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Abstract

Complex carbohydrates (glycans) are the most abundant biopolymers in Nature.
They functionalize proteins and lipids and form a thick coating on the surface of
cells, which facilitates the cell's movement and its interaction with toxins, viruses,
and other cells. This is usually accomplished through a "handshake" recognition
between proteins and glycans. Many proteins have their surfaces decorated with
glycans (or glycosylated). It is known that the type of glycans present can
in uence the protein's function and stability. In my extensive research, | employed
thorough molecular dynamics (MD) simulations to delve into the subtle yet crucial
modi cations a ecting the N -glycan architecture in various biological contexts.

| investigated modi cations involving core a(1-3)-Fuc and b(1-2)-Xyl in standard

N -glycoforms found in plants and invertebrates, known to be immunogenic in
humans. MD simulations disclosed notable changes in the 3D structure and
dynamics of N -glycans, underscoring their pivotal role in selective recognition by
lectin receptors and antibodies. The detailed, atomistic-level analysis emphasised
that these functionalizations predominantly impact the local spatial vicinity of
the modi ed monosaccharide. Consequently, a novel approach was proposed that
employs structural 3D units or glycoblocks to predict the architecture d -glycans.

My focus shifted to characterising human oligomannos&l -glycans free and
glycosylated on the CD16a Fc Receptor(Fc Rllla). Through conventional MD
simulations, | unraveled a complex architecture shaped by a network of transient
hydrogen-bonding interactions. Specic glycoforms exhibited distinct sets of
constraints, determining the accessibility for further functionalisation and shedding
light on glycoform-speci c interactions in modulating antibody-dependent cellular
cytotoxicity (ADCC).

Then 1 investigated the impact of SARS-CoV-2 SN -glycosylation variations on
protein function. MD simulations revealed that altering the size oN -glycans at
speci ¢ sites in uenced the stability of receptor binding domain (RBD) conforma-
tions, providing insights into the structural dynamics of the virus and potential
implications for viral infectivity. Comparative analysis of ancestral sequences
suggested the contribution of changes in the topology of the glycan shield to the
increased activity of SARS-CoV-2 relative to closely related coronaviruses.

Lastly, | explore the role of C-mannosylation in Thrombospondin Type 1 Repeats
(TSR) in proteins, focussing on TSR 1 in BAILl. MD simulations highlighted
position-speci ¢ e ects and the profound inuence of the glycan type on sta-
bility. The transition between glycan types, including a-mannose, a-rhamnose,
a-quinovose, andb-mannose, unveiled nuanced impacts on folding energy and
structural dynamics, o ering valuable insights for therapeutic protein engineering
and drug development.

These ndings enhance our understanding of the intricate relationships between

Vi
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glycan dynamics and protein function, paving the way for novel approaches in gly-
coscience research and therapeutic interventions.
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1 CHAPTER 1: INTRODUCTION

1 Chapter 1: Introduction

1.1 Aims and objectives

My Ph.D research, described in this thesis, was aimed at characterising the
sequence-to-structure-to-function relationships in glycans through the use of high-
performanhelping touting (HPC) simulation. These relationships can be broken
down into two main overarching categories:

1. Sequence to structure : The relationship between the seshielding. Asnosac-
charides and their ensemble of 3D structures of the resulting polysaccharide.

2. Structure to function : The biological n the functional role of N370. to each
glycan structure and its direct links to the spatial arrangement and exibility
of the branches and on their conformational exibility.

Throughout my Ph.D. | performed extensive sampling by molecular dynamics
(MD) simulations of both glycans and glycoprotiens. Through my work some of
it published in peer-reviewed publications and some of it yet to be published, |
have shown that the structure of glycans are not random and that knowing the
structure of these glycans gives us insight into the functional role they play when
they are linked to glycoproteins. In this chapter, | will introduce the background
of my work and describe how the insights | gathered through molecular simulations
contributed signi cantly to our understanding of the relationship between sequence
and structure to functional in glycans.

In Chapters 2 to 5 | will present speci ¢ case studies that | worked on during my
Ph.D. some of which are reproduced verbatim from the published paper. These are.

Sequence to Structure

Chapter 3: How and why plants and humarN -glycans are di erent. Insight from
molecular dynamics into the \glycoblocks" architecture of complex carbohydrates.

Chapter 4: OligomannoseN -Glycan 3D Architecture and Its Response to the
Fc Rllla Structural Landscape.

Structure to Function
Chapter 5: Fine-tuning the spike Role of the nature and topology of the glycan
shield in the structure and dynamics of the SARS-CoV-2 S.

In Chapter 6 | present my most recent work on Role of C-Mannosylation in the
Folding and Stability of TSR Domains TSR Domains and C-Mannose. We hope to
have these results published in the near future.

The Introduction, Computational Methods, and Discussion and Conclusions are
original works to this thesis.
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1.2 Glycans

Complex carbohydrates, also known as glycans, are the most abundant biomolecule
in nature. They are highly diverse and serve a wide range of biological purposes.
Monosaccharides are the basic unit of glycans. They have the general formula
(CH,0), and are classi ed formally as polyhydroxyl aldehyde and/or ketones, see
Figure 1.1. The dierences between natural monosaccharides can be extremely
subtle and often consists of only symmetry. For example, sugars can bDeor L
based on the absolute con guration of the sterogenic carbon centre farthest carbon atom
from carbonyl carbon, which is known as anomeric carbon; see Figure 1.1

Figure 1.1: The two con gurations of glucoseD- and L-, are shown as its acyclic form
(illustrated as the Fischer projection above) and its cyclic form (in the *C; conformation)

[1].

In solution, these monosaccharides are found in cyclic forms, which are ve- or six-
membered rings shown in Figure 1.1. These rings adopt major conformations known
as "Chairs" which can be in4C; or 1C4 [2] (depending on which carbon points up / down)
and will frequently interchange between other less populated conformations under normal
physiological conditions in a complex energy landscape [3]. A Cremer-Pople sphere [4] is a
three-dimensional representation of a monosaccharide molecule, which is used to visualise
the spatial arrangement of atoms in the molecule. It is a useful tool for understanding the
structure of monosaccharides when the Stodart diagram is superimposed on it, wheft€;
and 1C, at their respective poles; see Figure 1.2 which shows the possible arrangements
that a pyranose may take.
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Figure 1.2: Main ring conformations a pyranose may take shown on a Cremer- Pople
sphere with the Stoddart diagram projected onto it. Adapted from reference [5]

Cyclisation of pyranose provides an additional asymmetric sterocentre in the C1 anomeric
carbon, which means that monosaccharides can be described as)(or ( ) depending on
the position of the hydroxyl group of C1 relative to the plane of the ring. Monosaccharides
with di erent stereochemistry in any of their chiral carbon atoms, in a single chiral
carbon, are called epimers [6].

The formation of oligosaccharides and polysaccharides is enabled via a condensation
reaction between di erent or identical monosaccharides forming glycosidic bonds. This
wide range of possibilities in glycosidic linkages is due not only to the selection of
monosaccharides, but also to the way in which they are bonded. If there where only
one way to link monosaccharides, the number of potential glycans would be comparable
to that of amino/nucleic acids. However, the ability to make glycosidic bonds between
the anomeric carbon of one sugar and any other hydroxyl group in another mono
or oligosaccharide greatly increases the number of potential glycans, allowing for the
formation of both linear and branched products in which more than one hydroxyl group
on a given sugar is used to make glycosidic bonds. Furthermore, each anomeric carbon is
a stereogenic centre (as described above), which means that each glycosidic linkage can
be constructed in con guration or . Examples of the branched nature of glycans are
shown in Figure 1.3.

