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A B S T R A C T

Intrinsically disordered proteins (IDPs), which represent ∼40% of the human pro-

teome, play crucial roles in a variety of biological pathways and biomolecular as-

semblies. Monomeric IDPs such as amyloid-β (Aβ), can aggregate into insoluble,

relatively inert, rigid structures called fibrils, but also much more toxic, soluble struc-

tures of intermediate size and varying shapes, which are called oligomers. The toxic

aggregates of Aβ peptide are implicated in the pathogenesis of Alzheimer’s disease

(AD). In this thesis, we use in-silico approaches to model Aβ under different phys-

iological and pathological conditions to unravel their effects on the structures and

kinetics of the amyloid oligomers. We first highlight the ramifications of molecular

mechanics parameters on the structural heterogeneity of Aβ and the aggregation pro-

cess of various Aβ fragments. Next, we demonstrate how Aβ fragments aggregate

in the presence of glycosaminoglycans. To this end, the conformational dynamics

of different glycosaminoglycans was first elucidated to understand their behavior in

the absence Aβ fragments. The conclusions from these investigations enabled us to

identify force fields which predict Aβ structures and dynamics in agreement with

experimental observations. From transition networks applied to the aggregation data

we deduced the structural transitions during the early and intermediate stages of

oligomer formation. Furthermore, we elucidated the intermolecular interactions be-

tween Aβ and glycosaminoglycans that transpire towards enhancing, stabilizing, or

inhibition of Aβ aggregation behavior.
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Z U S A M M E N FA S S U N G

Intrinsisch ungeordnete Proteine (IDPs), die ∼40% des menschlichen Proteoms aus-

machen, spielen in einer Vielzahl von biologischen Stoffwechselwegen und biomoleku-

laren Aggregaten eine entscheidende Rolle. Monomere IDPs wie Amyloid-β (Aβ)

können zu unlöslichen, relativ inerten, starren Strukturen, den Fibrillen, aggregieren,

aber auch zu viel toxischeren, löslicheren Strukturen mittlerer Größe und unter-

schiedlicher Form, die als Oligomere bezeichnet werden. Die toxischen Aggregate

des Aβ-Peptids sind an der Pathogenese der Alzheimer-Krankheit (AD) beteiligt. In

dieser Arbeit verwenden wir In-silico-Ansätze, um Aβ unter verschiedenen physi-

ologischen und pathologischen Bedingungen zu modellieren, um deren Auswirkun-

gen auf die Strukturen und Kinetik der Amyloid-Oligomere zu entschlüsseln. Wir

beleuchten zunächst die Auswirkungen molekularmechanischer Parameter auf die

strukturelle Heterogenität von Aβ und den Aggregationsprozess verschiedener Aβ-

Fragmente. Als nächstes zeigen wir, wie Aβ-Fragmente in Gegenwart von Glykosamino-

glykanen aggregieren. Zu diesem Zweck wurde zunächst die Konformationsdynamik

verschiedener Glykosaminoglykane aufgeklärt, um ihr Verhalten in Abwesenheit von

Aβ-Fragmenten zu verstehen. Die Schlussfolgerungen aus diesen Untersuchungen

ermöglichten es uns, Kraftfelder zu identifizieren, die Aβ-Strukturen und -Dynamik

in Übereinstimmung mit experimentellen Beobachtungen vorhersagen. Aus Über-

gangsnetzwerken, die auf die Aggregationsdaten angewendet wurden, leiteten wir

die strukturellen Übergänge während der frühen und mittleren Phasen der Oligomer-

bildung ab. Darüber hinaus haben wir die intermolekularen Wechselwirkungen zwis-

chen Aβ und Glykosaminoglykanen aufgeklärt, die das Aβ-Aggregationsverhalten

verstärken, stabilisieren oder hemmen.
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1
I N T R O D U C T I O N

Alzheimer’s disease (AD) is a neurodegenerative disorder that primarily affects the

elderly and is having negative impact on societies across the globe as the overall life

expectancy of humans continues to increase. It is evident from previous studies that

the amyloid-β peptide (Aβ) plays a central role in the pathogenesis of AD [6, 7]. The

Aβ peptides are typically 39-43 amino acid residues in length. The hallmark of the

development and progression of AD in living beings is the aggregation of Aβ, where

misfolded proteins aggregate either intra- or extracellularly, into insoluble, relatively

inert, rigid structures called amyloid fibrils, but also much more toxic, soluble struc-

tures of intermediate size, and varying shapes, which are called oligomers [7].The

amyloid fibrils possess a unique cross β-sheet quaternary structure, which were ini-

tially thought to be the major culprits for AD. But this perception has been recon-

sidered in the favour of soluble Aβ oligomers [8]. The toxic oligomeric species[9, 10]

are lighter and more mobile than the fibrils, allowing them to spread across cell and

tissue boundaries.

However, no published simulation studies have considered the full complexity of

the biological environment, which plays a crucial role in understanding the initial

stages of aggregation. To decode the native aggregation process, it is important to

extend the simulations towards in vivo conditions. A large part of the in vivo envi-

ronment of Aβ is given by the brain extracellular space (ECS) [11]. The brain ECS

is mainly comprised of water, ions and other biomolecules, which form an inter-

locking mesh of fibrous proteins and glycosaminoglycans (GAGs) [11]. The latter are

carbohydrate polymers and mostly attach to extracellular matrix proteins to form pro-

teoglycans. The main types of proteoglycans found within the ECS involve heparan

sulphate and chondroitin sulphate. Hyaluronic acid is a non-proteoglycan polysac-

charide, which also plays a major structural role in the formation of the brain extra-

1



introduction 2

cellular matrix. The dominant proteins in the ECS are collagens and elastins. Collagen

is fibrillar in nature providing structural support to cells whereas elastin gives elas-

ticity to tissues.

Experimental studies suggested that GAGs play a major role in promoting aggre-

gation, nucleation and fibril formation of Aβ and other amyloid proteins [12–14].

GAGs are mostly polysaccharides abundantly found in the human body, with con-

siderable traces of GAGs found in the diseased tissues of amyloid disorders includ-

ing Alzheimer’s disease as reported clinically [15, 16]. It has been hypothesized that,

as typical for catalyzed reactions, GAGs favor aggregation, nucleation and amyloid

fibril formation by a mechanism substantially different from that occurring in bulk

solution [17]. It is suggested that they can both influence and promote misfolding of

polypeptides into pro-amyloidogenic intermediates rich in β-sheets, and also act as

a structural template for self-assembly [18, 19]. However, no studies exist, especially

no simulation studies that investigated the effects of GAGs on Aβ aggregation at

sub-molecular detail, which is the focus of my thesis.

Computer simulations play an important role in modelling the components of the

ECS coupled with Aβ protein in explicit solvent at atomistic and coarse grained levels

to provide insights into AD [20]. The development of reliable simulation techniques

has made computer simulation predictions reflect the experiments adequately. How-

ever, the results of an MD simulation can only be as good as the underlying force

field. The most common force fields cannot distinguish between aggregation-prone

and non-aggregating peptide sequences, producing similar and in most cases too fast

aggregation kinetics for all peptides. However, in recent times new force fields spe-

cially designed for intrinsically disordered proteins (IDPs) were developed, making

it is necessary to test the best suitable force field for peptide aggregation simulations

and base future reparameterizations on it.

Here, in this thesis, with the help of computer simulations, we are exploring Aβ

conformations and structures that can help deep dive into the research of amyloido-

genic peptides, which are otherwise tedious to conduct experimentally. We use molec-

ular dynamics simulations to gain insight at the nanoscopic level to the conforma-

tional heterogeneity and aggregation kinetics of the amyloid-β peptide, the effects



introduction 3

of mutagenesis and force fields on the aggregation dynamics of the amyloid-β16−22

peptide, the conformational dynamics of glycosaminoglycans under the influence of

different salts and salt concentrations, and the role of glycosaminoglycans in the self-

assembly of amyloid-β16−22 peptides.

This thesis is presented in the following order:

In chapter 2 and 3, we introduce the biomolecular systems and the computational

approaches. We also explain the prediction models used to describe the folding mech-

anisms of IDPs.

In chapter 4, we explain the importance of force fields for accurate modeling of

IDPs such as the Aβ40 peptide and its aqueous environment, and determine when

the peptide system attains equilibrium in MD simulations and also provides insights

into the structural ensembles of Aβ40.

In chapter 5, we extensively discusses the applicability of different force fields to

studying peptide aggregation using the Aβ16−22 peptide and mutations of it as test

case. We investigate the performance of the force fields in modeling the monomeric

state, the aggregation into oligomers, and the stability of the aggregation end product,

i.e., the fibrillar state.

In chapter 6, we investigate the dynamical features of GAGs and successfully un-

ravel conformational fingerprints unique to each GAGs. We further study and pro-

vide a quantitative insight into the effect of salt types, salt concentrations as well as

effect of sulphation sites on the conformational preferences of GAG chains.

In chapter 7, we elucidate the conformational transitions of monomeric and aggre-

gated forms of Aβ16−22, be it in solution or in the presence of GAG chains. Thereafter,

we determine the effect of electrostatic interactions between GAGs and Aβ16−22 and

the sulphation of GAG chains, on the structural motifs of Aβ16−22, thereby under-

standing the self-assembly kinetics of homo-dimers of Aβ16−22.
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Weber, O., Strodel, B. (2021). Molecular simulations of IDPs: from ensemble genera-

tion to IDP interactions leading to disorder-to-order transitions. All the images are

reprinted with Copyright ©2021 Elsevier.

2.2 intrinsically disordered proteins

Proteins play a central role as a catalyst to enhancing the rate of chemical reactions in

living organisms. The exploration of proteins sequence-structure-function paradigms

have led us to believe that, proteins function only when they are folded into their

right structures [21]. The central mechanism of molecular biology entails that DNA

encodes the genetic information which is transcribed into messenger RNA and then

translated into an amino acid sequence that folds into a protein. However, the bio-

physical mechanisms regulating the folding of an amino acid sequence into well-

defined three-dimensional protein structure are still not fully understood [22]. Even

though, the sequence-structure paradigm has dominated scientific minds for more

than 100 years, the detection of intrinsically dynamic and flexible and biologically ac-

tive proteins at the end of the 20th century gave scientists access to complete genome

sequences [23]. This class of proteins is characterised by inherent flexibility, which

enabled scientists to understand that some of the amino acid sequences are not ex-

pected to fold into globular protein structures [24]. Coupled with experimental in-

4
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vestigations, the structure-function paradigm was noticed in the case proteins and

domains that were incompletely structured or completely disordered in solution, yet

remained biologically functional [23]. As a consequence, the concept of “intrinsically

disordered proteins" was introduced at the turn of the century [24]. In fact, intrin-

sically disordered proteins (IDPs), are not rare exceptions and instead represent a

unique and a very broad class of proteins [24]. The accepted definition for disorder

holds true for protein regions or whole proteins that are biologically active, but are

represented by flexible conformational ensembles either at the secondary and/or ter-

tiary structure level [25]. IDPs and intrinsically disordered protein regions (IDPRs)

exist as a dynamic conformational ensemble of rapidly interconverting structures re-

sembling “protein clouds" whereby the atom positions and backbone Ramachandran

angles vary significantly with time, without obtaining specific equilibrium values [26].

One of the hallmarks in the sequence of IDPs is a marked bias in their amino acid

composition, which includes a relatively small proportion of hydrophobic and aro-

matic residues, but a relatively large proportion of polar and charged amino acid

residues [27]. Currently, all the identified IDPs and IDPRs are collected in the Dis-

Prot database (https://disprot.org/), which to date contains ≈1,600 non-ambiguous

IDPs and ≈3,500 IDPRs [28] and are ever increasing.

2.3 functions of idps

IDPs which represent ≈40% of the human proteome, play crucial roles in a vari-

ety of biological pathways and biomolecular assemblies and have been implicated

in a large number of human diseases [29]. In the mid-1990s, experimental measure-

ments of regulatory proteins and bioinformatics studies of the genome sequences

that were just emerging revealed that disordered regions are very common in eukary-

otic proteins [30] and responsible for cellular regulation and signaling. The occur-

rence of IDPRs of significant size that contain >50 amino acid residues is common

in functional proteins [31]. The existence of functional IDPs, such as polypeptide

hormones, has been recognized for many years and IDPs were detected in intact

cells in nuclear magnetic resonance (NMR) experiments [32]. Functions of IDPs in-
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clude transcription and translation regulation, cellular signal transduction, the stor-

age of small molecules, protein phosphorylation, and self-assembly regulation, such

as ribosome and bacterial flagellum [33]. IDPRs can function as chaperones for RNA

molecules and for other proteins, indicating that IDPRs exert their function by bind-

ing to (mis)folded proteins or RNA molecules, thereby providing a function related

to recognition elements and/or unfolding and loosening of kinetically trapped fold-

ing intermediates [34]. In Figure 1 the different functions of IDPs and IDPRs are

summarized.

Figure 1: Overview of the different functions of IDPs

2.4 idps in diseases

IDPs and IDPRs are prone to engage in promiscuous and unwanted interactions

when misexpressed, mismodified, misprocessed and/or dysregulated. Thus they are

associated with the development of various diseases [35]. Conformational or protein-

folding diseases are divided into two classes. The first class includes errors in the ge-

netic blueprint which leads to misfolded proteins that affect the function as well [36].
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Examples of this first class include p53 and specific alterations in diseases such as cys-

tic fibrosis. The second class is through the self-assembly of the misfolded proteins

into the formation of multimolecular ordered nanostructures. These self-assembled

structures are broadly considered to disrupt cellular function and subsequently dam-

aging the surrounding tissues [36]. Such alterations, known as amyloidosis, are de-

tected in severe diseases, such as Alzheimer’s disease, Parkinson’s disease (PD),

Huntington’s disease, and type II diabetes.

2.4.1 IDPs in amyloid diseases

Peptide aggregation is the process where individual monomeric IDPs are attracted to-

wards each other inducing a chain reaction which ends in the formation of stable non-

covalent aggregates. Amyloid-β (Aβ) and α-synuclein (α-Syn) are examples of two

such IDPs that are associated with neurodegenerative diseases, such as Alzheimer’s

and Parkinson’s diseases [37, 38] respectively. Aβ peptides are derived from the amy-

loid precursor protein (APP) via cleavage by both β- and γ-secretase. Aβ peptides can

oligomerize to form flexible soluble oligomers which may exist in several forms [38].

It has been proposed that specifically misfolded Aβ oligomers can induce other Aβ

peptides to form misfolded oligomers, which leads to a chain reaction as in a prion

infection [37]. These oligomers are toxic to the nerve cells and misfolded Aβ can

also induce misfolding in tau protein in Alzheimer’s disease [39]. The neuronal pro-

tein α-Syn is an IDP that is encoded by the SNCA gene in humans and it has 140

amino acid residues [37]. Although the function of α-Syn is not fully understood,

studies proposed that it plays a role in restricting the mobility of synaptic vesicles,

consequently attenuating synaptic vesicle recycling and neurotransmitter release [37].

However, α-Syn is prone to aggregation, forming insoluble fibrils in pathological con-

ditions, such as Parkinson‘s disease, dementia with Lewy bodies, or multiple system

atrophy. The pathological deposition of the misfolded prion protein (PrP) into its

aggregated form causes prion diseases, which are called transmissible spongiform

encephalopathies (TSEs) [40]. TSEs range from chronic wasting disease of mule deer

and elk to Creutzfeld-Jakob disease in humans [40].
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2.4.2 Amyloid-β peptide

It is well understood that the Aβ peptide is the key instigator that triggers the pro-

gression of Alzheimer’s disease (AD) resulting in neurodegeneration via accumula-

tion and aggregation. The Aβ peptide is a self-aggregating peptide and derives its

name amyloid from its earlier description as a carbohydrate product coined initially

by Schleiden and then by Virchow in the mid-19th century [41], which turned out to

be wrong, and beta due to its secondary structure fingerprints as β-sheets. The pep-

tide was first discovered by Glenner and Wong, as the main component of a vascular

amyloid system [42], however it was Kang et al. who reported the peptides signifi-

cance four years later in 1987, via characterization of amyloid plaque deposits in the

brain of AD patients [43]. Later it was reported, the distribution of the peptide is not

limited to the senile plaques of the brain cells but it is also traced in the cerebrospinal

fluid of the central nervous system [44–46]. Aβ is a soluble disordered peptide rcon-

tainingby 36 to 43 amino acid residues. The peptide is derived by proteolytic cleavage

of a transmembrane protein called APP catalysed by both β-secretase and γ-secretase

enzymes [43, 47, 48]. The most common variants of Aβ peptide are Aβ40 and Aβ42.

Their structure are characterised using various biophysical techniques such as NMR

spectroscopic experiments [8, 47, 49, 50]. Aβ40 is composed of 40 amino acid residues,

with a hydrophilic N-terminus region which are prone to metal binding, and two hy-

drophobic patches forming the central and C-terminal region as shown in Figure 2.

The Aβ42 peptide is composed of 42 amino acid residues, where the C-terminus of

Aβ40 is extended by two hydrophobic residues, isoleucine and alanine. The addi-

tional two residues reduce the conformational flexibility of the C-terminus region

by forming a β-hairpin configuration around residues 37-48 [51]. Aβ40 is found in

abundance in the brain, whereas the Aβ42 is more prone to aggregation [52]. Both

these variants display a diverse structural heterogeneity as a monomer. Therefore, it

is important to study the structural dynamics of the Aβ monomer and identify the

conformational motifs of Aβ enhancing oligomerization and subsequently forming

aggregates.
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Figure 2: The sequence of Aβ42 can be divided into four regions: the metal binding region,
the central hydrophobic core region, the central polar region and the C-terminal
hydrophobic region. Residues labelled as red, blue, green and black are negatively
charged, positively charged, polar and hydrophobic, respectively (Reproduced with
permission from Kepp, 2017. [53] Copyright ©2017 Elsevier).

2.5 glycosaminoglycans

Carbohydrates, are other key building blocks found in all forms of life. The diverse

nature of the carbohydrates is reflected through the combination of distinct building

blocks such as monosaccharides or disaccharides, leading to the formation of long

linear or branched polysaccharides. Many types of polysaccharide structures exist.

Among them, glycosaminoglycans (GAGs) which are considered as biologically ac-

tive polysaccharides, are found in abundance in mammalian tissues [54]. The GAGs

in general are long linear, periodic, anionic hetero-polysaccharide chains, also known

as mucopolysaccharides. The GAGs are highly polar and attract water, serving sev-

eral functions within the body characterised by their molecular structure. Historically,

GAGs were believed to posses limited functionality such as cell hydration and struc-

tural scaffolding. However, recent studies suggests that GAGs play key role in cell sig-

naling and act as a modulator for a vast amount of biochemical processes, such as reg-

ulation of cell growth and proliferation, promotion of cell adhesion, anticoagulation,

and wound repair. The GAGs are mostly composed of repeating disaccharide units

of a hexuronic acid and a hexosamine. The hexosamine is either a D-glucosamine

(GlcNAc) or a D-galactosamine (GalNAc). The hexuronic acid is in most cases, a D-

glucuronic acid (GlcUA) or a L-iduronic acid (IdoUA), with the only exception of

keratan sulphate where hexuronic acid is a D-galactose (Gal). The main classification

of the GAGs is based on the differences of the disaccharide composition per type of

GAG, and different sugar content and glycosidic linkage. Apart from differences in

disaccharide composition, GAGs can also be classified based on sulphation at various
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positions where the sulphation pattern can vary within the GAG sequence. Therefore,

the sulphate additions coupled with the carboxyl group of the hexuronic acids result

in GAGs being highly negative charged biological macromolecules.

