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Title:

Hydrodynamic effect on β -amyloid peptide aggregation

Abstract:

The self-assembly of misfolded amyloid-β (Aβ1-40/1-42) proteins into insoluble fibrils
is strongly linked to the pathogenesis of Alzheimer’s disease (AD). The development of
new drugs requires the understanding of the mechanisms leading to fibril formation, and
the knowledge of the dynamics and structures of the early metastable oligomers which
are the main neurotoxic species. Because atomistic simulations in explicit solvent cannot
be performed on very large systems for a significant time scale, we resort to a coarse
grained (CG) protein model with an implicit solvent. Our investigation enlightens the
role of hydrodynamic interactions (HI) in the kinetics of β -amyloidogenesis, interactions
which are essential, when an implicit solvent is used, to model processes occurring in
highly crowded like-cell environments, among others.

Our approach is based on a multi-scale and multi-physics method that couples Lattice
Boltzmann and Molecular Dynamics (LBMD) techniques. In our scheme the solvent-
mediated interactions are included naturally. As a first step, we focus on Aβ (16-22)
peptide, known to form amyloid fibril alone, and we adopt the high resolution CG OPEP
(Optimized Potential for Efficient Protein structure prediction) model, developed in our
laboratory. For the first time, we have performed quasi-all-atom simulations for very
large systems containing thousands of Aβ (16-22) peptides. After the correct tuning of
the key parameters of our coupling in order to obtain the experimental diffusivity of
Aβ (16-22) monomer and small oligomers, we have demonstrated that HI speed up the
aggregation process of medium (100 peptides) and large (1000 peptides) systems. A
detailed characterization of the fluctuating clusters along the trajectories is presented
in terms of their sizes and the structural organization of the peptides. Finally, we have
investigated how changes in the concentration affect the early aggregation phase of the
peptides and their structures.

Keywords:

Alzheimer’s disease, Biophysics, Amyloid A, Hydrodynamic effect, Lattice Bolztmann
Molecular Dynamics, Multiscale and multiphysical method, early stage of aggregation,
Oligomers.

Titre:

Effet hydrodynamique sur l’agrégation des peptides β -amyloïde
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Résumé:

Un fait marquant et essentiel de la maladie neurodégénérative d’Alzheimer est la for-
mation de plaques amyloïdes dans le cerveau, résultat de l’agrégation des protéines
amyloïde-β (Aβ1-40/1-42). Le développement de nouveaux médicaments requiert la
compréhension des mécanismes de formation des fibres amyloïdes et la connaissance de
la structure et dynamique des oligomères métastables qui sont les vecteurs principaux de
la neurotoxicité. Parce que les simulations atomistiques en solvant explicite ne peuvent
pas être réalisées sur de grands systémes pour des temps très longs, nous avons opté
pour un modèle protéique gros grain (CG) avec un solvant implicite. Nous nous sommes
intéressés dans ces travaux de thése à clarifier le rôle d’interactions hydrodynamiques
(HI) dans la dynamique de formation des agrégats du peptide Aβ (16-22), connu pour
former également des fibres amyloïdes. Ces interactions sont essentielles pour mod-
éliser, dans un solvant implicite, les processus se produisant dans des environnements
cellulaires très encombrés. Notre approche est basée sur une méthode multi-échelle et
multi-physique qui couple les techniques Lattice Boltzmann et de dynamique moléculaire
(LBMD). Dans notre système, les interactions médiées par le solvant aqueux sont incluses
naturellement. Pour le système moléculaire, nous avons choisi le modèle gros grain à
haute résolution OPEP (Optimized Potential for Efficient Protein structure prediction).
Pour la première fois, nous avons effectué des simulations quasi tout-atome pour de très
grands systèmes contenant des milliers de peptides Aβ ( 16-22). Après avoir correctement
réglé le paramètre clé de notre couplage afin d’obtenir la diffusivité expérimentale des
monomères et des oligomères du peptide Aβ ( 16-22), nous avons démontré que les HI
accélèrent le processus d’agrégation pour des systèmes de taille moyenne (100 Aβ (
16-22) peptides) et grande (1000 Aβ (16-22) peptides). Une caractérisation détaillée de
la taille des clusters et de l’organisation structurelle des peptides est présentée. Enfin,
nous avons examiné comment la concentration affecte la première phase d’agrégation
des peptides et leurs structures.

Mots clefs:

Alzheimer’s disease, Biophysique, Amyloïde A, Effet hydrodynamique, Lattice Bolzt-
mann Molecular Dynamics, Méthode multiéchelle et multiphysique, Première étape de
l’agrégation, Oligomères.
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Preface

This Thesis is organized as follows:

Chapter 1: We discuss what is already known about amyloid formation and the struc-
tures of species ranging from monomers to fibrils;

Chapter 2: We present our multi-physics and multi-scale method, coupling Lattice
Boltzmann with Molecular Dynamics technique (LBMD), that allows to include naturally
the hydrodynamic interactions;

Chapter 3: We show the results of our LBMD simulations on Aβ (16-22) peptide
aggregation. A related publication is:

• M. Chiricotto, S. Melchionna, P. Derreumaux, F. Sterpone "Hydrodynamic effects
on β -amyloid(16-22) peptide aggregation", The Journal of Chemical Physics 145
3 (2016): 035102

Chapter 4: We present the results of simulations involving massive systems (1000
Aβ (16-22) peptides). We also discuss the effect the concentration and provide a qualita-
tive description of the effect of the drag force.

Chapter 5: We present our main final conclusions and on-going projects. Related
publications are:

• M. Chiricotto, T.T. Tran, P.H. Nguyen, F. Sterpone, P. Derreumaux "Coarse-
grained and all-atom simulations towards the early and late steps of amyloid fibril
formation", Israel Journal of Chemistry (2016) (doi:10.1002/ijch.201600048).

• M. Chiricotto, F. Sterpone, P. Derreumaux, S. Melchionna "Multiscale simulation
of molecular processes in cellular environments", Philosophical Transactions A In
press (2016).



Contents

1 Introduction 1
1.1 Protein misfolding and Amyloidoses . . . . . . . . . . . . . . . . . . . 1

1.1.1 Alzheimer’s disease . . . . . . . . . . . . . . . . . . . . . . . 6
1.2 Kinetics of amyloid fibril formation . . . . . . . . . . . . . . . . . . . 11
1.3 Structures of amyloid aggregates . . . . . . . . . . . . . . . . . . . . . 15

1.3.1 Experimental studies . . . . . . . . . . . . . . . . . . . . . . . 15
1.3.2 Computational studies . . . . . . . . . . . . . . . . . . . . . . 21

1.4 Aims of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2 Computational methods 28
2.1 Coarse graining . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.2 Coarse-Grained protein models for protein folding and amyloid formation 31

2.2.1 The OPEP protein model . . . . . . . . . . . . . . . . . . . . . 34
2.2.2 Energy function . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.3 Langevin Dynamics (LD) . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.3.1 Numerical integration of Langevin Dynamics . . . . . . . . . . 40

2.4 The Lattice Boltzmann Molecular Dynamics (LBMD) . . . . . . . . . . 41
2.4.1 Hydrodynamic interactions: Mesoscopic solvent models . . . . 41
2.4.2 The Lattice Boltzmann method . . . . . . . . . . . . . . . . . . 42
2.4.3 Coupling OPEP to Lattice Boltzmann . . . . . . . . . . . . . . 46

2.5 Multi-time and space resolution . . . . . . . . . . . . . . . . . . . . . 50

3 Hydrodynamic effect on amyloid-β aggregation 51
3.1 Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.2 Tuning the key parameters of LBMD . . . . . . . . . . . . . . . . . . . 52
3.3 Effect of hydrodynamic interaction on amyloid aggregation . . . . . . . 54
3.4 Multi-time and space resolution: Scaling law . . . . . . . . . . . . . . 54
3.5 System 100 Aβ (16-22) . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.5.1 Prolonged simulations: system 100 Aβ (16-22) . . . . . . . . . 64
3.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67



viii Contents

4 Toward massive systems 68
4.1 The system of 1000 Aβ (16-22) peptides . . . . . . . . . . . . . . . . . 68
4.2 Concentration effect on the early aggregation phase . . . . . . . . . . . 75
4.3 Probing long time aggregation . . . . . . . . . . . . . . . . . . . . . . 79
4.4 The drag force of the hydrodynamic field . . . . . . . . . . . . . . . . 81
4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
Appendix:The performance of LBMD on parallel machines . . . . . . . . . . 88

5 Conclusions 91
5.1 On-going projects and perspectives . . . . . . . . . . . . . . . . . . . . 93

List of Publications 96

Bibliography 131



Chapter 1

Introduction

1.1 Protein misfolding and Amyloidoses

The ability of proteins to fold from the linear sequence of amino acid to a functional
conformation is one of the most important biological processes. A broad range of human
diseases arises from the failure of a specific protein to adopt, or remain in, its native
functional conformational state. These pathological conditions are generally referred to
as protein misfolding (or protein conformational) diseases. Among these, the amyloid
diseases or amyloidoses are associated with the aggregation of a soluble misfolding
protein into insoluble highly organized aggregates, named amyloid fibrils, when they
accumulate extracellularly or within ’intracellular inclusions’ [1]. The name amyloid
was first introduced by M. Schleiden, a German botanist, to describe a normal amyla-
ceous constituent of plants. Subsequently, in 1854, the term was used, incorrectly, by
R. Wirchow to describe “cerebral corpora amylacea” in abnormal human brains, after
having applied a staining method commonly used by botanists to demonstrate starch,
thus considered identical to plant starch. A few years later (1859) N. Friedreich and F.
A. Kekulé found that amyloid contained nitrogen and was composed of proteins rather
than of carbohydrates [2, 3]. Amyloids are defined histopathologically as extracellular,
proteinaceous deposits characterized by apple-green birefringence when stained with
Congo red and seen under polarized light. A more recent, broader definition includes any
polypeptide that polymerizes to form a cross-β structure, in vivo or in vitro. However,
some of these, although displaying cross-β sheet, do not show some classic histopatholog-
ical characteristics such as the Congo red birefringence [4, 5]. Observed by transmission
electron microscopy (TEM) or atomic force microscopy (AFM) amyloid fibrils are typ-
ically unbranched linear structures composed of filaments that are wrapped or twisted
with regular helicity.

Nowadays, over 50 human diseases are recognized to be associated with amyloido-
genesis (see Table 1.1), derived from a specific protein. Well-known examples are
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Figure 1.1 A sketch of proteins that form amyloid aggregates and fibrils, hallmarks of
several neurodegenerative diseases. Figure adapted from [6, 7]

Amyotrophic Lateral Sclerosis (ALS), Alzheimer, Parkinson, Huntington and prion dis-
eases and diabetes type II (Fig. 1.1) [8–10]. These diseases can be broadly grouped into:
(i) neurodegenerative, in which aggregation occurs in the brain, (ii) non-neuropathic
localized amyloidoses, in which aggregation occurs in a single type of tissue other than
the brain, and (iii) non-neuropathic systemic amyloidoses, in which aggregation occurs in
multiple tissues.

One of the most important findings in the amyloid field is that an increasing number
of proteins with different sequences and lengths assemble into amyloid fibrils. These
filaments are highly similar in their structures except for some variation in local packing
leading to morphological differences in, for example, twist and internal lateral packing of
β -sheets. This is referred to as polymorphism. Therefore, the ability to form amyloid
structures is not an unusual specific feature of a small number of proteins, but is a general
property of many different polypeptide chains [1, 11].

Interestingly, although amyloid formation can be toxic, it has been found recently
that some living organisms can take advantage of the inherent ability of proteins to form
such structures to generate novel and diverse biological functions [12–14]. Well-studied
example of functional amyloid is that of the proteinaceous fibrils formed from the protein
curlin that are used by Escherichia coli to colonize inert surfaces and mediate binding to
host proteins [15]. This result is a direct indication that even in higher organisms amyloid
formation can be physiologically useful for specific and specialized biological functions,
provided it is regulated and allowed to take place under highly controlled conditions [15].
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Table 1.1 A list of known diseases that are associated with the formation of extracellular
amyloid fibrils or intracellular inclusions with amyloid-like characteristics, along with
the specific proteins that in each case are the predominant components of the deposits.
See [1] for a more comprehensive list of the approximately 50 human protein misfolding
diseases and their associated proteins.

Disease Aggregating protein or
peptide

Polypeptide
length (number
of residues)

Structure of protein or
peptide

Neurodegenerative diseases

Alzheimer’s disease Amyloid-β peptide 37-43 Intrinsically disordered

Spongiform encephalopathies Prion protein or its
fragments

230 Intrinsically disordered
and α-helical

Parkinson’s disease α-synuclein 140 Intrinsically disordered

Amyotrophic lateral sclerosis Superoxide dismutase1 153 β -sheet and Ig-like

Huntington’s disease Huntingtin fragments Variable Mostly intrinsically
disordered

Familial amyloidotic polyneuropathy Transthyretin mutants 127 β -sheet

Non-neuropathic systemic amyloidosis

Amyloid light chain (AL) amyloidosis Immunoglobulin (Ig) light
chains or its fragments

∼90 β -sheet and Ig-like

Amyloid A (AA) amyloidosis Serum amyloid A1 protein
fragments

76-104 α-helical and unknown
fold

Senile systemic amyloidosis Wild-type transthyretin 127 β -sheet

Haemodialysis-related amyloidosis β2-microglobulin 99 β -sheet and Ig-like

Lysozyme amyloidosis Lysozyme mutants 130 α-helical and β -sheet

Non-neuropathic localized amyloidosis

Apolipoprotein A1 (Apo A-1)
amyloidosis

Apo A-1 fragments 80-93 Intrinsically disordered

Type II diabetes Amylin 37 Intrinsically disordered

Injection-localized amyloidosis Insulin 21 and 30 α-helical and insulin-like
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Figure 1.2 A schematic representation of the vast heterogeneity of the aggregates, that
can be adopted by any polypeptide chain. An amyloid fibril is just one form of aggregate,
but it is unique in having a highly organized ‘misfolded’ structure. Figure reprinted from
[1]
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In these research field, much remains unknown and is still the subject of intense
debates and questions regarding (i) the specific nature of the pathogenic species, and the
molecular basis of their ability to damage cells, (ii) the physical basis explaining their
aggregation, (iii) or why proteins and peptides with very different primary structures
aggregate and form amyloid fibrils with a common β -sheet core structure with similar
dimensions [16, 17].

Figure 1.3 Predicted costs of Alzheimer’s disease in the USA. Figure reprinted from [18].

To understand the way in which proteins either adopt the specific functional confor-
mations or instead misfold and form pathogenic aggregates such as amyloid fibrils, it
is crucial to investigate the nature and properties of the various states in which these
molecules can be found. This is a difficult task, because amyloid fibril formation is a
complex process, involving the formation of a wide range of aggregates such as, e.g.
unstructured oligomers and structured protofibrils. We are now able to rationalize some
of the issues regarding the molecular mechanism of amyloid formation, e.g., identify the
regions of the sequence that form and stabilize the fibril core and/or play a primary role in
fibril formation. Even though the ability to form amyloid fibrils seems to be generic, the
propensity to do so can vary between different sequences. The relative aggregation rates
for a wide range of peptides and proteins correlate with the physico-chemical features
of the molecules such as charge, secondary-structure propensities and hydrophobicity,
etc. Therefore, the state of a protein that is adopted under specific conditions depends
on the relative thermodynamic stabilities of the various accessible conformations and
on the kinetics of their interconversion (Fig. 1.2). In a globular protein the polypeptide
main chain and the hydrophobic side chains are largely buried within the folded structure.
Only when they are exposed (for example at low pH) or fragmented (for example, by
proteolysis), the aggregation into fibrils is possible.

Finally, although considerable progress has been made in the elucidation of amyloid
fibril properties at a molecular level, very little is still known about the structure of
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Figure 1.4 A)The growth in numbers of people with dementia (millions) in high income
(HIC) and low and middle income countries (LMIC) B)Ages of People with Alzheimer’s
Disease in the United States, 2015. Figure adapted from [21, 22].

the amyloid protofibrils and the early formed aggregates that play a key role in the
pathogenesis of the protein deposition diseases. In contrast, what is known is that,
in living systems, transitions between the different states are highly regulated by the
environment and by the presence of molecular chaperones, proteolytic enzymes and other
factors. Failure of such regulatory mechanisms is likely to be a major factor in the onset
and development of misfolding diseases.

1.1.1 Alzheimer’s disease

Alzheimer’s disease was first described in 1906 by a German physician, Alois Alzheimer
[19] at the meeting of South-West German Psychiatrists in Tübingen. He reported the
case of dementia in patient Auguste D., a 51-year-old woman, suffering from debilitating
memory loss, deficits, paranoia, and confusion. His report noted the presence of pro-
teinaceous deposits within the brain, called amyloid plaques. Indeed, these deposits were
named ’amyloid’ because they were found to stain with dyes that also stain for starch
(the Latin word for which is ‘amylum’). This report initially caused only little interest in
the community, despite an enthusiastic response from E. Kraepelin in 1910, that named
the associated disease "Alzheimer’s disease" [20].

The advances in healthcare have led to the increase of life expectancy, and to the
consequent increase of numbers of older persons. Population aging has become a
worldwide universal phenomenon: today there are almost 900 million people, which are
at least 60 years (see Figure 1.4) [23]. It has been estimated that there were 46.8 million
people living with dementia in 2015 and this number will almost double every 20 years,
reaching 80 million in 2040. In 2015, the number of new cases exceeded 9.9 million,
with a new case every 3.2 seconds [21, 22]. The financial burdens of this condition are
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enormous because of the need for continuous care of patients, often for years. In the
USA, for example, the costs of AD are estimated to approach $200 billion in 2015 and
are predicted to exceed $1 trillion by 2050 (see Fig. 1.3) [24, 25].

Alzheimer’s disease is marked primarily by memory loss and inability to form new
memories, but it can also impair language, higher thinking, visuospatial skills, and can
even cause personality changes and delusions. By erasing patient’s identities, memories,
and personalities, Alzheimer’s disease robs patients of their humanity, and is devastating
for the friends and family watching the disease evolution.

Figure 1.5 Cross sections of the
brain show atrophy, or shrinking, of
brain tissue caused by Alzheimer’s
disease. Figure reprinted from [26].

The brains of people with AD display high
content of two abnormal extracellular deposits of
β -amyloid (Amyloid plaques) and neurofibrillary
tangles, that are respectively composed of Aβ (1-
42) and Aβ (1-40) protein and the microtubule-
associated protein tau (hyperphosphorylated).

A large portion of the neuritic plaques is made
of amyloid fibrils and a poorly defined large array of
non-fibrillar forms of the β -amyloid protein. They
are prime suspects in cell death and tissue loss in
the Alzheimer brain [16]. As neurons die through-
out the brain, affected regions begin to shrink in
a process called brain atrophy. By the final stage
of AD, damage is widespread, and brain tissue has
shrunk significantly (see Fig. 1.5) [27–29]. The
typical clinical duration of the disease is eight to
ten years, with a range from one to 25 years. Approximately 4-8% of all AD is familial
(FAD) (i.e. more than one persons in a family have AD) of which approximately 95%
is late onset (age >60-65 years) and 5% is early onset (age <65 years). Nowadays, the
scientific community is still working on answering various questions, like: (i) what are
the causes leading to the primary stage, (ii) why the disease gets worse with aging, and
(iii) why some people suffer from AD while other are healthy.

The most influential model of the pathology and etiology of Alzheimer’s disease
(AD), named "Amyloid Cascade Hypothesis", ACH, was proposed over the last 25 years,
in 1992 by J. Hardy and G. Higgins [31] (see Fig. 1.6). They theorized that the deposition
of Aβ is the initial pathological event in AD, leading to the formation of extracellular
senile plaques (SP), tau-immunoreactive neurofibrillary tangles (NFT), neuronal loss,
and ultimately, clinical dementia. Aβ is the product of the large Amyloid Precursor
Protein (APP), ubiquitous type I transmembrane protein. APP undergoes a sequential
cleavage by proteases referred to as γ-secretase, α-secretase and BACE (β -secretase)
(Figure 1.7). The N-terminal fragments generated from this initial cleavage are called
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Figure 1.6 The amyloid cascade hypothesis posits that the deposition of the amyloid-β
peptide in the brain parenchyma is a crucial step that ultimately leads to Alzheimer’s
disease. Autosomal dominant mutations that cause early onset familial Alzheimer’s
disease (FAD) occur in three genes: presenilin 1 (PSEN1), PSEN2 and APP gene. This
hypothesis has been modified over the years as it has become clear that the correlation
between dementia or other cognitive alterations and amyloid-β accumulation in the brain
in the form of amyloid plaques is not linear. The concept of amyloid-β -derived diffusible
ligands or soluble toxic oligomers has been proposed to account for the neurotoxicity of
the amyloid-β peptide. These intermediary forms lie somewhere between free, soluble
amyloid-β monomers and insoluble amyloid fibrils, but the exact molecular composition
of these oligomers remains elusive. Toxic, soluble amyloid-β in different forms has
been isolated or it has been reconstituted in vitro under various experimental conditions.
The amyloid cascade hypothesis now suggests that synapto-toxicity and neurotoxicity
may be mediated by such soluble forms of multimeric amyloid-β peptide species. The
dynamic nature of these species and the poorly defined mechanism (or mechanisms) of
toxicity make this topic particularly controversial in the field. Given this uncertainty, we
prefer to use the term ’aggregate stress’ to describe the potential mechanisms that may
lead to amyloid-β aggregation, the formation of paired helical filaments (PHFs) of tau
aggregates and, ultimately, result in neuronal loss. Figure reprinted from [30].
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Figure 1.7 Amyloid β -protein generation by normal proteolytic processing of β -APP.
APP is shown at the top, with the β -amyloid region in red. Figure reprinted from [32].

sAPP-α and sAPP-β respectively, and the C-terminal fragments generated by α-secretase
and BACE cleavage are called C83 and C99 respectively. In both cases, the C-terminal
fragment undergoes a subsequent additional cleavage event by an enzyme complex called
γ-secretase.

This second cleavage results in a fragment called the AICD (APP Intra Cellular
domain), and either the p3 protein in the case of the α-secretase pathway or the β -
amyloid protein in the case of the BACE pathway. The predominant cleavage products
of γ-secretase, Aβ (1-42) and Aβ (1-40), are respectively 42 and 40 amino acids long,
Aβ (1-40) being less neurotoxic than Aβ (1-42) [33]. The human Aβ (1-42) wild-type
(WT) sequence is DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIA (see Fig. 1.8).
The Aβ (1-40) form is the more common of the two, but Aβ (1-42) is the most fibrillogenic
and is thus associated with disease states.

It has been recognized that familial forms of Alzheimer’s disease represent only a
small fraction of all cases and show an autosomal dominant pattern of inheritance, which
often results in early onset symptoms (in general between 40 and 65 years old). FAD
mutations occur on three genes (presenilin PSEN1 and PSEN2 genes and APP gene) from
which Aβ is processed. Therefore the gene encoding the β -amyloid precursor protein
(APP) and its localization to chromosome 21, coupled with the earlier recognition that
trisomy 21 (Downs syndrome) leads invariably to the neuropathology of AD, set the stage
for the hypothesis that Aβ accumulation is the primary event in AD pathogenesis. In
agreement with this, mutations in presenilin PS1 and PS2 promote generation of Aβ by
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Figure 1.8 The sites of β - and γ-secretase-mediated cleavage are indicated with arrows,
and the transmembrane domain of APP is highlighted in gray. (Top) γ-cleavage produces a
pool of Aβ fragments that vary in length and hydrophobicity. (Below) Familial Alzheimer
Diseases (FAD) mutation. Figure reprinted from [34].

Table 1.2 Overview of Established AD Genes influencing the Aβ production

Gene (and protein) Chromosomal
location

Total number of
pathogenic
mutations (affected
families)

Relevance to AD pathogenesis

APP (amyloid
precursor protein)

21q 21.3 29 (78) Increase in Aβ production or Aβ42/Aβ40 ratio;
mutations in the Aβ sequence or close to the β -
and γ-secretase site of APP; locus duplications

PSEN1 (presenilin 1) 14q24.3 166 (362) Increase in Aβ42/Aβ40 ratio; mutations
throughout molecule; enzymatic role in
gamma-secretase complex

PSEN2 (presenilin 2) 1q31-42 10 (18) Increase in Aβ42/Aβ40 ratio; mutations
throughout molecule; enzymatic role in
gamma-secretase

APOE (e4) 19q13 e4-allele Increase in Aβ42/Aβ40 aggregation; decrease
Aβ clearance

favouring proteolytic processing of APP by the secretases. These important observations
strongly support the amyloid hypothesis [35–37].

The Alzheimer’s therapy involves modulating the activity of β and γ secretases to
produce mainly Aβ (1-40). Aβ is destroyed by several amyloid-degrading enzymes
including neprilysin [38]. Finally, association between the apoE e4 allele with late-onset
AD is well documented. While the apolipoprotein E (apoE) transports cholesterol, apoE
regulates Aβ metabolism, aggregation, and deposition and competes with Aβ for cellular
uptake through apoE receptors (see Table 1.2).

Several revisions to the amyloid cascade hypothesis have been accepted by the
research community, without changing the initial hypothesis, i.e. amyloid-β is the
causative agent of AD. Some of the revisions are e.g. (i) it is now widely accepted that
low molecular weight aggregates are the most neurotoxic amyloid species rather than
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amyloid fibrils or amyloid plaques [39] leading some authors to refer to an "oligomer
cascade hypothesis"; (ii) the increase in Aβ production or Aβ (1-42)/Aβ (1-40) ratio
stabilizes toxic oligomeric play a key role in initiating AD [33, 40].

The amyloid cascade hypothesis is, however, unable to explain why AD is an age
related disease or why there are considerable vascular pathologies related to AD [41–
43, 32].

Although the concept of oligomer toxicity is increasingly accepted, the mechanism
of toxicity is still under debate, and the role of oligomers in the in vivo situation is
far from established. The toxicity mechanisms may also differ for extracellular and
intracellular oligomers. In Fig. 1.9 are shown several mechanisms of toxicity that have
been proposed for extracellular Aβ oligomers and can cause cell death or neuronal
impairment. These mechanisms involve direct receptor-interactions (e.g. prion, NMDA,
apoE and various actylcholine receptors), oxidative stress, alterations in membrane
permeability and deficiencies of the innate immune system, among others.

1.2 Kinetics of amyloid fibril formation

As we have discussed in the previous paragraph, the generation of toxic oligomers from
self-assembly of amyloid-β peptides is central feature of the onset and progression of
Alzheimer’s disease, but the detailed mechanism of the aggregation is still unknown.
A complete description of this fibril formation process requires identification of the
oligomeric species and conformational states present, the formation pathways as well as
quantification of the kinetic rate constants and reaction orders [47]. Studies in vitro of
kinetics of the fibril formation are normally monitored in experiments by fluorescence and
light scattering. More recently, techniques have been developed to directly monitor the
elongation of individual fibrils with AFM [48, 49], total internal reflection fluorescence
microscopy (TIRFM) [50, 51] and quartz crystal microbalance (QCM) sensors [52, 53].
We should clarify that in common experiments the kinetically relevant intermediates
can be transient, and with short lifetimes, or be poorly populated to be observed. Thus,
although the experimental methods provide a signal proportional to the amount of fibrils,
they do not give precise information about the transient metastable states. In all amyloid
systems, the monitored kinetics exhibits a characteristic sigmoidal growth profile (Fig.
1.10 A ), where three phases can be distinguished.

The initial Lag phase where almost no signal is observed and aggregates associate
and dissociate prior to the formation of a critical nucleus (the nucleation phase), from
which rapid growth of fibril is observed, (growth or elongation phase) (red line in Fig.
1.10). Finally, the monomer population is mostly depleted, and the kinetics shows a
saturation or phase [54, 8, 55].
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Figure 1.9 Amyloid oligomers: formation and toxicity mechanisms of extracellular Aβ

oligomers. Aβ is released extracellularly as a product of proteolytically cleaved, plasma
membrane-localized amyloid precursor protein (APP). Aβ oligomers are also known
to interact with GM1 ganglioside and overexpressed GM1 suppresses Nerve Growth
Factor (NGF) signals. Toxic nonfibrillar Aβ is also produced in the presence of αB-
crystallin and ApoJ. A cellular prion protein (PrPC) acts as an Aβ oligomer receptor with
nanomolar affinity, and mediates synaptic dysfunction. Furthermore, the membrane pore
is formed by Aβ oligomers. The pores allow abnormal flow of ions, such as Ca2+, which
causes cellular dysfunction. Binding of Aβ oligomers to the NMDA-type glutamate
receptor (NMDAR) also causes abnormal calcium homeostasis, leading to increased
oxidative stress and synapse loss. Binding of Aβ oligomers to the Frizzled (Fz) receptor
can inhibit Wnt signaling, leading to cell dysfunctions such as tau phosphorylation and
neurofibrillary tangles. Moreover, Aβ oligomer can induce insulin receptor loss from the
neuronal surface and impaired kinase activity related to long-term potentiation. Figure
reprinted from [44].
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Figure 1.10 Scheme of the general processes that create new aggregates. A)Schematic
representation of the amyloid fibril nucleation process as revealed by fluorescence signal.
The slope of the tangent in the picture and the lag time, τlag, is the intersection of the
tangent line with the time axis. B) Microscopic processes underlying amyloid formation
and associated rate constants and reaction rates: a) Primary nucleation pathways result
in the formation of new aggregates from interactions solely between soluble monomers.
(b) Monomer-independent secondary processes, such as fragmentation, generate new
aggregates at a rate that depends only on the level of aggregates. (c) Monomer-dependent
secondary pathways, such as surface-catalysed nucleation, create aggregates at a rate that
depends on the concentrations of both monomeric protein and existing aggregates. Figure
adapted from [8, 45, 46].
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Experimental and theoretical studies have described the fibrillation as a nucleation-
elongation mechanism. It is now believed that fibrils creation occurs through a primary,
homogeneous nucleation mechanism followed by a secondary nucleation process, such as
fibril fragmentation, surface-dependent lateral association and branching (see Fig.1.10 B)
[56]. In Figure 1.11 are reported possible microscopic mechanisms that may contribute to
amyloid-like fibril growth. We can observed that the growth of amyloid-like fibrils is in-
herently complex [57]. Possible growth processes include monomer activation, formation
of prenuclear species, primary nucleation, secondary growth processes, elongation by
monomer addition and coagulation, conformational rearrangement, lateral association or
bundling, and phase separation, and may be further complicated by critical concentration
behaviour where rate constants are altered [57, 47].

Figure 1.11 A cartoon depicting possible microscopic mechanisms that may contribute to
amyloid-like fibril growth. These are separated into three regimes: those that may con-
tribute to the primary nucleation process, secondary de novo filament creation processes,
and those that may contribute to elongation. Figure reprinted from [54].

Together, these three classes of microscopic mechanisms, shown in Figure 1.11,
account for the generation of new aggregates and fibrils from pathways that involve
monomers alone, existing aggregates alone, or both monomers and existing aggregates.
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These pathways initially populate oligomeric intermediates, which lead to fibrillar forms
that elongate at a rate that is independent of their length and represent the bulk of the
aggregate mass. It is now clear, for example, that the process of amyloid fibril formation
involves a variety of distinct steps. The first of these steps involves a primary nucleation
event, such as homogeneous nucleation, and generates new aggregates at a rate dependent
on the concentration of monomers alone and independent of the concentration of existing
fibrils [58, 59]. The primary growth process is often attributed to fibril-end elongation
by a dock-lock mechanism, in which the monomer first binds to the edge of the growing
fibril (the dock phase) and then rearranges its structure once bound (the lock phase). The
process is more complex in reality, with the formation of not only a host of on- and off-
pathway oligomers, but also secondary processes such as lateral growth, fragmentation,
and association [53, 60, 61]. Secondary pathways are the complementary class of
mechanisms that generate new aggregates at a rate dependent on the concentration of
existing fibrils. The latter class can be subdivided into monomer-independent processes,
such as fragmentation, with a rate depending only upon the concentration of existing
fibrils, and monomer-dependent processes, such as secondary nucleation, where the
surfaces of existing fibrils catalyse the nucleation of new aggregates from the monomeric
state, with a rate dependent on both the concentration of monomers and that of existing
fibrils [62, 63].

1.3 Structures of amyloid aggregates

Experimental characterization of amyloid aggregates are challenging owing to their
dependency on many factors, such as pH, agitation, temperature, concentration, ionic
strength, surfactants, sample preparation, and the sequence (Aβ (1-40) vs. Aβ (1-42)).
Experimental data are also complex, since they generally give time- and space-averaged
properties. Exploring different time- and length-scales computer simulations can com-
plement experiments, but they also are very arduous due to the inherent flexibility and
heterogeneous ensemble of the Aβ (1-40)/(1-42) monomers and oligomers. As a result,
we need to develop and/or use various protein representations ranging from all-atom and
coarse-grained (CG) to mesoscopic models and improve sampling techniques to converge
rapidly to equilibrium and explore the dynamics over a wide range of time scales.

1.3.1 Experimental studies

Experimental characterization of amyloid fibril structures has been the topic of exten-
sive research for decades, producing remarkable molecular-level insights. Non-fibrillar
monomer and oligomer structures, in contrast, are still not well understood (see Fig. 1.12).
Our structural knowledge of Aβ amyloid fibrils, therefore, is derived from the integration
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of complementary informations from different experimental techniques. Along with
standard approaches, e.g. Fourier transform infrared spectroscopy (FTIR) [5], CD [64],
X-ray powder diffraction, transmission electron microscopy (TEM) [65], atomic force
microscopy (AFM) [66], solid state nuclear magnetic resonance (ss-NMR) [67, 68],
dynamic light scattering (DLS), and IM-MS, new techniques are being applied such
as electron paramagnetic resonance (EPR), advanced hyperfine sublevel correlation
(HYSCORE), and electron-nuclear double resonance (ENDOR) methods [69, 70].

Figure 1.12 Different Aβ species ranging from dimers to fibrils. A-C) Dimers are flexible
and disordered involving β -sheets at different positions and varying degrees, as shown
for dimers obtained from REMD simulations, respectively. The oligomers become more
ordered as the oligomer size increases, as shown here for two hexameric structures
obtained D) from MD simulations, and E) from ss-NMR. In both models the individual
peptides are composed of three β -strands connected by turns; this is similar to F) the
structure obtained from ss-NMR for disc-shaped pentamers. G) This dimer model was
found to be the building block of Aβ (1-42) (pre)globulomers. H) the perfect in-register
parallel β -sheet as observed for the Aβ (1-42) fibril ( PDB ID 2BEG). (I) Recently, an
S-shaped fibril structure was also found for Aβ (1-42) fibrils (PDB ID 2MXU). In some
panels not all of the N-terminal residues are shown because they are mostly disordered.
The peptides are shown in cartoon representation and the names of the first, last, and
structure-characterizing residues are denoted. Figure reprinted from [71].
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Monomers and dimers structures

The experimental characterization of the monomer and dimer structure of Aβ (1-40)/Aβ (1-
42) peptides is challenging, due to their high flexibility and transient character as they
are in dynamic equilibrium with higher-molecular-weight oligomers. The collected
experimental data from NMR suggest that Aβ (1-40)/Aβ (1-42) monomers are intrinsically
disordered with a however a propensity toward β -strand character in the CHC core
(residues 17-21) and the C-terminus and a propensity for turns at other specific positions
(see Fig. 1.13A) [71–73].

Figure 1.13 A) A collapsed coil conformation of Aβ (1-40) monomer obtained by NMR
with β -strand content [73, 74]. B) Aβ (1-40) monomer is partially folded at 15 ◦C, pH
7.3 in 50 mM NaCl. Aβ (1-40) monomer forms a 3-10 helix from H13 to D23 [75].

Using different preparation methods, CD analysis reported a β -strand content between
12-25% and 3-9% for α-helix at time zero in aqueous solution [67]. In contrast, in high
salt concentration of NaCl 50 mM at pH 7.3, Aβ (1-40) monomer adopts a compact,
partially folded structure with a 3-10 helix spanning H13 to D23 (see Fig.1.13B ) [75]. It
is known, however, that salt shifts the ensemble to more helical conformations. Using 15N
spin NMR relaxation data Yan et al. showed that Aβ (1-42) monomer has more rigidity at
the C-terminus than Aβ (1-40), in both side-chain and backbone dynamics, suggesting
residual secondary structure formation [76, 75]. Although these biases may characterize
the Aβ monomeric ensemble in aqueous conditions, other individual structures are
possible [71].