Taking into account the two anomeric con gurations, the combination of two di erent
hexoses, such as glucose and galactose, leads to sixteen theoretically possible disaccharides.
As the number of monosaccharides in an oligo- or polysaccharide increases, the number
of possible regioisomers and stereoisomers also increases exponentially [7] resulting in an
immense number of distinct glycans. Fortunately, glycan sequences are not randomly
synthesised in biological systems, indicating that sequence and branching are essential for
glycan functions in biology.
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Figure 1.3: Examples showing the branched nature of oligosaccharides / glycans
adapted from reference [1]

1.3 Glycosylation

Glycans form covalent bonds with other biomolecules, such as proteins [1], lipids [8, 9],
and nucleic acids [10], to form glycoconjugates. In this work | will discuss glycosylation
of amino acids and proteins. Depending on the particular amino acid, there are di erent
types of glycosylation that may occur. In this thesis, | will primarily explore N -linked
glycosylation, which is so named because the glycan is attached to the amide group
of an asparagine amino acid residue (Asn). The topic of glycosylation is described
in Chapters 3 and in 4. Furthermore, O-linked glycosylation is where the glycan is
chemically bonded to the protein through a hydroxyl group of a serine amino acid
residue (Ser) or a threonine amino acid residue (Thr) in a protein. There is also a less
common form of glycosylation known as C-linked glycosylation [11], where mannose is
linked to the CD1 atom of a tryptophan residue, which is the topic discussed in Chapter 6.

Protein-linked glycans can be modied by extending one monosaccharide at a time via
glycosyltransferases or, in the case df -glycosylation, by a combination of extension via
glycosyltransferases and fragment trimming with glycosylhydrolase. The sequence of a
glycan is determined by a competition between many glycan processing enzymes that
can select the same substrate in a stochastic manner. As a result, glycosylation can be
classi ed as microheterogenous [12]. Consequently, factors such as accessibility of the
glycosylation site, expression levels of glycan processing enzymes, availability of sugar
donors, and the localisation of enzymes within cellular organelles are all important in
determining the glycan sequence, and the glycan sequence can also vary even within the
same glycosylation site leading to what is known as macroheterogeneity of the glycoforms.
Glycosylation follows an extremely complex order of events tightly regulated by enzy-
matic reactions [13{16], supporting the notion that there are sequence-structure-function
relationships at play here.

N - and O-linked glycosylation are the two most common types of post-translational mod-
i cation in eukaryotes. Both processes occur in the cell secretory pathway, which involves
the movement of newly synthesised glycoproteins through the endoplasmic reticulum and
the Golgi apparatus. N- and O- linked glycans may be similar in the sense that they
are both complex carbohydrate, they di er in the type of sugar that is attached to the
protein; see Figure 1.3. There are considerable distinctions betweeN - and O-linked
glycosylations. To start, O-linked glycosylation forms an O-linked bond to serine (Ser) or
threonine (Thr) residues. The synthetic pathway is initiated primarily by enzymes located

4
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in the Golgi apparatus, where the addition of sugar to the newly formedO-glycosylation
site is an enzymatic stepwise addition from various cores [17] facilitated exclusively by
glycosyltransferases. N -linked glycosylation is facilitated by the action of glycosidases
and glycosyltransferases. A distinctive feature ofN -linked glycan production is the
partial removal of fragments by glycosidase enzymes to make way for glycosyltransferases
to further decorate mature N -glycans along a nontemplated pathway.[12]. TheN -linked
glycosylation process starts in the endoplasmic reticulum, where a 15 monosaccharide
long intermediate glycan is attached, the N -glycan is transferred en bloc to a newly
translated glycoprotein through the oligosaccharyltransferase (OST) complex and then
down by mannosidases, which has a consensus sequence of Asn-X-Ser/Thr (where X is
any amino acid except proline) [18]. The eventual transfer to the Golgi apparatus for
further and more elaborate processing [19] see, Figure 1.4.
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Figure 1.4: Biosynthesis oiN-Glycans showing the transfer of a GIcNAc3Man 9
en blocto a translated protein in the rough ER which is then taken into the Golgi
apparatus to be further functionalised. Adapted from reference [1]
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N -linked glycans have a common pentasaccharide core that is not a ected by glycosidase
enzymes; see Figure 1.5, unlik®-linked glycans that may have multiple core structures
[17], due to the exclusive action of glycosyltransferased0-glycosylation does not yet have
a known consensus sequence protein sequence.

Figure 1.5: Main types ofN -glycosylation. To note how all types share a common
pentasaccharide core linked to the protein through an Asn within an NXS/T sequon
where X is any amino acid but Pro. Adapted from reference [1]

1.4 Studying Glycans

The biological pathway that regulates N -glycosylation is awesome, complex and much
less is known about it than an idealistic diagram may suggest; for example, the 3D
structure of the OST complex has only been resolved relatively recently via cryogenic
electron microscopy (cryo-EM) [20]. Biological pathways are dependent on intricate
networks of molecular interactions that are regulated thermodynamically, with the t
between binding partners and structural complementary components being the primary
drivers in recognition. Recent developments in structural biology have been instrumental
in helping us gain insight into these dynamic events at the atomic level, providing us with
a better understanding of the biological processes that they control. Recent advances in
cryo-EM have become a powerful tool for the determination of macromolecular structures
[21{24]. These additional advancements have allowed for the visualisation of some
of the larger complexes [20, 25, 26], in nature: in addition to X-ray crystallography
and nuclear magnetic resonance (NMR), which remain the most commonly used tech-
niques to deposit structures in the RCSB Protein Data Bank (PDB) (PDB; www.rcsh.org).

Recently, a remarkable achievement in biomolecular structure determination was reached
with the help of high-performance computing. Advanced machine learning (ML)
algorithms were created to accurately predict the three-dimensional structure of proteins
from their amino acid sequence [27{29]. Carrying on this momentum Google's DeepMind
in collaboration with European Molecular Biology Labratory, European Bioinformatics
Institute (EMBL-EBI) created a database of predicted 3D structures, which covers the
entirety of the human proteome and the proteomes of chosen model organisms, has been

7
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the result of a great e ort. This database currently includes 48 complete proteomes [30].

All of these remarkable breakthroughs have one thing in common: protein structure.
Glycans, which are the focus of this thesis, are often not present or partially resolved, often
in distorted, peculiar, or even implausible forms [31]. The lack of glycans is not caused
by a collective blindness of experimental techniques from the entire structural biology
community. But it is due to the fact that glycans are simply very di cult to characterise

by traditional structural biology techniques such as X-ray crystalography and cryo-EM
[32]. It is dicult to crystallise glycoproteins and in an e ort to make crystallisation
easier, it is common to remove partial or complete glycans from proteins[32, 33]. In
terms of structural characterization by cryo-EM, the rapid conformational dynamics and
microheterogeneity of glycans make it di cult to identify them [12], with the resulting
structures usually showing only the rst or two least exible monosaccharides directly
linked to conformationally stable protein regions. Very recent advances in scanning
tunnelling microscopy (STM) have allowed the observation of glycans bonded to proteins
and lipids at the single-molecule level [34].

