acetonitrile, urea, methylamine, phenol, benzaldehyde,
benzene, acetamide and N, N-dimethylformamide. These molecules were selected
with different shape, functional groups, and polarity, most of these probes contain

one hydrophobic moiety and one or two polar groups. Hydrophobic and aromatic
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compounds are also included. This set of 16 probes can define the hot spots
effectively.”> ** These probes will accumulate at their preferable positions, FTmap
finds these positions for every single type of probe, cluster the probes and ranks

these clusters based on the average energy.

There are five steps of FTmap algorithm. The first step is rigid docking of those
probe molecules to the protein and 2000 best poses with lowest energy are used for
following step. The second step is energy minimisation and rescoring of the 2000
poses. The third step is clustering of the energy minimised structures and ranking
based on their averaged free energies, 6 clusters with lowest free energies for every
probe are kept for later. To cluster the probe conformations, the structure with
lowest energy is selected and other structures within 3A RMSD form the first cluster.
The next lowest energy structure is then used to give the second cluster. The process
will continue until all conformations are assigned to clusters. The fourth step is
determining ‘consensus’ sites (CSs) and ranked based on the number of clusters
within the sites. CS1 has a centre cluster that containing the maximum number of
neighbours and the clusters within 4A are the members of CS1. The final step is
characterization of the binding site. The largest CS1 is considered to be the most
important hot spot and forms the core of the binding site. And the binding site is
expanded by adding other CSs that are within 7 A from the CSs already in the

binding site.”>*

The same set of hot spot residues of a protein may be responsible for mediating the
interaction with small molecules like ligands and bigger molecules like peptides
and proteins.** *> For example, in the interaction of a neutralizing human IgG with
HIV-1 gp120, hot spots have been found in the protein-protein interfaces.’® The
computational hot spots are not spread through the protein-protein interfaces
randomly, they are more likely to form clusters. They are assembled within densely

packed regions. Three or more hot spots that are close to and interact with each
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other can form a hot region.”’ This highly packed nature of hot spots and hot regions
ease the removal of water molecules when binding to other molecules so packing

is an important factor in binding and protein folding.”®

2.5 SeeSAR

Developed by BioSolvelT, SeeSAR is a great tool to use for protein-ligand docking
and visualisation of binding poses. Using the docking function of the software, a
protein model is required as an input, binding pocket needs to be defined to start
docking process. Once the pocked is defined, ligand files can be imported to
generate binding poses and providing binding affinities. SeeSAR uses a HYDE
scoring function. It estimates binding free energy only based on hydrogen bonding
and dehydration. HYDE is an atom-based scoring not calibrated based on
experimental data so it can be used for all types of protein targets. The protein and
ligand are placed in aqueous solutions unbounded, water molecules around the
ligand and in the binding pocket are removed causing broken of hydrogen bonds
leading to unfavourable energy changes. When hydrophobic groups are involved in
the protein or ligand, removal of water from these sites will contribute favourable
energy changes. The newly formed hydrogen bonds between protein and ligand lead
to favourable energy changes. These energies contribute to the overall binding

energy. % 100

Starting with briefly mentioning QM and MM, stating that for this project all atomic
MD was running with AMBER force field using GROMACS, steps involving
running the simulations were listed, data analysis were also done using GROMACS,
including RMSD, RMSF, RDF, Rg and PCA. Coarse grained simulations were
prepared using MARTINI and SIRAH force field. Hot spots were identified using

FTmap and docking was done using seeSAR.
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Chapter 3: Development of the formulation stabilising mAbs
using cosolvent simulations and CG

In this chapter, general structure of IgG antibody was given and one specific
monoclonal antibody, NISTmADb was built and used to run all atomic and coarse-
grained cosolvent simulations. Both the Fab region and the whole mAb were run,

the results were analysed.

Immunoglobulin G (IgG) is one of the most common proteins found in human
serum. The basic structure of IgG consists of two heavy and two light chains,
arranging into two different regions based on their functions. There are two antigen
binding fragment (Fab) domains which identify the antigen and one crystallizable
fragment domain (Fc) which interacts with other components of the immune system
to remove the antigen. Each Fab domain further dividing into two variable and two
constant domains, the two variable domains forming the variable fragment which
gives the specificity of the antibody.!? There are three complementary determining
regions (CDRs) and four framework regions (FR) in each variable domain, CDRs
are the most important part involved in antigen recognition. The Fc domain only
contains constant domains which are basically structural framework that are highly
conserved in different antibodies. The modular nature of antibodies enables easier

protein engineering.'”!
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i Fab

Figure 8: A schematic representation of IgG1. Variable domains in light and heavy domains, Vi and
Vi respectively, constant domains in light and heavy chains, Ci and Cy respectively, complementary
determining regions, CDRs and framework, FR. The antigen binding fragment, Fab domain, hinge

region and fragment domain, Fc are labelled as well.

A series of all-atomic and CG simulations were carried out for the NISTmAD.
NISTmAD Reference Material (RM) 8671 is a humanized IgG1 monoclonal used
specifically for research purpose. It has been tested to fit the purpose for developing
therapeutic protein characterisation technologies.!'® A paper by Xu and
colleagues'® gives some experimental information of NISTmAb in different
cosolvents such as amino acids, sugars and salts. Especially the second osmotic
viral coefficient (B22) values were used as a main comparison to our simulated

results.

The second osmotic coefficient, B22 measures the deviation of protein’s behaviour
inside a solution from ideal behaviour. It is often used to predict solubility,
crystallization condition and aggregation propensity.'® When protein molecules are
inside aqueous solutions with a concentration, they interact with each other due to

intermolecular forces. The weak protein-protein interactions induced by the
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appearance of other compositions in the solutions such as excipients can be
quantified using B2>. The value of B2z can be calculated experimentally using static
light scattering (SLS), self-interaction chromatography (SIC), it is highly affected
by concentration. The sign and values of B2, indicates the direction and strength of
the net intermolecular forces, positive B2 values suggest repulsive protein-protein
interactions (PPI) are induced by excipients and interactions between protein and
solvent are more favoured so less chance to aggregate. Negative B2, values are due
to attractive PPI and increases the chance of aggregation. Therefore, B, is a good
representation for protein aggregation propensity.!” Since RDF gives the
probability of finding other particles relating to the reference structure, the

hypothesis is there could be a relationship between RDF and B2, values.

3.1 Model of NISTmADb

The crystal structure of the Fab region (PDB code: 5K8A) and Fc region (PDB code:
5VGP) of the NISTmAb were obtained from the PDB database. Since there is no
published crystal structure for intact NISTmADb, the model of the whole mAb was
built based on the crystal structure of another human IgG1, b12 (PDB code: 1HZH).
SWISSMODEL and MATCHMAKER in Chimera was used to build the structure
of NISTmADb. The sequence of the heavy chain was combined from 5K8A and
5VGP, by setting 1HZH as a template, SWISSMODEL is used for homology
modelling. The modelled heavy chain, light chain, and b12 were opened in Chimera,
by using b12 structure as a reference, light chains and heavy chains were matched

to the b12 model (matched models shown below).
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Figure 9: a) Fab region of NISTmAb (PDB:5K8A), the light chain is coloured orange, and heavy
chain is coloured blue. b) Fc region of NISTmADb (PDB:5VGP), one of the heavy chains is coloured
blue and the other one is coloured light blue, glycans are coloured green. ¢) Protein b12 (PDB: 1HZH)
and d) Matched NISTmADb and Protein b12, green chains are SK8A, red chains are 5VGP and blue
chains are |HZH e) Modelled NISTmADb, light chains are coloured orange and yellow; heavy chains

are coloured blue and light blue, glycans are coloured green.

Accoding to the published paper on the determination of the sequence of the
NISTmAb!%, the light chain of NISTmAD has the Vi region from residue 1 to 106
and Cp region from residue 107 to 213, the CDRI is from 24 to 33, CDR2 is from
49 to 55 and CDR3 is from 88 to 96. The heavy chain of NISTmAb has the Vu
region from residue 1 to 120, Cyj region from residue 121 to 223, Cyp region from
241 to 343 and Cus region from 344 to 450. The CDRI is from 31 to 37, CDR2 is
from 52 to 67 and CDR3 is from 100 to 109.
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3.2 Solvents

They were simulated using cosolvents mentioned in the paper'® using different
concentrations vary from the concentration used in the experiment which is 25 mM
histidine with 171 mM — 300 mM other amino acids or sugars, 0.5% v/v, 2.5% v/v
and 5% v/v. For a mixture of histidine with another solvent, the ratio is 1:1. These
excipients are drawn in Chimera and charges are calculated using AMBER force
field. All excipients were parametrized at a neutral charge except arginine has a +1
charge. They were added to the simulation box by using gmx insert-molecules

function, number of molecules were specified.
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Figure 10: 2D structures of excipients and their names underneath. Most of them are shown in green
as they can be used to stabilise protein, alanine is in black because there is not much evidence

showing the effect on protein when it is used in formulation.

Histidine is often used as buffer in mAb formulations, it can decrease protein
aggregation propensity and the proposed mechanism of the stabilisation is histidine
can shield the hydrophobic region of the mAb surface.!%” Alanine is not commonly
used in mADb formulations, its effect on stabilisation of mAb is unsure. Arginine is
commonly used as a protecting excipient against aggregation, it tends to bind to the

carboxylate group on the mAb surface and form cation-n interactions with aromatic
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side chains.?” 1% Glycine can stabilise mAb by interacting directly with charged
side chains and partial charges of the backbone.'” Proline can bind to aromatic
residues and hydrophobic regions of mAb surface.!'® "' Sugars in general have
been used for years to stabilise macromolecules. A review on effect of trehalose
gives three possible rationales, one is the Timasheff and Arakawa’s preferential
exclusion theory!!? which suggests the sugar molecules doesn’t interact with
proteins directly. These sugar molecules force the water molecules to be away from
the protein, so its hydrated radius decreases, and compactness increases. Another
rationale is the vitrification theory that trehalose shields the protein from abiotic
stresses by forming a glassy matrix around the protein. The final rationale is water

replacement theory, water molecules are substituted by trehalose.!!?

