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Abstract

Biological molecules often undergo large structural changes to perform their
function. Computational methods can provide a fine-grained description at
the atomistic scale. Without sufficient approximations to accelerate the simu-
lations, however, the time-scale on which functional motions often occur is out
of reach for many traditional methods. Natural Move Monte Carlo belongs to
a class of methods that were introduced to bridge this gap. I present three
novel applications for Natural Move Monte Carlo, two on proteins and one on
DNA epigenetics. In the second part of this thesis I introduce a new protocol
for the testing of hypotheses regarding the functional motions of biological
systems, named customised Natural Move Monte Carlo. Two different case
studies are presented aimed at demonstrating the feasibility of customised
Natural Move Monte Carlo.



Contents

(1__Introductionl 1
(.1  Motivationl. . . . . . . . . . . 1
M27ATME . . - o e 4
M3 Outlind. . . . . . . . o 5
(1.4 Publications . . . . . . . . . . . 7

2" Background| 8
[2.1 Computational background|. . . . . . ... ... ... ... ... ... ... 8

2.1.1 Natural Move Monte Carlol. . . . . .. . ... ... ... ... ... 8
[2.1.2 "T'he history of Natural Move Monte Carlo] . . . . . ... ... ... 9
[2.1.3  Setting up a molecular simulation| . . . . . . . ... ... ... ... 11
2131 Choiceofmodell . ... ... ... ... ... ..., 11
[2.1.3.2  Degrees of Freedom|. . . . . . . ... ... ... ... ... 17
[2.1.3.3  Algorithms| . . . . . ... ... ... 20

[2.2  Biological background| . . . . .. ... ... ... L. 22
2.2.1 Protein and DNA structurel . . . . .. .. .. ... ... ... ... 22
2.2.1.1 Nucleic Acid Structurel . . . . . . . .. ... 22
2.2.1.2 Protein Structurel . . . . . .. ..o 26

2.2.2 Collective Motionsl . . . . . . .. . . . ... ... . 30

[2.2.2.1  Experimental methods for studying collective motions] . . 33
[2.2.2.2  Computational Methods for studying collective motions| . 34

2.2.2.3 Identification of collective motionsl . . . . . .. ... ... 39

[2.2.3  'The biological systems| . . . . . . .. ... ... ... 40
[2.2.3.1 'The Major Histocompatibility Complex] . . . . ... . .. 40

[2.2.3.2  HLA-DM: An MHCII peptide editing chaperone|. . . . . . 42

2.2.3.3 The Dickerson-Drew Dodecamer . . . ... ... ... .. 43

[2.2.3.4  DNA and RNA Epigenetics| . . . .. ... ... ... ... 44

3 Methods 48
[3.1 Summary| . . . ... 48
(3.2 Natural Move Monte Carlol . . . . . . . ... ... ... ... ... .. .. 48
[3.2.1  Implementation| . . . . . . .. ... .. oo 49
[3.2.2  Numerical experiments| . . . . . . ... ... ... ... 50
[3.2.3  'T'he stochastic chain closure algorithm| . . . . . . ... ... . ... 50
B24 Themodeld . . . . ... 52
[3.2.4.1  Nucleic Acids - Physics based| . . . . . .. ... ... ... 52

[3.2.4.2  Proteins - Knowledge based| . . . . . ... ... ... ... 53

[3.2.5  [Limitations . . . . . . . . . . ... 54




[3.3.1 Introduction . . . . . .. ... . . . . ... 55
B3Z TheProfocdl . . ... ... . i 57
[3.3.2.1 Step l: Dene a hypothes|s . . ... ... ... ...... 58
[3.3.2.2 Step Il. Translate hypothesis into Natural Moves . . . . . 58
[3.3.2.3 Step lll: Generate TestCases . . . ... ... ... .... 58
[3.3.2.4 Step IV: Conformational sampling and evaluation . . . . . 59
[3.3.3 DISCUSSION . . . . . . . . e e 61
[3.4 Normal Mode Analysis . . . . . . . . . . .. .. ... ... 66
[3.5 DNA structural analysis with x3DNA| . . . . . . .. ... ... ... .... 68
[3.5.1 ldenticationofbasepairs . . . . . . . . .. . .. ... 68
[3.5.2 Base palr parametefs . . . . . . ... e 68
[3.5.3 Dimer step parameters . . . . . . . . . .. ... o e 70
3.6 Modeller . . . . . . . . e 70
[3.6.1 Modelling of loops In protein structures . . . . . .. ... ...... 71
{4 MHC Class | Peptide Detachment Pathways | 74
4.1 Summary . . . . .. e e e e 74
4.2 Introductionl . . . . . . . . . . . . e 75
4.3 Methods . . . . . . . . . . e 76
MA Results . . . ... ... . e 79
4.5 DISCUSSION . . . . . . e e e 83
46 Conclusion. . . . . . .. . . e 85
BT FIES . . . o o 85
[5 Assessing the dynamic range of EpoR-speci c diabodies | 94
0.1 Summary . . . .. e e e e e 94
6.2 Infroduction . . . . . . . . . . . . e 95
B3 Results . . . . . . . . e 97
[5.3.1 Experimental results by Garcialab . ... ... ... ... ..... 97
[2.3.1.1 EPOR dimerisation and activity induced by EPO peptides |
[ and diabodies . . . . . ... 98
[2.3.1.2 Dierential signal activation . . . . . .. ... ....... 100
[5.3.1.3 Model of diabody action on JAK Iinteraction . . . . . . .. 100
0.4 Methods . . . . . . . . e e e 100
5.4.1 hNMMC simulations . . . . ... ... ... . ... . ... .... 102
5.5 DISCUSSION . . . . . . . . e e 103
5.6 Conclusion . . . . . . . . .. e e 105
5.7 Files . . . . e 105
6 Structural e ects of epigenetic marks on DNA structure in silico 109
6.1 SuMMaAry . . . . . . e e e e e e e 109
6.2 Introduction . . . . . . ... e e 110
6.3 Methods . . . . . . . . . . e 111
6.4 Results. . . . . . . . . e 114
6.5 DISCUSSION . . . . . . . e e e 121
6.6 Conclusion . . . . . . . . .. e 122



7 Customised Natural Moves - Case study 1: Proteins 123

7.1 SUMMArY . . . L 123
7.2 The plasticity of the empty MHCII binding groove. . . . . . .. ... ... 124
7.21 Introduction . . . . . . . . ... 124
7.22 Methods . . . . . . . . . . . . e 124
7.23 Results. . . . . . . e 125
7.2.4 DISCUSSION . . . . o v o e e e e e e e 129
7.3 Modulation of MHCII plasticity by the HLA-DM peptide loading chaperone.131
7.3.1 Introduction . . . . . . . . . 131
7.3.2 Methods . . . . . . . . . . . . . 132
7.3.3 Results. . . . . . . e 133
7.3.4 DISCUSSION . . . . & v v e e e e e e e 137
7.4 Files . . . . . e 139
8 Customised Natural Moves - Case study 2: Nucleic Acids 150
8.1 Summary . . . .. e e e e e 150
8.2 Introduction . . . . . . . . e 150
8.3 Methods . . . . . . . . . . 151
8.4 Results . . . . . . . . e e 151
8.5 DISCUSSION . . . . . . . e e e e e e 155
8.6 Files . . . . . . . e 158
8.6.1 Enabling customised Natural Moves in Mosaics . . . ... .. ... 159
8.6.2 X3DNA analysisscripts . . . . . . .. .. .. . 161
9 Conclusion 163
A Investigating structural e ects of epigenetic marks on RNA models 170
A.1 MOSAICS Parameter Denitions . . . . . . . . . . . v oo ... 170
Bibliography 174



List of Figures

2.1
2.2
2.3
2.4
2.5
2.6
2.7
2.8
2.9

3.1
3.2

4.1
4.2
4.3
4.4
4.5
4.6
4.7

5.1

5.2
5.3
5.4
5.5

5.6
6.1

6.2
6.3
6.4
6.5
6.6

Three important considerations for biomolecular simulations. . . . . . . .. 11
All-atom versus 3-point coarse-grained representation of a tripeptide. . . . 12
Examples of natural and hierarchical Natural Moves. . . . . ... .. ... 19
lllustration of energy minimisation by repeated simulated annealing. . . . . 21
An illustration of conformational sampling simulation by parallel tempering. 22
The hierarchy of protein structure. . . . .. ... ... ... ........ 27
The structures of MHCI and MHCII side by side. . . . ... ........ 41

The three main mechanisms by which epigenetics regulates gene expression. 44
Epigenetic marks resulting from methylation and oxidation of cytosine in

mammalian genomes. . . . . . . .. 46
The stochastic chain closure algorithm . . . . ... ... ... ....... 51
Schematic representation of rigid body parameters for the geometric char-
acterisation of base pairs and stacks. . . . .. .. ... ... ... ..... 69
The structural decomposition of pMHCI as used in this study. . . . . . .. 77
Comparison of MD- and hNMMC-simulated peptide detachment pathway. 79
Summary of simulated detachment pathways. . . ... ... ... ..... 81
Examples of simulated detachment pathways. . ... ... ... ...... 82
The detachment plots of all 32 peptides. . . . . . .. ... ... ...... 83
Classi cation of binders and non-binders using hNMMC. . . . . . . .. .. 83
Bootstrapping analysis. . . . . . . . . .. 84
Diabodies can alter the strength of EPO signalling and inhibit oncogenic
ligand-independent signalling. . . . . . .. ... ... ... ... ..., 95
X-ray structures of the two diabody/EPOR complexes that were simulated. 97
EpoR phosphorylation induced by EPO agonist peptide and diabodies. . . 98
Di erent EpoR diabodies induce di erential signal activation. . . . . . .. 99
A proposed mechanism by which the diabodies modulate EpoR signalling
activity. . . . . e e 101

Simulating the linker exibility in DAS/EPOR and DA10/EPOR complexes.103

Crystal structures of a short DNA model sequence with di erent epigenetic

Marks. . . . . . e e 110
5hmC and 5fC con gurations during simulation. . . . . . .. ... ... .. 112
Local base-pair distances for C, 5mC and 5hmC. . . . . . . ... ... ... 115
The e ect of 5hmC orientation on the neighbouring base pair. . . . . . .. 116
The inverse and forward epigenetic problem. . . . .. ... .. ... .. .. 117
The e ect of di erent epigenetic makeups on F-DNA. . . . . .. .. .. .. 118



6.7

7.1
7.2
7.3
7.4

7.5
7.6

7.7

7.8

8.1

8.2
8.3

8.4
8.5

Energy di erence between B-DNA and F-DNA structural templates with

di erent epigenetic makeups. . . . . . . . ... 119
Decomposing the MHCII binding groove into Natural Moves. . . . . . . .. 126
Molten zones used in MHCII cNMMC simulations. . . . . .. .. ... .. 127
Distributions of the binding-groove width and surface area generated during
simulation. . . . . . .. 128
A hypothesis for long-range HLA-DM assisted MHC class |1 binding-groove
stabilisation. . . . . . . ... 132
The MHCII binding groove width for eight di erent test cases. . . . . . . . 134
Distance between MHCII globular domains 2 and 2 generated during
simulation. . . . . . .. L 134
HLA-DM stabilises the open MHCII binding-groove con guration indi-

rectly through the globular domains. . . . . .. ... .. ... ....... 135
Globular domain and 1 helix motion are linked, as shown by normal mode
analysis. . . . . .. 136
De ning customised Natural Moves for 5-hydroxymethylcytosine in the

Dickerson-Drew Dodecamer. . . . . . . . . . . . . . .. ... 152
The e ect of customised Natural Moves on an intra-strand hydrogen bond. 154
The e ect of 5-hydroxymethylcytosine on the Dickerson-Drew dodecamer

is ampli ed by customised Natural Moves. . . ... ... .......... 155
The e ect of three test cases on the base pair parameters.. . . . .. .. .. 156
The e ect of three test cases on the base stack parameters. . . . . .. ... 157



Acronyms

3pt 3-point.

5caC 5-carboxylcytosine.

5fC 5-formylcytosine.

5hmC 5-hydroxymethylcytosine.
5mC 5-methylcytosine.

A Angstrom.
ANM  Anisotropic Network Model.
APC Antigen Presenting Cells.

b2m  2-microglobulin.

CD4/CD8 Cluster of di erentiation 4/8.

CG Coarse-Grained.

CLIP Class ll-associated invariant chain peptide.

cNMMC customised Natural Move Monte Carlo.

CpG Cytosine and guanine connected by a phosphodiester bond.

DDD Dickerson-Drew dodecamer.
DFC Deterministic Full Closure.
DOF Degrees of freedom.

ED-CG Essential Dynamics Coarse Graining.
ENM Elastic Network Model.

EpoR Erythropoietin receptor.

ER Endoplasmic Reticulum.

GNM Gaussian Network Model.

HA Hemaglutinin peptide.
HLA-DM  Human Leukocyte Antigen DM.
hNMMC hierarchical Natural Move Monte Carlo.

li Invariant Chain.
K Kelvin.
INcRNA long non-coding RNA.

m6A N6-methyladenosine-dependent.
MC Monte Carlo.

MCMC Markov Chain Monte Carlo.
MD Molecular Dynamics.

Vi



MHC Major Histocompatibility Complex.

MHCI MHC Class |I.

MHCII  MHC Class II.

MIIC  MHCII Compartment.

MIRNA  microRNA.

MmCpn Methanococcus maripaludis chaperonin.
MZ Molten Zone.

NcRNA non-coding RNA.
NMA Normal Mode Analysis.
NMMC Natural Move Monte Carlo.

PCA Principal Component Analysis.
PDB Protein Data Bank.

PMHCII  peptide-MHCII complex.
PT Parallel Tempering.

RMSD Root mean square deviation.
RSC Recursive Stochastic Chain Closure.
RTB Rotation-Translation Blocks.

SCOP Structural Classi cation of Proteins.
SPC Stochastic Partial Closure.
STSAMC: Simulated tempering, simulated annealing Monte Carlo.

Tet - Ten eleven translocation protein.

VH/VL  Variable domain, heavy/light chain.

vii



Chapter 1

Introduction

1.1 Motivation

The number of biomolecular structures that have been solved at an atomistic scale has
been growing exponentially for the last two decades. This year the total entry count of
biomolecular structures in the protein database has surpassed the 100,000 mark [1]. While
such a vast amount of structural information provides a great insight into the general ar-
chitecture of individual biomolecules, it is often limited in the dynamic information it can
reveal. Due to the importance that functional motions play in the workings of a given
biomolecule it is most crucial to shed light on the conformational heterogeneity that is
required for its action. A range of experimental techniques are capable of capturing dy-
namics. Due to the limitations in the spatio-temporal scale and their tendency to generate
averaged distributions of dynamical properties, however, information on intramolecular
motions is still scarce.

By using the structures of the Protein Data Bank (PDB) as frameworks and exposing
them to algorithms following simple biophysical and chemical rules, the eld of computa-
tional structural biology has attempted to address this shortcoming for several decades.

The quantum mechanical characteristics of molecules at a subatomic level is described
by the Schrodinger equation. However, applying this equation in practice is computation-
ally impractical for macromolecules. A common approach to simulating the motions of

biomolecules is molecular dynamics (MD) simulation, where the positions and velocities



of atoms change based on the laws of classical physics. The forces for these particles are
calculated with the help of a force eld, which is typically constructed from a combination

of rst-principles, parameter tting, quantum mechanical computations and experimen-

tal tests. Despite MD simulation not modelling the exact physics, it provides a good
approximation for many biochemical processes.

As the simulation proceeds through time, the forces on each atom are calculated after
which Newton's laws of motion provide the new positions and velocities of all atoms.
Most force elds (a force eld refers to the functional form and parameter sets used to
calculate the potential energy of a system of particles) describe the total force on an atom
as the sum of three parts: 1. bonded forces, which include interactions between several
atoms connected by covalent bonds; 2. van der Waals forces, interactions between pairs
of atoms that are in close proximity; and 3. electrostatic forces, which a ect interactions
between all pairs of atoms and decrease slowly with distance.

There are two main factors that make MD simulations computationally expensive: 1.
The calculation of forces at each iteration requires around one billion operations for a
system with a size of one hundred thousand atoms; and 2. the calculation of forces needs
to happen in small time-steps. Usually, time steps are do not exceed the femtosecond scale,
which means that it would take almost one trillion steps to simulate one millisecond. In
order to cope with this computational cost, researchers perform simulations on a large
number of processors in parallel. This works to some extent, however, beyond a certain
threshold there is no additional bene t to adding more processors, as the communication
between cores becomes a bottle neck. Also, force calculations have to be performed in
sequence as each step is dependent on the force output of the previous one. Despite these
signi cant challenges, performance has improved faster than Moore's Law would predict.
In a span of just ve years, the performance of state-of-the-art simulations has increased
by more than three orders of magnitude. In 2007, the longest atomistic MD simulation
of a protein was 2 microseconds. In 2009, one millisecond was simulated. This jump in
performance is due to a variety of factors including hardware, software, and algorithm

innovations [2].



Monte Carlo (MC) simulations make use of a probability distribution inherent to the
biomolecular system (usually a Boltzmann distribution) to generate new samples. Due to
the complex energy landscapes that result from the all-atom representation and explicit
treatment of solvent, gradient-based methods such as MD simulations were considered
better suited for simulating dense molecules such as proteins. However, as MC methods
and implicit solvent models have improved [3, 4], smoother energy landscapes have become
available. This makes MC simulations an increasingly viable option for studying the
structural plasticity of macromolecules, especially when analysing large structural changes
that occur over long-time scales.

An important factor to consider when simulating biomolecular structures is the model
resolution. The rst molecular dynamics simulation of a protein at all-atom resolution
was performed in 1977 [5]. Although at that time no signi cant discoveries were made
due to the very limited scope of the simulation, the eld has progressed along these lines
towards millisecond trajectories enabled by optimised algorithms, improved models and
considerable advances in computer performance [6, 7].