The lack of experimental data on the shapes of glycans can now be remedied by means of
library-based 3D structural approaches. Through a proof-of-concept implementation in
Privateer [35], equilibrium glycan structures obtained from conformational sampling can
be chemically linked to target proteins[36]. Atomistic molecular simulations can provide
information on the speci ¢ dynamics of di erent glycan structures [37{39], and how they
can be used directly to complement protein structures.

Recent technological advances in high-performance computing and the sophistication of
empirical all-atom additive force elds have enabled classical MD or stochastic simulations
to generate informative 3D glycan structural ensembles. Through complete or su cient
sampling based on MD simulations (details of which are discussed in Chapter 2) of
free glycans in aqueous solution [38], it has been revealed that glycans are highly
exible biomolecules, yet their conformations are not random. Furthermore, their 3D
conformational space is sequence-dependent and thus glycan-specic. This is the rst
topic that my research has helped to elucidate.

1.5 Sequence-to-Structure Relationship in Glycans

Glycans can be considered to be intrinsically disorderd molecules because of their lack
of structural data from the experiments and their dynamic nature. The complexity
and variety of their structural arrangements are the consequence of a combination of
factors, such as the electronic structure of the monosaccharide rings and the non-covalent
intramolecular interactions between glycans, which depend on the sequence and branching
[40]. The glycosidic bonds are the most dynamic of the covalent linkages. The complexity
of glycans is further increased by the fact that each major conformer has a high level of
exibility, allowing the torsion angles of the two-bond glycosidic linkages to be highly
exible, namely (O1-C1-Ox-Cx) and (C1-Ox-Cx-Cx + 1), and the three-bond
glycosidic linkages, namely , , and! (06-C6-C5-C4), can vary within a range between
10 and 20 [38, 40] What the research group has uncovered is that we can quantify
this degree of conformational disorder by clustering analysis of MD data from exhaustive
sampling.
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In Chapter 3, | examine the consequences of sequence alterations, such as the addition of
b(1-2)-linked Xyl to the central Man of the core pentasaccharide, A modi cation commonly
seen in plants and complexN -glycans of invertebrates. For example, we show through
multimicrosecond cumulative MD sampling revealed that the inclusion of Xyl signi cantly
shifts the conformational equilibrium.

Figure 1.6: The top panel in blue shows the most populated structures of the mam-
malian biantennary complexN -glycan A2G2. The most common conformation is
closed, which is characterised by the 1-6 arm folded over the chitobiose core (1-6
arm torsion angle values: =75 ( 12); =93 ( 11); ! = 48 ( 8); pop 74%).
This was determined by three MD trajectories of 250 ns each, for a total of 750 ns,
as reported in Ref.[40]. The bottom panel in green displays the highest populated
structures of the mammalian xylosilated compleX -glycan. The most open confor-
mations are far more enriched due to xyliose with open torsion angles= 70 ( 9);

=-174 ( 15); ! =56 ( 8); pop 40%); and fold arm torsion angle values (1-6):
=72 ( 9); =104 ( 11);!=56 ( 7), pop 57%).

An illustration of the sequence-to-structure relationship is presented in Figure 1.7 and
the lower panel is an introduction to the work done in Chapter 4 of the CD16a molecule.
The Man5 N -glycan located at N45 of the human CD16a molecule has a single favoured
conformation while being bound to the protein out of the four potential options. The
1-6 arm is able to t in a space between two structural domains of the CD16a molecule
and as a result selects that conformation preferably. Man5 at position N162 is exposed
to the solvent and has the same conformational characteristics as when it is not bound to
anything. Extensive sampling of Man5 in N45 revealed its ability and inclination to insert
the arm 1-6 into accessible clefts, which explains why this site has been discovered to be
especially abundant in hybrid N -glycans [41]
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Figure 1.7: Panel a) The human CD16a (FgRIlla, PDB 3SGK) protein is depicted
in grey with a solvent-accessible surface, and ti-glycan fragment at Asn 45 and a
Man6 structure at N162 in a distorted shape (sticks with purple C atoms and red O
atoms). Panel b) Structural snapshots taken every 45 ns from aus MD trajectory
of the human CD16a, withN -glycosylation at Asn 45 and Asn 162 with Man5 (in
sticks), were generated by matching Man5 3D equilibrium structures obtained in
solution. The graphical representation was done with PyMOL (www.pymol.org).

1.6 Structure to Function Relationships

An example of structure-to-function relationships in glycans is discussed in Chapter
5, dedicated to the study of the N-linked glycosylation of SARS-CoV-2 spike (S)
glycoprotein. The SARS-CoV-2 S protein is densely covered b -glycans, also known as
a glycan shield. This shield may have evolved for a variety of reasons, such as helping
fold the spike, maintaining structural integrity [42, 43], and providing a protective barrier
against recognition by the adaptive immune system, also known as shielding. As a key
functional change in this shield, which appeared for the rst time in SARS-CoV-2, the
T372A mutation caused the loss of glycosylation at N370 functional role. MD simulations
presented and discussed in Chapter 5 show that the presence of N370 stabilises the
receptor-binding domain (RBD) in a closed conformation. The lack of a N370 glycan site
in SARS-CoV-2 can be explained by this.

The spatial availability of glycosylation sites has a direct correlation with the local topol-
ogy of the glycoprotein [12, 44]. MD simulations carried out in the context of the S
glycoprotein have revealed that the N -glycan at position N234 is among the least acces-
sible in both the closed and the open S conformations, see Figure 1.8. This explains why
large oligomannose-type glycans are so abundant at this site [42, 45]. MD simulations
presented in Chapter 5 demonstrate that Man 9 stabilises the open conformation and its
motion of the RBD [42]. When MD simulations were performed [42], it was observed
that the N234 glycan is capable of entering and lling the gap left by the opening of the
RBD, thus stabilising it. This is also supported by the N165 and N343 glycans, which
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are shown in Figure 1.8. In fact, deleting these glycans through single-point mutations
of N234A, N165A, and N343A leads to a signi cant decrease in binding to the ACE2
receptor [42, 43, 46]. No single-point mutation was able to completely eliminate binding,
which implies that multiple residues are involved in the opening of the RBD [42, 43].
MD and cryo-EM studies have revealed that glycosylation in N343 is essential to control
the opening and closing of the RBD [43]. Combined a ect ofN -glycans at glycosylation
sites N165, N234, and N343 with the surrounding protein help maintain the orientation
and movement of the open RBD conformation, allowing for various orientations, and thus
facilitates receptor recognition.

Figure 1.8: Role of glycans in stabilizing dynamics of RBD of spike glycoprotein
adapted from reference [47]

Thrombospondin repeat (TSR) proteins are known for their role in cell-matrix interac-
tions and the regulation of cellular activities. In Chapter 6, we present a novel Structure
to Function relationship involving C glycosylation patterns. The MD simulations were
conducted to investigate the structural and dynamic characteristics of these proteins in
the presence of di erent glycans, such as -Man, -Man, -Rha, -Qui. The results show
that the ideal alpha mannose encourages folding. This knowledge not only enhances our
understanding of the biological functions of TSR motifs and their PTMs but also lays the
foundation for the design of proteins with tailored glycans and protein folding patterns
for various applications, including therapeutic protein engineering.
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Figure 1.9: The graph shows three distinct TSR domains, each with its own C-
glycosylation pattern. The rst domain is decorated with C-mannose, the sec-
ond with C-rhamnose, forming a unique glycan structure, and the third with C-
quinovose, demonstrating how the glycan residues stabilise the respective TSR do-

main.
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2 Chapter 2: Computational Methods

In this chapter, | will present and discuss the techniques used to run all the computer
simulations in this thesis, starting with free glycans from Chapters 3 and 4 and concluding
with complete glycoprotein systems in Chapters 5 and 6. | will explain the foundations of
these computational methods, starting with classical mechanics, which is the driving force
behind these simulations, and then moving on to the empirical force elds | used and the
methods used to analyse the results of these simulations.

