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Abstract

The cellular membrane is a complex biophysical environment that occupies a central po-

sition in many fundamental biological processes. In association with the membrane there

are a wide variety of proteins, macromolecular actors with crucial roles in driving those

processes. Being a primary point of contact between the inside and outside of cells, mem-

brane proteins are targeted by the majority of approved therapeutic drugs. New methods

that can unveil the mechanisms by which these molecules function are therefore crucial

in deepening our biomolecular understanding and can provide rational approaches for the

design of novel therapeutic approaches.

Conformational dynamics are an important factor in driving the behaviour of membrane

proteins. Receptors, channels and other membrane-embedded proteins function by popu-

lating distinct structural states and interconverting between them. However, the molecu-

lar detail of these heterogeneous processes is extremely challenging to elucidate with the

current analytical tools, generally tailored for homogeneous protein states.

This thesis focuses on the methodological development of approaches to accurately char-

acterise the dynamical behaviour of membrane proteins. The methods outlined combine

the use of experiments and theoretical sampling to generate ensemble descriptions of mem-

brane proteins. Specifically, the experimentally-restrained molecular dynamics approach is

further developed for the incorporation of solid-state NMR observables.

The accuracy of this method is validated in the context of membrane proteins and subse-

quently applied to the study of three different biological systems: the cardiac regulatory

protein phospholamban, the influenza proton channel M2 and the G-protein coupled re-

ceptor CXCR1. The generated ensembles reveal some important conformational transi-

tions in these membrane proteins, and highlight the importance of combining theory and

experiments in order to achieve an accurate, detailed description of biomolecular dynam-

ics in lipid membranes.
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Chapter 1

Introduction

1.1 Protein structure and dynamics in the context of

cellular membranes

The study of protein dynamics is a topic of great interest in biophysical research. Initial

descriptions of the importance of protein motions arose following the establishment of the

field of structural biology. The first protein three-dimensional structures were determined

by X-ray crystallography: myoglobin by Kendrew and co-workers,1 and haemoglobin by

Perutz and co-workers.2 In a crucial result in his studies, Perutz would furthermore de-

scribe that in the reaction of haemoglobin with oxygen a structural change occurs in the

protein,3 building evidence that protein structures are not static objects. During the fol-

lowing decades, a description of the process of protein folding was progressively built,

starting from the initial observations that a protein’s amino-acid sequence determines

their tertiary structure.4 This was followed up by energetic and kinetic descriptions of the

process,5,6 described as an energy funnel that guides a protein from an extended, unfolded

state into its native structural conformation. Crucially, this energy funnel was described

as a ‘rugged’ surface, where different possible local energy minima can be metastable ei-

ther as intermediates of the folding process, or even co-existing as multiple conformations

21
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Native
state

Free
energy

Metastable
conformations

Local
motions

Large-scale
rearrangements

Figure 1.1: Conformational landscapes of proteins – Depiction of a simplified protein conforma-
tional landscape along a hypothetical one-dimensional reaction coordinate. The rugged nature of
the surface means that proteins constantly fluctuate between different local conformations that
are structurally similar. Large energy barriers are often associated with large-scale structural re-
arrangements that result in metastable conformations. Interconversion between states separated
by such barriers normally occur in long timescales (microsecond to millisecond), whereas local
motions are often in the nanosecond range.

of an ensemble of native states.7–9

The conceptual description of protein folding in terms of energy was therefore expanded

to consider the complete conformational space that proteins can adopt, known as their

conformational landscape, and studied both theoretically10,11 and experimentally.12–14 A

simplified protein conformational landscape is depicted in Figure 1.1. The consensus arose

that proteins do not behave as static objects, but rather make use of motions to function,

populating different states or conformations along an often complex energy landscape.15 It

is a finely-tuned equilibrium and interchange between different structural states along the

landscape that allows proteins to perform a multitude of fundamental biological functions.

This principle of protein conformational plasticity has indeed been shown to be essential

for key processes such as molecular recognition in protein complexes16–18 or enzyme catal-

ysis,19–23 amongst many others.24–30
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During those years the rise of nuclear magnetic resonance (NMR) as a tool for structural

determination of proteins31 also played an important role in the inclusion of dynamics into

the structural biology field. With NMR scientists had the ability to probe the structures

of proteins in their native solution conformations, where they were no longer trapped in-

side a crystal lattice and were free to move and interchange between different structural

states. The field started to see the development of new NMR methods to gain insight into

these motions. In particular, the NMR relaxation phenomenon in proteins started being

probed as a tool to access the high resolution structures of different co-existing conforma-

tional states, as well as gaining information of their relative lifetimes and populations.32

Given the essentiality of including dynamics in the picture when thinking of a protein’s

structure and function, many people in the field of structural biology progressively be-

gan to adopt an ‘ensemble’ approach to protein structure determination, whereby efforts

are made to characterise not only the lowest energy conformational state, but obtain a

complete picture of the full conformational landscape that a protein populates.33 In re-

cent times, the protein ensemble approach has become even more relevant in the study of

intrinsically disordered proteins (IDPs), which lack a well-defined native folded conforma-

tion but rather exist as a collection of constantly interchanging unfolded states.34

Despite the great interest in characterising the dynamics of proteins, building an exhaus-

tive description of the conformational landscape of proteins is no easy task. Most exper-

imental techniques are well-suited to characterising only the low-energy, mostly popu-

lated conformation of a protein, traditionally referred to as its native state. The methods

that can tackle dynamics often have limitations, such as only being able to access lim-

ited timescales of interconversion between structures, lacking in resolution or providing

only average observables of a heterogeneous pool of conformations.35 Theoretical mod-

els of protein dynamics have therefore been developed and exploited in combination with

experimental information in order to gain a more detailed description of protein struc-

tural ensembles. In this context, molecular dynamics (MD) simulations have proven very

successful in their ability to obtain valuable information about protein dynamics that is

inaccessible to experiments. However, theoretical approaches also have shortcomings of
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their own. Dynamical models are built from first-principle physical interactions, which are

expressed as energy functions known as force fields, semi-empirically parametrised based

on the available experimental evidence and considerations from quantum mechanical mod-

els.11 Given the semi-empirical nature of this parametrisation, there are intrinsic errors in

the force fields that can often yield inaccurate results,36,37 despite the very encouraging

recent improvements in protein force field accuracy.38,39 Furthermore, the complete sam-

pling of a protein conformational landscape is too exhaustive in most cases to be achieved

by standard MD simulations. The long timescales at which large-scale molecular motions

occur are currently inaccessible to MD simulations. Although current times are seeing an

exceptionally fast growth in the processing power of computational resources, we are far

from reaching the necessary simulation timescales to achieve a complete sampling of most

protein energy landscapes.

These challenges that emerge from both experimental and theoretical approaches become

even greater when studying proteins that are in association with biological membranes.

In classical structural biology, the characterisation of membrane proteins has tradition-

ally lagged behind that of their solution counterparts, primarily due to the difficulties in

adequately reproducing their hydrophobic native environment in vitro.40 Similarly, theo-

retical studies on membrane protein dynamics have also arisen long after those of soluble

proteins.41 It is clear however that despite this inherent difficulties, it is of great impor-

tance to study proteins at the membrane environment, where crucial protein-driven bio-

chemical processes take place. The cellular membrane is primarily formed by a bilayer of

lipid molecules that provides a barrier between the cell and its surroundings. In associa-

tion with lipids there are carbohydrates and proteins, the latter of which are key players

in regulating the interactions between the cell and the outside world. Membrane proteins

receive and transduce chemical signals, transfer molecules across the bilayer, adhere to

neighbouring cells and generate energy from metabolic processes.42 In addition, being

displayed at the surface of the cell makes membrane proteins a good target for medici-

nal drugs. Indeed, membrane proteins have become crucial in modern therapeutics, with

approximately 60% of approved drugs targeting them.43
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Figure 1.2: Functional dynamics of membrane proteins – The Sarco/endoplasmic Reticulum
Ca2+ ATPase (SERCA) is responsible for heart muscle relaxation. This membrane protein ac-
tively transports calcium ions across the membrane of the sarcoplasmic reticulum, hydrolysing
ATP in the process. To carry out its function it undergoes a series of conformational changes,
cycling through different structural isoforms. Four of these isoforms, here depicted, have been
crystallised in lipid membranes by Norimatsu and co-workers,53 and show the large extent of
conformational plasticity required for the protein to exert its function.

In carrying out these very important functions, membrane proteins need to make use of

dynamics. Signals are often transduced by allosteric changes in protein structural confor-

mations upon binding of a chemical, channels and transporters fluctuate between open

and closed conformations, protein complexes associate and dissociate, all as part of very

complex dynamical equilibria. Despite the challenges in the study of these dynamical

mechanisms, there is substantial evidence for their importance in processes such as the

regulation of membrane protein self-assembly,44 protein-protein interactions,45 signal trans-

duction,46–48 transport across the membrane49,50 or cellular import and export.51 An ex-

ample of the importance of dynamics for membrane protein function is shown in Fig-

ure 1.2, which depicts the enzymatic cycle of the Sarco/endoplasmic Reticulum Ca2+ AT-

Pase (SERCA). In cardiac myocites, SERCA is responsible for the active transport of cal-

cium ions from the cell cytosol into the lumen of the sarcoplasmic reticulum, leading to

cardiac muscle relaxation.52 This process is governed by drastic conformational changes

in the pump over each heartbeat cycle, which have been revealed by X-ray crystallogra-

phy.53 These conformational changes are also accompanied by transient interactions with

two other membrane protein regulatory partners: sarcolipin and phospholamban (PLN),

which alter the pump’s affinity for calcium in an allosteric manner.54
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Dynamics are not only crucial in the correct functioning of membrane proteins, but they

are often also associated with the development of disease. In many cases, the misregula-

tion of the natural dynamics of membrane proteins can lead to aberrant behaviours. In

the case of SERCA, disruptions to the allosteric interactions between the pump and its

regulatory partners can induce dilated cardiomyopathy.55 Aberrant dynamics have also

been described in ion channel voltage sensor domains, leading to neurological disorders

such as erythromelalgia,56,57 as well as in cardiovascular diseases related to G-protein cou-

pled receptor (GPCR) misfunction.58,59

It is not only the loss of functional protein dynamics that can lead to the development

of disease. Sometimes proteins deviate from their native conformational landscape and

undergo non-functional and non-native structural transitions that lead to protein self-

assembly. This is the case in amyloid diseases, where proteins form large oligomeric species

that interact with the lipid membrane and disrupt it causing cellular death. Over time,

these protein species deposit into insoluble fibrillar aggregates.60 The most common amy-

loid diseases are neurodegenerative disorders, such as Alzheimer’s or Parkinson’s disease.

One membrane protein involved in amyloid disease is the Prion protein. Prions are lo-

calised on the membrane of neurons via a glycosylphosphatidylinositol anchor. It contains

a highly dynamical intrinsically disordered region, which upon misfolding can aggregate

into toxic oligomeric species leading to the development of transmissible spongiform en-

cephalopathies.61

Membrane protein dynamics have very wide implications, in the context of functional mo-

tions and their misbehaviour as well as regarding non-native pathological dynamical tran-

sitions. There is need for novel methods that help advance our understanding of these

processes and provide the necessary level of detail associated with them. The accurate de-

scription of membrane protein conformational dynamics will have important consequences

in modern therapeutics, as an initial step in the goal of developing rational drug design

strategies that can re-establish the physiological dynamical behaviour of membrane pro-

teins.
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1.2 Experimental approaches for the study of mem-

brane protein dynamics

The goal of accurately characterising the energy landscape of proteins is a challenging

one, as it goes beyond the classical structural determination of the most energetically

favourable native states. Transient protein conformations are generally difficult to detect

and describe experimentally, so these studies often need the complementarity of theoreti-

cal approaches. Traditionally, experimental structural biology has focused on the determi-

nation of static protein structures, a task that is already difficult in itself. In the context

of membrane proteins, the field has suffered from considerable difficulties in their experi-

mental characterisation, such as the successful mimicking of their native hydrophobic en-

vironment. In fact, membrane protein structures are considerably under-represented in

the Protein Data Bank (PDB).62 At the time of writing, only 4,787 out of 140,591 (3%)

entries are annotated as membrane proteins, in contrast with the estimated number of

26% in the human proteome.63

Despite this major gap, recent years have seen increasingly more success in overcoming

the challenges of membrane protein structural determination. Since the first determina-

tion of membrane protein structures,64,65 many important advances have been made lead-

ing to the discovery of important structures. In this context, X-ray crystallography,66,67

cryo electron microscopy (cryo-EM)68,69 and solid-state Nuclear magnetic resonance (ss-

NMR)70,71 are becoming well-established and successful techniques for the study of mem-

brane proteins.

However, the general applicability of these techniques remains better tailored to those

membrane proteins that feature compact and structured folds. A more challenging area

is encountered in the case of dynamical membrane proteins, those structurally heteroge-

neous macromolecules that perform their function through finely tuned collective motions

of their backbone and side-chain atoms. The accurate description of these membrane pro-

teins of dynamical nature still remains elusive to most analytical techniques.
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Figure 1.3: Large-scale dynamics resolved by Cryo Electron Microscopy – Zhao and co-workers
resolved three different rotational states of the eukaryotic vacuolar H+-ATPase by means of clas-
sification of electron microscopy particles in micrographs.75 The structures of the individual
states were calculated from maps at resolutions of 6.9 Å, 7.6 Å and 8.3 Å. The relative popula-
tions of each state can also be quantified (47%, 36% and 17% for states 1, 2 and 3 respectively).
The application of these methods is only possible in systems that undergo considerably large
conformational changes. In addition, each distinct state within the ensemble must be consider-
ably populated for its structure to be resolved.

Classical experimental structural biology techniques have had some success in address-

ing the question of large-scale membrane protein dynamics. A common approach is to

chemically trap a protein at different conformational states within a long and complex dy-

namical cycle. Each trapped structure can then be individually resolved, providing a de-

scription of the major conformations populated along the pathway. X-ray crystallography

has successfully described enzymatic and transport cycles in this way.53,72 More recently,

the fast development of cryo-EM data processing methods has allowed for the description

of similar large-scale dynamics, by means of clustering the imaged particles into different

groups that are resolved separately to produce different structures.73,74 Such an analysis

was successfully applied by Zhao and co-workers to resolve different rotational conforma-

tions of the eukaryotic vacuolar H+-ATPase (See Figure 1.3).75
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However, the success of these approaches is limited to dynamical processes in very long

timescales, with structurally well-defined and distinct low-energy states that can be trapped

along a pathway, or are highly populated within the ensemble. The study of membrane

proteins with more heterogeneous structures, which exert their function through order-

disorder transitions or faster dynamics, remains intractable to classical experimental tech-

niques, which cannot resolve the atomic detail of their concerted dynamics.

Alternatively, recently developed single-molecule fluorescence methods provide informa-

tion about protein dynamics and oligomerisation at a much lower resolution. These meth-

ods probe protein-protein, interdomain and protein-lipid interactions, but they do so with

a very coarse level of detail.76–78 Historically, the experimental technique that has been

most successful in probing protein structural dynamics at high resolution is NMR.

In recent years, ssNMR has emerged as a powerful technique to address the study of mem-

brane protein structure and dynamics. Membrane protein structures are often solved by

means of ssNMR, and combined with further ssNMR or solution NMR experiments to

extract information about their dynamics. An example of membrane proteins studied

by such methods are GPCRs. The dynamics of GPCRs have been studied by solution

NMR79 and ssNMR.80 More recently, the structure of the GPCR CXCR1 in a lipid bilayer

was solved by ssNMR.81 The dynamics of many other proteins have been studied by ss-

NMR, including potassium82 and proton channels,82β-barrel proteins83,84 and viral fusion

proteins.85

Although ssNMR provides more high-resolution dynamical information than any other

experimental technique, this description of protein dynamics is often limited to probing

the timescale of movement of different protein regions or the populations between differ-

ent chemical states. Even if combining the information from different experimental tech-

niques, the ultimate goal of a full structural characterisation of membrane proteins’ con-

formational landscapes is not accessible to experiments only. The inclusion of theoretical

approaches appears therefore crucial in reaching a detailed understanding of dynamical

membrane proteins.
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1.3 Theoretical methods in structural biology

In attempting to conquer the challenges to describe the protein dynamics that are inac-

cessible to experiments, theoretical methods derived from the realm of statistical mechan-

ics have emerged as powerful tools. These methods rely on a quantitative energetic de-

scription of proteins and their surrounding environments, which is generally provided by

semi-empirically constructed force fields, built after decades of research and optimisation

by repeated iterations of adjustments and comparison with experimental evidence.86

Given an accurate description of the energetics is provided by such force fields, several

methods have been proposed to achieve the ultimate goal of thoroughly sampling the con-

formational landscape of proteins. Monte Carlo (MC) based methods aim to reconstruct

the ensemble of protein conformations by introducing random perturbations to the sys-

tem. Each step, a configurational transition is proposed and its acceptance is based on its

probability (derived from its calculated potential energy). With sufficient sampling, MC

simulations can be used to reconstruct conformational ensembles.87 There are examples of

MC simulations of membrane protein systems,88–90 however its applicability in that con-

text has remained limited to date. A drastically different sampling method is provided

by the energy landscape framework91 and discrete path sampling.92 These methods are

based on building a potential energy surface from a set of different configurations of the

protein. Local minima along this surface can be identified and their transition states sam-

pled, building a complete description of the energy landscape. Although such methods

have been proposed in the context of cellular membranes,93 their applicability has been

limited to the study of Amyloid beta oligomers within the membrane.94

Amongst all the theoretical approaches for the study of membrane protein dynamics,

molecular dynamics (MD) simulation methods have undoubtedly been the most exploited

to date. In MD simulations, the temporal evolution of a system’s atomic coordinates is

studied. At each step of the simulation, the forces acting on each atom are computed ac-

cording to the potential described by the force field. Newton’s equations of motion are

then solved to calculate the displacement of atoms in the integration time step (typically
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in the order of 1-2 fs), and the process is repeated. MD simulations therefore provide a

trajectory that, if sampled for long enough, can be processed to obtain a temporal distri-

bution of a protein’s structural configurations, allowing the reconstruction of its conforma-

tional landscape.95 In recent times, the fast advances in computational resources and their

decrease in cost have made MD methods more and more accessible to researchers. In per-

forming MD simulations, as the size of the biological system becomes larger, or the nec-

essary sampling timescale becomes longer, the computational power required drastically

increases. Under the constraint of current computing capabilities, MD has been successful

in characterising many biological processes across a wide range of different timescales.

MD simulations have been employed to study a variety of questions about protein dynam-

ics, from the problem of folding39,96 to functional conformational transitions97,98 and pro-

tein oligomerisation.99 In association with lipid membranes, MD simulations have been

instrumental in describing the atomic detail of biological processes such as ion conduc-

tance. In the case of potassium channels, MD simulations were able to accurately describe

their selectivity filter and the knock-on mechanism by which they conduct ions,100–102 de-

picted in Figure 1.4. Other simulation studies have been able to provide the atomic detail

of voltage-sensing and gating of these channels.103 MD simulations have also been success-

ful in describing the activation mechanism of GPCRs104 and the process of drug/ligand

binding.105

Despite these successes of molecular simulations, the limitation of computational power

is still a barrier for studying many interesting biological processes that occur on longer

timescales. In order to overcome this limitation, different methods have been proposed

to enhance the sampling performed by MD, in an attempt to capture rare events that

would otherwise not be sampled along a standard MD trajectory. Some enhanced sam-

pling methods take advantage of the increased thermal fluctuations at higher tempera-

tures to overcome large free energy barriers. For instance, in Replica Exchange MD the

system is simulated as multiple copies that evolve at different temperatures, periodically

exchanging their configurations. The heating events accelerate the jumping of free energy

barriers and therefore accelerate the sampling of the overall landscape.106 In cases where
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Figure 1.4: Tetrameric KcsA potassium channel conductance mechanism revealed by Molecu-
lar Dynamics – The atomic detail of the mechanism of K+ ion conductance in transmembrane
channels has been revealed by several studies employing MD simulations.100–102 Ion permeation
occurs through a Coulombic knock-on effect of water molecules and ions that alternate their po-
sitions in the ion coordination sites of the protein. This mechanism also ensures ion selectivity
by the channels.

two different low-energy states are known (e.g. open and closed channel conformations),

there are enhanced sampling methods to find the optimal free energy pathway that con-

nects the two points. One of such methods is transition path sampling, which build an

ensemble of intermediate configurations by sampling the possible paths between the two

conformations according to their associated probabilities.107 Finally, some enhanced sam-

pling methods require the definition of one or multiple reaction coordinates, along which

one can introduce a biasing force that accelerates the exploration of the energy landscape

by increasing the population of high-energy regions. This principle was initially exploited

by umbrella sampling methods,108 and more recently by metadynamics,109 an approach

that has been very widely used to sample rare events in biomolecular simulations.

Enhanced sampling MD methods have been successfully applied to study longer dynamics

in membrane proteins. For example, the mechanism of pore gating in pentameric ligand-

gated ion channels has been studied in this way,110 as well as the ion transport by the

Na+/K+ pump.111

Another alternative to overcome the challenge of the computational cost of simulations

is to decrease the level of detail in the models. This can be done by replacing the solvent
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or the membrane system by implicit potentials,112,113 which generally decreases the ac-

curacy of the model.114 Alternatively, atoms that are covalently bonded can be grouped

into larger spheric particles and their interactions reparametrised. This approach is know

as coarse graining.115 Coarse grained simulations have established themselves as a very

useful tool in the study of membrane proteins, with many recent improvements and con-

stant development of lipid force fields to accurately mimic the membrane environment.116

The most widely used coarse grained model in membrane protein MD is MARTINI.117 Its

lower level description of protein and lipids allows its employment in much more complex

systems, ranging from large membranes of varied lipid compositions118 to full viral cap-

sids.119,120 MARTINI models have been applied to explore protein-protein interactions of

GPCRs,121,122 protein-lipid interactions in the bacterial outer membrane123 and the asso-

ciation of peripheral membrane proteins.124 In more recent study, MARTINI models were

combined with enhanced sampling by metadynamics in order to characterise the dimerisa-

tion mechanism of the epidermal growth factor receptor.125

The success and applicability of MD simulations to biological problems is unquestionable.

However, the technique still suffers from one major drawback that comes from the im-

perfect nature of force fields. The energy potentials are semi-empirically constructed and

subject to constant revision and improvement as more data becomes available to the mod-

elling community. As more experimental and simulation studies have become available,

many groups have reported on the comparison between the two in order to assess the ac-

curacy of force fields. Many reviews highlight the recent improvements in force field accu-

racy and their ability to reproduce experimental data, often coming from NMR,126,127 but

also from other sources such as vibrational spectroscopy128 and Φ-value analysis.129 How-

ever, most studies that highlight the overall good agreement with experiments still warn

against making quantitative predictions from MD.130,131

The main accuracy issue reported in the literature is force field discrepancy. Sampling a

system under different state-of-the-art force fields will generally lead to different ensem-

bles, with the impossibility to discern which one is closer to the native one.132–134 A fre-

quent source of discrepancy in force fields is the over/under-stabilisation of certain sec-
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ondary structural elements over others.135,136 Other studies have reported MD simulations

that fail to reproduce correct protein folding pathways by overstabilising misfolded states

that are inexistent in nature.137 Other systematic studies describe that although MD gen-

erally describes the dynamics of the native states of small proteins with a high degree of

accuracy, more problems are encountered in studying larger systems with more flexible

regions.138,139

An especially challenging area of modelling for MD is that of intrinsic protein disorder.

Historically, the empirical parametrisation of force fields has been heavily weighted on

the known dynamical aspects of compact, globular proteins, resulting in energy functions

that are biased toward secondary and tertiary structural features.140,141 The most widely-

used force fields are therefore generally unable to accurately describe intrinsic disorder or

functional order-disorder transitions that often occur in native protein ensembles. Several

studies point at incorrect water-protein interactions as a source of error in disordered pro-

teins MD simulations.142,143

When simulating membrane proteins, the lipid molecules that form the hydrophobic bi-

layer must also be modelled. Many common lipid molecules have now been studied by

MD, and again several different force fields exist. Most systematic validations of lipid

force fields conclude that large-scale properties of the system (e.g. area per lipid, over-

all membrane scattering density profiles) are generally well reproduced.144,145 However,

atomic-level details are not generally well described in comparison with NMR dipolar

couplings or deuterium quadrupolar splittings.146,147 Finally, as was the case with pro-

teins, one of the most significant concerns with lipid MD accuracy is force field discrep-

ancy.148,149 In the case of coarse grained models, many more large-scale properties of the

membranes have been tested and are generally very well reproduced, under many different

lipid compositions.150–152

Overall, theoretical approaches are highly useful to reach the atomic detail description of

transient protein dynamics that experiments cannot access. However, their imperfection

and limitations in accuracy mean that, whenever possible, theoretical studies will always
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benefit from the inclusion of experiments to improve the description of any system of in-

terest.

1.4 Combining experiments and theory to characterise

protein dynamics

With the objective of overcoming the shortcomings of both the experimental and theoret-

ical approaches, there is a new prominent view that the combination of experimental data

and molecular simulation provides a powerful analytical approach to elucidate protein dy-

namics. By integrating experiments and theory, researchers aim to get the best of both

worlds: an accurate characterisation from experiments and the high-level detailed descrip-

tion of dynamics from simulations. Furthermore, molecular simulations can be instrumen-

tal in the interpretation of certain experimental data which require a dynamical consider-

ation of the system. This is especially true in the case of experimental data that are the

result of time and ensemble averaged quantities over many different conformational states

in the experimental sample.153,154

The problem of reconciling theory and observation in the realm of statistical mechanics

was formalised by Jaynes by applying concepts from information theory.155 Jaynes poses

the problem of constructing the best possible probability distribution if only a number of

experimental observations from that distribution are available. By calculating the infor-

mational entropy of the system (also known as Shannon’s entropy156), he put forward the

maximum entropy principle, which results in a posterior distribution that is compatible

with the data but minimises the perturbation of the theoretical distribution, thus remain-

ing as faithful as possible to the original model.

The maximum entropy principle has been applied in several forms to the study of protein

structural ensembles.157,158 A common approach starts by performing MD simulations of

a system, which yields an initial ensemble of conformations. If sampled adequately, the
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ensemble can be reconciled with experimental data a posteriori, by modifying the statisti-

cal weight of each conformation (and therefore the energy associated with it in the land-

scape). This is known as the reweighting approach,159,160 and it has been successfully ap-

plied using data from a variety of sources, including NMR,161,162 small-angle X-ray scat-

tering,163,164 infrared spectroscopy165 and electron paramagnetic resonance.166 Alternative

reweighting approaches have also been proposed based on Bayesian methods167,168 or the

maximum parsimony principle.169–171 Reweighting methods have the advantage that they

can be applied very fast and repeatedly as new data becomes available, without the need

to run repeated MD simulations that are computationally very expensive. However, they

heavily rely on the simulation sampling all relevant states of the system. There may be

certain conformations that contribute to the experimental observables but remain unex-

plored throughout the simulation, and thus cannot be reweighted into the final ensemble.