3.3 Simulations and analysis of Fab region

Initially, I have decided to run a set of 50ns all-atomic simulations in different
excipients (histidine, alanine, arginine, glycine, proline, sucrose, glucose, trehalose,
and mannitol) with a total concentration of 2.5% v/v for the fab region. The
simulations were carried out as replicas of three. Most of the RMSD plots show
there is no significant fluctuation during the simulation time. An example of one
RMSD graph is shown below in Fig.11, from this plot, we can see there is a slightly
increase towards the end of the simulation, so I decided to increase the simulation
time to 100 ns then to 150 ns. From the whole set of 150 ns all-atomic simulations,
although there are fluctuations up and down, the general RMSD values are between

0.15 nm - 0.2 nm.
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Figure 11: The average RMSD plots from three replicas for one fab region in 2.5% v/v histidine. On
the left hand is the close look of the simulation in first 50 ns and on the right is the full 150ns

simulation.

The RDF plots are also shown below, we can see that the distribution changes
dramatically from the first 0 to 50 ns and then less increases occurred for the rest of
100 ns. This shows as the simulation progressing, some solvent molecules were
moving closer to the protein and stays within a certain distance to the protein. The
radial distribution function gives a probability of finding the excipient within the
distances to protein. Once the distance is above 4 nm, the solvation cell is reached.
For each excipient at every concentration, the maximum probability is used for

further analysis.

Radial distribution Radial distribution
reference Protein reference Protein
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Figure 12: The RDF plots of one replica for one fab region in 2.5% v/v histidine, on the left-hand
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side is first 50ns and on the right is the whole 150ns. Each colour represents one RDF plot at different

time length from 10ns to 50ns/150ns at a 10ns interval.

Since most of RMSD graphs showed that the fab is rather stable throughout the
simulation time and the RDF graphs normally converged to a reasonable extent in
the first 50ns, and the general trend in different cosolvents remains similar so I
decided to run all the other all-atomic simulations for fab region and the whole mAb
as three replicas of 50ns. This is a reasonable time scale to run all the excipients at
all concentrations and have a nice comparison at the end of the project. The RMSD,
RMSF, SASA, Rg, PCA and RDF results calculated by GROMACS will be shown

in the following pages.

3.3.1 RMSD

The discussion in the following pages is about the fab region (shown in previous
Figure 9a). As mentioned previously, simulations were performed three times in
every condition, so an average RMSD plot can be obtained and then the maximum
value and average value of all the frames were calculated for every excipient at each
concentration. The average and maximum values of the RMSD plots are shown

below in Figure 13.
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Figure 13: Bar charts for all the solvents in 4 different sets of concentrations. The top one lists the
average RMSD values for all the replicas and the bottom one is the maximum values of the RMSD

values with standard deviation shown as error bars.

The average values lie between 0.12 to 0.17 nm and the maximum values lie
between 0.18 to 0.28 nm. The lowest average RMSD value is 0.128 nm occurs in
alanine when the concentration is 5% v/v and in a mixture of histidine and sucrose
when the concentration is 25 mM histidine and 300 mM sucrose. The lowest
maximum RMSD value is 0.183 nm in the mixture of histidine and sucrose at the
same concentration with the lowest average RMSD value. The highest average
RMSD value is 0.167 nm occurs in histidine when the concentration is 5% v/v. The
highest maximum RMSD value is 0.281 nm in proline when the concentration is
200 mM (1.2% v/v). From the RMSD bar charts, we can tell there is no significant
changes between these plots and the simulations are generally stable in all the
solvents in all concentrations. Taken the standard deviation into account, even
within the replicas of the same cosolvent at certain concentration, the variation
between runs sometimes is bigger than between formulations, there is no obvious

instability in all simulations.

3.3.2 RMSF

The average RMSF per residue of three replicas were calculated and the flexibility
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of the light and heavy chains of fab were examined. In most of the plots, the general

trend is the same. Taken the RMSF plots for all the single excipient at paper

concentration as an example, the plots are shown below in Figure 14.
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Figure 14: RMSF graphs showing the fluctuations of each residue of the light and heavy chains of

the fab region in different solvents at paper concentrations. The top one is the light chain and the

bottom

one is the heavy chain.

From the RMSF graphs, we can see that the general trend for flexible residues is

similar, but in some excipients the fluctuations are higher than the others. For

example, the ASP 81 of light chain in proline has a higher peak compared to other
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solvents and the ASN 151 of light chain in glucose has a higher peak.

Figure 15: To visualise the RMSF per residue within the protein structure, last frames of the 50 ns
simulations in 300mM glucose (left) and 200mM proline (right) were extracted using GROMACS
trjconv tool and pictures were generated using chimera and rendered by their RMSF per residue
values. Red coloured residues are most flexible and blue coloured residues are most stable ones.

White coloured are in the middle range.

From the rendered figures, we can clearly tell the trend of the flexible parts in
proline and glucose is similar and for ASP 81, the residue is darker in proline which
suggests it is more flexible than in glucose. As for ASN 151, it is darker red in

glucose and pink in glucose.

By examine all the RMSF plots for all the simulations, although there are slightly
differences in the fluctuation of some residues, the overall stability of the fab in
these excipients were not affected much by these fluctuations. The fab is confirmed
to be relatively stable in all solvents in all the concentrations and agreed with the

RMSD data.
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3.3.3 SASA
The next analysis is the solvent accessible surface area (SASA) per residue of the
fab region. There were not many differences in the SASA values in different

conditions. Examples of SASA plots are shown below in Figure 16.

1.2 — histidine
alanine
— arginine
— glycine
1 proline
~— sucrose
& glucose
trehalose
E 0.8 ’ mannitol
o’
g .
0.6
< ! i
v i
04| ¥ ‘ S
\/
0.2
50 100 150 200
Residue
— paper conc,
— 0.5y
— 25w
1 Swiv
—
™~
E 038
o
~—
< ;
vy 06
<L
v \
s
0.4 i
g
0.2
50 100 150 200
Residue

Figure 16: Top one showing SASA per residue of heavy chain in different solvents at the paper
concentration, histidine buffer is 25Mm, other amino acids and sugars varied between 171 mM -

300 mM and the bottom one showing SASA per residue of heavy chain in histidine at four different

concentrations.

From the SASA per residue graph, we can tell these values are not affected by the

type and concentration of solvents. They remained a similar value ignoring the
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conditions. This can be due to the immunoglobulin fold, there are local fluctuations

but the overall is not changed much.

3.3.4 Radius of gyration
The values for radius of gyration are shown below in Figure 17. Again, this

characterisation is not affected much by the type and concentration of solvents.
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Figure 17: Bar charts for all the solvents in 4 different sets of concentrations. The top one lists the

average radius of gyration values for all the replicas and the bottom one shows the maximum values

of the radius of gyration values.
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From the radius of gyration graphs, we can tell the Fab is quite stable and compact
during the simulation ignoring the solvent and concentrations, the average and

maximum values of Rg all lie between 2.4 to 2.5nm range.

3.3.5 Radial distribution function
The radial distribution function gives the normalised probability of finding the
excipient within certain distances to the reference protein. The average and highest

value of RDF is shown below in Figure 18.
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Figure 18: Bar charts for all the single and cosolvents in 4 different sets of concentrations. The top
one lists the average RDF values for all the replicas and the bottom one is the average maximum

RDF values of all the replicas.

From the RDF values, it is obvious that there is a higher chance of finding sugar
molecules around the protein compared with amino acids. The RDF values are
higher in single sugars at all the concentrations, particularly at 0.5% v/v, the
maximum values reached the highest in single trehalose with a value of 3.08.
When there is a mixture of histidine and sugars, the relative distribution value of
excipients decreased because there is a less chance of finding the histidine
excipient and a higher chance of finding the sugars, both contribute to the total

RDF values.

3.3.6 Aggrescan3D

Taking 0.5% v/v histidine, trehalose, and mixture of both as examples, the last
frames of the 50ns simulations are shown below, the protein surface is coloured

based on their Aggrescan3D score, red areas are the aggregation prone areas.
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Figure 19: Top two pictures showing the fab in 0.5% v/v histidine; Two pictures in the middle
showing the fab in 0.5% v/v trehalose and the bottom two pictures showing the fab in a mixture of
histidine (0.25%) and trehalose (0.25%) adding up to 0.5% v/v excipients. The pictures were

prepared using chimera and rendered according to the Aggrescan3D score.

From the above pictures, we can see that the predicted aggregation prone areas are
similar in all three simulations, the residues in red are 101-106, 175-179 of heavy

chain and 93-95 of light chain. The positions of the excipients reflect what was
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calculated using RDF, histidine molecules tend to be in the outer region of the
protein with only a small amount reached to a closer distance within the protein.
On the other hand, most of the trehalose molecules are closer to the protein with
only a small amount around the outer region of the protein. And from the mixture
of histidine and trehalose, we can also see that histidine molecules are more likely

to be a further distance away from the protein compared with trehalose molecules.

3.3.7 Principal component analysis

Principal component analysis (PCA) was also employed to analyse the global
motion of all the simulations. First, trajectories of the protein backbone from all 3
replicas were concatenated together and computed using gmx covar. From the
computed eigenvectors, PC1 and PC2 structures can be obtained and a 2d plot can

also be generated. Examples of 2d plots are shown below in Figure 20 and 21.

Figure 20: From left to right are 2d PCA plots for fab in histidine, trehalose and mixture of

histidine and trehalose at 0.5% v/v.

From the 2d PCA plots above, we can tell this no obvious conformational change
towards one direction in all three solvents at 0.5% v/v. However, in some 5% v/v
solvents, there is a possible second cluster, for example alanine, which 2d plot and

30 frames from PC1 are shown in Figure 21.
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Figure 21: On the top left is the 2d PCA plots for fab in 0.5% v/v arginine and on the right shows 30
frames from PC1 coloured from blue to red showing the movement of this short trajectory. On the

bottom shows the first and last frame of those 30 frames from PCI1.

When visualising the trajectory of the PC1, the in and out of plane movement
corresponding to the two extreme frames of this principal component. Whether
this change will lead to further conformational changes or unfolding is not known,
however it’s unlikely this will cause unfolding of Fab as the secondary structures
of the protein are not affected much when looking back the all-atomic simulation.

The frames are shown below in Figure 22.
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Figure 22: Same as backbone only PCA analysis, 30 frames from PC1 were generated. Then the

first and last frame of this atomic analysis of the protein were shown in blue and red respectively.