2.1 Molecular dynamics

Molecular dynamics (MD) simulations [1{3] are an approach based on classical mechanics
used to describe the motion of molecules.

F = ma (1)

Eq 1 can be written as Eq 2 and writing it in terms of coordinates X, the potential energy
of the system (represented by an empirical force eld)V(X;) and the massesm; of the
atoms. Equation 2 can be used to determine the motion of a classical mechanical system.

d?X(t)

'odt2
@/(Xi)
@X;(t)

It is essential to note that these equations are applicable to nite steps. To obtain a
trajectory, the second law must be numerically integrated with a timestep that must be
smaller than the fastest movement of the system. Typically, the vibrations of hydrogen
atoms bonded together take place on a femtosecond timescale, which are the fastest
vibrations that occur in our molecular simulations; however, the timestep can be increased
by using techniques such as the SHAKE algorithm [4]. This algorithm involves restraining
the length of hydrogen-covalent bonds to the equilibrium position, which can expand the
timestep from 1 to 2 femtoseconds.

Fi(t) =m
)

The Verlet algorithm [5] shown in Equation 3, one of the most basic numerical integrators.
This algorithm is based on the Taylor expansion of the position of a particle at a certain
time t: [5] , The system makes use of three main components: the coordinates at time t
Xi(t), the coordinates before a given time step dtX;(t)(t dt), and the acceleration at
that given t a;(t)dt2. Additionally, the Taylor expansion for X;(t) is included int dt and

t + dt.

Xi(t+ dt) = Xi(t) + v(t)dt + %a(t)dtz

Xi(t dt)=Xi(t) v(t)dt+ %a(t)dtz (3)
Xi(t+ dt) =2 X;(t) Xi(t dt)+ a(t)dt?
It should be noted that the velocities v(t) = dxc;t(t), are not explicitly included in this
setup. They are cancelled out in the Taylor expansion ofX;(t + dt) and X;(t dt).
Although they are not necessary to describe the trajectory, their evaluation is a hecessary
step to compute the kinetic energy of the system. The velocity Verlet integrator solves
this problem [6]. The leap frog is another and is described in the following. It is described
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in [7] and serves as an introduction to the Langevin integrator scheme, described later in
the simulation procedure section.

The leap frog integrator uses the velocities calculated at+ %dt to calculate the acceleration
at time t, which in turn calculates the positions as follows. The leap frog integrator is a
second-order symplectic integrator, which means that it conserves important dynamical
properties of the system, such as energy, provided an appropriate time step is chosen [8].

Vit + Sdt)=vi(t  Sdt)+ a(t)dt
Xi(t+ dt) = Xi(1) + v(t+ Sdtdt

In AMBER a version of the leap frog integrator called the Langevin leap frog integrator is
used. This integrator introduces a friction parameter , which indicates the rate of friction
or the frequency of collisions. This adds a random element to the dynamics; for example,
when is set to 0, it approximates Brownian motion. This scheme is divided into four
steps, which are outlined in Equation 5.

v= vt —dt)+ a(t)dt
2 r

2) v= v+ (2 X

karef
m

)

il + )= Xi(O)+(v+ 5 vyt ®)

4)v(t + %dt) =V+ v
N (0; 1)

Step 1 of the leapfrog scheme is the same as the MD velocity update from the standard
leapfrog scheme. Step 2 involves the application of the friction coe cient and the
random noise to adjust the velocities to the reference temperatureT,es , thus acting
as a thermostat for the MD simulation. This makes it a stochastic leapfrog integrator,
unlike Equation (4). Step 3 can be divided into two parts, which update the velocities
and coordinates at the same time.

)X, (t+ Sdi) = Xi(1) + vdt
2 ) 2 . ®)
BOXi(t+ dt) = Xi(t+ Sdy+(v+ V)5t

Finally, step 4) normalizes the velocities as per step 2) to ensure that the temperature
remains constant. The entire process is depicted in Figure 2.1.
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Figure 2.1: Traditional Leap frog scheme described in Eq. 4 (Top) v.s The Leap-frog
scheme with the Temperature correction. Adaped from [9]

2.2 Classical Force-eld

Throughout the course of my work, all my molecular simulations have been run within a
classical formalism, explained in Equations 1 and 2 where the potential energy is central
to the description of the systems dynamics. Using a classical mechanical approximation,
atoms are represented as solid, hard spheres with known masses;|, size (Van der
Waals radius), and electrostatic point charge for each atom type. The Born-Oppenheimer
approximation allows us to separate the motion of electrons from the motion of nuclei.

The potential energy of a molecule is described by an empirical force eld. The success
of any MD simulation is contingent upon the selection of a force eld that is appropri-
ately tested and speci cally developed for the system at hand. When it comes to gly-
cans, the choice of all-atom empirical force elds lies between between several parameter
sets, namely Glycam06-J [10{12] which is extensively used in this work and Chemistry
at HARvard Macromolecular Mechanics (CHARMM) [13{17]. The majority of common
monosaccharides can be adequately represented by these force- elds together with the
corresponding glycosidic bonds and the intricacy of branching. [18]. Some other param-
eter sets of note are GROMOS 53A6 (GLYC) parameter set is used for the simulations
of carbohydrates within a CHARMM formalism and that employs united-atoms [19{21]
and also the availability of Drude polarization models [22{24] the di erences of which are
summarized in Figure 2.2 .
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Figure 2.2: Diagram comparing the parameterisation protocol between the various
carbohydrate force elds. Adapted from [25]

The parameter sets described above are de ned as force elds, where the corresponding
potential energy can be described by the general equation below, see Equation 7.

X K,
V)= T o)

b;)(nds
k 2
3( 0)+
angles (7)
V
1 +cos(n )+
dihhedrals , #
1
XEX A By g
12 6 "
iz j=inn R0 Ry ORj

Equation 7 is an example of an additive force eld where partial charges ¢) of atoms
approximate the e ect that electrons would have on the structure and dynamics of
molecules. All of these interactions have parametersk;;ro;k ; o;Vn; ;A j;Bjj) that
dier in dierent force elds. The bonding e ects are modelled like a spring using
Hook's law to approximate bond stretching and bending, while torsion's are treated as
a sinusoidal function. Meanwhile, nonbonding interactions are approximated via a 12/6
Lenard Jones potential, and electrostatic interactions are represented by a Coulomb
potential.
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2.3 Statistical Thermodynamics
Ergodic Hypothesis

The ergodic hypothesis is a fundamental concept in MD and is a cornerstone of Boltz-
mann's [26] theory of statistical mechanics. The ergodic hypothesis states that, given
enough time, a trajectory will explore all possible states of a system. Assuming that the
ergodic hypothesis is correct, if one were to observe a single system over an in nite time
period, the result would be the same to that of examining a large collection of systems at
one time. It is commonly stated that the average of the small-scale behaviourt@ime ) is
the same as the average of the large-scale behavioum(i ¢nsemble) OVer a period of time.

Mitime = PAiensemble (8)

The ergodic hypothesis allows us to analyse the thermodynamic characteristics of a system
on the basis of its trajectory through time.