In fact, the accuracy of these methods is dependent on the overlap between the prior and

posterior distributions,172 so they remain less applicable in cases where the original en-

semble has to be considerably altered.

As an alternative to reweighting approaches, one can include explicit restraints to drive

the sampling of a simulation toward the distribution that is in agreement with the experi-

mental data. When dealing with time and ensemble-averaged data, the most common way

to do this is to run a number of simultaneously evolving independent simulations (known

as replicas) that only share information about their properties relating to the experimen-

tal data. The observable is back-calculated as an average of all the replicas and restrained

toward the experimental value. This approach is known as replica-averaged restrained

MD, and it has been formally shown to fulfil the maximum entropy principle.173–175

Replica-averaged restrained MD has been mostly exploited and validated in combination

with NMR data.33,176 A notable early application of the method using residual dipolar

couplings (RDCs) was able to characterise the molecular recognition mechanism of ubiqui-

tin.177 Many efforts have been employed in characterising disordered and unfolded states

of proteins in this way.178–183 NMR-restrained simulations have since been used to study

the conformational equilibria of a wide variety of soluble proteins,184–187 folding interme-
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diates,188 partially misfolded structures on the pathway of protein aggregation,189,190 al-

losteric motions in signalling proteins,191–194 enzyme catalysis195 and molecular recognition

between proteins196,197 and protein-nucleotide.198,199

The wide applicability of replica-averaged MD is an encouraging demonstration of the

potential of integrating theory and experiments in building a comprehensible picture of

protein structural dynamics. This picture is of course far from complete, as the approach

suffers from similar limitations as traditional simulations, derived from their intensive

computational nature, as well as from the usual experimental challenges in obtaining re-

liable data in complex systems. Nonetheless, these examples of success advocate that the

integration between diverse sources of information is only beneficial to achieving the final

objective of accurately characterising protein dynamics.

1.5 Characterising membrane protein conformational

landscapes

Integrative approaches that combine experiments and theory to describe protein dynam-

ics in detail have had plenty of success. However, their applicability to membrane protein

systems is still at its infancy. Partly due to the experimental and theoretical challenges

associated with the study of membrane proteins, examples of combining both sources of

information are very scarce. Specifically in the context of replica-averaged MD, the pri-

mary source of experimental data comes from ssNMR, a setup in which protein can be

studied in a close-to-native lipid environment. The first attempt at including ssNMR re-

straints into MD simulations made use of an implicit membrane system,200 in the study of

the orientation of a single-helix transmembrane domain of viral protein “u”.

A method for ssNMR-restrained MD in explicit bilayers was later developed and applied

to study the conformational equilibrium of SERCA regulatory proteins sarcolipin and

phospholamban.201 The main structural transition described in that work is the order-
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Figure 1.5: Conformational equilibrium of phospholamban revealed by ssNMR-restrained
replica-averaged MD simulations – The dynamic equilibrium between the ground and excited
states of PLN (T and R respectively) has been accurately described by the combination of ex-
perimental data from solid-state NMR and molecular simulations.201 This study showcases the
potential of including experimental information into molecular simulations, which are generally
unable to accurately describe order-disorder transitions such as this one.

disorder equilibrium in the N-terminus of PLN. In its ground state (T-state), the N-terminal

segment is adsorbed on the membrane as an amphipathic helix. In the excited R-state,

the N-terminus detaches from the membrane and adopts a dynamical random coil confor-

mation (See Figure 1.5). The excited state had already been observed spectroscopically202

and studied by replica-averaged MD in micelles, with experimental RDCs from solution

NMR.203 The ssNMR-restrained simulations in bicelles are however carried out in an en-

vironment that closely mimics native conditions, and therefore provide a highly accurate

description of the relative populations of the two states and their structural features.

Restrained MD simulations of membrane proteins have since been applied in only one

other occasion, a study using ssNMR data regarding the dynamics of pVIII coat protein

from fd phage.204 The full potential of replica-averaged MD in characterising membrane

protein dynamics is yet to be exploited, and the field of structural biology can greatly

benefit from a systematic approach that can tackle these difficult questions with a high

level of detail and accuracy.
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1.6 Summary and structure of the thesis

The work I present in this thesis builds precisely on the framework of lipid membrane-

based ssNMR-restrained MD.201 This restraining approach is here developed further and

applied to a variety of biological systems. The thesis therefore outlines methodological

advances and practical applications of such methods, so I have structured it accordingly

in an attempt to maintain a clear flow throughout.

Chapter 2 is a methodological chapter, where I describe two different sources of experi-

mental NMR data and the progress made in building accurate models for them as well as

their implementation into molecular simulations. Firstly, chemical shifts are introduced

and the challenges in building accurate models for them are explained. I will present re-

sults from an accurate model of chemical shifts based exclusively in protein sequence, an

encouraging first step in the ultimate goal of generating and applying accurate structural

models for chemical shifts in the study of protein dynamics. Secondly, I will introduce two

types of data associated with oriented solid-state NMR measurements, namely chemical

shift anisotropy and dipolar coupling. Methods for the incorporation of these data into

molecular dynamics simulations are outlined and I will present advancements in their ca-

pabilities as well as an extensive methodological validation of the approach.

The following three chapters focus on practical applications of the sampling methodology

to characterise membrane protein dynamics. Chapter 3 describes the dynamics of phos-

pholamban, a transmembrane protein with an important regulatory role in cardiac muscle

relaxation. This chapter first describes the conformational transitions of phospholamban

in its homo-pentameric state, and then moves onto the complex that phospholamban es-

tablishes with the cardiac pump SERCA.

Chapter 4 describes the application of the restrained MD sampling approach to another

transmembrane protein, the homo-tetrameric proton channel M2 from influenza. Dynam-

ical ensembles for the channel are generated and analysed, outlining important dynamical

transitions that govern its mechanism of action.
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The final practical application of the method, corresponding to chapter 5, focuses on the

dynamics of CXCR1, a G-protein coupled receptor that has a crucial function in the in-

flammatory response and is linked to multiple forms of cancer. The experimentally-guided

structural ensembles of this receptor provide some insights into the allosteric motions nec-

essary for its function.

Finally, chapter 6 provides a discussion of all the results presented in the thesis, aiming

to provide a wider perspective of their significance in the context of combining theoretical

and experimental approaches to accurately describe membrane protein dynamics.



Chapter 2

Development and testing of NMR

restraints

2.1 Chemical shifts

2.1.1 Physical principles and challenges in their interpretation

Chemical shifts (CS, often also noted as δ) are the most readily obtainable data by NMR

both in solution and solid state. In proteins, CS are very precise probes of local struc-

ture and dynamics. However, their interpretation is highly challenging as they arise from

a multitude of complex interactions and factors that are difficult to model. For any par-

ticular nuclear spin system in a protein, its CS is defined as its resonant frequency in an

externally applied magnetic field (commonly noted as B0). This frequency (measured in

Hz) is directly proportional to the difference in energy between the two energy levels of

the nuclear spin. As B0 becomes larger (in more powerful NMR magnets), so does the

resonant frequency of a nucleus. In order to compare CS values measured at different B0

field strength, it is desirable to remove this dependency of the CS on the field. This can

be done by quoting CS as a relative quantity in comparison to a measured standard (e.g.

tetramethylsilane in 13C and 1H protein NMR, or liquid NH3 in 15N protein NMR), ex-

41
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Figure 2.1: Electronic shielding phenomena that influence chemical shifts – Some of the inter-
actions affecting the chemical shift are here depicted. (a) Nuclear shielding by the outer electron
shell. The electronic environment around the nucleus generate an opposing magnetic field to the
spectrometer field B0, lowering the chemical shift of the nuclear species. (b,c) Local anisotropic
shielding fields in different chemical groups. The geometry of chemical bonds limits the range
of movement of electrons, creating non-uniform shielding fields depicted as cones. If a proton
in close proximity finds itself in the space inside a cone, it will be shielded and experience a
lower chemical shift. If by contrast it is in the space outside of the cone, it will experience a lo-
cal deshielding and have a higher chemical shift.

pressed in parts per million (ppm).

The differences in resonant frequencies between different nuclei arise from magnetic in-

teractions in the local environment of the nucleus in response to the external magnetic

field. The primary factor determining the CS comes from the electronic shell surrounding

the nucleus. The electrons around a nucleus have an electric charge, which (according to

Lenz’s law) responds to the external magnetic field (B0) by generating an induced mag-

netic field in the opposite direction of B0. This field is generally referred to as a shielding

field, as it reduces the effective magnetic field experienced by the nucleus (Figure 2.1a).

Since the shielding effect reduces the magnitude of the effective field experienced by the

nucleus, the energy levels of the spins get closer to each other and the resonant frequency

decreases. Therefore, shielding will decrease the observed CS of a nucleus.

Another factor affecting CS is the magnetic anisotropy of chemical groups. Electrons in

chemical groups generate shielding fields according to the same physical principle as elec-

trons in the atomic shell. However, bonded electrons cannot move freely, and therefore

the shielding field they generate is not uniform, or anisotropic. These anisotropic shield-

ing fields are generally represented as cones (see Figure 2.1b,c). If a nucleus is situated

within a cone, it will be shielded and its CS decreases. In contrast, if it is located out-
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side, deshielding takes place and the CS increases. For example, a nucleus located in or-

thogonal proximity to an aromatic ring will experience a strong shielding field from the

π-orbitals in the ring, considerably decreasing its CS. This is often the case for methyl

protons at the core of folded globular proteins, whose CS shifts to regions below zero ppm

when near an aromatic ring. This phenomenon is commonly used as a footprint for de-

tecting protein folding in proton NMR spectra.

Other molecular interactions can affect the chemical shift, such as hydrogen bonding. Pro-

tons involved in hydrogen bonds are generally shifted to considerably higher frequencies.

Similarly, the presence of strong electronegative groups in the vicinity of a nucleus will

drag electrons away causing deshielding, and increasing the CS. Temperature and solvent

effects also influence the strength and prevalence of these interactions, and therefore have

an important role in determining the CS.

Finally, the consideration of dynamics is again crucial. In NMR experiments, the observed

CS is averaged over all chemical states visited during the recording of each scan. The

protein dynamics in the millisecond timescale therefore influence the final value of the

CS, whether it comes from local fluctuations in the electronic environment or more pro-

nounced conformational transitions.

Given how all these factors can subtly influence the CS, it is evident how these data can

serve as very sensitive probes of local structure and dynamics in proteins. In addition,

CS can be measured in a highly accurate and reproducible manner by all NMR methods.

However, after describing the complexity of these interactions, the challenge of accurately

modelling CS from protein structure also becomes evident. There have been multiple at-

tempts and some progress at building CS models that emanate from the physical phenom-

ena of chemical shielding.205–211 Such models require a full quantum-mechanical descrip-

tion of the protein, and calculating all the interactions that give rise to the CS is com-

putationally very expensive. In addition, these models are still unable to capture the full

complexity of the physical phenomena and the accuracy of the predicted CS is generally

lower in comparison to empirical methods.212 However, since these methods are built from
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first principles, they should be applicable in any context. It is worth noting their value in

modelling systems for which not much similarity is found in CS databases, such as protein

complexes with nucleotides, carbohydrates or small molecules.212 However, in the gen-

eral case of protein CS modelling, empirical methods based on statistical tools have found

more success and applicability. In the following subsection I will provide a more detailed

overview of this subset of methods and evaluate their current capabilities.

2.1.2 An overview of chemical shift modelling in proteins

The dependence of chemical shifts on protein structure

Despite the difficulties in accurately modelling CS in complex structures such as proteins,

correlations between CS and certain chemical or structural features have been described

for many years. Each atom in an amino-acid has a typical CS based on the average obser-

vations across all publicly available NMR data, which is now compiled in the Biological

Magnetic Resonance Data Bank (BMRB).213 A crucial factor in accounting for deviations

from these typical CS is secondary structure. This phenomenon has been described in a

variety of atoms, where pronounced variations were observed in one direction for α-helical

structures and in the opposite direction for β-sheet segments.214,215 For example, in the

case of 1Hα, one of the most sensitive probes for secondary structure in NMR, a lower

chemical shift is observed in α-helices, whereas the opposite is true for β-sheets.216 In dis-

ordered, random coil conformations, the CS is found to be generally close to its typical

value. The characteristic shift for an atom in a particular amino acid is therefore referred

to as its random coil chemical shift. In fact, disordered proteins are characterised by a low

degree of variability (or dispersion) in their NMR spectra.217

The realisation of the strong influence of secondary structure in the value of the CS led

to the definition of metrics such as the secondary chemical shift, which is obtained by

subtracting the random coil CS to the value of an observed CS.218–220 An approach built

on the premise of secondary CS is the chemical shift index (CSI),221,222 still commonly
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used today to study the secondary structure of proteins at a residue-specific level. A later

method named TALOS223,224 provided a new level in this description by correlating CS to

the dihedral angles of the protein backbone (which are determinant of secondary structure

elements).

Given the success of these approaches in extracting structural information from CS, there

was great interest in solving the reverse problem: predicting CS starting from a protein’s

three dimensional structure. In this respect, the most successful models have applied

empirical and statistical methods. These models process the protein structural informa-

tion into inputs that are relevant for the prediction (e.g. residue identity, dihedral an-

gles, geometric features near the nucleus) and optimize a set of statistical weights to fit

a database of high-confidence CS. Different programs have been proposed which apply

this idea, for example by using statistical hypersurfaces (SHIFTX225), artificial neural net-

works (PROSHIFT,226 SPARTA227) or a combination of linear equations (Camshift228).

In characterising protein dynamics, the main scope of CS models is to provide structural

restraints for their use in molecular simulations. In this context, it is worth a particular

mention to the Camshift approach. Inspired by the geometrical phenomena that give rise

to the CS, Camshift employs a set of weighted linear equations that account for torsion

angles and the distances to nearby atoms. This simplified description provides an eas-

ily differentiable expression for the CS that can be readily used as an energy potential

in molecular simulations. There are already many examples of its successful application

in soluble proteins.181–184 The accuracy of Camshift is however generally poorer than its

more elaborate, updated counterparts SPARTA+229 and SHIFTX2,230 since the simpler

linear regression terms are unable to capture the full complexity of the CS-structure de-

pendence. The more complex models have not been applied in NMR-restrained MD sim-

ulations, due to the difficulty (or in some cases impossibility) in differentiating the CS

terms, a factor that hampers their use as energy potentials.

There are however no restrictions to differentiating and building energy potentials from

more complex non-linear expressions such as those arising from machine-learning methods
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(e.g. parametrised neural networks). Using such approaches, I will show in the following

sections that CS can be modelled accurately based exclusively on protein sequence infor-

mation, in a step toward the ultimate goal of building highly reliable and applicable CS

structural models. Given how commonly CS are measured in ssNMR experiments, the

study of membrane protein dynamics could greatly benefit from accurate, differentiable

CS potentials.

Modelling protein chemical shifts exclusively from primary sequence informa-

tion

The impact of accurate CS models goes beyond their use in molecular simulations of pro-

tein dynamics. Having accurate descriptions of CS can be extremely useful in structural

calculations and refinement based on CS data,231–233 CS re-referencing,234 or assisting in

the process of NMR spectral assignment.235–237 In many cases the structure of the protein

is not available, and it is therefore not possible to apply the structure-based models previ-

ously outlined. Understanding the relationship between the information contained in the

protein sequence and the variation of CS is an important step in building tools that are

applicable when the structural information is missing.

The relationship between sequence and CS has been especially exploited in studies re-

garding protein disorder. Since IDPs lack a defined tertiary structure, NMR is the only

applicable technique that can yield information about their transient interactions and con-

formational preferences, with examples both in vitro238,239 and in the cellular environ-

ment.240,241 In IDPs, their sequence is the only available source of information in mod-

elling CS. Deviations from the random coil CS are generally accounted for by applying

empirical corrections based on the neighbouring amino acids.217,242–245

When it comes to folded, globular proteins, the sequence-CS relationship has not been ex-

ploited as deeply. There are methods that rely on querying sequence databases to identify

homology to proteins with known, deposited CS data.246,247 However, these approaches

rely on the presence of a closely related protein variant having been studied by NMR. The
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relatively low number of proteins with published NMR data heavily limits the applicabil-

ity of these methods. There is room for a generalised approach that accurately correlates

CS directly to protein sequences, without requiring a three-dimensional structure or ho-

mology to previously studied systems.

Here I present a novel approach to the interpretation of protein CS exclusively from pri-

mary amino acid sequence, both in ordered and disordered proteins. The method was de-

veloped from the analysis of experimental CS applying statistical tools that improve the

state of the art of the sequence-based IDP prediction and in the case of structured pro-

teins achieves the accuracy of methods that require the three-dimensional structure of the

proteins. In addition to providing a unified tool for CS prediction in ordered and disor-

dered proteins, the development of the method has revealed key insights into the struc-

tural information contained in chemical shifts.248 Following a long-standing tradition in

modern science of naming computational methods with memorable acronyms, the model

was baptised protein sequences and chemical shift correlations (PROSECCO). The success

of PROSECCO in accurately describing CS exclusively from sequence is a promising step

in the direction of developing more accurate CS models based on protein structure that

can be reliably used in combination with molecular simulations.

2.2 PROSECCO: PROtein SEquences and Chemical

shift COrrelations

2.2.1 Curating a chemical shift database for a new predictor

In gathering the necessary data to parametrise the predictor, the first step involved col-

lecting the set of available chemical shift assignments from the BMRB.213 The initial set

was of 9,514 entries of protein assignment, which were later refined through several cu-

rating filters. We remove redundant sequences to avoid the over-representation of heavily

studied protein families. Using the USEARCH algorithm,249 we allowed a maximum se-
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quence identity of 90%, filtering out entries that had close homologues already present in

the dataset. This step lowered the number of entries to 5,140, but it ensures that PROS-

ECCO will not be biased or reliant on protein homology information to model CS . The

next data filtering step involved the removal of entries that were incorrectly referenced.

This was done entry by entry, assessing the difference between the chemical shifts of each

atom type and the overall distribution in the BMRB corresponding to that specific type

of atom and amino acid in its associated secondary structure element. Entries that had

an overall deviation in their CS distribution greater than a δtolerance were subsequently re-

moved. The δtolerance values were set to 1.5, 0.5 and 3.5 ppm either side from the center

of the BMRB CS distributions for 13C, 1H and 15N respectively. This step removed a fur-

ther 147 BMRB entries. Finally, within the remaining well-referenced entries, specific CS

values were removed if deviating more than 3.5 standard deviations from their expected

value (center of their corresponding distribution), to remove mistyped or incorrectly mea-

sured CS values. This final step discarded 0.51% values of the data.

The final dataset of folded proteins consisted of 4,993 BMRB entries, which included 3,953,878

experimental CS. Only 2,943 (59%) out of the final entries had an associated three-dimensional

structure deposited in the protein data bank (PDB),62 a sign of the importance of devel-

oping a predictor that does not rely on structure. In order to include secondary structure

information, we assigned the secondary structure of each entry based on the Q3 notation

(helix, strand and coil) using the δ2D method,250 which employs the chemical shift infor-

mation to accurately determine the secondary structure.

In order to benchmark the predictor, additional entries were curated. The final bench-

mark consisted in 77 BMRB entries that were all deposited after 2016, therefore ensuring

that these data were not involved in the parametrization of any of the methods that were

compared in this study.

In the case of disordered proteins, a different database was constructed. BMRB entries

were cross-referenced with Disprot251 or specific annotations in the literature regarding

protein disorder. 44 non-redundant BMRB entries were found to be intrinsically disor-
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dered or to contain an intrinsically disordered region (IDR) of at least 20 residues. A to-

tal of 20,154 chemical shift data were contained in this database. Given the smaller size

of the IDP dataset, rather than dividing it into separate training and validation sets, a

leave-one-out approach was used for validation in all the benchmarks presented, as done

in other studies.252

2.2.2 PROSECCOIDP: Improving the prediction of chemical shifts

in disordered proteins

In order to generate a sequence-based CS predictor for IDPs, a database known to contain

only disordered, random-coil conformations in proteins was used. The method, PROSECCOIDP,

is based on the generation of probability density functions for the CS of each atom of in-

terest by using Gaussian kernel functions:

d̂Ai (δ) =
1

nAi

nAi∑
l=1

GK(δ − δl) (2.1)

Specifically, a probability density function d̂Ai is generated for each atom of type A of an

amino acid of type i. This is done by summing nAi Gaussian kernels , GK , each centered

at the CS value of the experimental observation in the entry (See Figure 2.2). The expres-

sion of each Gaussian kernel function is

GK(x) =
1√
2πσ

e−
x2

2σ2 (2.2)

where σ is the kernel bandwidth that determines the aperture of the kernel. This param-

eter was set according to Silverman’s rule,253 taking values of 0.05, 0.2 and 0.5 for 1H, 13C

and 15N respectively.

From these probability distributions an expectation value, δAi is obtained. In cases with

less than 400 observations, δAi is chosen as CS value that corresponds to the maximum of
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Figure 2.2: Method of kernel density estimation employed in PROSECCOIDP – (a) For a par-
ticular spin system, an illustrative distribution of experimental CS deposited in the BMRB is de-
picted. (b) The distribution can be transformed into a probability density function by summing
a series of Gaussian kernels, centered at each experimental value available. The resulting sum
provides the density estimation d̂Ai (δ). (c) Given a probability distribution, an expectation for
the CS value is obtained by choosing the value associated with the mean of the density function
or the CS corresponding to the maximum of the density function (if less than 400 observations
are available). (d) Neighbour corrections for the value of the CS are applied based on the local
protein sequence. For a specific atom in a particular amino acid (e.g. ILE, blue distribution), we
identify the subset of CS associated with the specific residue pair present in the input sequence
(e.g. ILE-PHE, in yellow). Another probability density function, d̂Ai,j(δ), is built from this sec-
ondary distribution (see Equation 2.5). (e) Both distributions are normalised and their expecta-
tion values used to calculate the neighbour correction term (Equation 2.6). (f) The overlap be-
tween the two distributions is used to compute the weight of the correction term (Equation 2.7).
Adapted from Sanz-Hernández & De Simone, J Bio NMR (2017)248 (licensed under CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/
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the distribution:

δAi = arg max
δ

(d̂Ai (δ)) (2.3)

Otherwise, δAi is evaluated as the mean CS value of the probability distribution (see Fig-

ure 2.2c):

δAi =

∫ ∞
−∞

δ d̂Ai (δ) dδ (2.4)

This primary estimation of the CS is further refined using pair-wise correction terms based

on the sequence of neighbour residues. If we consider i as the central residue, a correction

can be applied based on the neighbour residue j. The optimal employment of nearest-

neighbour terms involves a window of five residues, centred at the residue i of interest.

Each correction term is evaluated via pair-wise density functions calculated using sub-

datasets of the experimental database that reflect the specific pattern of amino acids i

and j as in the input sequence (See Figure 2.2d,e,f).

d̂Ai,j(δ) =
1

nAi,j

nAi,j∑
l=1

GK(δ − δl) (2.5)

The expectation values of the pair-wise residue distributions, δAi,j, are similarly evaluated

and used in the calculation of a neighbour correction term:

∆δAi,j = δAi,j − δAi (2.6)

If a specific pair of residues has very limited occurrences in the dataset (set as ¡ 20 ob-

servations), the nearest-neighbour correction term ∆δAi,j is calculated as an average, by

considering the effect that amino-acids of type j exert on all possible types of neighbour

residues at the position i. For each neighbour correction term, a weight was constructed
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Figure 2.3: Calibration of the weight normalising factor Nw – A normalisation factor is intro-
duced to adjust the overall correction between the primary CS estimation and the local sequence
correction terms (Equation 2.8). The calibration was performed by minimising the RMSD be-
tween calculated and experimental CS values in the traning sets. In all cases a single minimum
was found in the calibration curves. The examples shown correspond to the curves for the amide
15N atom in PROSECCOIDP (a) and the folded counterpart (b). Adapted from Sanz-Hernández
& De Simone, J Bio NMR (2017)248 (licensed under CC BY 4.0).

using the negative overlap between the primary and the pair-wise density functions:

w =

(
1−

∫ ∞
−∞

min
(
d̂Ai (δ), d̂Ai,j(δ)

)
dδ

)
(2.7)

A normalising factor for the weights, Nw, is introduced to complete the final expression.

These factors were calibrated individually for each atom by minimizing the error between

calculated and experimental CS (See Figure 2.3).

Given all these terms, a final CS value can be calculated by PROSECCOIDP for an atom

A of a residue i in a local sequence k-j-i-l-m according to the full equation:

CSAi = δAi +
1

Nw

(wAi,k−2∆δAi,k−2 + wAi,j−1∆δAi,j−1 + wAi,l+1∆δAi,l+1 + wAi,m+2∆δAi,m+2) (2.8)

The accuracy of this method was compared against the two most readily used approaches

for calculating CS in disordered proteins,244,245 by benchmarking on all proteins in our

dataset using a leave-one-out approach (Figure 2.4). The benchmark was performed by

computing the root mean squared deviation (RMSD) between predicted and experimen-

http://creativecommons.org/licenses/by/4.0/
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Figure 2.4: Benchmark of sequence-based prediction of CS in IDPs – The agreements be-
tween experimental and calculated CS are reported in terms of RMSD. The performance of
PROSECCOIDP (cyan) is compared to the methods by Tamiola et al.244 (red) and Kjaergaard
and Poulsen245 (yellow). A leave-one-out approach was employed in the case of PROSECCOIDP,
whereby the method is re-parametrised every time it evaluates a different BMRB entry, by leav-
ing it out of the training dataset to avoid bias. Adapted from Sanz-Hernández & De Simone, J
Bio NMR (2017)248 (licensed under CC BY 4.0).

tal CS:

RMSD =

√√√√ 1

n

n∑
l=1

(δl,exp − δl,calc)2 (2.9)

Overall, PROSECCOIDP improves the sequence-based models of CS in disordered pro-

teins. The CS of backbone carbon atoms are reproduced with remarkable accuracy, an im-

portant achievement considering the high amount of information they contain to identify

transient secondary structure formation in disordered proteins.254,255

2.2.3 Predicting chemical shifts from sequence in secondary struc-

ture elements

The Gaussian kernel-based approach of PROSECCOIDP was extended to individual sec-

ondary structure elements in folded proteins. The probability density functions and neigh-

http://creativecommons.org/licenses/by/4.0/
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Figure 2.5: Application of kernel-based CS prediction to secondary structure elements – The
Gaussian kernel-based predictor employed by PROSECCOIDP was separately parametrised for
each type of Q3 elements present in proteins (helices, strands and loops). This benchmark was
performed in a subset of 77 BMRB entries of structured proteins that were deposited from 2016
onwards, and discarded from the training set. The structured sequence-based kernels method
(cyan) is compared with two structure-based methods: SPARTA+229 (green) and Camshift228

(orange). (a) The benchmark performed on the full protein sequences. (b) Benchmark performed
by discarding two residues from each termini of every individual Q3 element. Adapted from
Sanz-Hernández & De Simone, J Bio NMR (2017)248 (licensed under CC BY 4.0).

bouring residue pair-wise corrections were established separately for three types of sec-

ondary structural elements, according to the Q3 classification that most predictors of

secondary structures use,256 namely helices (α-helices and 310-helices), β-strands (par-

allel and antiparallel) and coils. Initially, sequences were classified into the different Q3

categories according to the DSSP257 analysis of their structures. The accuracy of this ap-

proach was directly compared to methods that predict CS from a protein three-dimensional

tertiary structure. We chose to benchmark against SPARTA+,229 a widely used neural

network predictor, and Camshift,228 which consists in a simplified linear combination

model that can however be readily differentiated and used in molecular simulations (as

described in Section 2.1.2).