3.3.8 RDF and B2

From the above analysis, we can tell the Fab is quite stable and compact, it’s

hardly affected by different types of cosolvent at given concentrations. The only
analysis that is worthy to study further is the RDF, so it is used to compared to the
experimental B2, values. These values are shown below with the maximum RDF

values in different concentrations.

histidine
his_ala
his_arg
his_gly
his_pro
his_suc
his_glu
his_tre
his_man

histidine
alanine
arginine
glycine
proline
sucrose
glucose

B,,(x10™ mol ml/g?)

2.29+0.055
3.10+0.052
0.42+0.033
3.08+0.104
3.17+0.089
3.86+0.056
3.14+0.033
3.24+0.046
2.95+0.061

B,,(x10™ mol ml/g?)

2.29+0.055
3.10+0.052
0.42+0.033
3.08+0.104
3.17+0.089
3.86+0.056
3.14+0.033

trehalose 3.24+0.046
mannitol 2.95+0.061

Maximum value of RDF
25mMHIS 0.5% v/v 2.5%v/v 5%v/v

1.259 1.363 1.353 1.295
1.161 1.303 1.225 1.194

1.47 1.389 1.412 1.37
1.168 1.2 1.23 1.229
1.191 1.172 1.249 1.234
1.831 2.115 1.912 1.507
2.428 1.91 1.959 1.858
1.569 1.999 1.754 1.662
2.372 2.118 1.976 1.783

Maximum value of RDF
25mMHIS 0.5% v/v 2.5%v/v 5%v/v
1.259 1.363 1.353 1.295
1.17 1.169 1.173 1.154
1.455 1.332 1.471 1.485
1.185 1.14 1.156 1.154
1.16 1.177 1.168 1.125
1.882 2.955 2.596 1.785
2.538 2.955 2.499 2.278
1.616 3.075 2.048 1.71
2.41 2.468 2.483 2.132
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Figure 23: Tables showing the experimental second osmotic coefficient B22 and the maximum
values of RDF at different concentrations. The top table is for the cosolvent mixtures, and the
bottom table is for single excipients. Graphs showing the possible regression between B22 and

maximum RDF. Top one uses only five amino acids, and the bottom one uses all nine excipients.

Looking at the table, for amino acids when there is a lower value of B2, the RDF
value is relatively higher. This can be clearly seen for arginine and histidine which
have a B2, value around 0.42 and 2.29 respectively. When the Fab is in histidine
and arginine mixtures, no matter about the concentrations, the maximum RDF
value is always higher than in pure histidine. When the Fab in is pure arginine, the
maximum RDF value is higher than in the histidine in the paper concentration,
2.5% v/v and 5% v/v. But in 0.5% v/v, the maximum RDF value in arginine is
1.332 which is slightly lower than the 1.363 in histidine. The difference is subtle.

Because the value is an average value of three replica, I checked the values for
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single replica, for arginine, the RDF values are quite stable with 1.327, 1.327 and
1.343. However, for histidine, the RDF values are in a larger range with 1.310,
1.243 and 1.535, so the 1.535 of the last replicas caused the average to become

higher.

For other three amino acids, alanine, glycine and proline, it gets complicated to
compare the results because of the similar values among them. The B2, range for
alanine is 3.048-3.152, glycine is 2.976-3.184 and proline is 3.081-3.259, there is
overlapping between their values makes difficult to give them a rank. As for RDF
values, these three amino acids give very similar values in all the concentrations

as well with a range of 1.13 to 1.18 in pure solvent and 1.16 to 1.3 in cosolvents.

Then considering the sugars, there is no obvious relationship between the
experimental B2> values and the RDF values. This could be due to the clustering
of sugar molecules around the protein surface ignoring the type of sugar

molecules, they all have a stabilising effect on the protein.

When all the 9 solvents are considered together, the correlation between RDF and
experimental B> is rather weak, but when only 5 amino acids were considered,
there seems to be a higher chance of correlation (shown in Figure 23). However,
to do a regression analysis, a one in ten rule suggests there should be at least ten

predictor parameters. The result will require more validations.

3.3.8 Solvent molecules close to the Fab region

To study the behaviour of cosolvent, I chose 11 frames from each 50 ns trajectory
with a 5 ns interval including the first and last frame, and also selected cosolvent
molecules within 5A distance of the protein. The purpose of this analysis is to see

the movement of the cosolvents at a closer distance to the protein more clearly
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and if any molecule stays at the same position throughout the simulation.
Examples of some frames for histidine at 0.5 % v/v are shown below in Figure 24.

And all 11 frames of this simulation are put together in Figure 25.

Figure 24: Four frames of the Fab region in replica 1 and the histidine molecules within 0.5nm
distance of the protein at the same time are shown above including the Fab region at the beginning

of the simulation, at 15ns, at 30ns and 45ns.
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Figure 25: Last frame of Fab region in replica 1 and histidine molecules within 0.5nm distance of
the protein at different timesteps from 0 to 50ns at a 5ns interval. Each colour represents a different

timestep with a total of 11 colours.

From the trajectories and the frames obtained, these show that the movement of
amino acid cosolvents were quite random, it’s rare to see one amino acid molecule
that stays at the same position throughout the simulation. Then examples of some
frames for glucose at 0.5 % v/v are shown below in Figure 26. And all 11 frames of

this simulation are put together in Figure 27.
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Figure 26: Frames of the Fab region in replica 1 and glucose molecules within 0.5nm distance of the
protein at the same time are shown above including the Fab region at the beginning of the simulation,

at 15ns, at 30ns and 45ns.

Figure 27: Last frame of Fab region in replica 1 and glucose molecules within 0.5nm distance of the
protein at different timesteps from O to 50ns at 5ns interval. Each colour represents a different
timestep with a total of 11 colours. Three red circles are examples of glucose stays at the same place

for a longer time and these regions are enlarged in Figure 28.
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Figure 28: Sections from Figure 27 that showing examples of clusters of glucose molecules at

different timesteps.

From the trajectories and the frames obtained, these show that the movement of
sugar molecules were also random during the simulation, and sugar molecules seem
to stay longer at one position throughout the simulation. But there is also a chance

of moving away from that position.

Following the generated frames, the number of cosolvents within 0.5 nm of fab
region are counted and put in the table below. The numbers at each time step are

the average value of all three replicas.

Time (ns)
Excipient 0 5 10 15 20 25 30 35 40 45 50
histidine 4 8 11 11 9 11 11 8 12 14 13
alanine 4 14 11 11 11 11 11 14 10 12 11
arginine 5 7 8 10 9 8 9 9 12 7 11
glycine 8 12 9 11 11 12 13 12 10 12 9
proline 5 13 7 11 12 13 11 10 13 11 13
sucrose 1 8 9 10 13 14 14 14 15 15 15
glucose 7 16 18 21 20 23 18 21 23 24 25
trehalose 2 9 10 13 13 15 16 17 16 17 17
mannitol 5 11 14 17 18 17 18 19 21 20 18
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Time (ns)
Excipient

0 5 10 15 20 25 30 35 40 45 50
his_ala(HIS) 2 6 8 7 6 6 6 6 8 10 6
3 5 7 4 7 6 5 7 7 6 8
his_arg(HIS) 3 5 7 6 7 6 7 6 6 5 5
1 5 6 4 6 3 5 6 5 7 5
his_gly(HIS) 2 4 5 5 6 6 7 4 7 5 5
4 6 9 8 8 7 7 10 6 7 7
his_pro(HIS) 2 5 4 7 5 5 3 4 5 7 6
2 5 7 4 3 4 4 5 3 3 5
his_suc(HIS) 1 4 4 4 6 5 6 5 9 6 6
1 4 5 5 7 7 6 6 6 7 7
his_glu(HIS) 1 5 4 8 7 5 7 6 7 6 7
2 5 7 9 12 11 10 8 12 11 11
his_tre(HIS) 5 4 6 5 8 5 6 8 7 6 7
1 4 5 6 6 7 7 8 8 7 8
his_man(HIS) 2 6 8 6 8 7 6 5 7 7 5
3 8 8 9 9 9 9 11 9 10 10

Figure 29: The table on the top is the number of different solvent molecules at 0.5% v/v pure solvent
and the bottom is the number of different solvent molecules at 0.5% v/v of a mixture of histidine

with other molecules in a 1:1 ratio (0.25% v/v of each).

For histidine, the number of solvent molecules increased in the first 10 ns then
plateaued, at 20 ns and 35 ns, it decreased but quickly increased again and reached
14 at 45 ns. For alanine, the number increased from 4 to 14 in the first 5 ns, then
decreased to 11 and plateaued until 30 ns, in the last 20 ns the number fluctuates.
For arginine, the number increased from 5 to 10 in the first 15 ns, then plateaued
with 9 molecules until 35 ns and increased to 12 at 40 ns. For glycine, the number
increased from 8 to 12 in the first 5 ns, then fluctuated to a maximum of 13 at 30 ns
and fluctuated again. For proline, it’s similar in the first 5 ns, the number increased
from 5 to 13, then fluctuated between 10 to 13 between 15 to 50 ns. In general, the
number of amino acid molecules reached to a maximum value around 12 to 14

during the first 15 ns and then plateaued or fluctuated within a small degree.

For sucrose, the number of molecules increased to 15 at 40 ns and plateaued. For
glucose, the number increased during the first 15 ns then fluctuated and reached to
25 at the end of the simulation. For trehalose, the number increased to 17 at 35 ns
and then plateaued. For mannitol, the number increased to 18 during the first 20 ns
then fluctuated and reached to 21 at 40 ns. For sugar molecules, the numbers of

molecules are generally higher than amino acids. Sucrose and trehalose are
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disaccharides, so the numbers are smaller compared to monosaccharides - glucose
and mannitol. The number of glucose molecules are higher than mannitol molecules,

which reason is not well understood.

For cosolvents, the number of amino acid molecules have a similar trend to single
solvent. As the concentration is 0.25% of each solvent, the maximum number of
molecules varied from 7 to 10 which is a reasonable range. The maximum number
of sugar molecules within 5 A of the protein in the mixture varied from 8 to 12,

again glucose molecules are the highest among them.

When the concentration increases from 0.5% v/v to 2.5% v/v then to 5% v/v, the
maximum number of solvent molecules within 5 A of protein increased to 50s and
90s for amino acids and 70s and 100s for sugars, makes counting them more

difficult, examples are in the Figure 30 and 31 below.