From experiments the structural information on dimer structures is very limited.
Using photo-induced cross-linking and CD experiments, the dimer of Aβ (1-40) has
10.5% of α-helix and 38% of β -sheets, however the secondary structure is sensitive to
the experimental conditions [77]. Also, two ion mobility mass spectrometry (IM-MS)
studies led to collision-cross sections of 1142 and 1245 Å2 for the Aβ (1-40) dimer and
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detected at least two alternative structural forms: one compact resembling the globular
form shown in Fig. 1.12(G) and one resembling the fibril-state shown in Fig. 1.12(H).

Oligomers and protofibrils

Complexity in Aβ self-assembly was observed with the discovery of multiple soluble
metastable Aβ aggregates at early and intermediate aggregation times, generally referred
to as protofibrils or oligomers. Because of their structural disorder and transient nature,
it is difficult to obtain high-resolution structural details of amyloid oligomers using
traditional structural determination techniques. Studies using TEM and AFM have shown
transient, unstable particles prior to the formation of fibrils (“on-pathway” oligomers
e.g. protofibrils), but also many "off-pathway" or slow converting oligomers to fibrils.
Unlike fibrils, amyloid oligomers adopt a wide spectrum of sizes and morphologies.
Size exclusion chromatography (SEC) studies of Aβ (1-40) oligomers (isolated in vitro
and from the brains of deceased individuals with Alzheimer’s Disease) revealed the
existence of oligomers that ranged in size from dimers to large oligomers of hundreds
of peptides. Oligomeric assemblies that are annular, spherical, or curvilinear in shape
have been reported conjointly with fibrils. In order to gain structural information by
high-resolution methods, like as ss-NMR, a sample containing a single oligomeric species
at a sufficiently high concentration is required. In practice, however, once the aggregation
of amyloidogenic peptides has been initiated, the sizes and shapes of the oligomers are
generally highly heterogeneous. Several studies have shown that, even if oligomers
often exhibit β -strand secondary structure when probed by FTIR and CD, they do not
necessarily bind thioflavin-T (ThT) or seed fibril formation. Importantly, many oligomers
of different sizes share the ability to interact with a single oligomer-specific antibody.
Also, FTIR and ss-NMR experiments indicate that small oligomers have some antiparallel
β -sheet structure rather than the parallel β -structure as observed in amyloid fibrils [78].
The diversity of structures found experimentally for Aβ pentamers, and high-weight
oligomers is show in Fig. 1.12(D-E) [79].

Fibrils

The fibrils formed in vitro are often unbranched, extremely stable and resistant to degrada-
tion by proteases and denaturants [80, 81]. These properties are thought to be the reason
why cells have difficulties to get rid of the fibrils once they have been formed. The X-ray
fiber diffraction data have shown that all amyloid fibrils are composed of protofilaments,
in which the protein or peptide molecules are arranged in a β -cross structure with the
polypeptide chain forming β -strands that run perpendicular to the long axis of the fibril
(see Fig. 1.14).
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Figure 1.14 Structure of an amyloid fibril at atomic resolution. The structure shown
is one of several polymorphs of the amyloid fibrils. The combination of cryo-electron
microscopy imaging (a) with ss-NMR analysis has enabled the determination of an
atomic-level structure (b). A more detailed view (c) shows the hierarchical organisation
of the amyloid fibril in which the three filaments that form the mature fibril formed by
pairs of cross-β protofilaments, which are each composed of pairs of β -sheets. The fibril
surfaces are shown as electron density maps, and the constituent b-sheets are shown in
a ribbon representation; oxygen, carbon and nitrogen atoms are shown in red, grey and
blue, respectively. Figure reprinted from [82].
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Figure 1.15 Cartoon of β -sheet amyloid structure of Aβ (1-42) based on NMR spectra.
Notice the two beta-sheets folding upon one another and stacked in a parallel manner.
Figure reprinted from Luhrs, et al. (2005) [85].

The β -sheet structure was further confirmed by the binding of β -sheet-specific dyes
such as thioflavin-T and Congo red [5, 10, 83]. Also Sawaya et al. described, using
small peptides amenable to micro crystal X-ray diffraction, the atomistic details of
"steric zippers" created by packing of interdigitated side chain between stacked β -sheet.
Otherwise, fibrils can be imaged in vitro using TEM or AFM. These experiments reveal
that the fibrils usually consist of a number (typically 2-6) of protofilaments, each about
2-5 nm in diameter [84]. These protofilaments twist together to form rope-like fibrils that
are typically 7-13 nm wide or associate laterally to form long ribbons that are 2-5 nm
thick and up to 30 nm wide (see Fig. 1.15).

Recently, ss-NMR [86] and cryo-electron microscopy [81] have further helped in
characterizing the fibril structure from a number of proteins. Mature fibrils are usually
made up of 2-6 fibrillar subunits named protofilaments which, slightly twisted around
each other, form unbranched fibers, 7-12 nm in diameter [87]. A technique, well suited
for amyloid fibrils, is ss-NMR, because it provides the most atomic-level detail (e.g.
measure distance and torsion angle) without requiring long range orientation order.

Overall, an intrinsic property of fibrils is polymorphism that refers to the existence
of multiple pathways for self-assembly, producing assemblies which differ in molecular
structure. When observed by EM or AFM, distinct fibrils are observed with various
width, twist, and cross-section dimensions. Multiple fibril polymorphs usually coexist
within the same samples, although many samples are characterized by a dominant fibril
polymorph (see Fig. 1.15 and Fig. 1.16) [88–91]. It has been showen that subtle
environmental factors (pH, the presence of metal ions, and interaction with interfaces
solution agitation) can produce samples with different predominant fibril morphologies
(2-fold symmetry under agitation and 3-fold symmetry under quiescent conditions) [88].
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Figure 1.16 All-atom pictures of cross-sections of brain-derived Aβ (1-40) fibrils modeled
by Lu et al.[85] (A), compared to cross-sections of models for in vitro generated fibrils
reported by (B) Paravastu et al.[90] and (C) Petkova et al [88]. Figure reprinted from
[71].

Aβ fibril polymorphism was further characterized using cryo-EM by Meinhardt [89] and
Paravastu [90, 91] using ss-NMR. An important structural difference between different
Aβ fibril polymorphs lies in the orientations of the residues within the β -strands and the
presence or absence of the D23-K28 salt bridge [71, 85].

1.3.2 Computational studies

The aggregation of soluble proteins into fibrillar species is a complex scenario that spans
many lengths and time scales, e.g. amyloid fibrils extend up to hundred of nanometres,
and the time-scale of full growth exceeds hours and days in vitro. This process also
involves the formation of numerous on-pathway and off-pathway intermediate species, a
vast heterogeneity of aggregates and a very large number of substates for each aggregate.

Understanding the mechanisms of amyloid formation is believed to be crucial for
the design of drugs able to prevent fibril formation and toxicity in the brain. In Figure
1.17 we give an overview of the modelling capabilities of atomistic and CG modelling in
amyloid aggregation. The lower panel emphasizes that atomistic simulations, with the
present computational resources, are suited to small oligomers and preformed aggregates,
but are limited to a short time-scale. On other hand, the higher panel illustrates the ability
of CG models to explore a full spectrum of aggregates and pathways leading to fibrils.

Molecular dynamics (MD) simulations at atomic resolution in explicit solvent have
been mainly employed to study small oligomers -now known to be highly toxic species-
or experimentally deduced models for the final aggregated states (fibril-like structures).
These studies were mainly aimed at exploring the conformations visited by monomeric
and dimer Aβ (1-40) and Aβ (1-42) proteins and other species like Aβ (1-28), the sec-
ondary structure propensity of their different sequence fragments, the core of the inter-
molecular packing and stabilising solvent effects, and the stability of preformed fibrils.
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Figure 1.17 Comparison of all-atom and coarse-grained modeling capabilities applied
in simulations of the aggregation processes. The upper panel emphasizes the ability of
coarse-grained models to model a full spectrum of aggregates that occur on different
aggregation pathways, from a single monomer to a highly ordered fibril. The lower panel
summarizes some aspects modeled by atomistic simulations in explicit solvent. Figure
reprinted from [92].

A few rare attempts at all-atom resolution challenged the aggregation step of a limited
number of monomers, n ≤ 20, by exploring the distribution of oligomer size of the full
Aβ (1-40) peptide or of the terminal fragments [92].

The study of monomers and small oligomers employ enhanced sampling methods,
such as the replica exchange molecular dynamics (REMD) [94], simulated tempering [95]
and metadynamics methods [96]. Residues belonging to the central hydrophobic core
(L17-A21, a highly aggregate-prone region that forms fibrils if excised from the protein)
and to the I31-V36 region adopt a β -strand structure in both Aβ (1-40) and Aβ (1-42)
(see Fig. 1.18(A)) [71]. The predicted hairpin for Aβ (1-40) is also consistent with the
NMR structure found by Bertini et al [97] of Aβ (1-40) in complex with a phage-selected
affibody as shown in Figure 1.18(B). These same regions are found in a β -strand structure
in the context of the fibril (shown in Fig. 1.15). Aβ (1-42) further populates a hairpin
in the C-terminal region (V39-I41), also seen in simulations of isolated fragments of
the terminus. These simulations suggest that modelling the monomeric structure, and
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Figure 1.18 (A) β -Hairpin models for β (1-42) and β (1-40) monomers derived from
REMD simulations based on the most populated cross-region backbone hydrogen bonds
and secondary structure proclivities in the ensemble. Residues that have a high population
for both donor to acceptor and acceptor to donor backbone hydrogen bonds are illustrated
with a bold line. Sampled conformations matching these models exist as high-ranking
centroid structures [72]. (B) Ribbon overlay (residues 16-35) of Aβ (1-40) models derived
(red) from all-atom REMD simulations [72] and (blue) the solution NMR in complex
with a phage-selected affibody (PDB entry 2OTK) published by Hoyer et al [93].

identifying regions of transient secondary structure, can provide important clues about
the aggregation pathways and the role of point mutations in modulating aggregation. The
most important result from these simulations is the identification of possible aggregation-
prone structures among a diverse family of existing structures. Notice that atomic force
fields are still under the development, and the results vary with the adopted force fields.
Widely used force fields for biomolecular simulations are OPLS-AA [98], AMBER99sb
[99] and its variants, and CHARMM22* [100], while frequently used water models are
the three-site models TIP3P [101] and SPC/E [102] and the four-site models TIP4P [101]
and TIP4P-Ew [103].

A different approach was taken by Ball et al. [104], who used 100 ns multiple-
reservoir replica exchange (MRRE) simulations with AMBER99sb/TIP4P-Ew to de-
termine that Aβ (1-42) was mostly disordered, with significant α character in residues
Y10–F19 and E22–N27 and little to no β content. All together, these variations in the
conformational ensemble may arise from differences in simulation conditions, extent
of sampling, or trajectory analysis. Aβ , other IDPs, or even the unfolded ensembles of
well-folded proteins, remain difficult test cases for our current range of computational
techniques because they lack non-ambiguous energy minima.

A wide range of CG models with different resolutions and parametrization schemes
have been introduced in recent years. Figure 1.19 summarizes the main classes of
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Figure 1.19 Different resolution models for the study of protein aggregation, from coarse
grained to atomistic.

CG models, ranging from basic phenomenological models to more sophisticated ones
parametrized using from atomistic simulations or experimental data. The simplest model
represents each peptide as a single unit. Other examples include the cuboid model of
Muthukumar [105], the tube model of Auer [106, 107], the rod-like model of Vacha
(shown in Figure 1.19) [108], and the orientable stick model of Irback [109]. These
models sacrifice sequence-level resolution but allow the simulation of up to 105 peptides.

Examples of lattice phenomenological models include the one-bead-per-residue model
of Li [110], the two-bead model of Bolhuis [111], and the multibead model of Frenkel
[111]. Examples of off-lattice phenomenological models include the two-bead Caflisch
model [112] and three-bead Shea model [113] (see Fig. 1.19(B)). Phenomenological
models are not meant to reproduce a peptide sequence but rather to elucidate the im-
portant physical properties that govern peptide self-assembly. They typically consist
of a backbone and of hydrophobic and hydrophilic side-chain beads, rather than the
full array of atoms. The aim of these models is to explore the interaction space, and
with the energetic parameters varied to mimic the aggregation propensities of different
amino acid compositions. High-resolution non-phenomenological CG models include the
MARTINI, the OPEP, UNRES and the PRIME models (see Fig. 1.19(C)). The MARTINI
model unites roughly four heavy atoms to a single bead (both in the protein and water
models) and is parametrized to match experimental thermodynamic data. The OPEP
model has an all-atom backbone with CG side chains and is parametrized from a set of
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test proteins to predict the lowest-energy structures. The PRIME model has a similar
level of resolution to the MARTINI model and is parametrized via learning algorithms to
maximize the energetic gap between PDB structures and decoys. For more theoretical and
technical details of these force fields see Chapter 2. Both PRIME and MARTINI models
have been used to study IAPP, showing that the fibril growth mechanism is temperature-
dependent, with elongation dominating lateral growth at lower temperatures, a preference
lost as temperature is increased. Using the six-bead CG OPEPv3 model with implicit
solvent [114], the structures of Aβ (1-40) and Aβ (1-42) dimers were determined by
HT-REMD simulations starting from randomly chosen conformations. The result of this
study reports that both alloforms populate mostly turn/random coil conformations with a
β -sheet propensity at the C-terminal region higher than in the monomers. The dimers
are characterized CHC/CHC (Central Hydrophobic Core), CHC/C-terminal region, and
C-terminal region/C-terminal region interpeptide hydrophobic contacts, although the
Aβ (1-42) dimer has a higher propensity than the Aβ (1-40) dimer to form β -strands
at the CHC and in the C-terminal region. Finally, extensive discontinuous molecular
dynamics (DMD) simulations coupled to a four-bead CG model found that the Aβ dimer
conformations are collapsed and disordered with a small content of β -strands linked by
loops and turns [115]. Regarding the high molecular weight oligomers, the structural
ensemble of the Aβ (17-42) trimer was studied by the use of REMD and a OPEPv3 CG
force field [116]. This study indicated that the antiparallel β -sheets were more prevalent
than parallel β sheets, which occurred in the central hydrophobic cluster regions and
residues Ile31-Ile34. These results differed from those obtained using united-atom force
field CHARMM19, in a similar study of Aβ (10-40) tetramers, in which the interactions
were confined to residues 10-23 and an increase in β -strand structure at the expense of
α-helical structure was observed [117]. Moreover, in this study the intra-peptide contacts
decreased upon the formation of dimers and tetramers [79].

Also, extensive DMD simulation coupled with a four-bead protein model reproduce
qualitatively the main features of the oligomer size distribution of Aβ (1-40) and Aβ (1-42)
as measured experimentally. Overall, larger oligomers form rather amorphous aggregates
with a low propensity of β -sheet that are stabilized by intermolecular contacts between
the CHC and C-terminal regions [118, 115]. Applying DMD simulations to PRIME20
CG, where each amino acid is described by four beads, K. Hall and coworkers studied
the aggregation kinetics of 192 peptides into a single fibril, averaged over 30 independent
simulations [119–121]. For this system fibrils formed by the intermediate of amorphous
aggregates that, if of sufficient size, spontaneously ordered into β -sheets (i.e. the nucle-
ation growth mechanism), which subsequently extended by the addition of monomers to
the ends. They also observed the formation of structural details (e.g. intersheet distance,
antiparallel β -sheets, side-chain interdigitation) consistent with experiments.
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Notice that the coarse-grained model (UNRES) developed by Scheraga et al. has been
used to study the stability of Aβ (9-40) oligomers and the process of fibril growth [122].
The first mechanism is monomeric conversion templated by a U-shape oligomeric nucleus
into U-shape protofilament. The second mechanism involves a long-lived and on-pathway
metastable oligomer with S-shape ( see Fig. 1.12) chains, having a C-terminal turn, en
route to the final U-shape protofilament [123].

Finally, in addition to probing the early stages of aggregation, atomistic simulations
have also been used to study the structural characteristics of fibrils. Starting with co-
ordinates obtained from ss-NMR, investigators have proposed and refined models for
amyloid fibrils of Aβ and IAPP. These fibril structures have been used to gain insight
into the binding and mode of action of amyloid dyes and small molecule inhibitors.
Atomistic simulations have also probed the growth phase of fibril formation. For instance,
Bolhuis and coworkers used transition path sampling to study the mechanism of fibril
elongation. Their simulations confirmed the proposed ’dock-lock’ mechanism, showing
that the docked state was indeed an intermediate on the elongation pathway and that the
lock process could proceed by more than one pathway (either by the initial formation of
hydrogen bonds, followed by side-chain reorientation, or vice versa).

1.4 Aims of the thesis

The early or the advanced phases of the aggregation process can be accessed by using
simplified coarse-grained (CG) models. Despite their simplicity, elementary models,
designed to capture the essential features of the "amyloid-like" peptide interactions, help
in shading light into the lag-phase and fibril growth. Models of higher resolution, that
include the essential chemistry of the amino-acids forming the peptide, can be deployed
to investigate "sequence-dependent" features of the amyloid aggregation. The large
majority of the CG models that successfully mimics the amyloid aggregation in silico use
implicit solvent models. The lack of solvent interactions has two undesirable effects: (i)
there is not explicit treatment of solvation thermodynamics ( this limitation is alleviated
by the fact that solvent effects are encoded implicitly and approximated to some extent
in the molecular interactions of the models, e.g. hydrophobic propensity) and (ii) the
system evolution is deprived of momenta exchange between the peptides and the solvent
bath. Including hydrodynamic interactions (HI) in simulation schemes allows to treat
long range molecular correlations in biological systems; this is crucial for example for
considering the perturbative action of the conformational fluctuations of molecular motors
on distant passive particles and on the motion of the motor themselves, or the mobility of
proteins in a crowded environment. From several studies, it is now accepted that HI are
essential for the description of aggregation and binding processes, folding, and molecular
mobility. As one particle moves in space, it creates a velocity field in the environment
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that acts on other particles, therefore generating effective, solvent-mediated interactions.
It has been established that, for many biomolecular complexes, HI can significantly affect
the dynamics of the systems [124–127]. Until now, on the other hand the effects of HI
on the self-assembly of amyloid systems composed of many molecules have not been
investigated.

The goal of my Thesis is to investigate the early steps of Aβ aggregation and to
determine how HI affect Aβ oligomer formation and their transient structures. Our model
system is represented by a solution of well-characterized Aβ (16-22) peptides. This
peptide forms fibrils by itself in aqueous solution and this fragment is believed to the be
driving element in the aggregation of the full-length Aβ peptides.

To achieve this purpose, we use a multi-scale Lattice Boltzmann Molecular Dynamics
technique (LBMD) to investigate the initial aggregation phases of the amyloid Aβ (16-22)
peptides. LBDM is multi-scale multi-physics method that allows to include naturally
HI, based on coupling of LB methods and molecular dynamics. The code implementing
this coupling (MUPHY/OPEP) is functional and available in the laboratory. The protein
model is OPEP v.5, a high-resolution CG model. All these aspects are discussed in
Chapter 2. Next, we set up and optimize ’our machinery’ and move to the study of HI
on systems from 3 up to 100-mers in Chapter 3. Then, in Chapter 4 we employ the
computational capabilities of method and to perform simulations of the early aggregation
steps of a system of very large size (1000 Aβ (16-22) peptides), which translates in all
atom models to more than 2 million particles, and we investigate the concentration effect
on the aggregation and the sizes and structures of aggregates. Finally in Chapter 5, we
present two recently published papers, and our main final conclusions with some on-going
projects.



Chapter 2

Computational methods

Abstract Hydrodynamic interactions (HI) play an important role in biological
processes occurring at nanoscale and beyond, therefore it is important to correctly
account for solvent mediated correlations when describing biological systems via
implicit solvent models. In this Chapter, we introduce the Lattice Boltzmann
Molecular Dynamics technique that we used in this Thesis. This method couples
the Lattice Boltzmann technique, which provide a probabilistic and mesoscopic
description of the fluid, with an efficient implicit coarse-grained model for protein
(OPEP) and allows to naturally include HI in molecular simulations.

2.1 Coarse graining

Biological systems and phenomena exhibit complexities and diversities that spread on
a wide and disparate range of spatio-temporal scales. These phenomena include the
dynamics of large proteins and the self-assembly of biological molecules. Different space
and time resolutions are involved, from the quantum mechanical level, describing the
electronic structures, to the atomic scale, and the continuum level of fluid motion at
macroscopic scales (Fig. 2.1).

Computer simulations are now a necessary tool for the interpretation of experimental
data, providing structural and dynamical details that cannot be easily probed experi-
mentally. Atomistic simulations have been successfully employed to investigate many
aspects of biological systems like the folding of small proteins [128], e.g. recently the
Shaw group has extended all-atom molecular dynamics simulation of a protein at the
millisecond time-scale that was unthinkable not long ago [129, 130].

The growth in the time-scale accessible to molecular dynamics simulations of proteins
and the progress of such simulations with time are the direct consequence of Moore’s
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Figure 2.1 Spatio-temporal scales, characteristic of biological phenomena, are spread on
wide and disparate range. Schematic representation of various computational approaches,
used to cover different scales of length and time pertinent to different biophysical pro-
cesses. These methods range from highly accurate, but computational demanding (ab-
initio molecular dynamics (quantum) in the lower left corner) to the highly efficient but
very low-detail continuum models. In between, there exist atomistic and coarse-grained
models followed by mesoscale models. Figure reprinted from [131].

law, which is well known in computer science and describes how the performance of
integrated circuits has been increased exponentially over the last half-century doubling
approximately every two years. Parallel to the increase in the time-scales accessible to
simulations, there has also been a growth in the size of the systems that can be studied
(see Fig. 2.2). Following the first simulation of a small protein in water [132], which,
even counting the surrounding water molecules, involved just a few thousand atoms, it is
now possible to obtain a first glimpse of the dynamical processes that take place in the
ribosome, involving several million of atoms [133, 134].

On the other hand, despite the growth of computational resources and power, and the
emergence of enhanced sampling methodologies, all-atom simulations are still limited to
systems containing tens or hundreds of thousands of atoms on a µs time scale, that only
rarely reach the millisecond time-scale (see e.g. [129, 130, 135] ). Hence, it is required
the deployment of simplified representations still able to capture the essential features
of the phenomena (see Fig. 2.3). One successful strategy is to reduce the number of
degrees of freedom by a systematic coarse-graining. Coarse-grained (CG) models present
an attractive alternative to the traditional atomistic simulations offering the possibility
of investigating complex cellular processes over larger length and longer time scale at
a reduced level of detail. A coarse-graining operation requires to select the level of
description. Then, the degrees of freedom are reduced by averaging off the behaviour
of the fast ones. In the coarse-graining of biomolecules, the strategy is, for example, to
cast together groups of atoms, thus preserving some degree of molecularity. However,
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Figure 2.2 (A) Growth in the time-scale accessible to molecular dynamics simulations of
proteins. After the first (in vacuo) simulation of a protein, the time-scale accessible to
all-atom simulations in water has been increasing exponentially, indeed doubling every
year, to reach the millisecond range. By 2020, it should therefore be possible to follow the
trajectories of small proteins for seconds and beyond. (B) Growth in the size (in number
of atoms) of the protein systems studied by all-atom molecular dynamics simulations.
The blue line is a theoretical limit derived by assuming that the growth in system size
goes as the square root of the increase in time-scale, as the number of interactions scales
as the square of the number of atoms. Figure reprinted from [134].

Figure 2.3 The traditional computational modelling of protein structure, dynamics, and
interactions remains difficult for many protein systems. It is mostly due to the size of
protein conformational spaces and required simulation time scales that are still too long
to be studied at the atomistic detail. Lowering the level of protein representation from
all-atom to coarse-grained opens up new possibilities for studying protein systems. Figure
reprinted from [131].
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depending on the problem under consideration a more aggressive coarsening can be
performed, i.e. a whole protein can be modelled as a single particle [136].

The parametrization of force fields that are both accurate and transferable - that is,
capable of describing the general dynamics of systems with different compositions and
different configurations - becomes increasingly difficult as the graining becomes ’coarser’,
because more specific interactions must effectively be included in fewer parameters and
functional forms. On other hand, coarse-graining also affects thermodynamic properties
of a modelled system, particularly the balance between enthalpy and entropy. Reduction
of the degrees of freedom affects the entropy of the simulation system, which is com-
pensated by reduced enthalpic terms. In turn, a coarse-grained model may accurately
reproduce free energy differences but contributing enthalpy and entropy values may be
inaccurate. Such limitations are typical for the majority of coarse-grained models.

For fluids like water, the molecular CG consists in describing an ensemble of particles
as a single entity and inserting important features at level of the interaction potentials.
Stronger simplification can reduce the fluid to essential variables, like density, velocity.
For instance, in the Brownian Dynamics, the effects of collisions of the solvent with a
large particle are described without representing explicitly the solvent molecules [124].

It is clear that when the CG is performed only phenomena at the pertinent scales
are accessible and the high level information is lost. For instance, when liquid water is
described at the mesoscopic level, we can not use this representation to investigate the
kinetics of the hydrogen-bond formation. The reason is that the dynamics is averaged
out in the model. Many strategies, and rigorous procedures can be devised to perform
coarse-graining. This goes beyond the scope of the Thesis, but the interest readers can
refer to [137–140].

2.2 Coarse-Grained protein models for protein folding
and amyloid formation

As anticipated, because of the high computational cost of atomistic simulations, a large
number of studies resorts to coarse-grained protein models. Despite their simplicity,
coarse-grained models capture many features, like the thermodynamics and kinetics of
protein folding [141, 142] and unfolding [143]. Many coarse-grained models for proteins
and biomolecular aggregates have been developed, based on different philosophies [144].
Among these we can cite the "Structure-Based" Models, (SBMs), also called Gō-type
models. In these models the protein is represented as a chain of one-bead amino acids
whose structure is biased toward the native configuration. An additional Lennard-Jones-
based term is introduced to stabilize the final structure. Despite their simplicity these
models have been extremely successful in folding and explaining thermal fluctuations
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of proteins, but they fail in describing intermediate metastable folding states [145, 146].
Another extremely simple model is the Elastic network models, where the system is
represented by a network of beads connected by elastic springs [147]. It is used to study
the properties associated to the structural fluctuations around equilibrium configuration,
such as normal vibrational modes. Finally, the Knowledge-Based Models are based on a
CG statistical potential, resulting from statistical analysis of the conformational features
and atomic packing, as extracted by large data set, e.g data bank of crystallographic
protein structures. It is very efficient in protein structure prediction, modelling of protein
folding pathways [148]. In the following we describe some of the CG models that have
been successfully used in the study of amyloid aggregation. The OPEP model, used in
this thesis, will be described separately.

MARTINI The most popular and most widely used CG model for lipids as well as
proteins is MARTINI [149, 150] The MARTINI coarse-grained force field was initially
developed for MD simulations of lipids [151] and was later extended to proteins and
other biomolecules. The philosophy behind Martini is not to capture every detail of a
given atomistic simulation, but rather to present an extendible CG model based on simple
modular building blocks, using few parameters and standard interaction potentials to
maximize applicability and transferability. The model maps on average four heavy atoms
into a single bead with the exception of ring-like fragments (e.g. the side-chain of proline)
where a higher resolution is used (see Fig. 2.4). For each amino acid, the backbone is
represented by one bead and from zero (Gly and Ala) to four (Trp) beads for the Sc.
Four real water molecules are mapped to a single CG water bead. Recently, polarizable
CG water models [152, 153] were also developed to be used with the MARTINI model.
Ions are represented by a single CG bead, which represents both the ion itself and its
first hydration shell. It has been parametrized focusing on non-bonded interactions and
aiming to reproduce thermodynamic properties of the systems under study.

PRIME model Hall and coworkers [154] have introduced this implicit solvent interme-
diate resolution protein model, to be used the discontinuous molecular dynamics [155]
methodology. Here, each amino acid is described by four beads: three beads for the
backbone and a single bead for Sc (Fig. 2.4). The backbone beads describe the united
groups NH,CαH, and CO. Furthermore, Sc are distinguished into 14 groups depending
on their size, charge, hydrophobicity, polarity, and potential for Sc hydrogen bonding.
All forces are modelled either by hard-sphere or by square-well potentials with realistic
diameters. For instance, a square-well potential was employed to model the interactions
between hydrophobic Sc while the backbone hydrogen bonding potential was represented
by a directionally dependent square-well attraction between the groups NH and CO. The
resulting force field contains energy parameters, obtained by using a perception-learning
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Figure 2.4 Four different representations of an Ala-Phe-Arg-Gly peptide according
(a) MARTINI model [150] (b) PRIME model [154], (c) UNRES model[157] and (d)
OPEP[158] [159]. Figure adapted from [135].

algorithm [156] together with a modified stochastic learning algorithm that optimizes the
energy gap between known native states from the PDB and decoys generated by gap-less
threading.

UNRES model The UNited RESidue (UNRES) model was initially developed by the
Scheraga group almost two decades ago as a knowledge-based CG model [157], however,
over the years it has undergone refinement stages until to the latest version. The UNRES
CG model a peptide is represented by a sequence of α-carbon atoms with attached united
Sc, whose sizes depend on the nature of the amino acid residue and united peptide groups
(P), each of the latter being positioned in the middle between two consecutive Cα atoms.
Rotations of this ellipsoid mimic side chain conformational mobility. The force field of
UNRES is rigorously derived from all-atom molecular mechanics models. Each Sc is
represented as an ellipsoid and is attached to the respective Cα atom by a virtual Cα −CSc

bond. The UNRES model is physically accurate and highly transferable but it suffers
from a number of drawbacks. First, the model requires a very complex reverse-mapping
scheme to convert from UNRES to all-atom models and it is not suitable for multiscale
all-atom/CG simulations [135].
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2.2.1 The OPEP protein model

In our work we have used an implicit solvent CG model, OPEP (Optimized Potential for
Efficient protein structure Prediction). It has been developed 15 years ago in our laboratory
by Derreumaux and coworkers [158–162]. OPEP is an intermediate resolution model
where each amino acid is represented with six beads. The backbone is retained in full
atomic detail, all N, Cα , C, O and H main-chain atoms are considered, while side chains
(Sc) are represented by a unique bead located at the center of mass of nonhydrogen atoms
in the all-atom side chains. An exception is made by proline amino acid represented by all
its atoms constituents, see Figure 2.5. The Van der Waals radius and the positions of Sc
were calculated using a database of 2,250 PDB structures with sequence identity < 30%
[163]. The disulfide (S-S) bonds can be treated as two non-bonded beads or described at
an atomic level using local terms. OPEP is highly transferable among different proteins,
but it is limited to soluble protein in water. OPEP requires an integration time step of
1.5−2.0 f s due to the detailed backbone and hydrogen bonds. This limits the amount of
sampling that can be accomplished.

OPEP model has been used with a variety of simulations techniques, such as diffusion-
controlled Monte Carlo (DCMC) [164, 165], the Activation-Relaxation Technique (ART-
nouveau) [166, 167], molecular and Langevin dynamics [168], replica exchange (REMD)
[169] or Hamiltonian (H-REMD) MD [170], metadynamics [171], simulated tempering
(ST) [95], a greedy approach [172], Lattice Boltzmann (LB) [173, 174], and interactive
MD simulations [175]. In the next Section we present all analytical expressions.

Figure 2.5 OPEP coarse-grained simplified model: the side chain (Sc) is represented by a
unique bead, while atomistic resolution is reserved for the backbone that includes N, H,
Cα , C, O atoms.
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2.2.2 Energy function

Let us now introduce the analytical expression of potential energy in the latest OPEP
v.5 [161, 160]. It is expressed as a sum of bonded or local terms (bond lengths, bond
angles, improper torsions of the side-chains and the amide bonds, backbone torsions) and
non-bonded terms including Van der Waals and hydrogen bonding (H-bond) interactions.

V =Vlocal +Vnon−local +VHB (2.1)

In the last version of the force field, the parameters and analytical forms are deter-
mined in order to reproduce bonded and non-bonded distances and angle distributions of
native and non-native protein structures; i.e. they are fitted to reproduce the experimental
lowest free-energy conformations and the melting temperatures (TM) of a small set of
peptides, and are derived from all-atom PMF (potential mean force) simulations for
the ionic interactions between charged side-chains ( Lys-Asp, Lys-Glu, Arg-Asp and
Arg-Glu). The effect of water is accounted implicitly via these parameters of the potential
function.

The local potentials Vlocal includes the potential energy of short-range interactions,
namely bond stretching, angle bending, and improper and proper dihedral angles:

Vlocal = wb ∑
bonds

Kb(r− r0)
2 +wθ ∑

angles
K(θ −θ0)

2

+wφ ∑
torsions

Kφ (1+ cos(nφ −φ0))+wφ ,ψ

(
∑
φ

Vφ +∑
ψ

Vψ

)
(2.2)

The wb, wθ , wφ , wφ ,ψ are weights. The improper torsions maintain the desired chirality
of amino acids, and control the out-of-plane motion of the C=O and N-H bonds about the
peptide bond. These parameters were modelled on the AMBER force field [176] with an
additional term for the φ and ψ dihedral angles to render realistic Ramachandran plots
(last term in Eq. 2.2). The potential Vφ and Vψ are expressed by the following quadratic
polynomials:

Vφ = Kφ ,ψ(φ −φ0)
2 (2.3)

Vψ = Kφ ,ψ(ψ −ψ0)
2 (2.4)

where φ0 = φ ∈ [φlower,φupper], otherwise φ0 = min(φ −φlower,φ −φupper). The limits
for the φ angle are φlower =−160◦ and φupper =−60◦. Similarly, we use ψlower =−60◦

and ψupper = 160◦.
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The non-bonded potentials Vnon−bonded consist of all the non-bonded interactions,
expressed by:

Vnon−bonded = w1,4 ∑
1,4

V 1
V dW

+w1>4

(
∑

M′,M′
V 1

V dW + ∑
Cα ,Sc

V 1
V dW + ∑

M′,Sc
V 1

V dW + ∑
Cα ,Sc

V 1
V dW

)
+wCα ,Cα ∑

Cα ,Cα

V 2
V dW +wSc,Sc ∑

Sc,Sc
V 2

V dW (2.5)

where M’ represents backbone atoms, except for Cα , Sc is the side-chain bead. The first
term is short range in nature and accounts for all kind of interactions 1-4 not excluded.
The second term consists of long-range interactions with respect to sequence position
involving backbone atoms M’ and mixed interactions (M’,Sc), ( M’, Cα ), (Cα , Sc), which
share the same weighting factor w1>4 in the functional form V 1

V dW . The last two terms
stands for interactions involving (Cα , Cα ) and (Sc, Sc) pairs. The Van der Walls (VdW)
potential in OPEP has two distinct forms denoted with V 1

V dW and V 2
V dW , depend on the

center of forces involved [159, 162].
The V 1

V dW is a standard a 12-6 Lennard-Jones (LJ) potential:

V 1
V dW = εi, j

(r0
i j

ri j

)12

−2

(
r0

i j

ri j

)6
 (2.6)

ri j is the distance between particles i and j, r0
i j = (r0

i + r0
j )/2 with r0

i and r0
i the VdW

radii of particle i and j. εi, j is the coupling constant. The second potential function V 2
V dW

is:

V 2
V dW =VAR − εi, j

(r0
i j

ri j

)8

H
(
−εi, j

) (2.7)

where the Heavyside function H
(
εi, j
)

is equals to 0 for εi, j < 0, otherwise 1. Thus,
the repulsive term is used for εi, j < 0; otherwise the attractive/repulsive potential VAR

described:

VAR = εi, j


G

(
r0

i j

)
ri j

6

exp−2ri j +0.6tanh
[
2
(
ri j − r0

i j −0.5
)
−1
]H

(
εi j
)

(2.8)

where G(r0
i j) is determined by imposing the value of the potential at a specific position

r0
i j. The behaviour when ri j > r0

i j is controlled by the second part of Eq. 2.8, which
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parameters ensure a steeper profile with respect to a 12-6 L-J potential (see Fig. 2.6)
[158, 162].

Figure 2.6 Non-bonded potential Enb. Comparison between V 2
V dW (solid black) and V 2

V dW
(dashed red) for the same equilibrium distance r0

i j = 5Å. The behavior to the right of r0
i j

is an exponential decay governed by the hyperbolic tangent, while the behavior at r → 0
is a repulsive power law. Figure adapted from [162].