The results show a similar level of accuracy in the kernel-based CS prediction from se-

quence to the structure-based methods (Figure 2.5a). A much higher accuracy is found

http://creativecommons.org/licenses/by/4.0/
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when excluding the boundary regions of Q3 elements. If removing two residues at each

of the ends (N- and C-) of every Q3 regions, the kernel-based approach predicts CS with

similar RMSD values to SPARTA+ and better than those associated with Camshift (Fig-

ure 2.5b). This finding points towards the dominance of protein sequence as the main fac-

tor in determining the CS value within internal segments of secondary structure elements.

Using the kernel-based method, boundary regions of secondary structure elements are pre-

dicted with 11.4% less accuracy than internal segments. These stark differences in RMSD

suggest that Q3 transition segments require additional terms to accurately interpret their

CS. In analysing the CS behaviour along secondary structure element boundaries, the

concept of secondary CS is very helpful (this was briefly described in Section 2.1.2). The

secondary CS is defined as the deviation from an atom’s characteristic random coil CS:

∆δ = δ − δrc (2.10)

These deviations are generally caused by the presence of secondary structure, and have

opposite signs in α-helices and β-strands. The distribution of these secondary chemical

shifts along protein sequences in the PROSECCO database revealed some interesting

patterns at the boundaries between different Q3 elements. Generally, the CS value pro-

gressively morphs from that of a Q3 segment into the characteristic CS of the following

secondary structure element (Figure 2.6a). However, there were some clear anomalous

transitions along these boundaries. Notably, the backbone amide 15N CS follows a very

unexpected pattern in segments that transition from helix to coil (Figure 2.6b), a previ-

ously unobserved phenomenon that may serve as a characteristic footprint of α-helical

C-terminal capping. These secondary CS analyses served to establish simple Q3 boundary

correction terms for the kernel-based predictor, which simply add the mean CS deviation

for an atom at a specific position within the Q3 boundary segment.

CSA,corri = CSAi + ∆CSA,Q3
i (2.11)
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Figure 2.6: The effect of secondary structure boundaries on the CS – (a,b) Secondary CS at the
boundary between two different Q3 elements, in this case an N-terminal α-helix followed by a
loop. The height of each bar represents the average secondary CS as a function of the distance
from the boundary between the two elements, and error bars correspond to the standard devi-
ation. In the case of 13Cα (a), the secondary CS gradually morphs from its positive α-helical
value of 3.2 ppm to its random coil value (0.0 ppm). An anomalous trend is found in the case
of backbone amide 15N secondary CS (b). Starting from the negative value characteristic of α-
helices (-0.95 ppm), the secondary CS becomes considerably more extreme as we approach the
Q3 boundary, reaching a maximum value of -3.0 ppm at the C-terminal capping residue of the
helix, after which the secondary CS fades back to the random coil value. (c) Based on the be-
haviour of the secondary CS, position-specific Q3 boundary corrections can be derived and in-
cluded in the kernel-based model (Equation 2.11). The performance of the predictor is reported
for the structured benchmark dataset, without Q3 boundary corrections (cyan) and upon their
inclusion (purple), and compared to SPARTA+229 (green) and Camshift228 (orange). Adapted
from Sanz-Hernández & De Simone, J Bio NMR (2017)248 (licensed under CC BY 4.0).
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Applying these correcting terms to the kernel-based model improved the prediction RMSDs

by 7.7% in residues within the boundary regions and 3.6% overall (Figure 2.6c).

2.2.4 PROSECCOFOLDED: an accurate sequence-based method

to predict chemical shifts in structured proteins

The level of accuracy reached by the kernel-based CS model suggests that protein se-

quence and secondary structure information are the dominant factors that need to be

taken into account to accurately model CS. Given the recent development of highly accu-

rate algorithms to predict secondary structure from protein primary sequences, it seems

possible to generate models that bypass the experimentally-determined tertiary struc-

ture by coupling CS prediction to the prediction of Q3 segments in proteins. Building on

the kernel-based method described above, and using the sequence-based predictor of sec-

ondary structure PSIPRED,256 the CS RMSDs increase 5.5% as a result of the errors in

Q3 prediction. Although this lowers the overall performance of the method, and results

in noticeably worse RMSDs than SPARTA+, the predictions are still more accurate than

those of the structure-based model Camshift.

In order to reduce the uncertainty associated with the prediction of Q3 elements by PSIPRED,

I built a more complex model, PROSECCOFOLDED, for the sequence-based prediction of

CS using artificial neural networks (ANNs). ANNs are machine-learning tools that are

remarkably powerful in modelling non-linear, complex dependencies between variables.

They have been successfully employed in a variety of contexts across all scientific disci-

plines.258,259

The structure of the ANN used in PROSECCOFOLDED is depicted in Figure 2.7. This

type of ANN is known as a feedforward single-layer regressor. It consists in a directed

mathematical graph which transforms information from inputs (i.e. sequence and pre-

dicted Q3) into an output (the CS value) by means of a series of operations, which are

explained as follows. The input layer of the network contains 143 nodes, which encode
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Figure 2.7: Neural network structure in PROSECCOFOLDED – The ANN employed in
PROSECCOFOLDED is a fully connected directed mathematical graph with a single hidden layer.
Sequence and secondary structure information is encoded into an input layer, and this informa-
tion is transformed through the hidden nodes resulting in a single output value, which corre-
sponds to the predicted CS.

the information for each residue in the sequence. The Q3 predictions are evaluated using

a rolling window of seven residues. For each residue in the window, four nodes are used

to describe the secondary structure (one node per Q3 region and an extra node to ac-

count for N- and C-terminal segments), amounting to 28 nodes. The remaining 115 nodes

account for the primary sequence in a window of five residues (23 nodes per residue: 20

standard amino-acids and specific nodes for oxidized cysteine, cis-proline and protonated

histidine). Each one of these nodes contains the score from the BLOSUM-62 similarity

matrix.260

The input layer is connected to a single so-called hidden layer of nodes, where each node

is the result of a weighted sum of all input nodes (with weights that must be calibrated to

fit the data). In our case, the optimal amount of hidden nodes was 50. The values in each

hidden node are then transformed by means of an activation function, the hyperbolic tan-

gent function in this case. This steps allows the network to model non-linear relationships

between the data and the output. Finally, the output layer receives another weighted sum

of all the activated hidden nodes. In the PROSECCOFOLDED case, the output layer con-

tains a single node: the predicted CS value.
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Figure 2.8: Performance benchmark for PROSECCOFOLDED – The final version of
PROSECCOFOLDED consists of an artificial neural network that receives information from the
protein sequence and its PSIPRED256 predicted secondary structure. The RMSDs reported for
the benchmark dataset reveal that PROSECCOFOLDED (cyan) has an overall performance sim-
ilar to the structure-based method SPARTA+229 (green) and improves the quality of the pre-
dictions from Camshift228 (orange). Adapted from Sanz-Hernández & De Simone, J Bio NMR
(2017)248 (licensed under CC BY 4.0).

Once it is constructed, the ANN must be trained by calibrating the weights in the model

to fit the experimental data in the database. This calibration generally involves minimiz-

ing the mean squared error between the outputs and the experimental CS data with al-

gorithms such as gradient descent. In parametrising the PROSECCOFOLDED network, the

Adam algorithm261 (a stochastic variation of gradient descent) was employed.

The fully parametrised ANNs result in a model, PROSECCOFOLDED, that uses exclu-

sively protein sequence information to predict all possible CS in a protein. Its accuracy

was benchmarked against the same structure-based models, showing that the added com-

plexity of the method is able to improve the predictions considerably. PROSECCOFOLDED

reaches the level of accuracy of complex knowledge-based approaches such as SPARTA+

and improves the description of CS provided by Camshift, the most widely used approach

in CS-driven molecular simulations (Figure 2.8).

A more detailed comparison between the benchmark of PROSECCOFOLDED and SPARTA+

is given in Figure 2.9. By comparing the performance entry-by-entry, it is evident that

http://creativecommons.org/licenses/by/4.0/
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Figure 2.9: Direct comparison between PROSECCOFOLDED and SPARTA+ for individual
BMRB entries – For each entry evaluated in the benchmark, the RMSD for PROSECCOFOLDED

is plotted on the y-axis, and the SPARTA+229 RMSD on the x-axis. Entries below the dotted
line are therefore better predicted by PROSECOFOLDED, and the opposite is true for entries
below the line. Each dot is coloured to represent their type of protein fold. SPARTA+ gener-
ally produces better predictions for β-rich structures, with PROSECCOFOLDED often perform-
ing better in α-helical structures. Only entries with at least 10 CS observations are plotted.
Adapted from Sanz-Hernández & De Simone, J Bio NMR (2017)248 (licensed under CC BY 4.0).
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PROSECCOFOLDED performs better in structures that are rich in α-helices, often beat-

ing SPARTA+ in the benchmark. However, the sequence-based approach is less accurate

in β-rich entries. This decrease in performance may arise from the tertiary contacts that

intrinsically occur in β-sheets when strands come together, between residues that are far

away in the sequence.

The high level of CS accuracy achieved by only considering sequence information is a

very encouraging step towards building better CS models. However it should be noted

that the accuracy of PROSECCOFOLDED is reliant on the quality of the Q3 prediction by

PSIPRED. Although the algorithm is generally very accurate, there may be cases where

a bad Q3 prediction will have a knock-on effect onto the CS prediction. This is here illus-

trated with the extreme case of the GA95/GB95 proteins, which are artificially designed

proteins that have 95% sequence identity but clearly distinct folds.262 Since the proteins

differ only in three residues, the accurate prediction of their secondary structure is an ex-

tremely challenging case. PSIPRED generates broadly similar Q3 predictions for both,

resulting in errors that propagate to the CS prediction by PROSECCOFOLDED, which per-

forms considerably worse than SPARTA+ (Figure 2.10). However, if the correct Q3 as-

signments are provided, PROSECCOFOLDED is able to match the accuracy of SPARTA+,

showing that in these cases the limiting factor of the model comes from the Q3 prediction.

The applicability of PROSECCO was extended to model CS in amino-acid sidechains in

both folded and disordered proteins. Given the large datasets curated in this study, the

model is able to generate accurate CS tables not only for backbone atoms, which are the

ones generally modelled by most predictors. A particularly interesting group of sidechain

CS is that of methyl groups, since they are often used in the context of Transverse relax-

ation optimized spectroscopy methods264 as tools to study structure and dynamics of very

large proteins that would otherwise not be feasible to study by NMR. The prediction of

methyl CS in IDP is considerably more accurate than in folded proteins, as expected due

to their lower CS dispersion (Figure 2.11a). PROSECCOFOLDED was compared against

the structure-based method CH3SHIFT263 (Figure 2.11b). Remarkably, the sequence-

based method is able to provide better predictions for 13C atoms, despite the common
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Figure 2.10: Chemical shift prediction in the GA95/GB95 system – These two proteins share
95% sequence identity but fold into completely different structures.262 Their secondary structure
predictions by PSIPRED256 are practically identical due to their high sequence similarity, which
results in overall inaccurate CS predictions by PROSECCOFOLDED. By contrast, if the model
is provided with Q3 information derived directly from the PDB structures, the accuracy of the
predictions become much better, comparable to SPARTA+,229 or even providing an improve-
ment in the case of the helical GA95. Adapted from Sanz-Hernández & De Simone, J Bio NMR
(2017)248 (licensed under CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/
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Figure 2.11: Methyl sidechain predictions and pH-dependent corrections in PROSECCO – The
final CS models were extended to predict sidechain atoms CS in both folded and disordered pro-
teins, as well as to consider pH effects. (a) RMSD for predicted 13C and 1H CS of methyl groups
in folded and intrinsically disordered proteins. (b) Differences in prediction RMSDs for methyl
13C and 1H atoms between PROSECCOFOLDED and the structure-based method CH3SHIFT.263

(c) Calibration of pH correction factors in disordered proteins. The pH value in the BMRB en-
tries employed for the calibration was centered at 6.4. A separate set of low pH entries centered
at pH 2.8 was used to derive pH-correction factors ∆δi,pH for protonable amino acids Asp, Glu
and His. Adapted from Sanz-Hernández & De Simone, J Bio NMR (2017)248 (licensed under CC
BY 4.0).

tertiary effects (such as ring current effects) that often influence the CS of methyl groups,

as they tend to be buried in the hydrophobic core of the protein. The prediction of CS in

1H atoms was however modelled more accurately by CH3SHIFT, by taking the tertiary

structure into consideration.

Finally, given the large dataset used to calibrate the method, PROSECCO can provide

different predictions depending on the oxidation state of cysteine (which strongly affects

the CS of its atoms, particularly the 13Cβ), protonation state of histidine and cis-/trans-

conformation of prolines. In addition, a further correction term was introduced to ac-

count for low pH experimental conditions. These terms act by adding an ad hoc value,

calibrated at pH 2.8, to atoms in protonable residues (Figure 2.11c).

http://creativecommons.org/licenses/by/4.0/
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2.2.5 An outlook for improving protein CS models

The results outlined in the previous section provide very encouraging prospects in the

advancement toward highly accurate models of CS in proteins. I have presented an ap-

proach, PROSECCO, to accurately interpret CS in both disordered and folded proteins

employing only their primary amino acid sequences. In the context of IDPs, PROSECCO

is able to provide better predictions than currently available similar methods that use

protein sequence information. In the case of structured proteins, PROSECCO provides

a method that is applicable for any protein sequence, without relying on sequence align-

ments and homology as the other available sequence-based methods. Furthermore, the

method generates CS predictions that are as accurate as elaborate structure-based models

such as SPARTA+ and better than Camshift, the only CS model used to bias molecular

simulations of protein dynamics. More importantly, PROSECCO can be applied in cases

where the experimental structure is not yet available, as is often the case when performing

initial structural studies, providing a very useful tool for the initial interpretation of these

ubiquitous NMR data.

In addition to generating accurate CS models based on protein sequence, some consider-

ations leading to the parametrisation of PROSECCO have revealed important dependen-

cies of the CS on protein secondary structure. In particular, it is here shown that back-

bone CS are mostly dependent on their secondary structure rather than tertiary structure,

with internal segments of Q3 elements being accurately predicted from their sequence in-

formation (perhaps with some exceptions in the case of β-sheets). Moreover, there is a

strong influence from the secondary structure elements that flank an atom. In particular,

the behaviour of the CS at the boundaries between secondary structure elements shows

that there are clear CS deviations around secondary structure breaks. These deviations

may propagate up to three residues on each direction away from the break in secondary

structure, suggesting that larger residue windows should be employed to better describe

the CS in protein structures (considering up to seven residues, in contrast to the three

used in SPARTA+).
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In the broader context of this thesis, the application of PROSECCO to experimental

models of protein dynamics will require the extension of the method to include structural

information. The work that has been outlined here paves the way for the development

of such a method that improves the currently available CS models. The curated database

can be readily used to generate a model that builds on the structure of PROSECCOFOLDED,

a neural network that incorporates tertiary structural information in a quantitative man-

ner (e.g. dihedral angles and distances). This model can provide a mathematical expres-

sion that may be differentiated and employed in molecular simulations, improving the ac-

curacy of CS-driven studies of protein dynamics. The development of such a method can

serve as a very valuable tool in both soluble and membrane environments, given the great

availability of NMR chemical shifts in all these protein systems.

The published PROSECCO method248 is available to the community through a web server

at http://desimone.bio.ic.ac.uk/prosecco/

2.3 Oriented solid-state NMR

2.3.1 Chemical shift anisotropy and dipolar coupling

Solid-state NMR (ssNMR) is one of the most popular structural techniques in the study

of membrane proteins. It allows the high resolution reconstruction of the structure and

dynamics of proteins embedded in lipid bilayers, an environment very close to their na-

tive. Despite its current popularity and applicability, the development of ssNMR has been

historically hampered by strong technical limitations that were very challenging to over-

come. A key difference between solution NMR and ssNMR is that in solution protein

molecules are free to move and constantly reorient with respect to the external magnetic

field B0 (a phenomenon known as molecular tumbling). As a result, anisotropic nuclear

spin interactions always average to their isotropic value in solution. In particular, the

very strong dipolar and quadripolar interactions average to zero, as they have no isotropic

http://desimone.bio.ic.ac.uk/prosecco/
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component. In solids, proteins are constrained without possibility of tumbling (whether it

is in powdered crystals, lipid membranes, or other solid materials). This means that the

anisotropic nuclear spin interactions are not averaged, and when recording an NMR spec-

trum one would observe the superposition of all signals corresponding to every possible

orientation of the protein in the sample. This naturally leads to very broad spectral lines,

which are impossible to interpret in complex systems.

There are two mainstream approaches to overcoming this problem and obtaining high

resolution ssNMR spectra. The first involves artificially spinning the sample about an

axis that is situated at an angle of approximately 54.7 degrees (known as the magic an-

gle) with respect to B0. The strongest anisotropic spin interactions (the dipolar and the

first-order quadripolar) are orientationally dependent with respect to B0 according to the

following term

3 cos2 θ − 1 (2.12)

The magic angle is that at which this term becomes zero. By spinning at a very high

speed about this angle, those anisotropic interactions are therefore averaged to zero and

the broad lines disappear, yielding high resolution signals that correspond to the isotropic

nuclear spin interactions (e.g. isotropic chemical shifts as described in Section 2.1). Nonethe-

less, anisotropic interactions contain very valuable information, and methods have been

developed to re-introduce some of them through recoupling radio-frequency pulses.265

The second approach to obtaining high resolution ssNMR spectra is to produce samples

that are precisely aligned, with the membrane normal axis pointing in the same direc-

tion as B0, so that all proteins find themselves in the same orientation. In that case, the

anisotropic interactions can be directly measured as narrow signals, since we no longer

have an aggregated signal of all possible orientations of the system. There are two differ-

ent ways to obtain alignment of the proteins in the sample. The first is to mechanically

align lipid bilayers by drying them onto layers of a flat substrate (normally glass), and
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Figure 2.12: Structural models for chemical shift anisotropy and dipolar coupling – CSA and
DC can be calculated based on the atomic coordinates of a protein’s atoms.268 The amide 15N
CSA is modelled as a tensor, δ, centered on the atom of interest, whose orientation with respect
to the external magnetic field, B0, determines the calculated value. α and β are Euler angles
used in the calculation to transform to the principal axis frame. The DC between two atoms is
only dependent on the angle formed between their bond and B0. The DC between 1Hα-13Cα and
amide 1H-15N are depicted here.

slowly re-hydrating them afterwards.266 The second approach makes use of lipid bicelles

instead of bilayers. Tuning the ratio of long- and short-chain lipids allows the creation

of bicelles that will spontaneously align in the presence of a strong magnetic field.267 Al-

though oriented ssNMR approaches involve more difficulties in terms of sample prepara-

tion, they allow the direct detection of two crucial orientational NMR parameters, namely

dipolar couplings (DC) and chemical shift anisotropy (CSA).

Dipolar couplings arise from the direct interaction through space of two nuclear spins.

The strength of the interaction is dependent on the inverse cube of the distance between

the spins. Its orientation dependence comes simply from the angle of the vector that joins

the nuclei with respect to the external magnetic field. Figure 2.12 shows a depiction of

DCs between amide 1H-15N and 1Hα-13Cα. Precisely, dipolar couplings can be calculated

according to the equation

DC =
1

2
ζDC(3 cos2 θ − 1) (2.13)

where θ is the angle between the vector that joins both nuclei and B0. ζDC is a DC con-
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stant specific to the chemical bond of interest, with the physical expression (in Hz) as fol-

lows

ζDC = − µ0

8π2

γAγBh̄

r3
AB

(2.14)

where µ0 is the magnetic permeability of free space, h̄ is the reduced Planck constant, γA

and γB are the gyromagnetic ratios of nuclei A and B respectively and rAB is the dis-

tance between the nuclei. In the case of amide 1H-15N DCs, the ζDC constant is set to

10.52 kHz, corresponding to an N-H distance of 1.05 Å. In the case of 1Hα-13Cα, ζDC is

set to -22.68 kHz, corresponding to a Hα-Cα distance of 1.10 Å.

CSA is a result of the anisotropic electronic environment that influences the chemical shift

(as described in Section 2.1.1). The shielding provided by the local nuclear environment

is dependent on the orientation with respect to B0 . The orientation-dependence of the

CSA is mathematically expressed as a 3×3 tensor, δ. A depiction of such a tensor for the

amide 15N atom is shown in Figure 2.12. The value of the 15N can then be calculated ac-

cording to the following expression

δ15N = δ11 × sin2(α− 17)× sin2 β + δ22 × cos2 β + δ33 × cos2(α− 17)× sin2 β (2.15)

where δ11, δ22 and δ22 are the magnitudes of the three principal tensor components, re-

spectively set to 64.0, 76.0, 216.9 ppm for non-glycine residues and 46.5, 66.3, 211.6 ppm

in glycine. α and β are the Euler angles (expressed in degrees) to transform from the lab-

oratory frame to the principal axis frame.

The most common experiments to recover the CSA and DC from aligned samples are 1H-

15N double-resonance experiments. Specifically, separated local field (SLF) experiments269

give two-dimensional spectra that correlate the CSA to the DC. The most popular variant

of these experiments in oriented samples is the polarization-inversion spin-exchange at the
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Figure 2.13: CSA and DC as a footprint of helical orientation – α-helices give rise to character-
istic circular patterns in PISEMA oriented ssNMR spectra, known as PISA wheels. The location
and shape of the PISA wheel within the spectrum reports on the orientation of the helix within
the membrane. As helical tilt angles approach 90 degrees, the DCs become negative. However,
standard PISEMA experiments are unable to discriminate the sign of DCs, and generally only
the positive section of the spectrum is shown. There are specific pulse sequences that can re-
cover the correct sign of the DC in ambiguous cases.271

magic angle (PISEMA).270 Peaks in these spectra correspond to the CSA and DC of back-

bone amide groups, and their location in the spectrum is dependent on the orientation of

the peptide plane with respect to the membrane normal axis. These data therefore carry

very large amounts of information about the protein topology and orientation within the

lipid membrane.

In α-helices, the repeating pattern of the helix results in a periodic arrangement of the

amide N-H vector orientations with respect to B0. This results in PISEMA peaks that

are arranged into circles, or so-called PISA wheels .272 In ideal helices, different orienta-

tions in the membrane will result in specific positions of the PISA wheel within the spec-

trum (see Figure 2.13). Several structural refinement methods based on oriented ssNMR

experiments have exploited this footprint of helical orientation, by fitting the CSA and

DC to find the optimal crossing and rotational angles of helices in transmembrane protein

structures.273,274 However, as useful as CSA and DC may be for structural determina-

tion, these static fitting methods neglect the protein dynamics that often contribute to

the CSA and DC spectral signals, since these are averaged over the millisecond timescale.

In that context, a dynamical interpretation of such models is desirable in order to deci-

pher the protein conformational flexibility encoded by oriented ssNMR data.
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2.3.2 Implementing ssNMR restraints in molecular simulations

Classical molecular dynamics simulations

In biomolecular molecular dynamics (MD) simulations, the temporal evolution of molecules

is sampled by considering the three-dimensional positions of atoms and the interactions

between them. These interactions are described by means of semi-empirical force fields,

which are functions that describe the potential energy of the system as a sum of different

contributions. The different contributions are separated into bonded (between atoms that

share covalent bonds) and non-bonded.

VFF = Vbonded + Vnon−bonded (2.16)

Bonded contributions include those coming from bond stretching and angle bending, which

involve two and three bonded atoms respectively. Additionally, there are four-body in-

teractions in the form of torsions (or dihedral) angles between sequential atoms, and im-

proper dihedrals between non-consecutively bonded atoms.

Vbonded = Vbonds + Vangles + Vtorsions + Vimpropers (2.17)

Non-bonded contributions are further divided into Van der Waals and electrostatic inter-

actions. Van der Waals forces are described by a Lennard-Jones potential which accounts

for the strong repulsion of atoms that are very close in space as well as the weaker attrac-

tion forces arising from the induced dipole effect. The electrostatic forces are computed

by assigning partial charges to each particle in the system, using a Coulombic potential to

calculate the interaction force.

Vnonbonded = VV dW + Velectrostatic (2.18)
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Once we have a description of the potential force provided by the force field, the forces

that each atom experiences is calculated as the negative derivative of that potential.

Fi = −dV
dri

(2.19)

where ri denotes the Cartesian coordinates of each atom i. Once the forces are known,

the trajectory of atoms can be computed by solving Newton’s equations of motion. More

specifically, Newton’s second law states that the acceleration experienced by an object is

dependent on the force applied to it and its mass:

F = ma (2.20)

The above equation can be expressed in terms of the Cartesian positions of each atom, ri:

d2ri
dt2

=
Fi
mi

(2.21)

In molecular simulations, the spatial motions of all particles are coupled. Solving the

equations of motion therefore becomes a many-body problem which cannot be solved an-

alytically. Numerical methods are therefore employed to approximate the equations. In

particular, finite difference methods based on the Verlet integration algorithm are em-

ployed. The Verlet algorithm uses a discrete timestep of integration, δt, and the atomic

positions at two different timepoints, the current and the preceding. The solution to New-

ton’s equation is based on a Taylor series, expanding the atomic positions at times t + δt

and t− δt:

ri(t+ δt) = ri(t) + r′i(t)δt+
δt2

2!
r′′i (t) +

δt3

3!
r′′′i (t) +O(δt4) (2.22)
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ri(t− δt) = ri(t)− r′i(t)δt+
δt2

2!
r′′i (t)−

δt3

3!
r′′′i (t) +O(δt4) (2.23)

Adding the above two equations and substituting the second derivative of ri as in Equa-

tion 2.21 gives a solution to the equation:

ri(t+ δt) = 2ri(t)− ri(t− δt) +
δt2

mi

Fi(t) +O(δt4) (2.24)

which uses the positions from the current timestep, ri(t) and the previous one, ri(t − δt)

as well as the forces computed from the force field, Fi(t).

It is important to note that the first order derivative terms of ri(t) cancel out, meaning

that atomic velocities cannot be calculated from this expression. Modifications to the Ver-

let algorithm, such as the leap-frog or the Velocity Verlet integrators have been developed

to allow the direct calculation of velocities.

Algorithmic improvements in the implementation of restraints

The inclusion of CSA and DC into molecular simulations was first described in the con-

text of SERCA regulatory proteins sarcolipin and phospholamban (PLN).201 This thesis

builds on that work, by using the same algorithmic approach to guide MD simulations of

membrane proteins. However, several improvements were made to the code, allowing for

considerable performance improvements.