Figure 30: Last frame of fab region of replica 1 in 2.5% v/v and 5% v/v and proline molecules within
0.5 nm distance of the protein at different timesteps from 0 to 50ns at 5ns interval shown in different

colours.
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Figure 31: Last frame of fab region of replica 1 in 2.5% v/v and 5% v/v and glucose molecules
within 0.5nm distance of the protein at different timesteps from 0 to 50ns at 5ns interval shown in

different colours.

Even with the increased concentration, solvent molecules still moved around the
Fab in a random way. From Figure 30, we can tell the number of proline molecules
within 5 A of the protein increases when the concentration increases at different
timesteps and there are no preferential positions the molecules tend to stay
throughout the simulation. From Figure 31, we can see the sugar molecules seem
to cluster which is the same as 0.5% v/v and as the concentration increases, more

and more molecules are clustered around the protein surface.
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The constant region of IgG antibodies are highly conserved, only variable regions
that bind to antigens are distinct for each antibody. By running the whole mAb

region as a comparison, we want to check if the Fab region can be a reasonable
Fab region, time used to run simulation increases a lot. The stability of whole mAb

model for the whole mAb. The sequence of whole mAb is much longer than the
should be slightly lower than the Fab region due to the flexibility of the hinge region

3.4 Simulations and analysis of whole mAb
so the RMSD values are expected to be higher.
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Figure 32: The sequence alignment between NISTmADb and b12 protein. a) Sequence alignment of
The discussion in the following pages is about the whole mAb (shown in previous
67

figure 9c). Same as the fab region, simulations were performed three times in every
condition, and the maximum and average value of all the frames were calculated

light chain. b) Sequence alignment of heavy chain.

3.4.1 RMSD



for every excipient at each concentration. The average and maximum values of the

RMSD plots are shown below.
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Figure 33: Bar charts for all the solvents in 4 different sets of concentrations. The top one lists the
average RMSD values for all the replicas and the bottom one is the average maximum values of the

RMSD for all the replicas with standard deviations shown as error bars.

The average values lie between 0.744 to 1.692 nm and the maximum values lie
between 1.018 to 2.342 nm. Due to the flexibility of the hinge region, the RMSD
values are a bit high, but they are generally quite stable. The lowest average RMSD
value is 0.744 nm occurs in a mixture of histidine and trehalose when the
concentration is 25 mM histidine and 300 mM trehalose. The lowest maximum

68



RMSD value is 1.018 nm in the same cosolvent as the lowest average RMSD value.
The highest average RMSD value is 1.692 nm occurs in a mixture of histidine and
sucrose when the concentration is 2.5% v/v. The highest maximum RMSD value is
2.342 nm in a mixture of histidine and alanine when the concentration is 25 mM
histidine and 200 mM alanine. From the RMSD bar charts, we call see when the
concentration is 5% v/v, the average RMSD values are lower in arginine, glycine,
proline, glucose, trehalose, histidine with arginine, histidine with proline, histidine
with sucrose and histidine with glucose compared to other concentrations even
when error bars are considered. The average RMSD values of alanine and mannitol
are not affected much by the concentrations, the error bars are also in a similar range.
For some cosolvents, the error bars are quite big and for most of the cosolvents at

each concentration, the RMSD values and error bars are larger than Fab region only.

3.4.2 RMSF

— histidine
1.6 — alanine

arginine
— glycine
proline

— sucrose
glucose
trehalose
mannitol

RMSF (nm)

0 200 400 600 800 1000 1200

Residue

Figure 34: RMSF graph showing the fluctuations of each residue of the whole mAb in different
solvents at paper concentration, 25mM histidine buffer and 171mM — 300 mM for other amino acids

and sugars.
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Figure 35: A close look of the RMSF plot shown in Fig.34. Top two plots showing one of the Fab
regions and bottom two showing the other one with heavy chain on the left and light chain on the

right.

From the RMSF graphs, we can see that the general trend for flexible residues is
similar, but in some excipients the fluctuations are higher than the others. For
example, in proline, some residues in the light chain and the Fc region have higher

peaks.

In proline, the RMSF range varies from 0.27 to 1.48, and for one fab region the
range is 0.45 to 1.48 and the other is 0.27 to 1.19. Residue SER921 (27), ARG922
(28), VAL 923 (29), GLY959 (65), SER960 (66), GLY984 (90), SER985 (91) and
GLY 986 (92) of light chain have higher RMSF values in one fab region in proline.
LEU1231 (124),LYS1232 (125), SER1233 (126), VAL1256 (149), ASP1257 (150),
ASN1258 (151), LYS1289 (152), ALA1290 (153), ASP1291 (154), TYR1292
(155), GLU1293 (156) and LYS1294 (157) are flexible in the other fab region in

proline.
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Figure 36: To visualise the RMSF per residue within the protein structure, last frames of the 50 ns
simulations in 200mM proline (left) and 300mM glucose (right) were extracted using GROMACS
trjconv tool and pictures were generated using chimera and rendered by their RMSF values. Red
coloured residues are most flexible and blue coloured residues are most stable ones. White coloured

ones are in the middle range.

Figure 37: Closer look of the two Fab regions of the last frames of the simulations in proline (left)

and sucrose (right) in Figure 36.

In sucrose, the RMSF range varies from 0.19 to 0.83, and for one fab region the
range is 0.23 to 0.83 and the other is 0.19 to 0.52. We can tell from the figures that
the general trend in both sucrose and proline is similar. But the degree of fluctuation

is smaller in sucrose.
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3.4.3 SASA
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Figure 38: Top one showing SASA per residue of the whole mAbD in different solvents at the same

concentration and the bottom one showing SASA per residue of the mAb in a mixture of histidine

and trehalose in four different concentrations.

From the SASA per residue graph, we can tell these values are again not affected
by the type and concentration of solvents, same to the SASA for Fab region only.

They remained a similar value ignoring the conditions.
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3.4.4 Radius of gyration

The radius of gyration values for the whole mAb are shown below in Fig.39. These
values are not affected much by the type and concentrations of excipients. In the
paper by Xu and colleagues, the Rg values are also quite similar between different

excipients. The values lie between 4.5 to 5 nm.
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Figure 39: Bar charts for all the solvents in 4 different sets of concentrations. The top one lists the
average radius of gyration values for all the replicas and the bottom one is the average maximum

values of the radius of gyration for all the replicas.

From the radius of gyration graphs, we can tell the mAb is quite stable and compact
73



during the 50 ns simulation. The average values of Rg lie between 4.6 to 5 nm and

maximum values of Rg lie between 5.1 to 5.5 nm range.

3.4.5 Radial distribution function

The average and highest value of RDF for the whole mAb is shown below in Fig.40.
The general trend is similar to the fab region only with 0.5% v/v gives the highest
RDF values in single sugar excipients. And sugars in general lead to higher RDF

values when they are in a mixture with histidine residues.
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Figure 40: Bar charts for all the solvents in 4 different sets of concentrations. The top one lists the
average RDF values for all the replicas and the bottom one is the average maximum values of the
RDF for all the replicas.
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From the RDF values, it is obvious that there is a higher chance of finding sugar
molecules around the whole mAb compared with amino acids. The RDF values
are higher in single sugars at all the concentrations, particularly at 0.5% v/v, the
maximum values reached the highest in single sucrose with a value of 3.5. When
there is a mixture of histidine and sugars, the relative distribution value of

excipients also decreased.

3.4.6 Principal component analysis
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Figure 41: From left to right are 2d PCA plots for the mAb in 0.5% v/v histidine and glucose.

Black dots are frames of the whole mAb, green and red dots are frames of the two Fab regions.
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Figure 42: From left to right are 2d PCA plots for the Fab regions in 0.5% v/v histidine and

glucose. Green dots represent one Fab region and red dots represent another Fab region.
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Figure 43: From the eigenvectors, 30 frames were generated. The first and last frame from PC1 of
one of the Fab regions of those 30 frames in 0.5% v/v histidine are shown above in blue and red

respectively.

From the PCA plots, we can tell that when the mAb was considered as a whole,
the projections spread to a large area and when two Fab regions were considered
separately, the points are more concentrated in the middle. From two frames from
PC1 of one Fab region, we can see the Fab is quite stable and there is no obvious

conformational change throughout the simulation.
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3.4.7 Aggrescan3D

Figure 44: Two pictures showing the mAb in 0.5% v/v histidine with surface shown and rendered by Aggrescan score. The one on the right is obtained from rotating 180° of the

structure on the left.
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Figure 45: Two pictures showing the mAb in 0.5% v/v trehalose with surface shown and rendered by Aggrescan score. The one on the right is obtained from rotating 180° of the

structure on the left.

Same as the results of the fab region, histidine molecules are more likely floating around the outer region of the protein with only a small amount
reached to a closer distance within the protein. On the other hand, most of the trehalose molecules are closer to the protein with only a small amount
around the outer region of the protein. And from the mixture of histidine and trehalose, we can also see that histidine molecules are more likely to be a

further distance away from the protein compared with trehalose molecules.
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3.4.8 RDF and B2

The experimental B2, and the maximum RDF values in different concentrations

are shown below in Figure 46.