Protein-chaperoned GAGs are also found in large quantities in specific cell struc-

tures in the cellular environment, referred to as proteoglycans (PGs). The PGs are

large structures consisting of a linear core protein with many GAGs covalently linked

to it, exclusively chondroitin sulphate and keratan sulphate. Each GAG is linked to

the core protein via a Gal-Gal-xylose sugar linker, where the xylose is attached to a

serine residue of the core protein and the GAG is linked to the galactose monosac-

charide. PGs are highly diverse with variations occurring both in the type of core

protein and in type, size and number of GAGs being linked. Aggrecan, the typical

example of a PG, is a supra-molecular assembly composed of a core protein structure

encoded by the gene ACAN [55, 56], and covalently attached to several sulphated

GAG chains, exclusively chondroitin sulphate (CS) and keratan sulphate (KS). It is a

vital component of the cartilage and the brain’s extra cellular matrix.

The four primary groups of GAGs are classified based on their core disaccha-

ride units which includes hyaluronic acid, heparin/heparan sulphate, chondroitin

sulphate/dermatan sulphate (DS), and keratan sulphate [57].

2.5.1 Classification of GAGs

2.5.1.1 Hyaluronic Acid

Hyaluronic acid (HA) has the simplest structure among all GAGs and is devoid of

any sulphation of the functional groups. HA was first isolated from the vitreous body

of the eye, referred as hyaloid in Greek language, hence the name hyaluronan [58].

The structure consists of sequentially bound GlcUA linked to GlcNAc via glycosidic

bonds [59, 60]. HA is a very long molecule made up of 2,000-25,000 disaccharide

repeats with a molecular weight of 10
7 Da [61]. The molecular weight governs the

folding mechanism of HA molecules, where HA sequences with higher molecular
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weight adopt an anti-parallel β-sheet like tertiary structure, stabilized by specific H-

bonds and hydrophobic interactions but such secondary structure are absent at low

molecular weight [62]. HA is involved in various biological processes in the extracel-

lular matrix of load-bearing joints. HA has a high binding affinity for water due to the

presence of a large number of anionic residues, resulting in the formation of viscous

hydrogels even at low solvent concentrations. The absorption of significant amounts

of water helps in building a turgor pressure, crucial for connective tissue [63]. Ad-

ditionally, HA is also involved in cell regulation, cell growth including embryonic

development, cell migration, cell proliferation, inflammations, healing processes and

tumor growth [64]. HA can be found in various kinds of tissue in vertebrates [65, 66]

including the umbilical cord, the synovial fluid in joints, and the rooster combs of

animal tissues, which act as major sources for industrial production of HA [63].

2.5.1.2 Heparan sulphate/Heparin

Heparin (Hep) was first reported about a century ago [67], however its potency as

an anticoagulant was established in the last 30 years [68, 69]. Initially, Hep used to

be isolated from liver, hepatos in Latin, resulting in the name heparin. The most ef-

ficient method to isolate Hep used to be from a polydisperse mixture from animal

tissue that is rich in mast cells. Nowadays, heparin is isolated from highly vascular-

ized tissue derived as a side-product from livestock. Heparan sulphate (HS) and Hep

share a similar structure containing repeating disaccharide units of GlcNAc and hex-

uronic acid residues. The hexuronic acid residue GlcUA is seen in HS, while IdoUA

is present in Hep. In general, HS has less than one sulphate group per disaccharide,

while Hep on an average has three [70]. Consequently, Hep now is regarded as just

one of the members within the family of HS [71]. HS/Hep is located at the external

surface of cell membranes and also found in the extracellular matrix in the form of

PG. The sulphation of the various hydroxyl groups or the amino group present on

the glucosamine compound of HS/Hep is tagged with it various process, determin-

ing its ability to interact with various proteins, cytokines, and growth factors, and

ultimately its bioactive function [54], cell regulation [72], and binding mechanism of

HS-based PG helping in cell signalling [73, 74].
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2.5.1.3 Chondroitin sulphate/Dermatan sulphate

Chondroitin sulphate (CS) and dermatan sulphate (DS) are similar in structural com-

position to HS and Hep, respectively. Their disaccharide repeat consists of GalNAc

and hexuronic acids – GlcUA in CS and IdoUA in DS. CS is the most abundant GAG

in the body skeletal muscle and soft tissue. Structurally, CS includes various sulpha-

tion patterns, among them two isomers: CS-A (O-sulfo group attached at position 4 of

GalNAc residue) and CS-C (O-sulfo group attached at position 6 of GalNAc residue),

which are commonly studied. Similarly, there are disulfated CS GAGs which are

classified as CS-D (O-sulfo group attached at position 2 of GlcUA and position 6 of

GalNAc residue) and CS-E (O-sulfo group attached at position 4 and 6 of GalNAc

residue). Currently, the CS isoform which was formerly designated as CS-B is called

DS, due to the the presence of IdoUA residues in its disaccharide chains. The struc-

tural similarity between HS/Hep and CS/DS enables them to make specific interac-

tion with similar molecules, including growth factors, cytokines, chemokines, adhe-

sion molecules and lipoproteins [75]. CS is predominantly used in the treatment of

osteoarthritis and coronary artery disease, whereas DS which is found in abundance

in the dermis [76], is used as an anti-coagulant in wound repair, coupled with phys-

iological roles in cardiovascular diseases and carcinogenesis. They are linked to a

protein core via a serine residue and a Gal-Gal-xylose sugar linker similar to HS [77].
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Figure 3: Chemical structure of the GAGs representing the disaccharide unit of the GAGs
reported in our work. Heparan-6-sulphate (H6S) is with an HS O-sulfo group at-
tached at position 6 of the GlcNAc residue, Chondroitin-4-sulphate (C4S) is CS with
an O-sulfo group attached at position 4 of the GalNAc residue, and Chondroitin-6-
sulphate (C6S) is CS with an O-sulfo group attached at position 6 of the GalNAc
residue (Reprinted with permission from Samantray and Strodel, 2021. [5] Copy-
right ©2021 American Chemical Society).

2.5.2 GAGs in amyloid diseases

The mammalian GAGs, CS, DS, Hep, HS, and HA are linear polysaccharides and be-

sides HA they all are sulphated to various extent as shown in Figure 3, and in most

cases covalently attached to proteins to form PGs. GAGs interaction with numer-

ous compounds in the extracellular space, e.g., signaling molecules like growth fac-

tors, morphogenesis, chemokines, proteins and their bioactive fragments, receptors,

lipoproteins, and pathogens. These interactions tag them with various biochemical

processes starting from embryonic development to extracellular matrix assembly and

regulation of cell signaling in various physiological and pathological contexts, such as

angiogenesis, cancer, neurodegenerative diseases, and infections [78]. PGs and their

constituent GAGs are associated with amyloid deposits and are involved in the amy-

loidogenic pathway [13, 79–87]. In Alzheimer’s disease, plaques are composed of the

Aβ peptide and are associated with at least four different PGs, most extensively with
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HS [88–90], CS [91], KS [92], and DS [93]. From circular dichroism spectroscopic mea-

surements, it is confirmed that GAGs interaction with the Aβ peptides, Aβ40 and

Aβ42 help us to determine their effects on peptide conformation and fibril forma-

tion. Monomeric Aβ peptides in trifluoroethanol, when diluted in aqueous buffer

causes Aβ to form α-helical structures [80, 94–96]. However, experimental evidences

by McLaurin and coworkers [19] suggests that the presence of GAGs, enhances the

secondary structure transition of Aβ from random coil structures to rapidly adopting

β-sheet conformations. Among the GAGs, C6S induced maximum transitional shift

in Aβ from random coil to amyloidogenic β-sheet followed by DS > C4S > HS >

KS > Hep. The incubation of preformed Aβ fibrils in the presence of CS results in

extensive lateral aggregation into “rope-like" macrofibre structures and subsequently,

the formation of well-defined amyloid fibrils takes place indicating an enhanced nu-

cleation of Aβ peptides. The GAGs act at the earliest stage of fibril formation, Aβ

nucleation, and are extensively involved in the lateral aggregation of preformed fib-

rils or nonspecific adhesion to plaques. The elucidation of structure-property rela-

tionship based on the interactions between Aβ and the different GAGs, as well as

the structural order of GAGs in different cellular conditions are important for the

successful development and evaluation of GAG-specific therapeutic interventions for

circumventing neurodegenerative diseases [19].
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3.2 introduction

Molecular modelling with computational tools is aimed at understanding and pre-

dicting macroscopic properties of complex systems (e.g., molecules, proteins, nucleic

acids) at atomistic resolution. The complexity of biomolecular systems involves large

number of molecules, making it difficult to quantify the properties analytically or by

simply using numerical methods to solve it. Molecular dynamics (MD) simulations

are a powerful tool for elucidating molecular mechanisms, acting as a bridge between

laboratory experiments and computer simulations. The simplest form of MD involves

a little more than Newton’s second law of motion, irrespective of the fact that it is

based on physics, chemistry, and statistical mechanics. The major applications of MD

simulations include: understanding the structure and dynamics of proteins, unrav-

elling the folding mechanisms of proteins, protein-protein interactions, docking of

molecules and much more.

15
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3.3 statistical mechanics

In principle, the macroscopic properties of a complex molecular system can be di-

vided into two major categories: static equilibrium properties (e.g., temperature, pres-

sure, density) and dynamic equilibrium properties (e.g., diffusion process, phase tran-

sition, reversible chemical reactions). In order to compute such macroscopic proper-

ties, it is important to generate a statistical ensemble at given conditions to represent

all the accessible physical states or phase space of a molecular system. The phase space

is defined by all possible values of position and momentum variables of the molec-

ular system. To represent the statistical ensemble of a system, we need to account

that every degree of freedom of the system is denoted as an axis of a multidimen-

sional space. In a system consisting of N atoms, each possible state corresponds to

a specific point in the phase space for which 6N values are required to define the

state of that system. In general, a single point in phase space is denoted through

three coordinates for position and three components for momentum to describe the

state of the system. The motion of the points gives rise to all the accessible system’s

microstates. The different points in the phase space may belong to the same thermo-

dynamic state. Therefore, the collection of all possible microscopic configurations of

a thermodynamic system, that are characterised by an identical thermodynamic state

is referred as a statistical ensemble.

Ensembles Condition Fixed variables

Microcanonical Thermally isolated equilibrium N, V, E

Canonical Thermal equilibrium with a heat reservoir N, V, T

Isobaric-isothermal Isobaric-isothermal N, p, T

Grand canonical Grand canonical or Gibbs µ, V, T

Table 1: Overview of the thermodynamic ensembles. In the microcanonical or NVE ensemble,
number of particles N, volume V and total energy E are constant. The canonical
or NVT ensemble, is characterized by fixed number of particles N, volume V and
temperature T. The Isobaric-isothermal ensemble is characterized by fixed number of
particles N, pressure p and temperature T. The Grand canonical ensemble is defined
by fixed volume V, temperature T and chemical potential µ.
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Determination of the ensemble average of property X is performed by integrating

over all possible configurations of the system:

< X >=

∫∫
X
(
pN, rN

)
ρ
(
pN, rN

)
dpNdrN (1)

where X
(
pN, rN

)
is the observable of interest, r is the atomic positions, and p the

momenta. The probability density function ρ
(
pN, rN

)
of the ensemble is given by:

ρ
(
pN, rN

)
=
1

Q
exp

[
−H

(
pN, rN

)
KbT

]
(2)

where Kb is the Boltzmann factor, T is the temperature, and H is the Hamiltonian.

The denominator Q in the expression is called the partition function, which can be de-

scribed as a dimensionless normalizing sum of Boltzmann factors over all microstates

of the system:

Q =

∫∫
exp

[
−H

(
pN, rN

)
KbT

]
dpNdrN (3)

The partition function denoted in equation 3, is an important variable for calculat-

ing various thermodynamics properties. The partition function acts as a bridge be-

tween microscopic thermodynamic variables and macroscopic properties. However,

in order to overcome the analytical difficulties in solving equation 3, the ergodic hy-

pothesis can be involved where the time-average of a certain physical property over

long periods of time represents the ensemble-average of the same property.

< X >ensemble =< X >time (4)
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The time-average < X >time can be computed by:

< X >time = lim
τ→∞

∫τ
t=0

X
(
pN(t), rN(t)

)
dt ∼

1

M

M∑
t=1

X
(
pN, rN

)
(5)

where t is the simulation time, M is the number of time steps in the simulation and

X
(
pN, rN

)
is the instantaneous value of the calculated property. Therefore, using a

specific thermodynamic ensemble from an efficient sampling of microstates sequen-

tially in time, we can compute ensemble-average properties of the system under eval-

uation [97].

3.4 molecular dynamics simulations

Computer simulations are a powerful tool that can provide solutions to many prob-

lems in statistical mechanics, otherwise these problems will be difficult to solve. Sim-

ulation predictions can be used to understand experimental results that are difficult

to obtain in the laboratory. Therefore, computer simulation can be used as a bridge

between model and theoretical prediction and between model and experimental re-

sults [98]. MD simulations are a form of computer simulations, used to study systems

on the atomic and molecular scale. MD simulations are a valuable method for com-

puting the equilibrium and transport characteristics of many body systems. It acts as

a bridge between the length and the timescales of the micro and macro attributes, as

shown in the Figure 4. MD simulations provide insight into experiments by revealing

hidden details that are difficult to access in the laboratory due to complexity and

high cost.
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Figure 4: Simulations depicted as a bridge between (A) microscopic and macroscopic; (B)
theory and experiment (Adapted with permission from Allen et al., 2004. [99] Copy-
right ©2004 by John von Neumann Institute for Computing).

In MD simulations we basically solve the Newton’s equation of motion for N num-

ber of particles (usually N is very large) interacting through relevant potentials. The

equation of motion of the ith particle is given as

vi =
dri
dt

,
∑
j6=i

Fij = mi
dṙi
dt

, (6)

where ri and vi are the position and velocity of the ith particle and Fij is the force

exerted by particle i on particle j. In order to measure any observable macroscopic

thermodynamic property in MD simulations, the corresponding observable has to

be first expressed in terms of the position and momentum of the particles in the

system. Here, each atom or molecule is given by position ri or momentum pi =

mivi, to propagate the particles in time. For this purpose, we need to calculate the

forces Fi acting on particles, which are usually expressed in terms of potential energy

U(rN), where rN = (r1, r2, ...., rN) represents the complete set of 3N coordinates. The

Hamiltonian H of the system can be written as

H(pN, rN) =
N∑
i=1

p2i
2mi

+U(rN) , (7)
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Here pN is the union of all momenta, {p1, p2, ...., pN} [100]. Details on the form of

the potential energy will be provided later in this chapter. The forces acting on the

particles are derived from the potential as,

Fi(rN) = −
∂U(rN)
∂ri

. (8)

The equations of motion according to the Hamiltonian’s equation are

ṙi =
∂H

∂pi
=

pi
mi

, (9)

and

ṗi = −
∂H

∂ri
= −

∂U

∂ri
= Fi(rN) . (10)

To integrate the equation of motion, different algorithms have been introduced in

MD simulations. The most common and efficient algorithm used so far for integration

is the Velocity Verlet algorithm as it is time reversible and conserves the phase and

volume space [100, 101]. To derive it, we use the Taylor expansion of the coordinate

ri of a particle at time t+∆t

ri(t+∆t) = ri(t) + Vi(t)∆t+
Fi(t)
2mi

∆t2 +
∆t3

3!
...
r i +O(∆t4) , (11)

where ∆t is the MD time step, and the estimated error in the new position is of the

order of ∆t4. In the Velocity Verlet algorithm the velocity and position of a given

particle is computed at time t and t+∆t, using the following equations

ri(t+∆t) − ri(t−∆t) = 2Vi(t)∆t+O(∆t3) . (12)
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and

vi(t) =
ri(t+∆t) − ri(t−∆t)

2∆t
+O(∆t2) . (13)

Here, the estimated error in velocity is ∼ ∆t2, and the temperature, potential en-

ergy, and total energy are calculated at each time step. The total energy should be

conserved throughout the MD simulation. The old positions and velocities at t−∆t

can be discarded after the calculations for t+∆t have been done, and the new posi-

tions and the velocities become the next starting point. The steps are repeated a given

number of times in order to reach the desired simulation time frame.

This integration scheme conserves the total potential energy E, so if the total num-

ber of particles N and the total volume V also remain unchanged, then the simulation

is performed in the microcanonical ensemble NVE as described in Table 1. However,

experiments in the laboratories are usually performed at constant temperature and

not constant energy. Therefore, we need to reproduce an isothermal ensemble in MD

simulations, in which the number of particles, volume, and temperature T is fixed;

this ensemble is called canonical ensembleNVT . We can ensure the constant tempera-

ture by applying a thermostat to the system. Popular methods to control temperature

include the velocity rescaling thermostat, Nosé-Hoover thermostat, Langevin thermo-

stat, Andersen thermostat, and Berendsen thermostat. In addition to a thermostat, a

barostat is also necessary to account for laboratory conditions to stabilize the pres-

sure and concurrently the density of the system. Hence, the simulation is performed

with an isothermal-isobaric ensembleNpT , wherein the number of particles, pressure,

and temperature are kept constant to equilibrate the pressure. The pressure can be

controlled using the Berendsen barostat and Parrinello-Rahman barostat.

Periodic boundary conditions (PBC) are used to create (artificial) large-volume sys-

tems in MD simulations in which the cubic box is surrounded by the replicas of itself

in the entire space to form an infinite lattice. This arrangement allows us to simulate

a large phase system with a finite number of particles. We adopt the minimum image

convention where each particle interacts with the nearest atom or image in the peri-

odic matrix. During the course of the simulation, when an atom moves in the original

box, its periodic image move in the same way in all periodic boxes. This means that
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once the atom leaves a box, its image will enter from the opposite side. No walls

or surface atoms are present at the boundary of the original box. This box is used

for measuring the coordinates of the N particle system. A two-dimensional image

of such a periodic system is shown in Figure 5. The number density in the central

box (implied to the entire system) is conserved. In addition, we don’t need to save

the coordinates of the entire system; we only need to save the particle coordinates of

the original frame [100]. It is important to note that the imposed artificial periodicity

works well with short-range interaction potentials but fails for long-range ones like

for charged and dipolar systems. So, it is necessary to make sure the simulation sys-

tem is neutralised using counter-ions otherwise Ewald summation which is used for

computing long-range interactions becomes unphysical.

Figure 5: A two dimensional periodic system, the duplicate boxes i.e the image boxes are
shown with a white background whereas the original box is shown in with a colored
background.

In MD simulations, the forces in the system are computed by pairwise addition

of forces on each pair of a molecule. Therefore, computing power in MD simulation

will quickly become expensive because it involves a large number of pairwise calcula-

tions. So, for a short-range energy function, we can limit the summation by making an

approximation. Since the largest contribution to the forces or potential comes from

neighbors close to the atom of interest, we usually apply a spherical cutoff, which

corresponds to setting the pair potential V(r) to zero for pair distance, greater and
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equal to the cutoff distance rc. The introduction of a spherical cutoff should be a

small perturbation. In order to ensure the minimum effect of this, we need to choose

a sufficiently large cutoff distance [100].

3.5 molecular mechanics force fields

Biomolecular force fields (FFs) are represented by an energy function that are mod-

els to approximately predict the true potential energy surface. Proteins and other

biomolecules are predominantly simulated using two ways: either using an atom-

istic or a coarse-grained FF. A model for the potential energy of a molecular system

is composed of mathematical functions and associated constant parameters. The in-

teractions between the particles of the system can be classified into two categories:

bonded and non-bonded interactions. As an example, we provide the potential en-

ergy function which is used by the various CHARMM FFs [102]:

U(rN) =
∑
bonds

kb(b− b0)
2 +

∑
angles

Kθ(θ− θ0)
2

+
∑

dihedrals

Vϕ(1+ cos(nϕ− δ)) +
∑

impropers

kω(ω−ω0)
2

+
∑
i,j (LJ)

εmin
ij

[(
Rmin,ij

rij

)12
− 2

(
Rmin,ij

rij

)6]
+

∑
i,j (Coul.)

qiqj

4πε0rij

+
∑

Urey−Bradley

kUB(s− s0)
2 +

∑
CMAP

UCMAP (φ,ψ)

(14)

Here, rN denotes the conformation of the system consisting of N atoms with co-

ordinates rN = (r1,x, r1,y, r1,z, r2,x, r2,y, r2,z, . . . , rN,x, rN,y, rN,z). The bonded energy

terms describe bond stretching around the equilibrium values b0 with force con-

stants kb, angle bending around equilibrium angles θ0 and with force constants kθ,

torsions around bonds as characterized by the dihedral angles ϕ, periodicity n, shift δ

and energy barrier Vϕ, and out-of-plane bending, also called improper torsion, with

the minimum at ω0 and force constant kω. The non-bonded interactions contain

Lennard-Jones and Coulomb potentials for interacting particles i and j. The Lennard-
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Jones (LJ) potential is a 12-6 potential, where the repulsive 1/r12 term describes the

Pauli repulsion at short distances of the interacting particles due to overlapping elec-

tron orbitals, and the attractive 1/r6 term describes attractions arising from dispersion

forces, which are also called van der Waals (vdW) interactions. The distance between

the two interacting particles is given by rij, εmin
ij is the depth of the potential well,

Rmin,ij is the distance at which the particle-particle LJ potential energy is minimal and

can be calculated from the van der Waals radii of the particles i and j. The Coulomb

potential models the electrostatic interactions between the partial charges qi and qj

of atoms i and j with distance rij between them, where ε0 is the vacuum permittivity.