The original algorithm is based on the GROMACS package,275 but could only be ran in

parallel across multiple central processing units (CPUs) by using the particle decompo-

sition method, which distributes the calculation of particle interactions across all com-

puting cores based on their position at the start of the simulation. During the simulation

the particles randomly diffuse across the simulation box, and each node needs to consider

interactions with all nearby atoms, which will be split across all other CPUs. Therefore,

all CPUs must communicate amongst themselves to compute the force interactions. An
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Figure 2.14: Parallelisation of the ssNMR restrained MD algorithm – The original implementa-
tion of the ssNMR restraints was further developed to render it compatible with the domain de-
composition method, which provides a noticeable increase in performance, particularly as more
CPUs are used in a simulation. This test was carried out on a cluster of AMD Opteron 6180 SE
processors, simulating 3 parallel replicas of a solvated membrane protein system, the phospho-
lamban pentameric structure 2KYV,276 containing 78,262 atoms.

alternative method can be found in domain decomposition, where the simulation box is

split into smaller cells that are assigned to different CPUs based on their spatial loca-

tion. The atoms are periodically re-assigned to different CPUs according to the cell they

find themselves in during the simulation, ensuring that a CPU must only communicate

with the ones assigned to its neighbouring cells. This algorithm scales much better as the

number of CPUs employed in the simulation becomes larger. I implemented a version of

the ssNMR-restrained MD algorithm compatible with domain decomposition, allowing its

more efficient scaling (Figure 2.14).

Secondly, the algorithm was further developed to make it compatible with the Verlet method

to compute neighbour lists277 (the list of particles below a certain distance cutoff). Cru-

cially, this improvement allows the incorporation of ssNMR restraints in MD simulations

that employ graphical processing units (GPUs) rather than CPUs. The use of GPUs in

MD has provided a qualitative jump in performance over recent years. Together, these

algorithmic improvements allowed the efficient application of ssNMR-guided simulations

to a variety of large membrane systems, which would have otherwise been impossible to
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tackle in a timely fashion.

Application to oligomeric systems

The ssNMR-restrained MD approach requires the back-calculation of CSA and DC at ev-

ery step of the simulation from the protein’s atomic coordinates. This calculation is based

on the structural models illustrated in Figure 2.12. At every step, CSA and DC are back-

calculated and compared to their experimental values. The restraints are then introduced

through the addition of an external, experimentally-driven potential, V Exp, on top of the

force field:

Vtotal = VFF + VExp (2.25)

This potential takes the form of a harmonic function that exerts a force in the direction

that minimises the disagreement.

Vexp = k
∑
i

(
ObsCalci −ObsExpi

)2

(2.26)

where i runs over all available experimental data. The external harmonic potential has

a flat bottom, whereby no force is applied if the disagreement is within the experimental

error, δExp.

ObsCalci −ObsExpi =


ObsCalci −ObsExpi if ObsCalci > ObsUppi

0 if ObsLowi < ObsCalci < ObsUppi

ObsCalci −ObsExpi if ObsCalci < ObsLowi

(2.27)
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where

ObsUppi = ObsExpi + δExpi (2.28)

ObsLowi = ObsExpi − δExpi (2.29)

The values of the experimental errors can be explicitly included in the algorithm. In the

case of undefined errors in the dataset, default values of 5 ppm and 0.5 kHz were use for

CSA and DC respectively.

As described in Section 1.4, a necessary consideration when employing NMR restraints in

MD simulations is that the experimental data is a result of a time and ensemble average

over all the copies in the NMR sample. This can be accounted for by running a number

of simulations in parallel (usually between 4 and 16) , known as replicas, which are used

to back-calculate and restrain the average NMR observables rather than their individual

instantaneous values.

ObsCalci =
1

M

M∑
m

ObsCalci,m (2.30)

where M is the number of replicas.

In homo-oligomeric proteins, the NMR data is further averaged between the individual

protomers that make up the quaternary assembly. These protomers are in direct contact

with each other and therefore their dynamics are not independent of each other, as is the

case with different replicas that evolve separately. Nonetheless, the averaging that occurs

in the test tube must be reproduced by the simulation, so we need a scheme that averages

the data among individual protomers in a structure as well as different quaternary assem-
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Figure 2.15: Internal averaging scheme – In ssNMR-driven simulations of homo-oligomeric pro-
teins, two levels of averaging must be considered. (a) The first is the averaging that occurs be-
tween the different protomers within each quaternary assembly, referred to as internal averaging.
(b) Secondly, internal averaging must be combined with the averaging across multiple copies of
the system that evolve independently (replica averaging). Adapted from Sanz-Hernández et al.,
Sci Rep (2016)278 (licensed under CC BY 4.0).

blies that evolve independently.

ObsCalci =
1

M

1

P

M∑
m

P∑
p

ObsCalci,m,p (2.31)

where P corresponds to the number of protomers.

In this thesis I present simulations of two homo-oligomeric systems: the PLN pentamer

and the tetrameric M2 channel from influenza. The oligomeric averaging scheme was im-

plemented and illustrated in the case of PLN (Figure 2.15). The averaging between the

protomers is here designated as internal averaging, whereas the classical averaging be-

tween different simulations is referred to as replica averaging.

http://creativecommons.org/licenses/by/4.0/
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Validating the sampling scheme

Before applying the ssNMR-restrained MD approach to experimental systems, the sam-

pling scheme must be calibrated and validated. In order to do so, I employed the refer-

ence ensemble method, which has been previously described in the literature176,185 and

was extended here. The calibration was performed on the PLN pentameric structure em-

bedded in DOPC/DOPE membranes (simulation details are described in Section 3.2.1).

The method involves the generation of a so-called reference ensemble of conformations,

created by running an unrestrained simulation under an arbitrary force field A. This refer-

ence ensemble is then treated as an experimental collection of structures that we wish to

reproduce. The reference ensemble is used to back-calculate the values of the ssNMR data

that would be observed in an experiment, which we refer to as a synthetic dataset. The

system is then simulated without restraints under a different force field B, generating an

ensemble that highly differs from the reference one due to the discrepancies between the

different force fields. Given that we have the atomic coordinates of both ensembles, we

can directly compute structural properties of the system (e.g. interatomic distances, an-

gles or secondary structure content) and compare their distribution in the two ensembles.

If these distributions diverge, one would hope that the inclusion of synthetic restraints

would drive the convergence toward the reference ensemble when sampling with force field

B. In order to measure the similarity of any two distributions of structural properties, we

used a histogram-based metric here referred to as Diff (Figure 2.16). If A and B are two

normalized distributions, then

Diff =
∑
i

| PA
i − PB

i | (2.32)

where i runs over equally spaced bins. The value of Diff ranges from zero (in identical

distributions) to two (in absolutely non-overlapping distributions). In this study, all com-

parisons were performed over 20 bins.

The specific reference ensemble approach adopted in the case of PLN is illustrated in Fig-
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Diff = 2.0 Diff = 1.0 Diff = 0.0
A B A B A B

Figure 2.16: The Diff metric for comparison of distributions – When comparing two distribu-
tions of structural properties such as tilt angles or pairwise interatomic distances, the histogram-
based Diff metric (Equation 2.32) provides a value for the similarity of the distributions. If the
two distributions are completely different and non-overlapping, their associated Diff value is 2.
As the similarity between the distributions increases, the Diff decreases until it reaches 0 for a
pair of identical distributions.

ure 2.17. All simulations started from the PLN pentamer structure 2KYV276 equilibrated

and solvated in a DOPC/DOPE membrane. The reference ensemble was generated by

conducting a 100 ns simulation with the AMBER99SB-ILDN force field.279 From this sim-

ulation I extracted 10,000 equally spaced structures, which were used to back-calculate

the average CSA and DC values for each residue (the synthetic data). These structures

were also used to compute the distribution of structural properties that will be described

later (e.g. helical tilt angles).

The same system was then simulated under the CHARMM36 force field.126 In the absence

of ssNMR restraints, CHARMM36 samples a conformational space with different charac-

teristics to the one sampled by AMBER99SB-ILDN. This is evidence by high Diff values

when comparing their distributions of structural properties. By introducing the synthetic

restraints, the sampling by CHARMM36 should approximate that of AMBER99SB-ILDN,

and the similarities between the distributions should improve. This improvement can be

quantified by computing the restrained Diff value and comparing it to the free simulation:

∆Diff = DRestr
iff −DUnr

iff (2.33)

The resulting ∆Diff will therefore have a negative value in cases where the restraints im-

prove the representation of the reference ensemble. If the restraints worsen the structural

description of the ensemble, ∆Diff will be positive.
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Figure 2.17: Illustration of the reference ensemble validation method – The goal of the reference
ensemble test is to validate the ability of a restraining method to reproduce not only the exper-
imental data but also the structural properties of a target ensemble. It proceeds by performing
a long unrestrained simulation with a particular force field (in our case AMBER-based), and a
large ensemble of structures is extracted from the simulation: the reference ensemble (step 1).
From the reference ensemble we can back-calculate a synthetic set of CSA and DC, that will be
later used as restraints. In addition, since we have the atomic coordinates of all structures, we
can calculate the distribution of any structural property of interest (e.g. helical tilt angles). In
step 2, a different force field is chosen to run a new simulation (in our case, CHARMM-based).
The CHARMM simulation is first run unrestrained, and structures are extracted from it gen-
erating an unrestrained ensemble. We can then calculate the distribution of helical tilt angles
in this unrestrained ensemble and compare it to the reference distribution, obtaining an un-
restrained Diff value, DUnr

iff . A new CHARMM simulation is then run, but now incorporating
the synthetic CSA and DC as restraints. This simulation generates a restrained ensemble, from
which a distribution of helical tilt angles can be computed and compared to the reference, ob-
taining a restrained Diff value, DRestr

iff . By calculating a ∆Diff, we can evaluate whether the re-
straints succeeded at improving the description of the structural property under investigation. If
∆Diff is positive, the unrestrained value was lower than the restrained one and therefore the re-
straints have worsened the structural description of the system. Negative ∆Diff values are on the
other hand indicative of the success of the restraining approach in improving the description of
the structural properties in the protein.
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In addition to verifying the ability of the restraints to accurately describe structural en-

sembles, this method can be used to calibrate the sampling scheme by testing different

numbers of replicas, the inclusion of internal averaging and the value of the restraining

force constants.

In the specific case of PLN, the comparison of the ensembles focused on the structural

and topological parameters depicted in Figure 2.18a,b. These are the tilt angles of trans-

membrane (τ) and cytoplasmic (θ) helices, the global tilt angle of the pentameric assem-

bly (γ) and the distribution of intramolecular distances between every pair of Cα atoms

(d). This last parameter has been previously described in the literature as a sensitive re-

porter of atomic structure and overall fluctuations in protein ensembles.176

Using these reporting structural properties, twelve different ensemble-averaging schemes

were tested for the incorporation of synthetic ssNMR restraints. These correspond to six

setups with a different number of replicas (1, 2, 3, 4, 8 and 16), each setup with and with-

out internal averaging. The ability of each setup to reproduce the reference ensemble was

evaluated by calculating their ∆Diff values, summarised in Figure 2.18d. In addition, an

extra simulation was run using AMBER99SB-ILDN, the same force field employed in the

generation of the reference ensemble. This provided a new ensemble that is highly simi-

lar to the reference, at the level of statistical sampling error. The ∆Diff for that ensemble

therefore corresponds to the desirable amount of improvement that can be obtained by

the ssNMR-restrained sampling approach.

Overall, the results from the validation test show that the restraining approach is very

successful at reproducing all the structural properties of the reference ensemble. The in-

clusion of internal averaging improves in all cases the quality of the ensembles without

resulting in over-fitting of the data. The optimal sampling scheme requires the combina-

tion of replica and internal averaging, with up to 16 replicas to obtain maximum accuracy.

This setup reaches the highest desirable level of accuracy, corresponding to the statistical

error associated with sampling under the same force field.

Under this sampling, a detailed description of the improvement in reproducing the cor-
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Figure 2.18: Validation of the restrained sampling approach in the phospholamban pentamer
– (a) Tilt angles formed between different helical axes in PLN and B0. (b) Distributions of all
possible pairwise intramolecular distances between Cα atoms in PLN. (c) Intramolecular Cα
distances Diff matrices for the unrestrained ensemble (left) and a synthetic restrained ensem-
ble (right). Each point in the matrix corresponds to a distribution of pairwise distances between
two residues, showing their associated Diff with the reference. In the case of the unrestrained
ensemble, the Diff values are higher, so the distributions are more dissimilar. By introducing
the restraints, the Diff values decrease overall, indicating a better fit to the reference distribu-
tions. (d) Results of the reference ensemble test for 12 different restrained sampling setups. The
four structural properties defined in (a,b) are used to evaluate the success of the restraints. The
∆Diff value reflects the ability of the restraints to improve the description of the system (Equa-
tion 2.33 and Figure 2.17). Positive ∆Diff values (red) indicate a worse description of the refer-
ence structural distributions, with positive values (blue) reporting an improvement. The right-
most column corresponds to an unrestrained simulation under the same force field as the refer-
ence ensemble, which illustrates the statistical error limit of the sampling. (e, f) Samplings were
produced under two different force fields, which lead to divergent distributions of τ and θ angles
if unrestrained. However, when incorporating the experimental restraints, both angles converge
toward much more similar distributions. Adapted from Sanz-Hernández et al., Sci Rep (2016)278

(licensed under CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/


82 Chapter 2. Development and testing of NMR restraints

rect residue-by-residue interatomic distances is provided in Figure 2.18c, a depiction of

the Diff
2 matrix previously described in the literature.176 Each point in this matrix repre-

sents the Diff value associated with the distribution of pairwise atomic distances between

the Cα atoms of two residues. A Diff value of 0.7 is used as a threshold of significantly dif-

ferent distributions, and higher values are highlighted. In this context, the inclusion of

ssNMR restraints shows a much better representation of the interatomic distances within

the transmembrane and cytoplasmic helices, as well as a drastic improvement in the rep-

resentation of interdomain distances.

Finally, the last test to validate the sampling approach involves the application of the

actual experimental CSA and DC under the two different force fields CHARMM36 and

AMBER99SB-ILDN. If both force fields are run unrestrained, the distribution of their

topological parameters is highly divergent (Figure 2.18e,f). Upon introduction of the ex-

perimental ssNMR data, both force fields converge toward a single, highly similar distri-

bution, driven by the experimental information.

Taken together, these results indicate that the restrained MD approach is able to accu-

rately describe experimental structural ensembles of membrane proteins to the level of

statistical sampling errors. This is a crucial step toward the goal of accurately charac-

terising the conformational motions and transitions that take place in membrane protein

systems with an atomic level of detail.
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Structural heterogeneity of

phospholamban and its complex with

SERCA

3.1 Phospholamban and the regulation of the SERCA

pump

The functioning of the heart in healthy organisms relies on the activity of cardiac muscle

cells (myocites), which periodically contract during systole and relax during diastole, thus

resulting in a correct cardiac cycle. Calcium ions act as an essential second messenger in

this process, causing contraction of the muscle by activating the myofilaments.280 Muscle

relaxation is triggered by a reduction of the Ca2+ concentration in the cytoplasm, which is

relocated into the sarcoplasmic reticulum (SR) or the extracellular space. Sequestration of

Ca2+ into the SR is achieved by the transmembrane pump Sarco(endo)plasmic reticulum

Ca2+-ATPase (SERCA). In human myocites, SERCA accounts for the removal of over

70% of cytosolic Ca2+, and is therefore the main actor during diastole. The Ca2+ stored

in the SR is subsequently released to achieve contraction during the next heartbeat. As a

83
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Figure 3.1: Sequence and structure of monomeric phospholamban – Phospholamban exists as a
52-residue protein, with two α-helices in its ground state. The N-terminal regulatory domain Ia
features an amphipathic sequence that adopts a helical conformation, adsorbed on the cytosolic
side of the SR membrane. The transmembrane segment is divided into a more hydrophilic do-
main Ib and the hydrophobic domain II. PLN can be phosphorylated at position 16 (serine) by
protein kinase A. In order to shift the oligomeric equilibrium of PLN completely to monomeric,
the three cysteine residues in domain II are often mutated to alanine, phenylalanine and alanine
respectively.282 The resulting construct is normally referred to as PLNAFA.

result, the activity of SERCA strongly influences cardiac contractility by controlling the

amount of Ca2+ that is available for release from the SR.55

A crucial regulator of SERCA is phospholamban (PLN). PLN is a 52-residue transmem-

brane protein (see Figure 3.1) that is primarily found in the SR membrane of cardiac my-

ocites. When bound to SERCA, PLN allosterically reduces the pump’s affinity for Ca2+,

leading to a reduced activity of SERCA. PLN is phosphorylated at serine-16 by cAMP-

dependent protein kinase A (PKA) upon the stimulation of β-adrenergic receptors. Phos-

phorylation relieves the inhibition of SERCA, promoting cardiac relaxation and increasing

contractility.281

PLN is found in an equilibrium between two different oligomeric species: monomeric and

pentameric. When studied in the absence of SERCA, this equilibrium is heavily tilted

toward the pentameric isoform, and indeed only the pentameric species is observed in

vitro.283 There are three cysteine residues in the transmembrane domain II that are es-

sential in the formation of the pentamer. Although they do not form disulphide bonds,

they form important packing contacts in the quaternary assembly. In order to obtain ex-

clusively monomeric PLN, these three cysteines can be mutated to alanine, phenylala-

nine and alanine respectively (see Figure 3.1), generating a construct that is referred to

in the literature as PLNAFA. In its monomeric state, the function of PLN as a regulator
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of SERCA through direct protein-protein interaction is extremely well documented. How-

ever, the biological role of the pentameric state of PLN is still a matter of debate. One

hypothesis is that PLN pentamers act as a reservoir of monomers that can quickly de-

oligomerise to form a complex to inhibit SERCA when needed. This is supported by bio-

physical evidence, such as observations that the presence of SERCA alters the oligomeric

equilibrium of PLN.284–286

Another hypothesis is that PLN may act as an ion channel in its pentameric form. Initial

biophysical and electrochemical studies suggested PLN formed pores that were perme-

able to Ca2+.287,288 Later studies pointed at the possibility of PLN forming Cl- selective

channels287,288 and more recently, monovalent cations.289,290 Other experimental,291 struc-

tural276,292 and theoretical293 studies have argued against the role of PLN as an ion chan-

nel, but the argument is still open.

The dynamical equilibrium of PLN goes beyond its oligomeric state. When free in its

monomeric form, PLN populates two structural states. Its ground state (T-state), main-

tains the domain Ia in its folded, helical structure. In the excited R-state, this regulatory

domain unfolds and detaches from the membrane, an effect that is enhanced by phospho-

rylation (see Figure 3.2).203 When bound to SERCA, these conformational dynamics of

PLN play a crucial role in the allosteric modulation of the pump’s activity. Inhibition of

SERCA is mediated by the transmembrane domain II of PLN. When bound in its ground

T-state or excited R-state, PLN only interacts with SERCA through its transmembrane

section, and inhibits the activity of the pump (See Figure 3.2). However, the regulatory

domain Ia may interact with the cytosolic domains of SERCA, forming a B-state in which

the inhibition is relieved. Phosphorylation of PLN increases the population of the B-state,

leading to increased activity of SERCA.54

These complex dynamical equilibria of PLN have been primarily studied spectroscopi-

cally, discerning between distinct structural states and qualitatively describing their pop-

ulations. A detailed structural understanding of these processes is still missing. In this

chapter I will present work that, exploiting the combination of experiments and molecular
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Figure 3.2: Conformational heterogeneity of phospholamban – Free PLN exists at an equilib-
rium between two different oligomeric states: a pentameric assembly and a monomeric form.
The monomer exhibits a degree of conformational heterogeneity in its N-terminal cytoplas-
mic domain Ia, which exchanges between a helical conformation in its ground (T) state and
an excited (R) state where it becomes partially disordered and detaches from the surface of
the membrane. Phosphorylation at position 16 enhances the population of the excited state.
When bound to SERCA, PLN also populates a variety of structural states. In its ground T-
state, PLN acts as an inhibitor of SERCA. However, its domain Ia still populates excited states.
In its R-state, the domain Ia partially loses its secondary structure, but does not interact with
SERCA and PLN still acts as an inhibitor. Domain Ia may come into contact with the cytoplas-
mic domains of SERCA, populating the excited B-state, which relieves the inhibition of SERCA
through an allosteric mechanism. Phosphorylation of PLN shifts the equilibrium toward the B-
state, and thus increases the activity of the SERCA pump.
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simulation, advances the understanding of the dynamics of PLN in its pentameric state

and in association with SERCA.

3.2 Conformational transitions in pentameric phos-

pholamban

3.2.1 Methods: Restrained simulations setup and structural cal-

culations

Setting up the restrained MD simulations

All the simulations carried out in this study were set up to mimic the experimental con-

ditions. The starting structures were obtained from the PDB (codes 2KYV for the pen-

tameric non-phosphorylated PLN276 and 2M3B for the pentamer phosphorylated at serine-

16 - pS16292). The protein structures were embedded in phospholipid bilayers according

to the 4:1 DOPC:DOPE ratio employed in the experiments. Tip3p waters were used to

solvate the system. The generalised AMBER lipid force field294 was used to parametrise

lipids in the AMBER simulations, while the CHARMM36 lipid parameters295 were used in

combination with the CHARMM36 protein force field.

The non-phosphorylated PLN was solvated in a membrane of 215 DOPC and 54 DOPE

molecules, with 10,731 water molecules, resulting in a total of 73,284 atoms. The pS16-

PLN was embedded in a membrane of 291 DOPC and 73 DOPE lipids, solvated with

12,716 waters and totalling to 92,193 atoms. Both systems were simulated under two dif-

ferent protein force fields: AMBER99SB-ILDN279 and CHARMM36.126

The systems were equilibrated during 100 ns of MD at 300 K keeping the position of heavy

atoms fixed by a force constant of 1,000 kJ/(mol × nm2), followed by 50 ns of unrestrained

simulation. All simulations were performed in the NPT ensemble, coupling pressure with

the semi-isotropic Berendsen method296 (coupling constant of 1 ps, reference pressure of
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No. of
replicas

Replica averaging Replica & internal averaging
kCSA(J/(mol×ppm2)) kDC(J/(mol×kHz2)) kCSA(J/(mol×ppm2)) kDC(J/(mol×kHz2))

1 4.5 150 12.5 250
2 12.0 200 12.5 250
3 12.5 350 12.5 350
4 12.5 375 12.5 375
8 20.0 800 20.0 800
16 25.0 1000 25.0 1000

Table 3.1: Force constants employed in the simulations of pentameric phospholamban.

1 bar). The V-rescale method297 was employed to couple temperature to 300 K, with

a constant of 0.1 ps. All simulations were carried out under periodic boundary condi-

tions. The integration timestep was set to 2 fs and the LINCS algorithm was used for

constraints.298 Electrostatic interactions were accounted for using the Particle mesh Ewald

method.299

Restrained simulations were performed by linearly increasing the restraining force con-

stant over the initial 20 ns of each simulation, from zero to its final value. The values of

the force constants under the different simulation setups are summarised in Table 3.1.

The agreement between the experimental and back-calculated ssNMR data can be ex-

pressed quantitatively as a Q-factor:

Q =

√√√√√√√
∑
i

(
ObsExpi −ObsCalci

)2

∑
i

(
ObsExpi

)2 (3.1)

In restrained simulations, the Q-factors converge during the force equilibration phase

of 20 ns and remain stable for the rest of the simulation, whereas in unrestrained cases

they are much more fluctuating (Figure 3.3a). In the final averaged ensembles, the overall

agreement with the experimental CSA and DC also improves through the incorporation of

the restraints (Figure 3.3b).
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Figure 3.3: Agreement between PLN pentamer simulations and the experimental CSA and DC
– (a) Q-factor progression during the simulations of PLN in unrestrained (orange) and restrained
(cyan) cases. (b) Overall agreement between the back-calculated and experimental CSA and DC
in the unrestrained ensemble (top) and ssNMR restrained ensemble (bottom). Adapted from
Sanz-Hernández et al., Sci Rep (2016)278 (licensed under CC BY 4.0).

Computing helical tilt angles

Tilt angles τ and θ (Figure 2.18a) were calculated between the membrane normal (B0)

and the axis of the helices (hTM and hcyt). Each of these helical axis was calculated by

a linear least-squares fitting of the backbone atoms in the helix (residues 25 to 51 in the

transmembrane helix and 3 to 14 in the cytoplasmic helix). The global tilt angle of the

transmembrane helical bundle, γ, was computed between the membrane normal, B0 and

the normalised sum of all the individual transmembrane helical axes.

S2 order parameters

In order to calculate the NMR order parameters, S2, of amide N-H bonds (shown in Fig-

ure 3.4c), all structures in the ensemble were superposed, using the Cα atoms of the trans-

membrane segments of PLN for the least-square fitting algorithm. The S2 values were

then calculated according to the approach by Best and co-workers.300 An order parame-

ter was also computed for the global axis of the helical bundle, hbundle (Figure 3.4d). The

same method was applied, except the hbundle vector was considered instead of the N-H

http://creativecommons.org/licenses/by/4.0/
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vector.

Correlation of transmembrane helical motions

In order to assess the correlation in the motions of transmembrane helix orientations (as

done in Figure 3.4e), we calculated the average hTM vector (see Figure 2.18a) throughout

the ensemble for each of the five protomers in PLN. For each structure in the ensemble,

the average havgTM of every helix was subtracted to its corresponding instantaneous hTM .

This generates five vectors of orientational motion, motTM (one per helix), for every struc-

ture in the ensemble. Subsequently, for each structure in the ensemble I computed the

angle formed between the two motTM vectors of every possible pair of helices. If the ori-

entational motions of two helices generally occur in the same direction (they change their

tilt in a correlated way), their motTM vectors will populate an angle close to zero, whereas

if they are uncorrelated they are free to move independently, populating a wider range of

angles.

Pore radius calculations

Pore radius were calculated by using the program MOLE 2.0.301 In order to compute the

Z-dependency of the pore radius, all structures in the ensemble were aligned using the

backbone atoms of the transmembrane segments for the least-squares fitting.

3.2.2 Experimentally-driven protein dynamics of the PLN pen-

tamer

The optimal setup found by the reference ensemble test uses 16 replicas in combination

with internal averaging. This sampling scheme was subsequently employed to study the

conformational dynamics of PLN in lipid bilayers using CSA and DC data experimentally

measured in mechanically aligned DOPC:DOPE bilayers.276 Simulations were carried out
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under two different force fields, AMBER99SB-ILDN and CHARMM36. When these force

fields are employed in unrestrained MD simulations, they result in divergent ensembles

with considerably different structural and dynamical properties. However, the inclusion

of experimental restraints drives the sampling toward unique distributions of structural

and topological properties (Figure2.18e,f). The convergence of these structural proteins

suggests that the ssNMR-restrained approach is able to overcome the intrinsic biases of

individual force fields, therefore providing an accurate, experimentally-driven description

of the structure and dynamics.