25mMHIS 0.5% v/v 2.5% v/v 5% v/v

histidine 2.29 1.669 1.356 1.389 1.294
alanine 3.1 1.133 1.149 1.081 1.071
arginine 0.42 1.646 1.53 1.661 1.443
glycine 3.08 1.104 1.109 1.114 1.057
proline 3.17 1.149 1.245 1.115 1.074
sucrose 3.86 1.802 3.598 2.671 1.88
glucose 3.14 2.981 3.442 2.928 2.481
trehalose 3.24 1.637 3.278 2.301 1.563
mannitol 2.95 2.87 3.329 2.745 2.388
Bzz(xlo'4 mol ml/gz) Maximum value of RDF
25mMHIS 0.5% v/v 2.5% v/v 5% v/v
his_ala 3.1 1.189 1.37 1.173 1.132
his_arg 0.42 1.6 1.666 1.586 1.361
his_gly 3.08 1.202 1.351 1.222 1.161
his_pro 3.17 1.214 1.329 1.256 1.174
his_suc 3.86 1.708 2.696 2.218 1.606
his_glu 3.14 2.855 2.434 2.202 1.843
his_tre 3.24 1.529 2.224 2.104 1.659
his_man 2.95 2.688 2.497 2.165 1.876
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Figure 46: Tables showing the experimental second osmotic coefficient and the maximum values
of RDF at different concentrations. The top table is for the cosolvent mixtures, and the bottom
table is for single excipients. Graphs showing the possible regression between B22 and maximum

RDF. Top one uses only five amino acids, and the bottom one uses all nine excipients

Looking at the table, for amino acids when there is a lower value of B2, the RDF
value is relatively higher. This can be clearly seen for arginine and histidine which
have a B2> value around 0.42 and 2.29 respectively. When the mAb in is pure
arginine, and the mixture of histidine and arginine, the maximum RDF value is
higher than in the histidine at 0.5% v/v, 2.5% v/v and 5% v/v. But in 25Mm
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histidine buffer, the maximum RDF value in arginine is 1.6 which is slightly lower
than the 1.669 in histidine. The difference is subtle. Because the value is an
average value of three replica, I checked the values for single replica, for arginine,
the RDF values are 1.642, 1.674 and 1.485. For histidine, the RDF values are in a
larger range with 1.645, 1.396 and 1.965, so the 1.965 of the last replicas caused

the average to become higher.

The B value of arginine is a lot lower than the other amino acids gives a near
zero value indicates a close to neutral interaction between proteins. The weak
interaction might be due to arginine’s charge. Although arginine can stabilize
through electrostatic interactions, it can also affect the charge on protein surface
causing greater chance of aggregation and the colloidal stability of native proteins

are disturbed.!'* Arginine needs to be considered case by case.

For other three amino acids, alanine, glycine and proline, it also gets complicated
to compare the results because of the similar values among them. And for the
sugars, there is no obvious relationship between the experimental B, values and

the RDF values.
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Figure 47: Top section is last frame of the whole mAbD in replica 1 of 0.5 % v/v proline and proline
molecules within 0.5 nm distance of two Fab regions shown separately at different timesteps from

0 to 50 ns at 5 ns interval. Bottom section is in 0.5 % v/v glucose.

3.4.8 Solvent molecules around the mAb

The movement of amino acid cosolvents were quite random and it’s rare to see
one amino acid molecule that stays at the same position throughout the
simulation. For sugar molecules, there are more molecules accumulate around the

protein surface and tends to cluster more than amino acids.

Time (ns)
Excipient

0 5 10 15 20 25 30 35 40 45 50
histidine 3 7 10 13 11 14 13 15 15 16 17
alanine 6 9 14 13 15 12 14 15 17 13 14
arginine 2 6 9 8 13 7 11 14 9 10 12
glycine 10 12 18 15 12 14 16 15 15 18 15
proline 5 11 10 11 10 10 9 14 12 11 15
sucrose 2 6 10 11 13 15 18 18 20 22 23
glucose 4 10 16 22 25 26 27 27 30 30 28
trehalose 2 8 11 13 14 16 16 19 19 21 26
mannitol 5 18 17 22 23 26 26 26 28 27 27
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Time (ns)

Excipient 0 5 10 15 20 25 30 35 40 45 50
his_ala(HIS) 4 6 5 4 6 6 10 8 8 6 6
2 6 5 5 7 7 6 7 7 8 6
his_arg(HIS) 3 2 6 7 5 7 8 6 6 7 7
2 4 8 9 7 7 8 8 8 10 10
his_gly(HIS) 1 4 5 10 7 7 8 9 9 8 7
7 7 7 8 6 10 8 9 11 10 8
his_pro(HIS) 2 4 5 4 5 7 5 8 6 7 4
3 4 5 3 3 6 5 6 6 9 5
his_suc(HIS) 2 5 6 9 8 7 6 5 7 6 6
2 4 5 8 10 12 12 10 11 12 14
his_glu(HIS) 2 3 6 7 7 5 7 6 5 8 6
1 8 8 7 10 12 14 12 14 16 16
his_tre(HIS) 3 5 7 6 6 6 5 6 6 6 6
1 7 7 7 9 9 11 12 12 13 13
his_man(HIS) 3 4 5 7 8 7 7 6 5 6 4
1 5 9 9 11 12 13 14 18 17 16

Figure 48: For Fabl from the whole mAb, the table on the top is the number of different solvent
molecules at 0.5% v/v pure solvent and the bottom is the number of different solvent molecules at

0.5% v/v of a mixture of histidine with other molecules in a 1:1 ratio (0.25% v/v of each).

For histidine, the number of solvent molecules increased in the first 15 ns then
decreased at 20 ns and 30 ns, but quickly increased again and reached 17 at 50 ns.
For alanine, the number increased from 6 to 14 in the first 10 ns, then fluctuated,
reached 17 at 40n ns and decreased slightly during last 10 ns. For arginine, the
number increased from 2 to 13 in the first 20 ns, then fluctuated and reached a
maximum of 14 at 35 ns. For glycine, the number increased from 10 to 18 in the
first 15 ns, then fluctuated and reached 18 again at 45 ns. For proline, in the first 5
ns, the number increased from 5 to 11, then reached a maximum of 15 at 50 ns. In
general, the number of amino acid molecules reached to a maximum value around

14 to 18 and generally fluctuated within a small degree.

For sucrose, the number of molecules increased from 2 to 23 at the end. For glucose,
the number increased from 4 to 30 at 45 ns and then decreased to 28 at 50 ns. For
trehalose, the number increased from 2 to 26 at the end. For mannitol, the number
increased from 5 to 18 during the first 5 ns then decreased to 17 in the next 5 ns and
quickly increased again reached to 28 at 40 ns. For sugar molecules, the numbers
of molecules are again generally higher than amino acids. The number of glucose

molecules are the highest amongst all the sugar molecules.
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For cosolvents, the number of amino acid molecules have a similar trend to single
solvent. As the concentration is 0.25% of each solvent, the maximum number of
molecules varied from 8 to 11 which is a reasonable range. The maximum number

of sugar molecules within 5 A of the protein in the mixture varied from 13 to 18.

Time (ns)
Excipient 0 5 10 15 20 25 30 35 40 45 50
histidine 5 9 10 14 13 12 12 12 14 11 12
alanine 7 11 15 11 13 14 14 12 12 11 13
arginine 4 7 9 12 13 12 16 10 12 14 13
glycine 8 12 19 16 13 14 18 18 15 17 17
proline 4 8 10 10 12 13 8 10 11 10 10
sucrose 3 5 8 10 13 16 18 19 20 24 22
glucose 6 13 18 25 26 27 29 30 34 30 31
trehalose 0 4 8 10 12 13 14 15 16 18 19
mannitol 2 12 12 18 22 23 23 26 29 25 26
Time (ns)

Excipient 0 5 10 15 20 25 30 35 40 45 50
his_ala(HIS) 1 4 4 7 8 9 9 11 9 6 8

3 6 8 7 8 7 7 4 8 7 7
his_arg(HIS) 2 3 6 7 5 6 6 7 6 6 8

3 4 5 6 7 7 8 6 6 8 7
his_gly(HIS) 2 4 3 4 6 8 7 7 6 6 4

2 5 9 6 9 8 7 6 11 13 10
his_pro(HIS) 2 3 6 4 6 8 8 7 6 8 6

2 5 5 5 6 8 9 7 4
his_suc(HIS) 2 7 7 6 7 8 8 7 10 10 11

2 5 4 6 7 7 9 9 9 9 10
his_glu(HIS) 1 5 6 6 6 5 7 9 6 8 6

1 10 11 14 13 15 17 14 14 15 20
his_tre(HIS) 1 3 4 4 3 3 3 4 5 7 8

0 2 2 4 3 7 4 5 6 7 7
his_man(HIS) 1 3 6 4 5 5 6 8 8 9 8

1 8 7 8 9 10 11 13 15 15 16

Figure 49: For Fab2 from the whole mAb, the table on the top is the number of different solvent
molecules at 0.5% v/v pure solvent and the bottom is the number of different solvent molecules at

0.5% v/v of a mixture of histidine with other molecules in a 1:1 ratio.

For the other Fab region of the whole mAb, for histidine, the number of solvent
molecules increased from 5 to 14 in the first 15 ns then decreased to 12 and
plateaued, increased to 14 again at 40 ns. For alanine, the number increased from
7 to 15 in the first 10 ns, then fluctuated within a range of 11-14. For arginine, the
number increased from 4 to 16 at 30 ns, then decreased and fluctuated within a
range of 10-14. For glycine, the number increased from 8 to 19 in the first 15 ns,
then fluctuated between 13 to 18. For proline, the number increased from 4 to 13
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at 25 ns, then decreased to 8 in the next 5 ns and then plateaued. In general, the
number of amino acid molecules reached to a maximum value around 13 to 19

and generally fluctuated within a small degree.

For sucrose, the number of molecules increased from 3 to 24 at 45 ns and then
decreased to 22 at 50 ns. For glucose, the number increased from 6 to 34 at 40 ns
and then decreased to 31 at 50 ns. For trehalose, the number increased from 0 to
19 at the end. For mannitol, the number increased from 2 to 29 at 40 ns and then
decreased to 26 at the end. For sugar molecules, the numbers of molecules are
again generally higher than amino acids. The number of glucose molecules are the

highest amongst all the sugar molecules.

For cosolvents, the number of amino acid molecules still have a similar trend to
single solvent. The maximum number of molecules varied from 8 to 11 which is a
reasonable range. The maximum number of sugar molecules within 5 A of the
protein in the mixture varied from 7 to 17. Both Fab regions behave in a similar

way when considering the number of molecules within each region.

Looking back of all the analysis for simulations of the Fab region and for the
whole mADbD in the same set of excipients at same range of concentrations, RMSD,
RMSF, SASA, Rg, PCA and RDF, there is a higher chance that by running fab

region can give a reasonable representation of the whole mAb.

3.4.9 mAb in water

The paper by Xu and colleagues used histidine as the buffer, I also tried to use
water to compare how mAb behave differently in water and see if there are any
conformational changes at a longer timescale, so the simulation is 1 ps. The

RMSD and RMSF graphs are shown below in Figure 50 and 52.
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Figure 50: RMSD plot for all atomic simulation of NISTmADb in water. On the left is for the single

replicas and on the right is the average RMSD from 3 replicas.