Milestones include the 50 nanosecond MD simulation of the full satellite tobacco mo-
saic virus with one million particles [8], the Folding@Home project that used over 400,000
personal computers to generate a range of interesting results [9] and a study that pre-
sented millisecond simulations to study the folding pathways of small fast folding proteins
[7].

Despite these advances, the high dimensionality and complex energy surfaces when
simulating functional motions in large biomolecules still pose a challenge [10, 11]. In an
e ort to address the gap between biologically relevant time and size scales and the capabil-
ities of molecular simulations there have been promising developments in dimensionality
reducing methods that exploit the redundancy resulting from the modularity and col-
lective motions in biomolecules [12, 13]. For example essential dynamics coarse-graining
(ED-CQG) identi es CG sites that re ect the essential dynamics of an atomistic molecular
dynamics trajectory [14]. Other methods based on elastic network models [15], principal

component analysis [16] and normal mode analysis [17] have also been successfully used to



study functional motions in biomolecules. While these methods are not as physically ac-
curate as classical molecular simulations, their increased sampling e ciency makes them
a valuable tool to generate new hypotheses that can be tested by experiments. One of
the main challenges of these methods, however, is nding a set of degrees of freedom
that describes the system accurately enough to make biologically relevant claims [13].
Furthermore, NMA only produces physically relevant conformations close to the starting
structure and PCA is dependent on a molecular simulation trajectory. NMA and PCA
are also computationally expensive for larger systems (they scale exponentially), while
MC and MD simulations scale linearly. Thus, it is of value to have a computationally
cheap method that allows for the easy manipulation of degrees of freedom and testing of

several di erent hypotheses about the functional motions of biomoleculés silico.

1.2 Aims

Functional motions in macromolecules often involve large-scale, slow and concerted struc-
tural changes. Experimental methods can give insight on the conformational endpoints
as well as the kinetics of these movements. However, simulations are often required to
elucidate more detailed transition states and to investigate the mechanism by which func-
tional motions occur. In order to make the simulation of large macromolecular structure
and their functional motions computationally feasible, a number of approximations are
routinely employed. These include the reduction of particles (e.g. atoms) in the system
(coarse-graining), the use of alternative degrees of freedom (torsional vs Cartesian coordi-
nates) and the use of e cient minimisation and sampling algorithms. Natural Move Monte
Carlo (NMMC) adds another layer of approximation by grouping atoms within a struc-
ture that are expected to move collectively (e.g. secondary structures, or the aromatic
ring within a nucleotide) and moving them as a set of rigid bodies, thereby signi cantly
reducing the degrees of freedom. A number of NMMC studies had already been published,
however the scope of the method was still relatively unknown. The purpose of this thesis
was to explore novel biological applications suitable for NMMC and to provide a robust

protocol based on customised Natural Moves for the testing of hypothesis regarding the
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functional motions of biological systems.

1.3 Outline

In chapter 1 | give a brief introduction to the eld of protein structure research, outline
the objectives of the thesis and present a list of recent publications associated with this
work.

In chapter 2 | discuss the importance of computational methods as well as experimen-
tal techniques for the investigation of functional aspects of protein motion and function. |
provide background information on the main biological systems used in this thesis and in-
troduce the fundamentals of protein and DNA structure. | also provide a short literature
review on techniques and discoveries regarding collective motions in biological molecules
and discuss various aspects of molecular simulations including di erent types of models,
degrees of freedom and algorithms.

In chapter 3 | present detailed explanations for the various methods used in this the-
sis, including the stochastic chain closure algorithm central to NMMC and the physics-
and knowledge-based potentials used for nucleic acids and proteins, respectively. | then
introduce a novel theoretical framework that | developed, named customised Natural
Move Monte Carlo (cNMMC), that makes use of the inherent customisation capabilities
of NMMC. | present a formal description for the generation of di erent test cases aimed
at representing a speci c research question or hypothesis with respect to the functional
motions of a biological system. | conducted case studies on two di erent biological sys-
tems, which are presented in chapters 7 and chapter 8. Furthermore, | outline NMMC as
well as the NMA method used in one of the chapters (chapter 7) and explain the work-
ing details of MODELLER (used in chapter 5) as well as x3DNA, a popular structural
analysis tool that | used to characterise conformational changes in epigenetically modi ed
DNA molecules (chapter 8).

In chapter 4 | present the rst NMMC research application in this thesis. Here,
we applied NMMC to study the detachment of peptides from a MHC class | complex.

The aim of this study was to prove that NMMC can be used as a training-free method to

5



accurately classify MHC class | binding and non-binding peptides and provide insight into
the dissociation process. The computational e ciency of NMMC allowed us to explore
the MHCl/peptide interaction for over 30 peptides.

In chapter 5 we investigated the hinge exibility in diabodies developed to bind
and activate the Erythropoietin receptor (EpoR).In vitro, the diabodies elicited a range
of di erent signalling amplitudes, from full to minimal agonism. Due to concerns that
exibility in the hinge connecting the two VH/VL domains in the diabody would have
an e ect on this mechanism, we simulated two selected structures with NMMC to assess
their dynamic range.

In chapter 6 a study regarding the e ects of di erent epigenetic marks (5mC, 5hmC,
5fC and 5caC) on DNA dodecamers is presented. Here, we used NMMC as an e cient
computational framework to simulate a range of epigenetic makeups for di erent DNA
structures.

In chapter 7 | present the case study of the rst biological system, the MHC class Il
complex. First, | investigate the structural plasticity of the empty MHCII complex then
the mechanism by which the peptide-loading chaperone HLA-DM stabilises the open form
of the MHCII binding groove.

In chapter 8 | demonstrate the use of the cNMMC protocol with a nucleic acid
case study. We simulated the Dickerson-Drew Dodecamer in the presence and absence of
an epigenetic mark (5hmC). We use customised Natural Moves to enforce hypothesised
structural e ects during simulation in order to be able to detect structural changes caused
by a single epigenetic mark.

The thesis ends with a conclusion ichapter 9 .
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Chapter 2

Background

2.1 Computational background

2.1.1 Natural Move Monte Carlo

Natural Move Monte Carlo (NMMC) was developed mainly to address the dimensional-
ity problem [18, 19] encountered by molecular simulations. NMMC is a conformational
sampling method that exploits the modular nature of biomolecules to accelerate the ex-
ploration of a structural landscape. Instead of sampling the position of each atom in
the system, groups of atoms or residues that are part of a shared structural feature can
be grouped into segments and moved collectively. This gives rise to a conformational
sampling strategy that considers the system as a collection of segments and exclusively
samples their arrangements along the user-de ned degrees of freedom. Thus, this method
reduces dimensionality by several orders of magnitude by sampling along generalised coor-
dinates. While it is not aimed at revealing any kinetic information it can rapidly generate
ensembles of thermodynamically feasible structures that appear according to canonical
probabilities using computational resources that are readily accessible. In a recent study
we showed that NMMC yields comparable results to and is three orders of magnitude
faster than conventional Molecular Dynamics when simulating peptide detachment from
MHCI molecules [20].

Traditionally NMMC is used to explore the conformational landscape along a partic-



ular set of degrees of freedom chosen by the researcher. Several studies have followed
this approach [18, 19, 21 24]. However, the initial choice of degrees of freedom might not
always be optimal. Additionally, if the objective is to investigate the causality of func-
tional motions, it may be informative to perform NMMC simulations for a variety of sets

of degrees of freedom. This aspect will be addressed with the introduction of customised

Natural Move Monte Carlo in the last chapters of this thesis.

2.1.2 The history of Natural Move Monte Carlo

Natural Move Monte Carlo has emerged from a number of milestone developments over
recent years. A robust conformational sampling approach was published in 2008 [21], when
loop torsion angle degrees of freedom, which preserve rigid secondary structures, a 3-point
per residue coarse-grained simpli ed model, and advanced multi-canonical sampling were
combined to study the stability of a selection of protein fold classes. By clustering the
trajectories and selecting the minimum energy from each cluster, this approach led to the
successful reconstitution of the native folds. This proof of concept study was also key to
the validation of the simpli ed model.

A further challenge that needed solving was the large computational cost of sealing
breaks in the chain. To avoid large displacements due to the ampli cation of small
structural changes in distal regions of the structure (lever arm e ect) methods such as
CONRQOT [25] were introduced that made local torsional moves to small segments while
the remainder of the structure was kept in position. To resolve the chain breaks that may
occur a number of algorithms have been used [26 28], however the computational cost for
each was high, which limited the number of chain breaks that could be solved.

In 2010 this problem was addressed with the recursive stochastic chain closure algo-
rithm (RSC) [18]. This algorithm extended an existing closure method, called determinis-
tic full closure (DFC), by adding stochastic partial closure steps (SPC). Given that DFC
is based on a single bond-angle degree of freedom its application is limited to small chain
breaks, thus only enabling small moves [29]. DFC on its own used to struggle with large

breaks, as the algorithm would fail if the two disconnected atoms were further apart than



the allowed bond distance, thereby limiting the method to small moves. By introducing
SPC steps before the break is sealed by DFC, the atoms leading up to the break are re-
arranged to reduce the size of the break, therefore allowing for larger moves. In addition,
the cost of the RSC algorithm scales linearly with the number of degrees of freedom while
methods such as CONROT have non-polynomial complexity. Thus, the method that is
now called Natural Move Monte Carlo was born.

A further iteration of this approach was introduced in 2012 when Sim et al. showed
how nested moves, or hierarchical Natural Moves (hNM) could be used to accelerate
sampling of large biological structures even further [19]. This method was successfully
benchmarked on a symmetrical RNA four-way junction, where the hNMMC simulation
(distribution of observables) converged much earlier than competing methods including
NMMC. Thus, by using several layers of degrees of freedom that each describe the move-
ment of separate structural elements such as residues, base pairs, base stacks and whole
helices, the energy-surface is signi cantly smoothed compared to single-level rigid body
simulations, leading to large increase in sampling e ciency. Similarly for protein systems,
these could include domains, secondary structure elements or residues. To quote the pa-
per. &€celLess computational time is spent with exploring conformations in phase space
with negligible probability of occurrence. Exploring a smaller but more important region
of the conformational space solves the problem of high dimensionalitya€e

The method was also adapted to re ne structural conformations against projections of
single particle images measured by electron microscopy [22]. This re nement was applied
to the mmCpn Chaperonin, a protein-folding nanomachine of950 kDa, over 60 times as
large as the lysozyme protein or over 6 times as large as an IgG antibody.

In recent years, NMMC has been deployed for the training-free atomistic prediction of
nucleosome occupancy [30], the assessment of diabody/receptor complexes [24], the study
of MHC/peptide dissociation pathways [31] and the structural e ects of epigenetic marks

on DNA structure [32].
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2.1.3 Setting up a molecular simulation

In the following section various aspects important to biomolecular simulations will be
discussed and reviewed. A particular focus will be on three important considerations that
have to be made before setting up a MCMC simulation: 1. The type of model in the
sense of representation and choice of potential; 2. The degrees of freedom considered,;
3. The algorithm that should be used to explore the conformational space (Figure 2.1).
Depending on the research question the choices for each of these considerations might

vary substantially.

Figure 2.1: Three important considerations for biomolecular simulations. Three impor-
tant considerations for biomolecular simulations. First, the level of structural detail in the
model is determined. Secondly, a decision on the degrees of freedom in a system is made
(e.g. torsional/cartesian sampling, Natural Moves, hierarchical Natural Moves). Finally,

an algorithm is chosen for exploring the resulting phase space.

2.1.3.1 Choice of model

Resolution  Due to sustained attempts to characterise structures at the atomic scale,
a number of methods exist to approximate accurately the dynamics and motions of
biomolecules [5]. By representing each atom in a biomolecular structure separately and
treating solvent molecules explicitly good agreement with experiments can be achieved

given a correctly parameterised force eld [33 35]. This comes at a computational cost
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that limits the scope of this highly accurate and detailed approach. Reduced complexity
models o er an opportunity to broaden the scope of biomolecular simulations and have
shown to perform su ciently accurate to generate results in accordance with experimental

data [36].

Figure 2.2: All-atom (hydrogen atoms not shown) versus 3-point coarse-grained represen-
tation of a tripeptide. Nitrogens are depicted in blue, carbon in grey and oxygens in red.
The centre of mass of the side chain is shown in dark grey. The 3-point representation
shown here was developed by Minary et al. [21] and was used for all protein simulations
presented in this thesis.

The rst coarse-grain protein MD simulation method was introduced by Levitt et al. in
1975 [37]. Driven by strong limitations in computational power a simpli ed protein model
was developed, which stripped away all atoms and only considered two interaction sites;
the C atom and the side chain centre. In addition, a so called united atom representation
was used that "uni es" hydrogens withC atoms. This resulted in a four-fold reduction
in degrees of freedom and cut the number of interaction centres by a factor of fteen.
Despite the loss of information due to coarse-graining, their simulations were able to fold
a small polypeptide chain into a structure with a deviation of 3.37 A when compared

to the native state. Since then a range of di erent bead models have been developed
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encompassing anything between one and four beads per residue [38 40]. The Martini
model is an exception, which uses a four-to-one mapping, where four heavy atoms are
represented by a single particle [41]. Another type of representation a@ models that

are commonly used in G models (discussed below).

Potentials  Potentials for all-atom representations and explicit solvents have generally
been the main focus of most of the common MD simulation packages [42 44]. The po-
tential provides the means for determining the energy of a system while its derivatives
represent the atomic forces that ultimately guide the simulation. The typical potential
energy function used for biomolecular simulations relies on xed point charges [44]. The
potential energy is updated at each time step according to the sum of internal terms
such as bond, valence, dihedral and backbone angles and non-bonded terms such as the
Lennard-Jones term and the Coulombic interaction. The parameters for these potentials
are commonly optimised using experimental data and quantum mechanical calculations
[45].

In addition, implicit solvent models such as distance-dependent dielectric models [46]
are commonly used to calculate pairwise Coulombic interactions. Although they are
not the most accurate models, they generally achieve good results when compared to
experimental data while keeping the computational cost to a minimum.

Another approach was introduced by Marrink et al. [41] who have developed the
MARTINI CG model, which is now part of the Gromacs MD programme and is widely
used. This mostly empirical approach does not solve or determine the CG potential
precisely for a system; rather, simple functional forms such as Lennard-Jones potentials
are tted to experimental data. The MARTINI CG force eld has proven especially useful
for membrane simulations as the MARTINI parameterisation approach is amenable to
describing amphipathic assembly forces [13].

Coarse-grained models are often combined with so called knowledge-based potentials
that extrapolate their parameters from structural information derived from the wealth
of information stored in large data banks such as the PDB [47, 48]. Generally these

potentials are based on simple statistics of pairwise amino acid contacts (two residues
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with a distance that is smaller than a certain cuto ). From this data a potential can
be generated in the form of a matrix that de nes the energy for each interaction [49].
RAPDF (residue-speci ¢ all-atom conditional probability discriminatory function) was
one of the rst potentials to be generated with this approach [50].

Some potentials reshape the energy surface in order to guide simulations and promote
a certain behaviour. In 1978, Go et al. presented a potential that mirrored a perfectly
smooth energy funnel, which was especially advantageous in tackling protein-folding prob-
lems [51]. Favourable energies were restricted to pairs of residues (usually represented by
their C atoms) known to interact in the native conformation. However, due to this
in-built information the results were heavily skewed towards the native structure and
thus were considered to have limited predictive power for applications other than protein
folding.

To what extent are Go models useful? There is now a consensus that states that there
are severe draw-backs to the perfect funnel model description. A small but signi cant
number of residues are thought to be part of interactions that are important in the
transition states but are not present or are weaker in the native conformation. Evidence
that shows the limits of the perfect funnel model are examples of proteins that undergo
nonnative intermediate states during folding. The majority of these are -proteins like

-lactoglobulin [52], which is known to have some-helical structures in its intermediate
states. For this protein a simple Go model struggles to give the right answer.

Generally, the notion of nonnative interactions is an import one, and gives rise to the
question how speci city arises. The energy-landscape model incorporates two concepts;
it explains the folding of proteins driven by native interactions using the global funnel
shape idea and describes non-native interactions by the local perturbations of the energy
surface. The success of Go models in predicting folding pathways may be ascribed to the
validity of the former. Experiments as well as simulations show that for fast folding small
proteins the global funnel concept seems to be the main contributing factor. However,
for better modelling, the potential functions have to become more accurate so that the

landscape is smoothed while the depth of the native well is maintained su ciently large.
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Go models are largely employed for the modelling of protein folding pathways as well
as interactions in larger biomolecular complexes [53, 54]. The physical relevance of the
simulated interactions are unclear, however, as they are described by the native structure
instead of physico-chemical characteristics of the system [55]. Consequently, Go models
cannot predict the folding of unknown structures, and are unsuitable for exploring the
conformational space away from the native structure.

Other methods approximate the vibrational uctuations and positional uncertainties
in a protein structure by a network of springs connecting a set of spheres. Tirion et
al. rst outlined the elastic network model (ENM) approach in 1996 [56]. Originally, a
single spring constant acts on these "bonds' with a length shorter than a certain cut-o
distance. Combined with normal mode analysis (NMA) these models provided a unique
insight into the low-frequency modes of biomolecules of all sizes (including the ribosome
[57]), however their utility is limited due to the harmonic nature of the system, which
prevents the exploration of large conformational changes when applied in the traditional
manner. Instead of connecting the atoms by their covalent bonds as described by the
x-ray structure, all atoms that are spatially proximal to each other are connected by
springs. In the original version all particles in the system were treated identically and the
springs had the same sti ness. Pairs of particles whose distance is below a certain cuto
are connected by springs with a certain sti ness. This representation can then be used
to describe a system's collective motions using normal mode analysis (NMA). Tirion et
al. have demonstrated that a single-parameter spring potential is su cient to reproduce
the slow elastic modes of proteins observed with sophisticated multi-parameter empirical
potentials. This insight represented a milestone with regards to the simulation of protein
dynamics as it made the potential robust against details of the equilibrium structure,
which was de ned to have minimal energy by construction (this is a disadvantage for
sampling conformational space far away from the starting structure as will be discussed
later). Thus, for the rst time experimental structures could be used as is, without the
ine cient energy minimisation step associated with atomic force elds.