The restrained MD simulations were extended for 100 ns for each replica (total sampling

time of 1.6 µs per force field). In the resulting ensembles, the PLN pentamer preserves

its characteristic pinwheel topology, where the domain II (composed of the C-terminal

transmembrane helices) is inserted in the membrane at an average crossing (τ) angle of

12.8° ± 3.17. The domain Ia, corresponding to the cytoplasmic region, retains its helical

structure and remains adsorbed on the lipid bilayer, although it shows more topological

variability than the domain II, with θ angles of 98.8° ± 8.58.

3.2.3 Phosphorylation leads to the dynamical activation of PLN

Phosphorylation of PLN by cAMP-dependent PKA plays a crucial role in the regulation

of diastole, by relieving the inhibition of SERCA. In the monomeric state of PLN, the ad-

dition of the phosphate group on the serine residue at position 16 enhances the popula-

tion of the excited R-state.203 However, the effects of phosphorylation on the dynamics of

the PLN pentamer have not been described in detail yet.

The ssNMR-restrained MD approach was here applied to the phosphorylated PLN pen-

tamer, using CSA and DC measured in mechanically aligned bilayers.292 Using the sam-

pling approach described in Section 3.2.1 (and performing the simulations under the two

different force fields), I obtained experimentally-driven ensembles with highly convergent

structural properties and great agreement with the experimental data. These ensembles

revealed a conformational activation of the pentamer upon phosphorylation, featuring an
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increase in the dynamics of domains I and II. Particularly, in the transmembrane segment

(domain II), the helices assume a much wider range of τ angles (Figure 3.4a).

The dynamics of the regulatory domain Ia undergo an activation on the nanosecond timescale,

as evidenced by the back-calculation of the backbone root-mean square fluctuations (RMSF)

and the backbone amide S2 order parameters (Figure 3.4b,c - Section 3.2.1 for details on

their calculation). The S2 order parameters are in excellent agreement with 15N NMR re-

laxation measurements that were not used to restrain the simulations,292 which report a

decrease in the order parameters of domain Ia (particularly at the phosphorylation site)

but no effect on the transmembrane region. In contrast, when running unrestrained MD

simulations these orthogonal experimental data are not well described, adding to the demon-

stration of the accuracy of this ssNMR-restrained MD approach and its ability to over-

come force field biases and imperfections in studying membrane protein dynamics. The

cytosolic helices also differ in their topological properties. The θ angle adopts higher val-

ues in pS16-PLN in comparison to the non-phosphorylated pentamer (98.8 and 104.0 for

the non-phosphorylated and pS16-PLN, respectively), again showing convergence between

the AMBER and CHARMM ensembles.

Despite the unaffected nanosecond dynamics of the transmembrane domain, its dynami-

cal activation in terms of topological orientations is evident from the wider range of tilts

adopted. Similarly to the backbone amide S2, an order parameter can be used to describe

the fluctuations of the transmembrane helical barrel in pentameric PLN. These fluctua-

tions can be described as a cone of motion for the axis of the barrel (Figure 3.4d). This

analysis reveals a drastic activation of PLN orientational dynamics which occurs at a

longer timescale, extending to the millisecond, as probed by CSA and DC and therefore

encoded in the experimental restraints.

The enhanced topological variability within the membrane of pS16-PLN does not disrupt

the quaternary interfaces that pack the pentameric helical bundle. This is evidenced by

the strong correlation in the orientational motions between the transmembrane segments

of the individual protomers (Figure 3.4e - Section 3.2.1 for details on their calculation).
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Figure 3.4: Dynamical activation of PLN upon phosphorylation – (a) Distributions of topologi-
cal helical angles (τ and θ) of PLN in its non-phosphorylated (black) and pS16 (red) pentameric
states. (b) Root mean square fluctuations (RMSF) of the Cα atoms in the two ensembles. In or-
der to remove artifacts from inter-domain motions, the calculations were performed separately
for domains I and II. (c) Back-calculated S2 order parameters of amide N-H bonds in both en-
sembles. (d) Conical representation of the S2 order parameter applied to the helical bundle axis
(see methods in Section 3.2.1). The pentameric bundle axis populates a wider range of angles in
the pS16 form, leading to a larger amplitude of orientational motion. (e) Correlation of relative
helical motions between protomers in PLN (see methods in Section 3.2.1). The relative orienta-
tions of protomers are equally highly correlated in both ensembles, demonstrating that despite
the large topological motions in pS16 PLN, the protomers re-orientate together without disrupt-
ing the transmembrane quaternary interface of the pentamer. Adapted from Sanz-Hernández et
al., Sci Rep (2016)278 (licensed under CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/
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Figure 3.5: Static fitting of CSA and DC data to phospholamban – (a) Score of a static-based
orientational fitting of the PISEMA data to PLN, where lower scores represent better fittings.274

The area with the optimal τ angles according to the model is highlighted in green. (b) Distribu-
tions of τ angles extracted from the experimentally restrained ensembles, with the static best-fit
area superposed in green. (c) Distributions of τ angles extracted from the unrestrained ensem-
bles. (d) PISEMA spectral representation of the CSA and DC data for the transmembrane seg-
ments of pentameric PLN. (e) Depiction of the quaternary transmembrane leucine-isoleucine zip-
per that holds the pentameric assembly in PLN. Adapted from Sanz-Hernández et al., Sci Rep
(2016)278 (licensed under CC BY 4.0).

I computed the average helical tilts and evaluated for each structure in the ensemble the

tilt displacement of each helix from its average. Most helices move in a correlated man-

ner, by tilting in the same direction and therefore forming an angle close to zero between

their relative motions. This correlation emerges from a tight packing of the quaternary

assembly, which is absolutely preserved upon phosphorylation despite the wide range of

orientations assumed by the pentamer.

Overall, the ssNMR-restrained MD approach is able to provide a detailed dynamical de-

scription of the effects of phosphorylation in PLN. In contrast, the application of the clas-

sical PISEMA static fitting models of CSA and DC (See Figure 2.13) is unable to model

the data adequately. In the case of non-phosphorylated PLN, the angles observed in our

http://creativecommons.org/licenses/by/4.0/
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ensemble, centered at 12.8°, are in very good agreement with the angle of 12° that would

be estimated by fitting a static model274 to the CSA and DC data (Figure 3.5a,b). When

applying this model to the pS16-PLN CSA and DC, the best fit corresponds to a τ angle

of 20°, which is incompatible with the correct packing of the PLN domain II helices. In

fact, the quaternary interface is primarily stabilised by a leucine-isoleucine zipper (Fig-

ure 3.5e), which would be disrupted if the helices adopted such a high tilt. Given the in-

accuracies of unrestrained MD in reproducing the experimental CSA and DC, and the

inability of static models to maintain the structural topology of PLN, the dynamical con-

siderations provided by the experimental ensembles here presented are the only possible

way to account for differences in the CSA and DC data, which indeed show a shift toward

their isotropic values upon phosphorylation (Figure 3.5d). This result particularly high-

lights the need to develop new integrative methodologies that take dynamics into account

when interpreting complex ensemble-averaged experimental data.

3.2.4 Calcium channeling properties in pentameric PLN

In addition to serving as a storage mechanism as an interacting partner of SERCA, the

pentameric state of PLN has been proposed to act as an ion channel, with different stud-

ies pointing at its ability to conduct calcium, chlorine and monovalent cations. The ssNMR-

based structural characterisations of pentameric PLN both in its non-phosphorylated276

and pS16 forms,292 highlighted the difficulty for PLN to permeate ions given the tight

packaging of its hydrophobic core at the interface between the five protomers. Given the

dynamical considerations contained in the ssNMR-restrained MD approach, the experi-

mental ensembles here generated can provide an accurate description of whether ion pas-

sage through the PLN pentamer is possible.

In our dynamical ensemble of non-phosphorylated PLN, the average radius of the pore

formed by domain II is of 2.11 Å (Figure 3.6). The principal limiting points for ion pas-

sage through PLN are three hydrophobic bottlenecks formed by leucine residues at posi-

tions 37, 44 and 51 (with radii of 1.78, 1.54 and 1.81 Å respectively). Upon phosphory-
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Figure 3.6: Channeling properties of pentameric phospholamban – (a) Channel profile of non-
phosphorylated PLN. The blue line shows the average pore radius, with green dashed lines rep-
resenting the standard deviations. The positions of the inward facing residues that constrict the
pore width are labelled. (b) Channel profile of the pS16 PLN form. (c) Average pore radius in
non-phosphorylated PLN overlayed onto the protein structure. The three primary bottlenecks
for ion passage are shown in orange. Adapted from Sanz-Hernández et al., Sci Rep (2016)278

(licensed under CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/
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Figure 3.7: Internal transmembrane motions in phosphorylated phospholamban – (a) Distribu-
tion of the ω angle in pS16 PLN. Extreme low values are associated with a highly symmetrical
disposition of the five helices, which adopt a circular shape in which Q26 and Q29 sidechains
(shown as sticks) form quaternary contacts. High values are associated with a more distorted
elliptical arrangement where the Q26/Q29 contacts are disrupted. (b) Porcupine plot depicting
the backbone dynamics of the transmembrane helices along the first eigenvector of the covari-
ance matrix of the ensemble. Cones illustrate the atomic displacement of Cα atoms. (c) Pore
radius profile calculated for the structures at extreme values (top and bottom one-percentiles) of
the distribution in (a). Adapted from Sanz-Hernández et al., Sci Rep (2016)278 (licensed under
CC BY 4.0).

lation of serine-16, there is no evidence of any significant alteration to the profile of the

pore, which retains a similar average radius of 2.09 Å and preserves all three bottlenecks.

With a dynamical description of PLN in hand, I searched for possible gating motions that

could result in transient conformations relieving the impediments for ion passage. Prin-

cipal component analysis of the trajectories of transmembrane helices was performed to

identify the presence of any such fluctuations. The analysis is able to describe a collective

motion in the domain Ib and an N-terminal segment of domain II, concerning residues 25

to 40. This portion of the helices experience some degree of twisting relative to each other

(see Figure 3.7), in a motion that is observed both in non-phosphorylated and pS16 PLN.

This collective motion can also be evidenced from evaluating the structures with extreme

values of the ω angle (for its definition see Figure 2.18a), and appears to be linked to the

http://creativecommons.org/licenses/by/4.0/
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packing of the glutamine sidechains at positions 26 and 29 (Figure 3.7a). At low ω val-

ues, the interactions between these sidechains can form stably and this leads to an exten-

sion of the narrow hydrophobic pore, which develops an additional bottleneck at position

34. At high ω values, the glutamine sidechain interactions are disrupted and the region

spanning residues 25 to 35 loosen their quaternary packing, relieving the first of the three

hydrophobic bottlenecks. However, the pore along the C-terminal segment of domain II

remains intact, and particularly the major bottlenecks at positions 44 and 51 are unal-

tered (Figure 3.7c).

Overall, the ensembles generated for pentameric PLN suggest that, despite the strong dy-

namical activation of domain II upon phosphorylation, the tight packaging of the quater-

nary assembly is fully retained, with the pentameric pore remaining too narrow and hy-

drophobic for favourable ion passage. Furthermore, these ensembles do not feature any

large-scale fluctuations leading to transiently open conformations that may favour the

passage of ions.

3.3 The dynamical complex between SERCA and phos-

pholamban

Our collaborators in the Veglia group at the University of Minnesota have measured ss-

NMR data and performed a range of other experiments to characterise the SERCA-PLN

complex. Given the success in applying the ssNMR-restrained approach to the study of

the PLN pentamer, I set out to apply the same methodology to study the transient reg-

ulatory interaction between SERCA and PLN. In particular, this section will describe a

sampling methodology focusing in the characterisation the B-state of the SERCA-PLN

complex (see Figure 3.2). I will first describe the methodology employed to build the

SERCA-PLN complex from different sources of experimental data, and the sampling strat-

egy used to incorporate ssNMR and other experimental information. Later I will describe

the ensembles that resulted from the sampling and the insights into the structural dynam-
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ics of the regulatory complex.

3.3.1 Methods: Restrained simulations setup

Building the structure of the SERCA-PLN complex

A crystal structure of the SERCA-PLN complex was determined in 2013 by Akin and co-

workers.302 With an overall resolution of 2.8 Å, it shows that PLN locks SERCA into the

E2 apo state of its enzymatic cycle, with no bound calcium nor ATP. Despite the overall

good quality of the structure, the interface between SERCA and PLN is not very well de-

fined in the structure, which only has clear electron density for the backbone of domain II

in PLN. The absence of a clear definition for sidechains of PLN and the presence of den-

sity for only half of PLN may have led to a limited model of the SERCA-PLN interface

in this structure. Despite these problems, this structure was chosen as a starting template

to build the complex, as it is the only available experimental structural study of it. The

conformation of SERCA was directly taken from the crystal structure (PDB code 4Y3U).

Missing loops were introduced using the MODELLER software303 based on other available

crystal structures of SERCA alone.

The interface between SERCA and PLN was built in silico, based on CSA, DC and cross-

linking data measured by collaborators in the Veglia group, in Minneapolis. The exper-

imental construct used in their experiments was the monomeric species PLNAFA, which

was therefore used for the model. The transmembrane section of PLNAFA was docked onto

SERCA in vacuo, maintaining backbone positional restraints on the pump and restrain-

ing the dihedral angles of PLNAFA to retain the helical structure. The docking was guided

by the cross-linking data, by performing short MD runs (500 ps) where a harmonic upper

wall potential is applied to restrain the distances between cross-linked residues to below

5 Å. 100 such runs were performed starting from different orientations of PLNAFA, and

the resulting docked complexes were clustered according to the backbone RMSD of the

proteins. The center of the most highly populated cluster was picked as the most rep-
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resentative structure, and used to carry on with the modelling. The interface between

SERCA and PLNAFA in the modelled complex was similar to the one found in the crys-

tal structure. There are some modifications in the sidechain stacking between SERCA and

PLNAFA, with PLNAFA shifted higher on the Z-axis in our model, toward the cytosolic

side of SERCA.

The membrane model employed in this simulation was a DOPC:DOPE 1:4 mixture (307

DOPC molecules and 76 DOPE molecules), mimicking the experimental setup. An im-

portant consideration is the orientation of the transmembrane segment of SERCA and

PLNAFA with respect to the lipid bilayer. A recent study by Norimatsu and co-workers

produced crystal structures of SERCA in lipid bilayers in 4 different states along its enzy-

matic cycle53 (Figure 1.2). Since some lipids are visible in these structures, the orientation

of SERCA in the membrane can be modelled from them. The transmembrane segment of

SERCA in the PLNAFA-docked model was aligned to the structure that is most represen-

tative of the E2 enzymatic state (PDB code 2AGV), and the membrane model was built

following its orientation. The resulting orientation of PLNAFA was in good agreement with

the tilt angle expected from statically fitting the transmembrane CSA and DC, resulting

in a crossing degree of 32°.

The resulting membrane model of SERCA and the transmembrane segment of PLNAFA

was equilibrated thoroughly using a coarse-grained description of the system, provided by

the MARTINI model.117 The position of all protein particles was restrained, allowing the

lipid bilayer and solvent to equilibrate for 500 ns. The resulting system was re-converted

into a full atomic description using the Backward MARTINI approach.304

Finally, the dynamical N-terminus of PLN was modelled as a random coil, completely de-

tached from SERCA and the lipid bilayer. Eight different randomised conformations of

the disordered terminus were generated to serve as different starting structures for the

independent replicas. The system was fully solvated in 61,423 Tip3p waters, resulting in

a total of 252,806 atoms in a tetragonal box of dimensions 12.3×12.3×16.8 nm3. All 8

structures were further equilibrated for 20 ns in the NPT ensemble with positional re-
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Figure 3.8: Structure of the PLN-SERCA complex in the B-state – The complex between
PLNAFA and SERCA was built using the crystal structure 4Y3U as a template. Distances from
crosslinking and PRE experiments were incorporated to generate a model of the complex in the
B state, where the cytoplasmic domain of PLN adopts a disordered conformation bound to the
ATPase.

straints on their heavy atoms. Positional restraints were then released for another 20 ns

of further equilibration at a temperature of 300 K, where experimental CSA and DC re-

straints were gradually incorporated for the transmembrane segment of PLN, with respec-

tive force constants of 50 J/(mol×ppm2) and 800 J/(mol×kHz2). This resulted in the 8

initial conformations employed in the replica-averaged ssNMR-restrained simulations. A

snapshot of the resulting PLN-SERCA complex is showin in Figure 3.8.

Experimentally restrained simulations of the PLN-SERCA complex

The resulting PLN-SERCA complex structures feature a disordered domain Ia of PLN

bound to the SERCA cytoplasmic domains, corresponding to the B-state of the com-

plex (see Figure 3.2). In order to characterise the dynamical nature of this complex, I

applied the restrained MD simulation approach, using a combination of data measured

by the Veglia group in Minnesota from different experimental sources. Specifically, there

are available experimental CSA and DC for the PLN transmembrane segment, crosslink-
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ing information between the PLN and SERCA transmembrane regions and paramagnetic

relaxation enhancement (PRE) measurements between the N-terminal region of PLN and

the SERCA cytoplasmic domains.

The CSA and DC were incorporated into the simulation as described in Section 2.3.2, av-

eraging them over 8 parallel replicas. The crosslinking and PRE experiments provide in-

formation that can be translated into interatomic distances. In crosslinking experiments,

cysteine probes in specific parts of the protein form disulphide bridges with cysteines in

close proximity of their interacting partner. This generally occurs only if the two cysteine

residues are in close proximity, and the resulting distances are therefore treated as short-

ranged (<6 Å) with fluctuations in the order of a few Angstrom. In PRE measurements,

a paramagnetic label is introduced at a specific position of a protein. This label quenches

the NMR signal of nearby nuclear spins, causing the disappearance of peaks from residues

in close proximity. The signal-depletion effect of PREs is however observed at a much

higher distances and over a wider range of distances (commonly beyond 15 Å). In the

PLN-SERCA complex, PRE measurements were available from two experimental sources.

Firstly, PLN was isotopically labelled with 13C and 15N, and paramagnetic probes intro-

duced in SERCA bound to exposed cysteine residues. Secondly, 13C isotopic methyl labels

were crossed-linked to exposed cysteines in SERCA, and the paramagnetic probe was in-

troduced in the PLN domain Ia.

Taken together, all these sources of distance information resulted in 21 PRE-derived and 7

crosslinking distance restraints for the ensemble calculations (shown in Tables 3.2 and 3.3).

Distance restraints were introduced as flat-bottomed potentials, as previously described

for ssNMR restraints, but were not replica-averaged in order to avoid overfitting issues of-

ten reported when employing distance measurements in MD simulations.305 In this study,

crosslinking distances were set to 4.6 Å ± 3.0 Å, and PRE-derived distances at 15 Å ±

15 Å.

The interaction between SERCA and PLN in the B-state is mediated by the fully disor-

dered domain Ia of PLN. Given the transient and heterogeneous nature of this interac-
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Paramagnetic Relaxation Enhancement
PLN Residue SERCA Residue

A0 C364
A0 C471
A0 C498
A0 C561
A0 C636
A0 C674
K3 C674
K3 K397
V4 C674
Q5 C674
Y6 C674
L7 C364
L7 C471
L7 C498
L7 C561
L7 C636
L7 C674
T8 C674
S10 C674
A11 C674
I12 C674

Table 3.2: Experimental PRE-derived distances for the SERCA-PLN complex in its B-
state, measured by the Veglia group in Minneapolis.

Crosslinking
PLN Residue SERCA Residue

Q23 K328
N27 L321
N30 L321
I48 V89
V49 V89
L51 V89
L52 V89

Table 3.3: Experimental crosslinking-derived distances for the SERCA-PLN complex in its
B-state, measured by the Veglia group in Minneapolis.
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tion, there is a very large conformational sampling space for the simulations to explore.

With the current computing power capabilities, a standard method of sequential restrained

MD may prove intractable for such a large system. In order to overcome this hurdle, an

approach based on annealing cycles was implemented, whereby the PLN N-terminus pe-

riodically binds and detaches from SERCA, incorporating the experimental distances to

drive each binding event.

In more detail, at the beginning of each cycle the domain Ia of PLN is fully detached from

SERCA by introducing a lower-wall harmonic potential that pushes PLN residues away

from several SERCA residues present in the cytoplasmic domains of the pump. Specifi-

cally, the lower wall potential pushes PLN residues 1 to 10 at least 50 Å away from I140

(SERCA P domain), T430 (SERCA N domain) and C674 (SERCA A domain). Residues

11 to 14 are pushed at least 25 Å away from those residues and in addition the interfa-

cial SERCA residues T742, A327 and L119. The detachment occurs gradually, by linearly

increasing the force of the lower-wall potential to its maximum after 500 ps. During this

time, the temperature is also linearly increased to 370 K to enhance the conformational

sampling space of the disordered domain Ia. CSA and DC force constants are linearly

decreased to half their value to avoid instabilities during this high-energy phase of the

cycle. This detachment step yields a fully detached PLN domain Ia with no SERCA con-

tacts and enough surrounding free space to explore its unbound disordered conformational

space.

The detachment step is followed by another 500 ps of sampling at 370 K, where the de-

tached PLN domain Ia is allowed to fluctuate. Subsequently, the lower wall potential is

linearly removed over 1 ns of sampling. The PRE-derived distance restraints are gradually

incorporated over this time, and the force constants of CSA and DC restraints restored

to their full value. The temperature is also linearly decreased to 300 K. After the bind-

ing event, the PLN N-terminus adopts a SERCA-bound conformation. This step leads

onto the sampling phase of the cycle, where the restraint forces and the temperature are

kept constant for 2 ns. The structures sampled during these 2 ns per cycle are the ones

included in the final experimentally-driven SERCA-PLN B-state conformational ensemble.
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Figure 3.9: Q-factors for the ensemble of PLN in complex with SERCA – Agreement between
the experimental and back-calculated CSA and DC of the transmembrane segment of PLN when
bound to SERCA.

The described annealing strategy results in cycles of 4 ns in length, with a effective sam-

pling time of 2 ns per cycle. To generate the final ensemble a total of 33 cycles were com-

pleted for each of the 8 parallel replicas, resulting in a total simulation time of 1,056 ns.

This translates into 528 ns of sampling of the B-state, from which 10,000 equally spaced

structures were extracted to form the final conformational ensemble.

3.3.2 Restrained simulations reproduce experimental results

The generated B-state conformational ensemble of the PLN-SERCA complex incorporates

experimental information from a variety of sources: CSA and DC from oriented ssNMR

measurements, and distances from PRE and crosslinking experiments. Overall, the agree-

ment between the experimental and back-calculated ssNMR observables is very good (see

Figure 3.9), with an excellent Q-factor of 0.026 in the case of CSA and 0.284 for the DCs.

The agreement in the latter observable shows room for improvement, and the simulation

could perhaps tolerate a higher force constant for the DC restraints.

The good agreement between experimental and simulated ssNMR variables is indica-

tive of an accurate reproduction of the transmembrane topology of SERCA-bound PLN.

In the previously characterised structure of free monomeric PLN, the tilt angle of the

transmembrane helix is centered at 24°. When bound to SERCA, the tilt of the helix

increases considerably, with its distribution centered at an average value of 31.3° ± 6.08

(see Figure 3.10). This distribution appears to be unimodal and largely symmetrical, sug-
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Figure 3.10: Distribution of transmembrane tilt angles of PLN in complex with SERCA – (a)
Depiction of the PLN τ angle when bound to the SERCA pump. (b) Static fitting model of the
PISEMA data applied to the SERCA-bound CSA and DC, with lower scores representing a bet-
ter fit. The best-fit area is shaded in green. (c) Distribution of τ angles in the SERCA-bound
PLN ensemble, with the static best-fit area overlayed in green.

gesting that PLN fluctuates about a single tilt value when bound to SERCA. The angles

are in good agreement with the best-fit values described by classic static fitting models

of the PISEMA data, as was the case for the non-phosphorylated PLN pentamer (see

Section 3.2.2 and Figure 3.5). However, the distribution of transmembrane tilt angles is

considerably wider when PLN is bound to SERCA than in the non-phosphorylated pen-

tameric assembly, with the standard deviation approximately doubling, from 3.17° in the

pentameric case to 6.08° in the SERCA-bound complex. This reflects on an enhanced

level of orientational fluctuations in PLN when bound to the enzymatic pump.

In addition to the data used to restrain the MD simulations, an additional source of ex-

perimental information is available for the complex, in the form of isotropic chemical shifts

for the domain Ia of PLN. As described in Section 2.1, chemical shifts are very sensitive

probes of an atom’s local environment and its secondary structure, so they can be ac-

curately employed as orthogonal validation data for the present ensemble of the PLN-

SERCA complex. Specifically, the chemical shifts of domain Ia should highly differ be-

tween the disordered B-state conformation and the ground PLN T-state, where domain

Ia adopts a helical fold. The predictor SPARTA+229 was used to back-calculate the aver-
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age isotropic chemical shifts of domain Ia in the ensemble, and compared to their experi-

mental values (Figure 3.11). The results show excellent agreement between experimental

and back-calculated chemical shifts, with RMSDs of 1.01, 1.05 and 0.97 ppm for Cα, Cβ

and CO respectively, which are below the average error generally incurred by the predictor

(as shown in Section 2.2.4 and Figure 2.8). By contrast, when SPARTA+ is employed to

calculate the chemical shifts corresponding to the helical domain Ia in its T-state, the di-

vergence with the experimental values increases for all atoms, resulting in RMSDs of 2.39,

1.47 and 1.27 ppm for Cα, Cβ and CO respectively, which are all above the average error

of the predictor. This result highlights the accurate reproduction of the disordered nature

of domain Ia of PLN, which populates a highly heterogeneous collection of states.

3.3.3 Transient disorder-mediated interaction between SERCA

and PLN

The regulation of the SERCA pump by PLN is multi-step and complex. It involves a va-

riety of different structural states, which differ in the activity levels of SERCA and lead

to a fine tuning of the balance of calcium concentration in cardiac myocites.54 PLN nor-

mally acts as an inhibitor of SERCA when bound to it, but in its B-state, PLN is able

to revert the inhibition and restore the ATPase activity. The structural ensemble for the

PLN-SERCA B-state reveals that the binding between SERCA and PLN is mediated by

a highly heterogeneous interaction at the cytoplasmic side of the membrane, where the

disordered domain Ia of PLN establishes transient contacts with many different residues

along SERCA’s exposed surface.

Overall, the domain Ia of PLN establishes contacts over a very wide interaction surface

of SERCA, primarily clustering over domains N and P (Figure 3.12). The disordered N-

terminus of PLN extends away from the lipid membrane and samples a large variety of

sites in the cytoplasmic region of SERCA, with some contacts being more prevalent than

others. In particular, there is a primary surface cleft of interaction formed by flexible

loops in SERCA, located at positions 383 to 388 (in domain N), 551 to 559 (in domain
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Figure 3.11: Isotropic chemical shifts of SERCA-bound PLN – (a) Comparison between exper-
imental and back-calculated isotropic chemical shifts (using SPARTA+229) of Cα, Cβ and CO

atoms in the B-state restrained ensemble of the PLN-SERCA complex. (b) The equivalent com-
parison using a structure of the SERCA-PLN complex in the T-state, with domain Ia of PLN
folded into a helical conformation.