From the RMSD plots of three replicas and the average plot, we can see that the
mADb in stable in water. There is a big jump at the beginning of the simulation for
all the replicas. For replica 1, there are larger fluctuations for the rest of the
simulation between 1.6 to 2.5. For replica 2 and 3, they are quite stabilised for the

rest of the simulation.

The jump at the beginning corresponding to the movement of the hinge region
which is the same scenario in different cosolvents. The beginning and last frame

of the 1 us simulation for replica 2 are shown below in Figure 51.

Figure 51: The first and last frames of the 1 ps atomic simulation in water.
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Figure 52: RMSF plots for NISTmAD in water and different concentrations of histidine.

The RMSF graphs shows the general trend of residue fluctuations is similar in
water and histidine. When the mAb is in 0.5% v/v histidine, the fluctuations were

higher compared to water and other concentrations.
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3.4.10 Coarse grained simulation - MARTINI and SIRAH

Due to the size of the whole mAb, it is too time consuming to run all the atomic
simulations in different cosolvents at a longer timescale. MARTINI CG was
employed at the beginning as it is a well-known force field and have been used a
lot in research. The simulation was initially carried out in water, as the 1 pus all-
atomic simulation suggested the mAb should be stable inside water. When I run
the first simulation, I didn’t put any elastic forces and one of the Fab regions
collapsed towards the rest of the mAb and remained for the rest of the simulation.
Then I tried to apply elastic forces from 50 to 500 kcalmol-1 in replicas,
sometimes the Fab region collapsed and sometimes it didn’t. The collapsing is
completely random, for example at 250 and 300, the Fab region was stable for 2
replicas and then collapsed at the last replica. I couldn’t decide on a suitable force
to run the simulation, so I decided to try to employ a different CG method.
Examples of the mAb in CG representation of the first and last frames are shown

below in Figure 53.

Figure 53: On the top left is the first frame of the CG model converted from atomic model and on

the top right is the last frame of stabilised situations. On the bottom left is the last frame of
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collapsed situation in CG model and on the left is the corresponding back mapped atomic model.

SIRAH force field was then used to convert the atomic structure to CG model and
run the simulations. The mAb was placed in water first and then different amino
acids were used as excipients. The first and last frames of CG model are shown

below in Figure 54.

Figure 54: On the top left is the first frame of the CG model converted from atomic model and on
the top right is the last frame when there is tiny movement of the hinge region. On the bottom left
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is the last frame of larger movement in CG model and on the left is the corresponding back

mapped atomic model.

When looking at the back mapped structure from SIRAH force field, the
movement of the hinge region is more reasonable than the MARTINI force field.
Then the mADb was placed in histidine, arginine, glycine, and proline. Alanine was
not used because when converted to CG model, it is the same as glycine. The

average RMSD graphs for four excipients are shown below in Figure 55.

2.5

RMSD (nm)

0.5
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Figure 55: RMSD plot for CG simulation of mAb in 25mM of histidine, arginine, glycine and

proline.

Histidine has a range of 1.555 to 2.032, arginine has a range of 1.943 to 2.869,
glycine has a range of 1.940 to 2.517 and proline has a range of 1.777 to 2.480.
Because there is no backbone selection of the CG model, the RMSD was
calculated for all the protein atoms. The values are a little higher than calculating
the RMSD for backbone only for the atomic structure. The huge jump at the first
200ns occurs because of the movement of the hinge region, then it increased in a
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small degree and then plateaued. The mAb seems to be more stabilised in
histidine and proline. The average RMSF graphs per bead for all the cosolvents

are shown below in Figure 56.
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Figure 56: The RMSF plot for CG simulation of mAb in 25mM of histidine, arginine, glycine, and

proline.

For CG simulation, it is mainly used to investigate the stability of the whole mAb
in a longer timescale. Like all atomic simulation, the CG simulation shows the
general trend of fluctuation of mAb is similar in different excipients. There are no
obvious conformational changes, and the radius of gyration lies between 4.77 to

5.45 nm.

Beginning with how the model of NISTmADb was built, cosolvent simulations in
amino acids: histidine, alanine, arginine, proline and glycine, sugars: sucrose,
glucose, trehalose and mannitol were carried out at different concentrations. The
chapter was mainly divided into two sections, one is results on Fab region, the
other is results on whole mAb. Within the whole mADb, it is further divided into
three sections, cosolvent simulations results, results for MD simulations in water

and CG simulations. The analysis of both Fab and whole mAb shows that Fab can
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be a reasonable representation for the whole mAb, therefore by running Fab
region only, less time is required, and all atomic simulation can be carried out in a

slightly longer timescale around 200 ns to 500 ns is possible.

Another hypothesis for this part of the project is RDF can be used as a possible
indicator for aggregation propensity. The correlation between RDF and B»: is the
key to this hypothesis. However, the results don’t fully support this hypothesis. A
weak correlation can be seen when amino acids were used as cosolvent as shown
in Figures 23 and 46. As mentioned in the chapter, there are too little points to
fully conclude the correlation. Also, to improve the comparison, a correlation
between RDF and kp can be investigated. Viscosity can be another property to be

considered.
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Chapter 4: Estrogen Receptor, NDP52 and L10rf1

In this chapter, three proteins named ER, NDP52 and L10rfl were introduced.
Simulations were running for each protein; experimental findings of these proteins

were also mentioned briefly.
4.1 Estrogen receptor

The first part of this chapter is focusing on estrogen receptor (ER) which is an
intracellular protein located in the cytosol. It belongs to the transcription regulator
superfamily, stimulates gene transcription when it is activated by estrogen hormone.
Steroid receptor ER can also be activated by steroid receptor coactivators (SRCs),
these coactivators can be recruited both in the presence or absence of ligand, for

example cyclin D1 can recruit SRC to ER without ligand binding.'!®

As a steroid hormone, estrogen affects growth and differentiation in mammals. It
exerts its effect by several possible mechanisms and the classical one is binding to
the nuclear receptor ERa and ERp. In this mechanism, estrogens diffuse into the
cell, binding to the receptors in the nucleus. Then dimerization occurs and the
complex will bind to estrogen response elements (EREs) in the targeted genes and
start transcription.!'® A conformational change within the ligand binding domain
(LBD) of the ER is induced upon binding and coactivators can be recruited.!!” ERs
can also regulate gene expression through protein-protein interactions, for example
with activator protein 1 (AP1) and then recruits the coactivators as well.
Nongenomic effects of estrogen can also occur using ERs located in or close to the

plasma membrane, their activation can simulate kinase activity.''®
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Figure 57 :The top panel is a schematic diagram of the mechanism of ER activation, cooactivators
can be recruited. And the bottom panel shows the domains of ER; N-terminal domain (NTD), DNA-
binding domain (DBD) and C-terminal ligand-binding domain (LBD).

In collaboration with Dr Wright’s group, the effect of methylimidazolium ionic
liquids (MILs) on the human estrogen receptor alpha (hERa) was investigated.
MILs are a class of ionic liquids with a positively charged N-alkyl chain
substituted methylimidazolium moiety, the cations always combine with anions
such as chloride to give the liquid salt."!” The ionic liquid 1-octyl-3-
methylimidazolium (M8OI+) was detected in soil in landfill site.'? M8OI has
been shown as an activator of the hERa using a transactivation reporter gene
assay'2! but the capability of other related MILs in activating the hERa remains

unclear.
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Chloride salts of 1-ethyl-3-methylimidazolium (EMI), 1-butyl-3-
methylimidazolium (BMI), 1-hexyl-3-methylimidazolium (HMI), M8OI and 1-
decyl-3-methylimidazolium (DMI) were examined for their stability in river water
and metabolic human liver. Metabolism couldn’t take place in short chain MILs
(EMI, BMI, and HMI), however long chain MILs (M8OI and DMI) can undergo

oxidative metabolism.

To model full-length ER, AlphaFold2!?? and other experimental data'?® were used,
a model of hERa LBD-DBD dimer was built. There are two possible models
fulfilled the site-directed mutagenesis and small-angle X-ray scattering restraints.
As shown below in Figure 58, one is the DBD-LBD interface as one monomer

and the other where domains are swapped.

A am

Figure 58: A schematic illustration of models drawn using PowerPoint where the DBD-LBD

interface comprises each monomer separately (left) and one where the domains are swapped

(right).

For molecular docking study, crystal structure of the ligand binding domain was
used. (PDB: 1QKU). Solvent mapping of the models identified two druggable

binding sites: an orthosteric (E2) binding site in each LBD domain and a smaller
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allosteric binding site at each LBD-DBD interface as shown below in Figure 59.

EMI is predicted to bind to the allosteric site.

Figure 59: LBD and DBD of ER shown as flat ribbons, binding sites are shown as red regions. The
allosteric site is inside the black rectangle. Picture is generated using Chimera, with ligands in the

binding pockets, solid surfaces of the ligands are shown to give the red regions.

MS8OI was predicted to bind to hERa at orthosteric site and the binding pose is

shown below.
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Figure 60: On the left-hand side showing M8OI bound to the orthosteric binding site in the hERa.

Non hydrogen atoms of M8OI are coloured by element. Side chains of ER involved in interactions

are shown. On the right-hand side are predicted binding modes BMI (cyan), HMI (pink) and M8OI

(light green) overlayed with the binding mode of BPA (PDB code: 3UU7, blue — a hERa agonist)
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and BPC (PDB code: 3UUC, grey - a hERa antagonist). The methylmidazolium rings of BMI,
HMI and M8OI overlay with the ring that is unique for BPA but not BPC (the area selected by the

red rectangle).

The toxicity and ER activation were assessed using ERa-HeLa-9903 cells. The
MTT activity was shown below in Figure 61. There is a dose-dependent decrease
in MTT activity when alkyl chain length increased, causing significant reductions

in MTT activity at lower concentrations.
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Figure 61: Effects of MILs and other ER-relevant compounds on MTT activities in ERa-HeLa-
9903. ERa-HelLa-9903 were treated for 48 hours. During the last 2 hours, cells were also
incubated with MTT prior to determination of MTT activity as outlined in methods section. Effect
of the indicated MIL on MTT activity (left panel). Right panel, example of vehicle and positive
controls routinely implemented within batch screens. Cells were incubated in control medium or

additionally with vehicle control (0.1% (v/v) DMSO) or 200 uM chlorpromazine.