Hydrogen-bonding potentials The final contribution is the hydrogen-bonding poten-
tial (VHB), that consists of two-body, V (2)

HB ), and four-body, V (4)
HB , potentials, rather than

Coulomb interactions. The two body term V (2)
HB :

V (2)
HB = wHB

1,4 ∑
i j; j=i+4

ε
HB
1,4 µ

(
ri j
)

ν
(
αi j
)
+wHB

1>4 ∑
i j; j>1+4

ε
HB
1>4µ

(
ri j
)

ν
(
αi j
)

(2.9)

where

µ
(
ri j
)
= 5

(
σ

ri j

)12

−6
(

σ

ri j

)10

(2.10)

ν
(
αi j
)
=

{
cos2 αi j, αi j ≥ 90◦

0 otherwise
(2.11)

The sum is over all residues i and j, separated by j ≥ i + 4 (helices 3-10 are thus
excluded). ri j is the OH distance between the carbonyl oxygen (CO) and amide hydrogen
(NH2). αi j is the N̂HO angle and σ is equilibrium value of the OH distance, set to 1.8Å.
The initial parameters for εHB

1−4 and εHB
1>4 distinguish short-range (εHB

1−4) from long-range
(εHB

1>4) H-bond energies, because the equilibrium CαCα distances vary between α-helices
(1-4 interactions) and β -sheets. The four-body term, V (4)

HB , takes the form of sum of
weighted products of Gaussian functions, each monitoring the existence of an HB on
the basis of distance criteria. The Gaussian functions are calculated for each possible
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HB pairs and they give a contribution to the four-body term only if tight conditions on
sequence-separation are verified:

V (4)
HB = ω

coop
α ∑ε

coop
α exp

(
−
(
ri j −σ

)2
/2
)

exp
(
−(rkl −σ)2 /2

)
∆(i jkl)

+ω
coop
β ∑ε

coop
β

exp
(
−
(
ri j − ε

)2
/2
)

exp
(
−(rkl − ε)2 /2

)
∆
′ (i jkl) (2.12)

where if (i, j) and (k, l) are the residues involved in the two H-bonds, the parameters are:

∆(i jkl) =

{
1 i f (k, l) = (i+1, j+1), (α -helix)
0 otherwise

(2.13)

∆
′(i jkl) =

{
1 i f (k, l) = (i+2, j−2)or(i+2, j+2), (β -sheet)
0 otherwise

(2.14)

Together, these conditions help to stabilize α-helices, anti-parallel and parallel β -sheets,
independently of the (φ ,ψ) dihedral angles, but also any segment satisfying the conditions
on i jkl.
The terms ε

coop
α and ε

coop
β

are the cooperative energies independent of the amino acids
involved. In conclusion, OPEP model, which retains structural accuracy and chemical
specificity, is free of any biases in contrast to MARTINI that imposes secondary structure
constraints. Solvent effects are accounted for implicitly, are incorporated directly into the
interaction parameters [177, 165].

2.3 Langevin Dynamics (LD)

Having described the CG force field used in our simulations, we can move on to discuss
how we can model the solvent effects. In many processes (like the biological ones), when
the motion of the solvent particles is much faster than the particle of the system (es. e.g.
the motion of the solvent particles 10−14 s is much faster protein particles 10−9 s), we can
describe it as noise. The solvent is then modelled by stochastic and dissipative forces,
caused by the collisions of the solvent on the solute, and the dynamics of the solute is
propagated according to the Langevin equation [178–180]. The Langevin equation is
a stochastic differential equation (SDE) and in simplest form is presented in Eq. 2.15,
where the fluid is supposed to be in a stationary state [181, 182].

dri

dt
=vi

m
d2ri

dt2 =FC
i (r)− γvimi +µi (2.15)
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where ri and vi are the coordinates and velocity of the particle i. FC(r) =−∇V(r) is the
conservative force. The second term on the right hand side is the dissipative force which
is caused by the friction with the solvent. The strength of this dissipation depends on the
friction coefficient, γ , that for the sake of simplicity we assume isotropic and constant
for each particle. The third term on the right hand, µi, is the stochastic force that models
uncorrelated ’kicks’ from the surrounding solvent particles. The average of random force
is assumed to vanish:

⟨µi(t)⟩= 0 (2.16)

and it is assumed to be uncorrelated with the velocity at any previous time:

⟨µi(t)v(0)⟩= 0 t > 0 (2.17)

and the random forces are uncorrelated at different times on the scale of particle motion.
It is assumed to be Gaussian white noise ’mimicking’ the effect of the thermal collisions
[132, 183]

⟨µi(t)µi(t ′)⟩= 2kBT γδ (t − t ′) (2.18)

where kB is the Boltzmann constant, T the temperature, and the term δ (t − t ′). The
Langevin equation in the above form (Eq. 2.15) applies only if there is a separation
between the time of the particle velocity tp and the time of the solvent, ts that is, tp ≫ ts. In
this case the memory effects are neglected leading to the so called Markov approximation.
On the other hand, if there is no clear separation of time-scales (tp ≈ ts), considering
a noise with a finite correlation would break the Markovian assumption, and a non-
Markovian generalized Langevin equation (GLE) holds:

mi
d2ri

dt2 =−mi

∫ t

0
γ
(
t − t ′

)
dt ′γ

pi

mi
+µi (2.19)

The properties of µ(t) expressed by (2.16) and (2.17) are assumed to be unaltered.
Therefore, if we multiply (2.19) by v(0) and take the thermal average, we obtain at an
equation for the velocity autocorrelation function in the form:

Ż(t) =−
∫ t

0
γ(t − t ′)Z(t ′)dt (2.20)

The quantity γ(t) is called the memory kernel for the autocorrelation function Z(t).
Langevin Dynamics is not only a method to reduce the degrees of freedom, but it can
also be used as a thermostat to control the temperature of the system and sampling
the canonical ensemble during the dynamics [179]. Moreover, the thermostat may



40 Computational methods

stabilize the simulation allowing for larger time steps. This is an important aspect
compared with other thermostats like the Nose-Hoover thermostat [184]. The thermostat
controls the temperature by removing or adding heat via the dissipative and random
forces, respectively. This makes it possible to apply external forces to the system, which
otherwise would be heated up. In this way it is possible to simulate non-equilibrium
situations, e.g. shear flow.

The Langevin thermostat may also lead to incorrect effects like bulk driving or an
apparent viscosity. Even worse is the fact that Langevin dynamics is not suited for
simulating hydrodynamic effects. The reason for this is that Langevin dynamics breaks
Galilean invariance, because the random and the friction forces do not conserve momen-
tum, which is a fundamental requirement for hydrodynamic behaviour. As a consequence,
Langevin dynamics produces behaviour that is diffusive but not hydrodynamic [185].
There are some methods which allow to introduce the HI curing this drawback, e.g.
DPD Dissipative Particle Dynamics, while retaining the positive issues of the Langevin
thermostat.

In our framework, that we will discuss in the next Section, the coupling of with
Lattice Boltzmann method represents a way to include HI in the dynamics of a system.

2.3.1 Numerical integration of Langevin Dynamics

In this paragraph we discuss how to solve numerically the Langevin equation. Hamilto-
nian systems are dynamical systems, i.e. the evolution in time is described via determin-
istic laws. One of its proprieties is the symplecticity. In statistical terms, symplecticity
implies exact conservation of the measure in phase space, i.e. the possibility of applying
Gibbs statistical mechanics to a well-defined and conserved ensemble of physical states
[186]. When dissipation occurs, the system is no longer conservative and numerical
integration of the equations of motion is non trivial. The Langevin equation described
in the previous Section is an example of such cases (Eq. 2.15) [187, 188]. In order
to integrate the Langevin equation, different numerical schemes have been proposed,
including quasi-symplectic integrators [189, 190]. This kind of integrators tend, in the
frictionless limit (i.e. of γ → 0 in Eq. 2.15), to symplecticity, as we will see in the
forthcoming discussion.

We discuss here a quasi-symplectic integrator in the form proposed by S. Melchionna
(see [188]). He has proposed a integration of Langevin dynamical equations based on
splitting of the phase space vector field. In particular, the Stochastic Position Verlet (SPV)
scheme - used in our simulations- relies on this splitting strategy. Consider the 6N phase
space point x = {qi, pi}{i=1,3N}, where the quantity qi is a generalized coordinate, and pi

is the corresponding conjugate momentum. The associate LD is written as:
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d

[
q
p

]
=

[
p/m

F(q)− γ p+µ(t)

]
(2.21)

We therefore consider dividing the LD (Eq. 2.21) into parts:

d

[
q
p

]
=

[
p/m

0

]
dt +

[
0

−∇V (q)dt − γ pdt +µm1/2dW

]
(2.22)

To solve the Eq. 2.22 with includes the stochastic dW term, the Wiener increment
Wt =

∫ t
0 µ(s)ds , we note that q does not change through its integration, and hence we

may treat F =−∇V as constant during this part of the step.
The exact solution is hence given by followed scheme:

qn+h/2 =qn +
h

2m
pn (2.23)

pn+h =e−hγ pn +
(1− e−hγ)

γ
F(qn)+N(mKBT (1− e−2γh)) (2.24)

qn+h =qn+h/2 +(
h

2m
)pn+h (2.25)

where h is time-step, qn+h/2 is the intermediate values of position and N(σ2) is a Gaussian
variable with zero mean and variance σ2.

N(mkT (1− e−2γh)) = e−γh
∫ h

0
eγs

µ(s)ds (2.26)

In the limit for γ → 0, the system becomes symplectic. It is easily verified that the
deterministic Position Verlet PV integrator is recovered from SPV, i.e. the dynamics is
not distinguishable from a deterministic and conservative Hamiltonian [191].

The deterministic and stochastic propagators are rapidly extended to multiple time
step dynamics, as often employed in the simulation of condensed matter systems.

2.4 The Lattice Boltzmann Molecular Dynamics (LBMD)

2.4.1 Hydrodynamic interactions: Mesoscopic solvent models

In the previous section we have anticipated some methods to model long range hydro-
dynamic effects. One of the used approach is Brownian Dynamics (BD) with HI where
solvent mediated interaction are modelled by introducing a diffusion tensor. The most
common choice for such a dependence is the hydrodynamic Rotne-Prager-Yamakawa
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(RPY) (first order in particle distances ∼ 1/Ri j) [192, 193] or the Oseen tensors [194].
The diffusion coefficient D is replaced by a 3N × 3N mobility tensor, where N is the
number of particles [195]. The BD with HI has reproduced the behaviour of polymer
and colloidal dispersions, but has two main problems: (i) the detailed time dependent
information about the solvent is lost, (ii) the size of the considered tensor increases
with the number of particles, limiting dramatically the size of the systems that can be
considered.

Treating the HI is complex and computational demanding, because they are long
range interactions, non-linear in nature, and cannot be expressed simply as a sum of
two-body terms. Several alternative schemes have been developed along the years. The
basic idea is to track the solvent degrees of freedom through a simplified mesoscopic
representation, with the local dynamics that satisfies the mass, momentum and energy
conservation laws and recovers the solution of hydrodynamic equations in the large-scale
limit. In order to simulate a soft matter system, the solvent model must then be coupled
with the respective algorithms that models the dynamics of solute particles. The most
widely used schemes nowadays are:

• The dissipative particle dynamics (DPD);

• The multi-particle collision dynamics (also called stochastic rotation dynamics);

• The lattice-Boltzmann method.

Common to these approaches is a simplified, coarse-grained description of the solvent
degrees of freedom. Embedded solute particles, such as polymers or colloids, are
often treated by molecular dynamics simulations. All these approaches are essentially
alternative ways of solving the Navier-Stokes equation for the fluid dynamics [196,
195, 140, 197]. This, together with simplicity of implementation of complex boundary
conditions, constitutes the reason why mesoscopic solvent algorithms are often used to
analyse the hydrodynamic effects in complex confining geometries. In the following
section we will specifically discuss the Lattice Boltzmann technique that we have used in
this thesis.

2.4.2 The Lattice Boltzmann method

The lattice Boltzmann model (LB) was first introduced in 1988 [198, 199] and since then
it was extensively used in the realm of computational fluid dynamics (CFD). In contrast
with the traditional numerical schemes used to discretize and solve the macroscopic
continuum equation such as the finite difference method (FDM), finite volume method
(FVM) finite element method (FEM) or spectral element method (SEM), the LB method
adopts an approach based on microscopic models and a mesoscopic kinetic equation. LB
method is more efficient compared to other methods, and its numerical implementation is
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simple. For these reasons and its numerical stability was used to solve several problems
in classical CFD. For example, it has been successfully applied to the simulation of
laminar and turbulent flows, suspension flow of colloid particles, and single phase and
multi-phase fluid flows [200].

LB is also particularly useful for modelling complicated boundary conditions like in
porous media and multiphase interfaces. Recently it has been coupled with MD to study
the motion of polymer [201], simplified DNA models [202, 203], colloid particles, and
as in our Thesis, of biomolecules [204].

The ancestor: the Lattice Gas Cellular automata

Historically, LB method was developed from his ancestor scheme, the Lattice gas cellular
automata (LGA or LGCA), a discrete particle kinetics utilizing a discrete lattice and
discrete time [205, 206]. The idea of simplified Boltzmann equations with discretized
velocities was presented in the pioneering work of Broadwell [207]. Later Hardy, de
Pazzis and Pomeau introduced the LGA, a fully discrete model on a square lattice,
which allows the observation of typical features of fluid flows, such as sound waves.
Due to a lack of isotropy this model reproduces neither the non-linear term nor the
dissipative term of the Navier-Stokes equations. These shortcomings were removed for
the two-dimensional case by Frisch, Hasslacher and Pomeau, moving from a square
lattice to an hexagonal one [205]. The hexagonal symmetry allows in fact to recover
also rotational invariance and therefore conservation of angular moment and to retrieve
Navier-Stokes equation. Finally, it was introduced the three-dimensional case by d’
Humières, Lallemand and Frisch [208].

The fundamental idea behind the lattice gas automata is to solve the fluid equations
using a fictitious quasi-particle dynamics living on a microscopic lattice. In lattice gas
automata the continuum macroscopic picture is replaced by a set of particles that move
from site to site on a fixed regular lattice. The evolution of LGA consists of two steps,
the streaming and the collision steps. During the streaming at each time step all the
particles move simultaneously, to the nearest neighboring nodes according to their current
momentum vector. If two particles arrive to the same node, they scatter according to
specific rules, named collision rules. These are chosen to impose that mass, momentum
and energy are conserved. A simplified vision of the stream-collision dynamics is given
in Figure 2.7. At each node, a set variables of boolean variables np(x, t)(p = 1...,M)

describes the particle occupation, namely the presence or the absence of particles in each
nodes of the lattice and M is the number of directions of the particle velocities cp at each
node. The dynamic equation of the LGA can be therefore written as follow:

np(x+ cp∆t, t +∆t) = np(x, t)+Ωp(n(x, t)) (p = 0,1...,M) (2.27)
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Figure 2.7 Sketch for an example one time step in the evolution: a)initial condition: each
arrow represents a particle of unit mass moving in the direction of the arrow (its lattice
velocity ei); (b) Free streaming; (c) Collision step.

where the time step is made unit for simplicity and Ωp is the collision operator.
Since the collision operator preserves mass, momentum and kinetic energy, the

following equalities hold

∑
p

Np(x, t) = 0; (2.28)

∑
p

cpNp(x, t) = 0; (2.29)

∑
p

c2
pNp(x, t) = 0; (2.30)

where Np(x, t) = ⟨np(x, t)⟩ is the mean of occupation numbers, which are calculated by
averaging over neighbouring sites. From the particle population np we can obtain the
macroscopic density of mass and of momentum through an average over space and/or
time as followed:

ρ(x, t) =m∑
p

np(x, t) (2.31)

ρu(x, t) =m∑
p

cpnp(x, t) (2.32)

The LGA technique comes with three intrinsic problems: (i) the lack of isotropy (As we
have stated above), (ii) lack of Galilean invariance, and (iii) large density fluctuations
during the numerical solution. Anisotropy can be eliminated by choosing a lattice with
sufficient rotational symmetry (e.g. passing from square lattice to hexagonal ). The lack
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of Galilean invariance causes unphysical advection terms, that however can be removed
by adequate velocities rescaling. Density fluctuations can be suppressed by replacing the
boolean variables np in Eq. 2.27 by single-particle distribution functions (real variables).
This procedure leads to the Lattice Boltzmann, and it allows to retain the advantages of
locality in the kinetic approach.

The lattice Boltzmann equation reads as follows:

fp(x+ cp∆x, t +∆t) = fp(x, t)+Ωp( fp(x, t)) (2.33)

The fp(x, t) denotes particle velocity distribution function, namely the probability dis-
tribution of finding a particle at lattice site x at time t and moving in lattice space with
discrete velocity (c)p and ∆x is the lattice grid spacing. The left hand side of the equa-
tion describes a free-streaming dynamics of the populations along the links connecting
neighbouring lattice sites. The right-hand side is the interaction part, which consists of
short-range components, driving the system towards a local equilibrium f eq

p [205]. The
simplest way of approximating the collision term is using a single-time-relaxation process,
in which relaxation to a chosen equilibrium distribution f eq

p occurs at constant rate 1/τ .
In particular the collision term, Ωp( f ), is replaced by the BGK operator (abbreviation of
Bhatnaga-Grossa-Krook, three scientists who introduced it):

Ωp( f ) =−1
τ

(
fp − f eq

p
)

(2.34)

where τ is the single relaxation time. This makes the lattice Boltzmann equation extremely
simple and efficient. One important feature of this approximation is that mass, momentum
and energy are conserved.

The discrete velocities cp, must exhibit enough symmetry to obey the mass-momentum
(energy) conservation conservation rules, along with rotational invariance (isotropy).

A typical choice in two and three dimensions is 9- (D2Q9) and 19-speed lattice
(D3Q19) (see Fig. 2.8 ). In D3Q19 the particle displacement occur to first and second
lattice neighbours (D3Q19) by using 18 directions plus a null one mimicking particles at
rest.

Given the populations fp, the relevant hydrodynamic quantities are computed as
simple linear summation of the discrete distributions of speeds, namely:

ρ = ∑
p

fp

ρu = ∑
p

fpcp (2.35)

where ρ is and ρu is momentum density, are defined as particle velocity moments of
the distribution function, fp. Where sum run on the number of directions of the particle
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Figure 2.8 Lattice geometry and velocity vectors of the (a) two-dimensional nine-speed
D2Q9 model and (b) three dimensional nineteen-speed D3Q19 model. Figure reprinted
from [209]

velocities, and it is require to satisfy conservation of total mass and total momentum at
each lattice:

∑
p

Ωp = 0

∑
p

Ωpcp = 0 (2.36)

Boundary Conditions in the LBM were originally taken from the LGA method. For
example, the particle distribution function bounce-back scheme [210] is used at walls
to obtain no-slip velocity conditions when dealing the porous media. By the so-called
bounce-back scheme, we mean that when a particle distribution streams to a wall node, it
scatters back to the node it came from.

2.4.3 Coupling OPEP to Lattice Boltzmann

As anticipated in the previous section, in the Lattice Boltzmann method [200, 212] the
fluid is represented through particles that reside on a three-dimensional cubic lattice
with spacing ∆x. Here ’fluid particles’ do not correspond to single molecular entities
but represent instead the collective motion of the fluid (see Fig. 2.9). In short, we track
the solvent kinetic degrees of freedom through a simplified representation, with a local
dynamics that satisfies the mass and momentum conservation laws and recovers in the
large-scale limit the Navier-Stokes equation of fluid-mechanics.

The simplest and by now most popular form of the Lattice Boltzmann equation is the
BGK :
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Figure 2.9 Pictorial view of the multiscale scheme. Proteins are described at microscopic
level, interact according to the OPEP coarse-grained force field and move in the contin-
uum. The OPEP force field considers explicitely all backbone atoms, whereas the lateral
side-chains are considered as effective single particles. The aqueous solvent is handled
by the lattice Boltzmann method, so that fluid populations that reside on a Cartesian
mesh are evolved in time and move to neighbouring mesh points as connected by a set of
discrete speeds (indicated as D3Q19 according to the scheme [211]).

fp(x+ cp∆t, t +∆t) = fp(x, t)−ω∆t( fp − f eq
p )(x, t)+gp(x, t) (2.37)

The fp(x, t) denotes the probability distribution of finding a particle at lattice site x
at time t and moving in lattice space with discrete velocity cp, ∆t is the time-step for
the numerical integration. The particle displacement occur to first and second lattice
neighbours (D3Q19) by using 18 directions plus a null one mimicking particles at rest.
The distribution fp(x, t) evolves in space and time toward the equilibrium target f eq

p

with the characteristic relaxation frequency ω = 1/τ . The term gp(x, t) includes the
drag force FD and extra contributions Fext as the random noise encoded in the molecular
dynamics. When focusing on a solute particle suspended in the fluid, this term describes
essentially the particle-to-fluid back reaction. An accurate expression of gp(x, t) is given
by [213, 214]:

gp(x, t) =−wp∆t
[

G · cp

c2
s

+
(G · cp)(u · cp)− c2

s G ·u
c4

s

]
(2.38)

The force G contains any external force and the exchange of momentum induced by N
moving atoms, G=FD+Fext . To lowest order, it can be shown that gp(x, t)=−wp∆t G·cp

c2
s

,
whereas in practice a higher order version is needed to ensure a global second-order
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accuracy of the Lattice Boltzmann solver [188]. Without entering into the analytical
details, the method is typically extended to account for local fluctuations at the level of
the stress tensor, such that fluctuating hydrodynamics is recovered.

In addition, it can be shown that local mass and momentum of the global particle-fluid
elements are preserved, a key condition to obtain the correct fluid dynamic behaviour. It
should also be remarked that the model can be easily extended to account for thermody-
namic forces. The coupling between the motion of a solute particle and the fluid is based
on the assumption that momenta exchange in Stokes-like fashion, thus defining a drag
force between the i− th particle of mass mi and the fluid [201, 203]:

FD(Ri) =−miγi (Vi − ũ(Ri)) (2.39)

where Vi is the atom velocities, and ũ indicates the fluid velocity field distributed over
the region occupied by the atom, and γi is a friction coefficient that in principle can
vary depending on solute particle type. However in the present work γi takes the same
value for all solute particles. We pause to stress that the whole LB world lives in the
lattice space while, in our coupling, the solute motion occurs in the continuum. As a
consequence of this dual representation, all the exchange of information between the two
physical systems are based on interpolation schemes. A description of the routinely used
interpolation kernels is provided in Ref. [173].
The Chapman-Enskog multiscale analysis [200] guarantees that, at space-time scales
larger than the mesh related ones, the kinetic equation reconstructs the Navier-Stokes
equation of fluid mechanics, with the relaxation frequency being related to the fluid
kinematic viscosity (ν viscosity of the fluid normalized with respect to fluid density) via
ν = c2

s
( 1

ω
− ∆t

2

)
with cs the lattice speed of sound. The elementary numerical method can

be interpreted in terms of pseudo-particles moving on the mesh and with displacements
that occur between lattice neighbours. Given the populations, the fluid density ρ and
velocity u are constructed as Eq. 2.35 and ρ = ∑p cp fp. It is a simple task to show that
the thermodynamics of the solvent corresponds to an ideal gas, the fluid local pressure
being p = ρkBT .

The term f eq
p in Eq. 2.37 is expressed as a quasi-Maxwellian term, whose explicit

form is

f eq
p = ωpρ

[
1+

u · cp

c2
s

+
uu : (cpcp − c2

s )

2c4
s

]
(2.40)

where the colon symbol ’:’ stands for the full index contraction in dyadic notation.
Here ωp are lattice weights that account for the varying lengths of the lattice vectors cp,
and cs is the lattice speed of sound. The expansion to the second order is necessary to
recover the exact Navier-Stokes equation, which contain a term in uu, and is valid only
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in the limit of small u compared to cs. The Eq. 2.37 can be shown to converge to the
(quasi-incompressible) Navier-Stokes equations in the limit of small Knudsen numbers,
Kn = λ/L, i.e. the λ is mean free path and L is representative physical length scale of
hydrodynamic quantities.
In our scheme, the dynamics of the particles are governed by the following evolution
equations for the positions Ri and velocities Vi of particles:

Ṙi =Vi (2.41)

V̇i =
FC

i
mi

+
FD

i
mi

+µi (2.42)

where FC
i is a conservative force describing the sum of molecular interactions as encoded

in the force field (in our specific case, OPEP v.5). The drag force is given by Eq.
2.39. As anticipated above, the FD

i represents the mechanical and dissipative friction
exerted between a particle and the surrounding fluid. The strength of this dissipation
depends on γ , a friction parameter that can be tuned in order to alter the response time
between fluid and molecular motions. Finally µi is a white noise mimicking the effect
of the thermal collisions with the molecules of the fluid, with the mean ⟨µi(t)⟩ = 0
and ⟨µi(t ′)µi(t)⟩= 2γkbT/mi, being kb the Boltzmann constant and T the temperature.
Equation 2.41 is integrated over the time step ∆tMD according to the symplectic position
Verlet algorithm [188] and, if ∆tMD = ∆tLB, the particle and LB dynamics are updated in
a synchronous way. It is worth noticing that by setting ũ = 0, that is by switching off the
fluid solver, the standard Langevin dynamics is recovered.

We pause here to discuss the physical sense of the LB and MD coupling [173], beyond
its formal realisation presented right above. Conceptually we adopted Boltzmann kinetic
theory, and its numerical incarnation, in order to describe the solvent as a continuum in
a probabilistic sense. Traditionally, in the LB formulation the lattice space ∆x which
supports the fluid kinetics is defined as a representation (coarse-graining) of the collective
kinetic behaviour of a group of solvent molecules. It is also accepted that in order to
observe hydrodynamic behavior down to the ∆x scale, it is usually considered that the
fluid mean free path should not exceed ∆x. Since in liquid water, the molecular mean free
path is of the order of a few angstroms, a subnanometric lattice space can be supported
in LB, allowing for the hydrodynamic behaviour to emerge at distance larger than ∆x.
In this approach, the lattice grid element must not be viewed as a volumetric entity that
contains a fixed number of particles, but instead a numerical support for the probabilistic
description of the averaged single particle trajectories. Horbach and Succi [215] have
shown that this strategy is effective for the simulation of nanofluids and the obtained
results agree very closely with particle-based simulations.
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As compared to other numerical methods that include HI, like Stokesian dynamics
[216] and Brownian Dynamics [124], the LBMD scheme presents several computational
advantages: the computational cost scales linearly with the volume of the system and
the local nature of the LB is well suited to parallel computing. The coupling has been
implemented in MUPHY [203, 204, 173], the in house developed code for multi-physics
simulation and ported on several platforms.

2.5 Multi-time and space resolution

LBMD techniques provide an intrinsically multiphysics multiscale framework for molec-
ular simulations. The further use of the OPEP force field specializes the technique to
proteins in solution. The multiscaling can be designed at different levels, concerning both
the molecular or fluid resolution. First, the molecular motion can be evolved using a mul-
tiple time step technique for integrating separately bonded and nonbonded interactions of
the OPEP Hamiltonian. Moreover, the molecular representation based on the OPEP force
field can be further grained by simplifying the intramolecular interactions and reducing
them to an effective elastic network or to a Gō-like model. However, the lattice resolution
underlying the fluid dynamics can be changed in order to reduce the cost of accounting
for hydrodynamics. Finally, the coupling can be designed to be synchronous, with the
fluid and the molecular motion propagated at equal times, or asynchronous, e.g. with the
fluid evolved only every n molecular steps. A detailed discussion of the multi-scaling
strategies is reserved to the followed Chapter. However, from the computational point of
view, when deciding to preserve the quasi-atomistic resolution of the OPEP force field,
the more convenient manipulation concerns the resolution of the lattice on which the
fluid dynamics is mapped on. In fact, lattice Boltzmann method scales as N3

g with Ng

the number of grid points. However, with respect to a reference kinetic process, when
changing the spatial resolution of the lattice, a scaling procedure to recover the correct
relaxation should be introduced.



Chapter 3

Hydrodynamic effect on amyloid-β
aggregation

Abstract In this Chapter we present a study of hydrodynamic effect on the amyloid
peptide aggregation. We have first tuned the essential parameters that control
the coupling between the molecular and fluid evolution in order to reproduce
the experimental diffusivity of the elementary species and their aggregation. We
clearly show that HIs not only speed up the aggregation process but also control
the fluctuations of aggregates size by favouring the fusion and exchange dynamics
of oligomers between aggregates.

3.1 Systems

In all simulations we have considered the peptide KLVFFAE corresponding to the
fragment Aβ (16-22), with acetyl (CH3-CO) and NH2 as protecting groups for N- and
C-terminals. This seven-residues peptide, called Aβ (16-22) peptide, is the hydrophobic
central core (CHC) of the full-length β -amyloid (Aβ1-42). The Aβ (16-22) peptide was
shown to form amyloid fibrils [217, 218] or nanotubes in vitro [219]. This amyloidogenic
peptide has been studied by various computer simulations in explicit aqueous solution
[220–222], implicit solvent [223, 224] and in AOT reverse micelle [225], among others.

The tuning of the key parameter of the method and the test of its multi-scale features
were done on small systems, from monomer to 18-mers. Larger systems, composed of
100 and 1000 peptides (which will be discussed in the followed Chapter), were used to
challenge the potentiality of the method against the system size. For these latter systems
the concentration is of about 50mM. This value, already used in other simulations
[226], is much higher than in the in vitro experiments, generally spanning the µM range,
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as well as the pM − nM in vivo concentrations, but allowed us to explore the early
phase of aggregation in a reasonable time scale, hundred of nanoseconds, and therefore
quantifying the effect of hydrodynamics. A detailed discussion on the possible bias of
the high concentrations used in aggregation simulations of realistic molecular models,
generally confined at the mM scale, is reported in a recent perspective article [227].

3.2 Tuning the key parameters of LBMD

As discussed in Chapter 2, the LBMD scheme relies on two essential parameters that
control both fluid and molecular dynamics, the friction, or drag coefficient γ and the
kinematic viscosity of the fluid ν . While Stokes law relates these quantities at the macro-
scopic scale, in our multi-scale scheme they are considered numerically as independent
[228, 229].

The first effort to model realistically the aggregation process of amyloids is therefore
to tune such parameters by matching the correct behaviour of the monomers in solution.
For example it was shown that, choosing correctly the value of γ , it is possible to reproduce
the experimental diffusivity of globular proteins [173]. Here, in the same spirit, we have
performed simulations on model systems consisting of a isolated Aβ (16-22) peptide and
of an aggregated trimer. For the sake of comparison we also considered a collapsed
aggregate formed by 18 Aβ (16-22) peptides. Simulations were carried out using different
values of γ in a broad interval spanning two orders of magnitude, γ ∈ [0.001,0.1] f s−1

and setting the kinematic viscosity at the experimental value of pure water. The systems
were simulated with and without HI. The spatial resolution was initially set of the lattice
was set to ∆x = 1 Å.

In Figure 3.1 we report the diffusion coefficient D for the Aβ (16-22) peptide as a
function of γ . D was obtained by calculating the mean square displacement (MSD),
< ∆r2(t) >, of the peptide centre of mass, and using the Einstein relationship to fit
the linear behaviour of the MSD in the nanosecond time scale,< ∆r2(t) >∼= 6Dt. The
estimate was done by performing block analysis with block length of 12ns and averaging
over the monomers in the systems. We first note that Aβ (16-22) mobility follows roughly
the ideal Stokes-Einstein relationship, D = kBT

mγ
, and this is true for the Langevin as well

as for the LBMD simulations, even if for the monomer and the trimer a deviation occurs
at low friction values.

The important finding of this first set of simulations is highlighted in the bottom panel
of Figure 3.1 where the obtained diffusion constants are compared to the experimental
values at room temperature. While for the monomer the experimental diffusion constant
is available in the literature and obtained by NMR [230], D = 2.3 · 10−10 m2/s (23
Å2/ns), for the trimeric state the diffusion coefficient D was estimated by using the
HYDROPRO software [231]. We note that the HYDROPRO calculation reproduces the



3.2 Tuning the key parameters of LBMD 53

0 200 400 600 800 1000
γ
−1
(fs)

0

100

200

300

400

500

D
(Å

2 /
ns
)

1Aβ
16-22

1Aβ
16-22

HI

3Aβ
16-22

3Aβ
16-22

HI

18Aβ
16-22

18Aβ
16-22

HI

Lan
gev

in T
heo

ry

Lange
vin Th

eory 3
Aβ16-22

Langevin Theory 18 Aβ16-22

0 20 40 60 80 100 120
γ
−1
(fs)

0

10

20

30

D
(Å

2 /
ns
)

1Aβ
16-22

1Aβ
16-22

HI

1 particle

3 Aβ
16-22

3Aβ
16-22

HI

18Aβ
16-22

18Aβ
16-22

HI

1Aβ
16−22

Exp

3Aβ16−22 HYDROPRO

Figure 3.1 Top Panel. Effect of the friction parameter γ on monomer diffusivity for system
of different sizes including or excluding HI. The dashed lines represent the behaviour
predicted by Langevin theory for a particle with mass equal to that of the peptidic system
(1Aβ (16-22), 3Aβ (16-22) and 18Aβ (16-22)). Bottom Panel. Focus on the high friction
regime. The behaviour of the diffusion constant D is compared to experimental data
(dashed horizontal lines). For the sake of comparison we report also data for a model
system, a point particle of mass equal to that of the Aβ (16-22) peptide, simulated at
γ = 0.1 f s−1. For the monomeric system LBMD simulation was performed only for
γ = 0.1 f s−1 for numerical stability.
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experimental value for the monomer. From our comparison we find that a reasonable
range of values for the friction γ is 0.03− 0.017 f s−1. For globular proteins of 37-75
residues, good match with the experimental diffusivity was found with γ = 0.05 f s−1

[173], therefore we can set a window of general validity for species of different sizes and
folds, γ = 0.05−0.017 f s−1.

3.3 Effect of hydrodynamic interaction on amyloid ag-
gregation

Having optimised the coupling parameter γ to reproduce the experimental diffusivity of
the elementary molecular amyloid species we turn our attention to the more complex
aggregation process.To further investigate the process, we performed a set of independent
simulations for a system containing 18 Aβ (16-22) peptides initially distributed uniformly
in a cubic simulation box of linear dimension L = 65. The simulations were carried
out at varying coupling parameter γ and using the kinematic viscosity of pure water.
As expected, when the parameter γ is decreased the net effect of the enhanced peptide
mobility is to accelerate the aggregation process. This is mirrored by the drop in time of
the system radius of gyration, Rg, see Figure 3.2. This is visible in both Langevin and
LBMD simulations. For very low values, γ ≤ 0.01 f s−1, the collapse towards a compact
aggregate occurs in less than 10 ns, while for larger values, including the optimal upper
bound for molecular diffusivity γ = 0.05 f s−1, the compact state is reached at longer
times. The set of simulations presented here must be considered as an indicative test since
an accurate estimate of the aggregation kinetics could be obtained only by averaging over
many independent trajectories.

3.4 Multi-time and space resolution: Scaling law

In order to simulate very large systems composed of hundreds of peptides or more, we
have designed the best strategy for deploying and exploit the LBMD methodology. In pre-
senting the methodology in the inaugural manuscript [173] we have already highlighted
its intrinsic multi-temporal and spatial scales features. In fact length and time resolutions
can be varied at both the molecular and fluid representations. In order to preserve the
physical kinematic viscosity of the fluid when changing the resolution, a scaling of the
numerical kinematic viscosity of LB is required. For instance, in synchronous LBMD
multi-scale arguments [200] apply to fluid viscosity when the integration time step for the
molecular motion is increased with respect to a reference value ∆t0. Namely, numerical
viscosity must be scaled as ν = ν0 · (∆t0/∆t) where ∆t0 and ν0 are the reference time
step and kinematic viscosity, respectively. Similarly, the numerical fluid viscosity should
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Figure 3.2 Variation of gyration radius Rg as a function of the simulation time for the
system (18 Aβ (16-22)). Top panel refers to Langevin MD, bottom panel to LBMD. The
inserts show the zoom of the first 2.5 ns.

be scaled when multi-stepping asynchronous LBMD is performed, with fluid dynamics
updated only at a fixed number of molecular time steps. However, from the computational
point of view, when working with the quasi-atomistic resolution of the OPEP force field
[160], the more convenient manipulation concerns the resolution of the lattice on which
the fluid dynamics is mapped on. In fact, for a cubic simulation box, the LB method
[200, 212] scales as N3

g with Ng being the number of grid points. However, with respect
to a reference kinetic process, when changing the spatial resolution of the lattice, a
scaling procedure should be introduced to recover the correct relaxation. Dimensional
considerations suggest that numerical kinematic viscosity, the main parameter controlling
the fluid relaxation, must be scaled as

ν = ν0 ×
(

∆x0

∆x

)2

(3.1)

where ν0 is the numerical kinematic viscosity of water at reference lattice spacing, ∆x0,
that we consider equal to the characteristic atomic length-scale ∆x0 = 1 Å. When the
lattice space ∆x0 = 1 Å and the integration time-step τ0 = 1 f s are set in order to provide a
reference for the coupling with the molecular components, ν0 is fixed to the experimental
kinematic viscosity for water. The scaling in equation 3.1 is a numerical strategy that
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guarantees, when the lattice space is changed, to simulate the reference viscosity of water
and access larger time-scales without spoiling the kinetics relaxation of the process.