A further approximation was introduced by Bahar and Hinsen, who applied the same
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harmonic potential to a simpli ed model in which each residue was only represented by
a single particle at the position of the respective€l atom [58]. This approach has also
been shown to be e ective in describing the thermal uctuation motions of proteins.

Elastic normal modes may be regarded as a straight forward and interpretable repre-
sentation of the protein's collective motion, which can be conveniently coarse-grained and
are computationally inexpensive. As a result they quickly replaced molecular mechanics
force elds that had been used for NMA of proteins in previous years [59 61].

It is important to note that NMA is based on the approximation of the energy function
around the equilibrium conformation of the elastic network. It came as a surprise then
that large-amplitude functional motions in some proteins could be accurately described
by this approximation. However, in general it is not known to what extent normal mode
approximation is valid, especially for conformations distant from the starting structure. It
is problematic to describe large-scale motions in proteins in terms of the near-equilibrium
properties of the elastic network.

Another weakness of the method is the often arbitrary choice of the cuto -length
for the construction of the network. If chosen too large the network tends to include
a vast number of connections including very weakly connected residue groups or even
disconnected particles, if chosen too small crucial connections are omitted. In an attempt
to remove the cuto -length as a free parameter Yan et al. [62] have proposed a parameter-
free elastic network model, where interactions between all network particles are assumed,
but their interactions strengths are determined by springs constants that are inversely
proportional to the distance.

The e ectiveness of NMA has been discussed extensively, especially in a comprehensive
review by Yang, Song and Jernigan [63]. It was investigated how well normal modes of
elastic networks characterised large-scale protein movements. The study concluded that
ENM gave the most accurate results for structural changes that were collective in nature
but struggled for non-collective conformational transitions.

Note that simpli ed methods have been developed since, that were inspired by ENM,

namely the Gaussian Network Model (GNM) and Anisotropic Network Model (ANM).
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GNM uses aN x N matrix based on inter-residue contact topology instead of th8N x
3N force constant Hessian matrix used in traditional ENMs. The ANM was built on the
GNM and includes information on the directions of individual residue uctuations.

Despite their simplicity, the GNM and ANM have been widely used for the study of
protein dynamics, for example to elucidate both the molecular machinery and structural
plasticity of macromolecular structures and complexes including HIV reverse transcriptase
[64], hemagglutinin A [65], F1 ATPase [66], RNA polymerase [67], GroEL-GroES [68], the
ribosome [69], and viral capsids [70].

Furthermore, large scale GNM studies have revealed conserved dynamical behaviour
between di erent biomolecules [71], the e ect of topology on native structural stability
[72] or the automatic domain characterisation of proteins [73].

One of the biggest advantages of these methods is that low-energy modes are robustly
maintained [15]. However, most ENMs lack information on residue speci cities, atomic

interactions, and side-chain uctuations.

2.1.3.2 Degrees of Freedom

Global and Local Torsional Angles In order to improve upon the e ciency of tra-
ditional approaches using Cartesian coordinates, computationally cheaper methods have
been introduced. However, e orts to address the dimensionality problem often lead to
an increase in complexity of the energy landscape. For instance, a popular approach to
reduce the degrees of freedom is to use torsional angles instead of Cartesian coordinates
to describe the structure of a biomolecular system [74]. In this method new molecular
conformations are generated by gradually "growing' the structure with new dihedral an-
gles from a given seed residue. This approach, however, struggled to generate feasible
conformations for structures larger than short peptides, due to low acceptance rates in
traditional Markov Chain Monte Carlo simulations so that hardly any sampling progress
was made. The limitation of this so called global torsional angle sampling method, re-
sulted from the lever arm e ect, which caused small changes at the beginning of the chain

to be propagated through and ampli ed at more distal parts of the structure, thus leading
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to energetically unfavourable conformations and poor acceptance rates.

This issue was addressed with the introduction of local torsional angle sampling. Here,
torsional moves of segments are sampled in isolation while the remaining part of the struc-
ture is kept untouched [25]. Consequently, the chain connecting segment (molten zone)
may be broken at every step and needs to be closed using numeric chain closure algorithms
[29] at the expense of computational resources. While signi cant improvements in accep-
tance rates is achieved, the limitations of short gap closure distances and computational

cost due to the closure algorithms persist.

Natural Moves Learning from the bene ts and shortcomings of local torsional angle
sampling methods a new concept called Natural Moves was presented in 2010 [18]. By
introducing an improved stochastic chain closure algorithm that could be used in combi-
nation with any advanced sampling method, e ciency was increased, larger chain break
distances could be bridged and arbitrary degrees of freedom could be introduced into the
system. By these means it became possible to de ne collections of residues that could be
propagated as uni ed bodies rather than separate entities. Therefore, a structure could
be decomposed into a set of segments that would undergo so called Natural Moves. This
allowed for the drastic reduction of the conformational space to be sampled in a system
and therefore provided large improvements in performance [19]. Figure 2.3A and D show
two examples systems that may be decomposed into segments di erently due to their
scale and according research question. Figure 2.3B and E show two di erent segmenta-
tion strategies for Natural Moves. The strategies shown are purely based on structural

information but could be extended by more experimental or simulation data.

Hierarchical Natural Move Monte Carlo Hierarchical Natural Move Monte Carlo
(hNMMC) [19] is based on the same building blocks as NMMC but adds an additional
layer of hierarchy to the simulation. In addition to segments that may represent secondary
structure elements, higher level entities can be de ned which may encompass multiple
segments, domains, subunits and event tertiary structures. These so called "regions”

provide the means to simulate even larger structures without facing a signi cant increase in
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Figure 2.3: Examples of natural and hierarchical Natural Move&. Cartoon representa-
tion of uteroglobin, an -helix-bundle (PDB accession code: 1UTG). Helices are shown
in blue, loops in red. B Schematic representation of uteroglobin and its decomposition
into segments and molten zones. Each of the four segments can move independently
along six degrees of freedom in a Natural Move Monte Carlo (NMMC) simulation (in-
dicated by *). The segmentation was de ned using secondary structure informatiorC

The same system as shown in B but using regions, which contain segments. These are
used in hierarchical Natural Move Monte Carlo (h(NMMC). Regions can be moved collec-
tively, while the individual segments within regions retain their independent movement,
thereby confering “internal exibility. D Cartoon representation of the Methonococcus
maripaludis chaperonin (Mm-cpn). E The subunit highlighted in D is shown in more
detail. In NMMC each subunit may be decomposed into two segment§. In hNMMC,
however, using experimental data or intuition one of the segments may be further split
by the user resulting in region R2 with sub-segments (R2.1, R2.2, R2.3).

complexity [18]. Therefore, this method allows for the analysis of the functional motions of
very large biomolecular complexes [19, 22], as hierarchical Natural Moves can be adapted

to account for the size of the molecule. A more detailed description of the method will
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follow in the next chapter. Figure 2.3C and F show examples of hierarchical Natural

Moves.

2.1.3.3 Algorithms

Two common objectives when performing biomolecular MC simulations are the adequate
sampling of structures to explore conformational space and the locating of energy minima.
There are various algorithms that facilitate either of these objectives, few of which | will

brie y discuss below.

Simulated Annealing Simulated annealing is a method commonly used for nding
approximate solutions to global optimisation problems [75]. By setting a high initial
temperature and subsequently cooling the system gradually, high energy barriers can be
overcome and local minima can be identi ed e ectively. In order to improve upon this
algorithm periodic temperature modulations can be introduced that repeatedly allow a
system to evade local minima. By gradually heating and cooling the system there exists
a higher probability of nding low energy conformations. Such a temperature function

may take the following form:

.2k
T«k=A sih — +5s (2.1)

where k is the MCMC step counter, is the number of steps per periodA is the
amplitude and s is used to shift the minimum temperature.
Figure 2.4 illustrates a typical biomolecular simulation using the repeated simulated

annealing protocol.

Parallel Tempering Parallel tempering is popular for sampling large volumes of con-
formational space and provide canonical distributions. Here one performs multiple simu-
lations at increasing temperatures in order to improve the sampling of a particular system
[76]. Adjacent simulations may exchange states according to the metropolis criterion, if
their potential energies are su ciently close. Figure 2.5 shows the energy distributions of

di erent replicas during a parallel tempering simulation.
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Figure 2.4: lllustration of a repeated simulated annealing simulation. The top gure
represents a typical temperature pro le typically used for repeated simulated annealing.
Higher temperatures (states 2 and 4) facilitate the crossing of energy barriers, while lower
temperatures (states 1, 3 and 5) enable the search for local energy minima.

This allows for states that result from high temperature simulations to di use across
replicas. Since high temperature systems are able to surpass larger energy barriers than
low temperature simulations, this enhances conformational sampling along low tempera-
ture replicas (usually the system of interest). Note, that the probability of state exchange
between replicas is designed so that each replica samples states according to their canoni-
cal probability of occurrence at the given temperature. Therefore, this enhanced sampling
method does not alter the correct canonical distribution of observables (e.g. RMSD, inter-
helix distance) but only accelerates the rate of convergence to the desired distributions.

Formally, K +1 Markov Chain simulations are performed simultaneouslyt:X To; X T1; :::: X Tk g
and each trajectory samples from a Boltzmann distributionf; (X; T;), at a given temper-
ature T; wherei = 0;:::; K. Adjacent Markov chainsX T and X T+t may exchange states
at step n with probability P, = minf1;f; 1(y)=fi 1(2) fi(2)=fi(y)g, wherey = X

andz = X {Ti+),
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Figure 2.5: A The six simulations running at di erent temperatures in parallel are shown.
State exchange between temperature levels is represented by dashed arrols.The
energies for replicas running at di erent temperatures during a typical parallel tempering
simulation.

2.2 Biological background

2.2.1 Protein and DNA structure

2.2.1.1 Nucleic Acid Structure

DNA and RNA have highly similar chemical compositions, however their structures can

vary greatly. DNA and RNA both consists of four di erent nucleotides that each contain a
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phosphate group linked by a phosphoester bond to a pentose that itself is connected to an
organic base. In DNA, the pentose is deoxyribose; in RNA, it is ribose. Furthermore, one
of the four organic bases di ers between the two molecules. The bases adenine, guanine,
and cytosine are found in both DNA and RNA, whereas thymine only exists in DNA, and
uracil only in RNA. RNA mostly exists as a single polynucleotide strand that can fold
back on itself, while the chemical composition of DNA strongly promotes the formation
of a double helix with two intertwined polynucleotide strands. This structural di erence

is crucial for the di erent functions of DNA and RNA.

The charged nature of the sugar-phosphate backbone means that nucleic acids are
frequently a ected by the local surroundings; for example, ligand binding often causes
large structural changes [77, 78]. However, the sequence-context is critical. Pyrimidine-
purine dimers are especially exible in protein-DNA interactions [79] and GG:CC dimers
are amenable to drug- and protein-induced conversion to the A-DNA form [80].

Comprehensive investigations of three-dimensional structures and interactions of nu-
cleic acids require quantitative tools for characterising the spatial orientations of the
constituent molecular units. In 1988 a group of experts developed a set of parameters
for describing the orientation and displacement of bases in double helical nucleic acid
structures [81]. However, due to di erent programmes using di erent standards a number
of con icting interpretations arose for identical structures [82]. Structural segments that
were considered ‘'normal’ according to one method was classi ed as very unique according
to another. As a result it was challenging to conduct extensive comparative studies of
nucleic acid structures and to identify unusual features in individual structures. To re-
solve these issues a standard base-centred reference frame was introduced in 2001 for use
in nucleic acid structural studies [83].

The hydrogen bonding and stacking of base pairs are fundamental to DNA and RNA
structure. Canonical base pairs (Watson-Crick) in double stranded DNA represent only
one of many possible interactions of bases. The range of structural forms seen in RNA
and DNA, e.g. (rRNA [84] and DNA tetraplexes [85]) are a result of a wide variety of

alternative base pairing motifs [86].
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In addition, water and ions play an important role in stabilising RNA and DNA
structures. For example, the transition from B- to the A-form of DNA that occurs as a
result of reduced humidity can be prevented by the addition of divalent metal ions [87].

In the following sections | describe in more detail the structural characteristics of

nucleic acids.

Primary Structure As with proteins, the primary structure of nucleic acids refers to
the linear form, the sequence, of the polymer. Cellular RNAs range in length from less
than one hundred to many thousands of nucleotides. Cellular DNA molecules can be as

long as several hundred million nucleotides.

Secondary Structure The secondary structure in nucleic acids refers to the set of
interactions between bases. In DNA these interactions mostly occur between bases of
two di erent strands, whereas in RNA these interactions occur within the same strand.
The simplest secondary structures in single-stranded RNAs are formed by pairing of
complementary bases. "Hairpins™ are formed by pairing of bases within 5 to 10 nucleotides
of each other, and “stem-loops™ by pairing of bases that are separated by approximately

50 to several hundred nucleotides.

Tertiary Structure The tertiary structure describes the locations of the atoms in
three-dimensional space, taking geometrical and steric constraints into account. There
are four ways in which the structures of DNA molecules can di er.
" Handedness - right or left

Length of the helix turn

Number of base pairs per turn

The ratio of the widths of major and minor groove
The tertiary structure of the DNA double helix in space can take on di erent forms:
B-DNA, A-DNA, Z-DNA and F-DNA.

B-DNA is the most common form of DNAIn vivo. It is a narrower, longer helix than

A-DNA. It has a wide major groove, which makes it a good binding site for proteins. The

24



hydration of the minor groove favours B-DNA. B-DNA base pairs are almost perpendicular
to the axis of the helix.

A-DNA is usually observed under dehydrating conditions. It is shorter and wider
than B-DNA. RNA adopts this double helical form, and RNA-DNA duplexes are mostly
in the A-form. A-DNA has a deep, narrow major groove, which reduces its accessibility
to proteins. The base pairs in A-DNA are tilted relative to the axis of the helix.

Z-DNA is a rarely observed left-handed double-helix. Given the right sequence and
super-helical tension, it can formin vivo but its function is unclear. It has a more
narrow, more elongated helix than A- or B-DNA. The major groove is hardly existent,
and it has a narrow minor groove. The most favourable conditions for Z-DNA are high
salt concentrations.

F-DNA is a recently discovered form that occurs in GC-rich sub-regions of the DNA
structure where multiple cytosines in a row carry an epigenetic (formyl) mark. Its charac-
teristic helical underwinding makes it easy to distinguish from the other forms mentioned
above [88].

In RNA, simple secondary structures can cooperate to form more complicated ter-
tiary structures, one of which is termed a "pseudoknot’. Pseudoknots are formed when
nucleotides from the hairpin-loop pairs with a single stranded region outside of the hairpin
to form a helical segment. Pseudoknots are diverse functional elements in RNA structure
and are found in most classes of RNA.

Tertiary structures have also been shown to exist in mRNA, particularly near the
termini of molecules. Similarly to proteins, they can have structured domains linked by

less structured, exible regions, and sometimes also exert catalytic activity.

Quarternary Structure The quaternary structure of nucleic acids refers to interac-
tions with other biological molecules. A frequently seen form of quarternary structure
is seen in the form of chromatin, which is formed by the interaction between DNA and

small histone proteins.
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2.2.1.2 Protein Structure

Primary Structure An amino acid consist of a carboxylic acid that is attached to an
amino group. Apart from glycine, which has no side chain, amino acids have chirality (the
molecule is not superimposable on its mirror image); the L-form is the most commonly
observed. Twenty-two di erent amino acids are encoded by 61 codons (the remaining
3 are stop codons). Polycondensation of amino acids in the ribosome leads to proteins.
Each of the amino acids has unique physicochemical characteristics, which enable them
to play di erent functional roles within a protein. The primary structure is schematically

shown in Figure 2.6.

Secondary Structure A peptide bond between two amino acids is formed by conden-
sation under the elimination of water. Addition of more amino acids to the dipeptide
results in peptide chains. Chains of 20 residues and less are called oligopeptides, while
longer chains are referred to as polypeptides. Proteins are polypeptides with a biological
function. Polypeptides vary in length from a few dozen to thousands of amino acids.
Proteins may be made up from a single polypeptide chain, or multiple polypeptide chains
(subunits). The amino acid sequence of a protein is called the primary structure, with the
N-terminus de ning the beginning and the C-terminus the end of the molecule; proteins
are also synthesised in this direction.

The regular, repetitive folding pattern of the primary structure is referred to as sec-
ondary structure. Hydrogen bonds within the protein backbone (between the amino- and
keto-groups of the peptide bonds) stabilise secondary structure. While the bond energy
of an individual hydrogen bond is weak, the total of all hydrogen bond energies amounts
to a signi cant e ect on the structure. Secondary structure comes in several forms, two

of which are shown in Figure 2.6.
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Figure 2.6: The hierarchy of protein structure. The primary structure refers to the amino
acid sequence of a protein, which is represented by a string of coloured beads. Secondary
structures are regions with a well de ned regular structure stabilised by hydrogen bonds
(black dashed lines). These include -helices and sheets. Residues that are part of
the same secondary structure element are often moved collectively as segments in Nat-
ural Move Monte Carlo. The tertiary structure refers to the overall arrangement of a
single polypeptide chain into a three-dimensional structure. Multiple structural elements
(secondary structures, domains) may be grouped and moved collectively as regions (sets
of segments) in Natural Move Monte Carlo. The quarternary structure describes the ar-
rangement of multiple folded protein subunits in a multi-subunit complex. One or more
protein subunits may be moved collectively in Natural Move Monte Carlo.
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The most commonly observed secondary structure is a right-handed spiral with 3.6
amino acids per turn, called the -helix. Left-handed helices are less common for L-amino
acids, as the -carbon and carbonyl-oxygen would clash. The side chains points outward
and the compact conformation is stabilised by hydrogen bonds between a carboxyl-oxygen
(partial negative charge) and the amino hydrogen (partial positive charge) 4 residues down
the chain. A complete helical turn occurs every 3.6 amino acids on average. Proline and
glycine are usually not found in helices as their physio-chemical properties do not suit the

- helix. Proline is known to break or cause kinks in -helices as the lack of a secondary
amide prevents stabilisation through hydrogen bonding and also because its sidechain
interferes sterically with the backbone of the preceding turn - inside a helix. However,
prolines are often found at the N-terminal beginning of helices, which is thought to be due
to its structural rigidity that can support the formation and maintenance of the secondary
structure.