Treatment with EMI up to 1 mM did not lead to a reduction in MTT activity. With
1 mM BMI showed significant reduction. Similar reductions in MTT activity

were seen with HMI, M8OI and DMI between 10-100 pM.
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The hERa activation is shown in Figure 62, EMI, BMI and HMI were activators
of hERa. M8OI was not positive for HeLLa 9903 cells as the lower concentration is

toxic to HelLa 9903 cells.

600 600 4
500 4
400 A

300 4

Luciferase Activity per well (% of control)
hERa activation

I Uﬂﬂ

Log;o [MIL] ®

Figure 62: On the left-hand side is effect of the indicated MIL on luciferase activity; On the right-
hand site is typical example of vehicle, OECD TG 4557 positive (E2 and equilin) and negative
controls (ketoconazole, spironolactone) routinely implemented within batch screens. Cells were
incubated in a control medium or additionally with vehicle control (0.1% (v/v) DMSO or

positive/negative controls (added from 1000-fold molar concentrated DSMO stocks).

MSOI is a known activator of hERa from experimental data, but whether the short
chain MILs will bind to hERa or not remains unclear. Our docking study agree with
the experimental findings that M8OI can bind to hERa and suggests short chain
MIL can bind to hERa as well. In vitro study by Dr Wright’s group shown that short

chain MILs are also activators of hERa, agrees with our docking results.
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4.2 NDP52

This part of Chapter 4 is about NDP52. Domains like PAS or LBD can be regarded
as “universal” intracellular sensors, yet this function is not limited to small molecule
binding domains such as PAS or LBD. A lot of domains that used to be classified
as scaffolding domains, can also exert the regulatory function, and be modulated by

small molecules and ions. A good example of such domain is coiled-coil motif.

NDP52 belongs to the nuclear dot family. It contains a coiled-coil domain with
redox-sensitive cysteines, upon oxidation leads to the formation of oligomers linked
by disulphide bonds which is crucial for mitophagy. In the resting state, the NDP52
is in the cytosol, and it is proposed once reactive oxygen species (ROS) generated
from damaged mitochondria, this triggers the oligomerization of NDP52 on the

surface of mitochondria.

N [ | C

Figure 63: The domains of NDP52; including SKICH domain, the LC3-interation region (LIR)

domain and coiled-coil domain.

The cargo receptor NDP52 is an autophagy receptor that can recognise
ubiquitinated mitochondrial surface proteins and form an autophagic vesicle
surround the mitochondria. Oxidation of NDP52 is required for PINK1/Parkin-
dependent mitophagy. It contains cysteine residues that are redox sensitive and
essential for disulphide bond formation and oligomerisation of the protein on

damaged mitochondria.!'**
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Monomer of NDP52 was obtained from AlphaFold 2.0'??, SKICH domains have a
good agreement with the published crystal structures (PDB codes: 3VVV, 3VVW,
5Z7A, 5Z77L, TEAA). The N-terminal SKICH domain and coiled coil domain

were the focus of this project.

The coiled coil domain of NDP52 starts from residue Thr137, ends with Met349.
To predict the multimer state of the coiled coil structure, CCFold'** and
AlphaFold-Multimer!?® were used, both showed a parallel dimer is preferred
being a native complex rather than trimers. This is also supported by experimental
data in Dr Korolchuk’s lab. The other probable state is tetramer (dimer of dimer),
the question is whether antiparallel or parallel model is favoured. AlphaFold
Multimer predicted antiparallel model as the best-scoring model whereas

CCBuilder2.0'?” predicted parallel tetramer as the best-scoring model.

The atomic modelling of dimer shows cysteines 163 and 321 can form C163-
C163 and C321-C321 disulphide bonds, likely stabilising the dimer. The position
of C153 is predicted to be away from the interface and can be involved in further
crosslinking. The C153-C153 disulphide bond can stabilise the tetramer in an
antiparallel conformation rather than the parallel conformation. Due to the
orientation of those two outward-facing C153 per tetramer, higher order NDP52
oligomers can be formed through disulphide bridges. There is a C18 residue
within the SKICH domain that can also contribute to the oligomerisation of

NDP52.
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Figure 64: The conformation of antiparallel NDP52 tetramer and residue interactions. The
schematic representation showing predicted orientation of cysteine residues in the coiled coil

domains of the tetramer.

Models of part of the coiled coil domain of NDP52 (137 - 177) were built in both

parallel and antiparallel orientation to start two sets of all-atom simulations in

water.
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Figure 65: Models of NDP52 coiled-coil domain. On the top is the antiparallel model and the last
frame after 100 ns atomic simulation. On the bottom is the parallel model and the last frame after

100 ns atomic simulation.

From the atomic simulation, we can tell that antiparallel orientation is more stable

compared to the parallel one.
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The NDP52 including the SKICH domain and coiled coil domain were built using
protein-protein docking of SKICH domain on coiled coil domain, connecting
loops were built by MODELLER. The model was then energy minimised. Full
atomic model was converted to MARTINI coarse grained model using MARTINI

version 2.2. A 500 ns simulation was carried out.
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Figure 66: NDP52 tetramer models including SKICH domain and coiled coil domain. On the top
left is the atomic model and on the right is the corresponding MARTINI model at the beginning of
the simulation. The bottom left is the MARTINI model at the end of the simulation and on the

right is the reverse mapped atomic structure.
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Figure 67: RMSD plot showing trajectories for 500 ns MARTINI coarse grain simulation of the

antiparallel tetramer with SKICH domains.

From the RMSD plot, we can see the NDP52 was highly stable, there was a sharp

rise in the first 20 ns and then the model was fluctuated within a 0.05 nm range.

From the experiments carried out by our collaborator, NDP52 forms DLC when
exposed to oxidative stress or mitochondrial damage. Cysteine residues 18, 153,
163 and 321 are involved in oligomerisation of NDP52. It is confirmed when
these four cysteines were mutated to serine, DLC cannot be formed when expose
to hydrogen peroxide. The number of higher order oligomers were reduced in the
mutants, which supports the finding that disulphide bridges can lead to
oligomerisation of NDP52. Oxidation and oligomerisation of NDP52 lead to
mitophagy is also supported by experimental data when C18, 153, 163, 321S

mutant and WT were introduced to Hela cell line.
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43 L1-ORFlp

The last part of Chapter 4 studies L10rfl. The long interspersed nuclear element 1
(LINE-1) is an autonomous non-LTR retrotransposon evolving in mammalian
genomes. ORFIp and ORF2p are two L1 encoded proteins required for
retrotransposition.!?® ORF1p is responsible for RNA binding and ORF2p has
endonuclease and reverse-transcriptase activities.!”” The process starts from
binding of RNA polymerase II with the 5’-UTR promoter region of LINE-1. This
will allow the transcription of full-length mRNA of LINE-1."° ORF1p and ORF2p
are translated in the cytosol, so the mRNA is exported to the cytosol and combined
to form a ribonucleoprotein (RNP) complex, which is the retrotransposition
intermediate.’*"" 1*> The RNP is then translocated in the nucleus and mediate

retrotransposition.
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Figure 68: The domains of LIORF1p; including coiled-coil domain, RNA recognition motif (RRM)

domain and C-terminal domain (CTD).

Research by Cook et al'** has shown there are highly conserved proline-directed
protein kinase (PDPK) target sites and docking motifs which are crucial for L1
retrotransposition. Serine PDPK sites in the ORF1p can interact with proline

isomerase Pinl which is a key component of PDPK-mediated regulatory pathway.

To study the interaction between ORF1p and Pinl and how it affects the

retrotransposition, computational simulation and experiments were carried out.
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For computational simulation, a model of Orflp was built based on a hexamer of
coiled coil domain (PDB: 6FIA) and RRM and CTD (PDB: 2LDY), the N-
terminal disordered region is built according to AlphaFold. Pinl (PDB:7EFJ) was
also added.

Figure 69: Computational model of ORF1p and Pinl. The ORF1p was displayed using rainbow

description from N terminal to C terminal. Pinl was coloured dark grey.

Mutation was introduced to the protein, Serl18 and Ser27 were mutated to
phosphorylated serine according to the paper these two are potential
phosphorylation sites'**, Argl41 was then mutated to alanine based on our
hypothesis as it might interact with Pinl, the R141A mutant were also tested in
cells by Dr Shukla. Two sets of simulations were carried out, one set is 50 ns all-
atomic simulations for part of the ORF1p and full Pinl. The other set is 1 ps

martini CG simulation for the full structure.
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Figure 70: Top one is the all-atomic structure for overlapping of starting point and the last frame
from WT, S1827A, S1827R141A. Bottom one is the CG structure for overlapping the starting
structure and the last structure from WT, S1827A, S1827R141A. The ORF1p was coloured tan,

cyan, light green and pink respectively. Pinl was coloured blue, forest green, orange and red.

We can tell from Figure 70, for all simulations, the N terminal disordered loop
moved towards the coiled coil region and the coiled coil region is quite stable.
Pinl moved slightly relative to ORF1p position. The last frame of all-atomic

structure for S1827R141A mutant shows that Pin1 moved quite far away from

ORF1p but in the CG simulation, the movement is not obvious.
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Figure 71: RMSD plots for trajectories of WT in black, S1827A in red and S1827R141A in green.

On the left is 50 ns all-atomic simulation and on the right in 1 pus CG simulation.

For most of the simulation, there was a huge jump at the beginning and then
fluctuated within a smaller range. The huge jump could because of movement of
disordered loop. For all-atomic simulations, WT and S1827A reaches a similar
value of 1.5 nm at 15 ns and 5 ns respectively. For S1827R141A, the RMSD was
still increasing at a slower rate. For CG simulations, all of them fluctuated at a

smaller extend up and down after they reached the stable conformation.

The purpose of this study is investigating how mutations affect the interaction
between Orflp and Pinl. For successful L1 retrotransposition, phosphorylation of
Orflp need to take place at proline-directed protein kinase (PDPK) sites. Pinl
binds to phosphorylated S/T-P motifs in Orflp and plays a mechanistic role in L1
retrotransposition. By placing Pinl close to S18 and S27 which are S-P motifs,
running MD simulations for different mutants, observations were focused how
Pinl affect Orflp. When R141 was mutated into alanine, Pinl seems went apart to
a small extent. Experiments done by Dr Shukla suggested retrotransposition was
not affected by the mutation. It’s just the start of a project, the relationship
between Pinl and Orflp and how the interaction affect retrotransposition remains

unclear.