The terms described thus far, which are summarized in Figure 6, are common to all

all-atom biomolecular force fields as found in the AMBER [103], CHARMM [102],

OPLS-AA [104], and GROMOS [105] packages. Though, depending on the force field,

small differences to equation (14) can occur, such as that cos(θ) is used for defining

the harmonic potential describing angle bending.

3.6 force fields for idps

Many FFs have been tailored for simulating the structural dynamics of folded pro-

teins, and for a long time it was assumed that they are equally applicable to IDPs.

However, as several FF benchmarks revealed, this is not the case [2, 106–112]. It

turned out to be difficult to accurately simulate the structural ensembles of IDPs

or IDPRs, as they do not fold into a well-defined three-dimensional structure under

physiological conditions and instead populate a dynamic conformational ensemble of

rapidly interconverting structures. It was found that a good balance between protein-

protein and protein-water interaction parameters is key for a good description of

IDP ensembles. Small changes to this subtle balance will either produce overly com-

pact IDP structures where protein-protein interactions are overestimated, excessively

aggregation-prone proteins due to underestimated protein-water interactions, or, if

the latter are overestimated, extremely soluble IDP states that avoid protein-protein

contacts. As accurate FFs are needed for the reliable generation of IDP ensembles,

numerous FFs have been developed in recent times. They are usually based on exist-
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ing FFs and different strategies were applied during their reparameterization, which

will be explained in the following. In the CHARMM FFs, two correction terms are

added to the potential energy. The Urey-Bradley (UB) term is used to improve the de-

scription of angle bending, where s is the distance between the first and third atom

that define a bond angle. However, most force fields do not include Urey-Bradley

terms, and also in CHARMM FFs no new UB terms were added in the past, since the

only advantage of these terms is the better reproduction of subtleties in vibrational

spectra. However, the goal of classical MD simulations seldomly is the calculation of

infrared spectra. In fact, in most of the MD simulations of proteins the bond lengths

are anyhow restrained to their equilibrium values in order to allow an increase in the

time step used for the integration of the equations of motions. Moreover, many of

the vibrations, especially those involving hydrogen bonds, would require a quantum-

mechanical description for proper modeling as classical simulations reach their limit

of validity here. The second correction term is called CMAP, which is a grid-based

correction and accounts for the correlation between the backbone dihedral angles φ

and ψ. Unlike the UB term, the CMAP correction has gained in popularity and was

included in other FFs too, especially with the aim to improve the modeled ensembles

of IDPs (see below).

Over the last decade, several research groups aimed at developing better FFs for

IDPs, using equation (14) or a similar equation as starting point. Two major repa-

rameterization strategies have been followed: first, optimization of dihedral angle pa-

rameters to provide better descriptions of the tendency of IDPs to adopt random coil

conformations; second, strengthening the protein-water interactions to counteract the

preference of proteins to collapse into a molten globule state as was seen with many

of the common protein force fields. These reparameterization strategies are briefly

explained in the next sections, while the reader is referred to a recent review [112] for

more details.
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Figure 6: Contributions in all-atom force fields. The interactions between the atoms are di-
vided in bonded and non-bonded interactions. Harmonic potentials are used to
describe the vibrations of bonds and bond-angle bending, while periodic functions
are needed for modeling the torsion around bonds. The non-bonded interactions
are between atoms that are separated by at least three bonds or between atoms of
different molecules. They arise from charge-charge interactions as described by the
Coulomb potential, and from hydrophobic interactions as well as repulsive interac-
tions if two atoms get too close to each other, which are collectively modeled by the
Lennard-Jones potential. The water around a protein or other biomolecules can be
modeled explicitly (not shown) using typical water models, such as TIP3P or TIP4P,
or using an implicit solvent model. Explicit modeling of the water molecules gives
usually better results, especially in the case of IDPs. Reproduced with permission
(https://en.wikipedia.org/wiki/Force_field_(chemistry)).

3.6.1 Optimization of Dihedral Parameters

In many of the recently developed FFs for IDPs, adjustments of dihedral-angle pa-

rameters, especially those of the backbone dihedrals φ and ψ, were made [108, 113,

114]. The reason behind this strategy is that many of the common FFs overestimate

propensities for α-helix and β-sheet formation in IDPs, as was recently reviewed

by Mu et al. [112]. One remedy to resolve this secondary structure bias is to use

dihedral-angle data of coil-like fragments in the training sets of FFs [115]. This ap-

proach was employed for AMBER03* and AMBER99SB* [115] which are based on

AMBER03 [116] and AMBER99SB [117], respectively. However, AMBER03* overesti-

mates and AMBER99SB* underestimates the helical content with respect to their re-

spective predecessing FF. For OPLS-AA/M [118] and OPLS3 [119] a similar refitting

approach was followed, including the reparameterization of the side-chain dihedrals,

and as training set data from ab initio torsional energy scanning of blocked dipeptides

was used. However, their ability to produce good IDP ensembles beyond proline
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dipeptides and glycine tripeptides remains to be shown. In the CHARMM family

of FFs, CHARMM22* [120] also a resulted from refitting dihedral angles based on

CHARMM22 [121]. In our analyses of various FFs with regard to their ability to pro-

duce Aβ ensembles in agreement with the data obtained from NMR and fluorscence

spectroscopy, CHARMM22* yielded acceptable results [2, 122]; in our earlier study of

these two [122] it was even the best-performing FF. In the latter study, AMBER99SB-

UCB turned out to be by far best suited for modeling Aβ [2]. This FF is based on

AMBER99SB/TIP4P-Ew and includes modified backbone torsion parameters [123]

and optimized protein–solvent Lennard-Jones parameters [124]. A special reparam-

terization approach for the dihedral angles was adopted in AMBER99SB-UCB, since

it was limited to φ, which defines the torsion about the C-N-Cα-Cβ atoms, in order

to only shift the equilibrium between the β and PPII states, but leave the α-helical

state unaffected [123]. The mentioned FFs employed a universal refitting strategy for

dihedral parameters. An alternative approach is to optimize these parameters in a

residue-specific manner. This approach was adopted for RSFF1 [125], which is based

on OPLS/AA, and RSFF2 [126], which derives from AMBER ff99SB. In both cases the

dihedral distributions from a protein coil library were used as the training set.

3.6.2 Adding CMAP Corrections

The majority of the CHARMM protein FFs that are based on CHARMM22* include

CMAP corrections [127, 128]. The CMAP residue-specific correction for backbone

dihedral parameters is a grid-based energy correction map dependent on the (φ, ψ)

distribution of the backbone dihedrals of the protein residues. The two-dimensional

(φ, ψ) angle distribution per residue is evenly divided into 24× 24 bins with a 15◦

step size between neighboring bins. The dihedral free energy for bin i is given by

∆Gsim
i = RT ln

(
Ni
Nmax

)
(15)

where Ni is the number a dihedral angles falling into the bin in question and Nmax

refers to the total number of dihedral data in the sampling. The CMAP correction for
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each bin is provided as difference of the experimental database value (∆Gexp
i ) and the

current simulation value from equation 15:

UCMAP
i = ∆Gexp

i −∆Gsim
i (16)

Thus, the energy added is the larger, the larger the deviation from the database value

is. Since a step size of 15◦ yields only 576 bins, nearest-neighbour [129] or cubic

interpolation [130] is applied to generate a continuous energy-correction surface so

that UCMAP can be determined for any conformation and allow the computation of

forces.

The CMAP method was first applied in CHARMM22/CMAP[128], which is also

known as CHARMM27 and is based on CHARMM22 [121]. However, CHARMM27

did not produce convincing results for IDPs as demonstrated for α-synuclein, where

the helical conformation was overestimated, and generally fails to generate a stable

hairpin structure. Therefore, the CMAP approach was revised for CHARMM36 [131].

This newer FF performs generally better for IDPs, however, left-handed helices tend

to be overpopulated [106]. To overcome this and other shortcomings, CHARMM36m

was developed and claimed to be particularly suited for IDPs [113]. However, the FF

benchmark by Robustelli et al. showed that, while CHARMM36m performs well for

folded proteins, for many of the IDPs it does not produce convincing results [108].

This excludes Aβ, for which CHARMM36m produced acceptable results [2], which

are better than those obtained with AMBER99SB-disp developed by Robustelli et

al. [108]. Chen and coworkers picked up the CMAP idea and implemented it into

various FFs with the aim to improve the modeling of IDPs. They augmented this ap-

proach by deriving CMAP potentials for all 20 standard amino acids, instead of ap-

plying a universal CMAP correction in equation (16). They implemented their CMAP

corrections into various FFs, yielding AMBER14IDPS [132], CHARMM36IDPS [133,

134], and OPLSIDPSFF [135]. Another extension of the CMAP idea is the CMAP

energy correction map based on a three-dimensional distribution of dihedrals that

includes side-chain dihedrals, which was implemented into RSFF2 [126] and yielded

RSFF2C [136]. This FF was demonstrated to provide good models for IDPs, IDPRs,

and also folded proteins [136].
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3.6.3 Refining Protein–Water Interactions

Between protein and water, electrostatic and vdW interactions can occur. The short-

range vdW interactions in particular influence the compactness of the simulated IDP

conformations, which can be assessed by the radius of gyration (Rg) or the end-to-

end distance and be compared to the corresponding values obtained from SAXS or

FRET experiments [137, 138]. Since the observation was that the common FFs in gen-

eral produce too compact IDP conformations, one strategy for the development of

IDP-appropriate FFs is to increase the vdW interactions between protein and water.

The first approach along this line was realized by Best et al. who uniformly scaled

the LJ interactions between protein and water by a factor of 1.1 in AMBER03, lead-

ing to AMBER03WS, which recovered the correct dimensions of IDPs or unfolded

proteins in their simulations [139]. Shaw and coworkers approached the problem by

increasing the εO value of the oxygen atom of water in the TIP4P water model, yield-

ing TIP4P-D where the ’D’ stands for dispersion as the authors aimed at providing

a correct description of the water dispersion interactions. However, while this water

model indeed improved the Rg values of some simulated IDPs, it also caused some α-

helices to unfold and overestimated the Rg of several longer IDPs [140]. The recently

developed AMBER99SB-disp force field is based on the TIP4P-D water model and

increased the dispersion interactions of water even further, in addition to refining the

backbone dihedral potentials and LJ interactions between backbone carbonyl oxygen

atoms and backbone amide hydrogen atoms [108]. Along with CHARMM36m an al-

ternative TIP3P water model was published [113]. Opposite to TIP4P-D where εO of

water was modified, in CHARMM36m MacKerell and coworkers changed the LJ well

depth parameter εH of the water hydrogen atoms while the oxygen LJ parameters

and the water–water interactions were maintained. The rationale behind altering the

εH and not the εO value is that by changing the water oxygen atom LJ parameters

one would affect its effective size based on the repulsive r−12 term. Since the water

hydrogen atoms have a very small vdW radius, their repulsive LJ term is basically

unaffected when modifying their εH parameter. For the IDPs CHARMM36mW – the

name that our group decided to give to CHARMM36m with the modified water
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model [141] – performed better than CHARMM36m in the study by MacKerell and

coworkers. Head-Gordon and coworkers followed a different approach and adjusted

the LJ parameters of the amino acids on atom type basis with the aim to reproduce

experimental solvation free energies of a diverse set of 34 molecules, instead of uni-

formly scaling the vdW interactions between protein and water [124]. This modifica-

tion along with the one affecting the backbone torsion parameters [123] (see above)

resulted in AMBER99SB-UCB. In our recent study, this FF turned out to be the most

suitable one for Aβ [2], while for peptide aggregation we identified CHARMM36mW

as the best FF [141]. In fact, all force fields that modified the LJ parameters of the oxy-

gen atom of water, but also AMBER99SB-UCB inhibited the process of aggregation

of Aβ(16− 22), which is in disagreement with experiment [111, 141, 142].

3.7 dimensionality reduction techniques

In MD simulations, millions of protein configurations are stochastically explored. To

generate such huge number of configurations, hundreds/thousands of nanoseconds

of molecular simulation need to be performed. In these computer simulations huge

amount of MD data in the form of motions of the atoms is generated, which requires

various data mining tools to reduce its size. The most important task during data

mining is dimensionality reduction. The increase of simulation data increases the

number of dimensionalities that were explored in the simulation, therefore classifica-

tion becomes significantly more complex and time intensive. While larger number of

dimensions allows to understand the biomolecular dynamics better, not all of these

dimensions/features are crucial for determining the similarity among them [143].

Since, large amounts of the dimensional space is only sparsely populated, features

that occur only once or twice do not contribute to the clustering because they do not

impact the entire data space significantly. Therefore, the data space can be reduced

drastically while maintaining a high number of distinctive features. The major chal-

lenge is to find an appropriate dimensionality reduction method, that reduces the

input feature space to the smallest but best possible number of dimensions. The best

way to increase the performance of clustering, can be achieved either by employing
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supervised or unsupervised techniques. The simple implementation is that for each

vector with length n dimensions, eliminate i needless features in order to optimize

the minimum set of attributes required to match the probability distribution of the

clusters as close as possible to the original distribution [144, 145]. The new vector

space then consists of k = n - i dimensions and reduces the space from Rn to Rk.

Various supervised or unsupervised approaches exist for mapping the higher di-

mensional space to a lower dimensional space depending on the input information.

Supervised methods can be applied to datasets where the data is already classified or

labelled, and the reduction can learn relevant features from the labelled data. A well-

known algorithm is for instance Linear Discriminant Analysis (LDA). Concurrently,

unsupervised techniques are clustering based and are exploratory in nature. The at-

tempt is to reduce the dimensionality by retaining as much information as possible

without any ground truth labels provided and uncover patterns that were unknown

previously. Two most popular unsupervised approaches are Singular Value Decom-

position (SVD) and Principal Component Analysis (PCA) [145]. Although various

dimensionality reduction methods exist, PCA is one of the most popular ones that is

applied to MD simulations [146].

Principal Component Analysis

PCA is a linear dimensionality reduction method, first presented by Pearson [147]. Its

goal is to find k dimensions that best represent the dataset and concurrently maintain

high variance in the data. PCA projects m data points x1, x2, ..., xm ε Rn to a lower

dimensional space Rk by performing the following steps sequentially. (1) First, the

data is normalized to have a mean of 0 and a standard deviation of 1. (2) Secondly,

the covariance matrix is computed using equation 17 [148, 149],

C= 1
m

∑n
i=1 (xi − x) (xi − x)

T (17)
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where T is the transposed vector (that is n × 1 → 1 × n). (3) Thirdly, compute the

k orthogonal eigenvectors of Σu1, . . . ,uk ∈ Rn from the covariance matrix and the

corresponding eigenvalues. (4) Lastly, sort the eigenvectors in ascending order of the

eigenvalue and determine k to maximize the variance in the remaining k-dimensional

space. Figure 7 describes the method to find the maximum variance in a data set.

Figure 7: An illustration to determine the maximum variance among the data points in PCA.
The first principal component (PC1) represents the axis with the highest variance.
The second principal component (PC2) is orthogonal to PC1.

In biomolecular simulations, we use PCA to to determine a small set of collective

vectors with the largest contribution to the mean square fluctuations (MSF) of the

atomic position of the biomolecule. Using the 3N cartesian coordinates ri(t) (i=1, ...,

3N), the elements of the covariance matrix of the atomic positions are computed

after the translation and rotation motions of the biomolecule are removed from the

simulation generated structures by superimposing on the reference structure.

3.8 clustering algorithms

The clustering process involves grouping a set of data points into clusters, i.e. collec-

tions of data points bearing no pre-defined class labels. The main idea is to assign

similar objects to similar clusters, while dissimilar objects do not share the same clus-

ter [145]. Clustering in general, is an unsupervised method since there are no ground

truth labels available. Therefore, the number of clusters can highly vary depending

on the data, while this number is most likely is unknown in the beginning. Moreover,
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groups can either be exclusive, were each data point belongs to exactly one cluster,

or hierarchical, such that the top level gives a rough division while each group is

refined further [150]. A classification of clustering types and approaches is provided

in Figure 8.

Figure 8: Classification of clustering methods.

3.8.1 K-means algorithm

One of the most widely used clustering algorithms, is the K-Means algorithm, de-

veloped by Lloyd in 1982 [151]. It has widespread usage due to its simplicity and

effectiveness. In K-Means clustering, the data points are partitioned iteratively into k

clusters using centroids as representative centre points. The centroid in most cases,

is the mean value of the data points within one cluster and is calculated in such a

way that the total squared distance from all points to their cluster centres remains

minimum [150]. Thereafter, we define the number of clusters k in advance, avoiding

the risk of the algorithm converging to a local maximum value [152].

In the K-Means algorithm, following steps are performed: (1) Firstly, k data points

are arbitrarily selected as cluster centroids. (2) Secondly, the data points closest to

these centroids are assigned to be in the same cluster. (3) The cluster centroids are

recalculated based on the newly added data points such that they represent the new
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centre of the cluster. The steps (2) and (3) are repeated iteratively until convergence is

reached. However, a major drawback of K-Means clustering is that the final clusters

are sensitive to the initially selected cluster centroids and shape of the clusters.

3.8.2 Hierarchical DBSCAN algorithm

HDBSCAN stands for Hierarchical Density-Based Spatial Clustering of Applications

with Noise [153]. It uses a density-based approach which makes few implicit assump-

tions about the clusters [154]. The basic idea of density-based clustering is that a data

space does not only consist of a certain number of data point clusters but also con-

tains a number of outliers, i.e. highly dense regions separated by sparse regions.

The DBSCAN algorithm is defined by two important parameters, the ε-radius and

MinPts in order to determine the density at a data point q and dense region respec-

tively. The density at a certain data point q is measured by the number of points

within a circle of ε-radius, likewise a dense region is defined by the minimum num-

ber of points (MinPts) encircled in the ε-radius. The ε-radius defines Nε(q) for the

neighbourhood of point q in equation 18,

Nε(q) = {p ∈ D | dist(p,q) 6 ε} (18)

where D represents the dataset. The step-by-step protocol followed in the algorithm

is: (1) First, fix a value for MinPts which ranges between [1, (2d-1)], where d is the

dimension of the dataset. (2) Secondly, compute the k-distance for all points p in the

dataset D with k = minPts and create a k-distance plot showing the k-distances of

all objects in decreasing order. (3) Lastly, select the border point (i.e., a point which

has fewer than MinPts within ε, but is in the ε-radius neighborhood of a core point),

o from the MinPts-distance plot and set to MinPts-distance(o) [154, 155]. After se-

lecting the parameters, a point q is taken as the core point of initialisation, (i.e., a

point which has more than a specified number of points MinPts within ε-radius).

A point p in the data space is directly density-reachable from q if p ε Nε(q) and q
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is core object w.r.t. ε and MinPts, i.e.
∣∣Nε(q)∣∣ >= MinPts, so if there is a chain of

points p1, . . . , pn with p1 = q, pn = p such that pi+1 is directly density-reachable

from pi. Both the points p and q are density-connected if there is a point o which is

density-reachable from both points.