Statistical Ensembles

Running MD without any temperature and pressure, the resulting simulation will
have constant energy. If the volume is maintained, the resulting ensemble would be
microcanonical, i.e. (N,V,E). The NVE ensemble is advantageous when studying the
intrinsic dynamics of a system and its energy conservation, since the number of particles
(N), volume (V) and total energy (E) are all maintained throughout the simulation.

The NVT Ensemble, also known as the Canonical Ensemble, is a simulation environment
in which the number of particles (N), the volume (V), and the temperature (T) are kept
constant. This type of simulation is ideal for situations where temperature control is
necessary. Temperature control can be achieved through velocity rescaling, thermostat
algorithms such as the Nose-Hoover thermostat [27, 28] or the Berendsen thermostat [29],
or Langevin dynamics [2, 30].

The Isobaric-Isothermal Ensemble, also known as the NPT Ensemble, is a simulation
environment where x y and z are kept constant. the number of particles (N), the pressure
(P), and the temperature (T). This method is ideal for simulations that require both
temperature and pressure control, such as those conducted in solution phase.

Within a standard simulation protocol, the structure of a molecular system would be
sourced from experiments, such as cryo-EM, X-ray crystallography or NMR, or from com-
putational predictions, such as homology modelling or Al (AlphaFold [31], RoseTTAFold
[32]), and the system will start in the crystaline state , i.e., 0 K and O atm pressure. The
temperature is then adjusted from 0 to 300 K in the microcanonical environment (N,V,T).
Then transitions to (N,P,T) when equilibrating to 1 atm all with the solute constrained.
Finally, the solute is unconstraned and equilibrated at (N,P,T) before production can be
run in NPT with both the temperature and pressure controlled.
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Thermostats

A thermostat is a computational tool used to control and maintain the temperature of a
simulated system. The thermostat mimics the behaviour of a heat bath. The heat bath
acts as a source or sink of energy, allowing the simulated system to exchange energy with
it. This exchange helps maintain the desired temperature, ensuring that the system re-
mains at a speci ¢ temperature or follows a particular temperature pro le throughout the
simulation. Temperature control is essential in MD simulations because it helps replicate
real-world conditions and enables researchers to study the behaviour of molecules under
speci ¢ temperature regimes. Dierent algorithms have been developed over the years
to achieve temperature control in a simulation. The most widely used are outliened below.

- 14 U Trarget 1
TCUrrent (9)

v ) = v(t)

Berendsen Thermostat: The Berendsen thermostat [33] is a simple and commonly used
thermostat in MD simulations. That scales the velocities of the particles in the simulation
by a scaling factor to achieve the desired temperatureTiaget With @ given relaxation
time . It is a weak-coupling thermostat, meaning that it does not mimic a true heat
bath, but is e ective for temperature control.

d2X; (t
dtlz( ) i Pi |
d 1 X p? -

s(t)y=e "2 :
v t) = s(t) v(t)

Nose-Hoover Thermostat: The Nose-Hoover thermostat [27, 28] is a more sophisticated
thermostat that provides better temperature control. It does this by adding degress
of freedom to the system () which are represented by a set of auxiliary variables (Q

. Thermostat mass), which evolve along with the system and help it reach the desired
temperature (T) while conserving energy. This thermostat is particularly useful in NVT
(constant temperature) ensemble simulations.

;
v v+ (2 X

karef
m

)

N (0; 1) (11)

v ) =v(t)+ v

Langevin dynamics [2, 30]: In addition to controlling temperature using the friction
coe cient , the Langevin thermostat also introduces a stochastic term into the
equations of motion of the particles. This term mimics the e ect of random collisions with
a heat bath, e ectively modelling the system's interaction with its surroundings. Langevin
dynamics is often used to simulate systems in contact with a solvent or to model Brow-
nian motion. This particular thermostat is described in the Simulation Procedures section.
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Barostats

Barostats in the context of MD simulations are tools used to control and maintain
the pressure of a simulated system. Pressure is a crucial thermodynamic variable that
in uences the density and compressibility of the system, and controlling it is essential to
reproduce realistic conditions in simulations. Barostats simulate the e ect of an external
pressure or pressure bath on the system to ensure that it stays at the desired pressure or
follows a speci ¢ pressure pro le throughout the simulation.

s
t

=1+ —(Pi  Po)
p

XAty = Xi(t) (12)
=1t
vit)= 3 v

Berendsen Barostat: Similarly to the Berendsen thermostat, the Berendsen barostat
[33] scales the volume of the simulation box to maintain the desired pressure. It is
a weak-coupling barostat and is often used in NPT (isothermal-isobaric) ensemble
simulations.

Periodic Boundary Conditions

Periodic Boundary Conditions (PBCs) are a key element in MD simulations, especially
when modelling systems of atoms and molecules in a nite simulation box. PBCs are
employed to replicate an in nite, bulk-like environment and prevent the emergence of
edge e ects that can occur in nite-sized systems.

PBCs assume that the simulation box is surrounded by identical replicas of itself in all
three dimensions (X, y, and z). This creates an in nite lattice of simulation boxes that are
repeated at regular intervals. When a particle passes through one side of the simulation
box, PBCs cause it to reappear on the opposite side of the box [34]. This allows the
particle to keep moving as if it had never left the simulation area. Simulating Bulk PBCs
can be used to simulate the bulk characteristics of materials without having to simulate an
extremely large number of particles. By creating a system that is e ectively in nite, it is
possible to obtain thermodynamic and structural data as if the system were actually in -
nite. In order to take into account the long-range interactions, such as electrostatic forces
in periodic systems, special methods must be used (e.g., Ewald summation or Particle
Mesh Ewald).
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Figure 2.3: A two-dimensional representation of a simulation cell that is replicated
in three directions of space is shown. Utilizing periodic boundary conditions (PBC),
when molecule i exits the central box a, its replicas in the adjacent ghost boxes move
in a similar manner. The cell delineated by a dotted line, which overlaps with cells
a, d, e and f, symbolizes the so-called "minimum image" convention. Adapted from
[35]

Particle Mesh Ewald (PME) is a particular implementation of Ewald summation that
combines the bene ts of Ewald summation with computational e ciency. PME utilizes a
three-dimensional mesh to Fourier transform the charge distribution of the system, thus
enabling a faster calculation of the reciprocal space component.

The PME algorithm involves the following steps: Assigning Charges to the Mesh: The
charges of the system are allocated to a three-dimensional mesh, and a fast Fourier trans-
form (FFT) is used to calculate the charge distribution in reciprocal space. Computing
the Fourier-Transformed Potential: The potential in reciprocal space is calculated by util-
ising the Fourier-transformed charge distribution. Inverse Fourier Transformation: The
potential in reciprocal space is transformed into an inverse Fourier transform to obtain the
real-space potential. Direct Space Summation: The short-range part of the electrostatic
potential is calculated by direct summation. Combining contributions: The contributions
from the reciprocal and direct space are combined to generate the total electrostatic po-
tential, and a full description of the PME summation could take up a chapter for itself
[34].
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2.4 Simulation procedure

In this section, a general simulation procedure is outlined, while the specics of each
individual simulation are discussed in the relevant chapter. The initial phase of any
simulation requires the selection of an appropriate starting structure, such as a crystal
structure from the PDB [36] or, more recently, a prediction from AlphaFold [31].The
initial glycan structures from the GLYCAM Builder (www.glycam.org). Additionally,
CHARMM-GUI [37] can also been used. The resulting 3D structures are then simulated
via a schema similar to that described in Figure 2.4.