Proline either breaks or kinks a helix, both because it cannot donate an amide hydrogen
bond (having no amide hydrogen), and also because its sidechain interferes sterically with
the backbone of the preceding turn - inside a helix, this forces a bend of about 30A° in the
helix's axis.[10] However, proline is often seen as the rst residue of a helix, it is presumed
due to its structural rigidity.

In the -strand, the polypeptide backbone is extended. When multiple strands are
arranged either parallel (carboxyl groups are on the same side) or antiparallel, they form
hydrogen bonds between each others NH and C=0 groups. This arrangement is referred
to as a -pleated sheet. The main di erences between the-helix and -strand is that
the hydrogen bonds occur between residues of the same helix and between amino acids of
adjacent strands, respectively.

Even though it is energetically more favourable for -strands to interact with each
other, individual -strands are stable because the amino acids in this extended structure
bene t from entropic stabilisation. The side chains alternately point up- and downwards,
and is usually not entirely at, but has a right-handed bend (e.g. -barrels). In antipar-

allel -sheets the strands run in opposite directions. They are often connected through
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-turns. In a parallel -sheet the strands point the same way. Hydrogen bonds are less
favoured in the parallel -sheet, thus it is less stable than the antiparallel form. The
strands of parallel -sheets are commonly linked by -helices.

Coils are structures that do not fall in the categories discussed above. While their
geometry is not as well described, they still have a de ned position within the protein.
Coils are sometimes referred to as ‘random' or "unordered', which can be misleading.
Coils play an important role, because they provide plasticity and allow for conformational
changes. Their backbones do not participate in intra-molecular hydrogen bonding and

thus are commonly accessible for interactions with water, ligands, or other proteins.

Tertiary Structure The position and orientation of all secondary elements in a protein
structure is described as tertiary structure. One of the main factors that in uences tertiary
structure is the hydrophobic e ect, i.e. the propensity of non-polar molecules to aggregate
in solution and exclude water molecules. Generally, in globular proteins, amino acids with
hydrophobic side chains are found in the core, while the hydrophilic residues are usually
exposed on the surface.

Van-der-Waals-interactions are transient interactions between dipoles with a bond
length of roughly 4 A. In contrast, hydrogen bonds occur between permanent partial
charges and have a bond length of about 3 A. For interactions that are further apart,
indirect hydrogen bonds occur with water acting as a bridge (water-mediated hydrogen
bond). Salt bridges are formed between fully charged species and have a bond length of
2.8 A. Disulphide bonds are found between two cysteines, usually once folding has been
completed and the native structure has been formed. This oxidation, where hydrogen is
removed, does not usually take place in the cytosol, which has a reducing environment.
Rather, disulphide-bridge formation often occurs in the oxidising environment of the en-
doplasmic reticulum. Consequently, disulphide bridges are found more often on the cell's
surface and in secreted proteins than in cytosolic proteins. The length of a disulphide
bond is 2.2 A.

Some proteins consist of multiple domains, modular structural entities connected by

short segments. A domain is a conserved part of a protein that can undergo evolutionary
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changes, perform functions, and exist separately from the remaining structure. Domains
usually have a well-de ned three-dimensional conformation and generally are stable and
can fold on their own. Due to the increasing numbers in deposited protein structures,
researchers have been able to characterise large numbers of proteins according to fea-
tures such as certain recurring tertiary structure patterns. These folding patterns are
referred to as motifs. Interestingly, motifs are more evolutionary conserved than amino
acid sequences. Numerous proteins are structural homologues of each other, despite their
sequence identity being low.

Using these motifs, protein domains have been classi ed into hierarchical groups. Due
to the inexact de nition of classifying three-dimensional structures a number of di erent
approaches have been developed. One of the most popular is the Structural Classi cation
of Proteins (SCOP) database (since 2014 SCOP2, http://scop2.mrc-Imb.cam.ac.uk/).

An illustration of tertiary structure is shown in Figure 2.6.

Quaternary Structure A number of proteins form multimeric complexes to perform
their function. The arrangement and orientations of subunits in such assemblies is referred
to as quaternary structure. As with tertiary structure, ionic and hydrophobic interactions
are key factors in the formation of the quarternary structure. A schematic of quarternary

structure is depicted in Figure 2.6.

2.2.2 Collective Motions

The idea of the energy landscape has gained most of its traction in the context of protein
folding [89]. However, this concept had been developed before to describe the structural
states involved in the function of myoglobin [90, 91]. Frauenfelder et al. found that the
energy-landscape concept helped to characterise various kinetic and functional features,
and were able to identify the heights of energy barriers and the multiple conformational
substates [92].

Large-scale conformational transitions generally require collective, large-amplitude

motions as well as small-amplitude local uctuations on the picosecond timescale. How are

30



these dynamic ranges connected? The interplay between these timescales was elucidated
by a NMR spectroscopy and MD simulation study of the adenylate kinases thermoAdk
and mesoAdk [93]. Local backbone regions that connected the domains that moved dur-
ing lid closure showed increased picosecond dynamics. Interestingly, in mesoAdk these
regions were more exible at low temperature than in thermoAdk, and a correlation be-
tween hinge dynamics and catalytic activity was observed. The authors suggested that
the hinge regions were the origin of the catalytically important collective domain mo-
tions. Increased packing and hydrogen bonding in the thermoAdk hinge regions, due
to variations in the sequence were thought to be responsible for the di erence in their
dynamics.

The characterisation of protein dynamics includes the timescale (kinetics) as well as
the amplitude and directionality of motions (structure). As a result, the energy land-
scape for a typical protein is high-dimensional. Thereby it is important to note that a
particular energy landscape is a ected by temperature, pressure as well as solvent condi-
tions. By changing these parameters the relative proportion of states and the kinetics can
be modulated. Computational algorithms such as simulated annealing and parallel tem-
pering for example make use of this phenomenon by exploring conformations in a range
of di erent temperatures, thus allowing simulations to cross energy-barriers and explore
multiple energy-minima. Theoretically, the energy landscape describes all the states that
could be sampled by the system, including unfolded structures. However, dimensionality
reducing simulation techniques, such as Natural Move Monte Carlo, can be used to limit
this phase space (conformational space) by imprinting certain assumptions into the sim-
ulation; for example the assumption of collective motion of secondary structure elements
in folded proteins may be imprinted by treating -helices and -sheets as rigid bodies.

The following discussion among others describes how such assumptions can be justi ed.

Slow Timescales  Protein motions can be divided into groups of slow and fast timescales.
“Slow' dynamics may be uctuations between di erent states (tier-0 states) that populate
distinct energy minima. These motions correspond to microseconds and longer at 310 K.

Generally, these include collective motions between just a few states. The system is not
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static within one of these states, it rather undergoes smaller and faster timescale motions
around the average structure, thereby visiting a large number of very similar structures.
Transitions between tier-0 states occur less frequently than between higher tier states, due
to the large concerted e ort that is required to enable the transition. Domain motions
and dynamics of this size and this timescale are biologically interesting as they seem to
drive functions such as enzyme catalysis, signal transduction, protein-protein interactions
and cooperative/allosteric switches. Due to their relatively long half-lives, tier-O states

can be studied with a range of experimental techniques (discussed below).

Fast timescales "Fast' dynamics, referred to as tier-1 and tier-2 dynamics, are uctu-
ations that occur within a tier-O state. These are motions that do not change the global
structure signi cantly, leading to a large number of highly similar conformations that are
separated by low energy barriers and occur on the picosecond-to-nanosecond time scale
at 310 K. Henzler-Wildman et al. describe tier-1 and tier-2 motions as small numbers
of atoms moving collectively on the nano-/microsecond (e.g. loop recon guration) and
atomic uctuations on the picosecond scale (side-chain isomerization), respectively [94].
Higher tiers describe uctuations such as femtosecond bond vibrations. It is well known
that dynamics are encoded by the three-dimensional structure i.e. the geometry or topol-
ogy of native contacts, with backbone atoms within secondary structures uctuating less
than atoms in unstructured regions.

Karplus and co-worker observed in their simulations that not only the motions of
adjacent residues were highly correlated (covalent bonds). The motions of residues that
were further apart were also correlated, albeit to a lesser degree, as long as they were
located in the same secondary structure element (hydrogen bonding). For the rst time
their simulations suggested that it is possible that secondary structural elements can move
as collective entities [95].

It has become common to group protein movements into hinge and shear motion [96,
97]. Hinge movements describe the rotation of protein substructures (usually domains)
around a hinge element such as a loop. These movements commonly include a small

group of residues that undergo signi cant conformational changes, while the rotating
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protein substructures that make up the majority of residues maintain their structure.
Shear movements on the other hand describe the sliding movement of substructures with
respect to each other. These motions are usually more subtle, with small structural
changes along the plane of movement. However, it has become apparent that the repertoire

of conformational changes in proteins may be more complicated [98].

2.2.2.1 Experimental methods for studying collective motions

The ultimate goal of structure elucidation is to characterise the functionally relevant
conformations in a biological system as well as its transition pathways and conversion
rates. Techniques such as X-ray crystallography, nuclear magnetic resonance (NMR)
spectroscopy, cryo-electron microscopy and small-angle X-ray scattering (SAXS) provide
medium to high resolution structures of tier-O states. For X-ray crystallography, which
provides atomic detail, a homogeneous crystal is required. Thus, di erent conformations
of structures have to be induced by biochemical means [99]. A good example of such a pro-
cedure was the crystallographic characterisation of cytochrome P450 structural substates
that are responsible for its enzymatic activity [100].

No crystal are required for cryo-electron microscopy or small-angle X-ray scattering,
enabling the elucidation of structural ensembles present in the sample, albeit with lower
resolution. However, these methods are unsuitable for determining interconversion rates.
Structural data generated with these methods is often supplemented by kinetic data
generated from spectroscopic methods. Furthermore, hydrogen-deuterium exchange in
combination with mass spectrometry or NMR spectroscopy can be useful to identify
unfolding on long time scales (milliseconds and longer) [101].

NMR can reveal rates of transitions as well as atomic resolution structures. The dy-
namics are inferred from observing the relaxation of nuclei after excitation [102]. The
dynamics can be monitored while the structure is in solution in steady-state conditions
[102], as opposed to other spectroscopic methods, where the system is perturbed to calcu-
late the kinetics. Traditionally, NMR experiments were only possible with small, soluble

proteins. More recently, however, modern spectrometers have enabled the study of larger
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systems of 100 kDa and higher (and even up to the size of the ribosome) [103 105]. Solid-
state NMR, in particular, now allows to resolve large membrane-protein complexes at
atomic resolution [106].

About a decade ago, older techniques based on uorescence such as circular dichroism,
infrared spectroscopy, Raman spectroscopy and electron paramagnetic resonance have
experienced a new surge in popularity due to their ability to measure kinetic information.
These methods can examine a large range of timescales with relatively high precision and
generate information for one or more sites of interest.

Single-molecule uorescence [107] allows researcher to observe in real time conforma-
tional changes in a single molecule. The advantage of single-molecule methods lies in their
ability to identify molecular heterogeneity, transient states, rare events and the order of
events, all of which is often lost in ensemble-averaging methods. Furthermore, uorescence
resonance energy transfer (FRET) makes it possible to measure intermolecular distances
over time [108].

Site-directed spin labelling experiments have found characteristic signals inrhelical
structures that strongly suggests collective modes of motion: rigid-body motion of the

helix around three orthogonal axes [109].

2.2.2.2 Computational Methods for studying collective motions

One of the main advantages of computational methods is the intricate level of detail by
which systems can be studied. In theory, the exact location of all atoms over time for one
or more molecules in any solvent can be simulated, and statistics such as energies and
kinetics can be calculated given that at least one high-resolution structure is available.
However, results should be interpreted with care as we are far from quantum-level, long-
timescale simulations that give accurate results [2].
Full-detail all-atom MD simulations on the microsecond-to-millisecond timescale is

still unfeasible for most research groups. In order to bridge this gap a large number
of strategies have been developed that use simpli ed force elds including normal mode

analysis [110] Gaussian network models [111], FIRST (oppy inclusion and rigid sub-
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structure topography) [112], FRODA (framework rigidity optimised dynamic algorithm)
[113] and Go models [114]. Other MD approaches involve accelerating the dynamic pro-
cess by applying an external force (targeted, steered and accelerated molecular-dynamics
simulations [115 117]), or they use prior knowledge about the conformational change (po-
tential of mean force in umbrella sampling algorithms [118]) or the transition end points
(transition-path sampling [119]). Other techniques include hyperdynamics [120], replica
exchange molecular dynamics (REMD) [121], metadynamics [122] and adaptive sampling
[123] among others.

REMD performs independent parallel Monte Carlo random walks across several paral-
lel MD simulations that are performed at di erent temperatures. This technique is based
on the parallel tempering algorithm [124] that is also used in NMMC,; it allows for the ef-
cient exploration of conformational space across energy minima. Parallel tempering was
rst applied in combination with MC simulations. The transfer of this algorithm to MD
has introduced sampling problems resulting from the failure of the constant-temperature
MD integrators to maintain certain variants. REMD algorithms cannot use the leap-
frog integrator commonly used for microcanonical (constant energy) MD and resort to
isothermal (constant temperature) integrators. This can have a detrimental a ect to the
dynamics of the system. Entropy-preserving constant-temperature integrators have been
used but their application remains limited [125].

Metadynamics adds memory to the sampling by penalising the re-sampling of previ-
ously visited states, thereby " lling the free energy wells with computational sand’ It
has been used to study questions regarding protein folding, molecular docking, phase
transitions and conformational changes [11].

Hyperdynamics accelerates molecular dynamics simulations by reducing the sampling
time in potential energy minima in order to overcome energy barriers. The method modi-
es the potential energy surface by adding a bias potential to the true potential such that
the potential close to the minima is increased. Most applications using hyperdynamics
have been limited to roughly a thousand atoms. For large systems it becomes increasingly

challenging to generate a bias potential that results in a raised potential within the well
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without a ecting the transition states [126].

Adaptive sampling incrementally gathers information from simulations and adjusts
subsequent simulations to improve the exploration of conformational space [127]. The
starting points of new simulations may be selected from conformations of the most under-
sampled conformational regions detected in all previous simulations.

These enhanced sampling methods make use of some of the same techniques as NMMC,
while maintaining better accuracy, however their computational cost is still orders of
magnitude higher than that of dimensionality-reduced Monte Carlo techniques and the
collective propagation of substructures is challenging due to the kinetic character inherent
to MD methods.

Furthermore, molecular dynamics simulations generate an overwhelming amount of
information contained in the trajectory of atomic coordinates. The viewing of such a
trajectory on a graphics screen reveals the tremendous complexity of protein motion, but
little else. In order to reveal the concerted uctuations with large amplitudes, a principal
component analysis (PCA) can be carried out on a large number of con gurations chosen
from the MD trajectory.

Faster dynamics (tier-1 and tier-2) are better suited to be studied by MD simulations.

A benet of MD simulations is that correlated motions can be identi ed, information
that is usually lost in experiments looking at ensembles of molecules. MD simulations
can elucidate the molecular nature of certain movements as the underlying forces and
respective energies can be easily extracted from the simulation.

Long MD simulations of lysozyme have revealed that there are essentially two con g-
urational subspaces [128]: 1. an “essential' subspace that contains a small set of degrees
of freedom, which describe the majority of the structural uctuations (essential degrees
of freedom); and 2. the remaining space in which movements exhibit a narrow range
of structural changes and that can be described as "physically constrained. If the over-
all translation and rotation is accounted for, these two subspaces can be described by a
linear transformation in Cartesian space, while being maintained for hundreds of picosec-

onds. The essential degrees of freedom appear to be able to capture the most relevant
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motions for protein function, while the degrees of freedom in the physically constrained
subspace capture redundant local uctuations. This method allows for the the separa-
tion of equations of motion and enables the independent simulation and analysis in the
essential subspace, thereby reducing computational cost and run-time.

While the characterisation of motions along a single essential dynamics analysis eigen-
vector is easier to understand than large trajectory les, there are many proteins for which
approaches can be used that simplify protein dynamics even further. For example, the
collective motions of many proteins can be approximated by the movement of quasi-rigid
bodies. There are multiple tools that use two di erent conformations of a protein and
describe the conformational change rigid body motions. There are two main strategies
for solving this problem. The rst identi es rigid substructures within the system using
a multiple least-squares tting procedure (HingeFind) [129]. The second groups residues
into rigid bodies by comparing rotation vectors, interdomain screw axes and interdomain
bending regions (DynDom) [130]. The conformational change described by each eigenvec-
tor can be visualised by a single structure, with arrows that represent hinge axes indicating
the relative movement of the substructures [131].

A few years ago there has been an increase in the number of studies that used elastic
network models (ENMs) and normal mode analysis (NMA) to investigate the structure-
encoded dynamics of di erent protein systems (8, 17). Several easily accessible web-servers
are now available to perform these types of simulations that enable the visualisation of
possible collective motions ([132 135].