Figure 3.3 Velocity relaxation time for the center of mass in synchronous LBMD in
absence of fluctuating hydrodynamics. Black lines are the reference and ∆x0 = 1 Å and
ν0 = 0.1666 Å2/ f s. Solid magenta lines refer to relaxation processes sampled by LBMD
with a different lattice space but same numerical kinematic viscosity. For each lattice
space resolution, the other coloured lines refer to the relaxation processes obtained with a
rescaled ν = ν0(

∆x0
∆x )

α for different values of the scaling exponent α

In order to prove this relationship we performed simple relaxation experiment on
a isolated Aβ (16-22) peptide [180]. A small unidirectional velocity, vx = 0.1 Å/ f s, is
assigned to all the atoms of the peptide at time t = 0. Then LBMD simulations at zero
temperature (T = 0K) were performed, and the decay of the initial kinetic energy was
followed in time. The simulations were performed for a reference value of the lattice
spacing ∆x0 = 1 Å and for four other resolutions, ∆x = 1.3, 1.6, 1.8, 2.0 Å. For each new
resolution we scaled the viscosity according to a generic law ν = ν0(

∆x0
∆x )

α and we tried
to match the reference relaxation process by varying the parameter α . In fact, deviation
from Eq. 3.1 could be expected because of i) the flexible nature of the peptide making it
different from a simple rigid body, ii) the approximation arising from the interpolation
procedure. The results are reported in Figure 3.3. We found that optimal match with
the reference dissipative relaxation is obtained for values of the scaling exponent α

comprised between 2.0 and 2.4, depending on the resolution. Namely we reproduce the
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characteristic power law tail of the velocity relaxation [232]. The observed good scaling
with α = 2 as predicted by dimensional argument indicates that, at the dissipation time
scale accessed by the relaxation experiment, the peptide behaves as a rigid entity as
probed by the negligible Cα RMSD with respect to the initial configuration (0.3 Å) along
the relaxation process. While data in Figure 3.3 were obtained using the nearest point
scheme for the particle-to-mesh interpolation, a very similar behaviour is obtained using
other schemes. The scaling relation is tested against the aggregation dynamics too. Again,

Figure 3.4 Timelines of the normalised radius of gyration Rg(t)/Rg(0) for 18 Aβ16−22.
Black diamonds refer to the reference relaxation, numerical kinematic viscosity ν0 =
0.166 (Å2/ f s) and ∆x = 1 Å, coloured solid lines refer to relaxation processes sampled
by changing lattice resolution spacing; coloured circles refer to the same processes but
sampled using a rescaled fluid viscosity, νs. Each resolution is indicated by the same
color line and symbols.

we used the 18-mers system as a model. We considered the average relaxation process
occurring in the first ten nanoseconds and obtained from high resolution LBMD (∆x = 1
Å) as our reference, see black diamond in Figure 3.4. A set of independent simulations
were performed at different resolutions, ∆x = 1.8 and 2 Å. For these tests, we considered
both the unscaled and scaled numerical viscosity scenario. For the latter case, the scaling
exponent was set to α = 2.2, one of the optimal values as discussed above. For each
case five independent runs were used for the averaging. The results are reported in Figure
3.4 where we show that when viscosity scaling is applied the relaxation processes nicely
approach the reference one. This is especially visible at the nanosecond time-scale when
the HI become dominant in driving the peptides encounter.
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3.5 System 100 Aβ (16-22)

In this Section we challenge the methodology against large system sizes. Namely, we
present a detailed characterisation of the effect of HI on the aggregation process of a
system composed of 100 peptides.

A system composed of 100 Aβ (16-22) peptides has been prepared by placing the
peptides in a cubic simulation box of linear dimension L = 150 Å. Each peptide was
randomly oriented and with the centre of mass initially located in order to obtain an
uniform spatial distribution of the monomers. The LBMD simulation was performed
using a resolution of ∆x = 2 Å for the lattice spacing, a re-scaled numerical kinematic
viscosity ν = ν0(

∆x0
∆x )

2, and a friction γ = 0.02 f s−1. The scaling of the numerical
kinematic viscosity along with the tuning of the friction γ ensures the soundness of the
physical model and its temporal evolution, with the diffusivity of the elementary species
matching the experimental one and fluid hydrodynamics reproducing that of water. The
molecular and fluid motions were evolved synchronously using a time step of 1.5 f s
and the simulation was 100 ns long. For the sake of comparison the same system was
simulated using Langevin dynamics, the run was extended to 150ns in order to obtain
comparable aggregation.

As already observed for the 18-mers system [173], HI are found to speed up signifi-
cantly the aggregation of the peptides, (see Fig. 3.5), where the decrease of Rg mirrors
the formation of collapsed structures. When HI are included the first drop of Rg occurs in
tenths of nanoseconds while being substantially longer in the Langevin simulation. As
a further investigation we have performed a cluster analysis of the spatial distribution
of the peptides so as to track the evolution of the number and size of aggregated states
present in the solution. The clustering was based on the distance between the centres of
mass of the peptides and by using a cut-off parameter (dc), see Figure 3.6. For all set
of values tested for the cut-off parameter (dc = 9−12 Å) HI facilitate the formation of
aggregates. As we show in Figure 3.7 the oligomer sizes detected by cluster analysis
evolve in time, the free monomer population decreases to 2-3% in about 20ns and the
largest cluster grows via a multi-step mechanism. When HI are present at the end of the
simulation about 80% of the peptides belong to the largest and second larger clusters.
In Langevin simulation these two states account only for the 50% of the peptides in the
solution. For this system and at this time scale, our finding shows also that HI favour the
growth of the largest cluster that becomes the center of attraction by sinking diffusional
motion of smaller entities. In fact, when large clusters form, their shape fluctuations
evoke the conformational changes occurring in active proteins during their enzymatic
turnover. It was theoretically shown in an elegant work by Mikhailov and Kapral [233]
that such motions create coherent hydrodynamic fluctuations that drag surrounding pas-
sive particles. We also note that the presence of solvent correlated motion enhances the
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Figure 3.5 LBMD and Langevin simulations of 100 Aβ (16-22) peptides. The top panel
shows the time evolution of the system radius of gyration, Rg. The orange curve refers to
LBMD simulation, the green one to Langevin MD. Right. In the lower panel of the figure
we present three representative states of the LBMD aggregation process at different times
(see open circles in the top-left panel).
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Figure 3.6 Number of clusters detected using different cut-off values (9-12 Å) for the
distances between the peptides center-of-mass. The cut-off values are indicated on the
right of each curves. Curves in light colours refer to LBMD simulations while the darker
ones refer to Langevin MD. As a guide line, the exponential decay measuring the first
kinetics of aggregation is represented with black solid and dashed lines, respectively.
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Figure 3.7 Time evolution of the aggregation states in the solutions. Top panel refers
to LBMD simulation, bottom panel to Langevin simulation. In each panel, the black
curves monitor the decay of monomeric states, while orange and blue curves represent
the growth of the largest and second largest clusters individuated in each frame.
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fluctuations of the aggregates’ size, as visible from the variability in time of the clusters
size. After a transient initial aggregation phase, once several aggregates are formed, the
amyloid system looks as a concentrated solution of large active particles with the specific
features that their sizes can vary by the competitive expulsion and inclusion of oligomers.
In order to have a complete vision of the solution’s polidispersivity, we have computed
the clusters size probability distribution for time blocks of length 20ns. The results for
LBMD and Langevin simulations are compared in Figure 3.8 where it is possible to
appreciate the time-evolution of the aggregation states formed along the simulations: in
LBMD the distribution stretches quickly towards high size value.

LANGEVIN

LBMD

Figure 3.8 Probability distribution of the clusters sizes collected on sequential blocks
along the trajectory. Top chart refers to the Langevin simulation, bottom chart refers to
the LBMD. The cut-off used for determining the cluster size is dc = 12Å.

For a more robust vision of the aggregation process we have performed LBMD
simulations starting from four extra independent configurations where the peptides are
randomly distributed. The average results for the time evolution of the clusters formed
during the simulation time (100ns) are reported in Figure 3.9.

By fitting the time decay of the number of clusters formed at runtime we extracted two
characteristic time-scales for the process, a fast (τ1 ≃ 4ns) governing the first encounter



3.5 System 100 Aβ (16-22) 63

Figure 3.9 Time evolution of the aggregation states in the solutions. The clusters were
identified using a cut-off of dc = 12Å. The dark lines refer to the average collected over
five independent trajectories. Error bars in light colours indicated the standard deviations.
Panel A: Number of cluster vs time. Panels B,C: Size of the largest and second largest
clusters vs time. Panel D: Number of isolated monomers in the solution vs time.
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of the monomers, and a second slow one (τ2 ≃ 120 ns) controlling the formation of much
larger entities via fusion of smaller clusters and peptide absorption. At the time-scale
considered, on average, about 60% of the Aβ (16-22) peptides are found in the first two
largest aggregates. When the peptides encounter each other, β structures start to form.
Based on the DSSP method [234] we found that the β -strand content increases as the
oligomerization progresses and amounts to 10% at the end of the simulations, see Fig.
3.10. In a previous study based on the OPEP v3.0 force field, the percentage of β -strands
found at the end of 100 ns MD trajectories was ∼25% for a Aβ (16-22) 8-mers [223],
indicating that the secondary structure reorganisation of the peptides requires longer time
scales as the size of the assemblies increases.

Figure 3.10 System 100 Aβ (16-22) peptides. Time evolution of the percentage of amino-
acids forming β -strands during the aggregation process in LBMD simulation (orange
line) and Langevin (green line). For the LBMD simulation the average is carried out over
five independent configurations.

3.5.1 Prolonged simulations: system 100 Aβ (16-22)

In order to understand how the reorganisation of the main clusters proceeds at a longer
time, we performed, for computational efficiency, a simulation using a resolution ∆x =
3Å with the appropriate numerical scaling of the kinematic viscosity. Using this grid
spacing, we extended the simulation until to 420ns. The aggregation propensity of the
Aβ16−22 peptides is monitored by performing a cluster analysis based on a distance
criterium between the centres of mass of the peptides (see Fig. 3.11). The number of
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clusters decreases in time according to a exponential decay n(t) = A∗ exp(−t/τ1)+B∗
exp(−t/τ2) with parameters τ1 = 3.6ns and τ2 = 47.5ns.

Figure 3.11 Time evolution of the aggregation states for the 100 Aβ (16-22) peptides. The
black curve represents the change of the number of number of clusters in the solution.

As it can be seen in Figure 3.12, the clustering analysis provides the possibility to
explore various properties of the largest peptide cluster, which can be considered as an
germ of organic-rich fibrillar phase. We observed three drops. In the early stage (within
100ns), randomly distributed peptides form well-distinguished clusters, which grow and
slowly fuse, with the largest cluster attracting peptides and sinking out elements from
the second largest one, whose size and size fluctuations decrease. After 100ns, two large
droplets can be seen, the size of the first largest cluster spikes regularly at values as
high as 70 monomers. Finally, the nucleation process is completed and all peptides are
collapsed in one cluster at t = 350ns, where, likely due to the high peptide concentration
used (C = 50mM), all peptides belong to the organic-rich phase (peptide aggregate)
almost permanently at this system size and concentration. In addition, the progress of the
aggregation is further accompanied by a slow but constant increase of β -strand content
that fluctuates around 20% after 250ns, see Figure 3.13, vs. 10% at 100ns.

The transition to more ordered β -sheet states occurs over much longer time scales.
In agreement with many reports [235], our simulation results show that the peptides
assemble first into a mixture of amorphous structures and then reorder towards β -rich
large assemblies. However, as anticipated [227], at the high concentration of the systems
considered here, the encounter of the peptides is rather fast, so elementary oligomers
collide, fuse and exchange with characteristic times shorter than the kinetic of the peptide
structural reorganization, this latter being also dependent on the size of the aggregates
the peptides belong to.
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Figure 3.12 Top panel. System 100 Aβ (16-22), LBMD with resolution ∆x=3 Å. Time
evolution of the size of the two largest clusters (orange and blue lines) and of the number
of free monomers in solution (violet line). The clusters were identified using a cut-off of
dc=12 Å. Bottom panel. Representative structures of the largest aggregate at different
times.

We conclude by presenting the structure of the largest clusters assembled in the
simulations. There is a sharp transition at around 100ns in the size of the largest cluster
(see Fig. 3.12 ); this corresponds to a transition from three separated ellipsoidal oligomers
(one shown at time = 74ns) to a slightly twisted, elongated fibril-like assembly (length of
17 nm), that eventually attract all the peptides in the system.
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Figure 3.13 System 100 Aβ (16-22), resolution ∆x=3 Å. Time evolution of the percentage
of amino-acids forming β strands during the aggregation process.

3.6 Conclusions

In this Chapter we have explored how hydrodynamic interactions (HI) influence the early
stage of amyloid aggregation. Our study is based on the Lattice Boltzmann Molecular
Dynamics multi-scale technique that allows to include HI in the simulation of implicit
solvent coarse-grained molecular systems. The accuracy of the molecular description is
ensured by the high quality of the flexible CG model OPEP. Once the essential parameters
controlling the coupling between the molecular and fluid dynamics are tuned, the multi-
scale potentiality of the method is used to investigate the aggregation process of amyloid
peptides in systems of large sizes. As already observed in small sized system, the HI
speed up the aggregation because of the enhanced diffusivity of the monomers due to
solvent mediated interactions. On top of this effect, we were able to demonstrate that HI
also guide the size fluctuations of the aggregates, by easing the exchange of oligomers,
and the growth of the leading largest cluster. Thus, via their shape and size fluctuations
the peptides aggregates behave as active entities that generate coherent fluid flow that
directs peptides mobility to favour their relative encounter.



Chapter 4

Toward massive systems

Abstract After having optimised our ’machinery’, LBMD simulations were carried
out to investigate the initial aggregation phases of massive systems. We first
considered a system of unprecedented size composed of 1000 Aβ (16-22) peptides.
The early aggregation phases as well as the extended aggregation at long time were
analysed. We clearly show that HI control the fluctuations of aggregates size by
favouring the fusion and exchange dynamics between oligomers. The evolution of
the conformational structures of the oligomers is also characterised. In the final
part of the Chapter we also discuss how varying the concentration affects the early
aggregation phases of the peptides. Since the massive simulations were made
possible by the highly scalability of the method, we consecrate a special annex to
this Chapter for the performance of the methodology and its implementation.

4.1 The system of 1000 Aβ (16-22) peptides

In the previous Chapter we have presented a detailed characterisation of the effect of HI
on the aggregation process of a system composed of 100 peptides and we have already
shown that HI speed up the association of short amyloid peptides [173, 174] similarly to
what observed by others in Brownian Dynamics simulations including HI of a simplified
model of lipid [236]. We present now the results of a challenging simulation consisting
of a solution of 1000 Aβ (16-22) peptides. At the quasi-atomistic resolution of the OPEP
force field, our system is of unprecedented size. The molecular component consists of
48,000 coarse-grained particles. This system, if transposed to explicit solvent all-atom
resolution, would count about 2.4 millions of particles. It is worth noticing, that so far,
the simulations of the aggregation processes of ’realistic’ molecular models of amyloid
peptides were limited to a much smaller number of peptides. Previous studies based on
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implicit solvent molecular models considered systems of 20 [237], 28 [226], 48 [224],
and 125 short peptides [112] ), and in addition no HI were included in the simulations.

Initially the peptides were distributed randomly in a simulation cubic box of size
L = 300 Å. The LBMD simulation was performed for about 100ns by using the same
parameters, resolutions and scaling as described for the system of 100 peptides. Namely,
the lattice resolution was set to 2 Å, timestep was 1.5 f s. The coupling parameter γ was
set to 0.05−1 f s−1, a value that allows to ensure the soundness of the physical model
and its temporal evolution, with the diffusivity of the elementary species matching the
experimental one. The kinematic viscosity of the fluid was set to the value of water.

Figure 4.1 Time evolution of the aggregation states for the 1000 Aβ (16-22) peptides.
The orange curve represents the time evolution of the largest cluster size, the blue curve
represents the evolution of second largest cluster size, and the black curve represents
the change of the number of free monomers in the solution. In the inset graph (A) the
probability distribution of the cluster sizes collected over the last 10ns of the simulation
is plotted for the system of 1000 and of 100 Aβ (16-22) peptides, orange and red curve,
respectively. In the inset graph (B) we compare the growth dynamics of the largest
clusters for the system of 1000 and of 100 Aβ (16-22) peptides. The colour code is as in
the inset (A).

In Figure 4.1 the time evolution of the aggregation states is reported. The cluster
analysis was based on the same distance cut-off exploited for 100 Aβ (16-22), dc = 12 Å.
The largest cluster grows in time and its size is subject to considerable fluctuations. At
the end of the simulation it contains about 80 peptides. After 90ns, the largest and the
second largest clusters contain about the 8% and the 5% of the monomers in the solution,
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respectively. This result is in contrast with the behaviour observed for the smaller system
of 100 Aβ (16-22) where, in the same timescale, almost the 80% of the peptides aggregate
in the first two largest clusters. It appears clear that, given the large size of the system,
many intermediate structures are sampled and compete to attract smaller oligomers. This
can be considered as an example of high concentration distribution of active particles
contributing each one to the hydrodynamic flow [233]. For instance, when collected
over the last stretch of the simulation, the probability distribution of the cluster sizes is
more continuously populated between its extremes than in the case of the small system
100 Aβ (16-22), see inset A in Figure 4.1. Interestingly, the fraction of amino acids in
the system that reorganises in β -structures upon aggregation is very similar among the
two systems, ∼ 10% of the total number of residues. While there is no experimental
secondary structure data on the oligomers of the Aβ (16-22) peptide, it is interesting that
all-atom REMD simulations of the dimer and trimer of Aβ (16-22) using the OPLS force
field (known not to be biased towards β -sheet formation) lead to a β -strand content of
8% [238].

Figure 4.2 Probability distributions of the aggregate sizes as a function of the simulation
length. The distribution is constructed for time blocks along the trajectory. The structures
of the largest clusters obtained in each time-window is represented in the separate boxes.
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The evolution of the aggregation process is represented in Figure 4.2 where we report
the probability distributions of the aggregate sizes for different blocks of the simulation.
During the first 20ns the majority of the aggregates has a size n < 10, and the largest
cluster is formed by ∼ 20 monomers. At longer times the size of the oligomers increases
as mirrored by the broadening of the distribution. The largest cluster reaches in a hundred
of nanoseconds a final size of about 100 monomers, 10% of the total system, with 10%
of β -sheet content.

Figure 4.3 Pictorial representation of largest aggregated structures sampled during the
simulation of the 100 and 1000 Aβ (16-22) systems. In yellow we highlight the β -strand
structures acquired in the aggregates. For the 100 Aβ (16-22) system the largest clusters
at different times are represented to show the elongation process.
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Finally, we compare the structures of the largest clusters assembled in the simulations
of the 100 and 1000 Aβ (16-22) peptides. In the simulations of 1000 Aβ (16-22) peptides,
the largest cluster presents a branched morphology (see Fig. 4.3). This branched disor-
dered fibril-like structure is often described theoretically by the secondary nucleation
mechanism, and more exactly the surface-dependent lateral nucleation [239]. Branching
in amyloid fibrils has been also observed experimentally for the 29-residue glucacon
peptide, the prion protein, and the Aβ (1-40/42) peptide [240, 241, 60] but has never been
reported from molecular simulations.

Experimentally, it has been shown by circular dichroism (CD) analyses that, although
forming fibril, below a critical concentration of 0.5mM, the Aβ (16-22) peptides have
little secondary structure even after a long incubation time [242]. The limitation in
understanding the pathway of aggregation due to concentration effect, is actually true
also when comparing data from experiments, generally performed at µM, with respect to
in vivo conditions, pM-nM. We note that the distribution of peptides acquiring β -strand
structures is not uniform within the oligomers, see Figure 4.3. Extended simulations are
required to observe how these heterogeneous oligomers fuse to generate more organised
fibril-like states.

For a more robust statistical description of the aggregation process we have performed
LBMD simulations starting from five independent configurations. The average results for
the time evolution of the clusters formed during the simulation time (100ns) are reported
in Figure 4.4. From the decay of the number of aggregates present in the solution (see
Panel (A) in Figure 4.4 and Figure 4.5) it is possible to extract two characteristic decay
times for the aggregation process. In fact the decay can be successfully modelled as the
sum of two exponential functions n(t) = A∗exp(−t/τ1)+B∗exp(−t/τ2) (dashed line in
the Figure 4.5) with characteristic times τ1 = 4ns and τ2 = 29ns. The fast time describes
the encounter of monomers, and the slower one (tenths of ns) describes the further fusion
of smaller size oligomers.

When the peptides encounter each other, β -strand structures start to form. Based on
the STRIDE method [243] we found that the β -strand content increases as the oligomer-
ization progresses and amounts to 10% at the end of the simulations, see Figure 4.6. In a
previous study based on the OPEP v3.0 force field, the percentage of β -strands found at
the end of 100ns MD trajectories was ∼25% for a Aβ (16-22) 8-mers [223], indicating
that the secondary structure reorganisation of the peptides requires longer time scales as
the size of the assembly increases.
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Figure 4.4 Time evolution of the aggregation states in the solution of 1000 Aβ16-22
peptides. The clusters were identified using a cut-off of dc = 12 Å. The data refer to the
average collected over five independent trajectories. We report the time evolution of the
sizes of the largest (Panel B) and second largest clusters (Panel C) and of the number
of clusters (Panel A) and of the number of free monomers in the solutions (panel D).
Vertical bars indicate the variability over the five trajectories.
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Figure 4.5 System 1000 Aβ16-22 peptides. Time evolution of the number of clusters in
the solution. The clusters were identified using a cut-off of dc = 12 Å. The lines refer to
the average collected over five independent trajectories.

Figure 4.6 System 1000 Aβ16-22 peptides. Time evolution of the percentage of amino
acids forming β strands during the aggregation process. For the LBMD simulations the
average is carried out over five independent trajectories and the error bars represent the
standard deviation.
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4.2 Concentration effect on the early aggregation phase

Experimentally, it is difficult to measure the dynamics of aggregation, such as the lag
phase and the aggregation rate [81, 244, 245] because of the stochastic nature of the
various processes involved, and the frequent heterogeneity of the products [1, 246].
Theoretical studies and simulation showed, in agreement with experiments, that the
aggregation pathways and end-product of aggregation differ strongly depending on
several conditions, such as the nature of the peptide, temperature and concentration.
For example at low temperature the aggregates tend to be amorphous or nonfibrillar
and the system is kinetically trapped, while at high temperatures and concentration the
fibrillization is favoured. However, fibril formation is seen to decrease above a critical
temperature and concentration [247, 81]. Muthukumar and coworkers [105] found that
while increasing temperature leads to longer (and fewer) fibrils, too high temperatures
lead to fibril disassembly, so that a non-monotonic dependence on fibril size and on
total number of fibrils with temperature was observed. Some other studies also showed
that at low concentrations the formation of fibrillar structures does not proceed via
the formation of disordered oligomeric precursors, but rather the polypeptide chains
convert directly into β -sheet structures. With increasing concentrations, the formation of
disordered oligomers becomes increasingly favourable, but their structural properties are
temperature dependent [248]. Moreover, it is well known that the morphology of fibrils
is exquisitely sensitive to the preparation conditions, with slight changes in mechanical
agitation leading to fibrils of different appearances.

Figure 4.7 Time evolution of the aggregation states in the solutions for three different
concentrations at 30 mM (red), 40 mM (blue), and 60 mM (green). The clusters were
identified using a cut-off of dc = 12 Å. The lines refer to the average collected over five
independent trajectories. Time evolution of the normalised number of cluster (Panel A)
and of the number of free monomers in the solution (Panel B).
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Figure 4.8 Time evolution of the aggregation states in the solutions for three different
concentrations at 30 mM (red), 40 mM (blue), and 60 mM (green). The clusters were
identified using a cut-off of dc = 12 Å. The lines refer to the average collected over five
independent trajectories. Time evolution of the sizes of the largest (Panel B) and second
largest clusters (Panel B).

In order to test the effect of the concentration we have prepared two extra systems
at concentration of 30 mM and 40 mM. They were obtained by placing 486 and 648
peptides in a box of dimension L = 300 Å. For each concentration we run 5 independent
trajectories of extension of 90ns. The average time evolution of the aggregation states is
reported in the Figure 4.7 and 4.8 for all the considered concentrations. It is clear that
by decreasing the concentration the aggregation kinetics is slowed down. In particular
at c=30 mM at the end of the simulation still 20% of the peptides are free in solution as
monomer. To quantify the observed differences we have performed a fit of the decay of
the number of clusters using a two exponential function (see Fig. 4.9 ). Both the fast
encounter and the slower oligomer fusion get affected by the concentration. For instance
when the concentration is lowered from 60 mM down to 30 mM the fast kinetics reduces
of about 25%, and the slower one of about 10%.

The percentage of β -strand structure that we report in Figure 4.10, is dominated by
the structuring of the peptides in the largest size cluster, thus the fraction of β seems less
affected by concentration in the range considered.

For each concentration we report a representative snapshot of the peptide conglomer-
ates found in the solutions. The structure is the largest aggregate found at the last part
of each trajectory (90ns), see Figure 4.11. We are presently performing simulation on
systems at even lower concentration (10 mM) so to reach a condition approached in other
computational studies based on different models but deprived of hydrodynamic effect
[112].
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Figure 4.9 Time evolution of the number of clusters for three different concentrations.
The three curves, for the systems at concentration 30 mM, 40 mM, and 60 mM, are the
average over four independent simulations.

Figure 4.10 Time evolution of the percentage of amino acids forming β strands during the
aggregation process for three different concentrations. The three curves, for the systems
at concentration 30 mM, 40 mM, and 60 mM, are the average over four independent
configurations and the respectively error bars represent the standard deviation.
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Figure 4.11 The pictorial representation of largest cluster for three concentration values,
30 mM, 40 mM, and 60 mM.
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4.3 Probing long time aggregation

Figure 4.12 Some representative snapshots at different times for the system 1000 Aβ

16-22 peptides.

In order to follow the process of aggregation at longer times we have selected one
of the systems previously simulated at c=60 mM and extended its evolution. Since
after 100ns most of the peptides are aggregated in small oligomers, we have decided to
decrease the resolution of the LB. In fact, when aggregates are formed the characteristic
molecular length scale increases and the coupling with the fluid can be done at a lower
level of spatial resolution ∆x = 3 Å, thus helping reducing the computational cost. The
simulation was extended up to about 300ns. In Figure 4.12 we first present a pictorial
representation of the system as a function of time. It is possible to observe the spatial
non uniform aggregation of peptides in the simulation box. As already presented in
several cases, we have calculated the number of clusters formed along the simulation, see
Figure 4.13. When considering the time evolution of the size of the largest and second
largest clusters we observe a discontinuous process, characterised by sudden jumps. This
mirrors the inclusion of smaller oligomers, formed by about 20 monomers, into the largest
clusters.

If we compare the discontinuous growth of the largest cluster with the smooth
slow increase of the percentage of β -strand content in the system (see Fig. 4.14), it
appears clear that, in our concentration condition, the aggregation of amorphous entities
occurs first, and the conformational reorganisation toward β -rich fibril states would
require longer time to occur. This is consistent with the so-called condensation-ordering
mechanism [249]. The existence of such a two-step mechanism, which has also been
referred to as nucleated conformational conversion, has been suggested from experimental
[81, 1] and theoretical studies [247, 250, 112].

By extending the simulation we can estimated the characteristic time of the aggrega-
tion of the amorphous states with a better precision. The results of the fit are reported
in the Figure 4.15. We can see the initial aggregation of small clusters (including free
monomers) is much faster than the aggregation at later stages. This evidence can be justi-
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Figure 4.13 System with 1000 Aβ (16-22) peptides. Time evolution of the total number
of clusters (black), of the largest cluster (orange), of the second largest cluster (blue) and
of the number of free monomers in solution (violet). In the regions marked with A), B),
C) and D) we have extracted sampled configurations shown in Fig. 4.15.

Figure 4.14 System with 1000 Aβ (16-22) peptides of 60 mM. Time evolution of percent-
age of amino acid forming β -strand during the aggregation process.
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Figure 4.15 Time evolution of the number of clusters for extended simulation of 270ns
of a system at concentration 60mM.

fied from the observation that the probability that collisions occur between many small
clusters at the early stages is higher than the probability that collisions occur between
few large clusters characterizing the later stages of the simulation.

In Fig. 4.16 we report a molecular view of some representative clusters formed
at different time of the simulation. At longer time the aggregate presents a branched
structure that, as already mentioned, highlights the fact that aggregation can proceed via
lateral nucleation [239], but while observed experimentally for some proteins [60, 251].

4.4 The drag force of the hydrodynamic field

In the previous Chapter we have clearly shown that the inclusion of solvent mediated
interaction via the LBMD technique speeds up the aggregation process and increases
the size fluctuation of the aggregates. We have also mentioned that when aggregates
are formed in the solution, their conformational changes as well as the size fluctuations,
perturb the surrounding fluid and induce correlation at long distances. Therefore it
is important to quantify how the inclusion of a single peptide into a larger cluster or
the fusion of small oligomers to form a larger complex is influenced by the fluid flow
generated at long distance by the motion of the other components of the systems.
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Figure 4.16 Pictorial representation of largest aggregated structures sampled during the
simulation of the 1000 Aβ (16-22) systems. In yellow we highlight the β -strand structures
acquired in the aggregates. For the 100 Aβ (16-22) system the largest clusters at different
time are represented to show the elongation process.



4.4 The drag force of the hydrodynamic field 83

The fluid surrounding the molecular system can be visualised as a velocity field (see
Figure 4.17) where we have coloured differently the velocity iso-surfaces. Depending on
the particle motions this field evolves in time and alters the mobility and the encounter of
the particle. It is interesting to see how the fluid streamlines link two spatially separate
aggregates as reported in Figure 4.18. The streamlines can be viewed as highways that
guide (influence) particle motion.

Figure 4.17 Representation of streamlines that connect two clusters in the molecular
system, 1000 amyloid Aβ (16-22).

Figure 4.18 Representation of the hydrodynamic field via coloured iso-surfaces of the
fluid velocity that embed the molecular system, 1000 amyloid Aβ (16−22), rendered as
spheres.
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The effect of solvent correlated motion, as already detailed in the Chapter 2, is due to
the action of a drag force that couples fluid and particle displacements. The drag force, in
the Stokes-like structure, is opposite to the relative motion of the moving particles with
respect to a surrounding fluid velocity and is formally given by:

Fdrag =−γm(v−u) (4.1)

where u is the fluid velocity and v is the particle velocity.
As a preliminary effort we have individuated meaningful aggregation events from

the simulations previously discussed. Exemplar cases are represented in the Figure 4.19.
The Panel A) reports the simplest case in which the aggregation involves two oligomers.
Panel B) and C) show the aggregation of three units, occurring with different kinetics. In
particular, the process reported in panel B) is a single step mechanism in which the three
units collide simultaneously generating a spherical-like cluster with contact between all
the three sub-units. On the other hand, panel C) shows a two step mechanism in which
two units collide forming an intermediate cluster first. Only after this event, the third
oligomer is incorporated generating a big cluster of elliptical elongated shape. Panel
D) shows the time evolution of the aggregation of 4 small clusters leading to a single,
big cluster. The process is two step: (i) formation of two intermediate clusters from the
separate aggregations of two units; (ii) aggregation of the two intermediate clusters.

For each of these events we selected initial states prior to the fusion, and restarted the
simulations in order to record the drag force during the reproduced aggregation process.
The force acting on each particle at the time t is then projected along the direction of the
discretised aggregation path, ∆L(t +∆t, t), defined by the displacement of the particles in
a interval ∆t = 0.6 ps. For the aggregation event of Panel A of Figure 4.19 we report a
graphical representation of the projection in the Figure 4.20. The surface of one of the
fusing oligomers is coloured according to a color-scale proportional to the projected drag
force on the particle. We appreciate that the dragging effect of the fluid is not uniform on
the small oligomers, with the attracting drag competing with repulsive one. This effect
must be added to the underlying potential of mean force that results from the interaction
among the two species. However, because of the finite range of the intermolecular
interaction in the OPEP force field, the early long distance approach of the units is fully
controlled by solvent mediated correlations.

4.5 Conclusions

Once the essential parameters controlling the coupling between the molecular and fluid
dynamics were tuned, the multi-scale potentiality of the method was used to investi-
gate the aggregation process of amyloid peptides in systems of very large sizes, up to
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Figure 4.19 Four representative pathways extracted from different trajectories of a massive
system of 1000 Aβ (16-22) peptides.
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Figure 4.20 Representation of the projected drag force on one of the two oligomers
participating in a fusion event. The color scale is proportional to the value of the
projected drag force on the approximated aggregation path. The blue colour indicates a
contribution of the drag force aligned along the discretised aggregation path, red colour
indicates a drag force that is anti-parallel to the discretised aggregation path.
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1000 monomers. By performing simulation of 1000 Aβ (16-22) peptides, a system of
unprecedented size at quasi-atomistic resolution, we were able to sample new interme-
diate structures that cannot be detected in a system of 100 peptides. Moreover, a close
look at the structures of the leading aggregates formed allowed us to identify branched
morphologies. They are the results of lateral nucleation, and these structures, suggested
by experiments, were never observed in silico. Following the aggregation at long time,
up to 300ns, we have characterised the growth mechanism of the larger aggregates; this
is a discontinuous process caused by the progressive inclusion of aggregate of finite
size, n ∼ 20. Our finding suggests that, at the considered concentration (60mM), the
condensation-ordering is the driving mechanism of the Aβ (16-22) peptide aggregation.
We have also investigated the concentration effect on the kinetics of aggregation. The
high concentration accelerates the condensed process in disordered aggregates, but does
not impact significantly the secondary structures content as a function of time
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Appendix

The performance of LBMD on parallel machines

The LBMD as implemented in our in-house developed code MUPHY (MUlti PHYsics/multi-
scale computer code) [204, 203] scales extremely well on a large number of cores [173].
In the past the code has been used for the simulation of blood flow through the human
coronary arteries [252, 253] and DNA translocation across the nanopores[202]. The
recent implementation of the OPEP force field has allowed to deploy the technology to
biomolecular applications.

The code is written in Fortran 90 and uses MPI. The code has been recently ported
on several Tier0 machines, and some features can be exploited on Graphics Processing
Units (GPU), by using the CUDA software environments [254].

In the 2013 Gordon Bell high performance computing competition, MUPHY reached
20 PFlops of sustained performance on the Titan supercomputer at Oak Ridgenational
laboratory [255] while simulating a suspension made of 18,000 proteins modelled by
the OPEP force field. This system corresponded to 70 millions of particles. The 18,000
Rat1 yeast proteins where placed in a a 3D box and the number of mesh points for the
integration of the LB part was 3000× 3000× 2000.

All the simulations presented in this work were performed on HPC Tier0 machines of
the French national consortium GENCI, namely we used the Turing IBM Blue Gene/Q
supercomputer, and the intel based parallel machines Occigen at the CINES, and Curie at
the TGCC.

We have performed some extra tests of scalability of the LBMD for the largest system
considered in this thesis. The system composed of 1000 Aβ (16-22) peptides (48,000 CG
particles) was benchmarked on the Occigen machine at the CINES HPC center (Intel
Haswell 2,6 GHz). The tests of scalability were done deploying a simulation of short
extension on an increasing number of cores. The speed up was measured with respect to
the elapsed time obtained on 500 cores. The summary of the obtained results is plotted in
Figure 4.21. Firstly, the elapsed time decreases significantly with the number of cores,
with a speed-up of 3 between the 512 versus 2048 core configurations, corresponding to
a parallel efficiency in excess of 75%. Secondly we notice that by increasing the mesh
spacing, 1.65 and 1.875 time the unitary mesh, the scaling of the curves is still ideal up to
1024, although for high number of cores the parallel efficiency slow down around 40%,
with a speed-up of 1.5 between the 512 versus 2048 core configurations (see Fig. 4.21).
In conclusion, for this system we show excellent scalability up to 1024 cores, and for
high resolution up to 2048 cores.