Figure 2.4. This protocol outlines a generalized approach to molecular dynamics
simulations, which includes the steps of system preparation, minimization, equili-
bration, and production. The process begins with the construction of molecular
coordinates and parameterization. Then, energy minimization is achieved through
steepest descent. Temperature and pressure equilibration follows, and the produc-
tion run is conducted with RMSD tracking to ensure convergence.

All MD simulations employed the AMBER 14SB9 set of parameters to represent the
protein and counterions (200 mM), while the glycans were represented by a version of the
GLYCAMOG6 force eld called GLYCAMOG6j-1 [10]. The water molecules were modelled
using the TIP3P model [38{40]. All simulations were conducted using the AMBER soft-
ware package, version v18. The following protocol was employed for all MD simulations:
the energy is minimised 50,000 cycles of the steepest descent algorithm. During the
initial minimization, all heavy atoms were restrained with a potential weight of 5 kcal
mol 1 A2, while the solvent, counterions, and hydrogen atoms were left unrestrained.
After the energy minimization, the system was equilibrated in the NVT ensemble with
the same restraints scheme, with heating occurring in two stages over a period of 1 ns,
from 0 to 100 K (stage 1) and then 100 K to 300 K (stage 2). The SHAKE algorithm was
employed to constrain all bonds to hydrogen atoms during the equilibration process. Van
der Waals interactions were cut o at 11 A and Particle Mesh Ewald (PME) was used
to handle long-range electrostatics with B-spline interpolation of order 4. To regulate
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the temperature, Langevin dynamics with a collision frequency of 1.0 ps! was used,
and a pseudorandom variable seed was employed to avoid any synchronisation artefacts.
After the system was brought to 300 K, an equilibration phase in the NPT ensemble
with a time step of 2 ps was employed to set the pressure to 1 atmosphere. An isotropic
pressure scaling and a pressure relaxation time of 2.0 ps were used to keep the pressure
constant. After this, all limitations on the heavy atoms of the protein were taken away,
allowing the system to adjust for 15 ns before the production phase. MD simulations were
conducted with resources from ICHEC kay or cineca marconi and some of the later simula-
tion was conducted on ORACLE's cloud platform via GROMACS using the same settings.

2.5 Sampling in molecular dynamics

The most crucial feature of a molecular simulation experiment is its reproducibility, and
thus the statistical accuracy of the results derived from it.A crucial feature that ensures
reproducibility of the results is the exhaustiveness of the conformational sampling, this
is exhaustive (or su cient) conformational sampling, which can be summed up in the
following question: How long is enough?

When it comes to Molecular Dynamics simulations, it may require a lot of computational
power to achieve su cient sampling. The chapters in Section 3 and 4 (illustrated in
Figure 2.5) demonstrate an approach that maps the free energy of various conformations
of two glycosidic bonds, a (1{4) and an  (1{6) linkage. MD simulations using a
conventional approach enable us to explore the conformational potential energy surface
as de ned by the force eld through a continuous progression in time. Suppose we use
conventional MD to identify the structure(s) that correspond to the energy maps in
Figure 2.5. For the (1{4) linkage on the left side, if the initial structure of our MD
trajectory is the one represented by the red dot, a relatively short MD will be enough to
characterize the most stable structure and estimate its degree of exibility in terms of
standard deviations.
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Figure 2.5: . Heat maps showing the conformations ofM-glycan with a) a (1-4)
linkage and b) an (1-6) linkage were generated through a series of parallel MD
simulations. The red dots and black dashed lines indicate a hypothetical journey
through time and space as determined by the MD simulations. Adapted from [18]

In Figure 2.5, the (1{6) linkage on the right-hand side has multiple minima, as is typical
for a exible linkage. Some of these minima are linked by low-energy paths, while others
are not. The dashed line in the gure illustrates a potential MD trajectory that can be
used to identify some, but not all, of the stable structures (minima). It is highly unlikely
that a conventional MD trajectory will cross a high energy barrier at 300 K, thus making

it necessary to extend the MD simulation. To explore the conformational space more
e ciently, it is recommended to initiate uncorrelated MD runs from di erent structures.

For instance, the red dots in Figure 2.5 panel b can be used as an example. This system
allows for shorter MD runs and the amount of structural conversion between the runs
can be used to measure the sampling completeness. This approach is especially bene cial
for the analysis of free carbohydrates [41] as well as Chapter 3, 4, since conformational
interconversion does not usually require crossing high energy barriers and can be achieved
within reasonable trajectory lengths, except in certain complex cases.
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3 CHAPTER 3: HOW AND WHY PLANTS AND HUMAN N-GLYCANS ARE
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3 Chapter 3: How and why plants and human
N -glycans are di erent.

Insight from molecular dynamics into the \glycoblocks" ar-
chitecture of complex carbohydrates

The following text is reproduced verbatim from the paper.
Fogarty, C. A.. A.; Harbison, A. M.; Dugdale, A. R.; Fadda, E. How and why plants and

human N -glycans are di erent: Insight from molecular dynamics into the \glycoblocks"
architecture of complex carbohydrates. Beilstein Journal of Organic Chemistry 2020, 16,
2046{2056.2

3.1 Abstract

The N -glycosylation is one of the most abundant and diverse post-translational modi -
cations of proteins, implicated in protein folding and structural stability, and mediating
interactions with receptors and with the environment. All N-glycans share a common
core from which linear or branched arms stem from, with functionalization specic to
di erent species and to the cells' health and disease state. This diversity generates
a rich collection of structures, all diversely able to trigger molecular cascades and to
activate pathways, which also include adverse immunogenic responses. These events are
inherently linked to the N -glycans' 3D architecture and dynamics, which remain for the
large part unresolved and undetected because of their intrinsic structural disorder. In this
work we use molecular dynamics (MD) simulations to provide insight into N -glycans' 3D
structure by analysing the e ects of a set of very speci ¢ modi cations found in plants
and invertebrate N -glycans, which are immunogenic in humans. We also compare these
structural motifs and combine them with mammalian N -glycan motifs to devise strategies
for the control of the N -glycan 3D structure through sequence. Our results suggest that
the N-glycans' architecture can be described in terms of the local spatial environment
of groups of monosaccharides. We de ne these \glycoblocks" as self-contained 3D units,
uniquely identied by the nature of the residues they comprise, their linkages and
structural/dynamic features. This alternative description of glycans' 3D architecture can
potentially lead to an easier prediction of sequence-to-structure relationships in complex
carbohydrates, with important implications in glycoengineering design.

Keywords: complex carbohydrates; fucose; glycoblocks; molecular dynamics; molecular
recognition; N -glycans; xylose
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3.2 Introduction

Complex carbohydrates (or glycans) are an essential class of biomolecules, directly
implicated in the cell's interactions with its environment, facilitating communication and
infection [1, 2]. These processes are often initiated by molecular recognition involving
carbohydrate-binding proteins (lectins) or by glycan{glycan interactions [1, 3{5], all
events that hinge on speci ¢ structural and dynamic features of the glycans. This makes
the 3D complementarity of the glycans architecture key towards the success of these
processes and an essential piece of information for us to have in order to understand
glycan recognition. Because of their chemical nature, glycans are intrinsically exible and
highly dynamic at room temperature, thus their characterization through experimental
structural biology methods is hardly straightforward even in cryogenic environments [6]
As an additive layer of di culty, glycosylation is only indirectly dependent on the genome,
which often results in a micro- (or macro-)heterogeneity of glycan sequences at specic
sites [7] These complexities are very di cult to resolve, requiring high levels of expertise
and multi-layered orthogonal approaches [7{10] .Within this framework, the contribution

of glycoinformatics tools and databases represents an essential resource to advance
glycomics [11{15] while molecular simulations t in very well as complementary and
orthogonal techniques to support and advance structural glycobiology research. Indeed,
current high performance computing (HPC) technology allows us to study realistic model
systems [16, 17] and to reach experimental timescales [18], so that computing can now
contribute as one of the leading research methods in structural glycobiology.