The algorithm starts with an initialisation point q and retrieves all points density-

reachable from q with respect to ε and MinPts. So, if q is marked as a core point,

the algorithm defines a cluster as a set of points which are density-reachable from q.

In other words, if this point contains MinPts within ε-radius neighborhood, cluster

formation starts, otherwise the point is labeled as noise point (i.e., a point which is

neither a core point nor a border point), and can then become part of another cluster.

If p is a border point, no points are density-reachable from p and DBSCAN visits

the next point of the database until each point is labeled. The concepts of density-

reachable and density-connected are explained in Figure 9,

Figure 9: An illustration of the DBSCAN algorithm (Reproduced with permission from Ester
et al., 1996. [154] Copyright ©1996, AAAI).

One of the major advantages of density-based methods is the flexibility of data in

the n-dimensional space. In this space, clusters can have any shape and are not re-

stricted to convex shapes. However, DBSCAN fails to identify clusters of varying den-

sities. Therefore, the combination of DBSCAN with a hierarchical clustering, which

yields HDBSCAN, was developed. Here, whereby performing DBSCAN is performed

for varying ε values, helping to define clusters with stable ε.
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3.8.3 Geometric clustering

Contrary to the hard-clustering methods of K-Means and DBSCAN, geometric clus-

tering approaches are also widely used in MD simulations. The most commonly

used geometric clustering algorithm is the GROMOS clustering algorithm developed

by Daura and coworkers [156] and implemented in the GROMACS software pack-

age [157]. The GROMOS algorithm is a heuristic approach were each iteration tries

to find the largest cluster given a specific root mean square deviation (RMSD) cutoff

size until all configurations or snapshots sampled in a MD simulation belongs to a

cluster. This produces clusters where all members of a cluster are within the specified

RMSD cutoff of the centroid model. All the clusters generated are mutually exclusive,

so a configuration can only be a member of a single cluster.

3.9 kinetic models

A major advance in the realm of alternative methods to analyze MD data has been

made by the proposal of transition matrices and discretization of the phase space.

This approach improves the MD sampling efficiency by widening its focus to in-

clude, in addition to identifying the energy minima, the simulation and definition

of informative transition pathways. The transition process between substates is often

described by a memoryless master equation,

dp(t)
dt

= Kp(t) (19)

where p(t) is a column vector contains the probability of finding the system in each of

itsm states at time t, K is the rate matrix with its elements Kij being the rate constants

of transitions from state i to state j. In a Marokovian process, the system dynamics

can be described by a discrete time transition matrix T(τ) as explained below.
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3.9.1 Markov State Model

Markov state models (MSMs) derived from MD data are kinetic models used to define

the kinetically relevant states in the configuration space and the transitions (memo-

ryless jumps) between them [158–160]. In other words, MSMs transform the MD

trajectory from structures over time to a human readable network of macrostates that

enables extracting the hidden kinetics in the high dimensional MD simulation data.

The output of MSMs is Markovian, i.e., the transition to the next state is only affected

by the current state and not the past history, thus it is memoryless.

In a Markovian process, the system dynamics can be described by a discrete time

transition matrix T(τ) with its entries Tij representing the probability of finding the

system in state j at time t+ τ knowing that it was in state i at time t. In accordance

with equation (20) this can be expressed as

p((k+ 1)τ) = T(τ)p(kτ) (20)

where τ is the lag time selected by the user to determine T(τ). Both equation (19) and

(20) give equivalent result at t = kτ, and are related to each other by T(τ) = exp(τK).

The focus of MSMs is on the transition matrix T(τ), which describes the transitions

between substates, with its eigenvectors ui and corresponding eigenvalues λi. They

are a measure for the relaxation time of a process described by the eigenvector in

question, i.e., λi → 0 is the fast mode corresponding to fast thermal fluctuations,

while λi = 1 represents the stationary distribution. The implied timescale t∗i of a

transition mode i is given by

t∗i = −
τ

ln λi
(21)

For equilibrium molecular dynamics, all λi are positive, and there exists a unique

equilibrium (or stationary) distribution π that fulfills detailed balance:

πiTij = πjTji (22)
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The first step in constructing MSMs is to discretize the configuration space based

on a suitable distance metric selected according to the scientific question of interest.

For example, in studies interested in conformational dynamics or protein folding, the

backbone atom coordinates can be used to define the conformations. This is followed

by clustering, such as k-means clustering to define the microstates. Even though the

idea is to identify the kinetically stable states, initially geometrical clustering is used

to define microstates based on which the subsequent kinetic partitioning of the config-

uration space is performed. The transition matrix described above defines the kinetic

relationship between these microstates. The quality of the resulting MSM depends on

the chosen the lag time. It should be long enough so that the system is memoryless

(Markovian), while it should be short enough to resolve the different dynamic pro-

cesses. Whether the models satisfies Markovianity can be assessed by the Chapman-

Kolmogorov test [161]:

T(kτ) = Tk(τ) (23)

Finally, the MSM can be further optimized by coarse-graining it, for which macrostates

are defined and the microstates assigned to them. This yields so-called Hidden Markov

Models.

A number of software packages are available to construct MSMs from MD trajecto-

ries of biomolecular systems and validate the resulting models. The most popular one

are PyEMMA [162] and MSMBuilder [163]. Recent applications of MSM-based meth-

ods in the realm of IDPs have shed light on the mechanisms of fibril formation for

amyloid-β (Aβ), human islet amyloid polypeptide (hIAPP), and other intrinsically

disordered peptides [164, 165]. It further gives insight into the thermodynamics and

kinetics of IDPs, such as the amyloid-β peptide [2, 166], and are useful in studying

the effect of post-translational modification (e.g., phosphorylated kinase [167]) on the

conformational kinetics and structural ensembles of IDPs.
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3.9.2 Transition Network Model

In contrast to MSMs, transition networks (TNs) rely only on geometry to define the

transition pathways [168]. In this approach, the configuration space is discretized

based on clustering using certain descriptors (fi) that map the geometrical conforma-

tions qt to a state S(t) which is a composition of different fi:

S(t) = [f1(qt), f2(qt), . . . , fn(qt)] (24)

The conformations of an MD trajectory are mapped to the time sequence of states S(t),

which are then used for building the TNs. The key aim of fi is to encode the process

under investigation the best, while avoiding network complexity. These descriptors

can be measures that give information about the protein secondary structure, the

number of electrostatics or hydrophobic contacts, or molecular shape. Importantly,

the selected descriptors should be limited to a combination of fi with minimum

correlation among them and maximum sensitivity to the data to avoid increasing

the complexity of TNs. For example, if two descriptors are strongly affecting each

other (i.e., highly correlated), using both of them will increase the complexity of

the generated TN without a major information gain. Thus, using only one of them

simplifies the resulting TN and, at the same time, not too much information will be

lost. The descriptor sensitivity can be inferred from whether the theoretically possible

values of fi are indeed sampled (which is good) or only limited to a small range

(which would be insufficient).

After discretizing the configuration according to equation (24), the transition matrix

can be built by counting the number of transitions between different sates S(t) using

a certain time lag (spacing) between MD frames. The spacing between successive

MD frames should be chosen such that it is not too large in order not to lose impor-

tant transitions, but also not too small as larger conformational transitions require a

certain amount of time. However, unlike to MSM building, there is no quantitative

measure such as the convergence of the implied time scales in MSMs that allows to

assess whether the selected lag time for TN building is a good choice.
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kinetics of the amyloid-β peptide revealed by markov state models based on MD

data in agreement with experiment (* equal authorship). All the images are reprinted

with Copyright ©2021 Royal Society of Chemistry.

4.2 motivation

It has been 15 years since the first all-atom MD simulation of full-length Aβ in so-

lution was performed [169]. Since then, hundreds of simulation studies involving

Aβ40 or Aβ42 have been published. During the first ∼10 years of these studies, re-

search groups relied on the common protein and water FFs as was usual practice for

the simulation of folded proteins, which were the more frequent object of simulation

studies at that time. However, as time elapsed, very different results regarding the

structural preferences of Aβ were obtained depending on which of the FFs was used.

In fact, as far back as 2012 when we had first reported our first simulation study

of Aβ in solution we concluded that ‘proper benchmarking of the protein FFs for

unfolded and intrinsically disordered proteins’ was needed [170].

Over the years, various FF benchmarks for Aβ and IDPs in general have been

performed [122, 171–174]. Depending on the FFs tested, the simulation technique em-

ployed (i.e., standard MD versus enhanced-sampling MD, like replica exchange MD),

the length of the simulations, and the experimental data used for validation, different

40
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FFs were identified as the most suited ones. For instance, García et al. [171, 172] found

OPLS-AA [175, 176] with the TIP3P water model [177] and AMBER99SB [178] with

the TIP4P-Ew water model [179] to be the best FFs for Aβ42, while our own bench-

mark, that included AMBER99SB [178], AMBER99SB*-ILDN [180, 181], AMBER99SB-

ILDN-NMR [182], and CHARMM22*(C22*) [183] combined with TIP4P-Ew [179] as

well as OPLS-AA/TIP3P [175–177], identified C22* as the best FF [122]. However,

more recent benchmarks revealed that the common FFs from the AMBER, GROMOS,

OPLS, or CHARMM family in combination with standard three- or four-point water

models produce conformational ensembles for IDPs that are too compact and too bi-

ased towards folded structures [106, 140]. This conclusion can be explained with the

parametrization strategy underlying the standard FFs, which aimed at producing the

correct structure for folded proteins [184], while IDPs do not adopt a well-defined

equilibrium structure in solution, instead sampling an ensemble of fully and/or par-

tially disordered structures.

Recent studies include modification the existing FF parameters such that they

capture the structural diversity and flexibility of IDPs, producing less folded and

more expanded IDP conformations. These FF modifications include strengthening

the water-protein London dispersion interactions [139, 140], refining the protein back-

bone parameters to create more expanded structures or reducing the tendency for cer-

tain ordered conformations [185], and/or altering the salt-bridge interactions [185]. In

a recent effort, D. E. Shaw Research used AMBER99SB*-ILDN [180, 181] combined

with TIP4P-D water [140] as a starting point and reparametrized torsion parameters

and the protein–water vdW interaction terms with the aim to develop a FF that pro-

vides an accurate model for both folded proteins and IDPs [108]. The performance

of the resulting FF, called A99SB-disp, was tested for a large benchmark set of 21

experimentally well-characterized proteins and peptides, including folded proteins,

fast-folding proteins, weakly structured peptides, disordered proteins with some

residual secondary structure, and disordered proteins with almost no detectable sec-

ondary structure. In addition, they assessed the accuracy of six other FF/water com-

binations. Two of these combinations belong to the older FFs that were developed

for folded proteins, A99SB*-ILDN/TIP3P (’A’ standing for AMBER) [180, 181] and
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C22*/TIP3P (’C’ standing for CHARMM) [183] and three combinations specifically

designed for IDPs: A03ws containing empirically optimized solute–solvent disper-

sion interactions [139], A99SB-ILDN/TIP4P-D with increased water dispersion inter-

actions [140], and C36m with refined backbone potentials (which by default is used

with CHARMM-modified TIP3P) [185]. The seventh FF in the benchmark is A99SB-

UCB, which is based on A99SB/TIP4P-Ew [178, 179] and includes modified backbone

torsion parameters [124] and optimized protein–solvent Lennard-Jones (LJ) parame-

ters [123] proposed by Head-Gordon and co-workers. For each of the proteins or

peptides in their test set and FFs considered, Robustelli et al. performed 30-µs MD

simulations and compared the MD-generated ensembles against a number of exper-

imental data mainly derived from nuclear magnetic resonance (NMR) spectroscopy,

and, if available, also from small angle X-ray scattering (SAXS) and fluorescence res-

onance energy transfer (FRET) [108]. They concluded that, taking all tested proteins

and peptides into consideration, A99SB-disp is the best-performing FF. One of the

peptides included in their test set is Aβ40. Based on Figure 2 of ref [108], A99SB-

disp is, together with C22*/TIP3P, the second best choice following C36m for model-

ing Aβ40. Interestingly, the performance of A99SB-UCB is not shown in this figure.

Though for Aβ40 it was concluded that ‘A99SB-UCB produced excellent agreement

with experimental NMR measurements [108].

A question that was not addressed by the study of Robustelli et al. is how good

the different FFs are able to reproduce the kinetics of the conformational transitions

of the different proteins and peptides. From a FRET study of Aβ40 and Aβ42 it

was found that both peptides do not exhibit conformational dynamics exceeding

1 µs [186], which also agrees with the findings from fluorescence measurements us-

ing the method of Trp-Cys contact quenching [187]. Given the simulation length of

30 µs of the MD data generated by D. E. Shaw Research, we use their simulation data

provided by them to assess the kinetics of Aβ40 as sampled by the different FFs. One

of our goals is to determine how much MD sampling is needed to reach convergence

with standard MD simulations applied to Aβ. To this end, we evaluate the conver-

gence of intrinsic structural quantities as well as of NMR observables calculated from

the MD data. Moreover, we generate MSMs, which, in addition to providing conver-
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gence checks, also elucidate the kinetically stable states of Aβ and the transitions

between them. This analysis reveals that the length of an MD simulation required

for obtaining equilibrated results for Aβ depends on the FF used for modeling the

peptide, but usually requires at least 20–30 µs or more. Another finding is that only

two of the seven FFs under consideration are able to reproduce both the structural

and kinetic data available from experiments of Aβ40, which are A99SB-UCB, which

performs by far the best, and A99SB-ILDN/TIP4P-D. We thus conclude that it has

now become reality to predict the thermodynamics and kinetics of the amyloid-β

peptide based on tens of microsecond of MD data using A99SB-UCB as FF.

4.3 model and simulation details

4.3.0.1 MD trajectories

The 30 µs MD trajectories were generated by Robustelli et al. [108] and kindly pro-

vided by the authors. All MD simulations were initiated from an Aβ40 structure

similar to that found in PDB entry 1BA6 [188], which was placed in a cubic box

with edge length of 6 nm, and run for 30 µs using following FFs: A03ws, A99SB-

ILDN/TIP4P-D, A99SB-UCB, A99SB-disp, C22*/TIP3P, and C36m. The simulations

were performed at pH 7 (i.e., the His residues were modeled as neutral) with 50 mM

NaCl added and a simulation temperature of 300 K. The subsequent analyses was

applied to each of the seven trajectories.

For convergence checks some additional simulations were performed. For A99SB-

disp and C36m the simulations were extended to 35 µs. To this end, we extracted

the last snapshot of the corresponding 30 µs MD simulation and used it as start-

ing structure for the additional 5 µs MD simulation. As MD software we employed

GROMACS version 2018.3 [157] in combination with either A99SB-disp [108] or

C36m [185]. The external conditions were chosen as in the original simulation: 300 K,

50 mM NaCl, pH 7. The peptide was placed in a cubic simulation box with an edge

length of 6.0 nm – as chosen by Robustelli et al. [108] – and solvated with the corre-

sponding water model and NaCl added, making sure to also neutralize the system.
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Before the production MD run was started, the energy was minimized using the

steepest descent algorithm, followed by equilibration, first in the NVT ensemble with

position restraints on the non-hydrogen atoms of Aβ40, afterwards in the NpT en-

semble without position restraints. The 5 µs production runs followed, which were

realized in the NpT ensemble using a velocity rescaling thermostat with canonical

sampling [189] with a 0.1 ps time constant for coupling and a Parrinello-Rahman

barostat [190] with a relaxation time of 2 ps. All bonds involving hydrogen atoms

were restrained using the LINCS algorithm [191], which enabled a time step of 2 fs

for the integration of the equations of motion. The electrostatic and van der Waals in-

teractions were calculated using the particle mesh Ewald method [192] in conjunction

with periodic boundary conditions and a real-space truncation at 1.2 nm.

4.3.0.2 Structural analyses

The trajectories were analyzed using a combination of standard Gromacs-2016.4 pack-

age tools [193, 194], custom written Tcl scripts in VMD [195], and Python scripts us-

ing the MDAnalysis [196] and MDTraj [197] libraries. As the trajectory files from the

Desmond MD package [198] are in DCD file format, there was a need for conversion

into Gromacs-compatible TRR format. After this, protein conformations were clus-

tered using the clustering algorithm of Daura et al. [156] as implemented in Gromacs

with a RMSD cutoff of 1.0 nm. To assign secondary structure elements to the pro-

tein conformations, the STRIDE algorithm [199] was employed. Inter-residue contact

maps were constructed by calculating the fraction of structures in which the residue

pairs were having at least one pair of atoms within 0.4 nm of each other.

4.3.0.3 Construction of Markov state models

The underlying kinetics of the systems are captured by constructing MSMs from the

MD simulation data using the PyEMMA library in Python [200]. The first step to-

wards building an MSM is to choose a suitable distance metric, called feature, for

defining the conformational space of the molecule. Here, we describe the confor-

mations in terms of the distances between the Cα atoms. This feature was selected

based on VAMP-2 scores, where VAMP stands for Variational Approach for Markov
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Process [201]. This score is part of the VAMP scores family, which represents a set

of score functions that can be used to find optimal feature mappings and optimal

Markovian models of the dynamics from time series data. In order to choose a subset

of relevant features for our model construction, we considered three different features:

Cα distances, minimum distance between residues, and backbone torsion angles. In

order to evaluate which feature is the best and to avoid overfitting, a cross-validation

was performed, comparing the VAMP-2 scores of each of the three features computed

for three subtrajectories of 10 µs length per FF. From this analysis, the Cα distances

emerged as the most suitable feature (Figure 10).
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Figure 10: VAMP-2 scores for four FFs (A03ws, A99SB-UCB, A99SB-disp, C36m), three dif-
ferent features (Cα distances, backbone torsion angles, residue–residue distances),
and three different lag times. The choice of these lag times was based on the lag
times used for building the final MSMs: τ = 25 ns for A03ws, A99SB-UCB, and
C36m and τ = 50 ns for A99SB-disp. The scores are the highest for the Cα dis-
tances in all the cases (the higher, the better), while they are the smallest for the
backbone torsion angles for almost all combinations. We thus chose the Cα dis-
tances as the feature for the MSM analysis.

Next, we reduced the dimension of the space from 703 interatomic distances to

2 collective coordinates by applying time-lagged independent component analysis

(TICA), a dimensionality reduction technique that identifies the slowest modes in the

feature space by maximizing the autocorrelation of the reduced coordinates [202],
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and hence is preferred for MSM construction over the more commonly used PCA,

which does not take into account any kinetic information. A density based clustering

technique, HDBSCAN [203] is then applied to decompose the reduced conformation

space into a set of disjoint discrete states and define the trajectory as a sequence of

transitions between these states. An MSM can next be built from this discrete trajec-

tory by counting the transitions between the states at a specified lag time (chosen

as 100 ns in this chapter), constructing a matrix of the transition counts and nor-

malizing it by the total number of transitions emanating from each state to obtain

the transition probability matrix. In the case of A03ws, the resulting MSM is further

coarse-grained into a hidden Markov model (HMM) using the robust Perron cluster

analysis (PCCA+) [204], which is a fuzzy version of the spectral algorithm for parti-

tioning graphs that assigns each microstate a probability of belonging to a metastable

macrostate [205]. For the other FFs this coarse-graining step was not required as the

MSMs and HMMs turned out to be identical. Finally, whether the final models satisfy

the Markovian assumption is verified with a Chapman-Kolmogorov test [206].

4.3.0.4 Calculation of experimental observables

The NMR chemical shifts of the protein backbone atoms were calculated using the

SPARTA+ [207] software package. Dihedral angles (φ , ψ ) were calculated for each

Aβ residue from the MD trajectories and converted into residue-specific backbone

scalar 3JHNHα coupling constants using the Karplus equation [208] with the coeffi-

cient values A = 7.97 Hz, B = −1.26 Hz, and C = 0.63 Hz from Vögeli et al.[209].