Because of the quasi-locality, the Lattice Boltzmann calculations that solve the fluid
dynamic component can be readily allocated on thousands of cores. As consequence,
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Figure 4.21 Speedup in response of the execution of a program as function of the number
of processors, for different grid spacing. The dashed blue line represents ideal linear
scaling for a system composed of 48,000 CG particles embedded in fluid.

the algorithm implemented in MUPHY features quasi-ideal scalability for the fluid-
dynamic LB component. Therefore, the limitation to the scalability is posed by the
Molecular Dynamics component that handles the time-evolution of a "sparse" molecular
system modelled via the implicit solvent coarse-grained (CG) model OPEP. The last
observation is that massive parallelism dramatically speeds up the treatment of the solvent
and reduces the computational load to compute the coarse-grained inter-particle forces.
The non dense distribution of CG particles and their non-uniform distribution in space
during the aggregation process leads to load unbalancing and affect the scalability and
performance. Because of the increasing non-uniform spatial distribution of particles
due to aggregation and because of our parallelism strategy (domain decomposition) the
simulation performance changes along the progress of the simulation: for the typical
run of a system at c = 60mM the drop in performance once the aggregation of a large
number of particles occurs, thus the molecular component is localised in a portion of the
space, is of a factor two.

The total cost of the computation scales roughly like:

t ∼ (tLBV + tMDMN)NLB

where tLB is the CPU time required to update a single LB site per time step and tMD is the
CPU time to update a single bead per time step, V is the volume of the computational
domain in lattice units and N is the number of peptide beads, with M the LB-MD time-
step ratio. Finally, NLB is the number of LB time-steps. In the above equation, tMD
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includes the overhead of LB-MD coupling. Note that tMD is largely independent of N
because the LB-MD coupling is local. In the table 4.1 we reported the decomposed time
for the simulations of the 1000Aβ (16-22) systems at different resolution of the lattice
spacing.

∆x[Å] Ng CPU Time [s] MD LB
1 300 339.08 66.1% 33.8 %

1.63 184 229.06 88.1% 11.9 %
1.875 160 238.696 90.7% 9.2 %

Table 4.1 Elapsed time for 104 steps of LBMD of a system of 1000 Aβ (16-22) peptides.
The simulations were conducted at different lattice resolution. The benchmark was
conducted on the Occigen machine.



Chapter 5

Conclusions

The Alzheimer’s disease (AD) is strongly linked to the aggregation of the β -amyloid
proteins (Aβ ) of 40/42 amino acids into amyloid fibrils. Although AD is a crucial health
issue, and is one of the most important open problems in biophysics and structural biology,
many aspects are not yet understood.

The main goal of this Thesis was to understand the effects of solvent mediated
interactions, or hydrodynamics interactions, on the early steps of the aggregation of
Aβ (16-22), and to ultimately characterize the mechanism of the assembling and the
structures of the growing aggregates.

Amyloid fibril formation is a complex process involving a broad range of time
and length scale. Classical all atom simulations in explicit solvent, despite growth of
computational power, improving enhanced sampling methodologies in speed and force
field accuracy in the last past years, can be applied only to biomolecules of small sizes.
Therefore it is necessary to use a simplified molecular representation based on coarse-
grained model. However, the majority of present coarse grained (CG) force fields uses an
implicit solvent model that neglects the hydrodynamic interactions (HI), which have been
demonstrated to play a key role in many biological processes at the mesoscale. Including
properly HI in a computational scheme is very demanding, however, and thus very often
neglected.

In this Thesis I have used an alternative multi-scale method that couple the Lattice
Boltzmann method with molecular dynamics (LBMD). When compared to other tech-
niques traditionally used to incorporate HI, LBMD shows specific interesting features, as
it is intrinsically multi-scale and it is suitable to massive parallelization. Hence it is an
optimal choice to handle systems of very large sizes. The LBMD has been already used in
different fields of soft-matter to study polymers [201], colloids [256], and DNA dynamics
[202, 203]. Thanks to the coupling with the OPEP force field I propose in this work an
application of LBMD to the formation of amyloid aggregates with molecular details. By
combining the excellent performances of OPEP in reproducing the protein motion at
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quasi-atomistic resolution, with the excellent scalability of the LB technique on parallel
architectures, I have a powerful tool for inquiring protein structure and dynamics taking
in account the correlation effect of the solvent. The in house developed code MUPHY
(MUlti-PHYsics) was used to perform the simulations of my Thesis. During my work I
have fully exploited the multi-scale potentialities of the method and designed an optimal
scaling procedure to retain the physical relaxation of the system under consideration.

The main findings of my Thesis can be summarized as follows.
Firstly, I have tuned the coupling parameters between the molecular and fluid dy-

namics for small systems (up to 18-mers). The coupling friction γ was varied in a broad
interval spanning two orders of magnitude (γ ∈ [0.001,0.1] f s−1), and by setting the
kinematic viscosity, ν , at the experimental value of pure water, we have individuated the
optimal value of γ in order to reproduce the experimental diffusivity of monomer and
trimer species. Once "the machinery" is optimized, I have explored how hydrodynamic
interactions (HI) influence the early stages of amyloid aggregation in a system consisting
of 100-mers. I have found that HI speed up the aggregation because of the enhanced
diffusivity of the monomers due to solvent mediated interactions and the collision rate.
The HI favour the growth of the largest cluster that becomes the center of attraction by
sinking diffusional motion of smaller entities aggregates. I have demonstrated that solvent
correlated motions enhance fluctuations of the aggregate sizes by easing the exchange of
oligomers, and the growth of the leading largest cluster. Thus, via their shape and size
fluctuations, the peptide clusters behave as active entities that generate coherent fluid
flow that directs peptides mobility to favour their relative encounter.

Secondly, I have carried out LBMD simulations to investigate the initial aggrega-
tion stages in massive systems composed of 1000 Aβ16−22 peptides. I have employed
the multi-scale potentialities of the method and optimized the LB grid spacing saving
computational time. For such a system of unprecedented size, I have simulated the early
aggregation phase and I observed the formation of structures absent in systems of 100
peptides. Many of those structures displaying branched morphologies, in agreement with
recent experimental observations [240], are the result of lateral association consistent
with a secondary nucleation mechanism. Following the aggregation at long time, up
to 300 ns, I have characterized the growth mechanism of the larger aggregates. This
process is discontinuous and caused by the progressive inclusion of aggregates of finite
size, n ∼ 20. Those findings suggest that, at the considered concentration (50 mM),
condensation-ordering is the driving mechanism of the Aβ (16-22) peptide aggregation.
I have clearly shown that HI control the fluctuations of aggregate sizes by favouring
the fusion in bigger clusters and exchange dynamics between oligomers. I have also
characterized the evolution of the conformational structures of the oligomers and investi-
gated how the concentration affects the early aggregation phase. An higher concentration
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accelerates the aggregation in disordered structures, but does not impact significantly the
secondary structures content as a function of time.

5.1 On-going projects and perspectives

The framework that I have implemented is suitable for different applications. Three
on-going studies are presented below.

Shear flow. It is now possible to explore the behaviour of proteins under shear flow.
Investigating the effects of shear flow on aggregation and the stability of proteins is
of interest for several applications, i.e. it could shed light on the perturbative effect
on protein stability in filtering or in injection processes [71]. I am currently studying
two effects of shear flow. The first one concerns its impact on the aggregation of the
amyloid peptide Aβ (16-22), see Figure 5.1. Some experiments have reported a drastic
acceleration of fibril formation for the Aβ1-40 peptide in shear flow [257, 258], but the
origin of such a kinetic speed-up is still under debate. I have some preliminary results
where I have observed a change of aggregation rate and of oligomers sizes according
to the magnitude of the shear force applied. The second effect concerns the mechanical
unfolding of amyloid fibrils under shear, see Figure 5.2.

Mixture of amyloid peptides. I have performed simulations of a mixture of pep-
tides, the Aβ (16-22) and the Tau fragment, Tau(275-281), which is also involved in the
Alzheimer’s disease. The ratio between the two species was varied in order to discern
the competitive effect on the aggregation as reported by some experimental and compu-
tational studies that reported some difference in the Aβ packing due to the presence of
Tau.

Protein diffusion in crowded conditions. I have started investigating the effect of
crowders on the diffusion of proteins. The main reason for this study is due to the fact that
experiments have probed a reduction of protein mobility when the fraction of occupied
volume approaches the level of the in vivo cellular environment. Investigating diffusion
of crowded protein solutions is a notable application to shed light on the possibility that
high concentration produces slow down of diffusion as well as anomalous and complex
behaviours, such as size-dependent diffusivity.

The above mentioned lines of research demonstrate the great potentiality of the
developed methodology that is now ready to be deployed for many promising applications.
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Figure 5.1 Effect of shear flow on the aggregation process of the Aβ (16-22) peptide. The
shear flow forces was increased from 0 to 10−7 Å/ f s2. At intermediate value (5∗10−8

Å/ f s2) we observe an acceleration of the aggregation. When the shear flows is too high
(5∗10−7) there is continuously forming and dissolving of small aggregates in dynamic
equilibrium and involved in fast rotation.
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Figure 5.2 A representation of the progress of shear-induced unfolding of a Aβ (16-22)
fibril composed of 50-mers.
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Computer simulations based on simplified representations are routinely used to explore the early steps
of amyloid aggregation. However, when protein models with implicit solvent are employed, these
simulations miss the effect of solvent induced correlations on the aggregation kinetics and lifetimes
of metastable states. In this work, we apply the multi-scale Lattice Boltzmann Molecular Dynamics
technique (LBMD) to investigate the initial aggregation phases of the amyloid Aβ16−22 peptide.
LBMD includes naturally hydrodynamic interactions (HIs) via a kinetic on-lattice representation of
the fluid kinetics. The peptides are represented by the flexible OPEP coarse-grained force field. First,
we have tuned the essential parameters that control the coupling between the molecular and fluid
evolutions in order to reproduce the experimental diffusivity of elementary species. The method is
then deployed to investigate the effect of HIs on the aggregation of 100 and 1000 Aβ16−22 peptides.
We show that HIs clearly impact the aggregation process and the fluctuations of the oligomer
sizes by favouring the fusion and exchange dynamics of oligomers between aggregates. HIs also
guide the growth of the leading largest cluster. For the 100 Aβ16−22 peptide system, the simulation
of ∼300 ns allowed us to observe the transition from ellipsoidal assemblies to an elongated and
slightly twisted aggregate involving almost the totality of the peptides. For the 1000 Aβ16−22 peptides,
a system of unprecedented size at quasi-atomistic resolution, we were able to explore a branched
disordered fibril-like structure that has never been described by other computer simulations, but has
been observed experimentally. Published by AIP Publishing. [http://dx.doi.org/10.1063/1.4958323]

I. INTRODUCTION

The aggregation of misfolded soluble proteins into
insoluble well-organized fibrils is the hallmark of several
neurodegenerative diseases such as Alzheimer, Parkinson, and
Huntington.1 The aggregation of amyloid β proteins (Aβ) of
40 and 42 residues at the origin of Alzheimer disease is a
complex process that involves many length and time scales:
amyloid fibrils extend up to hundred of nanometers, and the
time scale of full growth exceeds hours in vitro. Understanding
the mechanisms of such molecular transition is believed to be
crucial for the design of drugs able to prevent fibril formation
and toxicity in the brain.2

This task is challenging however due to the difficulties
to investigate the process experimentally. For instance, the
structures of the proteins in the fibrils cannot be accessed by
solution NMR and X-ray experiments, and atomic models have
been sorted only by combining information acquired from
different low resolution techniques like cryo-electron micros-
copy (EM)3 and atomic force microscopy (AFM),4,5 or using
spectroscopic approaches like FTIR coupled to solid state
NMR.6 What is accepted nowadays is that the polymerisation
reaction is correctly described by primary and secondary
nucleation events and growth processes.7 Also, all small
Aβ1-40/1-42 aggregates prior to primary nucleation are
transient and mainly random coil, exhibiting some α-helix

a)Electronic address: fabio.sterpone@ibpc.fr

and anti-parallel β-sheet contents, whereas the fibrils possess
parallel β-sheets.8

Given the experimental difficulties, computer modelling
has emerged as an essential tool to explore amyloid
aggregation.8–10 Molecular dynamics (MD) simulations at
atomic resolution have been mainly employed to study
small oligomers—now known to be highly toxic species11—
or experimentally deduced models for the final aggregated
states. These studies were mainly aimed at exploring the
conformations visited by monomeric and dimeric Aβ1−40
and Aβ1−42 proteins12–15 and other species like Aβ1−28
monomer,16 the secondary structure propensity of various
fragments, the core of the intermolecular packing, and
stabilising solvent effects.17–19 A few rare attempts at all-
atom resolution addressed the aggregation step of a limited
number of monomers, n ≤ 20, by exploring the distribution
of oligomer sizes of the full Aβ1−40 peptide20 or of the
terminal fragments, Aβ35−40

21 and Aβ37−42.22 Despite the
richness of the information gathered so far, the reader should
be alerted that different atomistic force fields as well as
specificities in the sampling methodologies have given rather
divergent results.8,9,23 This is not surprising considering the
highly disordered nature of Aβ whose properties, as that of
other intrinsic disorder proteins, are yet elusive to current
atomistic models historically designed for native folded
proteins.24

The early or the advanced phases of the aggregation
process can be accessed by using simplified coarse-grained

0021-9606/2016/145(3)/035102/10/$30.00 145, 035102-1 Published by AIP Publishing.
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(CG) models.8,9 Despite their simplicity, elementary models,
designed to capture the essential flavour of the “amyloid-like”
peptide interactions,25–28 help shed light onto the lag-phase
and fibril growth. Models of higher resolution, that include the
essential chemistry of the amino-acids forming the peptide,
can be deployed to investigate “sequence-dependent” features
of the amyloid aggregation.29–32 For instance, depending on
the peptide propensity to form β-structure, the fibril growth
proceeds along alternative paths.33 It is proposed that peptides
with high β propensity assemble first as elementary highly
structured building blocks that further contribute to fibril
elongation. On the contrary, for peptides owning less β
propensity, amorphous states aggregate first, grow by inclusion
of mainly monomeric entities, and then reorganise towards
structured fibrils.

The majority of the CG models that successfully mimics
the amyloid aggregation in silico use implicit solvent models.
The only exception is the Martini CG force field34 with its
specific solvent model. The lack of solvent interactions has two
undesirable effects. Firstly, there is not an explicit treatment
of solvation thermodynamics. However, this limitation is
hopefully alleviated by the fact that solvent effects are encoded
implicitly and approximated to some extent in the molecular
interactions of the models, e.g., hydrophobic propensity. More
importantly, the system evolution is deprived of momenta
exchange between the peptides and the solvent bath, and
therefore it lacks the action of solvent mediated correlations.
Including hydrodynamic interactions (HIs) in simulation
schemes allows to treat long range molecular correlations in
biological systems;35 this is key, for example, for considering
the perturbative action of the conformational fluctuations of
molecular motors on distant passive particles36 and on the
motion of the motors themselves,37 or the mobility of proteins
in a crowded environment. From several studies, it is now
accepted that HIs are essential for the description of aggrega-
tion38 and binding39,40 processes, folding,41,42 and molecular
mobility.36,43–45

We have recently developed a multi-scale multi-physics
method that allows to include naturally HI in the simulation
of biomolecular systems modeled by implicit solvent force
fields.45 Our approach, as earlier proposed in the context of
polymer physics,46,47 is based on the coupling of MD technique
that accounts for the time evolution of the molecular system
with the Lattice Boltzmann (LB) method48,49 describing
the time-evolution of fluid kinetics. For the molecular
system, we adopt the high-resolution CG model OPEP32,50–52

whose primary quality is to perform well in describing
folding/unfolding of amyloid and non-amyloid peptides
without external biases towards specific secondary structures.
It was also shown that OPEP accounts for delicate sequence
specificities on aggregation properties,53–55 and protein
thermal stability.56,57 Also OPEP is able to correctly predict
protein-protein interactions in non-amyloid aggregation
problems such as enzyme-inhibitor complexes.58 We were the
first to use OPEP simulations to evidence β-barrels that were
later confirmed by X-ray experiments.56 While LBMD has
been used in the study of colloidal and polymeric systems,59

we present here—to the best of our knowledge—the first
application based on a high resolution model for peptides and

proteins, paving the way to the study of complex biological
systems.

In this work we deploy the methodology to study the
problem of amyloid aggregation. First, we optimised the
parameter controlling the fluid/protein coupling in order to
match experimental data on Aβ peptide mobility. Secondly, we
tune the multi-scale features of the method in order to obtain
an efficient/effective description of the peptide aggregation.
Finally, we exploit the intrinsic scalability of the method to
perform simulations of systems of very large size, containing
up to 103 peptides.

II. METHODS

In this section we outline the Lattice Boltzmann
Molecular Dynamics (LBMD) methodology, while the reader
can appreciate all the details in Ref. 45. This method is
based on the integration of two techniques specialised to
treat, respectively, the fluid and molecular motions.46,47 The
LBMD approach handles the interactions between solute and
solvent particles through a lumped representation of their local
collisions. As a consequence, HIs are naturally included in
the simulations of molecular models with implicit solvent.60

LBMD is intrinsically a multi-scale methodology since the
resolution of the description of both its components, the fluid
and the molecular system, can be changed at wish allowing to
cover a large spectrum of conditions. All the results presented
in this work are based on the coarse-grained protein OPEP v.5
model.56

A. The force field OPEP

OPEP32,55,56,61 is a high-resolution coarse-grained protein
model with implicit solvent, where the backbone of amino
acids is represented at atomistic level while a single bead
is used to represent each side-chain. An exception is made
by proline that is defined by all its atom constituents. The
Hamiltonian of the OPEP force field is given by the sum
of local, non-bonded, and hydrogen bonding terms, see
the supplementary material of Ref. 32. The non-bonded
terms include attractive and repulsive interactions between
all centers of forces. In the recent version OPEP v5,56 ion pair
interactions were derived from all-atom potentials of mean
force. OPEP does not rely on any external bias to maintain
or form secondary structures; this is actually ensured by the
balance between two- and four-body H-bonding terms (of elec-
trostatic origin), torsional terms, and side-chain–side-chain
interactions.

B. Coupling OPEP to Lattice Boltzmann

In the Lattice Boltzmann method49,62 the fluid is
represented through particles that reside on a three-dimen-
sional cubic lattice with spacing ∆x. Here “fluid particles”
do not correspond to single molecular entities but represent
instead the collective behaviour motion of the fluid. In short,
we track the solvent kinetic degrees of freedom through a
simplified representation, with a local dynamics that satisfies
the mass and momentum conservation laws and recovers
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in the large-scale limit the Navier-Stokes equation of fluid-
mechanics.

The simplest and by now most popular form of the Lattice
Boltzmann equation is the so-called BGK, after the authors
Bhatnagar, Gross, and Krook,63

f p(x + cp∆t, t + ∆t) = f p(x, t) − ω∆t( f p − f eq
p )(x, t)

+ gp(x, t). (1)

The f p(x, t) denotes the probability distribution of finding a
particle at a lattice site x at time t and moving in lattice space
with discrete velocity cp, ∆t is the time-step for the numerical
integration. The particle displacement occurs to first and
second lattice neighbours (D3Q19) by using 18 directions plus
a null one mimicking particles at rest, indexed by p = 0,18.
The distribution f p(x, t) evolves in space and time toward
the equilibrium target f eq

p with the characteristic relaxation
frequencyω, and, when summed over the p speed directions of
the lattice, it gives the mass density ρ(x, t) = 

p f p(x, t) and
the velocity field via u(x, t) = 1/ρ


p cp f p(x, t). According

to the Chapman-Enskog multiscale analysis,49 the relaxation
frequencyω sets the fluid kinematic viscosity, ν = c2

s

� 1
ω
− ∆t2

�
with cs the lattice sound speed. The equilibrium distribution
is given by f eq

p = wpρ

1 + u·cp

c2
s
+

uu:(cpcp−c2
sI)

2c4
s


with wp a set

of weights normalized to unity, ρ the mass density, I is the
unit tensor in Cartesian space, and cp are the lattice speed
directions.

The fluid dynamics described by Eq. (1) includes the
effect due to an external force or by the presence of a solute
particles via the term gp(x, t). When focusing on a solute
particle suspended in the fluid, this term describes essentially
the particle-to-fluid back reaction. An accurate expression of
gp(x, t) is given by64,65

gp(x, t) = −wp∆t


G · cp
c2
s

+
(G · cp)(u · cp) − c2

sG · u
c4
s


. (2)

The force G contains any external force and the exchange
of momentum induced by N moving atoms. The term gp,
for example, includes the drag force and extra contributions
as the random noise encoded in the molecular dynamics.
The coupling between the motion of a solute particle and
fluid is based on the assumption that momenta exchange in
Stokes-like fashion, thus defining a drag force between the ith
particle of mass mi and the fluid,47,60,66

FD(Ri) = −miγi (Vi − ũ(Ri)) , (3)

where Vi are the atom velocities, and ũ indicates the fluid
velocity u smeared over the region occupied by the particle
(see Ref. 45 for the details of the interpolation scheme that
can be used), and γi is a friction coefficient that in principle
can vary depending on solute particle type; however in the
present work γi takes the same value for all solute particles.
We pause to stress that the whole LB world lives in the lattice
space while, in our coupling, the solute motion occurs in
the continuum. As a consequence of this dual representation
all the exchange of information between the two physical
systems is based on interpolation schemes. A description

of the routinely used interpolation kernels is provided
in Ref. 45.

In our scheme, the dynamics of the particles are governed
by the following evolution equations for the positions Ri and
velocities Vi of particles:

Ṙi = Vi,

V̇i =
FC
i

mi
+

FD
i

mi
+ µi,

(4)

where FC
i is a conservative force describing the sum of

molecular interactions as encoded in the force field (in our
specific case, OPEP v5). The drag force is given by Eq. (3).
As anticipated above, the FD

i represents the mechanical
and dissipative friction exerted between a particle and the
surrounding fluid. The strength of this dissipation depends
on γ, a friction parameter that can be tuned in order to
alter the response time between fluid and molecular motions.
Finally µi is a white noise mimicking the effect of the thermal
collisions with the molecules of the fluid, with the mean
⟨µi(t)⟩ = 0 and variance ⟨µi(t ′)µi(t)⟩ = 2γkbT/mi, kb being
the Boltzmann constant and T the temperature. Equation (4) is
integrated over the time step ∆tMD according to the symplectic
position Verlet algorithm67 and, if ∆tMD = ∆tLB, the particle
and LB dynamics are updated in a synchronous way. It
is worth noting that by setting ũ = 0, that is by switching
off the fluid solver, the standard Langevin dynamics is
recovered.

We pause here to discuss the physical sense of the LB and
MD coupling as already done in the methodological section of
Ref. 45, beyond its formal realisation presented right above.
Conceptually we adopted Boltzmann kinetic theory, and its
numerical incarnation, in order to describe the solvent as a
continuum in a probabilistic sense. Traditionally, in the LB
formulation the lattice space ∆x which supports the fluid
kinetics is defined as a representation (coarse-graining) of the
collective kinetic behaviour of a group of solvent molecules.
It is also accepted that in order to observe hydrodynamic
behavior down to the ∆x scale, it is usually considered that
the fluid mean free path should not exceed ∆x. Since in liquid
water, the molecular mean free path is of the order of a few
angstroms, a subnanometric lattice space can be supported
in LB, allowing for the hydrodynamic behaviour to emerge
at a distance larger than ∆x. In this approach, the lattice
grid element must not be viewed as a volumetric entity that
contains a fixed number of particles, but instead a numerical
support for the probabilistic description of the averaged single
particle trajectories. Horbach and Succi68 have shown that
this strategy is effective for the simulation of nanofluids and
the obtained results agree very closely with particle-based
simulations.

As compared to other numerical methods that include
HI, like Stokesian dynamics69 and Brownian dynamics,70 the
LBMD scheme presents several computational advantages:
the computational cost scales linearly with the volume of the
system and the local nature of the LB is well suited to parallel
computing. The coupling has been implemented in MUPHY,71

the in house developed code for multi-physics simulation and
ported on several platforms.
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C. Systems

In all simulations we consider the peptide KLVFFAE
corresponding to the fragment Aβ16−22, with acetyl (CH3–CO)
and NH2 as protecting groups for N- and C-terminals. The
Aβ16−22 peptide, which is the hydrophobic central core of
the Alzheimer’s disease Aβ peptide, forms amyloid fibril
or nanotubes in vitro.72 This amyloidogenic peptide has
been studied by various computer simulations in explicit
aqueous solution,73–75 implicit solvent,76,77 and in AOT reverse
micelle,78 among others.

The tuning of the key parameter of the method and the
test of its multi-scale features were done on small systems,
from monomer to 18-mer. Larger systems, composed of 100
and 1000 peptides, were used to challenge the potentiality of
the method against the system size. For these latter systems,
the concentration is about 50 mM. This value, already used
in other simulations,30 is much higher than in the in vitro
experiments, generally spanning the µM range, as well as
the pM-nM in vivo concentrations, but allowed us to explore
the early phase of aggregation in a reasonable time scale,
hundreds of nanoseconds, and therefore quantifying the effect
of hydrodynamics. A detailed discussion on the possible bias
of the high concentrations used in aggregation simulations
of realistic molecular models, generally confined at the mM
scale, is reported in a recent perspective article.79

III. RESULTS

A. Tuning the key parameters of LBMD

As discussed in Sec. II, the LBMD scheme relies on
two essential parameters that control both fluid and molecular
dynamics, the friction, or drag coefficient, γ, and the kinematic
viscosity of the fluid ν. While Stokes law relates these
quantities at the macroscopic scale, in our multi-scale scheme
they are considered numerically as independent.80,81

The first effort to model realistically the aggregation
process of amyloids is therefore to tune such parameters
by matching the correct behaviour of the monomers in
solution. For example, we have previously shown that by
choosing correctly the value of γ, it is possible to reproduce
the experimental diffusivity of globular proteins.45 Here, in
the same spirit, we have performed simulations on model
systems consisting of an isolated Aβ16−22 peptide and of
an aggregated trimer. For the sake of comparison, we also
considered a collapsed aggregate formed by 18 Aβ16−22
peptides. Simulations were carried out using different values
of γ in a broad interval spanning two orders of magnitude,
γ ∈ [0.001,0.1] fs−1, and setting the kinematic viscosity at the
experimental value of pure water. The systems were simulated
with and without HI. In the former case, the spatial resolution
of the lattice was set to ∆x = 1 Å.

In Figure 1 we report the diffusion coefficient D for
the Aβ16−22 peptide as a function of γ. D was obtained by
calculating the mean square displacement (MSD), ⟨∆r2(t)⟩, of
the peptide centre of mass, and using the Einstein relationship
to fit the linear behaviour of the MSD in the nanosecond time
scale, ⟨∆r2(t)⟩ � 6Dt. The estimate was done by performing

FIG. 1. Top panel: Effect of the friction parameter γ on monomer diffusivity
for a system of different sizes including or excluding HI. The dashed lines
represent the behaviour predicted by Langevin theory for a particle with mass
equal to that of the peptidic system (1Aβ16−22, 3Aβ16−22, and 18Aβ16−22).
Bottom panel: Focus on the high friction regime. The behaviour of the
diffusion constant D is compared to the experimental data (dashed horizontal
lines). For the sake of comparison, we report also data for a model system,
a point particle of mass equal to that of the Aβ16−22 peptide, simulated at
γ = 0.1 fs−1. For the monomeric system LBMD simulation was performed
only for γ = 0.1 fs−1 for numerical stability.

block analysis with a block length of 12 ns and averaging
over the monomers in the systems. We first note that
Aβ16−22 mobility follows roughly the ideal Stokes-Einstein
relationship, D = kbT

mγ
, and this is true for the Langevin as

well as for the LBMD simulations, even if for the monomer
and the trimer deviation occurs at low friction values.

The important finding of this first set of simulations
is highlighted in the bottom panel of Figure 1 where the
obtained diffusion constants are compared to the experimental
values. While for the monomer the experimental diffusion
constant is available in the literature and obtained by
NMR,82 D = 2.3 · 10−10 m2/s (23 Å2/ns), for the trimeric
state the diffusion coefficient D was estimated by using
the HYDROPRO software.83 We note that the HYDROPRO
calculation reproduces the experimental value for the
monomer. From our comparison we find that a reasonable
range of values for the friction γ is 0.03–0.017 fs−1. For
globular proteins of 37-75 residues, good match with the
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experimental diffusivity was found with γ = 0.05 fs−1,45

therefore we can set a window of general validity for species
of different sizes and folds, γ = 0.05–0.017 fs−1.

B. Effect of hydrodynamic interaction
on amyloid aggregation

Having optimised the coupling parameter γ to reproduce
the experimental diffusivity of the elementary molecular
amyloid species, we turn our attention to the more complex
aggregation process. We have already shown that HIs speed
up amyloid aggregation because solvent mediated interactions
enhance the peptides’ mobility easing their encounter and
collapse in an aggregated structure.45 A similar behaviour was
also observed for lipid-like particles simulated by Brownian
dynamics including HI.38 To further investigate the process,
we performed a set of independent simulations for a system
containing 18 Aβ16−22 peptides initially distributed uniformly
in a cubic simulation box of linear dimension L = 65 Å.
The simulations were carried out by varying the coupling
parameter γ and using the kinematic viscosity of pure water.
As expected, when the parameter γ is decreased the net
effect of the enhanced peptide mobility is to accelerate the
aggregation process. This is mirrored by the drop in time
of the system radius of gyration, Rg , see Figure 2. This is
visible in both Langevin and LBMD simulations. For very
low values, γ ≤ 0.01 fs−1, the collapse towards a compact
aggregate occurs in less than 10 ns, while for larger values,
including the optimal upper bound for molecular diffusivity
γ = 0.05 fs−1, the compact state is reached in longer time. The
set of simulations presented here must be considered as an
indicative test since an accurate estimate of the aggregation
kinetics could be obtained only by averaging over many
independent trajectories.

C. Multi-time and space resolution: Scaling law

We pause here to design the best strategy for deploying
the LBMD methodology when simulating very large systems

FIG. 2. Variation of the system (18 Aβ16−22) gyration radius Rg as a function
of the simulation time. Top panel refers to Langevin MD, bottom panel to
LBMD.

composed of hundreds of peptides or more. In presenting
the methodology in the inaugural manuscript,45 we have
already highlighted its intrinsic multi-temporal and spatial
scale features. In fact length and time resolutions can be varied
at both the molecular and fluid representations. In order to
preserve the physical kinematic viscosity of the fluid when
changing the resolution, a scaling of the numerical kinematic
viscosity of the LB is required. For instance, in synchronous
LBMD, we have shown that multi-scale arguments49 apply
to fluid viscosity when the integration time step for the
molecular motion is increased with respect to a reference
value ∆t0. Namely, numerical kinetic viscosity must be scaled
as ν = ν0 × (∆t0/∆t) where ∆t0 and ν0 are the reference time
step and numerical kinematic viscosity at the reference time
scale, respectively. Similarly, the numerical fluid viscosity
should be scaled when multi-stepping asynchronous LBMD
is performed, with fluid dynamics updated only at a fixed
number of molecular time steps.

However, from a computational point of view, when
working with the quasi-atomistic resolution of the OPEP
force field,32 the more convenient manipulation concerns
the resolution of the lattice on which the fluid dynamics
is mapped on. In fact, for a cubic simulation box, the LB
method49,62 scales as N3

g with Ng being the number of grid
points in a direction. However, with respect to a reference
kinetic process, when changing the spatial resolution of the
lattice, a scaling procedure should be introduced to recover
the correct relaxation. Dimensional considerations suggest
that the numerical kinematic viscosity, the main parameter
controlling the fluid relaxation, must be scaled as

ν = ν0 ×
(
∆x0

∆x

)2

, (5)

where ν0 is the numerical kinematic viscosity of water at
the reference lattice spacing ∆x0 that we consider equal to
the characteristic atomic length-scale ∆x0 = 1 Å. When the
lattice space ∆x0 = 1 Å and the integration time-step τ0 = 1 fs
are set in order to provide a reference for the coupling with
the molecular components, ν0 is fixed to the experimental
kinematic viscosity for water. The scaling in Equation (5)
guarantees, when the lattice space is changed, to simulate the
physical reference viscosity of water and access larger time
scales without spoiling the kinetics relaxation of the process.

In order to prove this relationship we performed a simple
relaxation experiment on an isolated Aβ16−22 peptide.47 A
small unidirectional velocity, vx = 0.1 Å/fs, is assigned to
all the atoms of the peptide at time t = 0. Then LBMD
simulations at zero temperature (T = 0 K) were performed,
and the decay of the initial kinetic energy was followed
in time. The simulations were performed for a reference
value of the lattice spacing ∆x0 = 1 Å and for four other
resolutions, ∆x = 1.3,1.6,1.8,2.0 Å. For each new resolution
we scaled the viscosity according to a generic law ν = ν0(∆x0

∆x
)α

and we tried to match the reference relaxation process by
varying the parameter α. In fact, deviation from Eq. (5)
could be expected because of (i) the flexible nature of the
peptide making it different from a simple rigid body, (ii) the
approximation arising from the interpolation procedure. The
results are reported in Figure 3. We found that an optimal
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FIG. 3. Time-relaxation of the center of mass velocity in synchronous LBMD
in the absence of fluctuating hydrodynamics. Black lines are the reference,
∆x0= 1 Å and ν0= 0.1666. Solid magenta lines refer to relaxation processes
sampled by LBMD with a different lattice space but same numerical kine-
matic viscosity. For each lattice space resolution, the other coloured lines
refer to the relaxation processes obtained with a rescaled ν =ν0( ∆x0

∆x )α for
different values of the scaling exponent α.

match with the reference dissipative relaxation is obtained for
values of the scaling exponent α comprised between 2.0 and
2.4, depending on the resolution. Namely we reproduce the
characteristic power law tail of the velocity relaxation.84 The
observed good scaling with α = 2 as predicted by dimensional
argument indicates that, at the dissipation time scale accessed
by the relaxation experiment, the peptide behaves as a rigid
entity as probed by the negligible Cα RMSD with respect to
the initial configuration (0.3 Å) along the relaxation process.
While data in Figure 3 were obtained using the nearest point
scheme for the particle-to-mesh interpolation, a very similar
behaviour is obtained using other schemes.

The scaling relation is tested against the aggregation
dynamics too. Again, we used the 18-mer system as a model.
We considered the average relaxation process occurring in
the first ten nanoseconds and obtained from high resolution
LBMD (∆x = 1 Å) as our reference, see the black diamond
in Figure 4. A set of independent simulations was performed
at different resolutions, ∆x = 1.8 and 2 Å. For this test, we
considered both the unscaled and scaled numerical viscosity
scenarios. For the latter case, the scaling exponent was set to
α = 2.2, one of the optimal values as discussed above. For
each case five independent runs were used for the averaging.
The results are reported in Figure 4 where we show that when
viscosity scaling is applied the relaxation processes nicely
approach the reference one. This is especially visible at the
nanosecond time scale when the HIs become dominant in
driving the peptides encounter.

D. Towards big system

In this final section we challenge the methodology
against large size systems. Namely, we first present a detailed
characterisation of the effect of HI on the aggregation process
of a system composed of 100 peptides. We conclude by

FIG. 4. Multi-resolution approach. Time line of the normalised radius of
gyration Rg (t)/Rg (0) for the 18 Aβ16−22 system. Black diamonds refer to the
reference relaxation with lattice spacing ∆x = 1 Å and numerical kinematic
viscosity ν0= 0.1666, coloured solid lines refer to the relaxation processes
sampled by changing lattice resolution spacing; coloured circles refer to the
same processes but sampled using a rescaled numerical kinematic viscosity,
ν. Each resolution is indicated by the same colour for line and symbols.

presenting the results obtained on a much larger system
composed of 1000 peptides. At the quasi-atomistic resolution
of the OPEP force field, the latter system is of unprecedented
size. If transposed to an explicit solvent representation, the
system would have 2.4 × 106 particles. Previous studies based
on implicit solvent molecular models considered systems of
20,85 28,30 48,77 and 125 short peptides,29 and in addition no
HIs were included in the simulations.