107



For this chapter, we successfully showed the docking of short and long MILs to
hERa in the binding sites and the experimental results agree that MIL are
activators of hERa. From the computational docking study, the activation of hERa
by MIL can be studied at an atomic level, the binding sites can be visualized

which is an advantage over experimental study.

For the NDP52 study, simulations showing the importance of cystine residues, and
the disulphide bridges are required for the stabilisation of the tetramer. Mutations
from cysteine to serine reduces oligomerisation can be explained by the disruption
of disulphide bridges, this reducing of oligomerisation affects mitophagy

supported by cell studies.

As for Orflp, there is no useful information learned from both computational and
experimental studies. It is still early stage of research, the hypothesis of mutants
of Orflp have less interaction with Pinl and retrotransposition would be affected

needs more simulations and experiments to prove.
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Chapter 5: Conclusions and Future Work

Multiscale molecular modelling and solvent mapping techniques can enable in
silico predictions stability of proteins at different environments, once there is a
reliable starting structure of the protein of interest available. Traditionally, it used
to be experimental structures (obtained by X-ray crystallography or NMR), but
models obtained by either homology modelling techniques or the cutting-edge

tools such as AlphaFold may be successfully used.

Assessment of stability of protein therapeutics (mAbs) in different cosolvent
solutions requires combining coarse-grain and all-atom techniques to investigate
all relevant conformations of a large protein and putative binding pockets that
may accommodate interacting cosolvents. Performing the all-atom MD
simulations proved to be a necessary post-processing step for the coarse grain
mAb models. Based on the results, the workflow proposed in this thesis could
contribute to aid in risk assessment of early development of new formulations for

therapeutic mAbs.

The workflow combining molecular modelling, multiscale simulations, and
cosolvent mapping, developed for the formulation studies, can be readily
transferred to study of biological phenomena. Examples provided in this
dissertation involve large, highly flexible yet structurally and functionally diverse
proteins. One of them, NDP52, is the redox-regulated key mitophagy receptor,
which ability to sense ROS generated by damaged mitochondria is required for
the efficiency of mitophagy. Multiscale modelling workflow assisted in gaining
the understanding of the role of specific cysteine residues crucial for NDP52 ROS
sensing, and also supported a particular arrangement of NDP52 oligomers,
developing a structure-based model of redox-triggered NDP52 oligomerisation.
The model has been supported by experimental data such as immunoblotting and
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site-directed mutagenesis. The future work needs to validate NDP52 as a potential
new therapeutic target, wherein identification of “druggable” sites and states,
assisted by multiscale molecular modelling techniques can facilitate the drug
discovery process, aiming to combat diseases associated with the loss of cellular

homeostasis and enhance healthy ageing.

Another example covered in this work, namely L1 Orflp, and its putative
interactions with peptidyl-prolyl isomerase Pinl. In the absence of experimental
structure of the complexes, the full-length L1Orflp protein has been modelled in
functionally relevant oligomeric states, its dynamics have been evaluated using
coarse-grain and all-atom MD simulations, and its interactions with Pinl have
been investigated using protein-protein docking followed-up by MD simulations.
This workflow allowed for identification of specific mutants which are likely to
have an effect on Orflp complexes with Pinl. Future works will require

experimental validation of those mutants.

Finally, the workflow tested herein contributed to the explanation of the molecular
mechanism underlying endocrine disruption by small molecular
methylimidazolium liquids (MILs) confirmed in vivo in animal studies. These
cosolvents are used in industrial processes such as biofuel production and are
considered to be environmentally safe. The workflow predicted MILs binding to
both the estrogen binding site (orthosteric) and a newly identified, allosteric site
on the human estrogen receptor alpha. Based on structure-activity considerations
involving both computational and experimental approaches, some MILs and their
metabolites may remain a hazard to the population. The results indicate that MILs
have the potential to exert adverse effects to humans, other animals and the
environment in general. Future works will involve wider search on other putative
molecular targets for those MILs and need to address the safety concerns

highlighted by the work presented in this thesis.
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The first billion atom simulation was done for a coarse-grained model of GATA4
gene locus, using 130,000 processor cores in 2019.!3* Recently, a whole cell of
JCVI-syn3A which is a minimal cell was built at CG level, but simulations cannot
be done yet. The whole system contains 561 million beads representing more than
six billion atoms including water and ions.!** The development of software and
computing resources will allow the simulation of much more bigger systems in

the future.

For this project, only one Fab region/mAb was simulated in the simulation box
due to the time limit, if there is sufficient time and computing power, ideally more
proteins can be put in the simulation box so the interaction between proteins can
be clearly observed, and aggregation might happen at certain parts of the protein,
the results could be more helpful towards understanding the cause of aggregation

at an atomic level.
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A 1: The average RDF plots of fab region of 3 replicas in 0.5% v/v solvents. The top graph is in
single solvents - histidine, alanine, arginine, glycine, proline, sucrose, glucose, trehalose, and
mannitol. The bottom graph is in a mixture of two solvents, 0.25% v/v histidine as the buffer with

0.25% v/v of the solvents mentioned above, pure histidine line was kept as a comparison.
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A 2: The average RDF plots of fab region of 3 replicas in 2.5% v/v solvents. The top graph is in
single solvents - histidine, alanine, arginine, glycine, proline, sucrose, glucose, trehalose, and
mannitol. The bottom graph is in a mixture of two solvents, 1.25% v/v histidine as the buffer with

1.25% v/v of the solvents mentioned above, pure histidine line was kept as a comparison.
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A 3: The average RDF plots of fab region of 3 replicas in 5% v/v solvents. The top graph is in single
solvents - histidine, alanine, arginine, glycine, proline, sucrose, glucose, trehalose, and mannitol.
The bottom graph is in a mixture of two solvents, 2.5% v/v histidine as the buffer with 2.5% v/v of

the solvents mentioned above, pure histidine line was kept as a comparison.
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A 4: The average RDF plots of fab region of 3 replicas in different solvents. The top graph is in
single solvents — 25 mM histidine, 200 mM alanine, 171 mM arginine, 200 mM glycine, 200 mM
proline, 300 mM sucrose, 300 mM glucose, 300 mM trehalose, and 300 mM mannitol. The bottom
graph is in a mixture of two solvents, 25mM histidine as the buffer with solvents mentioned above,

pure histidine line was kept as a comparison.
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A 5: Average RMSF graphs showing the fluctuations of each residue of the light and heavy chains
of the fab region in different 0.5% v/v single solvents. The top one is the light chain and the bottom

one is the heavy chain.

129



0.3

histidine
his_ala
0.25 his_arg
his_gly
— ~—— his_pro
E 0.2 — his_sucrose
£ his_glucose
& his_trehalose
E 0.15 his_mannitol
-3
0.1
0.05
50 100 150 200
Residue
histidine
0.35 his_ala
his_arg
0.3 his_gly
—_ — his_pro
E 0.25 ——— his_sucrose
.E, his_glucose
ul-l-_j 0.2 his_trehalose
s —— his_mannitol
x (.15
0.1
0.05
50 100 150 200
Residue

A 6: Average RMSF graphs showing the fluctuations of each residue of the light and heavy chains
of the fab region in different 0.5% v/v cosolvents. The top one is the light chain and the bottom one

is the heavy chain.
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A 7: Average RMSF graphs showing the fluctuations of each residue of the light and heavy chains
of the fab region in different 2.5% v/v single solvents. The top one is the light chain and the bottom

one is the heavy chain.
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A 8: Average RMSF graphs showing the fluctuations of each residue of the light and heavy chains
of the fab region in different 2.5% v/v cosolvents. The top one is the light chain and the bottom one

is the heavy chain.
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of the fab region in different 5% v/v single solvents. The top one is the light chain and the bottom

one is the heavy chain.
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the heavy chain.
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of the fab region in different cosolvents at paper concentrations. The top one is the light chain and

the bottom one is the heavy chain.
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A 12: The average RDF plots of the whole mAb of 3 replicas in 0.5% v/v solvents. The top graph is
in single solvents - histidine, alanine, arginine, glycine, proline, sucrose, glucose, trehalose, and
mannitol. The bottom graph is in a mixture of two solvents, 0.25% v/v histidine as the buffer with

0.25% v/v of the solvents mentioned above, pure histidine line was kept as a comparison.
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A 13: The average RDF plots of the whole mAb of 3 replicas in 2.5% v/v solvents. The top graph is
in single solvents - histidine, alanine, arginine, glycine, proline, sucrose, glucose, trehalose, and
mannitol. The bottom graph is in a mixture of two solvents, 1.25% v/v histidine as the buffer with

1.25% v/v of the solvents mentioned above, pure histidine line was kept as a comparison.
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A 14: The average RDF plots of the whole mAb of 3 replicas in 5% v/v solvents. The top graph is
in single solvents - histidine, alanine, arginine, glycine, proline, sucrose, glucose, trehalose, and
mannitol. The bottom graph is in a mixture of two solvents, 2.5% v/v histidine as the buffer with

2,5% v/v of the solvents mentioned above, pure histidine line was kept as a comparison.
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A 15: The average RDF plots of the whole mAb of 3 replicas in different solvents. The top graph is
in single solvents — 25 mM histidine, 200 mM alanine, 171 mM arginine, 200 mM glycine, 200 mM
proline, 300 mM sucrose, 300 mM glucose, 300 mM trehalose, and 300 mM mannitol. The bottom

graph is in a mixture of two solvents, 25mM histidine as the buffer with solvents mentioned above,

pure histidine line was kept as a comparison.
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A 16: Average RMSF graphs showing the fluctuations of each residue of the of the whole mAb in
different 0.5% v/v single and cosolvents. The top one is in single solvents and the bottom one is in

cosolvents.
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A 17: Average RMSF graphs showing the fluctuations of each residue of the of the whole mAb in
different 2.5% v/v single and cosolvents. The top one is in single solvents and the bottom one is in

cosolvents.
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A 18: Average RMSF graphs showing the fluctuations of each residue of the of the whole mAb in
different 5% v/v single and cosolvents. The top one is in single solvents and the bottom one is in

cosolvents.
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A 19: Average RMSF graphs showing the fluctuations of each residue of the of the whole mAb in

different cosolvents at paper concentration.
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