3.3. The dynamical complex between SERCA and phospholamban 109

Figure 3.12: Dynamical cytoplasmic interaction between SERCA and PLN – (a) Overlay of
distinct PLN structures populated during the simulation. Domain Ia populates a wide variety
of disordered conformations, interacting with multiple regions of the SERCA cytoplasmic do-
mains. (b) Interface of the PLN-SERCA complex mapped onto the SERCA structure. Residues
are coloured according to the percentage of structures in the ensemble that exhibit at least one
heavy-atom contact (< 5 Å) between the two proteins. The residues with the most prevalent
contacts in the SERCA cytoplasmic domains are labelled.

P), 600 to 606 and 358 to 365 (these two latter loops link domains P and N). Figure 3.12b

depicts the main SERCA residues involved in atomic contacts (<5 Å) with PLN, and the

prevalence of those contacts across the ensemble. Notably, the most prevalent cytoplas-

mic contacts are present in 40% or less of ensemble structures, highlighting the transient

nature of the interactions sampled by PLN.

Interestingly, 5 out of the 8 most contacted residues in SERCA are charged (K605, R556,

D557, E606 and K365), a suggestion that the regulatory interaction is governed by elec-

trostatic forces between the two membrane proteins. In order to evaluate this possibility

in detail, the Coulomb energy contributions between every pair of residues in the com-

plex was evaluated (see Figure 3.13). This analysis reveals a large charged surface of in-

teraction on SERCA, characterised by different electrostatic hotspots available for PLN to

interact with. In domain Ia of PLN, all charged residues establish some electrostatic in-

teractions with these patches. More specifically, the positive sidechains of PLN exhibit a

large degree of promiscuity in establishing interactions with different negative patches of
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SERCA.

The R13/R14 pair exhibit strong interactions with two negative patches: one formed by

residues E606/D737/D738 and another by residues E392/E394. R9 interacts with up to

four negatively charged sites: the two previous one as well as two other formed by D399

and D557 respectively. Both these positions in PLN are crucially involved in mutations

associated with familial lethal cardiomiopathies. The mutation R9C results in a loss of

function, with PLN heavily reducing its ability to inhibit SERCA.306 On the other hand,

R14del completely supresses SERCA by locking PLN into a super-inhibitory conformation

that cannot be relieved.307 Interestingly, the interaction between the R13/R14 pair and

E606 is the most prominent electrostatic contact in the ensemble. A mutation that dis-

rupts this contact would heavily affect the shape and complementarity of the interaction

surface, having potential knock-on effects in shifting the fine equilibrium between T-, R-

and B-states of the SERCA-PLN complex (see Figure 3.2), and thus altering the overall

activity of SERCA.

From the SERCA side, the negative E606 is the residue with the highest involvement in

electrostatic interactions with PLN. Interestingly, E606 is flanked by positively-charged

residue K605. This lysine residue is one of the SERCA positions that features the high-

est prevalence of atomic contacts throughout the ensemble (see Figure 3.12b), establishing

regular contacts with R9 and R13/R14 in PLN. Taken together, these results point to-

ward a mechanism of electrostatic counter-balancing by SERCA, whereby strong electro-

static interactions may be disrupted by nearby opposing charges in order to enhance the

conformational variability of the protein complex.

Both R9 and the R13/R14 pair exhibit heterogeneity in their electrostatic interactions

across the SERCA surface (see Figure 3.14). R13/R14 are primarily in contact with the

largest negative patch on the surface, formed by the sidechains of SERCA residues E606,

D737 and D738. A second patch is also accessible to R13/R14, formed by residues E392

and E394, which is contacted considerably less frequently (Figure 3.14b). R9 shows even

more heterogeneity, as it is able to reach further onto the cytoplasmic side of SERCA,
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Figure 3.13: Electrostatic interaction network between SERCA and PLN – (a) Network of elec-
trostatic contacts between the cytoplasmic domains of PLN (orange) and SERCA (blue). The
intensity of the node colours corresponds to the residue’s average sidechain Coulomb energy
computed in the ensemble. Edges (in grayscale) are drawn between any two residues in elec-
trostatic contact, with the color intensity corresponding to the interaction’s average Coulomb
energy. (b) Map of the electrostatic surface of the complex, with labels showing the exposed
hotspots in PLN and SERCA.
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Figure 3.14: Diversity in the electrostatic interactions of R9 and R13/R14 with SERCA – (a)
Representation of the three arginine residues in the domain Ia of PLN and the four negatively
charged patches exposed in the cytoplasmic side of SERCA. (b) Electrostatic interactions of the
R13/R14 pair are split throughout the ensemble between two negative clusters, with represen-
tative structures shown for each. Percentages for each structure correspond to the fraction of
Coulomb sidechain energy contributed by each interaction. (c) Representative structures of the
four electrostatic contacts established by R9.
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where two additional negative patches rest (one formed by residue D399 and the other

by residue D557). R9 still interacts primarily with the E606 patch, but has a more even

split of electrostatic interactions over the four accessible negatively charged sites (Fig-

ure 3.14c).

Overall, the experimentally guided structural ensemble here described for the B-state of

the SERCA-PLN complex reveals the very transient and heterogeneous nature of the cy-

toplasmic interaction between both proteins. It is known that by binding SERCA in its

B-state, PLN crucially restores the activity of SERCA. The transient interactions here de-

scribed must therefore act as a trigger for allosteric transitions that restore the pump’s

ability to transport Ca2+ ions. These results point toward the importance of electrostatic

forces in driving the cytoplasmic interplay between the two proteins, and pinpoint the

atomic detail of certain contacts that are disrupted in pathological variants of PLN.
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Chapter 4

Dynamical studies of the influenza

M2 tetramer

4.1 The role of M2 in influenza

Influenza viruses are negative-sense RNA viruses whose virion particles are enclosed by

lipid bilayers. The most virulent form of the virus is classed as influenza A, and has been

involved in a number of human and avian pandemics.308 The viral genome is composed

of 8 RNA segments encoding 11 genes. Among these, there are three integral membrane

proteins: hemagglutinin (HA), neuraminidase (NA) and the matrix 2 protein (M2). HA is

responsible for the virus binding to the host cell, whereas NA plays a crucial role in viral

release.309

The third integral membrane protein, M2, is a 97-residue tetrameric protein that acts pri-

marily as a proton channel. It has an essential role in the viral infectious cycle, by acidi-

fying the virion’s interior once it has been contained in an endosome. Proton transport by

M2 is triggered by the lower pH inside the endosome, and the acidification of the viral in-

terior leads to membrane fusion with the endosome and the release of viral RNA, leading

to the infection of the host cell.310 The activity of M2 has been therapeutically targeted

115
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Figure 4.1: Structure of the M2 influenza A proton channel in lipid bilayers – This structure of
M2 (PDB accession code: 2L0J) was determined by solid-state NMR in aligned DOPC/DOPE
lipid bilayer preparations at pH 7.5,318 employing chemical shift anisotropy and dipolar cou-
plings as structural restraints. Topologically, the tetrameric structure features a transmembrane
helix, with a substantial kink at position G34, and an amphipathic helix adsorbed on the mem-
brane. The histidine tetrad at position 37, responsible for gating and proton transport, was
found to be asymmetrically protonated, with two out of four possible sites occupied.

by the anti-viral compound amantadine,311 but the success of this drug has been very lim-

ited due to the fast development of resistant variants of the virus.312

Given the importance of M2 in the infectious cycle, many structural efforts have been di-

rected at understanding the molecular basis of proton transport. M2 has been charac-

terised structurally in different instances, by X-ray crystallography,313,314 solution NMR315

and solid-state NMR.316–319 Most of these structures focus on the transmembrane segment

of M2 (residues 25 to 46). One of the solid-state NMR structures, determined in aligned

lipid bilayer samples,318 features a longer sequence (22-62), and reveals the presence of

another set of shorter helices of amphipathic nature, which sit on the surface of the mem-

brane on the virion interior (See Figure 4.1). These shorter helices have been shown to be

important in inducing membrane curvature during the viral budding process, providing an

independent membrane scission mechanism that does not rely on the host cell’s endosomal

sorting complex.320

Within the transmembrane domain, a highly conserved histidine residue, at position 37,

is essential for pH-dependent channel gating and selective proton conductance. An addi-

tionally conserved tryptophan residue is located at position 41, forming a characteristic
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motif of the channel commonly referred to as HxxxW.321 The H37 tetrad has experimen-

tally been shown to be specifically responsible for proton transport,322 but the mechanism

of transport has been subject of debate. A so-called shutter mechanism postulates that

at low pH all the histidine residues become protonated, leading to a pore opening driven

by repulsion through which protons diffuse.323,324 Alternatively, a shuttle mechanism has

been proposed, whereby the imidazole ring reacts with nearby protons and releases them

on the other side of the pore.319,325

The dynamical process of proton transport by M2 has also been heavily addressed compu-

tationally, in studies of molecular dynamics324,326–329 and methods incorporating quantum

considerations to simulate proton reactive transfer.330–332 The availability of oriented ss-

NMR data allows a further investigation in this direction, through the application of CSA

and DC-restrained simulations to this system.

The aim of studying the dynamics of M2 with the ssNMR-restrained MD is to achieve

an accurate characterisation of the orientational dynamics in M2. The topological fluc-

tuations in the helices within the membrane are likely to play an important role in gov-

erning the channel’s mechanism of conductance. In this chapter I present the results from

ssNMR-restrained simulations in the closed conformation of M2, as determined in DOPC/DOPE

lipid bilayers.318

4.2 Methods: Simulation setup and ensemble analy-

sis

4.2.1 Restrained simulations setup

Simulations of the M2 tetramer were started from an ssNMR structure spanning residues

22 to 62318 (PDB code 2L0J). The structures were embedded in a DOPC:DOPE bilayer

mimicking the 4:1 ratio employed in the experiments (175 DOPC and 48 DOPE molecules).

The protein-lipid system was solvated with 9,998 Tip3p water molecules and 10 Cl- ions,
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resulting in a total of 63,128 atoms. The simulation box was equilibrated for 100 ns with

positional restraints on the protein heavy atoms, coupling temperature at 300 K with the

V-rescale method297 and pressure with the Berendsen algorithm.296 The system was simu-

lated under two different force fields, namely AMBER99SB-ILDN279 and CHARMM36.126

The Particle mesh Ewald method299 was used to describe electrostatic interactions, and

LINCS was used in defining the constraints.298 The integration timestep was 2 fs in all

simulations.

After the equilibration phase, the structure was further simulated for 75 ns under each of

the two force fields, and a set of 8 structures was extracted to serve as a starting point

for the replica-averaged simulations. Unrestrained samplings were carried out for an ad-

ditional 100 ns. The restrained simulations were averaged among 8 parallel replicas as

well as internally among the four protomers that compose the tetrameric assembly. CSA

and DC restraints were incorporated by linearly increasing their force constants over a

force equilibration phase of 20 ns per replica, reaching final equilibrium values of 12.5

J/(mol×ppm2) and 625 J/(mol×kHz2) for CSA and DC respectively. The restrained sam-

plings were extended for 80 ns per replica. Overall, the total sampling time resulted in 1.8

µs.

4.2.2 Structural and hydration analyses

An ensemble of 10,000 equally spaced structures was extracted from each of the two sim-

ulations under different force fields. Topological properties of these ensembles were de-

scribed in the form of helical tilt angles, computed as described in Section 3.2.1. The

agreement between back-calculated and experimental CSA and DC is expressed in terms

of Q-factors, also computed as described in Section 3.2.1. Calculations of the internal pore

radii were performed using the software HOLE.333

Hydration analyses of the ensembles were performed by building solvent density maps,

according to previously described methods.334,335 Briefly, the method proceeds by par-

titioning the space around the protein into a solvation shell (up to 6 Å from the protein
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surface) and an outer shell corresponding to the bulk density (6 to 8 Å away from the sur-

face). A grid is then build with a 0.5 Å spacing and the solvent density evaluated at every

point based on the oxygen atom positions across the ensemble. All M2 structures were

superposed onto the transmembrane helical segment (residues 24 to 45) to remove pro-

tein rotation and translation effects. A Cα-RMSD cutoff of 2 Å from the original ssNMR

structure was employed, analysing only structures below this similarity threshold in order

to eliminate artefacts coming from the protein backbone flexibility.

4.3 Topological properties of the M2 tetramer

Using CSA and DC measured in aligned samples of lipid bilayers as restraints, the struc-

tural ensembles of the M2 tetrameric channel were sampled using two different force fields,

CHARMM and AMBER-based. Due to the oligomeric nature of the protein, the restraints

were applied using an replica and internally-averaged approach, as successfully calibrated

and validated for pentameric phospholamban (see Section 2.3.2). The restrained sam-

plings were able to produce structural ensembles with very high agreements with the ex-

perimental data, as shown in Figure 4.2. Q-factors are improved with respect to the un-

restrained samples, reaching values of 0.058 (0.060) and 0.165 (0.177) for CSA and DC

respectively (values in brackets correspond to the AMBER ensemble).

Aside from improving the values of the ssNMR observables, the effect of the experimen-

tal restraints is also observed in the description of topological properties of the ensem-

ble. When evaluating the helical crossing angles in the structure, the unrestrained ensem-

bles of AMBER and CHARMM simulations feature divergent distributions, which derive

from the different characteristics of the two force fields. As was shown in the case of phos-

pholamban, the introduction of the restraints is able to overcome the individual biases of

force fields and provide a more accurate, experimentally-driven description of these orien-

tational properties, as evidenced by the convergence toward single distributions of topo-

logical angles (Figure 4.3).



120 Chapter 4. Dynamical studies of the influenza M2 tetramer

25 30 35 40 45 50 55 60
M2 residue

− 5

0

5

10

1
5
N

-1
H

 D
C

 (
k

H
z)

Q-factor: 0.519

25 30 35 40 45 50 55 60
M2 residue

100

150

200

1
5
N

 C
S

A
 (

p
p

m
)

Q-factor: 0.119

25 30 35 40 45 50 55 60
M2 residue

100

150

200

1
5
N

 C
S

A
 (

p
p

m
)

Q-factor: 0.058

25 30 35 40 45 50 55 60
M2 residue

5

0

5

10

1
5
N

-1
H

 D
C

 (
k

H
z)

Q-factor: 0.165

Experim ental

Back-calculated

CSA + DC
restraints

Figure 4.2: Agreement between experimental and back-calculated CSA and DC in M2 ensem-
bles – The comparison between experimental and backcalculated CSA and DC is illustrated for
the CHARMM-based ensembles. The unrestrained ensemble (top) features some important de-
viations in comparison to the experiments, particularly in the dipolar couplings, where the C-
terminal segment of the transmembrane helix appears out of phase. Inclusion of the experimen-
tal restraints provides an overall better agreement for both experiment observables, illustrated
by the decrease in Q-factors.
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Figure 4.3: Distribution of topological properties in the structural ensembles of M2 – Distribu-
tions of (a) τN, (b) τC and (c) θ angles in CHARMM36 (blue) and AMBER99SB-ILDN (orange)
ensembles of the M2 proton channel. Unrestrained ensembles (left) result in dissimilar, less over-
laping distributions between the two ensembles. Inclusion of the experimental retraints drive the
ensemble toward unique, highly overlapping distributions.

In the resulting ensembles, M2 retains its overall topology, with the four transmembrane

helices inserted into the bilayer, exhibiting a kink induced by the glycine residue at posi-

tion 34. The amphipathic helix rests stably adsorbed on the membrane. Due to its kinked

nature, the transmembrane helix was divided into two segments when analysing its topo-

logical properties. The N-terminal region (residues 24 to 33) tilts at a mean value of 27.5°

± 7.49, whereas the C-terminal segment (residues 35 to 45) crosses at 20.6° ± 6.46. The

C-terminal amphipathic helix, which exhibits the highest degree of convergence amongst

the two ensembles, sits at an average angle of 108° ± 11.0.

4.4 Pore profile of the influenza channel

M2 channels protons across the membrane through the interfacial pore formed by its four

transmembrane helices. The width profile of the channel determines the ability of protons

to diffuse through or react with pore lining residues, more specifically with the histidine
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Figure 4.4: Pore radius profile of the M2 influenza channel – The proton channel is charac-
terised by the presence of two major bottlenecks. The first, provided by the sidechains of V27,
provides a tight entry point at the N-terminal end of the channel. A second bottleneck is pro-
vided by H37, the residues responsible for channel activity. This second gate is followed by the
sidechains of W41, which provide a looser constriction point that undergoes wider fluctuations.

tetrad at position 37, essential for channel activity and selectivity. The sampled struc-

tural ensembles of M2 provide a dynamical description of the channel, which allows for an

analysis of the average properties of the pore as well as the identification of collective pro-

tein backbone motions and helical reorientations that may result into an alteration of the

channel profile.

The pore of M2 features two major constriction sites (Figure 4.4). The first, located at

position 27, is formed by the inward-facing valine sidechains, and creates an entry bar-

rier for water and ions on the N-terminal side of the channel, having an average radius

of 1.18 Å ± 0.42. This constriction is preserved throughout the ensemble, showing small

fluctuations in its radius. A second bottleneck is found at the histidine tetrad, which acts

as an exit barrier at the opposite side of the pore. This bottleneck appears looser than

the one at the entry side, featuring an average radius of 1.62 Å ± 0.51. A secondary exit

gate is provided by the bulky tryptophan sidechains at position 41. Although centered

at a loose value of 2.63 Å in radius, this secondary gate features much larger fluctuations

across the ensemble. The tryptophan sidechains exhibit inward packing and unpacking

motions, resulting in a closing and opening of the pore respectively. These wide fluctua-
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tions in the conformations of W41 result in a much wider range of radii at this secondary

gate, which exhibits a standard deviation of 0.93 Å across the ensemble.

Between these two entry and exit points of the channel lies a segment where the pore ra-

dius becomes wider. This section is lined up by an inward-facing serine sidechain at po-

sition 31 and the kink-inducing glycine at position 34. The absence of large interfacial

sidechains results in the wider profile of this section, whose average radius across the en-

semble reaches the value of 2.89 Å. The wider segment extends for a total of 17 Å, the

distance between the two gates, thus allowing for the accommodation of several water

molecules inside.

The transmembrane pore of M2 does not remain fixed throughout the ensemble, but its

radius is rather subject to fluctuations which occur as a result of large-scale concerted

motions of the helical backbones. These fluctuations were found to be dependent on the

protein’s topological flexibility, and were analysed by evaluating the profile of the channel

in relation to orientational properties of the transmembrane helices (Figure 4.5).

Specifically, the ω angle, which reports on the tilt of transmembrane segments relative to

the global tetrameric axis (see Figure 4.5a), exhibits a bimodal distribution with a major

and a minor conformation. The major conformation corresponds to a topology similar to

that observed in the original ssNMR structure, which retains the average radius profile of

the interfacial pore. The minor conformation, characterised by lower ω angles, features a

more compact packing of the transmembrane helices, with all the pore-lining sidechains

pointing inward and leading to a highly closed configuration. The profile of the pore is

considerably affected by the collective fluctutations about this angle, exhibiting a global

decrease in radius. Particulary, the length of the proton exit bottleneck is extended due to

the coming together of W41 sidechains at the quaternary interface. Similarly, the tighter

helical packing in the region spanning residues 27 to 37 drastically decreases the volume

of the cavity formed between the two bottlenecks.

Global fluctuations such as this one have important consequences in altering the overall

profile of the channel, and therefore affecting the accessibility of the inner regions of the
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Figure 4.5: M2 channel fluctuations in relation to the topological motions of helices – (a) Defi-
nition of the ω angle in M2, calculated between the N-terminal segment of the transmembrane
helix (residues 24 to 33) and the global quaternary axis of the channel’s transmembrane seg-
ment. (b) Distribution of the ω angle, featuring a bimodal shape with two distinct conforma-
tions. (c) Representative structure of the minor conformation, where the channel assumes a
highly closed conformation as a result of the tight packing of sidechains at the quaternary in-
terface. (d) Pore radius profile comparison between the two conformations described in (b).
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Figure 4.6: Hydration properties of the M2 proton channel – (a) Average water density com-
puted along cross-sections of the tetrameric pore, overlayed onto the pore radius profile. (b)
Illustration of the bulk water density within the simulation box. (c) Clusters of structured wa-
ters, with high density relative to the bulk. Three dimensional contours represent densities of
4σ(transparent wireframe), 6σ(grey wireframe) and 8σ(blue solid surface)

pore to water and protons. These conformational transitions, characterised by collective

reorientations of transmembrane helices, are likely to be a driving factor in the mechanism

of proton channeling through the M2 pore.

4.5 Role of hydration in proton transport by M2

Water dynamics plays a fundamental role in enabling the transfer of ions through mem-

brane protein channels.336 Particularly, the structure induced in water by its confinement

within protein channels has been shown to influence the transfer of protons across the

membrane.337 In the structural ensembles of M2, the presence of such structured waters

was analysed by computing a grid-based water density function relative to the position of
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Figure 4.7: Structure of water molecules within the pore of M2 – (a) Highly ordered clusters of
dense water within the inner cavity of the M2 channel pore. Contours are drawn at 5σ, 7σ and
10σ. One protomer was removed from the side view for clarity. (b) Structured water molecules
are stabilised by a heavy network of hydrogen bonds, including contributions from the sidechain
of S31, the carbonyl of G34 and the imidazole ring of H37.

the proton channel (see Section 4.2.2 for details).

Focusing on the water dynamics within the interior of the pore, there is a clear spike in

water density inside the cavity delimited by the two bottlenecks at positions 27 and 37.

In this confined space, water exhibits an average density close to 5 times higher than that

of the bulk solvent (denoted as 5σ), with some structured clusters that reach 10σ (Fig-

ure 4.6). The entry and exit of water molecules into this cavity during the simulation is

considerably slow, being heavily limited by the gates illustrated in Figure 4.4.

Water molecules are not only confined inside the pore’s internal cavity, but they are also

stabilised by polar interactions with inward exposed chemical groups of the protein. At

the center of the cavity, the polar sidechain of serine at position 31 provides hydrogen

bonding opportunities for water. Similarly, the backbone carbonyl group in kink-inducing

glycine-34 is not involved in secondary structure hydrogen bonding, and is therefore able

to interact with nearby waters. Finally, the imidazole rings of the pore-delimiting histi-

dine tetrad at position 37 also exhibit a high degree of hydrogen bonding throughout the

ensemble. In fact, the positions of the highest density water clusters correlate well with

the locations of these chemical groups (Figure 4.7). A very dense network of hydrogen

bonds is observed within the cavity throughout the simulation, resulting in a high degree

of water structuring and the observed increase in water density.
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In this inactive conformation of M2, the high degree of water ordering in the vicinity of

H37 may have implications in the rate of proton transport, likely acting as an impediment

to diffusion and presenting an additional energetic barrier that prevents the movement of

molecules through the pore.
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Chapter 5

Structural dynamics of the G-protein

coupled receptor CXCR1

5.1 CXCR1: an interleukin-8 receptor

G-protein coupled receptors (GPCRs) are a major class of membrane proteins. They are

crucial in modern medicine, being targeted by over 25% of all available therapeutical

drugs.43 They have a characteristic, highly conserved topological fold, composed of seven

transmembrane helices. The function of GPCRs is to relay signals to the inside of the cell

upon binding of molecules on the extracellular space. They do so by activating guanine

nucleotide-binding proteins (G-proteins), which leads to the activation of a downstream

signalling cascade that eventually results in cellular changes.

GPCRs are involved in a wide variety of cellular functions, ranging from sensory tasks to

the regulation of homeostasis.338 One particular class of GPCRs are chemokine receptors,

involved in the regulation of the immune system response and inflammation. Chemokines

are small proteins that may be produced and secreted under certain conditions to trigger

the migration of cells to a specific site. Many chemokines, such as Interleukin-8 (IL-8, also

known as CXCL-8) are associated with the inflammatory response, and act by recruiting

leukocytes to the site of inflammation.339
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Figure 5.1: Structure of the CXCR1 receptor in lipid bilayers – The structure of CXCR1 was
determined by MAS ssNMR, combining torsion angle restraints from isotropic chemical shifts
with orientational restraints from 15N-1H and 13Cα-1Hα dipolar couplings. The structure fea-
tures the characteristic seven transmembrane helix fold of GPCRs, with perceptible kinks in the
helices.

More specifically, IL-8 primarily acts by activating the GPCRs CXCR1 and CXCR2, trig-

gering signal cascades that may result in different cellular responses.340 IL-8 commonly

binds to CXCR1 receptors expressed at the surface of neutrophils, inducing a conforma-

tional change in the receptor which exposes intracellular epitopes for G-protein binding.

Activated G-proteins can target effectors of chemotaxis such as the phosphatidylinositol-3

kinase, which subsequently increase the phosphorylation and activity of Protein Kinase

B (also known as Akt).341 Signalling pathways such as this one are crucial in the correct

modulation of the inflammatory response, but they are also found to be upregulated in

many common forms of cancer.340

Despite the many advances in the biological characterisation of these signalling pathways

and their implications in disease, the detail of the molecular mechanisms governing the

process is still scarce. The structure of CXCR1 was recently elucidated by solid-state

NMR (see Figure 5.1), employing dipolar couplings as a primary structural restraint.81

The availability of such data enables the study of the conformational dynamics of CXCR1

by means of experimentally-restrained molecular dynamics. In this chapter I present con-

formational ensembles of CXCR1 in its IL-8 free state, which shed some light on dynam-

ical structural transitions with potential implications for signal transduction, as well as
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allowing for the evaluation of the membrane protein’s allosteric network at an atomic de-

tail.

5.2 Methods: DC-restrained simulations and analysis

of CXCR1 ensembles

5.2.1 Solid-state NMR restrained simulations

Experimental background

The CXCR1 structure elucidated by Park and co-workers81 employed dipolar couplings

(DCs) as structural restraints. These DCs were not obtained from oriented ssNMR mea-

surementes such as the PISEMA-based experiments described in the previous chapters

of this thesis. In the case of CXCR1, magic angle spinning (MAS) separated local field

(SLF) experiments were performed, where the heteronuclear DCs are recoupled during

the pulse sequence and correlated to the isotropic chemical shifts of the nuclei.342 In this

manner, the authors obtained DCs for amide 15N-1H as well as 13Cα-1Hα nuclear pairs.