A system composed of 100 Aβ16−22 peptides has been
prepared by placing the peptides in a cubic simulation box
of linear dimension L = 150 Å. Each peptide was randomly
oriented and with the centre of mass initially located on a
regular grid point so as to obtain a uniform spatial distribution
of the monomers. The LBMD simulation was performed using
a resolution of ∆x = 2 Å for the lattice spacing, a re-scaled
numerical kinematic viscosity ν = ν0(∆x0

∆x
)2, and a friction

γ = 0.02 fs−1. The scaling of the kinematic viscosity along
with the tuning of the friction γ ensures the soundness of the
physical model and its temporal evolution, with the diffusivity
of the elementary species matching the experimental one and
fluid hydrodynamics reproducing that of water.

The molecular and fluid motions were evolved synchro-
nously using a time step of 1.5 fs and the simulation was
100 ns long. For the sake of comparison the same system was
simulated using Langevin dynamics, the run was extended to
150 ns in order to obtain comparable aggregation (see below).

As already observed for the 18-mer system,45 HIs are
found to speed up significantly the aggregation of the
peptides, see Figure S1 of the supplementary material94 where
the decrease of Rg mirrors the formation of the collapsed
structures. When HIs are included the first drop of Rg occurs
in tenths of nanoseconds while being substantially longer in
the Langevin simulation. As a further investigation we have
performed a cluster analysis of the spatial distribution of the
peptides so as to track the evolution of the number and size
of aggregated states present in the solution. The clustering
was based on the distance between the centers of mass of the
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peptides and by using a cut-off parameter (dc), see Figure
S2.94 For all sets of values tested for the cut-off parameter
(dc = 9–12 Å), HIs facilitate the formation of aggregates.

As we show in Figure 5 the oligomer sizes detected by
cluster analysis evolve in time, the free monomer population
decreases to 2%-3% in about 20 ns and the largest cluster
grows via a multi-step mechanism. When HIs are present at
the end of the simulation, about 80% of the peptides belong to
the largest and second larger clusters. In Langevin simulation,
these two states account only for 50% of the peptides in the
solution. For this system and at this time scale, our finding
shows also that HIs favour the growth of the largest cluster
that becomes the center of attraction by sinking diffusional
motion of smaller entities. In fact, when large clusters form,
their shape fluctuations evoke the conformational changes
occurring in active proteins during their enzymatic turnover.
It was theoretically shown in an elegant work by Mikhailov
and Kapral36 that such motions create coherent hydrodynamic
fluctuations that drag the surrounding passive particles. We
also note that the presence of solvent correlated motion
enhances the fluctuations of the aggregates’ size, as visible
from the variability in time of the clusters’ size. After a
transient initial aggregation phase, once several aggregates are
formed, the amyloid system looks as a concentrated solution
of large active particles with the specific features that their
sizes can vary by the competitive expulsion and inclusion of
oligomers.

In order to have a complete vision of the solution’s
polydispersivity, we have computed the cluster size probability
distribution for time blocks of length 20 ns. The results for
LBMD and Langevin simulations are compared in Figure S394

where it is possible to appreciate the time-evolution of the
aggregation states formed along the simulations: in LBMD
the distribution stretches quickly towards high size value.

For a more robust vision of the aggregation process, we
have performed LBMD simulations starting from four extra
independent configurations. The average results for the time
evolution of the clusters formed during the simulation time

FIG. 5. Time evolution of the aggregation states in the solutions. Top panel
refers to LBMD simulation, bottom panel to Langevin simulation. In each
panel, the black curves monitor the decay of monomeric states, while orange
and blue curves represent the growth of the largest and second largest clusters
individuated in each frame.

(100 ns) are reported in Figure 6. By fitting the time decay
of the number of clusters formed at runtime we extracted two
characteristic time scales for the process, a fast (τ1 ≃ 4 ns)
governing the first encounter of the monomers, and a second
slow one (τ2 ≃ 120 ns) controlling the formation of much
larger entities via fusion of smaller clusters and peptide
absorption. At the time scale considered, on average, about
60% of the Aβ16−22 peptides are found in the first two
largest aggregates. When the peptides encounter each other, β
structures start to form. Based on the DSSP method86 we found
that the β-strand content increases as the oligomerization
progresses and amounts to 10% at the end of the simulations,
see Figure S4.94 In a previous study based on the OPEP
v3.0 force field, the percentage of β-strands found at the
end of 100 ns MD trajectories was ∼25% for a Aβ16−22
8-mer,76 indicating that the secondary structure reorganisation
of the peptides requires longer time scales as the size of the
assemblies increases.

In order to understand how the reorganisation of the
main clusters proceeds at a longer time, we performed, for
computational efficiency, a simulation using a resolution
∆x = 3 Å with the appropriate numerical scaling of the
kinematic viscosity. As it can be seen in Figure 7, after the
first 100 ns, the clusters slowly fuse, with the largest cluster
attracting peptides and sinking out elements from the second
largest one, whose size and size fluctuations decrease. The size
of the first largest cluster spikes regularly at values as high as
70 monomers. This finding suggests that the full aggregation
should occur within a microsecond at this system size and
concentration. In addition, the progress of the aggregation
is further accompanied by a slow but constant increase of
the β-strand content that fluctuates around 15% at 250 ns,
see Figure S5 of the supplementary material,94 vs. 10% at
100 ns.

We present now the results of a challenging simulation
consisting of a solution of 1000 Aβ16−22 peptides contained in
a cubic box of dimension L = 300 Å. The LBMD simulation
was performed for about 100 ns by using the same parameters,

FIG. 6. Time evolution of the aggregation states in the solutions. The clusters
were identified using a cut-off of dc = 12 Å. The dark lines refer to the
average collected over five independent trajectories. Error bars in light colours
indicated the standard deviations. Panel (a): Number of clusters vs time.
Panels (b) and (c): Size of the largest and second largest clusters vs time.
Panel (d): Number of isolated monomers in the solution vs time.
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FIG. 7. System 100 Aβ16−22, LBMD with resolution ∆x = 3 Å. Time evolu-
tion of the size of the two largest clusters (yellow and blue lines) and of the
number of free monomers in solution (black line). The clusters were identified
using a cut-off of dc = 12 Å.

resolutions, and scaling as described for the system of 100
peptides. In Figure 8, the time evolution of the aggregation
states is reported. The cluster analysis was based on the
same distance cut-off exploited for 100 Aβ16−22, dc = 12 Å.
The largest cluster grows in time and its size is subject
to considerable fluctuations, at the end of the simulation
it contains about 80 peptides. After 90 ns, the largest and
the second largest clusters contain about 8% and 5% of
the monomers in the solution, respectively. This result is in
contrast with the behaviour observed for the smaller system
of 100 Aβ16−22 where, in the same time scale, almost 80%
of the peptides aggregate in the first two largest clusters. It
appears clear that, given the large size of the system, many
intermediate structures are sampled and compete to attract
smaller oligomers. This can be considered as an example of
high concentration distribution of active particles contributing
each one to the hydrodynamic flow.36 For instance, when

FIG. 8. Time evolution of the aggregation states for the 1000 Aβ16−22 pep-
tides. The orange curve represents the time evolution of the largest cluster
size, the blue curve represents the second largest cluster size evolution, and
the black curve represents the change of the number of free monomers in the
solution. In the inset of graph (A) the probability distribution of the cluster
sizes collected over the last 10 ns of the simulation is plotted for the 1000 and
the 100 Aβ16−22 peptides system, orange and red curve, respectively. In the
inset of graph (B) we compare the growth dynamics of the largest clusters for
the 1000 and the 100 Aβ16−22 peptide systems. The colour code is as in the
inset (A).

collected over the last 10 ns of the simulation, the probability
distribution of the cluster sizes results more continuously
populated for size < 40 than in the case of the small system
100 Aβ16−22, see inset A in Figure 8. Interestingly enough,
the fraction of amino acids in the system that reorganises
in β-structures upon aggregation is very similar among the
two systems, ∼10% of the total number of residues (see
Figure S694). There are no experimental secondary structure
data on the oligomers of the Aβ16−22 peptide. It is however
interesting that all-atom REMD simulations of the dimer and
trimer of Aβ16−22 using the OPLS force field (known not
to be biased towards β-sheet formation) lead to a β-strand
content of 8%.87 The transition to more ordered β-sheet states
then occurs over much longer time scales. In agreement with
many reports,9 our simulation results show that the peptides
assemble first into a mixture of amorphous structures and then
reorder towards β-rich large assemblies. In recent works, it
has been discussed in detail, for various amyloid peptides
and oligomers, under which experimental and computational

FIG. 9. Pictorial representation of the largest aggregated structures sampled
during the simulation of the 100 and 1000 Aβ16−22 systems. In yellow we
highlighted the β-strand structures acquired in the aggregates. For the 100
Aβ16−22 system the largest clusters at different time are represented to show
the elongation process.
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conditions direct β-sheet formation occurs.88,89 However,
as anticipated,79 at the high concentration of the systems
considered here, the encounter of the peptides is rather fast,
so elementary oligomers collide, fuse, and exchange with
characteristic times shorter than the kinetic of the peptide
structural reorganization, this latter being also dependent on
the size of the aggregates the peptides belong to.

We conclude by presenting the structure of the largest
clusters assembled in the simulations of the 100 and 1000
Aβ16−22 peptides, see Figure 9. In the 100 Aβ16−22 system,
there is a sharp transition at around 100 ns in the size of
the largest cluster (Figure 7); this corresponds to a transition
from three separated ellipsoidal oligomers (one shown at time
= 74 ns) to a slightly twisted, elongated fibril-like assembly
(length of 17 nm). In the simulations of 1000 Aβ16−22 peptides,
the largest cluster presents a branched morphology. That it
is, despite the same concentrations, using a larger number of
peptides (1000 vs. 100), it is possible to explore a larger variety
of intermediate states, in number and in shape. This branched
disordered fibril-like structure is often described theoretically
by the secondary nucleation mechanism, and more exactly
the surface-dependent lateral nucleation.90 Branching in
amyloid fibrils has been also observed experimentally for the
29-residue glucagon peptide, the prion protein, and the
Aβ1−40/42 peptide.91–93

IV. CONCLUSIONS

In this work we have explored how hydrodynamic
interactions (HI) influence the early stage of amyloid
aggregation. Our study is based on the Lattice Boltzmann
molecular dynamics multi-scale technique that allows to
include HI in the simulation of implicit solvent coarse-
grained molecular systems. The accuracy of the molecular
description is ensured by the high quality of the flexible
CG model OPEP. Once the essential parameters controlling
the coupling between the molecular and fluid dynamics are
tuned, the multi-scale potentiality of the method is used
to investigate the aggregation process of amyloid peptides
in systems of very large sizes, up to 1000 monomers. As
already observed in small sized systems, the HIs speed up
the aggregation because of the enhanced diffusivity of the
monomers due to solvent mediated interactions. On top of this
effect, we were able to demonstrate that HIs also guide the
size fluctuations of the aggregates, by easing the exchange of
oligomers, and the growth of the leading largest cluster. Thus,
via their shape and size fluctuations the peptides’ aggregates
behave as active entities that generate coherent fluid flow that
directs peptides’ mobility to favour their relative encounter.
By performing a simulation of 1000 Aβ16−22 peptides, a
system of unprecedented size at quasi-atomistic resolution,
we were able to sample new intermediate structures that
cannot be detected in a system of 100 peptides. To our
knowledge, this is the first time that branching disordered
amyloid fibril has been observed by computer simulations.
The potentiality of the LBMD-OPEP methodology is being
exploited to explore the effect of concentrations as well as of
crowding due to molecular receptors in the aggregation of Aβ
peptides.
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1 Introduction

Alzheimer�s disease (AD) is the most common neurode-
generative disease and is pathologically characterized by
neurofibrillary tangles resulting from the accumulation of
hyper-phosphorylated tau protein and by amyloid plaques
made of the amyloid beta (Ab) protein that results from
cleavage of the transmembrane amyloid precursor protein
(APP) by beta-secretase (BACE1) and gamma-secre-
tase.[1] Despite continuous debate, there is strong evi-
dence that an imbalance between production and clear-
ance of Ab1–40/1–42 and related Ab proteins (either truncat-
ed or post-translational modified) plays a key role in ini-
tiating AD.[2,3]

Though research aimed at targeting BACE1,[1] modu-
lating the response of the innate immune system,[4] inter-
fering on Apolipoprotein E4 and other components of
cholesterol metabolism, and regulating endosomal vesicle
recycling is pursued,[5] controlling Ab self-assembly with
inhibitors is considered as one of the most promising sol-
utions to delay the onset or stop the progression of AD.[6]

The challenge arises first from the intrinsically disordered
structure of the human wild-type (WT) Ab monomer in
aqueous solution. Ab1–42 WT sequence, DAEFRHDS-
GYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIA,
has two hydrophobic patches, L17-A21 (CHC) and A30-
A42 (C-terminus), and two hydrophilic patches, E22-G29
(loop region) and D1-K16 (N-terminus).[7] The challenge
also comes from the lack of high-resolution structures
and formation/dissociation rates of the low molecular
weight Ab1–40/1–42 oligomers, including dimers, which are
believed to be the most critical players in the patholo-
gy;[8,9] and for these oligomers, we have at hand low-reso-
lution structural data.[1] Finally, the experimental sigmoi-

dal kinetics of amyloid formation is the result of a linear
combination of microscopic reactions involving primary
classical and secondary (fragmentation and surface-de-
pendent lateral) nucleation processes, and we know little
on the topology and size of the primary nucleus.[10–13] The
kinetics is also sensitive to the experimental conditions
and the sequences, with mutations enhancing or reducing
fibrillogenesis and toxicity.[6,10]

Here, we review the contribution of my group and col-
laborators to understanding the early and late aggrega-
tion steps of amyloids in aqueous solution based on
coarse-grained (CG) OPEP and all-atom simulations. We
focus on five aspects and compare with other simulation
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Abstract : Alzheimer’s disease is the most common neurode-
generative disease. Experiments and computer simulations
can complement one another to provide a full and in-depth
understanding of many aspects in the amyloid field at the
atomistic level. Here, we review results of our coarse-
grained and all-atom simulations in aqueous solution aimed

at determining: 1) early aggregation steps of short linear
peptides; 2) nucleation size number; 3) solution structure
of the Ab1–40/Ab1–42 wild-type dimers; 4) impact of FAD
(familial forms of Alzheimer’s disease) mutations on the
structure of Ab1–40/Ab1–42 dimers; and 5) impact of protec-
tive mutations on the structure of Ab1–40/Ab1–42 dimers.
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results and experimental data, when possible. Simulations
of Ab and related peptides interacting with inhibitor can-
didates, such as EGCG, NQTrp, N-methylated peptides,
and carbon nanotubes, or aimed at dissociating amyloid
fibrils, are described elsewhere.[14–22]

Prior to amyloid results, we recall that the OPEP (opti-
mized potential for efficient protein structure prediction)
CG model represents the amino acid by six centers of
force. Each side chain is represented by a unique bead,
and the backbone uses an atomic resolution with N, HN,

Ca, C, and O atoms. Proline is an exception, represented
by all its heavy atoms (Figure 1A).[23,24] The implicit sol-
vent OPEP model retains chemical specificity and is free
from any biases. This runs in contrast to the Martini CG
model that imposes secondary structure constraints,[25]

and the CG Caflisch[26] and Shea[27] models that tune the
probability of the monomer to form b-strand. The OPEP
energy function is expressed as a sum of local, nonbond-
ed, and hydrogen bonding (H-bond) terms, and all analyt-
ical terms are given in Refs. [28,29]. Notably, H-bonds
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between backbone atoms are modeled by two- and four-
body potentials, rather than Coulombic interactions. In
contrast to other CG models used for amyloid pro-
teins,[30,31] OPEP has been successfully tested on many
non-amyloid proteins, recovering experimental structures
and thermodynamic properties,[29,33–37] and protein/protein
complexes using various advanced sampling methods.[38]

2 Early Aggregation Steps of Short Linear
Peptides

Independently of the sampling method (molecular dy-
namics (MD), replica exchange molecular dynamics
(REMD), and replica exchange Monte Carlo (REMC)),
whether CG or all-atom force field with explicit/implicit
solvent is used, the self-assembly of short linear peptides
starts with the formation of partially ordered oligomers,
which is modulated by the hydrophobic character of the
system. Then, the formation of H-bonds drives oligomers
to transient and marginally populated b-rich aggre-
gates.[39–43]

Using OPEP, we were the first to observe that these b-
rich oligomers have various sheet-to-sheet pairing
angles,[44] a prediction that was confirmed by X-ray struc-
tures of macrocyclic b-sheet mimics[45] and other force
field calculations.[28,40] We predicted that these b-rich olig-
omers can form transient b-barrels,[44,46] and this was vali-
dated by the microcrystal structure of an 11-residue amy-
loid peptide[47] and other simulations,[27,48] and is compati-
ble with IM-MS data.[49] We also identified rare events in-
volving reptation moves of the b-strands,[50,51] allowing the
change in the register of the H-bonds without full detach-
ment of the peptides, prior to Fourier transform infrared
spectroscopy (FTIR)[52] and atomistic simulation re-
sults.[53,54]

Of particular interest from all simulations of 7-mers to
20-mers is that the b-rich oligomers are characterized by

a predominance of mixed parallel-antiparallel b-strands,
independently of the sequence.[30,39–41,46,55–57] This runs in
contrast to the final products, which display either anti-
parallel or parallel b-strands within the sheets.[58] This b-
strand orientation mismatch, also observed experimental-
ly for Ab1–40/1–42 peptides,[1] raises the question about when
the transition towards fully parallel or antiparallel inter-
molecular b-sheets occurs during oligomerization.

Most computer studies of amyloid aggregation have fo-
cused on thermodynamics, rather than dynamics, because
enhanced advanced sampling from REMD, simulated
tempering (ST), and metadynamics does not provide
direct information about kinetics. In addition, an accurate
description of dynamics obtained from CG models with
implicit solvent requires inclusion of computationally de-
manding hydrodynamic interactions that water exerts on
the solute.[59,60] Hydrodynamic interactions arise from the
motion of atoms that generate a velocity field in the sur-
rounding aqueous environment and the resulting flow
acts on other protein atoms. While hydrodynamic interac-
tions do not impact the equilibrium distribution of states,
they affect dynamics and escape from metastable states
and have striking effects on the simulated diffusion and
folding of proteins.[61]

In this context, we recently presented a novel computa-
tional framework that integrates the OPEP CG model for
proteins with the lattice Boltzmann molecular dynamics
(LBMD) methodology to account for the fluid as a contin-
uum in a probabilistic sense, and determine the explicit
and on-the-fly solutions of the fluid dynamics and kinet-
ics.[29] Protein particles are advanced in time by MD, fluid
populations are used to represent the solvent and are ad-
vanced in time by the lattice Boltzmann equation, and
the coupling between the motion of a solute particle and
fluid is based on the assumption that momenta exchange
in a Stokes fashion, i.e., modeled by a drag force between
each particle and the fluid, with one term proportional to
the friction coefficient, g.[62] This parameter is empirically
tuned so that the diffusion constant of the molecular
system at infinite dilution matches the experimental
value.

Figure 2 shows the time evolution of the size of the
largest cluster, and the number of free monomers using
Langevin dynamics and LBMD simulations of 100 Ab16–22

peptides, starting from 100 randomly placed peptides in
a cubic box of size L=150 �. The aggregation process is
characterized by a first timescale (<10 ns) that controls
the first encounter of the peptides and the formation of
small oligomers, and a second timescale of 102 ns that
controls the fusion and the growth of larger aggregates.
The first striking effect of the hydrodynamic interactions
(HI) is to speed up the early aggregation phase, as high-
lighted in the inset graphs. The second key effect is that
HIs favor the growth of the largest cluster and its size
fluctuations. The aggregates behave as active particles,
and their change in shape and size alter the surrounding

Figure 1. OPEP models. A) The peptide Ala-Lys-Phe-Pro-Val in its
zwitterion form shows the details of the backbone and the side
chains for the off-lattice model. B) One on-lattice structure of the
Ab37–42 peptide Gly+(red)-Gly (yellow)-Val (grey)-Val (grey)-Ile
(green)-Ala�(blue). For simplicity, the aliphatic hydrogen of Gly side
chain is also shown.
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fluid with effect on the inclusions of free monomers in
larger clusters, as well as the fusion of separate aggre-
gates. Note that after 300 ns of LBMD (data not shown),
all the monomers fuse in a unique elongated 100-mer
with 17% b-content, and the simulation time may not

correspond to the real aggregation timescale, which is
much slower.

In Figure 3, we present the results of an LBMD simula-
tion of a system of unprecedented size composed of 1000
Ab16–22 peptides, placed initially in random positions in
a cubic box of size L=250 �. Transposed to an explicit
solvent all-atom resolution, this system would count
2.4 million particles. A system of such a size allows, when
compared with smaller systems, to explore a large
number of intermediate states. At the time scale explored
in the simulation, 200 ns, we observe a continuous growth
of the larger clusters. The jumps observed along the
growth curves mirror the sudden absorption of smaller-
sized entities. At the end of the simulation, about 30 % of
the system is assembled in the two larger clusters. Two
representative configurations of the largest structures,
formed at different times, are also presented. Interesting-
ly, during the growth, we observe the presence of
a branched structure with a b-content of 14% (see the
snapshot at 200 ns), as predicted by lateral secondary nu-
cleation and observed for some proteins experimentally.

3 Nucleation Size Number

A very important question is that related to the size of
the primary nucleus or critical nucleation number, N*. In
addition to pH, concentration, and temperature, many

Figure 2. Aggregation results of 100 Ab16–22 peptides. Time evolu-
tion of the size of the largest cluster (blue), and the number of free
monomers (green and red) in solution, using Langevin dynamics
and lattice Boltzmann molecular dynamics (LBMD). The inset
shows the monomer population in the first 10 ns. The clusters are
defined by considering the distance between the monomer center
of mass, and considering a cut-off of 12 �.

Figure 3. System with 1000 Ab16–22 peptides. Time evolution of the size of the largest cluster (blue), the second largest cluster (green) and
the number of free monomers in solution. The panels A) and B) show representative configurations of the largest aggregates explored be-
tween 110 and 115 ns and between 210 and 215 ns.

Isr. J. Chem. 2016, 56, 1 – 11 � 2016 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.ijc.wiley-vch.de &4&

These are not the final page numbers! ��

Review
1 1
2 2
3 3
4 4
5 5
6 6
7 7
8 8
9 9

10 10
11 11
12 12
13 13
14 14
15 15
16 16
17 17
18 18
19 19
20 20
21 21
22 22
23 23
24 24
25 25
26 26
27 27
28 28
29 29
30 30
31 31
32 32
33 33
34 34
35 35
36 36
37 37
38 38
39 39
40 40
41 41
42 42
43 43
44 44
45 45
46 46
47 47
48 48
49 49
50 50
51 51
52 52
53 53
54 54
55 55
56 56

110 Conclusions



factors are known to modulate N* and the lag-phase
time, from experimental studies, as measured by Thiofla-
vin-T Fluorescence,[12,63,64] and theoretical studies, as de-
termined by kinetic models,[65] atomistic nucleation
theory,[66] and simulations of mesoscopic and on-lattice
models.[11,26,27,67,68] These factors range from salt and metal
concentration, energy landscape of the monomer, and
population of the monomeric aggregation-prone state,
shear flows to the supersaturation of the protein solution.
Using simplified models, it has been shown that increas-
ing the total side-chain hydrophobicity switches the fibri-
lization mechanism from one- to two-step nucleation,
where in the one-step nucleation, the b-sheet enriched
nucleus forms directly from the solution, and in the two-
step nucleation, soluble monomers first assemble into dis-
ordered oligomers, which subsequently convert into a b-
sheet nucleus.[12,69]

All-atom simulations in explicit solvents were per-
formed to determine N*. By following the stability of pre-
formed b-sheet oligomers by MD or REMD, and charac-
terizing the free-energy landscape from disordered aggre-
gates by REMD or bias-exchange metadynamic simula-
tions, it was suggested that N* varies between 7 to 16 de-
pending on the peptide (e.g., Ab16–22, STVIYE,
GVIGIAQ, Val8).[70–73] Also, the highest free-energy barri-
er could be associated with the transition from mixed b-
strand orientation to native b-strands and the formation
of highly interdigitated side chains, the so-called steric
zipper.[56,74] The limitation of standard atomistic simula-
tions is that rare events and high-energy states are not
properly explored and metadynamic simulation results
are very sensitive to the choice of the collective variables.

On-lattice simulations were also conducted to deter-
mine N*. Using a hydrophobic-polar energy model, Li
et al. found that N*=11 for Ab1–42.

[75] By introducing the
orientation of the side chains, Irback et al. showed that
the highest free-energy barriers for an oligomer to form
a fibril is accompanied by a change in width.[76] Using spe-
cific side-chain interactions, backbone H-bonds and sol-
vent effects, Frenkel et al. found that N*=10 for the amy-
loid peptide TFTFTFT, with alternating polar and hydro-
phobic amino acids.[77]

Recently, we went one step beyond, by presenting an
OPEP force-field parametrization for the lattice model
developed by Frenkel[77] to determine the critical nucleus
size of the experimentally well-characterized Ab16–22 and
Ab37–42 peptides.[78] A representative structure of Ab37–42

in the lattice representation is shown in Figure 1B. There
are various bottom-up approaches to develop coarse-
grained potentials matching all-atom simulations or ex-
perimental data. Our bottom-up approach starts with the
optimization of the lattice force parameters for the Ab16–

22 dimer by fitting its equilibrium parallel and antiparallel
b-sheet populations to all-atom REMD simulation results,
using both CHARMM22*/TIP3P and AMBER-f99SB-
ILDN/TIP3P force fields. We found that the OPEP four-

body H-bond interaction plays a crucial role in the cor-
rect description of secondary structures and end-to-end
distributions, and this force field is transferable to the
Ab16–22 trimer and the dimers and trimers of Ab37–42, again
by comparing with all-atom REMD simulations.[78] Using
this set of parameters and extensive REMC simulations
at the calculated folding temperature of the monomer, we
characterized the free-energy landscapes (FEL) of the 10-
mers.

The most populated structures of the Ab16–22 10-mers,
representing more than 90% of the ensemble, display
one 10-stranded b-sheet or two 5-stranded b-sheets (Fig-
ure 4A), matching the microcrystal and solid-state NMR
structures of the amyloid fibril. Experimentally, the Ab16–

Figure 4. On-lattice OPEP-REMC simulations of Ab16–22 and Ab37–42

peptides. A) The free-energy landscape (in kBT) of Ab16–22 10-mers
as a function of the order parameter P2 and the total number of
intermolecular H-bonds below the melting temperature of the ag-
gregate. Representative structures at the center of all minima are
depicted. B) The population of one (black), two (red), and three
(green) b-sheet layers as a function of the number of b-strands.
Shown are results of the 15-mer (upper) and 20-mer (lower) Ab37–42

below the melting temperature of the aggregates.
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22 fibril forms antiparallel b-sheets with antiparallel b-
strands within individual sheets.[79,80] Additional OPEP-
REMC simulations for aggregates between 4- and 12-
mers indicate a nucleus size of 10 chains.[78]

The FEL changes completely for the Ab37–42 10-mers.
At room temperature, this oligomer is very disordered
and 91 % of the conformational ensemble has a total of
intermolecular H-bonds (NH-bond)�12, and an order pa-
rameter P2�0.3. This ensemble is characterized by Ab37–

42 peptides mainly folded into b-hairpins with turns at res-
idues 39–40, and packed in different architectures. Analy-
sis of the ordered states shows that the experimental
fibril state is present with a Boltzmann probability of
2 %, indicating that N*>10 chains.[78] Importantly, in con-
trast to Ab16–22 fibril, the Ab37–42 amyloid fibril features
experimentally parallel b-strands (i.e., with the two end
termini identically charged residues in contact) and anti-
parallel layers of b-sheets.[79]

Because the determination of critical nucleus sizes is
important in our understanding of fibril formation mecha-
nisms, we present new OPEP-REMC simulation results
of the Ab37–42 peptide for 15-mer and 20-mer, starting
from disordered states at the folding temperature of the
monomer. Figure 4B shows the population of one, two,
and three layers of b-sheets composed of n-stranded b-
strands. The one-layer architecture is more populated
than the two-layer one, and the three-layer structure is
hardly formed, and overall, both systems are mainly dis-
ordered, as reported by the low population (<15%) of
the layers of b-sheets. These results indicate that N* is
>20 chains for Ab37–42.

4 Solution Structure of the Ab1–40/Ab1–42 Wild-type
Dimers

The Ab1–40 and Ab1–42 WT dimers in aqueous solution
were studied by Hamiltonian replica exchange molecular
dynamics coupled to OPEP, all-atom REMD with a sol-
vent-accessible surface-area implicit solvent,[81] discontin-
uous MD (DMD) with a four-bead CG model,[31] and all-
atom MD simulations starting from CG DMD struc-
tures.[82] The results of these simulations show many dis-
crepancies in the 3D intra-/inter-molecular structures.[1]

To get a better understanding of the equilibrium struc-
tures, we studied the Ab1–40 WT dimer by REMD simula-
tions, 400 ns per replica,[83] using the all-atom
CHARMM22* force field, considered as one of the best
force fields, at least for folded proteins.[84,85] The represen-
tative structures of the first 10 overall states of the Ab1–40

WT dimer at 315 K are reported in Ref. [83].
The cross collision sections (CCS) of the first 20 clus-

ters for Ab1–40 WT dimer were found to vary between
1195 and 1322 �2, and using all conformations, the aver-
aged CCS value is 1255 �2.[83] These values are compati-
ble with two ion mobility-mass spectrometry (IM-MS)

studies, based on distinct sample preparations, and lead-
ing to a mean CCS of 1142 and 1245 �2.[86,87] Note there
is experimental evidence that there are multiple struc-
tures with different mobilities and cross sections.[87] Using
all REMD-generated structures, the percentage of secon-
dary structure averaged over all residues of the Ab1–40

dimer is found to be 18.7�3.3% for b-strand, 10�2.7 %
for a-helix, 43�3.7 % for turn, and 28�3.1 % for random
coil.[83] This calculated 2D structure is consistent with cir-
cular dichroism (CD) analysis, using two sample prepara-
tions, which reported a-helix, b-strand, and random coil/
turn contents of (10.5, 38.6, and 50.9 %) and (0, 12, and
78%).[88,89]

This first all-atom extensive simulation demonstrates
the inherently disordered structure of the Ab1–40 WT
dimer with high coil/turn content. We observe, however,
multiple transient intramolecular b-hairpins spanning the
CHC and residues 30–36 that persist from monomer[7,90–94]

to dimer simulations, and involve the F19-L34 contact
with a lifetime of 34 %. The role of this contact on the
early oligomers and toxicity has been discussed experi-
mentally.[1,95] Consistent with many models of Ab oligo-
mers derived from nuclear magnetic resonance (NMR)
spectroscopy,[1,96] we find transient antiparallel b-sheets
between the two CHCs. Our equilibrium ensemble also
reveals: short-lived all-a topologies (Figure 5A); all-b top-
ologies (Figure 5B) with two perpendicular b-sheets;
mixed ab topologies, characterized by one compact pep-
tide, with the b-sheet structure stabilized by a rather ex-
tended peptide with a-helical content; and parallel b-
sheets between the CHC and the C-terminus, rather than
between the two CHCs and between the two C-termini,
as observed in the fibrillar states.

Overall, a large structural rearrangement is necessary
to fit the fibrillar-like states. We are exploring the Ab1–40

WT dimer with other atomistic force fields by extending
each replica to the microsecond time-scale. Indeed it has
been shown that there is some dependence of Ab mono-
mer dynamics and thermodynamics on protein force
fields.[94,97,98]

Figure 5. Representative structures of Ab1–40 dimer at 315 K for the
WT, WT/A2V, A2V, and A2T peptides. The Ca atom of D1 is repre-
sented by a sphere. A) All-alpha topologies; B) all-beta topologies
with two double b-hairpins; and C) an intramolecular 3-stranded b-
sheet.
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5 FAD Mutations on the Dimer Structure of Ab1–

40/Ab1–42 Peptides

Familial forms of Alzheimer�s disease (FAD) represent
only a small fraction of all AD cases. Here, we only dis-
cuss the mutations located within residues 672–714 of
APP, from which Ab42 is processed. Although the addi-
tion of the residues IA at positions 41 and 42 increases
the pathogenic character of the Ab peptide and a high
percentage of Ab with a Met-sulfoxide at position 35 is
present in the AD brain, the C-terminus is devoid of
FAD mutations.[1]

The most common mutations located in the loop and
near CHC, the Flemish (A21G), Dutch (E22Q), Italian
(E22K), Arctic (E22G), and Iowa (D23N) mutations, and
in the N-terminus, FAD H6R (English), D7H (Taiwa-
nese), and D7N (Tottori), are known to increase Ab pro-
pensity to aggregate in vitro and the toxicity mediated by
Ab.[1] Using IM-MS experiments, Gessel et al. showed
that the D7N, A21G, and E22G peptides display very dif-
ferent oligomer distributions with respect to the WT re-
sults, that also vary from Ab1–40 to Ab1–42.

[99] Two other
FAD mutations exist near the CHC: the Osaka E22D mu-
tation consisting of a deletion of residue 22, and K16N,
which is itself not harmful, but becomes toxic when
mixed upon an equimolar ratio of WT.[1,100]

Using Markov state models and the potential of mean
force calculations, Xu et al. showed that one FAD muta-
tion changes the rugged free-energy landscapes of the
Ab1–42 monomer by altering the energy barriers around
basins. The E22 (E22D, E22G, E22K, and E22Q) and
D23N mutants generate more hub-like microstates than
Ab42 WT, offering, therefore, alternative pathways for
transitions that could explain enhanced aggregation kinet-
ics.[101] Based on the thousands of all-atom MD simula-
tions of the Ab1–42 monomer in explicit solvent, a link be-
tween a-helix propensity and aggregation kinetics was
proposed by Lin et al.[102] Based on REMD simulations
with various force fields, Garcia et al. showed that these
mutations increase interactivity of the N-terminus in
b pairing that could allow for the seeding of different
oligomers and faster aggregation pathways.[94]

Insights into the impact of FAD mutations on Ab1–40

and Ab1–42 dimers were investigated using different simu-
lation conditions and extent of sampling. Atomistic MD
simulations reported a decrease in b-strand propensity, an
increase of the flexibility of CHC, and a change in contact
maps in Ab1–40 and Ab1–42 dimers upon A21G substitu-
tion.[103] CG DMD simulations with implicit solvent
showed the destabilizing effect of E22G mutation on the
structure of residues 20–30 and its increased b-strand
impact on the N-terminus of dimers.[31] The other muta-
tions at the position 22 were also found to impact the
CHC and the global topologies.[31] OPEP CG REMD
simulations of Ab1–40/1–42 dimers in implicit solvent showed
that the Ab1–40 D23N dimer exhibits structural motifs that

differ from those observed in Ab1–40 WT and Ab1–42 WT.
For instance, while its C-terminal has a higher b-strand
propensity than in Ab1–40, its CHC is almost free from
secondary structure, as opposed to Ab1–42.

[81]

All-atom MD simulations of the Ab1–40/1–42 dimers in ex-
plicit solvent proposed different mechanisms for the in-
creased Ab aggregation upon FAD D7N and H6R muta-
tions. The D7N mutation could accelerate the kinetics by
reducing the bending free energy of the loop region;[104]

while, upon H6R mutation, the aggregation kinetics of
Ab1–42 could increase due to an enhanced b-strand at the
C-terminus and higher stability of the salt bridge D23-
K28.[105]

While these simulations help understand the increase
in aggregation kinetics upon mutations, the structural
characterization of FAD dimers remains, in our opinion,
very elusive. What is clear from experiments and simula-
tions is that the results obtained on Ab1–40 cannot be
transposed to Ab1–42, but whether the variations observed
between the mutants arise from differences in simulation
details or analysis has to be explored.