The simulated and experimentally derived coupling constants were compared by cal-

culating χ2 using equation (25), including the error term ∆ = 0.42 Hz [139, 186]:

χ2 =
1

N

N∑
i=1

(
〈Ji〉sim − 〈Ji〉exp

)2
∆2

(25)

Here, Ji represents the J-coupling constant for the i-th residue, N is the total number

of residues for which the experimental data are available, the subscripts ‘sim’ and
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‘exp’ correspond to the simulated and experimental data respectively, and 〈·〉 denotes

the ensemble average.

Time-series of the end-to-end distance Ree were calculated as the distance between

the Cα atoms of the N- and C-termini of Aβ40 using the MDTraj library [197] in

Python. From this, the FRET efficiency is calculated as

EFRET (t) =
1

1+ (R′ee(t)/R0)
6

(26)

where the Förster radius R0 = 5.2 nm for the dye pair of Alexa 488 and 647 was

used [186, 210], and R′ee is calculated by scaling up Ree to account for the effects of

the experimental dyes by treating them as 12 extra amino acid residues and assuming

a Gaussian scaling exponent [186],

R′ee(t) = Ree(t)

(
N+ 12

N

)0.5

(27)

where N = 40 is the number of residues in the peptide under study.

4.3.0.5 Bayesian reweighting of trajectories by using experimental data

The Bayesian/maximum entropy (BME) technique [211] was used to reweight the

trajectories and obtain a refined conformational ensemble consistent with selected

experimental data, thereby compensating for the discrepancies between the experi-

mental and calculated observables which arise from inaccuracies in the FFs. Here, we

considered the J-coupling data to obtain the optimized set of weights for the A99SB-

UCB and C36m trajectories.

4.4 thermodynamics and kinetics of aβ40 peptide

We used the 30 µs MD data of Aβ40 from Robustelli et al. [108] to i) assess the

convergence of these trajectories, ii) determine the agreement of the simulated Aβ40

ensembles with spectroscopic data, and iii) derive the thermodynamics and kinetics

of this peptide. The convergence was tested for various structural properties that are

usually calculated from MD trajectories, including the structural RMSD, clustering
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analysis, radius of gyration (Rgyr), and the secondary structure (section 4.4.1). An-

other kind of convergence check is provided by Markov state models (section 4.4.2),

which is based on kinetically clustering the MD data. Section 4.5.1 contains the calcu-

lation of NMR spectroscopic and FRET observables which allows us to compare the

MD generated structural ensembles with experimental findings and to also assess the

convergence of these spectroscopic quantities. In section 4.5.2 we evaluate the kinet-

ics of Aβ40 and compare the MD results to experimental observations. The structural

ensemble of Aβ40 in agreement with the thermodynamic and kinetic data derived

from experiments is examined in the Discussion following thereafter.

4.4.1 Check of Structural Convergence from MD trajectories

4.4.1.1 RMSD

As commonly done with MD data, we calculated the Cα-RMSD of the 30 µs MD

trajectories with respect to the starting structure of these simulations. From the time

evolution of the RMSD shown in Figure 11 one can see that the Aβ40 conforma-

tions quickly move away from the initial conformation, reaching values of 1 to 2 nm

within a few nanoseconds, and never return to the starting conformation. This is

understandable as the MD simulations were initiated from a helical Aβ40 structure

determined in a water-SDS micelle medium [188], which is not preferred in water.

One can further observe that within the 30 µs of sampling the RMSD does not con-

siderably further increase but strongly fluctuates between ≈1 and 2 nm. Because of

the RMSD fluctuations around an average value, one might easily but incorrectly be

tempted to conclude that the simulations converged within a few nanoseconds. As

our analyses will show in the following sections, this would have been a wrong con-

clusion. In fact, for Aβ40 and by extension other IDPs, RMSD values happen to be

useless for judging whether an MD simulation has reached convergence.
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4.4.1.2 Number of clusters

Next, we calculated the number of conformational Aβ40 clusters using the clustering

method of Daura et al., which involves the calculation of the RMSDs between all

possible MD snapshot pairs – and not only with respect to the MD starting structure

as done above – and the identification of similar structures within a certain RMSD

cutoff [156]. Given the large flexibility of Aβ40 as visible from the RMSD fluctuations

in Figure 11, a cutoff of 1.0 nm was chosen. The results in Figure 11 show that for

almost all FFs more than 10 µs of MD sampling is needed before the curves for

this quantity converge, which implies that from this time onward all conformations

sampled can be assigned to an already identified cluster. But for several of the FFs

even beyond 20 µs new conformations are still sampled. Only with A03ws, A99SB*-

ILDN/TIP3P and C22*/TIP3P no new conformations were found beyond ∼10 µs of

MD sampling. Another difference between these and the other FFs is that the total

number of clusters is considerably smaller. With A99SB*-ILDN/TIP3P, less than 5

conformational clusters were identified, whereas with C36m more than 30 clusters

were sampled. Thus, the different FFs predict different degrees of Aβ40 structural

flexibility and the FFs associated with higher conformational diversity were generally

observed to require simulation times longer than 20 µs for attaining convergence. It

should be noted that due to the use of a relatively large RMSD cutoff, the different

clusters considerably vary from each other structurally. Put differently, this implies

that transitions from one cluster to another involve non-negligible conformational

changes.
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Figure 11: Evolution of the Cα-RMSD with respect to the Aβ40 starting structure of the MD
simulations (red, right y-axis) and the number of conformational clusters (blue,
left y-axis) for the different FFs (labels on the top of the panels).

4.4.1.3 Radius of gyration

The assessment of Rgyr (Figure 12) reveals that this quantity equilibrates quickly and

in most cases did not considerably change after 10 µs. This applies especially to

A99SB-ILDN/TIP4P-D and A99SB-UCB for which more than 20 µs of simulation

time is needed for the number of sampled clusters to converge; the two correspond-

ing Rgyr distributions however do not change after a simulation time of 10 µs. It is

only with A03ws that a considerable change in the Rgyr distribution occurs after 10 µs.

It changes from a broad distribution with a maximum value of ∼1.5 nm to a predom-

inantly narrow distribution with a distinct peak at around ∼1.1. Thus, a considerable

conformational transition must have happened shortly after 10 µs, leading to a con-

formation considerably different and more compact to all previously sampled con-

formations. Figure 11 shows that once this structure was identified, no further new

structures were sampled as the number of clusters did not rise after ∼11 µs in the

case of A03ws. Comparison of the Rgyr distributions obtained for the different FFs

reveals that quite different structural ensembles are produced: only compact struc-

tures with A99SB*-ILDN/TIP3P, compact and also elongated structures with A03ws,

A99SB-disp, C22*/TIP3P and C36m, and mostly elongated structures with A99SB-

ILDN/TIP4P-D and A99SB-UCB.
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Figure 12: Distribution of the radius of gyration Rgyr for increasing trajectory lengths (0–10 µs:
yellow, 0–20 µs: cyan, 0–30 µs: magenta) for the different FFs (labels on the top of
the panels).

4.4.1.4 Secondary structure

Further information on the structural preferences obtained for the different FFs is

available by analyzing the secondary structure. Figure 14 shows the evolution of the

amounts of α-helix and β-sheet found in Aβ40, while in Figure 13 the time averages

for the secondary structure elements can be seen. After 10 µs these time averages are

largely converged apart for A03ws. In the latter case, a gradual increase in helix is

observed till the end of the simulation, whereas for the other FFs a slight increase in

β-sheet is seen for sampling times above 10 µs. The propensity for β-sheet formation

differs with the FFs: A99SB-ILDN/TIP4P-D and A99SB-UCB predict a low amount of

β-sheet close to zero, a medium amount of β-sheet is found for A03ws, A99SB-disp,

C22*/TIP3P and C36m with values of ∼10–15%, while A99SB*-ILDN/TIP3P gener-

ates a conformational ensemble with more than 20% of the Aβ40 residues adopting a

β-sheet structure. The tendency of Aβ40 to adopt helical structures is close to zero for

A99SB-ILDN/TIP4P-D, A99SB-UCB, and C36m, whereas with A03ws almost 20% he-

lical content is observed at the end of the simulations. These differences in secondary

structure preferences correlate well with the different Rgyr distributions. For example,

a high amount of helix and/or β-sheet lead to compact structures as observed for

A03ws and A99SB*-ILDN/TIP3P, whereas low amounts of helix and β-sheet imply

elongated structures as is the case for A99SB-ILDN/TIP4P-D and A99SB-UCB.
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Figure 13: Time-averaged secondary structures coil, turn, β-sheet, and α-helix for increasing
trajectory lengths (0–10 µs: yellow, 0–20 µs: cyan, 0–30 µs: magenta) along with
standard errors (shown as black bars) for the different FFs (FF labels on the top of
the panels).

It is interesting to not only assess time averages for the secondary structure but

also its evolution. Figure 14 reveals that within 10 µs – the time window chosen for

averaging – considerable changes in secondary structure can occur. This applies to

all FFs yet to different extents. The smallest changes occur for A99SB-ILDN/TIP4P-D

and A99SB-UCB, i.e., the two FFs which generally predict a low tendency for Aβ40

to adopt a helical or a β-sheet conformation. Nonetheless, also for these two FFs

rare β-sheet formation is observed, requiring simulation times abobe 10 µs, e.g., at

∼12 and 20 µs in the case of A99SB-UCB. Another extreme is C36m for which huge

changes in the amount of β-sheet are observed after 10 µs. It is also interesting to

correlate the secondary structure changes to the number of clusters, revealing that

even within the same cluster considerable secondary structure changes can occur.

This is best seen for the C36m simulation at ∼5–20 µs. During this period, the number

of clusters is constant, while the amount of β-sheet formed within Aβ40 first varies

widely between 0 and 20%, then increases to more than 40% between 13 and 14 µs,

followed by a decrease until no more β-sheet is present at around 18 µs. Thus, the

sole analysis of time-averaged secondary structures would have been misleading and

should always be augmented by further structural analysis in the case of an IDP as

flexible as Aβ.
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Figure 14: Evolution of the secondary structures β-sheet (red) and α-helix (blue) in terms of
the number of Aβ40 residues adopting these structures for the different FFs (FF
labels on the top of the panels).

4.4.2 Convergence checks of MD Simulations using Markov State Models

4.4.2.1 Sample density in TIC space

Another test to determine whether or not the MD data has converged is possible by

calculating an MSM; this usually requires the performance of a Chapman-Kolmogorov

test for the level of agreement between the MSM predicted dynamics and the actual

protein dynamics. Several steps in the construction of an MSM involve dimension re-

duction and often implies TICA as used in this study. The projection of the MD data

along the first two time-independent components (TICs) can be seen in Figure 22. To

assess the evolution of the Aβ40 conformations in TIC space, we projected the data

from 10 µs time windows. For each of the FFs one can see that different conforma-

tional spaces are sampled for the different time windows. Nonetheless, for all FFs

but A99SB*-ILDN/TIP3P the explored spaces partially overlap. To verify that no no

new structures are sampled for longer simulation times, we extended the simulations

for another 5 µs for A99SB-disp and C36m. The projection in TIC space (Figure 15)

shows that indeed no new conformations are acquired.
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Figure 15: Sample densities for different time windows of the trajectories (0–10 µs: yellow,
10–20 µs: cyan, 20–30 µs: magenta, 30–35 µs: green) projected along the first two
TICA components for A99SB-disp (left) and C36m (right).

Taking C36m as an example for a detailed analysis of the sample density, one finds

that within the first 10 µs Aβ40 largely remained within the same region of the TIC

space. Between 10 and 20 µs it explored new conformations (along TIC 1), which, as

revealed by the analysis of the secondary structure, resulted from first a build-up of a

β-sheet conformation, followed by its destruction. It should be emphasized that TICA

identifies the slowest modes in the feature space and not, unlike PCA, the modes of

largest motions. TICA thus confirms the result from Figure 14 that the formation

and also disassembly of β-sheets is a slow process in Aβ40, requiring several µs of

MD sampling (not only with C36m, but also with.e.g., A99SB-UCB and A99SB-disp).

Figure 22 further shows that after 20 µs of MD with C36m a novel conformational

transition, evolving along TIC 2, is explored. Comparison with Figure 14 reveals that

this process again involves β-sheet formation, followed by its disassembly. In the

additional 5-µs trajectory, Aβ40 remained in the energy well corresponding to this

β-sheet structure (Figure 15).

4.4.2.2 Markov state models

The final MSMs are shown in Figure 23. In the case of A99SB*-ILDN/TIP3P, the

convergence of the MD data was not sufficient to allow for the construction of an
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MSM. Thus, only for the other six FFs Markov state models are shown. The MSMs

for A99SB-ILDN/TIP4P-D and A99SB-UCB are similar to each other as are their pre-

viously discussed observables. These two MSMs are dominated by a single state with

a population of 95% (state 3 in both MSMs) and two further low-populated states.

To characterize the MSM states we calculated the inter-residue contacts for all MD

frames assigned to each of the states and averaged the contacts per state (Figures 16–

21). The contact maps of states 3 for these two FFs (Figures 17 and 18) involve almost

no contacts between residues which are not in neighborhood of each other in the pri-

mary structure, i.e., these conformations are mainly elongated structures with large

Rgyr values and with low amounts of helix and β-sheet.

Figure 16: Normalized contacts for the coarse-grained MSM states obtained from the simula-
tion with A03ws.
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Figure 17: Normalized contacts for the coarse-grained MSM states obtained from the simula-
tion with A99SB-ILDN/TIP4P-D.

The MSM for C36m also involves a dominant state corresponding to a stretched

structure with no noteworthy contacts between distant residues (state 3, 81% popula-

tion). However, with C36m also more compact structures with β-sheets are adopted,

yielding MSM states 1, 2 and 4 (19% population in total). These three states exhibit

a similar antiparallel β-sheet (Figure 21). In states 1 and 4 this involves a β-hairpin

centered at residues G25/S26. The β-sheet in state 4 is on-pathway to that of state

1 (coming from state 3) but is shorter than the fully-formed β-sheet of state 4. The

latter involves up to 8 or 9 residues per strand and thus reaches up to residue 15

towards the N-terminus and residue 35 towards the C-terminus. This corresponds to

the maximum count of 16 to 17 residues that adopt a β-sheet conformation between

13 and 14 µs of the MD simulation (Figure 14). Another characteristic of the β-sheet

in states 1 and 4 is the salt bridge present between D23 an K28, giving rise to the

strongest inter-residue contact in either state. While the β-sheet characteristic of state

2 is similar to that of states 1 and 4, it misses the D23–K28 salt bridge, leading a less

pronounced turn around G25/S26 and weaker contacts in the adjacent residues.
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Figure 18: Normalized contacts for the coarse-grained MSM states obtained from the simula-
tion with A99SB-UCB.

Figure 19: Normalized contacts for the coarse-grained MSM states obtained from the simula-
tion with A99SB-disp.

Similar β-sheet formation is observed with C22*/TIP3P and A99SB-disp, yet the

β-sheets are less pronounced (A99SB-disp, Figure 19) and may also occur in the N-

terminal half of the peptide (C22*/TIP3P, Figure 20). Furthermore, the MSMs for

these two FFs do not feature a state representing an elongated Aβ40 structure. In-

stead, more structure formation is seen which also involves helical elements seen

in the C-terminal half of the peptide in states 2 and 3 of the MSM obtained with

C22*/TIP3P. These two states, however, are only characterized by a low population
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(2 and 4%, respectively), while the most populated state observed with this FF is as-

sociated with a low interpeptide contacts probability (state 4, 76% population) close

to an elongated structure. The four states of the MSM for A03ws all feature a β-sheet

in the first 10 N-terminal residues, but differ from each other in their contacts in the

rest of the peptide (Figure 16). Helices of various lengths and locations along the se-

quence are presents in states 1–3, while the most populated state 4 (64% population)

is without noteworthy inter-residue contacts beyond residue 10, thus representing a

mainly elongated structure.

Figure 20: Normalized contacts for the coarse-grained MSM states obtained from the simula-
tion with C22*/TIP3P.
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Figure 21: Normalized contacts for the coarse-grained MSM states obtained from the simula-
tion with C36m.

Comparison between Figures 22 and 23 (the MSMs from Figure 23 can be superim-

posed onto the sample density in Figure 22 as the same TIC space is used for their

projection) show that several of the metastable MSM states were only sampled in

the last 10 µs. This holds, for instance, true for state 1 of the MSM with A03ws and

also state 2 of the MSM with C36m. The calculation of the mean first passage times

(MFPTs) for the transitions between the metastable states confirms that the slowest

transitions require more than 20 µs for them to occur. In some cases the MFPTs are

even predicted to be larger than 30 µs. Such slow transitions are found in all of the

MSMs shown in Figure 23. As this chapter aims to provide an answer to the ques-

tion how much MD sampling is needed before the equilibrium distribution of Aβ is

reached, based on the MFPTs the answer would be that at least 30 µs are required.
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Figure 22: Sample densities for different time windows of the trajectories (0–10 µs: yellow,
10–20 µs: cyan, 20–30 µs: magenta) projected along the first two TICA coordinates
(TICs) for the different FFs (labels on the top of the panels). It should be noted that
the TICs are different between the FFs.
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Figure 23: Markov state models for the different FFs (labels above the networks). The size of
the network nodes reflects the population of the underlying state (given in % next
to the nodes), whereas the thickness of the arrows corresponds to the transition
probability. The mean first passage times (in µs) are written next to the arrows.
The orientation of the MSMs corresponds to the projection of the MD data along
the first two TICs in Figure 22.

4.5 integrating data from md simulations and spectroscopic exper-

iments

4.5.1 Construction of Aβ40 ensembles

In order to validate the simulation results, we compare the structural ensembles ob-

tained for Aβ40 with the corresponding information deduced from spectroscopic

data, which is NMR chemical shifts and J-couplings [212] as well as FRET efficien-

cies [186]. The FRET experiments were performed at almost identical external condi-
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tions as the simulations, which are 297 K as temperature and 50 mM ionic strength in

the FRET experiments as opposed to 300 K and also 50 mM ionic strength in the sim-

ulations. The NMR experiments, on the other hand, were conducted at 277 K and an

ionic strength of 20 mM. Such changes in external conditions are expected to slightly

affect the conformational ensemble of Aβ40. A perfect agreement between the results

derived from NMR spectroscopy and simulations can thus not be expected.

4.5.1.1 Chemical shifts

We calculated the NMR chemical shifts of the carbonyl Cα and C ′ atoms for all

MD generated conformations and provide the averages over the 30-µs MD simula-

tions in Figure 24. The agreement between the measured and calculated Cα chemical

shifts is generally good for all FFs as judged by the RMSD between these data sets

(Table 2). The smallest RMSD is found for A99SB-ILDN/TIP4P-D with a value of

0.59 ppm, while the largest values of 0.74 and 0.76 ppm result from A03ws and

A99SB*-ILDN/TIP3P, respectively. A similar picture emerges if one compares the C ′-

chemical shifts. By far the largest deviation is observed for A03ws with a value of 1.03

ppm, whereas A99SB-UCB and A99SB-disp lead to the smallest RMSDs of 0.93 ppm.

A first conclusion is that A03ws and A99SB*-ILDN/TIP3P are the least agreeable

with the employed NMR chemical shifts data.
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Figure 24: Experimental (black) and calculated (colored) NMR chemical shifts for the C ′

atoms (left) and Cα atoms (right) for the different FFs (indicated on the left of
each row).

The comparison of the chemical shifts for each residue (Figure 25) shows that the

larger deviations in comparison to the other FFs result from chemical shifts on the

N-terminal side. For A03ws, the calculated Cα- and C ′-chemical shifts are higher

than the experimental values, indicating an overestimation for α-helix formation in

this simulation [213]. With A99SB*-ILDN/TIP3P, on the other hand, the chemical

shifts are smaller than the experimental counterparts, suggesting a bias toward β-
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sheets [213]. It should be mentioned, that these interpretations can only indicate ten-

dencies, because for SPARTA+ the intrinsic RMS deviations between the predicted

and experimental chemical shifts are 1.07 ppm for C’ and 0.92 ppm for Cα [207].