Partly due to computational methods it is now established that structural dynamics
are an integral part to protein function.

Ultimately, the most successful methods are a combination of novel and rigorous math-
ematical ideas combined with biophysical intuition. The disconnect between experimental
and theoretical timeframes is slowly narrowing, leading to renewed interest in computa-

tional modelling.

Examples of studies identifying collective motions An example of a large-scale

collective motion is the oscillating hinging motion around the active site of lysozyme [136].
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The components responsible for this motion can be clearly divided into the upper and
lower parts of the protein pinching the substrate, resulting in peptidoglycan cleavage.
Without substrate, this motion is constantly oscillating. This functional motion was
rst predicted almost three decades by normal mode analysis performed by Brooks and
Karplus [137]. The calculated modes are in accordance with experimental results with
respect to the root mean-squared displacements, and the predicted timescales for these
motions range between picoseconds and nanoseconds.

Another classical example of a protein with a functional collective motion is hemoglobin.
Its transition from the T to the R state has been shown in atom- [138] and ANM-based
[139] NMAs to occur along a single slow mode. The transition has been found to be
cooperative, meaning that the hemoglobin subunits undergo a conformational change in a
concerted fashion, the mechanism of which is de ned by the overall quaternary structure.

A further example is the bacterial protein-folding machine, GroEL, an ATP-regulated
chaperonin. The structural movements that underlay its closed/open transition involve
an allosteric cycle that is driven mainly by a couple of low-frequency modes [140]. It was
demonstrated that these modes are insensitive to sequence variations [141].

Terahertz (THz) time domain spectroscopy in combination with MD simulations have
been used to identify concerted motions that could explain the observed high physiological
on-rates and a nities in the heme protein, cytochrome c ([142]).

NMR studies have shown that large-scale conformational changes are related to the
activation of a bacterial signalling protein [143], and that the movement of aps or en-
tire domains regulates the access of substrates to the active sites of enzymes [144, 145].
Conformational switching has furthermore been identi ed in membrane proteins using
site-directed spin labelling (SDSL) [146]. For example the helix-tilting motion that trig-
gers rhodopsin activation [147], a pH-gated structural change in the KcsA bacterial K+
channel [148] and the local unfolding of the bacterial transporter BtuB after vitamin B12
binding [149]. The timescale of these conformational switching events is generally in the
micro- to millisecond range.

The growing number of high-resolution protein structures, combined with the easy
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access of various computational methods and computational resources has led to a body
of computational studies of protein dynamics. However, large approximations still have to
be made to access long-time scales and large motions. Given the stringent requirements for
accurate energetic calculations of biological system, experimental validation is therefore
still required but computational methods are a valuable tool for making predictions and

generating new hypotheses.

2.2.2.3 ldenti cation of collective motions

The success of NMMC largely depends on the quality of the initial decomposition of the
structure into segments and the conformational space that can be sampled as a result.
Thus, the main challenge is to choose the segments to re ect the collective motion of
the molecule as closely as possible. This is where customised Natural Move Monte Carlo
(cNMMC) and other methods such as NMA could work in a complementary fashion. Low-
frequency modes calculated by NMA are often used to approximate collective functional
motions in biomolecules [17]. In most cases, all the important modes are contained in
the normal mode basis set. However, it is often unclear which modes are functionally
relevant as the normal mode basis set contains a range of possible candidates [150]. Thus,
NMA provides valuable information on the collective motion of biological systems that
may guide the design of Natural Moves. Conversely, cNMMC simulations with di erent
sets of Natural Moves that represent unique low-frequency modes may be used to identify
functionally relevant modes. Most importantly, while NMA scale®O(N 2) with N particles

in the system, NMMC scales linearly©(n)) with n chain closure particles, making it more
suitable for large systems.

Another method that provides information on functional motion is essential dynamics
coarse graining (ED-CG). These essential dynamics are identi ed by principal component
analysis (PCA) of MD simulations [14] or an elastic network model (ENM) of a single
atomic structure [151].

Information on collective motions derived from NMR data [152] may also be used

to generate hypotheses regarding functional motions that may be further evaluated with
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cNMMC decomposition. A range of methods already exist that use NMR data to com-

plement MD simulations [153].

2.2.3 The biological systems

A large part of this thesis focuses on two biological systems: The Major Histocompat-
ibility Complex (class | and Il) and the Dickerson-Drew Dodecamer as well as related
dodecamers. In the following paragraphs | provide a short introduction to each biolog-
ical system that are presented in this thesis as well as relevant background information

regarding DNA and RNA epigenetics.

2.2.3.1 The Major Histocompatibility Complex

The cell-mediated adaptive immune response is regulated by the two classes of major
histocompatibility complexes (MHC), which were rst investigated for their role in graft
rejection and tissue compatibility.

MHC class | (MHCI) and Il (MHCII) complexes both present peptides at the cell sur-
face; MHCI to CD8+ cytotoxic T-cells and CD4+ to helper T-cells. However, the sources
and pathways for these peptides di er, with MHCI mostly binding peptides derived from
intracellular and MHCII peptides from exogenous proteins [154].

MHC class | molecules are built from two non-covalently linked polypeptide chains:
the chain and 2-microglobulin (b2m). The chain consists of three domains. The

1land 2 domains together form the binding groove for peptides of 8-10 amino acids in
length (Fig 2.7). The 3domain spans the membrane and interacts with the CD8 receptor
of T-cells, acting as an anchor, while peptide recognition takes place. MHCI molecules
exert their function on the cell surface of all nucleated cells in the body. They present
non-self peptides from within the cell to cytotoxic T-cells. This leads to the activation
of an immediate immune response against the antigen presented by the MHCI molecule.
This pathway is often referred to as the endogenous or cytosolic pathway [155].

Class Il Major Histocompatibility Complexes (MHCII) are transmembrane proteins

expressed by Antigen Presenting Cells (APCs) that are critical for the activation of the
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Figure 2.7: The structures of MHCI and MHCII side by side. The binding groove as well
as one of the globular domains of MHCI is made up from a single chain (chaif, with
the other chain ( 2-microglobulin) forming the second globular domain. Only the chain
is tethered to the membrane. In MHCII the binding groove is made up from two chains
( and ), with each also forming a globular domain tethered to the membrane.

adaptive immune response in vertebrates [156, 157]. Peptides derived from extracellular
proteins bind the MHCII binding groove inside the cell, are transported to the surface and
are recognised by receptors on the surface of CD4+ helper T-cells [154]. While several
MHCII crystal structures with high structural similarity have been solved in the presence
of peptide [158], the MHCII structure devoid of peptide has not been solved to date [20].
In the absence of peptide the MHC class Il binding groove can take on kinetically
distinct forms that are either receptive or averse to peptide binding [159]. The receptive

state mainly exists straight after peptide dissociation and has a half-life of a few minutes

41



after which the MHCII takes on a peptide averse state [160 163]. Structural changes in
the binding groove have been implicated in this process [164, 165]. In this case study
we demonstrate how customised Natural Moves may be used to investigate the plasticity
of the empty MHCII binding groove. Here we follow the general steps introduced in the

Methods section.

2.2.3.2 HLA-DM: An MHCII peptide editing chaperone

The diversity of MHCII molecules in any given individual is limited. Nevertheless, a large
number of peptides derived from various pathogenic organisms need to be presented to
the immune system via the MHCII binding groove [166].

It is helpful to view the MHCII-restricted presentation of peptides to CD4+ T cells
as the result of a selection process that occurs within the cell. On their own, MHC class
Il molecules tend to aggregate when the binding groove is unoccupied by peptide [166].
Mutant B cell lines exhibiting a severe antigen presentation defect rst led researchers
to realise the importance of HLA-DM as a regulatory molecule and promoter of MHCII-
peptide association [167].

During their maturation MHCII complexes are shipped, in complex with a chaperone
protein called invariant chain (li) [168], via the endoplasmic reticulum (ER) through
the Golgi to a endosomal MHCII compartment (MIIC). During transport li stabilises
the MHCII heterodimer and prevents other peptides in the ER from attaching to the
binding groove. Once in the MIIC, li is proteolytically cleaved leaving only a short
peptide called CLIP in the MHCII binding groove. HLA-DM then binds the complex and
releases CLIP, which enables the binding of peptides derived from engulfed proteins to
the MHCII binding groove. HLA-DM is similarly responsible for promoting the release
of weakly binding peptides, thereby facilitating the selection of kinetically stable peptide-
MHCII complexes (pMHCII) [169]. For example, in the absence of HLA-DM the in uenza
hemaglutinin (HA) peptide (306-318) binds HLA-DR1, an MHCII serotype, with a half-
life of one month. In complex with HLA-DM the half-life amounts to no more than two

minutes [170].
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The structure of HLA-DM is highly similar to MHCII molecules, however it is un-
able to bind peptides [171]. It laterally binds to MHCII and forms a stable complex
following peptide dissociation. When the MHCII binding groove is occupied, however,
the DM-MHCII complex dissociates [172]. Thus, HLA-DM causes CLIP removal and
then stabilises empty MHCII proteins until a peptide is available. The mechanism of
binding-groove by HLA-DM is still unknown. In chapter 7 | present an investigation of

this mechanism using customised Natural Moves.

2.2.3.3 The Dickerson-Drew Dodecamer

Much of our knowledge regarding B-form DNA is derived from structural investigations of
the DNA oligonucleotide CGCGAATTCGCG, named Dickerson-Drew dodecamer (DDD)
after the researchers who rst solved its structure [173]. This sequence was of interest
because it contains an EcoRI restriction site, G-A-A-T-T-C, and a strong tendency to
adapt a classical Watson-Crick B-form helix throughout.

Many discoveries have been made using this structure and those of related dodecamers
such as the interdependence of base sequence and structure [174], backbone exibility
[175], solvation [176], bending and bendability [175] and the e ects of crystallisation
conditions [177] on the conformation of DNA. Interesting characteristics of the DDD
double helix are the narrow minor groove in proximity of the AATT subsequence and the
structured nature of the water molecules found in that groove.

Several computational studies of the DDD have been published, including the MD and
continuum solvent simulations reported [178, 179] that con rmed the experimentally de-
termined conformations and yielded insight into the molecular nature behind the relative
stabilities of A- and B-helices.

The large amount of experimental data about its structure and dynamics makes the
DDD a suitable benchmark system for testing force elds and protocols. In chapters 6

and 8 we investigate the e ects of epigenetic marks on the structure of the DDD.
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2.2.3.4 DNA and RNA Epigenetics

Epigenetics is the molecular process that regulates heritable changes in gene expression
by mechanisms other than DNA sequence. Epigenetic mechanisms include chromatin re-
modelling through covalent modi cations of 1. DNA bases or 2. histone proteins and
3. regulation of MRNA expression through non-coding RNAs (ncRNA). Given a certain
genome, the epigenome is ultimately responsible for determining the gene expression pat-
terns in a cell. This realisation in addition to its reversible nature has made epigenetic
mechanisms a popular target for therapeutics and diagnostic biomarkers.

The interplay of many dierent epigenetic mechanisms has been found to regulate

genes in a context and site-speci ¢ manner (Fig 2.8)[180].

Figure 2.8: The three main mechanisms by which epigenetics regulates gene expression.
1) DNA modi cations 2) Histone modi cations 3) RNA-based mechanisms. Adopted from
[180].

DNA Modi cations The e ects of DNA modi cations, most prominently methyla-
tion, on gene expression were rst described in 1975 by two independently working groups.
They were investigating the mechanism of a molecular switch that appeared to silence

genes during development. Methylation of DNA promoters is how known to be a key

44



factor for silencing genes within di erentiated somatic cells, which is key to preventing
the deleterious e ect caused by the reactivation of early developmental genes [181]. DNA
methylation occurs on cytosine bases located in CpG dinucleotides, predominantly in
CpG repeats (where “p' denotes the phosphodiester bond). While our understanding of
the e ects of DNA methylation has improved rapidly over recent years, the molecular
mechanisms by which DNA modi cations act is still largely unknown. In the last few
years, additional DNA modi cations started to emerge, when the catalytic activity of
Ten-eleven translocation (Tet) proteins was discovered [182]. 5-hydroxymthelycytosine
(5hmC) was rst observed in mammalian DNA in the early 1970s [183], but a rst biolog-
ical role was only described in 2009 [184]. Tet proteins generate 5hmC from existing 5mC,
which is subsequently oxidised to 5-formylcytosine (5fC) and 5-carboxylcytosine (5caC)
(Fig 2.9). 5fC and 5caC used to be mainly interpreted as side products of a demethylation
pathway, however recent ndings suggest that they may also play a functional role. By
extending the chemical diversity of the nucleotide library they enable the formation of
structural forms other than the well known forms B-DNA, Z-DNA and A-DNA. For in-
stance, Raiber et al. have published the structure of a self-complementary 5fC-containing
dodecamer that exhibits a new structural form, called F-DNA. An investigation of this

system is presented in chapter 8.

Chromatin Remodelling A further site of epigenetic regulation is chromatin, a func-
tional sca old of DNA and histone proteins that enables the dense packaging of chromo-
somes. The post-translational modi cation of histones may change its interaction with
other proteins and a ect the binding of the transcriptional machinery, thus providing con-
trol over gene expression at this location. Over 130 modi cations of histones are known

in mammalian cells, with methylation and acetylation being the most studied [185].

Non-coding RNAs The vast majority of the genome ¢ 90%) is transcribed into non-
coding RNA (ncRNA), also known as genomic “dark matter’ [186]. ncRNAs are a diverse
collection of RNAs that are grouped into two classes according to their size: small and

long NcRNA (IncRNA), with up to 200 nucleotides and 200 to around 100 kb, respectively.
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Figure 2.9: Methylation and sequential oxidation of cytosine to 5-methylcytosine (5mC)
by DNA methyltransferase (DNMT), 5-hydroxymethylcytosine (5hmC) by Ten-eleven
Translocation (Tet), 5-formylcytosine (5fC) by Tet and 5-carboxylcytosine (5caC) by Tet.
5caC and 5fC can be converted back to cytosine by thymine DNA glycosylase (TDG)-
dependent base excision repair (BER).

The most commonly discussed small ncRNAs are microRNAs (miRNAs), which bind their
target mRNA transcripts and label them for inactivation by the RNA-induced silencing
complex. This mechanism is responsible for regulating a number of processes such as
gene silencing and transcription, DNA imprinting and methylation as well as chromatin
remodelling [187]. In contrast, INcCRNAs form secondary structure and interact with other
proteins; the molecular nature of these events is poorly understood but a number of roles
have been identi ed, including cell cycle control, tra cking, transcription, translation and
cell di erentiation [188].

Similarly to DNA, a number of modi cations in RNA have been identi ed [189]. One
of the most common modi cations is methylation, which occurs on either nitrogen or
oxygen at the post-transcriptional level. With over80% of all RNA methylations N6-

methyl adenosine (m6A) is the most prevalent nucleoside in eukaryotic mRNA [190].
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Recently, a N6-methyladenosine-dependent (m6A) structural switch was found to regulate
an IncRNA-protein interaction [191].

A further epigenetic marker in RNA is 5-methylcytosine (5mC). Compared to DNA,
m5C and its oxidative products 5-hydroxymethyl-, 5-formyl- and 5-carboxyl-cytosines
(5hmC, 5fC and 5caC, respectively) have been little studied. However, a crystal structure
of a 5-formylcytosine RNA duplex has recently been published [192]. It was shown that
this modi cation promoted the base stacking between the 5fC and the adjacent nucleotides

but did not a ect the overall structure of the duplex.
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Chapter 3

Methods

3.1 Summary

In this chapter | provide a more detailed description of the methods used in this thesis,
including various aspects of NMMC and a full description of the customised Natural
Moves (cNMMC) protocol that | developed during my thesis. Other methods presented
here include the NMA approach used in one of the chapters (chapter 7), MODELLER
(used in chapter 5) as well as x3DNA, a popular structural analysis tool that | used to
characterise conformational changes in epigenetically modi ed DNA molecules (chapter

8).

3.2 Natural Move Monte Carlo

Natural move Monte Carlo (NMMC) aims to sample the conformational space along
user de ned independent degrees of freedoKy. Given this initial choice, the method
generates canonical distributions along; over an e ective energy surfacee, which is

de ned by equation 3.1 below. Since the proposal kernel [18] aloKg is symmetrical, we
use classical Metropolis Monte Carlo [193], which satis es detailed balance, to sample the
di erent states of X;. Numerical experiments [19] demonstrate the accuracy (convergence
to limiting distributions) and e ectiveness (rate of convergence) of this approach.

In NMMC all degrees of freedomX are partitioned into independent ;) and de-
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pendent (X4) degrees of freedom (DOF). For exampleX; represent the independent ori-
entational, translational or internal motions of structural fragments in a molecular chain,
whereasXy are the DOFs that are instantaneously minimised to facilitate exploration
along X; and preserve the integrity of the molecular chain(s) through chain closure(s).

Thus, the e ective potential over X; is de ned as

E(Xi)= min E(X; [ Xa) : (3.1)

Therefore, Natural Move Monte Carlo is analogous to Metropolis sampling [193], ex-
ploring state space spanned b); over the energy surfac&. The most unique feature of

NMMC is how the complex moves are generated. This is described below.

3.2.1 Implementation

The basic principle is that each new con guration during a proposal step is obtained via
a combined chain breakage closure algorithm. This composite proposal kernel includes a
stochastic proposal to updateX; followed by nding the most optimal (with respect to
the newX;) arrangement alongX 4. This scheme can accelerate the conformational search
for possible arrangements oh priori de ned structural segments or regions (e.g. groups
of segments) and is also free of any limitations caused by the lever-arm e ects of distant
torsional changes, which leads to increasingly (by chain length) low acceptance rates of
dihedral moves. Thus, NMMC can be applied for any system regardless of size.