6 Protective Mutations on Ab1–40/Ab1–42 Dimer
Structures

While the FAD and A2V mutations increase aggregation
Ab kinetics, the A2T mutation and the equimolar mixture
of the WT and A2V peptides (WT/A2V), and of the WT
and A2T peptides (WT/A2T), retard kinetics.[106–110] Het-
erozygous carriers of A2V, and both homozygous and
heterozygous carriers of A2T are protected against
AD.[106,111] A2T reduces the production of Ab from APP
by 20–40%, in contrast to A2V, which enhances Ab pro-
duction.[106,111] In vitro experiments have shown that A2V,
WT/A2V, and WT/A2T change the oligomer size distribu-
tions and the stability of the oligomers.[106–110] For in-
stance, by using IM-MS, A2V caused Ab1–40 to aggregate
similarly to Ab1–42 WT with the formation of dimers, tet-
ramers, hexamers, and dodecamers, while the WT/A2V
mixture inhibited formation of hexamers and dodeca-
mers.[112] Unique morphologies of the A2T aggregates
were also observed using atomic force microscopy.[110]

As a first step towards determining the impact of the
single A2V mutation, Nguyen et al. found, by atomistic
REMD simulations, that the Ab1–28 A2V monomer is
much less intrinsically disordered than the WT peptide,
has a higher propensity to form b-hairpins, and displays
a conformational ensemble totally different from that ob-
served in WT.[113] The monomer structures of Ab1–40/1–42

A2T were also investigated by two REMD simulations
differing in force field and simulation time: 175 ns/repli-
ca[113] vs. 500–1000 ns/replica.[94] It was shown that this
mutation encourages the N-terminus to engage distant re-
gions of the peptide and increases the N-terminus in
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b pairing, leading to the possibility of more diverse b top-
ologies.

Next, we compared the equilibrium structures of the
Ab1–40 A2V and A2V/WT dimers with the structures of
the WT dimer using extensive atomistic REMD simula-
tions at pH 7 with 400 ns per replica. As Ab1–40 peptide is
much less prone to aggregation than the more toxic Ab1–

42 peptide, our predictions can be more easily tested ex-
perimentally. Our simulations reveal that, while the mean
secondary structure composition is almost unchanged,
there are drastic differences in the intramolecular confor-
mations, and tertiary and quaternary structures upon
single and double A2V mutation.[115]

The intrinsic disorder and the intermolecular potential
energies are reduced upon A2V mutation with respect to
WT. In contrast, the A2V and WT have similar intrinsic
disorder and the A2V dimer states have more favourable
interpeptide energies than the WT states. The WT and
A2V peptides display many all-a topologies (Figure 5A),
whereas WT/A2V is almost devoid of them. Very inter-
estingly, the population of the intramolecular 3-stranded
b-sheet spanning Nter-CHC-Cter (Figure 5C) ranks in the
order: WT/A2V (23 %) >WT (15%) and A2V (9 %),
correlating with the increase in the experimental lag
phases. The presence of this transient N-terminal b-strand
in Ab1–40 dimers upon single A2V mutation is likely to in-
crease the free-energy barrier to convert one molecule to
its aggregation-prone state.[115]

Whether the protective effect of A2T in the heterozy-
gous form can be rationalized similarly on the Ab1–40

dimer was recently examined by atomistic REMD simula-
tions.[116] We find that the calculated binding free energies
correlate well with the observed kinetics of fibril forma-
tion, and the intramolecular 3-stranded b-sheet is an ap-
propriate variable to differentiate fast (A2V, WT) from
slow (WT/A2V, WT/A2T) aggregation-prone sequences.
The corresponding values are 9 % in A2V and 15% in
WT vs. 23% in WT/A2V and 25% in WT/A2T.[116] It
would be interesting to study the Ab1–40 A2T dimer to de-
termine whether we can propose a theoretical framework
that unifies the experimental results on the assembly ki-
netics of the protective mutations in heterozygous and
homozygous cases.

7 Conclusion

We have reviewed what our computer simulations based
on off-lattice and on-lattice protein models can tell us
about Ab self-assembly and its link to Alzheimer�s dis-
ease. For each of the five aspects considered, we have
looked at dynamic and thermodynamic properties in
aqueous solution. It is clear that these simulations should
be repeated including metal ions, main protein receptors,
and the membrane, so as to be closer to in cell conditions.
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We describe the recent advances in studying biological
systems via multiscale simulations. Our scheme is
based on a coarse-grained representation of the
macromolecules and a mesoscopic description of
the solvent. The dual technique handles particles,
the aqueous solvent and their mutual exchange of
forces resulting in a stable and accurate methodology
allowing biosystems of unprecedented size to be
simulated.

This article is part of the themed issue ‘Bridging the
gaps at the physics–chemistry–biology interface:
spanning the disciplines through multiscale
modelling’.

1. Introduction
In the last decades, computer simulation has reached
a high level of maturity and plays today a central
role to investigate matter of growing complexity. As
more computational methods became available and
computing power grew at a rate following Moore’s law,
the wealth of systems that can be accessed today by
simulation extends on the everyday basis [1,2].

In the simulation of systems relevant to biology, the
investigation of the cellular environment is considered
the next frontier and it requires the development of
appropriate multiscale methodologies. Pioneering work
has recently attempted to model the interior of the

2016 The Author(s) Published by the Royal Society. All rights reserved.
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D3Q19

OPEP

Y

Z X

Figure 1. Pictorial view of themultiscale scheme. Proteins are described at themicroscopic level, interact according to the OPEP
coarse-grained force field and move in the continuum. The OPEP force field considers explicitely all backbone atoms, whereas
the lateral side-chains are considered as effective single particles. The aqueous solvent is handled by the lattice Boltzmann
method, so that fluid populations that reside on a Cartesian mesh are evolved in time and move to neighbouring mesh points
as connected by a set of discrete speeds (indicated as D3Q19 according to the scheme [31]). (Online version in colour.)

cell-like environments [3,4] but was based on drastic simplifications, for instance by neglecting
solvent-mediated interactions.

The cell interior is composed of several compartments: any closed part embedded in the
cytosol, typically surrounded by membranes, such as in the case of organelles. These are
specialized subunits that carry distinct functions, ranging from energy production to translation,
folding, sorting and packaging of proteins, etc., typical examples being mitochondria, ribosomes,
the Golgi apparatus or the endoplasmic reticulum. To execute their function, organelles display
complex structures and internal organizations of large sets of proteins, whose type is closely
related to the containing unit.

A major hallmark of cell compartments and the cytoplasm is the high level of crowding with
small solutes, proteins, nucleic acids and membranes, such that macromolecules can reach a
volume fraction of 40%. In addition, cell membranes are stuffed with lipids and proteins, some of
which have large appendages or are tethered to skeletal proteins.

From the biological point of view, the consequences of crowding is still an open question. In
fact, crowding exerts important effects on the transport of macromolecules and their aggregation,
binding, reactivity and stability, cell metabolism, signalling and motility [5,6]. Given the wide
diversity of cellular environments, it is quite arduous to determine a few working principles in
the compartment organization. Crowding hinders solute diffusion, so that compartmentalized
metabolism requires diffusive barriers to be overcome. A key characteristic of the cellular
environments is the promiscuity of macromolecular interactions, such that functional interactions
have to compete with a large number of non-functional ones. As a consequence, interactions in
cells, such as protein–protein associations and enzyme reactions, are drastically altered. From the
physico-chemical point of view, it is possible already today to shed some light on how crowding
modulates the structural and dynamical features and on the role of non-functional interactions in
influencing the properties of proteins.
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The hydration level of soluble macromolecules is high enough in concentrated conditions
to affect substantially the diffusional and transport properties of proteins. Hydrodynamic
interactions are therefore key to understanding both the motion of proteins in dilute and
in crowding conditions. This has been pointed out in seminal theoretical and experimental
work [7–10].

From the previous discussion, it is clear that a crucial role is played by modelling appropriately
the high diversity of biological environments. This is a formidable task and requires selecting the
relevant degrees of freedom and propagating them in time subject to properly chosen boundary
conditions. Computer simulation and modelling can play a synergistic role in this sense. In
fact, an explicit particle-based representation of the macromolecules cannot be avoided, whereas
hydrodynamics has to be accounted for in explicit terms.

Our approach to modelling the cellular environments takes these two elements in
consideration by the following dual approach: (i) by describing macromolecules by using
appropriate implicit solvent coarse-grained (CG) models at quasi-atomistic detail (i.e. the OPEP
force field [11]), such that the secondary, tertiary and quaternary structures are well reproduced
and (ii) by describing water as a dynamically responsive medium that obeys the laws of fluid
dynamics and that is able to host the presence of embedded bodies (figure 1). Depending on the
level of description of the biological process, the intramolecular flexibility of the macromolecules
can be treated differently, from accurate standard intramolecular forces, including bonding,
bending and torsional terms, to a cruder elastic network, up to a rigid body representation. At
the same time, the fluid representation can be chosen with a certain liberty in order to capture
either more microscopic or larger-scale features.

In this work, we first describe the lattice Boltzmann molecular dynamics technique [12,13]
that we have recently implemented to simulate biomolecules, and then we present the results of
exemplicative simulations on study-cases selected to demonstrate the potentiality of the method.

2. Methods

(a) Coupling lattice Boltzmann and molecular dynamics
According to our computational scheme, macromolecules and the aqueous solvent are described
differently. We employ particles to represent proteins and advance them in time via the molecular
dynamics method, fluid populations are used to represent the aqueous solvent and advance
them in time according to the lattice Boltzmann method. The resulting lattice Boltzmann
molecular dynamics (LBMD) methodology handles the interactions between solute and solvent
particles through a lumped representation of the local collisions, and consequently hydrodynamic
interactions are naturally included in the simulation. Given the fact that we represent the
solvent molecules at the probabilistic level, the dual simulation technique can host not only
hydrodynamics, but also a wide range of physical elements, including thermodynamic forces,
electrokinetics, pH-dependent forces and so on, being a flexible platform for multiphysics. At the
same time, the LBMD is intrinsically multiscale, because the resolution of both components, the
fluid and the molecular system can be chosen to cover a wide spectrum of conditions.

In the LBMD scheme, we take into account the presence of water via a minimalistic, yet explicit,
representation of the solvent, with a computational cost that, at fixed concentration, is roughly
proportional to the number of proteins in solution. While the explicit treatment of the solvent
appears to burden the overall technique when compared with the Brownian dynamics simulation
approach, the main advantage of LBMD is that the solvent locally responds to the motion of the
embedded proteins without the need for specifying the system Green’s function to account for
the hydrodynamic forces. In our scheme, the dynamical perturbations and fluid vorticity travel
over arbitrary space and timescales and exchanges momentum with other proteins present in
the system.

Similar to the mescoscopic description of the aqueous solvent, handling the macromolecule at
the nanometric level is done by employing a CG representation of amino acids. A few successful
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force fields are available today to treat proteins and combinations of macromolecular entities,
such as the Martini or other models [14–17]. In the last decade, we have been developing the
optimized potential for efficient protein structure prediction (OPEP) force field as a result of
intensive modelling and validation studies [11,18–25]. The molecular model is able to reproduce
accurately the secondary and tertiary folding of proteins, intermolecular aggregations, internal
stability and motions and so forth. In particular, OPEP is an implicit solvent molecular model, that
is thermodynamic forces stemming from water–protein interactions are automatically included
in the CG hamiltonian and do not need to be handled separately as part of the explicit solvent
representation. However, hydrodynamics still requires to be included in full.

The equations of motion for the explicit particles follow a conventional second-order
dynamics [13,26,27]

Ṙi = Vi

and V̇i = 1
Mi

(FC
i + FD

i ) + μi

⎫⎪⎬
⎪⎭ , (2.1)

where FC
i is a conservative force describing the sum of molecular interactions as encoded in

the OPEP force field, and Mi indicates particle mass. μi is a white noise representing thermal
fluctuations stemming from the fluid molecules, having zero mean and variance 〈μi(t′)μi(t)〉 =
2kBT/Miδ(t − t′), with kB is the Boltzmann constant and T is the temperature.

The fluid-to-particle momentum exchange is modelled by a drag force exerted between the ith
particle having velocity Vi and the fluid at position Ri

FD
i = −γ (Vi − u(Ri)).

The parameter γ accounts for the Stokes-like fluid–particle coupling strength. It is related to
the particle diffusivity via Stokes–Einstein relation D = kBT/γ . In the case of macromolecules, a
simple procedure is to set γ by reproducing the macromolecular diffusion constant at infinite
dilution, if available from experiments or ad hoc calculations.

The OPEP CG model represents each amino acid by six centres of force. Each side-chain is
represented by a bead and the backbone uses an atomic resolution with N, HN, Cα , C and O
atoms. Proline is an exception, with all its heavy atoms considered [18,19]. The implicit solvent
OPEP energy function, which retains structural accuracy and chemical specificity, is defined as a
sum of local, non-bonded and hydrogen bonding (H-bond) terms and all analytical expressions
are given in references [11,20]. Notably, H-bonds between backbone atoms are modelled by two-
and four-body potentials, rather than Coulomb interactions, and the interactions between ion
pairs were derived from all-atom PMF calculations. OPEP coupled to various sampling methods
has been successful tested on many non-amyloid proteins, recovering experimental structures and
thermodynamics properties, [21–24,28] and protein/protein complexes [25]. Applied to amyloid
proteins, OPEP simulations were the first to predict various topologies, such as the β-barrels, that
were later identified experimentally [29,30]. While the original OPEP function is free of any biases
and allows an integration timestep of 1.5–2.0 fs for dynamics simulations, in this work, we also
investigated the addition of elastic network forces to the OPEP Hamiltonian in order to explore
protein diffusion a long timescale, through a timestep of 10 fs.

The lattice Boltzmann method describes the solvent in terms of the probability distribution
of finding a particle at lattice site x at time t and moving in lattice space with discrete velocity
cp, called fluid populations fp(x, t). The populations are defined on a cubic mesh having lattice
spacing �x and are advanced in time over a timestep �t via a Boltzmann-like kinetic equation.
Its simplest and most popular version is the so-called BGK equation

fp(x + cp�t, t + �t) = fp(x, t) − ω�t( fp − f eq
p )(x, t) + gp(x, t). (2.2)

Here, the populations fp(x, t) evolve towards the equilibrium target f eq
p with a rate given by

the characteristic relaxation frequency ω. The Chapman–Enskog multiscale analysis guarantees
that at space–timescales larger than the mesh related ones, the kinetic equation (2.2) reconstructs
the Navier–Stokes equation of fluid mechanics, with the relaxation frequency being related to
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the fluid kinematic viscosity via ν = c2
s (1/ω − �t/2), where c2

s = 1
3 is the lattice speed of sound.

The elementary numerical method can be interpreted in terms of pseudo-particles moving on the
mesh and with displacements that occur between lattice neighbours. By employing the D3Q19
scheme [31], the information exchange occurs to first and second lattice neighbours, that is 18
discrete non-null vectors plus a null one that mimics particles at rest. Given the populations, the
fluid density ρ and velocity u are constructed as ρ = ∑

p fp and ρu = ∑
p cpfp. It is a simple task to

show that the thermodynamics of the solvent corresponds to an ideal gas, the fluid local pressure
being p = ρkBT.

Finally, the term f eq
p in equation (2.2) is expressed as a quasi-Maxwellian term, whose explicit

form is

f eq
p = wpρ

[
1 + u · cp

c2
s

+ uu : (cpcp − c2
s 1)

2c4
s

]
, (2.3)

where wp are lattice-dependent weights.
The term gp(x, t) in equation (2.2) accounts for the presence an external forces Fext and for the

presence of the solute-induced drag force FD, summed collectively as G = (1/m)[FD + Fext]. To the
lowest order, it can be shown that gp(x, t) = −wpρ(G · cp/c2

s ), whereas, in practice, a higher-order
version is needed to ensure a global second-order accuracy of the lattice Boltzmann solver [32,33].
Without delving into the analytical details, the method is typically extended to account for local
fluctuations at the level of the stress tensor, such that fluctuating hydrodynamics is recovered [34].
In addition, it can be shown that local mass and momentum of the global particle-fluid elements
are preserved, a key condition to obtain the correct fluid dynamic behaviour. It should also be
remarked that the model can be directly extended to account for thermodynamic forces.

(b) Physical considerations
From the practical point of view, given the resolution of our molecular model (OPEP), a
convenient choice is to take the timestep �t = 1–2 fs and mesh spacing �x = 1–3 Å. These values
guarantee a good resolution of the molecular dynamics solver and a rather over-resolved choice
for the fluid solver. Before leaving this section, we remark two key points. At first, being nearly
incompressible the typical biological solution operates a virtually zero Mach number, with density
fluctuations δρ/ρ ∼ Ma2, whereas the LB solver has finite compressibility [32].

Reproducing Ma � 0 conditions in simulation implies choosing a much smaller timestep that
is unusable in practical cases (while for the current choice of mesh and temporal resolution,
the speed of sound is �x/�t ∼ 105 m s−1, that is much higher than that of water in standard
conditions). Thus, the simulated fluid is more compressible than the real cellular environment
and a proper analysis of the consequences of compressibility must be undertaken in specific
cases. This is not a major drawback to the overall approach, because the quantities of interest are
usually weakly dependent on the simulated Ma, under general biological operating conditions.
Second, choosing �x ∼ 1 Å implies a numerical Knudsen number (identified as �x/σ , with σ

the solvent interparticle separation) that is close to unity, a value that produces a kinetic, rather
than the hydrodynamic behaviour at the mesh spacing length scale, leading hydrodynamic
behaviour at larger scales. In the physical macromolecular solutions, departures from equilibrium
are typically mild and the physical Kn varies in the range 0.001–0.5. It should be borne in mind
that the simulated Reynolds number is chosen to match exactly the physical value and in the
subnanometric/picosecond scale the Reynolds number is typically Re � 10−3. The physical Mach
number is typically Ma � 10−5. Given the choice of the simulated Ma number (in the 10−3 to 10−2

range), it is verified a posteriori that the scheme guarantees high levels of numerical stability and
accuracy.

(c) Computational efficiency
Efficiency is a crucial feature of our computational approach due to the fact that water is reduced
to handling a handful of degrees of freedom per mesh node. Given a mesh voxel of ∼ 1 Å3, when
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compared with a water molecule occupying a volume of 27 Å3, the cost of handling the single
mesh node is still much more convenient than handling water explicitly via molecular dynamics
owing to the local nature of the lattice Boltzmann collisions. In fact, aggregating floating-point
operations with data movements to and from memory, one has to perform about 100 floating point
operations per timestep; in contrast, computing forces in molecular dynamics requires about 10
times more operations, even for a CG version of the solvent.

As our effort aims at extending the spatial and temporal scales that can be accessed by
the computational scheme, it should be remarked that by making use of a CG model for
the macromolecules and the continuum-based methodology for water creates an intrinsically
uneven distribution of particles in the simulated system. In parallel computing terms, one
wants to distribute the simulation burden across multiple processing units in order to
reduce systematically the time-to-solution. However, handling a sparse system is not the best
configuration to handle, because load balancing is difficult to achieve and be guaranteed in the
general case. New algorithmic paradigms are currently under investigation to cure this problem.

In terms of parallel computing, the lattice Boltzmann technique allows exploiting highly
scalable algorithms to distribute the simulation burden across multiple processing units. The end
result is that massive parallelism dramatically speeds up the treatment of the solvent and reduces
the computational load to computing mostly the CG interparticle forces, with a highly favourable
net efficiency.

3. Results
It is instructive to look at representative examples of application of the LBMD method applied to
non-trivial biological systems, in particular including multiple macromolecules in solution and
complex interactions with the fluid solvent. These examples show the capabilities of the method
in typical operating conditions, whereas much more non-conventional settings can be built to
look at inhomogeneous or compartmentalized conditions. All simulations in this section were
performed by using the MUlti-PHYsics (MUPHY) software package, developed over the years to
enable the simulation of biological and non-biological composite systems [35].

(a) Diffusion in crowded conditions
Diffusion of crowded protein solutions is a significant application to shed light on the possibility
that high concentration produces a marked slowing down of diffusion as well as anomalous and
complex behaviours, such as size-dependent diffusivity. Experiments have probed a reduction
of protein mobility by about one order of magnitude when the fraction of occupied volume
approaches the level of the in vivo cellular environment (about 30% in volume). This reduced
mobility depends on the fold and size of the proteins as well as on the nature of the crowders
[8,36–38]. It is debated whether solvent-mediated interactions play a key role on top of excluded
volume interactions. It is also debated how crowding affects the nature of diffusivity, for example
subdiffusive versus standard diffusive dynamics [5,39].

In a preliminary investigation reported in reference [11], the LBMD technique was tested to
simulate a huge system composed of about 18 000 rat I proteins modelled using the OPEP force
field. The excellent scalability of the method allowed allocation of the run on 18 000 GPU and
reach a few tenths of nanoseconds. The analysis showed that increasing the crowding condition
protein diffusion decreases as expected by experiments on a protein of similar size. However,
in order to investigate the effect of crowding on protein mobility in a more systematic way and
extending the timescale of the process simulated, we have performed now extensive simulations
on a homogeneous solution of proteins at varying concentration. The protein investigated is the
chymotrypsin inhibitor 2 (CI2), which has been extensively studied experimentally by Wang
et al. [36]. We have built several systems placing randomly 70 proteins in periodic cubic boxes of
different volume, 135 Å ≤ L ≤ 250 Å, therefore spanning crowding condition from 5% up to 32%
of volume fraction. CI2 is composed by 65 amino acids, and the total number of pseudo-atoms in
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Figure 2. Slowdown of protein motion as a function of crowding measured as the ratio between the translational diffusion
constants of the CI2 protein computed for a crowded solution and the dilute limit (D0). The fraction of occupied volume was
estimated considering the volume of CI2 V = 11.1 × 103 Å3. The blue symbols with solid line are the results of our simulations
of the CI2 system at various fraction of occupied volume and are compared with the experimental results show the slowdown
of CI2 protein diffusion in crowded suspensions with heterogeneous crowding (lysozyme, BSA, ovalbumin), data extracted from
Wang et al. [36]. (Online version in colour.)

the systems was about 23 000. If transposed to the explicit solvent atomistic resolution, then the
largest system considered would count about 1.5 million of particles. Interactions were based on
the OPEP potential to account for interprotein forces and on an elastic network model to replace
the intramolecular interactions with a set of springs that preserve the protein internal structure
within a prescribed tolerance (details will be reported in a forthcoming publication). This choice
allows us to use larger integration timesteps (10 fs) and thus sample the dynamics over hundreds
of nanoseconds (500 ns). The diffusion coefficient was measured from the linear time component
of the mean-square displacement at short times below 10 ns, with a block analysis over the last
200 ns).

Figure 2 illustrates the results of this set of LBMD simulations and are compared with the
experimental results of Pielak obtained on the CI2 protein embedded in crowded solutions
where the crowding was caused by a different type of protein (lysozyme, BSA, ovalbumin).
Our numerical results show a strikingly quantitative agreement between simulations and
experiments, as shown in figure 2. This proves that the inclusion of the elastic model and
hydrodynamic interactions are sufficient ingredients to match the experimental data, and at
the same time open the way to study the complex behaviour of the crowded environment.
Interestingly, from direct inspection of the mean-square displacement, we observed subdiffusive
behaviour on the subnanosecond timescale. At 32% the analysis shows that the dynamics scales
as MSD ∼ t0.67 and at 26% as MSD ∼ t0.75, becoming less marked at decreasing volume fraction.

(b) Amyloids
As a second example, we deployed the methodology to study complex processes controlled by
diffusion and solvent-mediated correlations as the aggregation of amyloid proteins into unsoluble
well-organized fibrils. This process is the hallmark of several neurodegenerative diseases
(Alzheimer, Parkinson and Huntington) [40,41] and involves many length and timescales: fibrils
extend up to hundreds of nanoseconds, and the timescale of full growth exceeds hours in vitro.

The stability, the conformational landscape and the aggregation process of small oligomers—
now known to be highly toxic species—can be accessed by molecular dynamics at the atomistic
resolution in combination with enhanced sampling methods [42]. However, in order to explore
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the early phase of aggregation of a larger number of peptides, it is required to model the system
at the CG level with implicit solvent [43].

The LBMD technique based on the OPEP CG force field [12] is an excellent compromise
to study massive aggregation including naturally the solvent-mediated correlations. We have
already shown [12] that hydrodynamic interactions speed up the association of short amyloid
peptides similarly to what observed by others in Brownian dynamics simulations including
hydrodynamic interactions of a simplified model of lipid [7].

We present here a synthesis of an extended simulation of a very large system composed of 1000
amyloid peptides Aβ16−22. Initially, the peptides were distributed randomly in a simulation cubic
box of size 300 Å. The simulation was performed, using the standard OPEP model (no elastic
network) with a lattice resolution of 2 Å, timestep of 1.5 fs. The coupling parameter γ was set
to 0.05 fs−1, a value that allows to recover for the elementary species (monomer and trimer) the
experimental diffusivity when the kinematic viscosity of the fluid is set to the value of water. This
system, if transposed to all-atom resolution with explicit solvent, would count about 2.4 million
particles. It is worth noting that so far the simulation of the aggregation processes of ‘realistic’
molecular models of amyloid peptides was limited to a much smaller number of peptides [44,45].
During the simulation the peptides aggregate with two characteristic times, a fast time describing
the encounter of monomers (a few nanoseconds), and a slower one (tenths of nanoseconds),
describing the further fusion of smaller size oligomers. The evolution of the aggregation process
is represented in figure 3 where we report the probability distribution of the aggregate sizes for
different blocks of the simulation. During the first 20 ns, the majority of the aggregates have a
size n < 10, and the largest cluster is formed by approximately 20 monomers. At longer times,
the size of the oligomers increases as mirrored by the broadening of the distribution. The largest
cluster reaches in a hundred of nanoseconds a final size of about 100 monomers, 10% of the total
system, with 10% of β-sheets content. Interestingly, the largest cluster is organized as a branched
structure. Lateral branching is described theoretically by a second nucleation mechanism [46],
but while observed experimentally for some proteins [47,48], it has never been reported from
molecular simulations. In a recent work [49] reporting on the effect of hydrodynamics on the
aggregation process of Aβ16−22 peptides in systems of different sizes, we have demonstrated
that hydrodynamic interactions not only speed up the aggregation with respect to standard
Langevin dynamics, but also enhance the fluctuations of the sizes of the formed clusters along the
aggregation. It was speculated that the peptides aggregates act on the solution as active particles
[9], and the change of their conformations and sizes generate coherent fluid flows that further
favour the fusion of small entities in larger complexes.

(c) Proteins under shear
Another class of biophysical phenomena for which the proposed methodology will be relevant
involves the response of proteins to fluid-induced mechanical stresses, tensile forces. In the
vascular system catch-bonds proteins, such as FimH [50], granting cell adhesions are activated
by shear flow. Similarly, vessel injuries, altering the blood flow, activate the response of the
multimeric von Willebrand factor (VWF), which favours the anchor of platelets at the injured
spots.

The VWF is a linear multimeric protein that can extend up to 15 μm. The chain is formed
by dimers linked by disulfide bridges at the N-terminals. Each monomer is formed by a
series of domains of specific binding functionalities, e.g. A1 binds platelet GPIb and A3
domain to subendothelial collagen exposed at sites of vessel injury. In the static condition,
VWF chains are collapsed but extend under the effect of enhanced flow. This elongation
comes along with the unfolding of the domain A2 considered the hydrodynamic sensor of the
protein [51]. Shear-induced opening of A2 domain favours its cleavage by ADAMTS13, and
probably enables binding capability of adjacent domains [52]. Understanding how the single A2
domain, and multiple interacting domains [53], respond to external forces is therefore crucial for
understanding how mechanical stresses activate the VWF protein and its functionality.
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Figure3. Probability distributionof the sizes of thepeptide aggregates as a functionof the simulation length. Thedistribution is
constructed for time block along the trajectory. The structure of the largest cluster obtained in each time-window is represented
in the separate boxes. The secondary structures (β-sheets) are highlighted in yellow. (Online version in colour.)

To demonstrate the capability of our computational tool, we have performed LBMD
simulations of the A2 domain subject to shear flow using the standard OPEP model, timestep
1.5 fs and lattice resolution of 3 Å. In this preliminary test, the shear rate used in the simulations is
orders of magnitude higher than the physiological condition (1011 versus 103 s−1). This extreme
value allowed us to monitor unfolding events at the nanosecond timescale.

The A2 domain under the effect of the elongational component of the shear flow starts to
disassemble, see the pictorial representation in figure 4. The first unfolding step interests the
peripheral regions of the domains highlighted by the red and black circles. This is caused by
the disassembling of the protein hydrophobic core formed by six β strands (β1β2β3β4β5β6). In fact,
the first unfolding interests β5β6, and at the other extreme, the strands β2β3. The new structure,
much more elongated, breaks apart when the central part of the hydrophobic core represented by
the strands β2β1β4 cracks. The unzipping of β2β1 occurs as the last unfolding step, anticipated by
β1β4 separation. Interestingly, only when the central core unfolds, the end-to-end distance of the
domain significantly increases, and reaches a maximal extension of about 8 nm. At the timescale
considered, the chain is not completely elongated. In AFM pulling experiments, the mechanical
force required to unfold the A2 domain is the range of 10–20 pN with a loading rate comprises
in the range 0.1–10 nN s−1. When considering, as local reaction coordinate, the hydrogen bonds
formed between the β-strands structures, the solvent-induced drag component is just a fraction
of pN. This seems to indicate that for a complex fold as the one of VFW A2, the deformation of the
protein matrix owing to the elongational term of the shear flow occurs first and then propagates
down, mechanically, to the elementary molecular bricks that stabilize the fold, i.e. the secondary
structure HBs. It is clear that many independent simulations should be produced to determine the
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Figure4. Shear-inducedunfolding of the domainA2 of theVWFprotein. In (a), the progress of the unfolding is represented. The
peripheral regions of the proteins that first disassemble under the action of the longitudinal flow are indicated by the black and
red circles. The central hydrophobic core that breaks after a few nanoseconds is indicated by the green circle. Arrows represent
pictorially the tumbling of the protein under the rotational component of the flow. In (b), the distances between representative
HB donor and acceptor linking the β-strands of the hydrophobic β2β1β4 core are plotted as a function of time along with the
end-to-end distance of the protein.

precise sequence of the unfolding events. In fact, at lower shear rate, the tumbling of the protein
owing to the rotational component of the flow, could expose to deformation different fragments
of the protein matrix and induce a different downhill cracking of the fold. As a next step, the
LBMD technology based on the quasi-atomistic force field for proteins OPEP will be deployed to
study the shear rate dependence of the A2 unfolding rate, and, following the pioneering work of
Katz and co-workers [54], of domains separation.

4. Conclusion
In summary, using a multiscale simulation method that represents water and proteins at the
mesoscopic level paves the way for studying massive macromolecular systems composed
of thousands of proteins. Such a possibility has already been explored by using specialized
computational infrastructure made of thousands of GPUs [55].

Importantly, the LBMD computational scheme offers an original approach to multiscale
simulations. In fact, the multi-resolution lattice Boltzmann scheme is today available [56], as much
as devising methods where the particle resolution is handled differently in different regions of the
system [57–59] and, in essence, allowing to handle situations where both the fluid and particle
components cross the scale boundaries.

Data accessibility. The files containing the processed Protein Databank structures relative to CI2, amyloid
peptides and the A2 domain of VWF and containing the OPEP force field parameters are publicly available
upon request to the authors. The trajectories of the simulated systems are also made available to users upon
request to the authors and for file size not exceeding 10 GB.
Competing interests. We declare we have no competing interests.
Funding. The research leading to these results has received funding from the European Research Council under
the European Community’s Seventh Framework Programme (FP7/2007-2013) grant agreement no. 258748.
Part of his work was performed using HPC resources from GENCI (CINES and TGCC; grant no. x201576818).
Acknowledgements. We acknowledge the financial support for infrastructures from ANR-11-LABX-0011-01.
The authors thank G. Pielak for useful discussions.

References
1. Field MJ. 2015 Technical advances in molecular simulation since the 1980s. Arch. Biochem.

Biophys. 582, 3–9. (doi:10.1016/j.abb.2015.03.005)

5.1 On-going projects and perspectives 127



11

rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A374:20160225

.........................................................

2. Nobel Foundation. 2013 The Nobel Prize in chemistry. See http://www.nobelprize.org/
nobelprizes/chemistry/laureates/2013/.

3. McGuffee SR, Elcock AH. 2010 Diffusion, crowding and protein stability in a dynamic
molecular model of the bacterial cytoplasm. PLoS Comput. Biol. 6, e1000694. (doi:10.1371/
journal.pcbi.1000694)

4. Frembgen-Kesner T, Elcock AH. 2013 Computer simulations of the bacterial cytoplasm.
Biophys. Rev. 5, 109–119. (doi:10.1007/s12551-013-0110-6)

5. Dix JA, Verkman AS. 2008 Crowding effects on diffusion in solutions and cells. Annu. Rev.
Biophys. 37, 247–263. (doi:10.1146/annurev.biophys.37.032807.125824)

6. Zhou HX, Rivas G, Minton AP. 2008 Macromolecular crowding and confinement:
biochemical, biophysical, and potential physiological consequences. Annu. Rev. Biophys. 37,
375–397. (doi:10.1146/annurev.biophys.37.032807.125817)

7. Ando T, Skolnick J. 2013 On the importance of hydrodynamic interactions in lipid membrane
formation. Biophys. J. 104, 96–105. (doi:10.1016/j.bpj.2012.11.3829)

8. Roosen-Runge F, Hennig M, Zhang F, Jacobs RMJ, Sztucki M, Schober H, Seydel T, Schreiber
F. 2011 Protein self-diffusion in crowded solutions. Proc. Natl Acad. Sci. USA 108, 11 815–11 820.
(doi:10.1073/pnas.1107287108)

9. Mikhailov AS, Kapral R. 2015 Hydrodynamic collective effects of active protein machines
in solution and lipid bilayers. Proc. Natl Acad. Sci. USA 112, E3639–E3644. (doi:10.1073/
pnas.1506825112)

10. Echeverria C, Kapral R. 2010 Macromolecular dynamics in crowded environments. J. Chem.
Phys. 132, 104902. (doi:10.1063/1.3319672)

11. Sterpone F et al. 2014 The OPEP protein model: from single molecules, amyloid formation,
crowding and hydrodynamics to DNA/RNA systems. Chem. Soc. Rev. 43, 4871–4893.
(doi:10.1039/c4cs00048j)

12. Sterpone F, Derreumaux P, Melchionna S. 2015 Protein simulations in fluids: coupling the
OPEP coarse-grained force field with hydrodynamics. J. Chem. Theory Comput. 11, 1843–1853.
(doi:10.1021/ct501015h)

13. Ahlrichs P, Dünweg B. 1998 Lattice-Boltzmann simulation of polymer-solvent systems. Int. J.
Mod. Phys. C 9, 1429–1438. (doi:10.1142/S0129183198001291)

14. de Jong DH, Singh G, Bennett WFD, Arnarez C, Wassenaar TA, Schäfer LV, Periole X, Tieleman
DP, Marrink SJ. 2013 Improved parameters for the martini coarse-grained protein force field.
J. Chem. Theory Comput. 9, 687–697. (doi:10.1021/ct300646g)

15. Davtyan A, Schafer NP, Zheng W, Clementi C, Wolynes PG, Papoian GA. 2012 AWSEM-MD:
protein structure prediction using coarse-grained physical potentials and bioinformatically
based local structure biasing. J. Phys. Chem. B 116, 8494–8503. (doi:10.1021/jp212541y)

16. Darré L, Tek A, Baaden M, Pantano S. 2012 Mixing atomistic and coarse grain solvation
models for MD simulations: let WT4 handle the bulk. J. Chem. Theory Comput. 8, 3880–3894.
(doi:10.1021/ct3001816)

17. Kar P, Gopal S, Cheng YM, Predeus A, Feig M. 2013 PRIMO: a transferable coarse-grained
force field for proteins. J. Chem. Theory Comput. 9, 3769–3788. (doi:10.1021/ct400230y)

18. Derreumaux P. 1997 A diffusion process-controlled Monte Carlo method for finding the
global energy minimum of a polypeptide chain. I. Formulation and test on a hexadecapeptide.
J. Chem. Phys. 106, 5260–5270. (doi:10.1063/1.473525)

19. Forcellino F, Derreumaux P. 2001 Computer simulations aimed at structure prediction of
supersecondary motifs in proteins. Proteins 45, 159–166. (doi:10.1002/prot.1135)

20. Sterpone F, Nguyen P, Kalimeri M, Derreumaux P. 2013 Importance of the ion-pair
interactions in the OPEP coarse-grained force field: parametrization and validation. J. Chem.
Theory Comput. 9, 4574–4584. (doi:10.1021/ct4003493)

21. Wei G, Derreumaux P, Mousseau N. 2003 Sampling the complex energy landscape of a simple
β-hairpin. J. Chem. Phys. 119, 6403. (doi:10.1063/1.1613642)

22. Barducci A, Bonomi M, Derreumaux P. 2011 Assessing the quality of the OPEP coarse-grained
force field. J. Chem. Theory Comput. 7, 1928–1934. (doi:10.1021/ct100646f)

23. Chebaro Y, Pasquali S, Derreumaux P. 2012 The coarse-grained OPEP force field for non-
amyloid and amyloid proteins. J. Phys. Chem. B 116, 8741–8752. (doi:10.1021/jp301665f)

24. Shen Y, Maupetit J, Derreumaux P, Tufféry P. 2014 Improved PEP-FOLD approach for
peptide and miniprotein structure prediction. J. Chem. Theory Comput. 10, 4745–4758.
(doi:10.1021/ct500592m)

128 Conclusions



12

rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A374:20160225

.........................................................