One of the most interesting and remarkably challenging areas in glycoscience research
that HPC simulations can address is the study of the links between glycans' sequence
and the 3D structure. This direct relationship is a well-recognized and broadly accepted
concept in proteins' structural biology, according to which the amino acid sequence
dictates the functional 3D fold and its stability. However, the same notion is not generally
invoked when discussing other biopolymers or complex carbohydrates. In the specic
case of glycans, the structural complexity, in terms of the diversity of monosaccharides,
the linkages' stereochemistry and the branched sca olds, makes the already di cult case
even more intricate. Nevertheless, the fact that glycoforms follow recurrent sequence
patterns, clearly suggests that the glycans 3D structure is also non-random and very likely
sequence-determined. We use computer modelling to gain insight into these relationships
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and to dene a framework to understand how subtle modications to the glycans
sequence can alter their 3D structure and conformational dynamics, ultimately regulating
recognition [19].In this work we use molecular dynamics (MD) simulations to analyse the
e ects of the inclusion of motifs typically found in plants and invertebrates N -glycans and
immunogenic in mammals [20{23] More speci cally, we investigate how core (1-3)-linked
fucose (Fuc) and (1-2)-linked xylose (Xyl) a ect the structure and dynamics of plants
N -glycoforms [23] and of hybrid constructs with mammalian N -glycoforms [24]

At rst glance plants protein N -glycosylation [23] is quite similar to the one of higher
species [25],carrying the distinctive trimannose core (Man3), which can be further func-
tionalised with  (1-2)-linked GIcNAc residues on the arms. As a trademark feature, shown
in Figure 1, plants N-glycans can also have a (1-2)-Xyl linked to the central mannose
and core (1-3)-Fuc, instead of the (1-6)-Fuc commonly found in mammalian complex
N -glycans. Additionally, the arms can be further functionalised with terminal galactose
(Gal) in  (1-3) instead of (1-4) [23] commonly found in vertebrates, which forces the
addition of fucose in the (1-4) position of the GIcNAc and results in the occurrence
of Lewis A (LeA) instead of Lewis X (LeX) terminal motifs on the arms [23, 26] In a
previous study, we characterized through extensive sampling the structure and dynamics
of complex biantennary N -glycans commonly found in the human IgGs Fc region [24].
The results of this study indicated a clear sequence-to-structure relationship, especially
in the context of the dynamics of the (1-6) arm. More speci cally, we found that the
outstretched (open) conformation of the (1-6) arm gets progressively less populated as the
functionalization of the arm grows, i.e., from 85% in Man3, to 52% in (F)A2, (F)A2[3]G1,
and (F)A2[3]G1S1, where the (F) indicates the presence or absence of(1-6) core fu-
cosylation, to 24% in all structures with (1-6) arm terminating with Gal- (1-4)-GIcNAc
or Sia- (2-6)-Gal- (1-4)-GIcNAc, irrespective of the functionalization of the (1-3) arm
[24]. As a practical implication of these results, positional isomers, such as (F)A2[3]G1
and (F)A2[6]G1, have di erent conformational propensities, the latter with a much lower
population of outstretched (1-6) arm and therefore quite di erent 3D average structures,
which ultimately explains their di erential recognition in glycan arrays [27]. Additionally,
the di erent conformation of the arms explains the known di culties in sialylating the (1-

6) arm by ST6-Gall, relatively to the (1-3) arm [28] Also, the di erent 3D conformational
propensity of the arms in function of sequence can have important implications in terms
of the N -glycans' biosynthesis and biodegradation [29] As an additional interesting point,
we found that the folding of the (1-6) arm over the chitobiose region is completely inde-
pendent of core (1-6) fucosylation [24] with the result that core-fucosylated and non-core
fucosylated N -glycans with the same sequence in the (1-6) arm correspond to the same
structural ensemble. In this work we discuss how core (1-3)-Fuc and (1-2)-Xyl regu-
late the conformational propensity of the (1-6) arm to push a predominantly outstretched
(open) conformation when the arms are functionalized with terminal (1-3)-Gal. Within
this framework, we explored the possibility of integrating these motifs in the context of
mammalian sequences as an exploratory strategy towards the design Nf-glycans with the
desired 3D structure. For simplicity in the presentation and discussion of the results, we
refer to N -glycans as either \plant" or \hybrid" separately. Nevertheless, it is important
to underline that some of these motifs, such as (1-2) xylosylation and difucosylated core
are also found in invertebrate N - glycosylation [30]. Finally, we discuss these ndings
within a framework where the di erent N -glycoforms can be represented as a combination
of spatial self-contained units, named \glycoblocks", rather than in terms of monosac-
charides and linkages. We nd that this approach helps our understanding ofN -glycans
architecture in terms of equilibrium structures and relative populations and also of how
speci ¢ modi cations a ect molecular recognition.
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Figure 3.1: Representative structures of the planN -glycans studied in this work
with corresponding nomenclature. The letters f, X, and g indicate the presence of
Fuc, Xyl and (1-3) Gal, respectively, and ng the absence of(1-3) Gal. LeA
stands for Lewis A antigen. TheN-glycans structures are shown with the (1-
3) and (1-6) arms on the left and on the right, respectively. The monosac-
charides colouring follows the SFNG nomenclature. The plantsl -glycan char-
acteristic linkages are indicated in the legend. Rendering was done with VMD
(https://www.ks.uiuc.edu/Research/vmd/).

3.3 Computational Methods

All starting structures were generated with the GLYCAM Carbohydrate Builder
(http://lwww.glycam.org). For each sequence we selected the complete set of torsion angle
values obtained by variation of the 1-6 dihedrals, namely the threegg gt and tg conforma-
tions for each 1-6 torsion. The topology le for each structure was obtained usingleap [31]
with parameters from the GLYCAMO6-j1 [32] for the carbohydrate atoms and with TIP3P

for water molecules [33] All calculations were run with the AMBER18 software package
[31] on NVIDIA Tesla V100 16GB PCle (Volta architecture) GPUs installed on the HPC
infrastructure kay at the Irish Centre for High-End Computing (ICHEC). Separate pro-
duction steps of 500 ns each were run for each rotamer (starting system) and convergence
was assessed based on conformational and clustering analysis, see Appendix A for all rele-
vant Tables. Simulations were extended, if the sampling was not deemed su cient, i.e., in
case standard deviation values measured were signi cantly larger than 15for each cluster

in each trajectory. All trajectories were processed usingpptraj [31] and visually analysed
with the Visual Molecular Dynamics (VMD) software package [34]. Root mean square
deviation (RMSD) and torsion angles values were measured using VMD. A density-based
clustering method was used to calculate the populations of occupied conformations for
each torsion angle in a trajectory and heat maps for each dihedral were generated with a
kernel density estimate (KDE) function. Statistical and clustering analysis was done with
the R package and data were plotted with RStudio (https://www.rstudio.com). Further
details on the simulation set-up and running protocol are included in Appendix A.
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3.4 Results