While the above description is general, the exact de nition of independent; and
dependentX 4 degrees of freedom should be custom tailored to the model of interest. For
the coarse-grained protein model of Case 1 and for the all-atom DNA model of Cas¥;2

and X4 are described in detail in [18].

49



3.2.2 Numerical experiments

In MCMC simulations it is generally thought that an acceptance rate of 0.4 is optimal
when a single parameter (one independent variable &f;) is updated and 0.2 when a
group of parameters (all independent variables iX ;) are updated. Given that we update
Xi based on a multivariate normal distribution [18], we consider acceptance rates for
Natural Moves between 0.2 and 0.3 as optimal.

If NMMC is used in combination with parallel tempering (replica exchange) then we
consider acceptance rates for adjacent temperature replica exchange 0f2 as optimal
and rates in the interval [0.1, 0.3] as acceptable. The choice for these rates are based on
considerations such as the su cient relaxation time of individual Markov chains and the

probability of "coast to coast’ visits of individual replicas.

3.2.3 The stochastic chain closure algorithm

Torsional move sampling of macromolecules with Markov Chain Monte Carlo algorithms
used to su er from low acceptance rates. This was largely due to the large displacement of
atoms distant from the point of rotation due to the lever-arm e ect. To avoid this problem

a new approach was introduced where the global structure was kept in place while the
relevant torsional moves were performed locally; the most popular of these methods was
called CONROT[25].

Once the local torsional move was applied, the resulting break in the chain needed to
be closed. This step commonly presented a signi cant bottle neck as the chain closure
algorithm was computationally expensive. Improvements to these algorithms were made,
however they were still limited by size of torsional moves as well as the computational
cost.

In 2010 Minary and Levitt introduced a novel stochastic chain closure algorithm [18]
that was able to close large chain breaks at a fraction of the computational cost of previ-
ous methods. Furthermore, the algorithm was capable of running with any sampling or

optimisation protocol of choice.
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As this algorithm plays a key part in Natural Move Monte Carlo (NMMC) [22], the
main method used throughout the studies presented in this thesis, | will describe the

algorithm below.

Figure 3.1: A) Schematic drawing of Deterministic Full Closure (DFC). The bond between
atoms 4 and 5 in the 5-atom chain r1,..,r5 is broken. Depending on the position of atom 4
in relation to atom 5 there either is a solution or there is no solution. B) The same problem
when using Stochastic Partial Closure (SPC) always has a solution. SPC always positions
atom 5 on arc S according to a normal distribution centred around the intersection point
of the arc and the line connect atoms 4 and 5. C) A cycle of Recursive Stochastic Closure
(RSC) includes multiple iterations of SPC (dependent on the length of the molten zone,
in this case three) and a nal sealing stage of DFC. The right-most atom is the head atom,
which is on the other side of the break; the two left-most atoms belong to the anchor.
The other atoms are molten zone. Figure adopted from [18].

The algorithm

The recursive stochastic closure algorithm (RSC) introduced by Minary and Levitt [18]
Is split into two parts: 1. stochastic partial closure (SPC) [18] and 2. deterministic full
closure (DFC) [29]. DFC works as follows: Given an anchor and a head atom, DFC tries
to close the break by placing a connecting atom at the intersection of two spheres with
a certain radius (usually the bond length) centred around the head and anchor atoms.

If the two atoms are too far apart the step gets rejected as seen in Figure 3.18PC
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in contrast always gives a solution: SPC de nes a) a line between the anchor and the
head atoms b) an intersection point (IP) between a sphere centred around the head atom
and the line c¢) a plane tangential to a surface centred around IP and d) a random point
on the tangential surface calculated by a two-dimensional normal distribution (for details
see [18]). Thus, SPC on its own does not seal the break but requires a nal DFC step
to complete the cycle. It serves as a "gap reduction tool' to increase acceptance rates
(Figure 3.1B). The RSC algorithm includesn 1 SPC steps, where n is the number
of backbone atoms in the molten zone, and one DFC step at the end to seal the break
(Figure 3.1C). The molten zones di er between systems (e.g. nucleic acids or proteins)

and representations (e.g. all-atom or 3-point (3pt)) and are de ned by the user.

3.2.4 The models

3.2.4.1 Nucleic Acids - Physics based

Force elds are constantly undergoing development and much research is spent on improv-
ing their performance. Modern force elds are generally developed by tting parameters
to high-level quantum mechanics data and are tested against further quantum calcula-
tions, simulations as well as experimental data. As such, they can only approximate
guantum mechanical properties, which inevitably leads to inaccuracies during long sim-
ulations; consequently these force elds are updated regularly. The potential used for
nucleic acids throughout this thesis is the Amber parmbscO force eld [194]. It has been
adapted from parm99 [195], which itself was an iteration of the parm98 modi cation of
AMBER&€™s second generation force eld [196], and improved to correct for a bias in
backbone angles that had been observed in long constant temperature and pressure MD
simulations of B-DNA with explicit water counterions [197]. Reportedly, it signi cantly
outperforms parm99 for simulations that are 20 times longer. A new version of this type
of potential has recently been developed, however it has not been applied here. We used
the Amber parmbscO force eld with explicit solvent, i.e. including water (TIP3 model)

and ion molecules (Na+ and ClI-).
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3.2.4.2 Proteins - Knowledge based

A statistical or knowledge-based potential is an energy function generated from datasets
of solved protein structures, for example the Protein Data Bank.

The energy function used for proteins in this thesis evaluates pairwise amino acid con-
tacts or distances but other features may be used such as torsion angles (Ramachandran
plot), solvent exposure or hydrogen bond geometry. Pairwise knowledge-based potentials
may be described as a 2-dimensional interaction array that relates an energy value to
all possible residue pairs in a protein (usually pairs of residues adjacent in the chain are
excluded). This allows for an “energy' calculation of a given conformation by summing
up all the values of the pairwise contacts (within a certain cuto ).

We used the knowledge-based potential introduced by Summa et al. [49], that was
later adapted for the 3pt model by Minary et al. [21].

The frequencies of pairwise atomic contacts were generated from the Top500 database
[198] (superseded by TOP8000), a curated dataset of high quality protein structures.
More than 74,000 heavy atoms were recorded and all 167 atom types used in the popular
RAPDF potential [50] were included, which resulted in a total of 250 million pairwise
interactions. For each type of contact, the observed distances were binned according to
their length and the counts were converted to an energy value according to the method
described by Lu and Skolnick [199]. Each distance-dependent pairwise curve was sub-
sequently tted to a quintic spline function. The force eld was successfully validated
against other widely known physics-based all-atom potentials [200].

For the purposes of NMMC with 3pt per residue models the potential was adapted by
Minary et al. [21]. In this model each residue is represented by ti& , carbonyl oxygen
and the atom closest to the centre of mass of the side chain (note that Glycine is the
exception). This representation allowed for a straightforward mapping of the all-atom
energy function to the simplied model. As intramolecular bonding and bending were
disregarded in the 3pt model these terms were not needed. The only internal degrees of
freedom were torsion angles@ O C OandO C O C), for which no

separate potential was used in order to add additional exibility.
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3.2.5 Limitations

NMMC makes a number of approximations for the benet of sampling e ciency but

at the cost of accuracy. NMMC can take many forms as the simulation parameters
and algorithms can vary depending on the application. In large proteins, NMMC is
generally most suitable for exploring drastic conformational changes of structural modules
(domains, secondary structures, subunits, groups of subunits). However, relatively small
scale systems such as the MHC/peptide complex have been simulated, where substructures
as small as 3-9 residues, i.e. the peptide, were propagated [31]. While, these simulations
can reveal overall biophysical trends it is not designed to reveal intricate details at the
inter-atomic level. For DNA systems NMMC can reveal more detail. Due to the inherent
integrity and modular characteristic of DNA structure, it is more feasible to perform
Natural Move Monte Carlo at atomic resolution. Therefore, inter-atomic information can

be extracted from simulations. Another obvious drawback of NMMC is the lack of a

kinetic component.

3.3 Customised Natural Moves

This work as published in: Dembharter, S., Knapp, B., Deane, C. M., & Minary,
P. (2016). Modeling Functional Motions of Biological Systems by Customized Natural
Moves. Biophysical Journal 111(4), 710-721. http://doi.org/10.1016/].bpj.2016.06.028
One of the main challenges of Natural Move Monte Carlo is nding a set of degrees of
freedom that describes the system accurately enough to make biologically relevant claims
[13]. In this chapter | introduce a new protocol based on the customisation capabilities
of NMMC, that allows researchers to construct test cases with di erent sets of degrees of
freedom and systematically test hypotheses regarding the functional motions of biological

systems.
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3.3.1 Introduction

Functional motions in biomolecules are central to many biological processes [94]. Molec-
ular simulations are often used as a tool to investigate these dynamics and interpret
[201, 202] and/or re ne [153] experimental data or inspire new experiments [203].

Large improvements in computational resources and algorithms have been made since
the rst molecular simulation of a protein in 1977 [2, 5]. Recent milestones include the
50 nanosecond molecular dynamics (MD) simulation of the full satellite tobacco mosaic
virus with one million particles [8], the Folding@Home project which used over 400,000
personal computers to study challenging problems such as protein folding [9] and a study
that presented millisecond simulations to study the folding pathways of small fast-folding
proteins [7].

Despite these advances, the high dimensionality and complex energy surfaces still pose
a challenge for simulations of large biomolecules [10, 11]. In an e ort to address these
limitations there have been promising developments in dimensionality reducing methods
that exploit the inherent modularity and collective motions in biomolecules [12, 13]. For
example essential dynamics coarse-graining (ED-CG) identi es sites that re ect the essen-
tial dynamics of an atomistic molecular dynamics trajectory [14]. Other methods based
on elastic network models, principal component analysis and normal mode analysis have
also been successfully used to study functional motions in biomolecules [15 17]. While
these methods are not as physically accurate as MD simulations, their increased sampling
e ciency makes them a valuable tool to generate new hypotheses that can be tested by
experiments. One of the main challenges of these methods, however, is nding a set of
degrees of freedom that describe the system accurately enough to draw biologically rel-
evant conclusions [13]. Thus, it is of value to have computationally cheap methods that
allow for the easy manipulation of degrees of freedom to test di erent hypotheses about
the functional motions of biomoleculesn silico.

Here we introduced a protocol based on customised Natural Moves (cNM) to address
the challenge of choosing suitable degrees of freedom and to allow for the systematic

investigation of hypotheses regarding functional motions in biomolecules. We used cNMs
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to modulate translations and rotations of segments as well as torsion and bend angles of
bonds and compare di erent sets of cNMMC simulations to infer causal relationships in
functional motions. We used two case studies to demonstrate its application. First we
investigated functional motions in the class Il major histocompatibility complex (MHCII)

and second we studied the structural e ects of an epigenetic mark on a DNA model system.

Natural Move Monte Carlo

As described above, a molecular system can be de ned as a collection of monomers or
more formally a set, = fmy;::;; myg, wherem; fori = 1;:::; N refers to the residues of a
structure. Sequentially numbered residues can be grouped into chai@s= fCy;::;; Cy.0,
whereC; = 1‘mcih ;Mg 4115 MG g (e.g. ¢, and ¢ are indices of the 'head' and 'tail' residues
of chaini) for i = 1;:::;N;. The chain 'concept’ can be further generalised into a group
of segmentsS = fS;;::1; Sy, 0, where S = fmSL;mSL_,_l:::;msitg fori=1;::;Ns (e.9. s,
and s} are indices of the 'head' and 'tail' residues of segmeii.

After de ning the segments, we can introduce the set of residues that make up the
segments.

s= 5 ] s (3.2)

At each iteration in the simulation the segments are moved in a Monte Carlo fashion
along user-de ned degrees of freedom (DOFs), which collectively are called Natural Moves;
these may include translations and rotations of segments as well as torsion and bend
angles within segments. After each propagation step, the set of atoms (or entire residues)
connecting two segments are rearranged by a linear complexity chain closure algorithm
[18]. We will refer to this set as molten zone or MZ. This allows for the reconstruction of
chain breaks that may result from the movement of the segments.

Thus, the residues outside of the segments form the set of molten zone residues

'\TMZ
m= N s= SI()Z : (3.3)

k=1

whereNyz is the number of MZs and Sl‘)z is the set of residues in th&™ molten zone.
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D ... (k)

Furthermore, we dene yz =f yZ;: wz 9 as the set of molten zones.
In this study, ¢ ( s is a proper subset of ), thus , 6 ; for proteins. For
nucleic acids we de ne each residue as a segment, thereforg = ;. In this case we use

mz to denote the set of molten zones (n%)z ] =1;:5k, where &)Z refers to a molten
zone with a set of atoms that are used by the closure algorithm to connect chain breaks

that may be caused by moving adjacent nucleotides independently.

Customised Natural Moves

Customised Natural Moves (cNMs) are Natural Moves that can be modi ed to investigate
functional motions in biomolecules. cNMs include translations and rotations of segments,
which may also exhibit internal exibility such as torsion and bend angles of bonds.
cNMs can be created by grouping two segments into one so that they move as a unied
segment. Instead of two independent segments that are moved separately, there is now a
single set of Natural Moves that describes the collective motion of both segments. This
can be useful, for example, to test whether exibility in an -helix kink is important

for a particular functional motion or to explore how di erent levels of collective motion
may a ect a structural mechanism. Customisation may in addition occur at the level of
internal exibility of segments. When internal exibility is disabled, segments are treated

as rigid bodies. When internal exibility is activated, some torsion angles around bonds
are changed along with the movement of segments. Customised Natural Moves also allow

to selectively activate or deactivate sampling of torsional rotations around speci ¢ bonds.

3.3.2 The Protocol

We devised a protocol based on cNMs to investigate functional motions in biomolecular
structures. The key steps of the protocol areStep I: De ne a hypothesis; Step II:
Translate hypothesis into Natural Moves;Step Ill:  Activate/inactivate Natural Moves

to generate test cases for the investigation of the hypothesitep IV: Perform conforma-
tional sampling on each test case and evaluate the results with respect to the hypothesis.

The steps are described in more detail below.
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3.3.2.1 Step I: De ne a hypothesis

First, a hypothesis regarding a functional motion is de ned. Experimental data, obser-
vations in the literature and/or biological intuition may be used to identify candidate
functional motions with characteristics such as exibility, rigidity or collective motion.
These features may include individual bonds, residues and secondary, tertiary or quater-

nary structure elements.

3.3.2.2 Step II: Translate hypothesis into Natural Moves

Based on this hypothesis an initial set of Natural Moves can be de ned that encapsulate
all movements that the researcher speci es as important for the functional motion. These
might be residues and larger segments as well as the torsion and bend angles of individual

bonds.

3.3.2.3 Step Ill: Generate Test Cases

After the initial set of Natural Moves has been de ned it is then possible to generate
di erent sets of customised Natural Moves by selectively modifying certain degrees of
freedom to study their e ect on functional motions. Natural Moves may be customised by
modulating the degrees of freedom that describe the movement of segments (translations
and rotations) as well as their internal exibility (torsion and bend angles of bonds).

The relative movement of two segments results in a chain-break that is closed by
the rearrangement of atoms in the melting zone. When two segments are grouped into
a bigger segment the relative orientation of these segments to each other is maintained
throughout the simulation.

Here, we consider a molten zone S,‘)Z for k = 1:;::::Nmz to be active when the
segments on either sides are moved independently and inactive otherwise.

Formally we can introduce a functiorf : yz !'f 0;1g;f( Sf)z): 1if Sl‘)z is enabled,
which leaves corresponding; and S;+; as independent segments anfd ﬁ',f)z )=0 if Sl‘)z

is disabled, which fuses the two adjacent segments into one, €Sy +1) -

Similarly, some segments may have internal exibility such as bond torsion angles.
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Therefore, it is possible to introduce a set of torsion angles('), fork =1;:;N and
deneafunctiong: !'f 0;1gwhereg( ")=1if @ is activeandg( P)=0if ©
IS inactive.

The decomposition and the internal exibility of segments in a structure may be
represented by a vectoD in which each element refers to the state of a speci c molten

zone or torsion angleD may be de ned as:

D= ff( Gz )nf( we™)); (3.4)

o Dyiznat Mg

where yz and refer to the respective molten zones and torsion angles ajidj =
Nmz + N .

Thus, eachD(f (k); g(1)), wheref (k) = f( ) and g(l) = f( ) leads to a di erent
decomposition, which we refer to as test cases that are denoted®d4gk):9() T,

Test cases are generated by a set of functiohsi = 1;::;; Nt whereN+t is the number
of test cases. If we have three molten zones then there &%= 8 di erent test cases that
result from 8 functions with identical domainsf (,\j)z ; ﬁ)z ; ,(\j’)z g and co-domainsf 0; 1g
but unique functional maps. Thus,f; : f () g1 f 0;1g; fori = 1;::Nr.

A particular test case may allow for exibility in an -helix kink while another test
case treats the helix as rigid. Similarly, a selected bond may be sampled freely in one test
case, while in another test case the bond angle is maintained throughout the simulation.

This capability allows the researcher to investigate causal relationships between structural

features and biophysical mechanisms.

3.3.2.4 Step IV: Conformational sampling and evaluation

Each test case implies a unique set of degrees of freedom (customised Natural Moves)
that can be sampled with NMMC. The resulting distributions can then be evaluated with
respect to the initial hypothesis. Below we outline the method details for both of our case

studies. Note that for reproducible results replica simulations are needed [20, 31, 204].

59



Comparing results from di erent test cases

Each test case of the protocol is an independent model, in which the available confor-
mational space is a subspace @;, the domain that includes all functionally relevant
conformational variability. C; is usually chosen to be a proper subspace of the “full do-
main’,C; C; C, e.g. C could be spanned by the Cartesian degrees of freedom (DOFs)
and C; by dihedral angles about single bonds and bond angles between bonds that an
atom forms.