25. Kynast P, Derreumaux P, Strodel B. 2016 Evaluation of the coarse-grained OPEP force field
for protein–protein docking. BMC Biophys. 9, 1–17. (doi:10.1186/s13628-016-0029-y)

26. Ahlrichs P, Duenweg B. 1999 Simulation of a single polymer chain in solution by combining
lattice Boltzmann and molecular dynamics. J. Chem. Phys. 111, 8225. (doi:10.1063/1.480156)

27. Fyta M, Kaxiras E, Melchionna S, Succi S. 2008 Hydrodynamic correlations in the translocation
of a biopolymer through a nanopore: theory and multiscale simulations. Comput. Sci. Eng. 3,
10–19. (doi:10.1109/MCSE.2008.100)

28. Kalimeri M, Derreumaux P, Sterpone F. 2015 Are coarse-grained models apt to detect
protein thermal stability? The case of OPEP force field. J. Non. Crystal. Sol. 407, 494–501.
(doi:10.1016/j.jnoncrysol.2014.07.005)

29. Song W, Wei G, Mousseau N, Derreumaux P. 2008 Self-assembly of the beta 2-microglobulin
NHVTLSQ peptide using a coarse-grained protein model reveals beta-barrel species. J. Phys.
Chem. B 112, 4410–4418. (doi:10.1021/jp710592v)

30. Wei G, Mousseau N, Derreumaux P. 2004 Sampling the self-assembly pathways of KFFE
hexamers. Biophys. J. 87, 3648–3656. (doi:10.1529/biophysj.104.047688)

31. Qian YH, d’Humieres D, Lallemand P. 1992 Lattice BGK models for Navier–Stokes equation.
Europhys. Lett. 17, 479–484. (doi:10.1209/0295-5075/17/6/001)

32. Succi S. 2001 The lattice Boltmzann equation for fluid dynamics and beyond. Oxford, UK: Clarendon
Press.

33. Benzi R, Succi S, Vergassola M. 1992 The lattice Boltzmann equation: theory and applications.
Phys. Rep. 222, 145–197. (doi:10.1016/0370-1573(92)90090-M)

34. Dünweg B, Ladd JCA 2008 Lattice Boltzmann simulations of soft matter systems, pp. 1–78. Berlin,
Germany: Springer.

35. Bernaschi M, Melchionna S, Succi S, Fyta M, Kaxiras E, Sircar JK. 2009 MUPHY: a parallel
multiphysics/scale code for high performance bio-fluidic simulations. Comput. Phys. Commun.
180, 1495–1502. (doi:10.1016/j.cpc.2009.04.001)

36. Wang Y, Li C, Pielak GJ. 2010 Effects of proteins on protein diffusion. J. Am. Chem. Soc. 132,
9392–9397. (doi:10.1021/ja102296k)

37. Konopka MC, Shkel IA, Record SCMT, Weisshaar JC. 2006 Crowding and confinement effects
on protein diffusion in vivo. J. Bacteriol. 188, 6115–6123. (doi:10.1128/JB.01982-05)

38. Banks DS, Fradin C. 2005 Anomalous diffusion of proteins due to molecular crowding.
Biophys. J. 89, 2960–2971. (doi:10.1529/biophysj.104.051078)

39. Hofling F, Franosch T. 2013 Anomalous transport in the crowded world of biological cells.
Rep. Prog. Phys. 76, 046602. (doi:10.1088/0034-4885/76/4/046602)

40. Knowles TPJ, Vendruscolo M, Dobson CM. 2015 The physical basis of protein misfolding
disorders. Phys. Today 68, 36–41. (doi:10.1063/PT.3.2719)

41. Doig AJ, Derreumaux P. 2015 Inhibition of protein aggregation and amyloid formation by
small molecules. Curr. Opin. Struct. Biol. 30, 50–56. (doi:10.1016/j.sbi.2014.12.004)

42. Nasica-Labouze J et al. 2015 Amyloid β protein and Alzheimer’s disease: when computer
simulations complement experimental studies. Chem. Rev. 115, 3518–3563. (doi:10.1021/
cr500638n)

43. Morriss-Andrews A, Shea JE. 2014 Simulations of protein aggregation: insights from atomistic
and coarse-grained models. J. Phys. Chem. Lett. 5, 1899–1908. (doi:10.1021/jz5006847)

44. Latshaw DC, Cheon M, Hall CK. 2014 Effects of macromolecular crowding on amyloid
beta (16-22) aggregation using coarse-grained simulations. J. Phys. Chem. B 118, 13513–13526.
(doi:10.1021/jp508970q)

45. Bellesia G, Shea JE. 2009 Effect of β-sheet propensity on peptide aggregation. J. Chem. Phys.
130, 145103. (doi:10.1063/1.3108461)

46. Ruschak AM, Miranker AD. 2007 Fiber-dependent amyloid formation as catalysis of
an existing reaction pathway. Proc. Natl Acad. Sci. USA 104, 12 341–12 346. (doi:10.1073/
pnas.0703306104)

47. Harperand JD, Lieber CM, Lansbury PTJ. 1997 Atomic force microscopic imaging of seeded
fibril formation and fibril branching by the Alzheimer’s disease amyloid-beta protein. Chem.
Biol. 4, 951–959. (doi:10.1016/S1074-5521(97)90303-3)

48. Baskakov IV. 2007 Branched chain mechanism of polymerization and ultrastructure of prion
protein amyloid fibrils. FEBS J. 274, 3756–3765. (doi:10.1111/j.1742-4658.2007.05916.x)

49. Chiricotto M, Melchionna S, Derreumaux P, Sterpone F. 2016 Hydrodynamic effect on
Ab(16-22) peptide aggregation. J. Chem. Phys. 145, 035102. (doi:10.1063/1.4958323)

5.1 On-going projects and perspectives 129



13

rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A374:20160225

.........................................................

50. Thomas W. 2008 Catch bonds in adhesion. Annu. Rev. Biomed. Eng. 10, 39–57. (doi:10.1146/
annurev.bioeng.10.061807.160427)

51. Zhang Q, Zhou YF, Zhang CZ, Zhang X, Lu C, Springer TA. 2009 Structural specializations of
A2, a force-sensing domain in the ultralarge vascular protein von Willebrand factor. Proc. Natl
Acad. Sci. USA 106, 9226–9231. (doi:10.1073/pnas.0903679106)

52. Aponte-Santamaria C et al. 2015 Force-sensitive autoinhibition of the von Willebrand
factor is mediated by interdomain interactions. Biophys. J. 108, 2312–2321. (doi:10.1016/
j.bpj.2015.03.041)

53. Ying J, Ling Y, Westfield LA, Sadler JE, Shao JY. 2010 Unfolding the {A2} domain of
Von Willebrand factor with the optical trap. Biophys. J. 98, 1685–1693. (doi:10.1016/j.bpj.
2009.12.4324)

54. Sing CE, Alexander-Katz A. 2010 Elongational flow induces the unfolding of von Willebrand
factor at physiological flow rates. Biophys. J. 98, L35–L37. (doi:10.1016/j.bpj.2010.01.032)

55. Bernaschi M, Bisson M, Fatica M, Melchionna S. 2013 20 Petaflops simulation of proteins
suspensions in crowding conditions. In Proc. Int. Conf. on High Performance Computing,
Networking, Storage and Analysis. SC ’13, pp. 2:1–2:11. New York, NY, USA: ACM.

56. Lagrava D, Malaspinas O, Latt J, Chopard B. 2012 Advances in multi-domain lattice
Boltzmann grid refinement. J. Comput. Phys. 231, 4808–4822. (doi:10.1016/j.jcp.2012.03.015)

57. Praprotnik M, Site LD, Kremer K. 2008 Multiscale simulation of soft matter: from scale
bridging to adaptive resolution. Annu. Rev. Phys. Chem. 59, 545–571. (doi:10.1146/annurev.
physchem.59.032607.093707)

58. Savadlav J, Melo MN, Marrink SJ, Praprotnik M. 2014 Adaptive resolution simulation of an
atomistic protein in MARTINI water. J. Chem. Phys. 140, 054114. (doi:10.1063/1.4863329)

59. Delgado-Buscalioni R, Sablic J, Praprotnik M. 2015 Open boundary molecular dynamics. Eur.
Phys. J. Spec. Top. 224, 2331–2349. (doi:10.1140/epjst/e2015-02415-x)

130 Conclusions



Bibliography

[1] Chiti, F. & Dobson, C. M. Protein misfolding, functional amyloid, and human
disease. Annu. Rev. Biochem 75, 333–366 (2006).

[2] Friedreich, N. & Kekulé, A. Zur amyloidfrage. Virchows Archiv. 16, 50–65 (1859).

[3] Stefani, M. Structural features and cytotoxicity of amyloid oligomers: implications
in alzheimer’s disease and other diseases with amyloid deposits. Prog. Neurobiol.
99, 226–245 (2012).

[4] Fandrich, M. On the structural definition of amyloid fibrils and other polypeptide
aggregates. Cell. Mol. Life Sci. 64, 2066–2078 (2007).

[5] Nilsson, M. R. Techniques to study amyloid fibril formation in vitro. Methods 34,
151–160 (2004).

[6] Soto, C. Unfolding the role of protein misfolding in neurodegenerative diseases.
Nat. Rev. Neurosci. 4, 49–60 (2003).

[7] http://neurophage.com/science/protein-misfolding-diseases/.

[8] Arosio, P., Knowles, T. P. & Linse, S. On the lag phase in amyloid fibril formation.
Phys. Chem. Chem. Phys. 17, 7606–7618 (2015).

[9] Dobson, C. M. Alzheimer’s disease: addressing a twenty-first century plague.
Rend. Lincei 26, 251–262 (2015).

[10] Knowles, T. P., Vendruscolo, M. & Dobson, C. M. The amyloid state and its
association with protein misfolding diseases. Nat. Rev. Mol. Cell Biol. 15, 384–
396 (2014).

[11] Dobson, C. M. Protein folding and misfolding. Nature 426, 884–890 (2003).

[12] Mackay, J. P. et al. The hydrophobin eas is largely unstructured in solution and
functions by forming amyloid-like structures. Structure 9, 83–91 (2001).

[13] Claessen, D. et al. A novel class of secreted hydrophobic proteins is involved in
aerial hyphae formation in streptomyces coelicolor by forming amyloid-like fibrils.
Genes Dev, 17, 1714–1726 (2003).

[14] Iconomidou, V. A., Vriend, G. & Hamodrakas, S. J. Amyloids protect the silkmoth
oocyte and embryo. FEBS Lett. 479, 141–145 (2000).

[15] Chapman, M. R. et al. Role of escherichia coli curli operons in directing amyloid
fiber formation. Science 295, 851–855 (2002).

http://neurophage.com/science/protein-misfolding-diseases/


132 Bibliography

[16] Lambert, M. P. et al. Diffusible, nonfibrillar ligands derived from aβ1–42 are
potent central nervous system neurotoxins. Proc. Natl. Acad. Sci. 95, 6448–6453
(1998).

[17] Uversky, V. N. & Fink, A. L. Conformational constraints for amyloid fibrillation:
the importance of being unfolded. Biochim. Biophys. Acta (BBA)-Proteins and
Proteomics 1698, 131–153 (2004).

[18] Association, A. et al. Changing the trajectory of alzheimer’s disease: How a
treatment by 2025 saves lives and dollars (2015).

[19] Stelzmann, R. A., Norman Schnitzlein, H. & Reed Murtagh, F. An english transla-
tion of alzheimer’s 1907 paper,“über eine eigenartige erkankung der hirnrinde”.
Clin. Anat. 8, 429–431 (1995).

[20] Hippius, H. & Neundorfer, G. The discovery of alzheimer’s disease. Dialogues
Clin. Neurosci. 5, 101–108 (2003).

[21] Prince, M. et al. World Alzheimer Report 2015 - The Global Impact of Dementia:
An analysis of prevalence, incidence, cost and trends. https://www.alz.co.uk/
research/WorldAlzheimerReport2015.pdf (2105).

[22] Alzheimer’s diseses facts and figures. http://www.who.int/mental_health/
publications (2015).

[23] Qiu, C., Kivipelto, M. & von Strauss, E. Epidemiology of alzheimer’s disease:
occurrence, determinants, and strategies toward intervention. Dialogues Clin.
Neurosci. 11, 111–128 (2009).

[24] Prince, M. et al. The global prevalence of dementia: a systematic review and
metaanalysis. Alzheimers Dement 9, 63–75 (2013).

[25] Hebert, L. E., Weuve, J., Scherr, P. A. & Evans, D. A. Alzheimer disease in the
united states (2010–2050) estimated using the 2010 census. Neurol. 80, 1778–1783
(2013).

[26] Alzheimer’s disease fact sheet. https://www.nia.nih.gov/alzheimers/topics/
alzheimers-basics (2015).

[27] Niikura, T., Tajima, H. & Kita, Y. Neuronal cell death in alzheimer’s disease and a
neuroprotective factor, humanin. Curr. Neuropharmacol. 4, 139–147 (2006).

[28] Carter, J. & Lippa, C. β -amyloid, neuronal death and alzheimer’s disease. Curr.
Mol. Med. 1, 733–737 (2001).

[29] Cotman, C. W. & Su, J. H. Mechanisms of neuronal death in alzheimer’s disease.
Brain Pathol. 6, 493–506 (1996).

[30] Karran, E., Mercken, M. & De Strooper, B. The amyloid cascade hypothesis for
alzheimer’s disease: an appraisal for the development of therapeutics. Nat. Rev.
Drug Discov. 10, 698–712 (2011).

[31] Hardy, J. A. & Higgins, G. A. Alzheimer’s disease: the amyloid cascade hypothesis.
Science 256, 184 (1992).

https://www.alz.co.uk/research/WorldAlzheimerReport2015.pdf
https://www.alz.co.uk/research/WorldAlzheimerReport2015.pdf
http://www.who.int/mental_health/publications
http://www.who.int/mental_health/publications
https://www.nia.nih.gov/alzheimers/topics/alzheimers-basics
https://www.nia.nih.gov/alzheimers/topics/alzheimers-basics


Bibliography 133

[32] Teich, A. F. & Arancio, O. Is the amyloid hypothesis of alzheimer’s disease
therapeutically relevant? Biochem. J 446, 165–177 (2012).

[33] Barrow, C. J. & Zagorski, M. G. Solution structures of (beta) peptide and its
constituent fragments: Relation to amyloid deposition. Science 253, 179 (1991).

[34] Benilova, I., Karran, E. & De Strooper, B. The toxic a [beta] oligomer and
alzheimer’s disease: an emperor in need of clothes. Nat. neurosci. 15, 349–357
(2012).

[35] Hardy, J. & Selkoe, D. J. The amyloid hypothesis of alzheimer’s disease: progress
and problems on the road to therapeutics. Science 297, 353–356 (2002).

[36] Bird, T. D. Alzheimer disease overview (2014).

[37] Citron, M. Strategies for disease modification in alzheimer’s disease. Nat. Rev.
Neurosci. 5, 677–685 (2004).

[38] Tanzi, R. E. & Bertram, L. Twenty years of the alzheimer’s disease amyloid
hypothesis: a genetic perspective. Cell 120, 545–555 (2005).

[39] Kayed, R. & Lasagna-Reeves, C. A. Molecular mechanisms of amyloid oligomers
toxicity. J. Alzheimers Dis. 33, S67–S78 (2013).

[40] Scheuner, D. et al. Secreted amyloid beta-protein similar to that in the senile
plaques of alzheimer’s disease is increased in vivo by the presenilin 1 and 2 and
app mutations linked to familial alzheimer’s disease. Nat. Med. 2, 864–870 (1996).

[41] Selkoe, D. J. The cell biology of β -amyloid precursor protein and presenilin in
alzheimer’s disease. Trends Cell. Biol. 8, 447–453 (1998).

[42] Reitz, C. Alzheimer’s disease and the amyloid cascade hypothesis: a critical
review. Int. J. Alzheimers Dis. 2012 (2012).

[43] Hardy, J. Has the amyloid cascade hypothesis for alzheimer’s disease been proved?
Curr. Alzheimer Res. 3, 71–73 (2006).

[44] Sakono, M. & Zako, T. Amyloid oligomers: formation and toxicity of aβ

oligomers. FEBS journal 277, 1348–1358 (2010).

[45] Knowles, T. P., Vendruscolo, M. & Dobson, C. M. The physical basis of protein
misfolding disorders. Phys. Today 68, 36 (2015).

[46] Cohen, S. I., Vendruscolo, M., Dobson, C. M. & Knowles, T. P. From macroscopic
measurements to microscopic mechanisms of protein aggregation. J. Mol. Biol.
421, 160–171 (2012).

[47] Cohen, S. I. et al. Proliferation of amyloid-β42 aggregates occurs through a
secondary nucleation mechanism. Proc. Natl. Acad. Sci. 110, 9758–9763 (2013).

[48] Adamcik, J. & Mezzenga, R. Study of amyloid fibrils via atomic force microscopy.
Curr. Opin. Colloid Interface Sci. 17, 369–376 (2012).

[49] Arosio, P., Cukalevski, R., Frohm, B., Knowles, T. P. & Linse, S. Quantification
of the concentration of aβ42 propagons during the lag phase by an amyloid chain
reaction assay. J. Am. Chem. Soc. 136, 219–225 (2013).



134 Bibliography

[50] Ban, T. & Goto, Y. Direct observation of amyloid growth monitored by total
internal reflection fluorescence microscopy. Methods Enzymol. 413, 91–102
(2006).

[51] Ferkinghoff-Borg, J. et al. Stop-and-go kinetics in amyloid fibrillation. Phys. Rev.
E 82, 010901 (2010).

[52] Knowles, T. P. et al. Kinetics and thermodynamics of amyloid formation from
direct measurements of fluctuations in fibril mass. Proc. Natl. Acad. Sci. 104,
10016–10021 (2007).

[53] Buell, A. K. et al. Frequency factors in a landscape model of filamentous protein
aggregation. Phys. Rev. Lett. 104, 228101 (2010).

[54] Gillam, J. & MacPhee, C. Modelling amyloid fibril formation kinetics: mecha-
nisms of nucleation and growth. J. Phys. Condens. Matter 25, 373101 (2013).

[55] Auer, S. & Kashchiev, D. Insight into the correlation between lag time and
aggregation rate in the kinetics of protein aggregation. Proteins: Struct. Funct.
Bioinf. 78, 2412–2416 (2010).

[56] Pallitto, M. M. & Murphy, R. M. A mathematical model of the kinetics of β -
amyloid fibril growth from the denatured state. Biophys. J. 81, 1805–1822 (2001).

[57] Padrick, S. B. & Miranker, A. D. Islet amyloid: phase partitioning and secondary
nucleation are central to the mechanism of fibrillogenesis. Biochemistry 41, 4694–
4703 (2002).

[58] Garcia, G. A., Cohen, S. I., Dobson, C. M. & Knowles, T. P. Nucleation-conversion-
polymerization reactions of biological macromolecules with prenucleation clusters.
Phys. Rev. E 89, 032712 (2014).

[59] Collins, S. R., Douglass, A., Vale, R. D. & Weissman, J. S. Mechanism of prion
propagation: amyloid growth occurs by monomer addition. PLoS Biol. 2, e321
(2004).

[60] Harper, J. D., Wong, S. S., Lieber, C. M. & Lansbury, P. T. Observation of
metastable aβ amyloid protofibrils by atomic force microscopy. Chem. Biol. 4,
119–125 (1997).

[61] Lomakin, A., Chung, D. S., Benedek, G. B., Kirschner, D. A. & Teplow, D. B. On
the nucleation and growth of amyloid beta-protein fibrils: detection of nuclei and
quantitation of rate constants. Proc. Natl. Acad. Sci. 93, 1125–1129 (1996).

[62] Bishop, M. F. & Ferrone, F. A. Kinetics of nucleation-controlled polymerization.
a perturbation treatment for use with a secondary pathway. Biophys. J. 46, 631
(1984).

[63] Ferrone, F. [17] analysis of protein aggregation kinetics. Methods Enzymol. 309,
256–274 (1999).

[64] Barrow, C. J., Yasuda, A., Kenny, P. T. & Zagorski, M. G. Solution conforma-
tions and aggregational properties of synthetic amyloid β -peptides of alzheimer’s
disease: analysis of circular dichroism spectra. J. Mol. Biol. 225, 1075–1093
(1992).



Bibliography 135

[65] Chen, B., Thurber, K. R., Shewmaker, F., Wickner, R. B. & Tycko, R. Measurement
of amyloid fibril mass-per-length by tilted-beam transmission electron microscopy.
Proc. Natl. Acad. Sci. 106, 14339–14344 (2009).

[66] García, S. et al. Dual role of cu 2+ ions on the aggregation and degradation of
soluble aβ oligomers and protofibrils investigated by fluorescence spectroscopy
and afm. J. Inorg. Biochem. 116, 26–36 (2012).

[67] Kirkitadze, M. D., Condron, M. M. & Teplow, D. B. Identification and characteri-
zation of key kinetic intermediates in amyloid β -protein fibrillogenesis. J. Mol.
Biol. 312, 1103–1119 (2001).

[68] Benzinger, T. L. et al. Propagating structure of alzheimer’s β -amyloid (10–35) is
parallel β -sheet with residues in exact register. PNAS 95, 13407–13412 (1998).

[69] Drew, S. C., Noble, C. J., Masters, C. L., Hanson, G. R. & Barnham, K. J.
Pleomorphic copper coordination by alzheimer’s disease amyloid-β peptide. J.
ACS 131, 1195–1207 (2009).

[70] Gu, L., Liu, C. & Guo, Z. Structural insights into aβ42 oligomers using site-
directed spin labeling. J. Biol. Chem. 288, 18673–18683 (2013).

[71] Nasica-Labouze, J. et al. Amyloid β protein and alzheimer s disease: When
computer simulations complement experimental studies. Chem. Rev. 115, 3518–
3563 (2015).

[72] Rosenman, D. J., Connors, C. R., Chen, W., Wang, C. & García, A. E. Aβ

monomers transiently sample oligomer and fibril-like configurations: ensemble
characterization using a combined md/nmr approach. J. Mol. Biol. 425, 3338–3359
(2013).

[73] Zhang, S. et al. The alzheimer’s peptide aβ adopts a collapsed coil structure in
water. J. Struct. Biol. 130, 130–141 (2000).

[74] Sgourakis, N. G., Yan, Y., McCallum, S. A., Wang, C. & Garcia, A. E. The
alzheimer’s peptides aβ40 and 42 adopt distinct conformations in water: a com-
bined md/nmr study. J. Mol. Biol. 368, 1448–1457 (2007).

[75] Vivekanandan, S., Brender, J. R., Lee, S. Y. & Ramamoorthy, A. A partially folded
structure of amyloid-beta (1–40) in an aqueous environment. Biochem. Biophys.
Res. Commun. 411, 312–316 (2011).

[76] Yan, Y., Liu, J., McCallum, S. A., Yang, D. & Wang, C. Methyl dynamics of
the amyloid-β peptides aβ40 and aβ42. Biochem. Biophys. Res. Commun. 362,
410–414 (2007).

[77] Ono, K., Condron, M. M. & Teplow, D. B. Structure–neurotoxicity relationships
of amyloid β -protein oligomers. Proc. Natl. Acad. Sci. 106, 14745–14750 (2009).

[78] Tarus, B. et al. Structures of the alzheimer’s wild-type aβ1-40 dimer from atomistic
simulations. J. Phys. Chem. B 119, 10478–10487 (2015).

[79] Nagel-Steger, L., Owen, M. C. & Strodel, B. An account of amyloid oligomers:
facts and figures obtained from experiments and simulations. Chem. Bio. Chem.
17, 657–676 (2016).



136 Bibliography

[80] Jiménez, J. L. et al. The protofilament structure of insulin amyloid fibrils. Proc.
Natl. Acad. Sci. 99, 9196–9201 (2002).

[81] Serio, T. R. et al. Nucleated conformational conversion and the replication of
conformational information by a prion determinant. Science 289, 1317–1321
(2000).

[82] Fitzpatrick, A. W. et al. Atomic structure and hierarchical assembly of a cross-β
amyloid fibril. Proc. Natl. Acad. Sci. 110, 5468–5473 (2013).

[83] Eanes, E. & Glenner, G. X-ray diffraction studies on amyloid filaments. J.
Histochem. Cytochem. 16, 673–677 (1968).

[84] Wiltzius, J. J. et al. Atomic structure of the cross-β spine of islet amyloid polypep-
tide (amylin). Protein Sci. 17, 1467–1474 (2008).

[85] Lührs, T. et al. 3d structure of alzheimer’s amyloid-β (1–42) fibrils. Proc. Natl.
Acad. Sci. 102, 17342–17347 (2005).

[86] Petkova, A. T., Yau, W.-M. & Tycko, R. Experimental constraints on quaternary
structure in alzheimer’s β -amyloid fibrils. Biochemistry 45, 498–512 (2006).

[87] Makin, O. S., Atkins, E., Sikorski, P., Johansson, J. & Serpell, L. C. Molecular
basis for amyloid fibril formation and stability. Proc. Natl. Acad. Sci. 102, 315–320
(2005).

[88] Petkova, A. T. et al. Self-propagating, molecular-level polymorphism in
alzheimer’s ß-amyloid fibrils. Science 307, 262–265 (2005).

[89] Meinhardt, J., Sachse, C., Hortschansky, P., Grigorieff, N. & Fändrich, M. Aβ

(1-40) fibril polymorphism implies diverse interaction patterns in amyloid fibrils.
J. Mol. Biol. 386, 869–877 (2009).

[90] Paravastu, A. K., Petkova, A. T. & Tycko, R. Polymorphic fibril formation by
residues 10–40 of the alzheimer’s β -amyloid peptide. Biophys. J. 90, 4618–4629
(2006).

[91] Paravastu, A. K., Leapman, R. D., Yau, W.-M. & Tycko, R. Molecular structural
basis for polymorphism in alzheimer’s β -amyloid fibrils. Proc. Natl. Acad. Sci.
105, 18349–18354 (2008).

[92] Morriss-Andrews, A. & Shea, J.-E. Simulations of protein aggregation: insights
from atomistic and coarse-grained models. J. Phys. Chem. lett. 5, 1899–1908
(2014).

[93] Hoyer, W., Grönwall, C., Jonsson, A., Ståhl, S. & Härd, T. Stabilization of a β -
hairpin in monomeric alzheimer’s amyloid-β peptide inhibits amyloid formation.
Proceedings of the National Academy of Sciences 105, 5099–5104 (2008).

[94] Sugita, Y. & Okamoto, Y. Replica-exchange molecular dynamics method for
protein folding. Chem. Phys. Lett. 314, 141–151 (1999).

[95] Nguyen, P., Okamoto, Y. & Derreumaux, P. Communication: Simulated tempering
with fast on the fly weight determination. J. Chem. Phys. 138, 061102 (2013).



Bibliography 137

[96] Laio, A. & Gervasio, F. L. Metadynamics: a method to simulate rare events and
reconstruct the free energy in biophysics, chemistry and material science. Rep.
Prog. Phys. 71, 126601 (2008).

[97] Bertini, I., Gonnelli, L., Luchinat, C., Mao, J. & Nesi, A. A new structural model
of aβ40 fibrils. J. Am. Chem. Soc. 133, 16013–16022 (2011).

[98] Kaminski, G. A., Friesner, R. A., Tirado-Rives, J. & Jorgensen, W. L. Evaluation
and reparametrization of the opls-aa force field for proteins via comparison with
accurate quantum chemical calculations on peptides. J. Phys. Chem. B 105, 6474–
6487 (2001).

[99] Hornak, V. et al. Comparison of multiple amber force fields and development
of improved protein backbone parameters. Proteins: Struct. Funct. Bioinf. 65,
712–725 (2006).

[100] Piana, S., Lindorff-Larsen, K. & Shaw, D. E. How robust are protein folding
simulations with respect to force field parameterization? Biophys. J. 100, L47–
L49 (2011).

[101] Jorgensen, W. L., Chandrasekhar, J., Madura, J. D., Impey, R. W. & Klein, M. L.
Comparison of simple potential functions for simulating liquid water. J. Chem.
Phys. 79, 926–935 (1983).

[102] Berendsen, H., Grigera, J. & Straatsma, T. The missing term in effective pair
potentials. J. Phys. Chem. 91, 6269–6271 (1987).

[103] Horn, H. W. et al. Development of an improved four-site water model for biomolec-
ular simulations: Tip4p-ew. J. Chem. Phys 120, 9665–9678 (2004).

[104] Ball, K. A. et al. Homogeneous and heterogeneous tertiary structure ensembles of
amyloid-β peptides. Biochemistry 50, 7612–7628 (2011).

[105] Zhang, J. & Muthukumar, M. Simulations of nucleation and elongation of amyloid
fibrils. J. Chem. Phys 130, 035102 (2009).

[106] Auer, S., Meersman, F., Dobson, C. M. & Vendruscolo, M. A generic mechanism
of emergence of amyloid protofilaments from disordered oligomeric aggregates.
PLoS Comput Biol 4, e1000222 (2008).

[107] Auer, S., Dobson, C. M., Vendruscolo, M. & Maritan, A. Self-templated nucleation
in peptide and protein aggregation. Phys. Rev. Lett. 101, 258101 (2008).

[108] Vácha, R. & Frenkel, D. Relation between molecular shape and the morphology
of self-assembling aggregates: a simulation study. Biophys. J. 101, 1432–1439
(2011).

[109] Irbäck, A., Linnemann, N., Linse, B., Wallin, S. et al. Aggregate geometry in
amyloid fibril nucleation. Phys. Rev. Lett. 110, 058101 (2013).

[110] Li, M. S. et al. Factors governing fibrillogenesis of polypeptide chains revealed by
lattice models. Phys. Rev. Lett. 105, 218101 (2010).

[111] Abeln, S., Vendruscolo, M., Dobson, C. M. & Frenkel, D. A simple lattice model
that captures protein folding, aggregation and amyloid formation. PLoS One 9,
e85185 (2014).



138 Bibliography

[112] Pellarin, R. & Caflisch, A. Interpreting the aggregation kinetics of amyloid
peptides. J. Mol. Biol. 360, 882 – 892 (2006).

[113] Bellesia, G. & Shea, J.-E. Effect of β -sheet propensity on peptide aggregation. J.
Chem. Phys 130, 145103 (2009).

[114] Cote, S., Laghaei, R., Derreumaux, P. & Mousseau, N. Distinct dimerization
for various alloforms of the amyloid-beta protein: Aβ1-40, aβ1-42, and aβ1-40
(d23n). J. Phys. Chem. B 116, 4043–4055 (2012).

[115] Urbanc, B., Betnel, M., Cruz, L., Bitan, G. & Teplow, D. Elucidation of amyloid
β -protein oligomerization mechanisms: discrete molecular dynamics study. J. Am.
Chem. Soc. 132, 4266–4280 (2010).

[116] Chebaro, Y. et al. Structures of aβ17–42 trimers in isolation and with five small-
molecule drugs using a hierarchical computational procedure. J. Phys. Chem. B
116, 8412–8422 (2012).

[117] Kim, S., Takeda, T. & Klimov, D. K. Mapping conformational ensembles of aβ

oligomers in molecular dynamics simulations. Biophys. J. 99, 1949–1958 (2010).

[118] Lam, A., Teplow, D., Stanley, H. & Urbanc, B. Effects of the arctic (e22→g)
mutation on amyloid β -protein folding: discrete molecular dynamics study. J. Am.
Chem. Soc. 130, 17413–17422 (2008).

[119] Cheon, M., Chang, I. & Hall, C. K. Spontaneous formation of twisted aβ 16-22
fibrils in large-scale molecular-dynamics simulations. Biophys. J. 101, 2493–2501
(2011).

[120] Wagoner, V. A., Cheon, M., Chang, I. & Hall, C. K. Computer simulation study
of amyloid fibril formation by palindromic sequences in prion peptides. Proteins:
Struct. Funct. Bioinf. 79, 2132–2145 (2011).

[121] Phelps, E. M. & Hall, C. K. Structural transitions and oligomerization along
polyalanine fibril formation pathways from computer simulations. Proteins: Struct.
Funct. Bioinf. 80, 1582–1597 (2012).

[122] Rojas, A., Liwo, A., Browne, D. & Scheraga, H. A. Mechanism of fiber assembly:
treatment of aβ peptide aggregation with a coarse-grained united-residue force
field. J. Mol. Biol. 404, 537–552 (2010).

[123] Cheon, M., Hall, C. K. & Chang, I. Structural conversion of aβ 17–42 peptides
from disordered oligomers to u-shape protofilaments via multiple kinetic pathways.
PLoS Comput. Biol. 11, e1004258 (2015).

[124] Ermak, D. L. & McCammon, J. Brownian dynamics with hydrodynamic interac-
tions. J. Chem. Phys 69, 1352–1360 (1978).

[125] Ando, T. & Skolnick, J. Crowding and hydrodynamic interactions likely dominate
in vivo macromolecular motion. Proc. Natl. Acad. Sci. 107, 18457–18462 (2010).

[126] Konopka, M. C., Shkel, I. A., Cayley, S., Record, M. T. & Weisshaar, J. C.
Crowding and confinement effects on protein diffusion in vivo. J. Bacteriol. 188,
6115–6123 (2006).



Bibliography 139

[127] Durlofsky, L., Brady, J. F. & Bossis, G. Dynamic simulation of hydrodynamically
interacting particles. J. Fluid Mech. 180, 21–49 (1987).

[128] Freddolino, P. L., Liu, F., Gruebele, M. & Schulten, K. Ten-microsecond molecular
dynamics simulation of a fast-folding ww domain. Biophys. J. 94, L75–L77 (2008).

[129] Shaw, D. E. et al. Atomic-level characterization of the structural dynamics of
proteins. Science 330, 341–346 (2010).

[130] Klepeis, J. L., Lindorff-Larsen, K., Dror, R. O. & Shaw, D. E. Long-timescale
molecular dynamics simulations of protein structure and function. Curr. Opin.
Struct. Biol. 19, 120–127 (2009).

[131] Kmiecik, S. et al. Coarse-grained protein models and their applications. Chem.
Rev. 116, 7898–7936 (2016).

[132] Van Gunsteren, W. & Karplus, M. Protein dynamics in solution and in a crystalline
environment: a molecular dynamics study. Biochemistry 21, 2259–2274 (1982).

[133] Whitford, P. C. et al. Accommodation of aminoacyl-trna into the ribosome involves
reversible excursions along multiple pathways. Rna 16, 1196–1204 (2010).

[134] Vendruscolo, M. & Dobson, C. M. Protein dynamics: Moore’s law in molecular
biology. Curr. Biol. 21, R68–R70 (2011).

[135] Kar, P. & Feig, M. Chapter five-recent advances in transferable coarse-grained
modeling of proteins. Adv. Protein Chem. Struct. Biol. 96, 143–180 (2014).

[136] Español, P. Statistical mechanics of coarse-graining. In Novel Methods in Soft
Matter Simulations, 69–115 (Springer, 2004).

[137] Malevanets, A. & Kapral, R. Mesoscopic model for solvent dynamics. J. Chem.
Phys 110, 8605–8613 (1999).

[138] Espanol, P. & Warren, P. Statistical mechanics of dissipative particle dynamics.
EPL (Europhys. Lett.) 30, 191 (1995).

[139] Ayton, G. S., Tepper, H. L., Mirijanian, D. T. & Voth, G. A. A new perspective on
the coarse-grained dynamics of fluids. J. Chem. Phys 120, 4074–4088 (2004).

[140] Jan, D. et al. Macromolecular systems in soft and living matter. In Lecture Notes
of 42nd IFF Spring School (2011).

[141] Levitt, M. & Warshel, A. Computer simulation of protein folding. Nature 253,
694–698 (1975).

[142] Hills, R. D. & Brooks, C. L. Insights from coarse-grained gō models for protein
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