Core (1-3) fucose in plant N -glycans: One distinctive feature of plants N -glycans
is the occurrence of core fucosylation in (1-3), rather than (1-6)-Fuc, normally found
in mammalian N -glycans [23, 24]. To understand the e ects on the 3D structure of
this modi cation, we have considered two biantennary systems, one terminating with
(1-2)-GIcNAc on both arms (ngf) and the other with terminal (1-3)-Gal on both
arms (gf), shown in Figure 3.1. In both glycoforms core (1-3)-Fuc occupies a stable
position, with one single conformer populated (100%), see Table A.1 and Table A.2
in Appendix A This conformation is supported by a stacking interaction between the
core (1-3)-Fuc and (1-4) GIcNAc of the chitobiose in a \closed" conformation, which
resembles the stable conformation of LeX [35] This spatial arrangement imposes a
20 rotation of the GIcNAc- (1-4)-GIcNAc linkage, see Table A.1 and Table A.2 in
Appendix A, relative to the (1-6) core fucosylated or non-fucosylated chitobiose [24]
where the average psi value is -127.8(14.8) [24], but doesn't a ect the structure of
the linkage to the central mannose. As shown by the low standard deviation values
and by the lack of multiple minima (clusters), the N-glycan core remains relatively
rigid throughout the trajectories. The slight torsion of the GIcNAc- (1-4)-GIcNAc
linkage imposed by the (1-3)-Fuc has a dramatic e ect on the conformational dynamics
of the (1-6) arm, which is found predominantly in an outstretched (66%, cluster 1)
conformation,rather than folded over (34%, clusters 1 and 2), see Table A.1 in Appendix
A The addition of a terminal (1-3)-Gal in the gf N-glycan pushes the equilibrium
towards an outstretched (1-6) arm even further, with the open conformation populated
at 72%, see Table A.2 in Appendix A. Interestingly, in the case of (1-6) core fucosylated
N -glycans, and with double fucosylation as discussed later on, the equilibrium of the
(1-6) arm was the exact opposite, with a predominance of the folded conformation,
especially in the presence of terminal (1-4) Gal [24]. To note, the folded (1-6) arm
conformation can be either a “front fold', see Figure 3.2 panel a, where the torsion around
the (1-6) linkage brings the arm towards the reader, or a “back fold' where the (1-6)
arm interacts with the (1-3)-Fuc, away from the reader. As shown in Table A.1 and Ta-
ble A.2 in Appendix A, the equilibrium of the (1-3) arm is not a ected by core (1-3)-Fuc.
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Figure 3.2: A representative structure of the non-galactosylateld -glycan with  (1-
3)-linked core fucoser{gf) is shown in panel a), with on the right-hand side the cor-
responding heat map showing the conformations accessible to the (1-6) arm in terms
of the phi/psi torsion angles. A representative structure of the non-galactosylated
N -glycan with (1-2)-linked xylose @gx) is shown in panel b), with on the right-
hand side a heat map showing the conformations accessible to the (1-6) arm in
terms of the phi/psi torsion angles. TheN -glycans structures are shown with the
(2-3) and (1-6) arms on the left and on the right, respectively. The monosaccha-
rides colouring follows the SFNG nomenclature. The structure rendering was done
with VMD (https://www.ks.uiuc.edu/Research/vmd/) and the graphical statistical
analysis with RStudio (http://www.glycam.org).

(1-2) xylose in plant N -glycans: Because the (1-2)-Xyl sits in front of the two
arms, it greatly a ects their dynamics. Because of steric hindrance, the (1-3) arm is much
more rigid relative to non-xylosylated species, see Table A.3 in Appendix A losing its \two
conformer" dynamics characteristic of the biantennary mammalian N -glycans [24], also
retained in the plant N -glycans with only (1-3)-Fuc discussed above, see also Table A.1
and Table A.2 in Appendix A. In regards to the (1-6) arm, as shown in 3.2 panel b, the
presence of (1-2)-Xyl has a very similar e ect as the (1-3)-Fuc, pushing the equilibrium
towards an open conformation. To note, in the presence (1-2)-Xyl, the (1-6) arm cannot
fold over the chitobiose core in a “front fold' either, because of steric hindrance. Also,
similarly to the (1-3) fucosylated glycans, the stability of the open structure is slightly
increased when the arm is further functionalized with terminal (1-3)-Gal, see Table A.4
in Appendix A. As an additional interesting feature, through the cumulative 3 s MD
sampling, the xylose ring repeatedly inverts its conformation from the all equatorial *Cy
chair, to the 1C,4 chair, where all hydroxy groups are axial, see Figure 3.3 This transition
may be energetically facilitated by the hydrogen bonding interaction xylose is able to
form when in a 1C4 chair with the (1-6)-Man, which may compensate for the steric
compression, making thelC, chair the highest populated conformer at 76% within an
N -glycan sca old. Both experimental and ab-initio theoretical studies [36{38] have shown
that the 1C,4 chair is energetically accessible in isolated -D-Xyl at room temperature in
di erent dielectric conditions.
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Figure 3.3: -D-xylose ring pucker analysis over 3s of cumulative MD sampling
of the ngx N-glycan. The two snapshots on the right-hand side are representa-
tive ngx conformations corresponding to the two di erent ring puckers. The Xyll
and Xyl2 axis labels refer to the torsion angles C1{C2{C3{C4 and C2{C3{C4{C5,
respectively. The N-glycan structures are shown with the (1-3) and (1-6) arms
on the left and on the right, respectively. The monosaccharides colouring fol-
lows the SFNG nomenclature. The structure rendering was done with VMD
(https://www.ks.uiuc.edu/Research/vmd/) and the graphical statistical analysis
with RStudio (http://www.glycam.org).

Core (1-3) fucose and (1-2) xylose in plant N -glycans: The presence of both
(1-3)-Fuc and (1-2)-Xyl brings in the characteristic features highlighted earlier in the
analysis of the structures with either (1-3)-Fuc or (1-2)-Xyl. Indeed, we see here again
the 20 rotation of the chitobiose GIcNAc- (1-4)-GIcNAc psi angle caused by the stack-

ing of the (1-3)-Fuc to the chitobiose (1-4)-GIcNAc and the conformational restraints
imposed by the (1-2)-Xyl on the (1-3) arm, see Table S5 in Supporting Information File
1. We also observed that both (1-3)-Fuc and (1-2)-Xyl push the (1-6) arm equilibrium
towards an open conformation, which is also the case when both are present in the ngfx
N -glycan and to an even higher degree, i.e. 87%, in the gfk -glycan, when both arms
are functionalized with terminal (1-3)-Gal, see Table A.6 in Appendix A One feature
speci ¢ to the ngfx N -glycan is the higher exibility of the core Man- (1-4)-GIcNAc link-
age, which allows for the rotation of the trimannose group relative to the chitobiose core.
This conformation was accessible, but only populated around 2% when either (1-2)-Xyl

or (1-3)-Fuc are present, see Tables A.1 to A.4 in Appendix A When both fucose and
xylose are present, the population of the rotated trimannose reaches above 20%, see Table
A.5 in Appendix A which can be considered a synergistic e ect as this conformation is
stabilized by a hydrogen bonding network involving the core fucose, the GIcNAc on the
(1-6) arm and the xylose, as shown in Figure A.1 in Appendix A. Such folding event has
been observed as a stable conformation in two independent simulations. To note, the
functionalization of the arms to include terminal (1-3)-Gal reduces the occurrence of this
event down to around 5%, see Table A.6 in Appendix A.
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