Each test case features some restricted set of DOFs spanning the state sfiace C;
Cforalli =1;a€];Nt, whereN+ is the number of test cases. Note, that the full domain,

C is equipped with an energy function (the original energy surfacef;, : C! R and the
energy surface for a given test case is given by the functids,, which is a restriction of
E to Ci and dened ask; : C;! R;E;j(x) = E(x), forall x 2 C;. Thus, each test case is
an independent model featured byC; and the corresponding energy surfacg, .

In spite of each test case being associated with its own state spaCg,distributions
(over structural observables) obtained for di erent test cases can be compared to assess
the contribution of a particular DOF (e.g. the relative motion of two adjacent helices
enabled by a central kink) to functional motions (e.g. changes in MHC-II binding groove
area and width). For example, let : C! R be a structural observable and leP;( );i =
1;::; Nt be the normalised numerical distributions over we obtain for each test case
via performing independent Natural Move Monte Carlo simulations covering each state
space,Ci;i =1;::; Ny.

For the protein study discussed in chapter 7 we assess some features (e.g. bimodal)
of these distributionsP;( ) to identify the DOFs that are essential and ones that are less
critical to produce that feature, which may be linked to important biological function.
For example, if the binding-groove width distribution is bimodal then the MHC binding
groove can exhibit two stable conformations (open and closed) even in the absence of the
peptide. By systematically grouping allP;( ) that exhibit this behaviour from those that
do not, we can identify the underpinning essential DOFs responsible for this phenomenon.

In a similarly qualitative but systematic approach the DNA study in chapter 8 compares
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distributions for test cases to purely identify the existence and directionality of e ects
a chemical modi cation imposes on the DNA structural parameters. Our robust initial
search can identify test cases or phenomena that could be further investigated by molecular

dynamics to obtain re ned quantitative information.

3.3.3 Discussion

cNMMC is a protocol for the testing of hypotheses regarding the functional motions in
biological systems. It is based on the Natural Move Monte Carlo method that allows for
the sampling of conformations given a structural decomposition de ned by the researcher.

The use of both cNMMC and NMMC assume the decomposition of the molecular
system into segments and molten zones. The implementation methodology [18, 19] of
NMMC follows a ‘segment centric’ approach; if adjacent segments move with respect
to each other their translational and orientational updates are independent; otherwise a
larger segment including the adjacent segments is de ned.

In cNMMC end users may consider each molten zone as "active/inactive™ or “1/0° so
that adjacent segments may move independently or synchronously. Using this ‘molten
zone  centric approach each set of DOFs (each test case) is associated with a binary
string so that test cases can be easily organised and annotated in a systematic and high-
throughput manner. In this way cNMMC reduces the technical barrier to the use of the
NMMC approach [18 20, 22] to study the “anatomy” of necessary and su cient sets of
degrees of freedom responsible for molecular function.

The e cient chain closure algorithm [18] allows the user to introduce arbitrary degrees
of freedom into a system without substantially compromising computational run-time.

We used this customisation capability as the basis for a protocol for the investigation of
structural mechanisms. The protocol allows for an investigative strategy using a range of
simulations with distinct sets of customised Natural Moves to test hypotheses concerning
the functional motions in biological systems.

In molecular biology, a classical approach to testing hypotheses regarding the function

of a certain gene is to interfere with its expression and see what happens to the organism.
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Similarly, in experimental structural biology, residues can be mutated or removed to
identify functional regions such as protein binding or enzyme active sites [205].

In this protocol we apply this concept of reverse engineering to the investigation of
functional motions in simulations. Our customised Natural Moves protocol enables the
testing of hypotheses regarding the functional motions of a biological system by allowing
the user to enhance or restrict the movement of certain structural regions.

Hypotheses may be derived from biological intuition or computational and/or experi-
mental methods such as essential dynamics coarse graining (ED-CG) [14, 151], principal
component analysis (PCA) [206], elastic network models (ENM) [207], Normal Mode
Analysis (NMA) [17] and Nuclear Magnetic Resonance (NMR) [152].

ED-CG provides information on essential motion by PCA of MD simulations [14]
or an elastic network model (ENM) of a single atomic structure [151]. Similarly, low-
frequency modes calculated by NMA are often used to approximate collective functional
motions in biomolecules [17]. In most cases, all the important modes are contained in
the normal mode basis set. Thus, NMA provides valuable information on the collective
motion of biological systems that may guide the design of Natural Moves. However,
it is often unclear which modes are functionally relevant as the normal mode basis set
contains a range of possible candidates [150]. cNMMC simulations may be used to identify
functionally relevant modes with di erent sets of Natural Moves that represent unique
low-frequency modes.

Furthermore, NMA or PCA can be costly as the computational complexity associated
with these methods iSO(N 3) (worst case), whereN is the number of atoms in the system.
This is due to solving the underlying eigenvalue problem associated with the Hessian
matrix. Advanced solvers might produce better scaling, e.gO(N°) with ¢ < 3 but
even using these advanced methods the computational cost associated with NMA or
PCA will dominate O(N), which is the time complexity of modern algorithms [208, 209]
for calculating most statistical [21] or empirical [194] force elds. In contrast, the time
complexity of NMMC is strictly linear (O(N)) because our chain closure algorithm [21]

has linear complexity, with respect to the number of degrees of freedom used to solve the
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chain closure problem. The application of Natural Moves, unlike the calculation of NMA
or PCA, will never dominate the computational cost of molecular simulations. This is the
main quanti able advantage of using cNMMC instead of NMA or PCA.

A less quanti able but still notable advantage of cNMMC compared to NMA (or PCA)
is that it allows the use of highly unconventional experimentally inferred DOFs such as
the hand shaking motion of adjacent subunits in a chaperonin [22]. These “experimentally
derived” moves are not necessarily associated with or dependent on a single conformation
(NMA) or conformational ensembles (PCA). They can be simply de ned without any
limitation to test any experimental observation or intuition. Therefore, NMMC not only
supports moves derived using PCA or NMA but any type of moves (e.g. move any part
of the system and the rest will deform to follow the change).

The scope of NMMC also di ers from the scope of NMA or PCA. NMA (PCA) takes a
minimum energy conformation (conformational ensemble) as its input and outputs collec-
tive motions or deformations of the molecular system. On the contrary NMMC takes any
collective motion (including but not limited to the ones derived from PCA or NMA) as in-
put and provides distributions as output by exploring the relevant conformational space
orders of magnitude more e ciently [21] than conventional methods such as Cartesian
Monte Carlo or molecular dynamics. In this capacity NMMC has linea®©(N) scaling, so
it is perfectly tted to high-throughput testing of customised Natural Moves. NMA based
Monte Carlo would require the successive recalculation of normal modes in concert with
the changing molecular conformation and the computational cost would scale @¢N )
(worst case).

Thus, cNMMC should be considered as a complementary approach to NMA or PCA.
For example, NMA or PCA can be used in the construction of Natural Moves and cost
e cient NMMC can explore the conformational space. cNMMC can also be used to
test the validity of low frequency normal mode based Natural Moves while exploring the
conformational space distant from the minimum energy conformation used to generate
the normal mode.

Similarly to the above discussion on how cNMMC di ers from NMA or PCA we
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would like to highlight the di erences of cNMMC over molecular dynamics or Monte
Carlo methods with imposed constraints. The latter two methods enable the user to im-
pose constraints on certain degrees of freedom. In contrast, the use of cNMMC primarily
facilitates conformational change along a set of user de ned or experimentally inferred
degrees of freedom (referred to as "Natural Moves’); other degrees of freedom are treated
as subordinate (but not constrained) to fully facilitate the exploration of the conforma-
tional space along Natural Moves. This is a very di erent strategy from Cartesian (or
generalised) coordinate based exploration of the conformational space with constraints,
regardless whether the exploration algorithm is molecular dynamics or Monte Carlo based.
Due to the bene ts of Natural Moves, where chain breakage is followed by closure, any
part of the molecular assembly can be moved and the necessary subordinate degrees of
freedom will be rearranged to maintain the integrity of the system. Given that the latter
part is automated and hidden from the end users, this strategy provides them with the
opportunity to focus only on the essential moves or molecular deformations rather than
the less important degrees of freedom.

By the straightforward de nition of candidate Natural Moves, cNMMC can facilitate
the robust compilation of experimentally inferred [22] *'molecular motion™ into a molecular
simulation protocol. This advantage is particularly relevant for computational structural
biology given the complexity and diversity of biomolecular architectures. Focusing on
the Natural Moves as opposed to the corresponding constraints can provide a more intu-
itive way to describe, classify and ultimately understand the underpinning mechanisms of
functionally relevant deformations. This is among the grand challenges of computational
structural biology and biophysics and can only be achieved with tight collaboration of
computational and experimental scientists. To tighten this partnership, the use of cN-
MMC can catalyse more active engagement of experimental biophysical scientists, who
often have extensive experience working on a given biological system, in conducting these
types of molecular simulations.

The more quanti able advantage of cNMMC compared to molecular dynamics (or

Monte Carlo) with imposed constraints is the large speed gain by reducing the number
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of essential degrees of freedom. In a cNMMC protocol the investigation is commonly
restricted to a few degrees of freedom (e.g. 6+; orientational and translational parameters
of a structural segment plus a few internal dihedral and bond angle degrees of freedom),
whereas it is less intuitive for a general user, who might not be specialised in molecular
simulations, to automate the procedure for imposing constraints on the remaining degrees
of freedom. In addition, the use of dependent degrees of freedom, which signi cantly
facilitates exploration along desired motions, is another unique feature of the presented
technology compared to constrained molecular dynamics or Monte Carlo methods.

With the advantage of being able to "de ne moves' liberally and sample conformations
along these moves very e ciently, we managed to address applications [19, 22, 24, 30, 31]
that were not feasible before NMMC. For example, the latest application [31] demon-
strated that we could speed up simulations by orders of magnitude compared to molecular
dynamics, while still being able to reproduce experimental observables. With cNMMC
these computational experiments will become more accessible to a wider scienti c com-
munity including experimental laboratories.

As described above with NMA and PCA, cNMMC is best used as a complementary
method to constrained molecular dynamics (or Monte Carlo), which could re ne our
understanding of systems with degrees of freedom that cNMMC predicts to be relevant.

As well as other computational methods, experimental information on collective mo-
tions derived from NMR data [152] may also be used to guide the design of customised
Natural Moves. A range of methods already exist that use NMR data to complement MD
simulations [153].

Additionally, pre-existing expert knowledge is central to generating new ideas. The
cNMMC protocol presented here is a rst step to bridging the gap between the biological
intuition of scientists and molecular simulations by allowing the introduction of arbitrary

degrees of freedom for the investigation of conformational changes and mechanisms.
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3.4 Normal Mode Analysis

Normal mode analysis (NMA) is a computationally e cient method to study large struc-
tural rearrangements in proteins. The normal mode vectors de ne the direction in which
the atoms move, as well as their relative displacement to each other. There is no absolute
measure of displacement for each atom and all atoms in each normal mode vibrate with
the same frequency. Even for di erent models with varying degrees of coarse-graining
the low-frequency motions are largely conserved [210]. Thus, while normal modes often
give a good indication of the type of structural motions, they yield little information on
the amplitude of the movement. It has been shown that the normal modes with the low-
est frequencies (soft modes) characterise the largest movements in a protein structure, a
selection of which are often functionally relevant. A number of methods have been devel-
oped [60, 211, 212] and successfully used to study the concerted, large structural motions
of protein systems including lysozyme [213], HIV1-protease [214], Ca-ATPase [215]], F1-
ATPase [216], chaperonin GroEL [217], and the ribosome [69]. Recently, the use of NMA
for the investigation of structural motions of biomolecular systems increased signi cantly.
This is due to the low computational cost of many of these methods, which has allowed
researchers to develop easily accessible web-servers, such as NOMAD [134], that perform
normal mode calculations on a structure le submitted by the user.

NMA traditionally uses a set of coordinates, a force eld describing atomic interactions,
and a set of algorithms to perform the necessary calculations. In Cartesian coordinate
space NMA involves three main steps: 1. Energy minimisation of the structure of interest
2. The calculation of the so-called "Hessian' matrix, a matrix that contains all second
derivatives of the potential energy with respect to the mass-weighted atomic coordinates 3.
The diagonalisation of the Hessian matrix. This last calculation generates the eigenvalues
and eigenvectors (the ‘normal modes'). Each of these three steps can be computationally
demanding, depending on the size and resolution of the structural model. Generally, the
rst and third step are the biggest bottlenecks. Note that if an Elastic Network Model is

used to describe the potential, the initial energy minimisation step is not required.
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The large number of variables required to build and diagonalise the Hessian, means
that one of the limiting factors for NMA is the diagonalisation of the3N 3N matrix,
whereN represents the number of atoms. Several methods have been developed to address
this challenge [134, 218, 219]. In the following section | will describe the approach that

was used in one of the studies presented in this thesis.

Rotation-Translation Blocks

Most relevant to this thesis, as it was used to calculate the normal modes of HLA-DM (see
chapter 7), is a low-dimensionality algorithm implemented by Sanejouand and co-workers
[220] based on decomposing the system into rigid blocks of several residues, each only
having six rotation-translation degrees of freedom. The lowest-frequency normal modes of
the protein are obtained as a linear combination of the rotations and translations of these
blocks. This approach is named the rotation-translation of blocks (RTB) method and
allows for the quick and accurate approximation of normal modes in all-atom structures.
Traditionally, the normal modes of a system are calculated by diagonalising the Hessian
matrix, the 3N 3N matrix containing the second derivatives of the potential energy
with respect to the mass-weighted atoms, whemd refers to the total number of atoms
in the system. The RTB method, however, de nesH in terms of the rotations and
translations of n, blocks, resulting in a simpli ed Hessian matrixHy,. The purpose of the
Rotation-Translation Blocks (RTB) approach is the e cient calculation of normal modes
for large biological structures with atomic representationn, number of blocks of residues
are de ned and the six rotation-translation modes of each block are calculated. These
6n, vectors then represent the new dimensionality-reduced basis, on which the Hessian
matrix, Hy, is de ned. The low-frequency normal modes of the system are approximated

by diagonalisingHy, which now has a sizén, 6ny,instead ofBN  3N.
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3.5 DNA structural analysis with x3DNA

DNA structure is well de ned and can be accurately described by a set of geometrical
parameters. The relative orientation of nucleotides within individual base pairs, and base
stacks in particular, is widely used as a way of characterising DNA structure. One of the
most widely used software packages for the analysis of these parameters is Xx3DNA [221].
It can analyse antiparallel and parallel double helices, single-stranded nucleic acids
chains, triplexes, quadruplexes and further tertiary structures of DNA and RNA. First the
software creates a map of existing base pairs and establishes the double helical character
of suitable base pair steps. It applies a well studied and widely agreed upon reference
frame for the geometric characterisation of base pairs and a robust matrix-based scheme

to calculate local conformational parameters.

3.5.1 Identi cation of base pairs

X3DNA begins by uniquely de ning the reference frame for each base in the structure.
This is done with least squares tting of a standard base structure with an embedded
reference frame [222].

The initial base pairing data is generated with a secondary programme that identi es
all bases that are in close contact. This exclusively geometric method utilises the widely
used standard base reference frame [83] and can be used to nd all base pairs (canonical
and non-canonical), higher order base interactions and double helical regions in a struc-
ture. The hydrogen bonding patterns of the identi ed interactions are tested, allowing
for the characterisation of unconventional pairings.

All base pairs are de ned by six rigid body parameters (Figure 3.2 upper left), as

discussed in the following section.

3.5.2 Base pair parameters

Each base has two distinct faces, due to molecular asymmetry [223], which can be clas-

si ed with the standard nucleic acid base reference frame. For canonical (Watson-Crick)
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Figure 3.2: Schematic representation of rigid body parameters for the geometric charac-
terisation of base pairs (on the left) and sequential base pair stacks (on the right). The
reference frame (lower left) is de ned so that the x-axis faces away from the minor groove
side of a base or base pair and the y-axis faces the sequence strand (I). The relative po-
sition and orientation of successive base pair planes are described with respect to both a
dimer reference frame (upper right) and a local helical frame (lower right). The schematic
depicts positive values of the parameters. Figure adapted from [221].

base pairs in a double helix the strands are antiparallel and the faces of the pairs of bases
are of the opposite sense. If the two bases in a pair share the same face, such as in the
Hoogsteen base pair the strands are considered to be parallel. The six base pair param-
eters shear, stretch, stagger, buckle, propeller and opening with the two strands running
in opposite directions describe the relative position and orientation of two bases. The
parameters provide a simple way to classify structures and perform database searching.
Only three of the six base pair parameters, Shear, Stretch and Opening are required for

fully characterising key hydrogen bonding features and identifying the base pair type:
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Shear and stretch describe the relative o set of the two bases and opening represents the
angle between the two x-axes with respect to the average normal to the base pair plane
(see upper left in Figure 3.2). Buckle, propeller and stagger are secondary parameters,

which describe the imperfections, such as the non-planar orientation of a given base pair.

3.5.3 Dimer step parameters

Six rigid body parameters (three rotations and three translations) are su cient to fully
characterise the position and orientation of a base pair with respect to another. Common
parameters used for this purpose are the set of local base pair stack parameters, shift,
slide, rise, tilt, roll and twist, which describe the stacking geometry of two neighbouring
dinucleotides. In X3DNA, the helical axis is speci ed at a local level. This axis is de ned
as the rotational axis that aligns the reference frames of successive base pairs. The
calculations for most of the two sets of rigid body parameters are identical and rigorous.
Thus, one set of parameters may be derived from the other without losing any information

[224].

3.6 Modeller

MODELLER, as the name suggests, is a software package for the modelling of protein
structures [225, 226]. Most commonly the input consists of an alignment of the target
and template sequences, the structure of the template as well as a small parameter le.
MODELLER then proceeds to generate a model containing all non-hydrogen atoms.