Since they are performed under MAS conditions, SLF type experiments do not require

the mechanical or magnetic alignment of samples that is characteristic of oriented ssNMR

approaches. However, in order to recover the DCs in SLF experiments an additional con-

dition must be met in the experimental setup. The protein in the MAS rotor must be un-

dergoing fast rotational diffusion about the bilayer normal, that is the protein must be

globally rotating at a faster speed than the experimental NMR timescale of the experi-

ment. This often requires careful tuning of the experimental temperature, which normally

needs to be above the gel to liquid crystalline phase transition of the membrane to ob-

serve the rapid rotational diffusion. Samples that satisfy this condition are often referred

to as rotationally aligned (RA).343 The motionally averaged DCs obtained by this MAS

approach may be used as structural restraints in the same way as those obtained by ori-

ented ssNMR approaches.
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CXCR1 equilibration and restrained MD sampling

The initial CXCR1 structure (PDB accession code: 2LNL) was energy minimised and

embedded into a bilayer composed of 399 DMPC lipids, which reproduces the experi-

mental conditions. The system was solvated and equilibrated using the MARTINI force

field117 for 500 ns employing positional restraints on the protein particles. The system

was subsequently translated back into a full atomic description by the Backward MAR-

TINI method.304 Tip3p waters were used to solvate the full atomic model, adding 32,392

molecules to the system. 13 chlorine ions were added to fully neutralize the charge of the

system. In total, the final simulation system contained 149,122 atoms in a dodecahedron

box of principal dimensions 12.6×10.9×10.8 nm3. During all simulations, temperature was

coupled at 300 K using the V-rescale method297 (0.1 ps constant). Pressure was coupled

at 1 bar every 1 ps using the semi-isotropic Berendsen algorithm.296 The Particle mesh

Ewald method299 was employed to calculate electrostatic interactions and LINCS298 was

used for bond constraints.

The system was further equilibrated using the AMBER99SB-ILDN279 force field, main-

taining positional restraints of protein heavy atoms for 20 ns. The structure was further

equilibrated by removing the positional restraints and including distance restraints to

maintain the hydrogen-bonding pattern of the transmembrane helices, which were linearly

relieved during 30 ns of sampling, in order to minimise possible aberrations caused by the

force field. The resulting systems were further simulated for 40 ns, and 8 equally spaced

structures from the last 10 ns of sampling were extracted as starting conformations for the

ssNMR restrained MD simulations.

The DC-restrained samplings were replica-averaged across 8 parallel simulations. Re-

straints were gradually introduced by linearly increasing the force constants over 20 ns

of sampling, to final values of 800 J/(mol×kHz2) for both 15N-1H and 13Cα-1Hα DCs. Re-

strained simulations were run for 80 ns per replica after equilibration, generating a re-

strained structural ensemble of CXCR1, composed of 10,000 equally spaced structures.

Unrestrained simulations were also ran. Specifically, 4 independent simulations of 50 ns
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each were performed and an unrestrained ensemble was generated for comparison to the

experimental sampling. The samplings above described resulted in a total simulation time

of 1 µs.

An analysis of the experimental agreement and topological properties of the system was

carried out for CXCR1. Q-factors and helical axes were computed following the same ap-

proach described in analysing the phospholamban ensembles (see Section 3.2.1).

5.2.2 Network description of CXCR1

In order to study the allosteric communication network of CXCR1, mathematical graph-

based methods were employed.344 Generally speaking, a protein structure may be mod-

elled as a mathematical graph where each node corresponds to a residue, and edges are

drawn between residues that are in close contact within the structure. Having a dynam-

ical ensemble, one may compute the correlations in the relative motions of residues and

identify allosteric paths that connect separate regions of the protein.

Specifically for CXCR1, a network of 296 nodes was constructed (the number of residues

in the protein structure). Pairwise contacts between residues were defined using a cut-

off of 5 Å between any two heavy atoms. Connections (formally known as edges) were

drawn between two nodes in the network only if a contact was present in at least 75% of

the structures in the ensemble. The graph-based model was built using the Python model

NetworkX.345

Once the network is constructed, the edges are weighted according to the motional cor-

relations between the two residues involved. Traditionally, these correlations can be ex-

tracted by computing a Pearson correlation coefficient from the Cartesian covariance ma-

trix of atomic positions.346 However, this metric often disregards correlations based on

their spatial orientations (e.g. perfectly correlated orthogonal motions appear non-correlated),

a limitation that can be overcome by applying information theory based metrics.347 In

particular, the correlation between the motions of two atoms i and j can be derived from
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their mutual information:

MIi,j =

∫ ∫
p(xi, xj) log

p(xi, xj)

p(xi)p(xj)
dxidxj (5.1)

where p(xi) and p(xj) are the marginal probability distributions of the atomic positions of

i and j respectively, and p(xi, xj) is their joint probability distribution. The value of MIi,j

ranges from 0 (for non-correlated motions) to +∞ (for fully correlated motions). To aid

in interpreting the value, its range can be transformed into [0,1] by means of a Pearson-

like coefficient:

Ci,j =
√

1− e−(2/d)MIi,j (5.2)

where d corresponds to the dimensionality of the data (d = 3 when evaluating Cartesian

coordinates of molecular structures). The computation of these generalised correlation

coefficients was performed using the g correlation tool built for GROMACS.347

Finally, this coefficient is transformed into a distance which is directly associated which

each edge in the graph:

di,j = log | Ci,j | (5.3)

In this way, residues whose motions are highly correlated are separated by a short dis-

tance (low value of di,j), whereas uncorrelated residues are separated by longer distances.

The resulting graph representation of CXCR1 allows the study of communication net-

works in the structure. For example, by studying the shortest path between two distant

residues in the structure one can find the most likely allosteric path connecting them, by

following the short-ranged correlated motions of residues in close contact. An overall mea-

sure of a residue’s involvement in the allosteric network can be obtained by its centrality.

Different measures of centrality exists, according to different considerations of importance
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within the network. One such definition is closeness centrality, which for every node mea-

sures the sum of the length of the shortest paths to every other node in the network. The

closeness centrality of node x is defined as:

C(x) =
N∑
y dy,x

(5.4)

where N is the number of nodes in the graph and y runs through all nodes in the graph

different to x. According to this metric, the more central residues in the network are those

with the highest allosteric proximity to the other residues in the structure.

5.3 Experimentally derived dynamics of a GPCR

The structural ensemble of CXCR1 were calculated using 15N-1H as well as 13Cα-1Hα DCs

measured in lipid bilayers by MAS ssNMR. The replica-averaged ssNMR-restrained MD

approach was employed with 8 parallel replicas. Unrestrained MD simulations were run as

a control.

Unrestrained simulations are unable to reproduce the available DCs, resulting in very high

deviations between the experimental and back-calculated values (Figure 5.2). Upon inclu-

sion of the restraints, the agreement with the data drastically improves, yielding Q-factors

of 0.175 and 0.255 for 13Cα-1Hα and 15N-1H DCs respectively.

It has become evident in previous chapters that DCs carry plenty of information regard-

ing the topological orientation of α-helices. The high quality agreement between the en-

semble and the experiment is therefore suggestive of a highly accurate representation of

the topological dynamics of CXCR1. Interestingly, the ensemble features a very large de-

gree of topological variability in the orientations of transmembrane helices. Every trans-

membrane helix in the receptor exhibits some degree of kinking in the ensemble (see Ta-

ble 5.1), ranging from small bends such as that of helix-1 (13.2°) to larger helical reorien-

tations (>45° in helix-3 and helix-6).
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Figure 5.2: Agreement between experimental and back-calculated DCs in CXCR1 ensembles
– Unrestrained simulations are not able to reproduce the experimental values of the DCs. In-
clusion of the experimental restraints drastically improves the agreement, reaching considerably
lower Q-factors.

Helix Top residues Bottom residues Kink position Average kink angle (°)

H1 37 to 55 57 to 67 G56 13.2
H2 90 to 101 74 to 87 F88 39.7
H3 110 to 123 126 to 138 G124 49.4
H4 163 to 173 150 to 161 G162 34.8
H5 200 to 209 211 to 226 G210 25.0
H6 258 to 268 238 to 256 P257 46.5
H7 275 to 293 295 to 308 G294 35.3

Table 5.1: Residues used to define the transmembrane helical axes of CXCR1. All seven
transmembrane helices exhibit some degree of kinking during the simulations. The longest
segments of unkinked helices were selected to compute the axes of their top parts (closer
to the extracellular side) and the bottom segments (closer to the intracellular interface).
The positions of the kinking residues and the average kink angle across the ensemble are
outlined.
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Figure 5.3: Helical reorientations between H5 and H6 of CXCR1 – (a) Kink angles (γ) of helix-
5 and helix-6 of CXCR1. The range of residues used to define the helical segments are outlined
in Table 5.1. (b) Distribution of γH5 and γH6 angle distributions, illustrating the codependence
of both angles. Darker colours indicate a higher population in the ensemble. (c) Overlay of the
representative structures of the two most populated conformations along the landscape in (b).
The intracellular loop 3 (ICL3) and extracellular loop 3 (ECL3) show a considerable degree of
variation among the structures as a result of the helical reorientations and the partial unfolding
of helix-6.

Helical kinks have been identified and studied in both soluble and membrane proteins.348,349

Most studies point toward their importance in dictating the tertiary helix packing of pro-

teins, as well as creating regions of helical flexibility that can serve as hinges in transduc-

ing long-range signals along the protein structure.350 More specifically in GPCRs, helical

kinks have been shown to provide a source of structural diversity among these proteins,

which have such a highly conserved structural fold.351 The introduction of kinks at differ-

ent positions of helices in highly similar proteins may lead them to exhibit distinct topo-

logical reorientations that can account for their unique functional characteristics.

The structural ensemble of CXCR1 not only features kinks in all the transmembrane he-

lices, but also reveals topological reorientations of the protein where these kinks act as

hinges, or bending points for helices. An example of such topological motions is illus-
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trated in Figure 5.3. Helix-5 and helix-6 both exhibit a large degree of topological vari-

ability in their kink angles, and being in contact with each other, their orientational mo-

tions exhibit a high degree of codependence (Figure 5.3b). According to the reorientations

of helices 5 and 6, the ensemble can be separated into three conformations. The most

populated helical orientations correlate to the conformation where the helices are fully

folded, with helix-5 kinked at 34° and helix-6 kinked at 39°. A very lowly populated state

is observed where helix-5 shifts to a very low tilt (13°) and a partial unfolding at the top

segment of helix-6 starts to occur (from position 263 onwards), resulting in an observed

kink of 49°. The third conformation corresponds to a more populated metastable config-

uration of the helices, where the top of helix-6 kinks considerably more and retains its

partial unfolding.

Interestingly, these dynamical rearrangements propagate within the structure and consid-

erably alter the conformation of the loops that connect the different helices. In GPCRs,

these extracellular and intracellular loops are indeed responsible for establishing specific

interactions with the ligand and the G-protein respectively.58,352,353 In the case of CXCR1,

the rearrangements of helix-5 and helix-6, coupled with the partial unfolding at the top of

helix-6, crucially alter the shape of extracellular loop 3 (ECL3), with the loop translo-

cating to the side and leaving a wider cleft at the extracellular side of the receptor. The

structure of the intracellular loop 3 (ICL3) that connects both helices also sees some vari-

ation, driven by the reduced C-terminal extension of helix-5 in the metastable configura-

tion.

This result highlights the importance of these extremely flexible hinges in dictating the

shape of exposed protein surfaces. Together with the overall topological variability and

codependent orientational dynamics in the ensemble, the analysis points toward a poten-

tial role of helical kinks in relaying allosteric signals upon ligand binding to GPCRs, po-

tentially acting as hinges to propagate ligand-induced structural rearrangements in the

extracellular side to the intracellular surface.
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Figure 5.4: Generalised correlation matrix of Cα atoms in the CXCR1 ensemble – Generalised
Pearson-like correlation coefficients (Equation 5.2) were computed between every pair of Cα
atoms in CXCR1. Regions with a high value of the coefficient exhibit a high degree of correla-
tion in their motions, whereas the opposite is true for lower values

.

5.4 Allosteric communication network of CXCR1

Having an extensive structural ensemble of CXCR1, there are computational analysis

methods to reveal the allosteric communication pathways in the GPCR. Allosteric mo-

tions are often revealed through long-range correlations between protein residues. Having

molecular trajectories, the codependence between motions can be established by comput-

ing the covariance matrix of atomic coordinates,346 or more elaborately, a generalised cor-

relation metric based on the mutual information between residues (Equations 5.1 and 5.2).

The generalised correlation of motions was computed for the Cα atoms of CXCR1, and is

depicted in Figure 5.4.

Overall, the matrix reveals periodic sections of short-ranged correlations, mostly align-

ing to the transmembrane helices of the receptor, as would be expected. A considerably

higher degree of long-range correlations is found at helix-6, particularly at its C-terminal

top segment (between positions 263 and 275) This region is indeed highly dynamical and,
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as shown in Figure 5.3, it features a high degree of topological variability and transient

unfolded conformations. The global correlation matrix reflects that these motions have

long-range effects, triggering rearrangements at distant regions of the receptor, including a

number of segments ranging from H1 to H5 in the sequence.

A closer look at the allosteric mechanisms of proteins can be achieved by studying its

communication network. The phenomenon of allostery is commonly described as the move-

ments through a network of contacts along which structural changes are propagated, re-

sulting in correlated long-range effects in protein conformational transitions.354 The chal-

lenge of modelling networks across a multitude of disciplines has commonly been approached

by mathematics, applying elements from graph theory. Mathematical graphs are objects

composed of nodes (also known as vertices) and edges that join nodes together. There is a

history of modelling protein structures as graphs, for example by using nodes to represent

residues and drawing edges between residues in close spatial proximity.355

It is possible to incorporate the dynamical information from protein conformational en-

sembles into a graph-based description, and infer from it some properties of the commu-

nication network between residues. In the case of CXCR1, a graph of 296 nodes (one per

residue) was constructed, and a connected graph was built from the interatomic contacts

in the ensemble (see Section 5.2.2 for detailed methods). The generalised correlation met-

rics (depicted in Figure 5.4) are transformed into a distance value (Equation 5.3) in order

to weigh each edge in the network. Finally, the closeness centrality (Equation 5.4) was

computed for each residue as a measure of their importance within the global communica-

tion network of the protein. The resulting graph is depicted in Figure 5.5a.

Overall, the network features a highly connected structure, with two main distal sides

(the intra- and extracellular faces of the receptor) linked by a dense central network. The

network properties can be projected onto the structure by mapping the centrality of each

residue (Figure 5.5b). Interestingly, the most central residues are found at the interface

between helices 3 and 5, where both helical kinks encounter each other. In fact, the kink-

ing residues G124 and G210 are among the three most central residues in the whole net-
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Figure 5.5: Allosteric network structure of CXCR1 – (a) The communication network of
CXCR1 was modelled as a mathematical graph of 296 nodes, one per each residue. Connections
between nodes are based on interatomic contacts and weighed according to the generalised cor-
relations in their motions (see Section 5.2.2 for details). Nodes are coloured according to the
value of their closeness centrality. (b) Closeness centrality values mapped onto the structure of
CXCR1. The most central region is shown in detail, with the sidechains of central aminoacids
depicted as sticks.

work. These kinks are surrounded by an aromatic-rich region that is also central in the

network.

The key position of these two helical kinks within the network is further evidence of their

importance in relaying allosteric signals between the extra- and the intracellular sides

of the receptor. Given their high centrality, these residues are involved in the optimal

communication pathways between different segments of the protein. In the graph-based

model, the shortest paths between two nodes can be readily computed by minimising

the distance required to travel from one to the other. These are indicative of the optimal

communication path between those two residues.

An example of several shortest paths that travel through the kinked H3-H5 interface is

shown in Figure 5.6. Specifically, the calculated paths join residues between two distant

surface-exposed loops, ICL3 (on the intracellular face) and ELC2 (extracellular). The op-

timal communication pathways between these loops are relayed primarily through helices

3 and 5, finding their common bottleneck at around the kink region. The communication

between loops at the opposite interfaces of the receptor is crucial for GPCR activity and

the specificity of their interactions. Helical kinks are here shown to play a central role in
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Figure 5.6: Allosteric paths between distant loops of CXCR1 – (a) Shortest paths between
residues in intracellular loop 3 (ICL3) and extracellular loop 2 (ECL2) of CXCR1. Exposed
loops are crucial in the function of GPCRs, by interacting with ligands on the extracellular
site and with effector G-proteins on their intracellular face. (b) Structural representation of the
shortest paths outlined in (a), mapped onto the three dimensional structure of CXCR1.

the allosteric paths joining these segments, underlining the importance of orientational

dynamics in governing GPCR function.
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Discussion

The results presented in this thesis combine methodological advancements and practical

applications of computational sampling methodologies that integrate experiments and the-

ory to characterise the conformational dynamics of membrane proteins. The approaches

here presented have focused primarily on experiments of nuclear magnetic resonance, but

the principles of ensemble calculations are applicable to any source of molecular informa-

tion. The overall scope of this research is to highlight the ability of experimental informa-

tion to improve the accuracy of state-of-the-art theoretical models, as well as the necessity

to employ such theoretical methods to achieve a full detailed understanding of the mecha-

nisms that govern membrane protein dynamics.

6.1 Toward an accurate description of membrane pro-

tein conformational ensembles

6.1.1 Improving the interpretation of protein chemical shifts

Nuclear magnetic resonance (NMR) measurements in proteins fundamentally rely on one

crucial observable: the chemical shift (CS). They are unique for each atom in a protein

143
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structure and are affected heavily by subtle alteration of their chemical environment,

therefore being very highly sensitive reporters of local structure and dynamics in proteins.

Given the great deal of structural information they carry and their ubiquity within the

field of NMR, the absence of highly accurate structural models considerably hinders their

interpretation.

The methods illustrated in Section 2.1, with the implementation of PROSECCO, aim to

advance the understanding of the dependence of CS on protein sequence and local sec-

ondary structure. In the case of intrinsically disordered proteins, given their absence of a

well-defined tertiary structure, they are generally correlated to the protein’s primary se-

quence. The kernel-based statistical approach presented in PROSECCOIDP improved the

accuracy of the available sequence-based predictors.244,245 Sequence-based models of CS in

disordered proteins are indeed a useful tool, as deviations from the disordered CS values

generally indicates the transient formation of secondary structure elements, often involved

in mechanisms of molecular recognition characteristic of disordered segments.34

In folded proteins the interpretation of CS becomes much more difficult, due to the de-

gree of complexity added by the intramolecular interactions of its tertiary structure. The

correlations between protein structure and CS has been explored by a variety of statis-

tical approaches,225–228 which despite providing useful predictions, still have shortcom-

ings in terms of accuracy. The new approach presented in this work, PROSECCOFOLDED,

shows indeed that by only considering primary sequence information a similar level of ac-

curacy can be achieved to the widely employed currently available models of CS.229 In

addition, PROSECCOFOLDED is able to consistently improve the predictions provided by

Camshift,228 currently the only method employed in CS-guided dynamical refinements of

proteins. The principles upon which PROSECCOFOLDED is constructed therefore serve as

a starting step to build more elaborate structure-based models of CS, allowing for better

interpretation of these observables.

The analyses leading to the development of PROSECCO have in fact already revealed

several structural factors that heavily influence protein chemical shifts. With regards to
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structured segments, it appears that the CS of backbone atoms at internal regions of sec-

ondary structure elements are primarily reliant on the protein sequence, and mostly inde-

pendent from tertiary and quaternary structural features. The behaviour at the bound-

aries of secondary structure elements is however considerably different, with secondary CS

of different atoms experiencing clearly distinct patterns at the interface between Q3 ele-

ments. The results from PROSECCO highlight the importance of carefully studying and

quantifying these effects, which should be accounted for in parametrising more accurate

structure-based models of CS.

6.1.2 Accurate topological dynamics of membrane proteins

Membrane proteins are exposed to a unique physicochemical environment that is pro-

vided by the lipid bilayer. The membrane is however not a static environment, but rather

a highly fluid one where lipids and proteins undergo a wide variety of motions. In pro-

teins, these range from atomic fluctuations to large-scale conformational transitions.356 In

integral membrane proteins, the larger scale fluctuations often involve reorientations of

the protein backbone with respect to the membrane axis, generally resulting in collective

motions that can be crucial for protein function.201

In Section 2.3 I outlined a powerful methodology to study such dynamics, by combining

the information encoded in oriented solid-state NMR (ssNMR) measurements with theo-

retical models of protein dynamics in the form of molecular dynamics (MD) simulations.

The sampling methodology, based on the widely described ensemble-restrained MD ap-

proach,33,184,189 was extended and applied to homo-oligomeric protein systems, by includ-

ing two layers of averaging (one among simulations evolving in parallel and another be-

tween the identical protomers conforming the quaternary assembly).

Using the structure of non-phosphorylated phospholamban pentamer in a DOPC/DOPE

bilayer as a model oligomeric system, an exhaustive calibration and validation of the sam-

pling approach has been conducted by means of the reference ensemble test.176,185 The

calibration revealed the importance of averaging the restraints at all possible levels (at
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the replica level as well as internally among the phospholamban protomers) in order to

achieve an optimal structural characterisation. More importantly, the results from the test

highlight the divergence in the structural ensembles generated by two different force fields

commonly employed in biomolecular simulations (AMBER99SB-ILDN279 and CHARMM36126).

The divergence between empirical force fields is a considerable limitation in the appli-

cation of theoretical sampling methods. Every force field has an intrinsic bias in their

parametrisation, which can lead to artefacts in the resulting structural ensembles. It is

impossible to know a priori which force field is most suitable to study a particular biomolec-

ular system, and it is likely that every possible option carries a high level of error when

compared to the experimental structural ensemble.132,133 The reference ensemble valida-

tion of pentameric phospholamban shows that CSA and DC restraints are able to over-

come force field biases in the description of topological dynamics (of orientational helical

angles) and general structural propensities (reported by intramolecular distances). In fact,

the results from the optimal restrained sampling setup reaches the statistical error limit in

sampling the ensemble, providing encouraging evidence that the inclusion of experimental

information can help overcome the intrinsic inaccuracies of empirical force fields in mem-

brane protein systems.

Further evidence of the structural accuracy provided by the restraints was obtained when

applying the experimental CSA and DC restraints to phospholamban. In unrestrained

simulations, the two force fields employed produce ensembles that are noticeably different

in their topological properties. This divergence is corrected when applying the experimen-

tal CSA and DC as restraints, always resulting in an increased similarity between the two

force fields. This convergence in the structural distributions is evidence that the restraints

are driving the sampling toward a single ensemble that is closer to the experimental one.

In some cases, such as in phosphorylated phospholamban, the resulting experimental en-

semble is considerably different to both unrestrained samplings, a result that highlights

the importance of including experimental information to achieve an accurate description

of biomolecular dynamics. The restraint-driven convergence of topological ensemble prop-

erties is also described in the influenza channel M2, demonstrating the general applicabil-
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ity of these methods to the study of different biological problems.

The accuracy of the experimentally-driven ensembles can be further validated by compar-

ing the results against orthogonal experimental data that were not included as restraints.

The ability to reproduce independent data is generally treated as evidence of ensemble

accuracy.154 In the case of the phospholamban pentamer there is an excellent agreement

between the back-calculated amide S2 order parameters and relaxation NMR measure-

ments,292 an agreement that is drastically improved by the inclusion of the restraints.

This supports the hypothesis that experimental restraints do not simply influence the de-

scription of a few highly correlated structural variables, but rather they provide an overall

improvement in defining the structural properties of the ensemble.

Finally, it is important to note that despite the high level of information carried by ex-

perimental CSA and DC, their detailed dynamical interpretation would be impossible

without the inclusion of theoretical methods such as MD. Traditionally, these data have

been fitted with static models to obtain a single optimal value for the helical crossing an-

gle.273,274 However, these models neglect the dynamical information encoded in the data,

and can yield wildly inaccurate results in situations of high topological heterogeneity. In-

deed, the application of this model to the CSA and DC of phosphorylated phospholamban

results in a crossing angle that is incompatible with the protein’s transmembrane fold. In

this case, only the incorporation of MD calculations can yield an accurate description of

the topological heterogeneity of the pentamer. The inclusion of dynamics is important

even in cases where the ensemble distributions correspond to the optimal topological an-

gle, since the MD sampling approach provides detailed information on the extent of the

fluctuations about that central angle.

Overall, the ssNMR-restrained MD samplings provide considerable evidence on the ability

of these experiments to correct the biases present in empirical force field models. The re-

sults from the generated ensembles also highlight the need to include the dynamical con-

siderations provided by MD in order to achieve a complete, detailed description of the

conformational heterogeneity in membrane protein structural ensembles.



148 Chapter 6. Discussion

6.2 Uncovering insights into membrane protein dy-

namics

6.2.1 Dynamical activation of PLN and its complex with SERCA

The role of phospholamban (PLN) as a modulator of the calcium pump SERCA is known

to be governed by a complex dynamical equilibrium.54 The application of the ssNMR-

driven MD sampling methodology to PLN revealed some interesting insights into the

behaviour of this crucial regulatory protein. The exhaustive structural ensembles gener-

ated for PLN in its pentameric state reveal a drastic conformational transition upon the

naturally-occurring phosphorylation at position 16 (pS16).

Specifically, the pentamer is activated by increasing its topological dynamics in its trans-

membrane helical bundle, with helices adopting a wide range of orientations with respect

to the membrane. This dynamical activation is manifested by the isotropic scaling of the

CSA and DC, and occurs at the longer timescales sampled by PISEMA experiments, in

the order of milliseconds. The faster (nanosecond) internal dynamics of the transmem-

brane segment of PLN are unaffected by phosphorylation, as evidenced by the amide S2

order parameters of the ensemble. The cytoplasmic domain Ia, on the other hand, dis-

plays increased dynamics in the nanosecond timescale. At the pentameric state, the mo-

tions of transmembrane and cytoplasmic segments of PLN are therefore coupled under

different timescales. This evidence could only be obtained through the application of de-

tailed, experimental dynamical models, and had been elusive in previous structural stud-

ies of the PLN pentamer, both experimental and theoretical.276,292,357,358 The importance

of such dynamical coupling between the transmembrane and cytoplasmic regions of PLN

has been shown to be important in the monomeric state, with important consequences in

the regulation of SERCA.359 In the pentameric case, the described dynamical activation

may play a role in the alteration of the equilibrium between monomeric and pentameric

species. Controlling the relative populations of each oligomeric species is a crucial step in

ensuring that the right concentration of free monomer is available to bind with SERCA,
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and therefore guaranteeing that the pump is not over- or under-regulated.276,360

The structural ensembles of the pentamer also allow for the evaluation of a previous hy-

pothesis regarding PLN: its ability to conduct calcium ions. Despite initial electrochem-

ical studies in favour of this hypothesis,288 other structural, biophysical and theoretical

studies have shown contradicting evidence.276,291,292,361 However, a complete evaluation of

the energetics involved in ion conductance requires a full dynamical description, since the

passage of ions could in principle be achieved through PLN populating transient confor-

mations with a more open quaternary pore, resulting in a lowered energy barrier for the

entry of Ca2+. In analysing the ensembles there were no such conformations that would

allow favourable ion passage through the pore. There are some distortions of the pore

achieved by a collective twisting of the transmembrane helices, which however retains the

major hydrophobic bottlenecks that impede ion passage. Even upon phosphorylation, the

characteristics of the pore are highly conserved, despite the large-scale dynamical activa-

tion observed. Overall, the PLN structural ensembles here described dismiss the possibil-

ity of favourable Ca2+ channelling through the quaternary pore of the pentameric assem-

bly.