They are thus in the range or even slightly larger than the RMSDs between the exper-

imental and simulated chemical shifts for Aβ40. Nonetheless, the conclusions drawn

for A03ws and A99SB*-ILDN/TIP3P are in accordance with those resulting from the

analysis of the secondary structure (Figure 13).
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Figure 25: Difference between (A and C) the calculated and experimental and (B and D)
the calculated and random coil NMR chemical shifts (i.e., the secondary chemical
shifts) for the C ′ and Cα atoms (top and bottom, respectively) of Aβ40 residues for
the different FFs (see color key). The residues with the large deviations between
simulation and experiment and which are discussed in detail in the text are labeled
in panels A and C.

Bax and co-workers concluded from their NMR studies that both Aβ40 and Aβ42

predominantly sample random coil (RC) structures [212]. To better estimate how

much the simulated ensembles deviate from random coil, we calculated the RMSDs

between the simulated and RC chemical shifts using a data set derived for chemical

shifts of IDPs [214, 215], which was also employed in ref [212] (Table 2). The RMSD

rankings with respect to the experimental chemical shifts and with respect to the

RC values are almost identical. In both cases the largest deviations are found for

A03ws and A99SB*-ILDN/TIP3P. Closest to RC structures are the structural ensem-

bles generated with A99SB-ILDN/TIP4P-D, A99SB-UCB and A99SB-disp, followed
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by C22*/TIP3P. These findings agree with our conclusions drawn from the MSMs

in conjunction with an inter-residue contact analysis for the resulting states. Interest-

ingly, C36m, which was purposefully developed for IDPs [185], leads to less RC in the

structures of Aβ40, which was also observed in the contact maps of the MSM states

as three of the four MSM states feature rather high β-sheet formation (Figure 21).

The analysis of the deviations of the simulated chemical shifts from the experimental

and RC ones (yielding the secondary chemical shifts) on a per-residue basis reveals a

very similar pattern (Figure 25). In both cases and for all FFs the largest deviations are

found for V24, K28, I32 and V36. For these residues, the measured and RC chemical

shifts are considerably larger than the calculated ones. Comparison of the measured

and RC C ′-chemical shifts revealed deviations opposite in sign (but smaller in abso-

lute terms) for these four residues (see Figure 1 in ref [212]). The experimental values

suggest that these residues have a tendency to adopt a helical conformation. Under

consideration of all of the up to 12 measured NMR parameters this tendency was con-

firmed for V24 and K28 by the MERA program (Maximum Entropy Ramachandran

map Analysis from NMR data) [216, 217] that was developed by the Bax lab and ap-

plied to the Aβ40/42 NMR data [212]. For I32 the measured secondary chemical shift

is small, while for V36 a preference for RC is found if all other NMR data measured

for that residue are considered. For the region A30–I32 all the predicted C ′-chemical

shifts are smaller than the experimental values for all FFs. The smallest deviation is

found with A99SB-UCB, which also explains the overall smaller RMSD from experi-

ment found for this FF. Comparison with the RC values shows that with A99SB-UCB

this region is in a RC state, which is in line with the experimental findings, while the

other FFs sample to some degree a β-conformation here.

Another region that needs attention is V17–A21 forming the central hydrophobic

core (CHC), which by many studies is proposed to adopt a β-conformation and play

a central role during amyloid aggregation of Aβ [49]. There is almost no deviation

between simulation and experiment for V18 and F19, while for the other residues and

also the neighboring K16 and E22 the simulations (apart from the one with A03ws)

lead to smaller C ′-chemical shifts than in experiment. The predicted values are also

smaller than the RC chemical shifts, indicating that this region tends to adopt a β-
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conformation in the simulations, which was also seen in several of the MSM states

for most of the FFs. The NMR data, on the other hand, indicate β-strand formation

only for V18–F20, which follows from the measured secondary chemical shifts and

also from the MERA anaylsis that considers the other NMR data [212]. However, Bax

and co-workers excluded β-sheet formation for that region as from their NMR data

no matching set of residues with which to pair these residues in a β-sheet could be

identified. In the simulations these residues usually pair with I30–L34 (Figures 16–21),

which, as already discussed above, also tend to be in a β-conformation.
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FFs

Quantity A03ws

A99SB-

ILDN/TIP4P-

D

A99SB-

UCB

A99SB-

disp

A99SB*-

ILDN/TIP3P
C22*/TIP3P C36m

RMSDexp

Cα-shift

(ppm)

0.738 0.589 0.641 0.631 0.759 0.688 0.634

RMSDRC

Cα-shift

(ppm)#

0.678 0.555 0.593 0.580 0.706 0.627 0.572

RMSDexp

C ′-shift

(ppm)

1.025 0.964 0.927 0.929 0.984 0.961 0.978

RMSDRC

C ′-shift

(ppm)#

1.211 1.077 1.041 1.117 1.209 1.188 1.177

χ2J-

coupling
7.03 3.28 1.94 4.50 6.33 2.50 3.05

〈Ree〉± S.D.

(nm)†
2.64±

1.60
3.97± 1.53

4.22±

1.68

3.17±

1.25
2.22± 0.82

2.67±

1.14

3.09±

1.54

〈EFRET 〉± S.D.
0.83±

0.26
0.65± 0.31

0.59±

0.33

0.81±

0.23
0.96± 0.06

0.88±

0.17

0.80±

0.27

〈Rgyr〉± S.D.

(nm)

1.31±

0.30
1.65± 0.30

1.76±

0.40

1.38±

0.30
1.11± 0.08

1.24±

0.20

1.45±

0.30

〈Rhyd〉± S.D.

(nm)

1.62±

0.16
1.77± 0.13

1.80±

0.13

1.66±

0.11
1.53± 0.05

1.60±

0.11

1.69±

0.13

# For the calculation of the RMSD with respect to the RC chemical shifts, the RC values and correction

factors determined in refs [214, 215] for IDPs at 300 K and pH 7 were used. † S.D. = standard deviation.

Table 2: Simulated properties of Aβ40 sampled with different FFs

4.5.1.2 J-couplings

Bax and co-workers did not only record chemical shifts for Aβ40 and Aβ42, but

also three-bond J-couplings, including 3JHNHα couplings [212] that are related to the

backbone torsion angles φ by the empirically parametrized Karplus equation. We use
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these experimental values to further validate the Aβ40 ensembles generated by MD

simulations with different FFs. The comparison between simulation and experiment

for the C ′ and Cα chemical shifts led to the conclusion that A99SB-ILDN/TIP4P-D,

A99SB-UCB and A99SB-disp produce Aβ40 structural ensembles best in agreement

with the NMR chemical shift data, while A03ws and A99SB*-ILDN/TIP3P fail to

do so. A closer inspection of the C ′ chemical shifts revealed that A99SB-UCB is in

particular able to reproduce Aβ40’s tendency to adopt a RC state. Comparison for

the 3JHNHα couplings confirms that this FF is superior to the other FFs in modeling

Aβ40 as a χ2 value of only 1.94 is obtained (Table 1). The χ2 values for A03ws and

A99SB*-ILDN/TIP3P of 7.03 and 6.33, respectively, also confirm the previous conclu-

sion, which is that these two FFs do not yield good structural ensembles for Aβ40.

For the remaining four FFs the assessment is somewhat more complicated. The us-

age of A99SB-ILDN/TIP4P-D can be recommended as χ2 for the 3JHNHα couplings is

also still considerably small with a value of 3.28; though A99SB-UCB performs clearly

better. Interestingly, A99SB-disp, which was developed for IDPs (but also folded pro-

teins) and claimed to be one of the best FFs for Aβ40 [108], does not yield 3JHNHα

couplings in agreement with experiment. The χ2 value is 4.50 and comparison of the

J-couplings on a per residue basis (Figure 28) shows that for most residues these val-

ues are smaller than the experimental J-couplings, only reaching values of ∼6 Hz or

less. An exemption to this is the region K16–E22 where the CHC residues V18–F20 in

particular demonstrate a tendency to adopt β-conformation, which is also correctly

reflected by the J-couplings. Here, a very good agreement with the experimental val-

ues is obtained for A99SB-disp. For the other residues, on the other hand, the average

φ values must be too small. To validate this conclusion we analyzed the Ramachan-

dran angles of I31 and I32 as sampled in the MD simulations in detail (Figures 26

and 27). From experiment, 3JHNHα couplings above 7 Hz were obtained, indicating a

considerable population of extended structures, which is supported by MERA [212].

Figure 26 shows that with A99SB-disp only few structures with φ< −90◦ were sam-

pled for I31 and I32. Instead, polyproline II (PPII) conformations were preferentially

adopted, which explain the low J-couplings. With A99SB-ILDN/TIP4P-D and A99SB-

UCB, on the other hand, which both led to a good agreement for the J-couplings of
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I31 and I32, a considerable amount of conformations with φ< −120◦ were sampled,

which includes extended conformations from the β-basin as well from the type I β-

turn region. Interestingly, with these two FFs the largest variability of conformations

was adopted. Basically all allowed regions of the Ramachandran space, including

the αL region were sampled, which agrees with the notion that random coil is not a

particular structure but a fast fluctuation between all possible φ/ ψ combinations.
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Figure 26: Ramachandran plots of I31 and I32 obtained from the simulation with A03ws,
A99SB-ILDN/TIP4P-D, A99SB-UCB, and A99SB-disp (FF labels on the left of the
panels).
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Figure 27: Ramachandran plots of I31 and I32 obtained from the simulation with A99SB*-
ILDN/TIP3P, C22*/TIP3P, and C36m (FF labels on the left of the panels).

For the two Charmm FFs under consideration, the situation is contrary to that of

A99SB-disp. For C22*/TIP3P and C36m the agreement with NMR chemical shifts is

largely insufficient, while the χ2 values for the 3JHNHα couplings are satisfactory (2.50

and 3.05, respectively). Interestingly, the FF not improved for IDPs, i.e., C22*/TIP3P

performs somewhat better for both chemical shifts and J-couplings compared to

C36m. However, the disagreement between both FFs is limited to a few residues,

such as D7, M35 and V36 where C36m performs worse for the J-couplings, while

for most of the remaining residues similar NMR observables are predicted. For M35
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and V36, C36m sampled a high amount of PPII and αR structures, for M35 also αL

based on the corresponding Ramachandran plots, leading to J-couplings below those

found from experiment, which however, as Figure 28 shows, increased for sampling

times above 10 µs. In general, we observed that it was only beyond 10 µs simula-

tion times that MD convergence for the J-couplings was obtained. This conclusion

excludes A99SB-ILDN/TIP4P-D and A99SB-UCB, for which converged J-couplings

were already obtained within 10 µs.

Figure 28: Experimental (black) and simulated (0–10 µs: yellow, 0–20 µs: cyan, 0–30 µs: ma-
genta) 3JHNHα couplings for each Aβ40 residue for the different FFs (labels on the
top of the panels).

4.5.1.3 End-to-end distance and hydrodynamic radius

Another experimental observable that is available for Aβ40 was derived from 2D

FRET data that have been reported by Meng et al. [186]. They determined the end-

to-end distance, Ree, of Aβ40 from the analysis of the FRET efficiency between the

donor Alexa 488 and the acceptor Alexa 647, which were attached at the termini.

To this end, an unnatural amino acid, 4-acetylphenylalanine and a cysteine residue

were first introduced at the N- and C-terminus of Aβ40, respectively. An average

FRET efficiency of ∼0.6 was obtained. According to equation (26) this corresponds to

a distance of 4.85 nm between donor and acceptor, called R′ee here. To account for

the size of the fluorophores, equation (27) is applied, yielding an average end-to-end

distance of ∼4.3 nm for Aβ40. The values for Ree and the FRET efficiencies in Table 2

show that A99SB-UCB performs very well and A99SB-ILDN/TIP4P-D does well in
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reproducing these observables. While A99SB-disp and C36m are next in performance,

they however clearly underestimate Ree, leading to overestimated FRET efficiencies

of 0.81 and 0.80, respectively.

Figure 29: Evolution the end-to-end distance Ree for the different FFs (FF labels on the top of
the panels).

Even more compact Aβ40 structures are produced by C22*/TIP3P and a99SB*-

ILDN/TIP3, with the latter FF leading to average FRET efficiencies of nearly 1 (EFRET =

0.96). For A03ws the situation is somewhat more complicated. The distributions of

Ree averaged over different times (Figure 32) shows that for most FFs this quantity

converged within 10 µs. Exceptions are A03ws and A99SB*-ILDN/TIP3P. With the

former FF, the end-to-end distance became smaller with time, with a pronounced

peak that developed at Ree ∼1.2 nm. With A99SB*-ILDN/TIP3P, on the other hand,

the peak at Ree ∼0.9 nm became less important with time, while more extended struc-

tures were adopted. The evolution of Ree over the whole trajectory (Figure 32) reveals

that with A03ws large fluctuations with respect to the end-to-end distance occurred,

involving the formation of a compact conformation with especially low Ree values in

which Aβ40 was trapped between 16 and 25 µs. Representative conformations from

this trapped state are shown in Figure 30. They are characterized by the presence of

helices along the sequence from residue Y10 onward, corresponding to MSM states 1,

2 or 3. This finding is surprising as the increase in vdW interactions between protein

and water as done in the development of A03ws was thought to avoid such overly

compact protein states [139], yet the current 30 µs MD simulation shows that the he-
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lical propensity present in the FF predecessor A03 [218] overrules this modification

if simulated long enough. With the other FFs such trapping is not seen; instead, fast

fluctuations in Ree are sampled, with C36m showing the largest and C22*/TIP3P and

A99SB*-ILDN/TIP3P the smallest fluctuations.

Figure 30: Compact Aβ40 structures sampled with A03ws between 16 and 25 µs. These con-
formations exhibit a high propenisty for helix formation in different parts along
the sequence: (A) between residues K16 and K28 (as present in MSM state 1), (B)
between residues G29 and M35 (as present in MSM states 3), (C) between residues
K16 to K28 and G29 to M35 (as present in MSM state 2). Aβ40 is shown as band
and colored according to amino acid residue type (basic: blue, acidic: red, histi-
dine: cyan, polar: green, hydrophobic: white). Following residues are indicated by
spheres: N-terminus (blue), K16 (cyan), D23 (orange), K28 (mauve), C-terminus
(red).
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While the agreement between average FRET efficiencies determined experimen-

tally and those derived from the simulations with A99SB-ILDN/TIP4P-D and A99SB-

UCB is very good, the same cannot be said for the distribution of the FRET effi-

ciencies. In experiments this distribution assumes a Gaussian shape around the av-

erage value [186], while we find highly skewed distributions with the maximum for

FRET efficiencies being close to one (Figure 31). The same observation was made in

other simulation studies where, as observed here with A99SB-ILDN/TIP4P-D and

A99SB-UCB, the agreement with the average EFRET value was associated with a con-

siderable amount of structures with Ree values above 6 nm [186, 210, 219]. Further

simulations are needed to identify the source of this disagreement. There, effects of

the FRET labels including the extra amino acids added at the termini of Aβ should

be explicitly considered as well as the orientation of donor and acceptor with respect

to each other be accounted for when determining EFRET . Another possible source

for the discrepancies between simulations and experiment could lie in the size of the

cubic simulation boxes with an edge length of 6 nm used in the simulations analyzed

here and in those generated by Head-Gordon et al. [210], while Best and co-workers

set up an even smaller box with only 5.5 nm edge length [186]. Comparison with Ree

shows that Aβ40 can reach beyond these box dimensions if fully extended, which may

limit further expansion of the peptide. Thus, in future simulations of Aβ larger boxes

should be employed. However, the current results are not expected to be much influ-

enced by the box sizes as in recent coarse-grained simulations of Aβ with implicit

solvent, which do not involve simulation boxes, very similar EFRET distributions as

in the explicit-solvent all-atom simulations were obtained [219].
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Figure 31: Distribution of the FRET efficiency EFRET for increasing trajectory lengths (0–
10 µs: yellow, 0–20 µs: cyan, 0–30 µs: magenta) for the different FFs (FF labels on
the top of the panels).

Another quantity closely related to Ree is the hydrodynamic radius, Rhyd, which

was determined as 1.6 nm for Aβ40 at 298 K using size exclusion chromatogra-

phy (SEC) and NMR diffusion experiments [220]. In general, the hydrodynamic ra-

dius is closely related to the radius of gyration. For IDPs, a relationship between

these two quantities was derived that explicitly takes the chain-length dependency

into account [221]. Using equation (7) of ref [221], we calculated the average Rhyd

value for each FF using the Rgyr values determined for the corresponding MD snap-

shots. The results in Table 2 show that the experimental Rhyd value of 1.6 nm is

best reproduced by A03ws and C22*/TIP3P, followed by A99SB-disp and C36m.

With A99SB*-ILDN/TIP3P the hydrodynamic radius is underestimated, while A99SB-

ILDN/TIP4P-D and A99SB-UCB lead to Rhyd values clearly above the experimental

prediction. These observations are mostly in contrast to the conclusions drawn from

the calculation of EFRET since for Ree the best agreement was identified for A99SB-

ILDN/TIP4P-D and A99SB-UCB. Only for A99SB*-ILDN/TIP3P both Ree and Rhyd

agree with each other, both being too small compared to experiment as a result of

too compact Aβ40 structures being sampled with this FF. Since for all other quan-

tities A99SB-ILDN/TIP4P-D and A99SB-UCB produced the best agreement with ex-

periment, we decided to disregard the assessment based on Rhyd, especially since it

contradicts the Ree results.
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Figure 32: Distribution of the end-to-end distance Ree for increasing trajectory lengths (0–
10 µs: yellow, 0–20 µs: cyan, 0–30 µs: magenta) for the different FFs (labels on the
top of the panels).

4.5.2 Prediction of Aβ40 kinetics

The kinetic analysis of the MD data using MSMs allows to further assess the accuracy

of the simulation data based on time scales that were reported for Aβ motions. From

the FRET study mentioned above [186] it was concluded that Aβ40 and Aβ42 exhibit

no conformational dynamics exceeding 1 µs and that the end-to-end distance relax-

ation time is ∼35 ns, which was determined by nanosecond fluorescence correlation

spectroscopy. The upper limit of 1 µs for internal motions agrees with the findings

from fluorescence measurements using the method of Trp-Cys contact quenching,

which revealed a time scale of ∼1 µs for intramolecular reorientation or diffusion for

Aβ40 [187]. With NMR spin relaxation measurements the faster motions of Aβ40

were studied, from which a timescale of ∼5 ns was determined for segmental mo-

tions, which can reach up to ∼10 ns for selected residues [222]. The focus of MSMs

is the identification of slow, memoryless motions. Thus, for the current comparison

of the Aβ40 kinetics as determined by experiment and MD simulations, the upper

limit of 1 µs for the slowest motion is of interest to us. All FFs with conformational

transitions exceeding this time scale can be rendered as inadequate for modeling the

kinetics of Aβ. Here it should be emphasized that the MFPTs discussed above refer

to well-defined transitions between specified states, which are not the same as the re-

laxation times probed by the different spectroscopic techniques. For this, the implied
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time scales (ITSs) underlying the constructed MSMs are better suited. The implied

time scales reflect how quickly any initial state vector converges towards the equilib-

rium state vector in an MSM and are thus comparable to relaxation times monitored

experimentally. The MFPTs, on the other hand, indicate the time it takes to transi-

tion from one equilibrium state vector to another one. This can become considerably

larger than the ITSs, especially for transitions into equilibrium states with very small

probabilities, which can be seen from the MFPTs in Figure 23. Thus, we concentrate

on the ITSs here.

Figure 33: ITSs of the slowest processes (colored lines) obtained for different MSMs at dif-
ferent lag times (dots on colored lines) calculated from the MD trajectories using
different FFs (labels on the top of the panels).

The plots of the ITSs against the lag times of the MSMs (Figure 33) show that

in the case of A03ws, A99SB-disp, C22*/TIP3P and C36m they clearly exceed 1 µs.