For comparative protein structure modelling MODELLER attempts to satisfy a num-
ber of spatial restraints including 1. homology-derived restraints 2. stereochemical re-
straints such as bond length and angle preferences 3. knowledge-based preferences for
dihedral angles and non-bonded interatomic distances and 4. optional user-de ned re-
straints derived from NMR, secondary structure characteristics, cross-linking experiments,
uorescence spectroscopy, site-directed mutagenesis and researcher intuition. The spatial

restraints are de ned as probability density functions and are grouped into an objective
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function that is optimised by several steps including conjugate gradients and molecular
dynamics with simulated annealing.

MODELLER can also perform additional tasks such as thde novomodelling of loops
in protein structures [226]. We used this capability in chapter 5 to model the missing

linker regions between the diabody VH/VL domains.

3.6.1 Modelling of loops in protein structures

Loop modelling may be regarded as a local protein folding problem. An accurate confor-
mation of a given section of a protein needs to be generated mainly using the sequence in
question. However, loops are usually not long enough to provide enough context regarding
their structure. Short loops (9 residues or shorter) sometimes take on entirely unrelated
folds in di erent proteins [227, 228]. This observation suggests that the structure of a
given segment is a ected by the residues in the loop itself as well as the structure of the
remaining protein around the loop.

Due to the diversity of loops between homologues, predicting loop conformations is
a challenging task - loops are commonly the most inaccurate parts of a protein model.
Furthermore, the prediction accuracy ofab initio as well as knowledge based methods
decreases with loop length (as the number of degrees of freedom increases). Hybrid
approaches that combineab initio and knowledge-based techniques have shown promising
results [229].

MODELLER approaches loop modelling using an optimisation-based approach, as
opposed to a database approach, in order to make use of the wide applicability and con-
ceptual simplicity of energy minimisation and to avoid the restrictions faced by databases
imposed by a limited number of experimental protein loop structures. The MODELLER
loop modelling protocol optimises the positions of all non-hydrogen atoms of a loop in a
xed environment. The optimisation relies on conjugate gradients and molecular dynam-
ics with simulated annealing. The optimised pseudo energy function is a sum of many
terms, including some terms from the CHARMM-22 molecular mechanics force eld [230],

and spatial restraints based on distributions of distances and dihedral angles in known
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protein structures.
The MODELLER method for modelling a loop in a given environment can be divided
into three parts: 1. the protein representation 2. the restraints that guide the objective

function; and 3. the energy minimisation method.

Representation  The representation of the protein includes all non-hydrogen atoms.
Explicit solvent molecules are excluded and Cartesian coordinates of the loop atoms are
used as the degrees of freedom in the optimisation steps. The loop atoms feel' the presence
of the other atoms in the system, but the positions of the atoms around the loop are not

changed during optimisation.

Energy function The energy function partly relies on statistical knowledge about the
atoms for di erent geometries as extracted from the PDB. The stereochemical features
such as covalent bonds, bond angles etc. are captured by the CHARMM molecular
mechanics force eld [230]. Non-bonded interactions and solvation are approximated
by a statistical potential of mean force for pairs of protein atoms [231]. The accuracy
of the scoring function is also enhanced by the use of statistical knowledge regarding the
backbone and side-chain dihedral angles [225]. The energy function is a sum of restraints,
each depending on a distance, angle, dihedral angle, improper dihedral angle, or a pair of

dihedral angles de ned by two, three, four, or eight atoms.

Optimisation The rst optimisation is the generation of an initial structure. The loop
atoms are placed uniformly along the axis that connects the backbone carbonyl oxygen
and amide nitrogen atoms of the N- and C-terminal anchor sites, respectively. The atoms
are then randomised by adding a random number distributed uniformly from -5 to 5 A
to each of the Cartesian coordinates. A single loop prediction consists of the independent
optimisation of a set of such randomised initial structures, and choosing as the nal model
the structure with the lowest energy value. The optimisation of a single loop contains
conjugate gradient minimisation and MD simulation with simulated annealing.

First, a conjugate gradient step relaxes the system. The atoms are allowed to move
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close to each other without having to pass high energy barriers. This stage is followed by
by a simulated annealing MD simulation. In the last step, the optimisation is nalised
by a conjugate gradient relaxation. This cycle of conjugated gradient, MD simulation,
conjugated gradient occurs twice. In the rst cycle only those non-bonded atom pairs
are considered that exclusively contain loop atoms i.e., the loop does not interact with
its environment. In the second cycle, the atom pairs that contain a maximum of one
environment atom are also considered in the energy function i.e., the loop is allowed to
interact with its environment.

Generally, the nal loop model corresponds to the lowest energy conformation of 500

independent optimisations.
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Chapter 4

MHC Class | Peptide Detachment

Pathways

This work was published in: Knapp, B., Demharter, S., Deane, C. M., Minary, P.
(2015). Exploring peptide/MHC detachment processes using Hierarchical Natural Move
Monte Carlo. Bioinformatics.

4.1 Summary

The interaction between peptides and major histocompatibility complexes (MHC) is a
crucial step for the activation of the adaptive immune system. A number of software
tools have been developed to predict peptide/MHC (pMHC) binding. However, there
has been a lack of insight regarding the process by which peptides detach from the MHC
binding groove. Here, we used a simpli ed protein model with 3pt-representation and
a knowledge potential as well as hierarchical Natural Move Monte Carlo (hNMMC) and
stochastic conformational optimisation to investigate the detachment pathways of 32 dif-
ferent peptides from a MHC class | molecule (HLA-A*02:01, one of the most frequently
observed MHC alleles in humans). We performed 100 independent replica simulations for
each peptide and found that experimentally proven anchor amino acids have a signi cant
e ect on peptide detachment pathways. We assessed our results by comparing them to

experimental binding a nity data. We were able to show the reliability of our approach
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with an area under the receiver operating characteristic curve of 0.85. We also com-
pared our simulations to a 1000 ns molecular dynamics simulation that we performed of
a non-binding peptide (AAAKTPVIV) and HLA-A*02:01. Despite this being the longest
published molecular dynamics simulation for pMHC, the peptide only partially detaches.
Our approach is orders of magnitude faster and as such allows us to explore pMHC de-
tachment processes on a scale that was not possible with all-atom molecular dynamics

simulations performed previously.

4.2 Introduction

The presentation of peptides through MHC molecules at the cell surface is essential for
the mounting of an e ective immune response. In order to bind to the MHC molecule,
unstructured peptides change to a helix-like extended con guration that is stabilised by
the surrounding residues of the binding-groove [232]. Understanding this process will
provide valuable information for the modulation of this medically important receptor.

A range of software for the prediction of MHC-peptide binding exists that can cal-
culate binding free energies, predict epitopes, and distinguish binding from non-binding
peptides. These can be divided into two main groups according to the type of data used:
sequence-based models and structure-based methods. Sequence-based models can be ei-
ther trained on qualitative data that indicate binding or non-binding of the peptide or
guantitative data such as experimentally determined binding a nities. Structure-based
methods include MD simulations [233, 234], peptide threading [235, 236] and peptide
docking [237 239].

Molecular dynamics simulations can distinguish e ectively between binders and non-
binders with some attempts being successful at predicting a nity between the peptide and
the MHC receptor [234, 240, 241]. The dynamics on short timescales can also be captured
[242]. However, to date there has been no simulation showing the full detachment process
of non-binding peptides leaving the binding groove.

In this study we introduced a protocol based on Natural Move Monte Carlo that

enabled us to study the full peptide detachment process. Binders were distinguished from
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non-binders by evaluating their propensity to dissociate from the binding groove during
simulation. Non-binders were expected to detach from the binding groove signi cantly
earlier than strong binders. This study provides a proof of concept for studying small
scale biophysical processes with a knowledge-based, coarse-grained Natural Move Monte

Carlo method.

4.3 Methods

Protein Model and Potential

The all-atom MHCII and peptide structures were converted to 3pt using gro2mat. The
same knowledge potential as for all other protein applications in this thesis was used [21],
however some adaptions had to be made in order to optimise the potential for peptide-
protein interactions. In principal, residues in a coarse-grained model can get closer to each
other than the excluded volume. In order to prevent this from happening, we uniformly

scaled the energies for the pair interactions by a continuous non-linear function:

8 6
Eso+(1 So) rr—o ifr<ry
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wherer,=0.7nm (r refers to radius) approximately represents the size of a large amino
acid andsy=0.15 (s refers to scaling factor) was chosen as a o set to allow peptides to get
out of deep energy minima. All pair interactions with distances larger than 0.7nm were

treated as in [21].

Natural Move Decomposition

We decomposed the pMHCI structure into seven regions, as shown in Fig 4.1 and table
4.1. Both helices (A1 and A2) are split into two segments (Al.1, A1.2 and B1.1, B1.2).
The helices as a whole as well as each of the segments are allowed to move independently,

which accounts for the plasticity that is expected around the conserved kinks in the
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centre of the helices [243]. Similarly the peptide is propagated as one region and as two

independent segments along three translational and three rotational degrees of freedom.

Figure 4.1: The structural decomposition of pMHCI as used in this studyA Cartoon
representation of HLA-A*02:01 based on PDB accession code 3PWN. White: MHC beta-
oor; red: peptide; orange: whole helices; magenta: regions interspersed by molten zones.
For clarity, the 3 region and the 2-microglobulin are not shown.B Schematic repre-
sentation of the peptide and MHCI regions used in this study. The axes indicate the six
degrees of freedom per region. Figures adapted from [31].

Table 4.1: Decomposition of MHC class | structure for nANMMC.

Region # Residues Name

MHCI

1 A:1-54, 88-135, 182-275, B:0-99 beta- oor and globular domains
2 A:56-73 helix Al1.1

3 A.75-86 helix A1.2

4 A:56-73, 75-86 helix A1.1 + Al1.2
5 A:137-150 helix A2.1

6 A:152-180 helix A2.2

7 A:137-150, 152-180 helix A2.1 + A2.2
Peptide

8 C:1-4, 6-9 peptide C1 + C2

Simulation Protocol

In order to accelerate the peptide detachment process we performed hNMMC using a tem-
perature modulation protocol. Speci cally, we used repeated simulated annealing, which
throughout the simulation applies sinusoidal cycles of rising and falling temperatures to
the system. This allows for the e cient exploration of energetically favourable states

along the peptide detachment pathway. It was implemented as described in equation 2.1
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using the following parameter values: A=600 (Kelvin), k = 100,000, =5000 and s=0
(Kelvin). The equation is reproduced here:

.2k
T«k=A sih — +5s (4.2)

The peptide/MHC dataset

The most commonly found MHCI allele in humans, HLA-A*02:01, was chosen for this
study. We selected PDB accession code 3PWN as it was the median structure when
clustered with 10 other high resolution structures of allele HLA-A*02:01. The original
peptide sequence was LLYGFVNYI and was not simulated in this study.

A set of 32 peptide sequences with existing experimental a nities was chosen from
an investigation of T cell cross-reactive peptides [244]. We used the experimental IC50
values from this study to test our method, as these are commonly used to benchmark
peptide binding a nity predictors. The peptide sequence and corresponding IC50s are

shown in table 4.2.

Table 4.2: The 32 peptides and their IC50 values used for this study. Binders:1000nM,
Weak binders: 10000, Non-binders: 20000.

Sequence IC50| Sequence IC50

AAAKTPVIV 20000 | LTSNCTRTT 20000
AQFLYLYAL 0.4 MLFTKFFYL 0.2
CVDNHLGAT 20000 | MTFGDIPLY 1
DMPPEVVYL 20000 | NLFDIPLLT 10
EAAAATCAL 20000 | NLLLWPLYV 0.1
EIEKVEKYL 20000 | PTPKKMNIV 20000
FIADIGIGV 0.3 RAGYSIVEL 5000
FLGGTTVCL 20000 | RQQLEDIFM 10033

FLIDLAFLI 0 RQVSVKLLI 250
FVKKMLPKI 3004 SIMAFILGI 0.2
GLLQFIVFL O SLKRNAEGI 20000
GTVINEDIV ~ 20000 | SLPACPEII 504

HQWDIDSAI 1007 | TLNRNQPAA 15190
KMIYDLNAV 0.3 VLWTVFHGA 100
KTSTLIFFV 1 WIKTISKRM 20000
LLMMTLPSI 0.1 YLTAIQDFI 1.9

Each peptide was modelled on top of the original peptide of PDB accession code 3PWN
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by using the same backbone and predicting the new residue side-chain conformations with
SCWRL4 [245]. This was demonstrated to be the most e ective approach for altering

peptides inside the MHCI binding groove [246].

Simulations

We performed 100 replica simulations (100,000 steps each) for all 32 pMHC complexes
using the protocol described above. The scripts used have been included at the end of

this chapter.

4.4 Results

Examples of the detachment processes of the non-binder AAAKTPVIV during MD and

hNMMC simulations are shown side by side in Figure 4.2.

Figure 4.2: Comparison of MD- and hNMMC-simulated peptide detachment pathwése-
quence:AAAKTPVIV, MHCI: HLA-A*02:01). A Equally distributed frames taken from
the 500,000 step hNMMC simulation are shown. The computing time was 13h on a single
core of an Intel i7-3770 3.40GHz CPUB Equally distributed frames of a 1000 ns MD
simulation (performed by Bernhard Knapp). The simulation took 247h using 128 Xeon
cores at 2.0GHz of the Oxford Advanced Research Computing facilit Comparison of
computing time between hNMMC simulations and a single MD simulation. The demand
for the 1000ns MD simulation was the same as for all the hNMMC simulations (n=3200)
of our study combined. Figure adapted from [31].

In hANMMC the peptide starts detaching within 25,000 steps and has fully detached
after 100,000 steps (shown by the arrow in Figure 4.2A. The MD simulation trajectory

largely matches the rst 25,000 steps of our hNMMC simulations. In both cases the
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peptided€™s C-terminus detaches rst and starts ~ appinga€™. However, during the MD
simulation full detachment is never observed, despite this being the longest reported MD
simulations of pMHC, with 128 cores used over 247 hours. This corresponds to the
runtime it took to run 100 hNMMC replica simulations (100,000 steps) for all 32 peptides
(Figure 4.2B). Thus, hNMMC simulations are capable of e ciently calculating pMHC
detachment processes.

After we showed that our hNMMC protocol is suitable for simulating peptide detach-
ment and that the results resembled those of MD simulations we performed hNMMC for
32 known binding and non-binding peptides. We performed 100 replica simulations, each
with a di erent random seed in order to generate a wide range of stochastically di erent
trajectories. Figure 4.4A shows the average distance between the N-terminus, center and
C-terminus of known binders and non-binders, and the binding groove.

The initial peptide/MHC - oor distance in the starting structures of all 32 pep-
tides is 13.1 Angstrom for the centre of the peptides (peptide G:MHC C 28), and
10.8 Angstrom and 10.9 Angstrom for the N- (peptide C1:MHC C 99) and T-terminal
(peptide C 9:MHC C 117) ends, respectively 4.3B. We found that there was an equal
tendency for the C-terminal and N-terminal end to detach, while the centre of the peptide
tends to move closer to the binding groove during the rst 20,000 steps. However, indi-
vidual peptides seemed to prefer one of the ends (Figure 4.4A-C). In contrast, we never
found that the centre detached rst or both ends detached at the same time (Figure 4.3B,
bottom panel).

In the next step we attempted to use the peptide/MHC distances generated during our
simulations to discriminate between binders and non-binders. Non-binders are expected to
exhibit larger distances than binders i.e. they should detach earlier. We investigated this
by comparing the average distance over all replicas of a peptide against the experimentally
known binding a nity. This resulted in an area under the receiver operating characteristic
curve (AROC) of 0.85 (Figure 4.6A) and Pearson correlation coe cient of 0.67. The
di erence between the pMHC-distances of all binders and all non-binders was signi cant

(Figure 4.6B). It is important to note that single simulations could be misleading as the
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Figure 4.3: Summary of simulated detachment pathwaysA Average distance during
peptide detachment trajectories grouped by experimental binders and non-binder&
Schematic drawing of observed detachment pathways. Figure adapted from [31].

conformational exploration could be trapped in one or more local energy minima.
Bootstrapping analysis revealed that replica simulations were necessary to reduce the
variability of the results. Figure 4.7A shows a sharp descent of the AROC standard
deviations until 25 replicas and a slower descent until 50 replicas. This shows that our
hNMMC approach can predict pMHC detachment with good accuracy and reliability if
at least 25 replicas are used. The distribution of the AROC of 1 replica per peptide

chosen randomly 5000 times with repetition from our 100 replicas gave a spread of AROC
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Figure 4.4. Examples of simulated detachment pathway# Stable binding of peptide
FLIDLAFLI due to favourable anchor residues at peptide positions two and nin® C-
terminal detachment of the WIKTISKRM peptide from MHC. Position two is a known
anchor residue.C Equal detachment of RQQLEDIFM across the peptide. This peptide
contains no anchor residues. The distances were averaged over all 100 replicas. The
dotted lines show the standard error of the mean. The detachment plots of all peptides
are shown in Figure 4.5. Figure adapted from [31].

values between 0.53 and 0.91 and the standard deviation was 0.1 (Figure 4.7B). When
100 replicas were used the AROC consistently lied between 0.81 and 0.89 with a standard

deviation of 0.01 (Figure 4.7C). This demonstrates the importance of multiple replicas,
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Figure 4.5: The detachment plots of all 32 peptidessigure adapted from [31].

Figure 4.6: Classi cation of binders and non-binders using hNMMCA ROC curve. B
The peptide/MHCI distance averaged over all simulations and grouped by experimental
binders and non-binders. Figure adapted from [31].

as a single simulation can give a wide range of di erent results.

4.5 Discussion

The MHC/peptide interaction has been studied in a number of di erent MD simulations
studies [20]. While partial detachment was observed in some, full peptide dissociation

has not been observed to date, not even in the longest pMHC simulation of 400 ns [247].
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