In addition to studying the PLN pentamer, the experimentally restrained simulations

were applied to the challenging PLN-SERCA complex, a highly heterogeneous system

that exists in a variety of very slow interconverting states.54 Using information from CSA,

DC, PRE and crosslinking experiments, a full atomic-level structural complex of PLN-

SERCA was built and sampled in its B-state, where domain Ia of PLN adopts a fully dis-

ordered conformation that interacts with the cytoplasmic domains of SERCA. Indepen-

dent measurements of isotropic chemical shifts are in excellent agreement with the result-

ing structural ensemble of the complex, confirming the disordered nature of domain Ia.

The main feature of the PLN-SERCA ensemble is a great degree of heterogeneity in the

cytoplasmic interaction surface of the proteins. Domain Ia of PLN retains an unstruc-

tured conformation, establishing fuzzy contacts across two of the cytoplasmic domains of

SERCA (N and P). The absence of a well-defined binding mode at the cytoplasmic in-
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terface is significant in the biological context of SERCA regulation. Transient disorder-

mediated complexes have been shown to provide functional advantages in situations where

a controlled and reversible regulation of protein activity is required.362 In contrast to a

highly structured strongly interacting complex, the transient contacts of phospholamban

can be readily modulated in response to external changes during the sequential phases

of the cardiac cycle, leading to a fast and direct impact in the allosteric regulation of

SERCA. The disordered, heterogeneous nature of domain Ia may also have implications

for its regulation through phosphorylation. Indeed, it has been shown that protein disor-

der plays a crucial role in the ability of residues to reversibly undergo this type of post-

translational modifications.363

A crucial driving factor in the cytoplasmic interaction of SERCA and PLN are electro-

static forces. The exposed surface of interaction in SERCA features several patches of

strong charge, both positive and negative. Domain Ia of PLN shows prominent interac-

tions with those patches, primarily through positively charged arginine sidechains (R9

and the R13/R14 pair). Interestingly, these positions are both affected by pathological

mutations, in the form of R9C and R14del,306,307 suggesting that pathology may arise

from a disruption of the SERCA-PLN complex leading to the misregulation of cardiac

contractility. Electrostatic interactions between the proteins still exhibit a heterogeneous

nature, with multiple distant sites (up to four in the case of R9) being contacted by PLN

throughout the ensemble. This promiscuity in the interactions of PLN may be further

promoted by the presence in SERCA of destabilising positive charges in close proximity

to the exposed negative patches of interaction. An electrostatic basis of interaction be-

tween SERCA and PLN also fits well with recent findings that oligonucleotides can dis-

rupt the PLN-SERCA complex, and fully restore SERCA activity.364 Indeed, the presence

of charge in the nucleotides was found to be essential for their activity.365 Having an accu-

rate atomic level description of the process, as provided by the ensembles here described,

can be an important step toward the rational design of such therapeutic strategies.
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6.2.2 Conformational dynamics and hydration properties of the

M2 influenza channel

The dynamics of the M2 proton channel from influenza have been the subject of many

studies, due to their essential role in the development and spreading of the disease. A

complete molecular understanding of the mechanism of proton transport by M2 must

bring together elements from experimental and modelling studies, due to the complexity

of the process and high-resolution detail required to describe the molecular interactions

involved. In this work, a dataset of CSA and DC measured in aligned phospholipid bilay-

ers was employed to obtained experimentally-guided structural ensembles of M2.

The analysis of the M2 channel profile revealed an overall narrow pore, with a central

cavity that is primarily delimited by two gates formed by the sidechains of residues V27

and H37. The C-terminal bottleneck is formed by the highly conserved histidine residue

known to be the main responsible for pH sensing and proton conductance,366 whereas the

N-terminal gate is subject to a mutation, V27A, that confers resistance to adamantane

drugs.367 Replacing the pore-facing valine sidechains with smaller alanine is likely to dis-

rupt the entry gate of the channel, enabling a higher degree of solvent diffusion into the

pore’s inner cavity.

The ensembles generated in this work revealed some topological motions of the transmem-

brane helices, which were correlated to considerable changes in the radius of the pore.

The rearrangements of helical orientations leads to a low populated subset of structures

that feature an exceptionally tightly packed quaternary interface, drastically reducing the

accessibility of the channel to the solvent and imposing additional barriers to proton dif-

fusion. More drastic topological motions have indeed been suggested to occur (with the

opposite effect) as a result of lowering the pH, which would render the channel active by

relieving the primary bottlenecks of the pore.324

The analyses of M2 also provided insights into the structure of water molecules within the

transmembrane pore. The computation of water densities revealed the presence of several
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highly structured clusters of water in the inner cavity delimited by V27 and H37. This

increased density of water molecules correlates well with observations of electron density

from water molecules at those positions in several crystal structures of the channel.314,368

This ordering of water within the M2 pore has been described by other simulation studies,

which point toward an ice-like transition once water enters the pore.327,332,369

The ordered water clusters confined in the pore were found to be stabilised by a dense

network of hydrogen bonds, facilitated by interactions with protein chemical groups. Specif-

ically, the sidechain of S31 was found to establish prevalent hydrogen bonds associated

with the most water-dense clusters. The importance of this residue within the channel has

been previously described in relation to its binding to adamantane drugs, as it establishes

key interactions that are essential for drug binding,70,370 with water dynamics playing a

crucial role in mediating these interactions.371 These interactions are indeed disrupted in

the most widespread drug-resistant form of the virus, S31N.368

In addition to S31, the ordering of water molecules inside the cavity is facilitated by the

carbonyl group of G34, the residue that induces the topological kink in the transmem-

brane helices. The interplay between this residue and water has indeed been evaluated by

infrared spectroscopy.372 These experimental studies demonstrate an overall rigidity in the

structure of water at high pH when the channel is inactive, which is relieved when lower-

ing the pH. Hydrogen bonds between G34 and water have also been shown to be highly

prevalent in simulation studies.332

The M2 channel is an excellent example of a membrane protein system where collective

dynamics play a crucial role in its function. The inclusion of experimental observables

into molecular models provides an increased level of accuracy in describing the conforma-

tional fluctuations of the channel, which are heavily influenced by transmembrane helical

reorientations. In this context, the information provided by aligned ssNMR experiments

under different conditions would be highly valuable in elucidating the details of the proton

conductance mechanism by M2.
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6.2.3 Allosteric motions revealed in the IL-8 receptor CXCR1

A very prominent class of membrane proteins is formed by G-protein coupled receptors

(GPCRs). These molecules are involved in a wide range of biological functions, and their

misbehaviour often leads to disease. They have been the subject of much structural and

biochemical study, and are currently the major class of proteins targeted therapeutically.43

Recent developments in solid-state NMR allowed the measurement of dipolar couplings

(DCs) for the GPCR CXCR1 in rotationally aligned (RA) samples.81 These DCs were

here employed to generate an experimentally-driven structural ensemble of the chemokine

receptor CXCR1.

In its ligand-free form, the CXCR1 ensemble is characterised by considerable conforma-

tional fluctuations, particularly regarding the topological orientations of transmembrane

helices. All helices in the structure exhibit some degree of kinking about residues that

serve as flexible hinges for helical reorientation. The observed topological motions of he-

lices are found to be mostly codependent with one another, resulting in collective motions

along the hydrophobic interfaces of the transmembrane helices. An example of such a

collective motion involving helices 5 and 6 was outlined, highlighting its consequences in

the conformational rearrangements of intra- and extracellular loops, which are the sur-

face exposed regions of the GPCR that interact with the G-protein and the ligand respec-

tively.352

In proteins, these global structural rearrangements are generally facilitated via an al-

losteric communication network, an evolved series of interactions that connect distant

parts of the protein.354 Using the information from the DC-driven structural ensembles,

the allosteric network of CXCR1 was modelled employing mathematical methods from

the field of graph theory. These analyses revealed that helical kinks (particularly those of

helices 3 and 5) are crucial points in the communication network, establishing long-range

connections between distant regions of the receptor. These kinks in fact hold a central po-

sition in the optimal communication pathways between intra- and extracellular loops (as

illustrated with intracellular loop 3 and extracellular loop 2). The central role of kinks in
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connecting the two faces of the receptor points to an important functional role of these

hinges in allosterically relaying the molecular signal after ligand binding. In fact, topo-

logical reorientations of helices have been observed when comparing experimental struc-

tures of active and inactive GPCRs.373 Other studies point at the conservation of kink-

inducing proline residues in GPCR families,374 as well as the more general conservation

and evolution of structural kinks as a means of functional diversification.351 Mutations of

residues associated with helical kinks have also been shown to have an effect in the activ-

ity of GPCRs.375

The experimentally-driven ensembles of CXCR1 provide an atomic level description of the

allosteric mechanisms of GPCRs that result from their topological flexibility. Given the

high degree of orientational information that DCs carry, their inclusion into theoretical

models was essential to achieve an accurate description of the process. Applying these

sampling methodologies to other GPCRs could allow the identification of their unique

structural and topological properties in relation to their specific biological roles.

6.3 Future perspectives

The work outlined in this thesis resulted in some encouraging results and marks more

than one avenue forward to expand the present research into the study of membrane pro-

tein dynamics.

With regards to accurately modelling chemical shifts in folded proteins, I have shown that

a relatively accurate model can be built by only considering protein sequence. In fact, this

model improves the accuracy of Camshift, the only method currently available to per-

form dynamical refinements in proteins. The inclusion of structural information into the

PROSECCOFOLDED framework could therefore greatly enhance the accuracy of the CS

models available for MD-based ensemble calculations. A common limitation to the em-

ployment of experimental terms as restraints in theoretical calculations is that the struc-

tural model of the observable must be differentiable with respect to the atomic Cartesian
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coordinates. Incorporating structural terms such as interatomic angles or distances into

the PROSECCOFOLDED neural network would yield an accurate, differentiable model that

can be employed in such refinements.

The application of orientational ssNMR data (CSA and DCs) in MD samplings of mem-

brane protein ensembles has here been greatly advanced. The biological systems here

studied are considerably greater in size and complexity than any of the previously ad-

dressed.201 The advances in oriented ssNMR272 as well as the development of new method-

ologies to recover CSA and DC from magic-angle-spinning ssNMR samples376 is an en-

couraging step toward the further applicability of these data in determining structural

ensembles of important membrane protein systems.

In a wider context, the results from this investigation advocate for the integration of ex-

perimental data into theoretical models of protein dynamics. The two have been shown

to highly benefit from each other: experimental information can improve the accuracy in

the description provided by theoretical models, whereas theoretical models can provide a

high level of detail into protein dynamics, and are often necessary for the correct inter-

pretation of the data. In coming years, modelling tools such as molecular dynamics will

only become more accessible as a result of the increase in overall computational power.

Finally, the insights gained from integrating theory and experiments can be fed back into

the models a posteriori, assisting in the re-parametrisation of empirical force fields.

Going beyond the scope of biomolecular dynamics, we are experiencing a drastic increase

in the transfer of knowledge between different disciplines of science. This new era of sci-

entific research is an exciting place for experiments and theory not only to coexist, but to

complement each other. It is by integrating all of our available tools and information that

we can be strongest in facing the complex challenge of understanding nature.
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125 Mickaël Lelimousin, Vittorio Limongelli, and Mark S. P. Sansom. Conformational Changes in the Epi-
dermal Growth Factor Receptor: Role of the Transmembrane Domain Investigated by Coarse-Grained
MetaDynamics Free Energy Calculations. Journal of the American Chemical Society, 138(33):10611–
10622, aug 2016.

126 Jing Huang and Alexander D. MacKerell. CHARMM36 all-atom additive protein force field: Valida-
tion based on comparison to NMR data. Journal of Computational Chemistry, 34(25):2135–2145, sep
2013.

127 Paul Robustelli, Kate A. Stafford, and Arthur G. Palmer III. Interpreting protein structural dynamics
from NMR chemical shifts. J Am Chem Soc, 134(14):6365–6374, 2012.

128 Kyle A. Beauchamp, Yu-Shan Lin, Rhiju Das, and Vijay S. Pande. Are Protein Force Fields Getting
Better? A Systematic Benchmark on 524 Diverse NMR Measurements. Journal of Chemical Theory
and Computation, 8(4):1409–1414, apr 2012.

129 S. Piana, K. Lindorff-Larsen, and D. E. Shaw. Protein folding kinetics and thermodynamics from
atomistic simulation. Proceedings of the National Academy of Sciences, 109(44):17845–17850, oct 2012.

130 M. B. Prigozhin and M. Gruebele. Microsecond folding experiments and simulations: a match is made.
Physical Chemistry Chemical Physics, 15(10):3372, 2013.

131 Filip Persson and Bertil Halle. Transient Access to the Protein Interior: Simulation versus NMR.
Journal of the American Chemical Society, 135(23):8735–8748, jun 2013.

132 Oliver F. Lange, David van der Spoel, and Bert L. de Groot. Scrutinizing Molecular Mechanics Force
Fields on the Submicrosecond Timescale with NMR Data. Biophysical Journal, 99(2):647–655, jul
2010.

133 Pedro E. M. Lopes, Olgun Guvench, and Alexander D. MacKerell. Current Status of Protein Force
Fields for Molecular Dynamics Simulations. In Molecular Modeling of Proteins, pages 47–71. Springer,
2015.

134 Evan S. O’Brien, A. Joshua Wand, and Kim A. Sharp. On the ability of molecular dynamics force
fields to recapitulate NMR derived protein side chain order parameters. Protein Science, 25(6):1156–
1160, jun 2016.

135 Kalliopi K. Patapati and Nicholas M. Glykos. Three Force Fields’ Views of the 310 Helix. Biophysical
Journal, 101(7):1766–1771, oct 2011.

136 Kresten Lindorff-Larsen, Paul Maragakis, Stefano Piana, Michael P. Eastwood, Ron O. Dror, and
David E. Shaw. Systematic Validation of Protein Force Fields against Experimental Data. PLoS
ONE, 7(2):e32131, feb 2012.

137 Peter L. Freddolino, Sanghyun Park, Benôıt Roux, and Klaus Schulten. Force Field Bias in Protein
Folding Simulations. Biophysical Journal, 96(9):3772–3780, may 2009.

138 Stefano Piana, John L Klepeis, and David E Shaw. Assessing the accuracy of physical models used in
protein-folding simulations: quantitative evidence from long molecular dynamics simulations. Current
Opinion in Structural Biology, 24:98–105, feb 2014.

139 Alpan Raval, Stefano Piana, Michael P. Eastwood, Ron O. Dror, and David E. Shaw. Refinement
of protein structure homology models via long, all-atom molecular dynamics simulations. Proteins:
Structure, Function, and Bioinformatics, pages n/a–n/a, 2012.

140 Wei Wang, Wei Ye, Cheng Jiang, Ray Luo, and Hai-Feng Chen. New force field on modeling intrinsi-
cally disordered proteins. Chemical biology & drug design, 84(3):253–69, sep 2014.

141 Dong Song, Ray Luo, and Hai-Feng Chen. The IDP-Specific Force Field ff14IDPSFF Improves the
Conformer Sampling of Intrinsically Disordered Proteins. Journal of Chemical Information and Model-
ing, 57(5):1166–1178, may 2017.

142 Robert B. Best, Wenwei Zheng, and Jeetain Mittal. Balanced ProteinWater Interactions Improve
Properties of Disordered Proteins and Non-Specific Protein Association. Journal of Chemical Theory
and Computation, 10(11):5113–5124, nov 2014.

143 Stefano Piana, Alexander G. Donchev, Paul Robustelli, and David E. Shaw. Water Dispersion Interac-
tions Strongly Influence Simulated Structural Properties of Disordered Protein States. The Journal of
Physical Chemistry B, 119(16):5113–5123, apr 2015.



164 BIBLIOGRAPHY

144 Alexander P. Lyubartsev and Alexander L. Rabinovich. Force Field Development for Lipid Membrane
Simulations. Biochimica et Biophysica Acta (BBA) - Biomembranes, 1858(10):2483–2497, oct 2016.

145 Ryan W Benz, Francisco Castro-Román, Douglas J Tobias, and Stephen H White. Experimental
validation of molecular dynamics simulations of lipid bilayers: a new approach. Biophysical journal,
88(2):805–17, feb 2005.
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170 Konstantin Berlin, Carlos A Castañeda, Dina Schneidman-Duhovny, Andrej Sali, Alfredo Nava-Tudela,
and David Fushman. Recovering a representative conformational ensemble from underdetermined
macromolecular structural data. Journal of the American Chemical Society, 135(44):16595–609, nov
2013.
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Stefan Becker, Jens Meiler, Helmut Grubmüller, Christian Griesinger, and Bert L de Groot. Recog-
nition dynamics up to microseconds revealed from an RDC-derived ubiquitin ensemble in solution.
Science (New York, N.Y.), 320(5882):1471–5, jun 2008.

178 Kresten Lindorff-Larsen, Sigridur Kristjansdottir, Kaare Teilum, Wolfgang Fieber, Christopher M.
Dobson, Flemming M. Poulsen, and Michele Vendruscolo. Determination of an Ensemble of Structures
Representing the Denatured State of the Bovine Acyl-Coenzyme A Binding Protein. Journal of the
American Chemical Society, 126(10):3291–3299, mar 2004.

179 Matthew M Dedmon, Kresten Lindorff-Larsen, John Christodoulou, Michele Vendruscolo, and Christo-
pher M Dobson. Mapping long-range interactions in alpha-synuclein using spin-label NMR and en-
semble molecular dynamics simulations. Journal of the American Chemical Society, 127(2):476–7, jan
2005.

180 Jane R. Allison, Peter Varnai, Christopher M. Dobson, and Michele Vendruscolo. Determination of the
Free Energy Landscape of α-Synuclein Using Spin Label Nuclear Magnetic Resonance Measurements.
Journal of the American Chemical Society, 131(51):18314–18326, dec 2009.

181 Carlo Camilloni, Andrea Cavalli, and Michele Vendruscolo. Replica-Averaged Metadynamics. Journal
of Chemical Theory and Computation, 9(12):5610–5617, dec 2013.

182 Carlo Camilloni and Michele Vendruscolo. Statistical mechanics of the denatured state of a protein
using replica-averaged metadynamics. Journal of the American Chemical Society, 136(25):8982–91,
2014.

183 Daniele Granata, Fahimeh Baftizadeh, Johnny Habchi, Celine Galvagnion, Alfonso De Simone, Carlo
Camilloni, Alessandro Laio, and Michele Vendruscolo. The inverted free energy landscape of an intrin-
sically disordered peptide by simulations and experiments. Scientific Reports, 5(1):15449, dec 2015.



166 BIBLIOGRAPHY

184 Carlo Camilloni, Paul Robustelli, Alfonso De Simone, Andrea Cavalli, and Michele Vendruscolo. Char-
acterization of the Conformational Equilibrium between the Two Major Substates of RNase A Using
NMR Chemical Shifts. Journal of the American Chemical Society, 134(9):3968–3971, mar 2012.

185 Alfonso De Simone, Rinaldo W Montalvao, and Michele Vendruscolo. Determination of Conforma-
tional Equilibria in Proteins Using Residual Dipolar Couplings. Journal of chemical theory and compu-
tation, 7(12):4189–4195, dec 2011.

186 Alfonso De Simone, Rinaldo W. Montalvao, Christopher M. Dobson, and Michele Vendruscolo.
Characterization of the Interdomain Motions in Hen Lysozyme Using Residual Dipolar Couplings
as Replica-Averaged Structural Restraints in Molecular Dynamics Simulations. Biochemistry,
52(37):6480–6486, sep 2013.

187 Rinaldo W. Montalvao, Alfonso De Simone, and Michele Vendruscolo. Determination of structural
fluctuations of proteins from structure-based calculations of residual dipolar couplings. Journal of
Biomolecular NMR, 53(4):281–292, aug 2012.

188 Daniela Bonetti, Carlo Camilloni, Lorenzo Visconti, Sonia Longhi, Maurizio Brunori, Michele Vendr-
uscolo, and Stefano Gianni. Identification and Structural Characterization of an Intermediate in the
Folding of the Measles Virus X Domain. Journal of Biological Chemistry, 291(20):10886–10892, may
2016.

189 Alfonso De Simone, Anne Dhulesia, Gemma Soldi, Michele Vendruscolo, Shang-Te Danny Hsu, Fab-
rizio Chiti, and Christopher M Dobson. Experimental free energy surfaces reveal the mechanisms
of maintenance of protein solubility. Proceedings of the National Academy of Sciences of the United
States of America, 108(52):21057–62, dec 2011.

190 Philipp Neudecker, Paul Robustelli, Andrea Cavalli, Patrick Walsh, Patrik Lundström, Arash Zarrine-
Afsar, Simon Sharpe, Michele Vendruscolo, and Lewis E. Kay. Structure of an Intermediate State in
Protein Folding and Aggregation. Science (New York, N.Y.), 336(6079):362–366, 2012.

191 Hoi Tik Alvin Leung, Predrag Kukic, Carlo Camilloni, Francesco Bemporad, Alfonso De Simone,
Francesco A. Aprile, Janet R. Kumita, and Michele Vendruscolo. NMR characterization of the con-
formational fluctuations of the human lymphocyte function-associated antigen-1 I-domain. Protein
Science, 23(11):1596–1606, nov 2014.

192 Predrag Kukic, Carlo Camilloni, Andrea Cavalli, and Michele Vendruscolo. Determination of the in-
dividual roles of the linker residues in the interdomain motions of calmodulin using NMR chemical
shifts. Journal of molecular biology, 426(8):1826–38, apr 2014.

193 Predrag Kukic, Hoi Tik Alvin Leung, Francesco Bemporad, Francesco A. Aprile, Janet R. Kumita,
Alfonso De Simone, Carlo Camilloni, and Michele Vendruscolo. Structure and Dynamics of the Inte-
grin LFA-1 I-Domain in the Inactive State Underlie its Inside-Out/Outside-In Signaling and Allosteric
Mechanisms. Structure, 23(4):745–753, apr 2015.

194 Predrag Kukic, Patrik Lundström, Carlo Camilloni, Johan Evenäs, Mikael Akke, and Michele Vendrus-
colo. Structural Insights into the Calcium-Mediated Allosteric Transition in the C-Terminal Domain of
Calmodulin from Nuclear Magnetic Resonance Measurements. Biochemistry, 55(1):19–28, jan 2016.

195 Alfonso De Simone, Francesco a Aprile, Anne Dhulesia, Christopher M Dobson, and Michele Vendr-
uscolo. Structure of a low-population intermediate state in the release of an enzyme product. eLife,
4:1–13, 2015.

196 James M. Krieger, Giuliana Fusco, Marc Lewitzky, Philip C. Simister, Jan Marchant, Carlo Camilloni,
Stephan M. Feller, and Alfonso De Simone. Conformational Recognition of an Intrinsically Disordered
Protein. Biophysical Journal, 106(8):1771–1779, apr 2014.

197 Domenico Sanfelice, Alfonso De Simone, Andrea Cavalli, Serena Faggiano, Michele Vendruscolo, and
Annalisa Pastore. Characterization of the Conformational Fluctuations in the Josephin Domain of
Ataxin-3. Biophysical Journal, 107(12):2932–2940, dec 2014.

198 Arvind Kannan, Carlo Camilloni, Aleksandr B Sahakyan, Andrea Cavalli, and Michele Vendruscolo.
A conformational ensemble derived using NMR methyl chemical shifts reveals a mechanical clamp-
ing transition that gates the binding of the HU protein to DNA. Journal of the American Chemical
Society, 136(6):2204–7, feb 2014.

199 Aditi N. Borkar, Michael F. Bardaro, Carlo Camilloni, Francesco A. Aprile, Gabriele Varani, and
Michele Vendruscolo. Structure of a low-population binding intermediate in protein-RNA recognition.
Proceedings of the National Academy of Sciences, 113(26):7171–7176, jun 2016.

200 Sunhwan Jo and Wonpil Im. Transmembrane helix orientation and dynamics: Insights from ensemble
dynamics with solid-state NMR observables. Biophysical Journal, 100(12):2913–2921, 2011.

201 Alfonso De Simone, Kaustubh R Mote, and Gianluigi Veglia. Structural dynamics and conformational
equilibria of SERCA regulatory proteins in membranes by solid-state NMR restrained simulations.
Biophysical journal, 106(12):2566–76, jun 2014.



BIBLIOGRAPHY 167

202 Martin Gustavsson, Nathaniel J. Traaseth, and Gianluigi Veglia. Probing ground and excited states
of phospholamban in model and native lipid membranes by magic angle spinning NMR spectroscopy.
Biochimica et Biophysica Acta (BBA) - Biomembranes, 1818(2):146–153, feb 2012.

203 Alfonso De Simone, Martin Gustavsson, Rinaldo W. Montalvao, Lei Shi, Gianluigi Veglia, and Michele
Vendruscolo. Structures of the excited states of phospholamban and shifts in their populations upon
phosphorylation. Biochemistry, 52:6684–6694, 2013.

204 Xi Cheng, Sunhwan Jo, Yifei Qi, FrancescaM. Marassi, and Wonpil Im. Solid-State NMR-Restrained
Ensemble Dynamics of a Membrane Protein in Explicit Membranes. Biophysical Journal, 108(8):1954–
1962, 2015.

205 Jeffrey C. Hoch, Christopher M. Dobson, and Martin Karplus. Fluctuations and averaging of proton
chemical shifts in the bovine pancreatic trypsin inhibitor. Biochemistry, 21(6):1118–1125, mar 1982.

206 Adrian M. Lee and Ryan P. A. Bettens. First Principles NMR Calculations by Fragmentation. The
Journal of Physical Chemistry A, 111(23):5111–5115, jun 2007.

207 J. A. Vila, J. M. Aramini, P. Rossi, A. Kuzin, M. Su, J. Seetharaman, R. Xiao, L. Tong, G. T. Monte-
lione, and H. A. Scheraga. Quantum chemical 13C chemical shift calculations for protein NMR struc-
ture determination, refinement, and validation. Proceedings of the National Academy of Sciences,
105(38):14389–14394, sep 2008.

208 J. A. Vila, Y. A. Arnautova, O. A. Martin, and H. A. Scheraga. Quantum-mechanics-derived 13C
chemical shift server (CheShift) for protein structure validation. Proceedings of the National Academy
of Sciences, 106(40):16972–16977, oct 2009.

209 Frans A A Mulder and Michael Filatov. NMR chemical shift data and ab initio shielding calculations:
emerging tools for protein structure determination. Chemical Society reviews, 39(2):578–90, feb 2010.

210 Tong Zhu, John Z. H. Zhang, and Xiao He. Quantum Calculation of Protein NMR Chemical Shifts
Based on the Automated Fragmentation Method. In Advance in Structural Bioinformatics, pages 49–
70. Springer, 2015.

211 Jodi Kraus, Rupal Gupta, Jenna Yehl, Manman Lu, David A. Case, Angela M. Gronenborn, Mikael
Akke, and Tatyana Polenova. Chemical Shifts of the Carbohydrate Binding Domain of Galectin-3 from
Magic Angle Spinning NMR and Hybrid Quantum Mechanics/Molecular Mechanics Calculations. The
Journal of Physical Chemistry B, 122(11):2931–2939, mar 2018.
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Oldfield, Maria Cristina Aspromonte, Norman E. Davey, Radoslav Davidović, Zsuzsanna Dosztányi,
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