Some of these FFs even reach time scales for the slowest motion of more than 10 µs

(A03ws and A99SB-disp). It should be noted that for A99SB*-ILDN/TIP3P no results

for the implied time scales can be shown as with this FF the slowest dynamics of

Aβ40 reached the length of the MD trajectory, i.e., 30 µs. Thus, A99SB-ILDN/TIP4P-

D and A99SB-UCB are the only two FFs which agree with the experimental finding

that the slowest intramolecular Aβ40 dynamics takes places within 1 µs. The exact

ITS is 500 ns for A99SB-ILDN/TIP4P-D and 700 ns for A99SB-UCB.
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4.6 discussion

4.6.1 Which FFs are suitable for modeling Aβ?

Based on the detailed comparison with NMR and FRET data we can conclude that

A99SB-UCB produced an Aβ40 conformational ensemble that is best in agreement

with experiment. The second best FF is A99SB-ILDN/TIP4P-D. Like A99SB-UCB it

produces extended Aβ40 conformations in agreement with FRET. Also the NMR

chemical shift data are of similar quality, yet the 3JHNHα couplings are less in agree-

ment. The performance of the two CHARMM FFs, C22*/TIP3P and C36m, is similar

to each other. While the older of these two FFs performs better in reproducing the

NMR data, the IDP corrected FF yields, on average, less compact Aβ40 conforma-

tions. However, also with C36m overly compact structures with too much β-sheet

content are still sampled. The overall still acceptable agreement with experimental

findings is realized by the extended structures that are temporarily adopted with this

FF. It would be interesting to test C36m with a water model with more favorable LJ

interactions between protein and water. This approach improved the performance of

C36m for some of the IDPs that were studied by the developers of C36m [185]. It

should be noted that in the previous FF benchmark study for Aβ42 we had identified

C22*/TIP4P-Ew as the best FF for Aβ42 [122]. However, this benchmark did not in-

clude any of the FFs recently developed for IDPs since it was performed prior to their

development. Nonetheless, even though C36m was explicitly developed for IDPs (by

refining backbone parameters) [185], it does not lead to a better performance than the

standard C22*/TIP3P FF.

Another FF that was developed for IDPs (but also for folded proteins) is A99SB-

disp [108]. Its developers claimed that it is one of the best FFs for Aβ40. However, our

analysis revealed that it fails to produce Aβ40 structures in agreement with 3JHNHα

coupling data determined by NMR spectroscopy. The underlying reasons for this is

that A99SB-disp shows a preference for PPII conformations, which consequentially

leads to an underestimation of the 3JHNHα couplings for many of the Aβ40 residues.

Therefore, the use of this FF for modeling Aβ40 is not recommended. Least suitable
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for modeling Aβ are A03ws and A99SB*-ILDN/TIP3P, which should not be applied

to Aβ. After 16 µs of MD with A03ws, Aβ40 became trapped in a highly compact,

helical state (Figure 30), which is unsupported by any available experimental data.

With A99SB*-ILDN/TIP3P as well, overly compact conformations are found, which

in this case result from excessive β-sheet structures.

One question however remains: can one understand the basis for the superior per-

formance observed with A99SB-ILDN/TIP4P-D and A99SB-UCB compared to the

other FFs? It is proper to recognize that the influence of modifications of the FFs

not covered in the current work can only be estimated. For instance, we cannot say

for sure whether adjusting the ψ dihedral parameters in a99SB* (that is, compared

to a99SB) played a role in the performance of A99SB*-ILDN/TIP3P since we neither

have a 30 µs simulation with a99SB-ILDN/TIP3P nor with a99SB*-ILDN/TIP4P-D

as references. However, based on the results from our previous benchmark [122],

where A99SB/TIP4P-Ew and A99SB*-ILDN/TIP4P-Ew produced almost identical re-

sults for Aβ42 (i.e., the adjustment of dihedral parameters made no difference), the

conclusion is that the main reason for A99SB*-ILDN/TIP3P being an inadequate FF

choice for Aβ is the water model. And the same holds true for the good performance

of A99SB-ILDN/TIP4P-D and A99SB-UCB. The latter FF is based on a99SB/TIP4P-

Ew with a modified C-N-Cα-Cβ dihedral angle (φ′) potential, which led to improved

conformational ensembles for a number of model peptides [124], and optimized LJ

interactions between protein and water, that yielded better agreement with exper-

imental solvation free energies for 47 small molecules that incorporated all of the

chemical functionalities of standard protein side chains and backbone groups [123].

The conclusion that the revised protein–water interactions are a key ingredient is

further supported by the fact that a99SB/TIP4P-Ew produced too compact and too

much structured Aβ42 conformations in our previous benchmark [122].

The same arguments apply to A99SB-ILDN/TIP4P-D. The water model TIP4P-D

is based on TIP4P/2005, but compared to that features a significantly higher disper-

sion coefficient C6, which, like in A99SB-UCB, also leads to increased protein–water

vdW interactions, producing IDP ensembles better in agreement with experimental

data than the original water model [140]. However, the detailed comparison between
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A99SB-ILDN/TIP4P-D and A99SB-UCB shows that the better approach is the adjust-

ment of the LJ parameters on atom type basis with the aim to reproduce experimental

solvation free energies of a diverse set of molecules [123] instead of uniformly scaling

the vdW interactions between protein and water [140]. This conclusion is further sup-

ported by the not convincing performance of A99SB-disp, for which also the protein–

water vdW interactions were increased in an amino-acid unspecific fashion [108]. In

addition, the φ and ψ parameters of all amino acids except glycine and proline were

modified during the development of A99SB-disp, which together with the increased

protein–water interactions led to the overestimation of the PPII propensity.

In summary, the recommendation is to use A99SB-UCB when simulating Aβ, a FF

that was carefully optimized on atom-type basis by Head-Gordon and co-workers [123,

124]. If one wishes to further improve its performance for Aβ, special attention should

be devoted to the sequence 9GYEVHH14 as here the deviation from the experimental

J-couplings is the largest. Though, it should be mentioned that the comparison be-

tween the MD ensembles discussed here and the NMR results has certain limitations,

as the former were generated at 300 K while the latter were obtained at 277 K. How-

ever, it would probably not help to repeat the MD simulations at 277 K as a recent MD

simulation study of histatin 5 revealed that for this IDP the current FFs fail to capture

the temperature dependence of IDP structures, i.e., the increase in folding upon tem-

perature increase cannot be modeled [223]. The conformational ensemble of histatin 5

produced at room temperature looks almost identical to that obtained at 283 K. There-

fore, with respect to our study one can speculate that the FFs that produce extended

structures of Aβ40 at 300 K will probably also yield extended structures at 277 K,

while A03ws and A99SB*-ILDN/TIP3P are likely to still produce collapsed and par-

tially folded structures. Nonetheless, this conjecture needs to be proven in future by

investigating the temperature dependence of the structural ensemble of Aβ – and

those of further IDPs – in MD simulations. Moreover, the origin of the FF deficiency

of not being able to reproduce this temperature dependence needs to be elucidated

and corrected. A possible explanation may be that some of the FFs were reparameter-

ized based on NMR observables obtained at temperatures below room temperature,

thus yielding structural ensembles corresponding to low temperatures even though
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the MD simulations were performed at room temperature. Despite the limitation that

the NMR study and MD simulations of Aβ40 were performed at considerably differ-

ent temperatures, it should be emphasized that A99SB-ILDN/TIP4P-D and A99SB-

UCB produce Aβ40 ensembles not only in agreement with NMR results, but are also

in accord with those of two different fluorescence studies which were performed at

297 K and 310 K, respectively. This adds confidence to our conclusion that these two

FFs are superior to the others for modeling Aβ.

4.6.2 What does Aβ40 really look like?

An obvious question of course is what structures Aβ40 assumes in the MD simula-

tions. As most of the FFs under consideration produced structural ensembles that are

not in agreement with experiment, we limit the discussion of structures to A99SB-

UCB as the best FF and C36m as one of the better FFs serving as comparison to

A99SB-UCB. Given the multitude of structures hidden in an MD trajectory, it is im-

possible to select one structure and claim it to be the most representative one. More-

over, the aim should be to select structures that are best in agreement with experi-

mental findings. To reach this goal we reweighted the conformations sampled by the

MD simulations with A99SB-UCB and C36m using the BME technique to reduce the

discrepancies between the calculated and experimental 3JHNHα couplings [211]. The

regularization parameter θ in the BME approach, which balances the trust in data

versus the amount of simulation data to be kept [224], was chosen as 10 (Figure 34).

We observed a reduction in χ2 from 1.94 to 0.13 for A99SB-UCB and from 3.05 to 0.16

for C36m while retaining a significant fraction of the MD frames (Figure 35). The 50

structures with highest and the 50 ones with lowest weights, i.e., the structures best

and worst in agreement with experiment were investigated in more detail. To this

end, we calculated Rgyr, Ree, the distance between the Cα atoms of residues K16 and

D23 as well as D23 and K28.
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Figure 34: χ2 versus the effective fraction of frames (Neff ) after reweighting the trajectory
frames of the simulation with (A) A99SB-UCB and (B) C36m using the maximum
entropy principle with different values of the parameter θ. In the BME procedure,
one has to choose the parameter θ in such a way that the discrepancy between the
experimental and simulation data is reduced (i.e., achieving a low χ2 value) while
minimally perturbing the initial set of weights of the trajectory, which corresponds
to retaining a large effective fraction of the MD frames (Neff ). This is done by
inspecting the χ2 values vs. Neff , which shows that when θ→ 0, we have χ2 → 0
but at the same time Neff becomes very small (Neff → 0). On the other hand,
for large θ, we see that χ2 approaches the initial value (before reweighting) as the
weights are least perturbed and as such Neff is also close to 1. A trade-off between
these two limits can be found by choosing different θ values, starting from a large
one and reducing it until further decrease in θ does not result in a significant
decrease in the χ2 value. Following this, we chose θ = 10 for both FFs.



4.6 discussion 86

Figure 35: Reweighting of the trajectory frames using the maximum entropy principle to op-
timize the J-couplings obtained with the MD trajectory with A99SB-UCB (left) and
C36m (right). (Top) The black dots indicate the experimental J-couplings for the in-
dividual Aβ40 residues (sorted in increasing J-coupling order), blue and red dots
indicate the calculated J-couplings before and after, respectively, reweighting. (Bot-
tom) Distribution of the radius of gyration before (blue) and after (red) reweighting
the MD frames. The vertical lines indicate the corresponding Rgyr average.

For A99SB-UCB, the averages of these values for the high- and low-weight struc-

tures are very similar; they are within 0.2 nm of each other, and the Rgyr and Ree

values are also close to the average values of the whole trajectory. This can also

be seen from the distribution of the Rgyr values, which did not change much after

reweighting the MD frames (Figure 35C). This indicates that large-scale motions are

not responsible for the discrepancies from the NMR data of the low-weight structures,

which is confirmed by Figure 36 showing the two structures with highest and the two

with lowest weights for A99SB-UCB. At first glance, the high- and low-weight struc-

tures may look highly similar since they are both generally extended and disordered.

However, a closer inspection reveals certain important differences. For instance, the
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two low-weight structures feature a F19/F20 turn not present in the two high-weight

counterparts. In addition, the N-terminal regions of both groups are different: this,

we believe is significant especially since the worst performance for A99SB-UCB was

obtained for 9GYEVHH14. In the two high-weight structures the N-terminal sequence

up to residue K16 is rather extended, while it is more collapsed in the two low-weight

structures. In one of them (Figure 36D) even a helix formed between Y10 and K16,

while the overall appearance of this conformation is overly compact.

Figure 36: High-weight (A and B) and low-weight structures (C and D) determined by
reweighting the A99SB-UCB trajectory using the Bayesian/maximum entropy tech-
nique [211]. Aβ40 is shown as band and colored according to amino acid residue
type (basic: blue, acidic: red, histidine: cyan, polar: green, hydrophobic: white).
Following residues are indicated by spheres: N-terminus (blue), K16 (cyan), D23

(orange), K28 (mauve), C-terminus (red). The structures are characterized in terms
of Ree, Rgyr, the K16–D23 distance (R16−23), and the D23–K28 distance (R23−28).

The inspection of the corresponding structures for C36m (Figure 37) reveals a sim-

ilar structural difference for the sequence 16KLVFFAE23 as seen for A99SB-UCB.

While in the high-weight structures this sequence is rather extended, it exhibits a

turn at F19/F20 in the low-weight structures. Thus, based on the J-couplings, a turn

in that region should not be sampled. Apart from this turn, visual inspection failed

to identify further major differences. In fact, the conformations in Figure 37A and B

(high-weight structures) and those in Figure 37C and D (low-weight structures) look

rather similar. As for A99SB-UCB it is observed that reweighting the structures does
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not change the distribution of Rgyr values much. Nonetheless, a small change of Rgyr

to a lower average value is observed for C36m. This agrees with the finding that the

50 high-weight structures obtained with C36m are generally more compact (average

Ree = 2.79 nm) than their low-weight counterparts (average Ree = 3.65 nm). This is

accompanied by a smaller distance between D23 and K28 (0.97 nm vs. 1.24 nm) but

a larger K16–D23 distance (2.11 nm vs. 1.90 nm). The conclusion is that, when a FF

is not able to provide a generally satisfactory structural ensemble (as in the case of

C36m), it might not be possible to optimize for different experimental observables

at once; here, agreement with the J-couplings was optimized, which led to a larger

disagreement for Ree.

Figure 37: High-weight (A and B) and low-weight structures (C and D) determined by
reweighting the C36m trajectory using the Bayesian/maximum entropy technique.
Aβ40 is shown as band and colored according to amino acid residue type (ba-
sic: blue, acidic: red, histidine: cyan, polar: green, hydrophobic: white). Following
residues are indicated by spheres: N-terminus (blue), K16 (cyan), D23 (orange),
K28 (mauve), C-terminus (red). The structures were characterized in terms of Ree,
Rgyr, the K16–D23 distance (R16−23), and the D23–K28 distance (R23−28).

If one wants to gain an in-depth understanding of the structural features sampled

in the low-weight structures that are in disagreement with the various available ex-

perimental observables, it would be necessary to determine these observables for the
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low-weight structures (and also high-weight structures as reference) per residue and

then correlate these with the structural preferences as (for instance) measured by the

dihedral distribution in Ramachandran space. Based on this, suggestions for possible

FF optimizations could be made. An alternative approach would be to employ an

automatic reparametrization based on a Bayesian formalism that takes the available

experimental data into account [211]. However, considering that the recently attained

excellent agreement between a9SB-UCB-simulated Aβ ensemble and experimental

data has taken so long to achieve by the simulation research community, it is impor-

tant that extreme care is taken in performing any reoptimization attempt. The goal

should be to make as little changes as necessary in order to avoid losing of what has

been achieved. A classical example is shown in the case of A99SB-disp where a FF

optimization procedure that was too general and/or too extensive destroyed what

had already been gained in A99SB-ILDN/TIP4P-D which for Aβ40 clearly performs

better than its optimized A99SB-disp descendant.

4.6.3 How long should Aβ be simulated?

The kinetic analysis of the seven 30 µs MD simulation does not only allow us to con-

clude which of the FFs provides the best structural ensemble of Aβ, but also how

long standard MD simulations of Aβ should be if one aims for converged results of

the structural ensemble. To answer this question we analyzed the convergence behav-

ior of different quantities, such as the RMSD, number of clusters, secondary structure,

Rgyr and also Ree, and calculated MSMs based on TICA for dimensionality reduction.

The RMSD was identified as a useless measure to assess convergence for the simu-

lation of an IDP like Aβ. If one aims for converged results for Rgyr and Ree it seems

that for many of the FFs less than 10 µs of MD sampling is sufficient. A time limit

below 10 µs has not been provided here since this was not analyzed in the present

work. However, from FRET experiments of Aβ it was concluded that conformational

dynamics leading to changes of the end-to-end distance does not exceed 1 µs [186].

Thus, it might be that for this quantity a sampling time of 1 µs might even be suffi-

cient. Yet with A03ws and A99SB-disp*-ILDN/TIP3P large changes in both Ree and
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Rgyr were still observed after 10 µs of MD. However, as both FFs were already iden-

tified as not suitable for modeling the structural ensemble of Aβ, in the following

discussion we will ignore them. Though it is interesting to note that FFs, which fail

to provide an acceptable description of the metastable states, also fail to reproduce

the peptide kinetics. This is understandable as conformations in disagreement with

experiment are also expected to be connected by transition states different from re-

ality. Moreover, the Aβ conformations favored by these two FFs are overly stable in

terms of intrapeptide contacts, which explains the slow kinetics generated with them.

If one uses the secondary structure as a measure for convergence one also finds

that 10 µs seem sufficient as the averages of the different structural elements did not

change much beyond that time. However, the evolution of the secondary structure

shows that for all FFs considerable changes in secondary structure can occur beyond

10 µs (which do not much affect the average values). Thus, the recommendation is to

simulate Aβ for at least 10 µs, if possible longer. The same recommendation is made

based on the cluster and MSM analyses. The number of clusters converged only be-

yond a sampling time of 10 µs, and for the best FF, A99SB-UCB, this was achieved

only after 20 µs as a result of rare β-sheet formation. This observation agrees with

those derived from the MSM analysis. Here, the MFPTs suggest that simulation times

of & 30 µs are even better as the transitions to rare states require sampling times

of that length. As a final check we analyzed the convergence of the time-averaged

Cα–Cα distances (Figure 38), an idea originating from testing for ergodicity in super-

cooled liquids [225] and later applied to Aβ [226]. Depending on how much Cα–Cα

distance fluctuations one allows before one considers a simulation to be converged,

one again finds that more than 20 or even 30 µs are needed for obtaining stable

Cα–Cα distance averages.
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Figure 38: Measure of convergence based on time-averaged Cα–Cα distances. Averages were
computed over increasing time window lengths in 2.5 µs increments. The percent
of average distances that differ by more than 1% (left) or 5% (right) with respect
to the preceding time interval are shown. If one applies the stricter 1% criterion,
only A99SB-ILDN/TIP4P-D and A99SB-UCB yield converged Cα–Cα distances
within 20–30 µs, which agrees to the conclusions drawn from the various other
convergence tests. The second best set of force fields in terms of convergence of
Cα–Cα distances is given by C22*/TIP3P and C36m, while the poorest convergence
is observed for a03ws, a99SB-disp, and a99SB*-ILDN/TIP3P. If one applies the
more generous 5% criterion, all force fields yield converged Cα–Cα distances, yet
the order of the force fields with respect to convergence does not change. For
instance, considerable motions are still observed between 20 and 25 µs for A03ws
and A99SB-disp.

Since the current simulations are limited to 30 µs, one might of course wonder

whether completely new conformations would be sampled if the simulations were

extended. Another valid question is whether simulating multiple shorter simulations

would provide a better approach than sampling one long simulation. To answer these

questions we compared our results to those obtained from running 5,119 trajectories

between 9.75 and 90.5 ns in length with an aggregated simulation time of 315 µs for

Aβ42 modeled by C22*/TIP3P [166]. The resulting MSM identified four states with

similar populations and Aβ structures as obtained from our analysis, while several

of the MFPTs are lower than those determined here (Figure 39).



4.6 discussion 92

Figure 39: Comparison of (A) the MSM of Aβ40 determined in this chapter from the 30 µs
MD simulation in conjunction with the C22*/TIP3P force field with (B) the MSM
of Aβ42 derived from 5,119 trajectories between 9.75 and 90.5 ns in length with an
aggregated simulation time of 315 µs, also based on C22*/TIP3P [1]. The numbers
used for the states correspond to those used in this chapter and in [1], respectively.
States 2 and 3 of the MSM for Aβ40 were combined into one state as they harbor
very similar structures (see Figure 20). Both MSMs are dominated by the central
state corresponding to extended Aβ structures, i.e., state 4 and 0 with a popula-
tion of 76% and 66%, respectively. These two states have further in common that
they tend to form a β-hairpin in the C-terminal half of the peptide. The second
most populated state in either MSM is state 1, which is located left to the central
state in the MSM, i.e., the transition from the central to this state involves a mo-
tion along TIC 1 in negative direction. The corresponding contact maps show that
both states are characterized by interactions between residues of the C-terminal
half. The states that emerge when going from the central states along TIC 2 in
positive direction are the most different from each other when comparing (A) and
(B). States 2 + 3 of Aβ40 are characterized by an N-terminal β-hairpin, while state
2 of Aβ42 is dominated by intense contacts limited to residues 30–42. State 5 of
Aβ40 and state 4 of Aβ42, which are obtained by transitions from the central state
along TIC 2 in negative direction, are rather similar again, with a β-hairpin in
the C-terminal half being the dominating structural pattern. Differences between
both MSMs are observed for some of the transitions and the accompanying MF-
PTs (in µs). Many of the MFPTs determined in this chapter are larger than those
determined for Aβ42. This is probably caused by the different lag times used for
constructing the MSMs: 100 ns in (A) and 12.5 ns in (B) [1]. For other proteins it
was shown that lag times . 100 ns tend to underestimate the MFPTs [2]. Other
differences are that some of the transitions sampled for Aβ42, namely 4 → 1 and
1 
 2 were not observed for Aβ40, while for Aβ42 the transition from the central
state to state 4 was not sampled. These differences might arise from the fact that
two different peptides are compared here, Aβ40 vs. Aβ42, or from the different
sampling approaches, i.e., one long simulation vs. thousands of short simulations.
Nonetheless, the overall conclusion is that both MSMs are rather similar to each
other, suggesting that the 30 µs MD simulation of Aβ40 has reached convergence.

A likely explanation for this discrepancy is the lag time of only 12.5 ns used by

Löhr et al. [166]; for a number of other proteins it was shown that lag times . 100 ns
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lead to an underestimation of the MFPTs derived from MSMs [227]. Nonetheless, the

comparison with the results obtained by Löhr et al. suggests that it is sufficient if one

simulates monomeric Aβ for 30 µs, even when kinetically slow FFs like C22*/TIP3P

and C36m are being employed.

4.7 conclusions

We analyzed the 30 µs MD simulations that were acquired for Aβ40 using seven dif-

ferent FF/water-model combinations by D. E. Shaw Research [108]. One aim of our

analysis was to assess how much of MD time is needed for obtaining fully converged

MD ensembles for this peptide. Our analysis of the evolution of different structural

quantities as well as Markov state models calculated from the MD data showed that

the answer to this question partly depends on the FF used as the different FFs pro-

duced different kinetics for Aβ. Since only the FFs that are in agreement with exper-

imental results should be employed, we calculated various NMR and FRET observ-

ables from the MD trajectories and compared the resulting values to the experimental

ones [186, 212]. This comparison revealed that the best FF field for Aβ is A99SB-UCB,

which is based on a99SB/TIP4P-Ew and includes LJ and dihedral modifications im-

plemented by Head-Gordon and co-workers [123, 124]. The second best performance

is found for A99SB-ILDN/TIP4P-D, which can also be recommended for modeling

Aβ, while all other FFs showed severe failures in reproducing at least one, in most

cases more sets of experimental quantities. Usage of A03ws and A99SB*-ILDN/TIP3P

for Aβ simulations is clearly discouraged as they produce too much folded Aβ con-

formations, with too much helix in the case of A03ws and too much β-sheet with

A99SB*-ILDN/TIP3P. The other three FFs under study, A99SB-disp, C22*/TIP3P, and

C36m, produced acceptable results for Aβ, but considering that there are two FFs

that clearly perform better, the recommendation is to use these.

The MSMs resulting from the simulations with A99SB-UCB and A99SB-ILDN/TIP4P-

D are both dominated by one state that harbors extended Aβ40 structures with

little to none inter-residue contacts beyond direct neighbor contacts. Two further

metastable, yet low-populated states (total population of 5%) are identified with both



4.7 conclusions 94

FFs, which involve β-hairpin formation. With A99SB-UCB the β-hairpins in both

these states are centered at residues V24/G25 and involve contacts between F19/F20

with I31/I32. With A99SB-ILDN/TIP4P-D such β-hairpin is also sampled in one of

the MSM states, while the other one contains a β-hairpin in the N-terminal region.

Transitions to these low-populated states are rare events and most of them are thus

associated with MFPTs reaching ≈30 µs or even more. The conclusion therefore is

that at least 30 µs of MD sampling is needed to obtain converged trajectories produc-

ing the equilibrium distribution of Aβ conformations. This conclusion is supported

by the analysis of the convergence of other structural quantities, such as the number

of conformational clusters sampled.

Unlike the MFPTs to metastable states, the ITSs derived from an MSM are a mea-

sure for intrapeptide reorientations. For these motions, an upper limit of 1 µs was

predicted from different fluorescent spectroscopic measurements [186, 187]. Only for

A99SB-UCB and A99SB-ILDN/TIP4P-D the slowest implied time scales are below

1 µs, while with all other FFs the kinetics of Aβ40 is predicted to be much slower, in

the cases of A03ws, A99SB-disp and A99SB*-ILDN/TIP3P the slowest intrapeptide

motions even reach time scales beyond 10 µs. Thus, also in terms of kinetics A99SB-

UCB and A99SB-ILDN/TIP4P-D are the only two FFs in agreement with experiment.

Nonetheless, even though the thermodynamics and kinetics of Aβ is modeled well

with these two FFs, there is still further room for improvement. For instance, while

A99SB-UCB is very good in reproducing NMR values for the C-terminal side of the

peptide, this is less so the case for the region G9–H13. Thus, further FF improvements

for Aβ should focus on this region, while keeping the level of quality for the rest of

the peptide. Overall, a major step forward in terms of FF quality for Aβ has been

reached with A99SB-UCB and also A99SB-ILDN/TIP4P-D. It will be interesting to

see how the kinetics of Aβ oligomer formation and the resulting structures will look

like when simulated with these FFs, i.e., when the aggregation process is initiated

from extended, disordered, and not partly folded states as was the case due to FF

bias in previous Aβ aggregation simulations.
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A P P L I C A B I L I T Y O F F O R C E F I E L D S I N A G G R E G AT I O N

PAT H WAY S O F A M Y L O I D O G E N I C P E P T I D E S

Parts of this chapter were submitted by the author to the Journal of Chemical Informa-

tion and Modelling as Samantray, S., Yin, F., Kav, B., Strodel, B. (2020). Different force

fields give rise to different amyloid aggregation pathways in molecular dynamics

simulations. All the images are reprinted with Copyright ©2020 American Chemical

Society.

5.1 motivation

Decoding the conformational dynamics of IDPs is a critical step in understanding the

process of protein aggregation and fibrillation [228]. However, the structural flexibil-

ity and high aggregation propensity impede experimental investigations to capture

the dynamics of IDPs at atomic level [229]. An alternative approach to experiments

is provided by molecular simulations, which allow for the necessary temporal and

spatial resolution to follow the motions of IDPs [49, 230]. The recent years have seen

the development of FFs that allow the reliable modeling of IDPs using MD simula-

tions [108, 139, 140, 185, 230]. The flexible nature of IDPs necessitated the FFs origi-

nally developed for folded proteins to be revised in order to accurately characterize

the unfolded protein state.

However, while numerous FFs have been developed and benchmarked for IDPs

(see ref [231] and references therein), it remains to be shown that they can also capture

their aggregation behavior correctly. Our group compared the performance of several

FFs for the formation of hexamers of the Aβ16−22 peptide, which is the sequence

16KLVVFAE22 of Aβ, and mutants of this peptide [232]. This benchmark included

95



5.1 motivation 96

FFs from AMBER, CHARMM, GROMOS, and OPLS. One of the main conclusions

was that G54A7 [233] and OPLS-AA [175, 176] overstabilize protein–protein inter-

actions, leading to an overestimation of the aggregation speed and an inhibition of

protein-aggregate dissociation. Thereafter, Derreumaux and coworkers investigated

the protein aggregation behavior for the Aβ16−22 dimer using 17 different FFs in

combination with conventional MD simulations [109], following up their previous

work where they had employed replica exchange MD to study dimers and trimers

of Aβ16−22 [234]. They concluded that FFs from CHARMM with updated CMAP

correction [128, 235] such as C22* [183], C36 [236], and C36m [185] (’C’ stands for

CHARMM), along with FFs based on AMBER99 [237] (’A’ stands for AMBER) with

modified torsional parameters for the backbone and for the four amino acids Ile, Leu,

Asp, and Asn like A99SB-ILDN [238] and A14SB [239] are best suited for studying

amyloid aggregation. From these FFs, C36m is the only one developed for IDPs which

was realized by refining backbone potentials in order to model the preference of IDPs

to adopt extended structures [185]. Recently, researchers at D. E. Shaw Research devel-

oped an FF aimed at being applicable to both folded and unfolded proteins leading

to A99SB-disp [108]. To reach this goal, Robustelli at al. used A99SB*-ILDNQ [238]

in combination with the TIP4P-D water model [140] as starting point and introduced

modifications to the backbone torsional potential and enhanced the interaction poten-

tial between the backbone carbonyl oxygens and backbone amide hydrogen atoms,

which is thought to increase the overall stability of extended conformations as present

in β-sheets [108]. In addition, they revised the water model by increasing the C6 term

determining the attractive part of the Lennard-Jones interactions, which is expected

to avoid hydrophobic collapse of the proteins. An increased protein–water interaction

usually leads to a stabilization of extended conformations [106, 140].

The tendency of Aβ towards aggregation has been proposed to result to a large ex-

tent from its hydrophobic core region (residues 17–21). While the Aβ16−22 segment

is not sufficient to understand the aggregation of full-length Aβ, since the latter in-

volves 5–6 times more residues compared to the former, which not only increases the

conformational space but also influences the aggregation behavior, this short peptide

is nonetheless an attractive model for studying amyloid aggregation. First, Aβ16−22
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is able to form fibrils itself, which are characterized by an antiparallel ordering of

the peptides forming the β-sheets [240]. Second, given its small size it is ideally

suited for exploring the thermodynamics and kinetics of its aggregation using exper-

iments [241–243] and also MD simulations. The rigorous mutation study by Senguen

et al. showed that π–π interactions do not play an important role during Aβ16−22

aggregation [241]. Instead, the hydrophobicity of the amino acids in the region 17–

21 seems to be the dominant factor determining the aggregation speed of Aβ16−22

and mutants of it, while electrostatic contacts between K16 and E22 provide further

stability of the Aβ16−22 aggregates and ensure proper orientation in antiparallel β-

sheets [244]. In the past two decades, numerous coarse-grained and all-atom MD

simulations have been performed for studying the aggregation of this peptide into

small oligomers [109, 232, 244–249]. Nguyen and coworkers have compiled a com-

prehensive review of the simulation studies of Aβ16−22 including both all-atom and

coarse-grained peptide models [250].

However, a valid question is – considering the vastly different results that were ob-

tained from FF benchmarks of Aβ [122, 172–174] and other IDPs [106] – to what extent

the simulation results of Aβ16−22 aggregation are affected by the FFs used in these

studies. This question is addressed in this chapter, aiming to elucidate the FFs that are

suited to study amyloid aggregation using the heptapeptide Aβ16−22 and two of its

mutants as a test cases. Experiments by Senguen et al. showed that the single mutant

F19L Aβ16−22 (m1) forms fibrils faster than wild-type Aβ16−22 (wt), while the dou-

ble mutant F19V/F20V Aβ16−22 (m2) does no aggregate at all [241]. These findings

are difficult to explain based on hydrophobicity alone as Phe, Leu and Val are of very

similar hydrophobic nature. Since Senguen et al. derived their results from sedimen-

tation assays and dynamic light scattering that followed the monomer concentration

of each of these peptide sequences until fibrils were formed [241], they allow us to

compare our simulation results on small fibrillar oligomers with the experimental

observations [232]. In the first part of this chapter, we elucidate the structural transi-

tions of the three peptide sequences at the monomeric level since it is known that the

monomer state has an effect or even controls the aggregation process [219, 251–253].

Secondly, we investigate the formation of hexamers by these peptides and establish
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links between the monomer configuration and the oligomer state. To complement

this view, we finally check the stability of a preformed steric zipper involving twelve

copies of either wt, m1, or m2, providing a conclusive evidence regarding which of

the FFs under study is best suited to study amyloid aggregation using MD simula-

tions. The FFs included in our test set are A99SB-disp, C36m and C36mW (which is

based on C36m but includes more favorable vdW interactions between protein and

water) recently developed for IDPs as well as the older force fields G54A7 and OPLS-

AA, which are already known to overstabilize protein–protein interactions [232] but

serve as a useful reference here.

5.2 model and simulation details

To understand the influence of the different FFs on the kinetics and structures of

amyloid aggregation, we simulated residues 16–22 of the amyloid-β peptide, con-

sidering the wild-type (wt) and the two mutant F19L (m1) and F19V/F20V (m2)

sequences. We capped the N- and C-termini of the peptides with acetyl (ACE) and N-

methlyamide (NME) groups, respectively, to mimic the experimental conditions [241].

Each peptide was simulated using five different force fields with their respective wa-

ter models: A99SB-disp [108] with modified TIP4P-D [140] (A99-d), C36m [185] with

TIP3P [254] (C36m) and with increased protein–water interactions [185] (C36mW),

G54a7 [233] with SPC [255] (G54a7), and OPLS-AA [175, 176] with TIP4P [177] (OPLS).

5.2.1 Monomer of Aβ16−22 and its mutants

We simulated the monomeric peptides starting from extended states and solvated

them with a cubic water box. We set the minimum distance between the peptides

and the edges of the water box to 1.2 nm. Only for the translational diffusion simula-

tions, we placed the monomers 1.7 nm away from the box edges, effectively doubling

the simulation box volume. We assigned the ionization states of lysine and glutamic

acid at pH 7 to be protonated and deprotonated, respectively, resulting in electro-

statically neutral peptides. In all simulations, we added Na+ and Cl− ions to reach
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an NaCl concentration of 150 mM. We minimized each system using the steepest de-

scent algorithm, followed by equilibration, first with a 10 ps run in theNVT ensemble

while constraining the heavy peptide atoms to their initial positions, afterwards with

a 10 ps run in the NpT ensemble without position constraints. For the production

runs we simulated each system for 500 ns in the NpT ensemble with T = 298 K

and p = 1 bar. We obtained three independent trajectories for each system starting

from the same initial structures but applying independent minimization and equi-

libration procedures. For the translational diffusion simulations we collected three

400 ns long trajectories for each system. Throughout all simulations we constrained

all bond lengths using the LINCS algorithm [191]. The electrostatic and van der Waals

interactions were calculated using the particle mesh Ewald (PME) method [192] and

the real-space components truncated at 1.2 nm. We controlled the temperature and

pressure using a velocity rescaling algorithm [189] with a relaxation time of 0.1 ps

and a Parrinello-Rahman barostat [256] with a relaxation time of 2 ps, respectively.

For the simulations with G54a7 and OPLS we employed virtual sites for the nonpolar

hydrogen atoms [257] allowing for an integration time step of 4 fs, while a time step

of 2 fs was used for the remaining FFs.

5.2.2 Hexamer of Aβ16−22 and its mutants

We introduced six peptides into a cubic box with 10 nm edge length, corresponding

to a peptide concentration of 10 mM, to study the oligomer formation for each of the

three peptides and FFs. The initial configurations for these simulations were gener-

ated with the software PACKMOL [258] using the most populated peptide structures

identified in the monomer simulations. We positioned the monomers in such a way

that none of the monomer–monomer distances with respect to any atom pair was

smaller than 0.4 nm or greater than 1 nm. The simulations were set up using the same

procedure as described for the monomer systems in section 5.2.1. For A99-d, C36m,

and C36mW we obtained three independent trajectories of 1 µs length each, while

for G54a7 and OPLS we used the existing data from previous simulations performed
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within our group [232], which contain five production runs in the NpT ensemble for

300 ns each.

5.2.3 Steric zipper models of of Aβ16−22 and its mutants

In order to corroborate the results from the oligomer formation simulations, we tested

the stability of preformed minifibrils composed of twelve peptides stacked in two lay-

ers with six peptides forming an antiparallel β-sheet in each layer (Figure 40). This

arrangement is also called steric zipper [259]. These minifibrils were generated using

the microcrystal structure of KLVFFA as determined by X-ray crystallography (PDB

code 3OW9) [260] as starting point. After adding the E22 residue as well as the termi-

nal capping groups ACE and NME to each of the twelve peptide chains, which was

accomplished with PyMOL [261], the peptides had to be aligned again so that the

terminal residues K16 and E22 were next to each other in the antiparallel β-sheet and

above each other in the double layer. In the case of the mutants m1 and m2 the mu-

tations F19L and F20V/F20V were introduced too. We placed each of the minifibrils

in the center of a cubic water box of size 15 nm in each spatial dimension. We added

Na+ and Cl− to adjust the salt concentration at 150 mM. We performed the mini-

mization, equilibration, and production runs with the same simulation parameters as

described in section 5.2.1. For each system three production runs in the NpT ensem-

ble and of 300 ns length were carried out. These simulations testing the stability of

the steric zipper conformation were performed for A99-d, C36m, and C36mW.
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Figure 40: The initial structure of the minifibril.

5.2.4 Biophysical Characterization Methods

5.2.4.1 Structural characterization

The simulations were analyzed using a combination of standard GROMACS tools,

VMD [195], and in-house Python scripts [3] invoking the MDAnalysis [196] and MD-

Traj [262] libraries. We determined the representative monomer structures of the pep-

tides using the GROMOS clustering algorithm of Daura et al. [156] with a cutoff of

the RMSD of 0.2 nm. For the intra- and interpeptide contacts, we considered two

residues to be in contact if the distance between any pair of atoms from residue a

and residue b is 0.4 nm or less. Based on this distance cutoff also the size of the

oligomers was determined. The nonbonded interaction energies consisting of van

der Waals (vdW) and electrostatic interactions were calculated using the rerun option

of GROMACS mdrun for all intra- and interpeptide residue–residue pairs. In order

to calculate the interaction energies between peptides, we extracted the peptide pairs

present in the simulations using the distance criterion of 0.4 nm or less between the

two peptides. Thus, peptide pairs as present in dimers and higher-order oligomers

up to hexamers are considered for this analysis. For the characterization of the steric

zippers we calculated the number of hydrogen bonds (H-bonds) formed between the
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peptides within a β-sheet as well as the nematic order parameter, S2. An H-bond

is defined to be formed if the donor–acceptor distance is less than 0.35 nm and the

donor-H-acceptor angle is less than 30◦. The nematic order parameter,

S2 =

〈
3

2
cos2 θ−

1

2

〉
, (28)

where the angle brackets refer to time and ensemble averaging and θ is the angle

between the vector pointing from the N-terminus to the C-terminus of one peptide

and the same kind of vector of another peptide in the system, was calculated with

MDTraj. It describes the orientational order of a system with values ranging between

0 and 1 corresponding to isotropic and anisotropic systems, respectively.

5.2.4.2 Transition networks

In order to visualize the aggregation pathways, we constructed transition networks to

elucidate the important intermediate stages [232, 248, 263, 264]. We define the states

in the TNs in terms of the oligomer size, which ranges from 1 for monomers to 6

for hexamers, and the β-sheet content divided into five ranges with 0–20%, 20–40%

etc. In the resulting network models, which were plotted with Gephi [265], the nodes

represent the intermediate aggregation states and the edges the transitions between

these states. The size of the nodes are proportional to the population of the states and

the edge thickness to the mass flux between the connected states. We calculated the

β-sheet content based on the dihedral angles along the peptide backbone. A β-sheet

is assumed to be formed when the φ and ψ values are located within the polygon

with the vertices at (−180◦, 180◦), (−180◦, 126◦), (−162◦, 126◦), (−162◦, 108◦), (−144◦,

108◦), (−144◦, 90◦), (−50◦, 90◦), and (−50◦, 180◦) [244, 248]. This definition allows to

also assign a monomer to the β-state, which would not be possible if one used, as

commonly done, the H-bond pattern between the peptides instead.

5.2.4.3 Translational diffusion

In order to accurately compute the translational diffusion constants of the Aβ16−22

peptide and its mutants, we extended the trajectories of the monomers to 400 ns in
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the NpT ensemble. It is important to note that the velocity-rescaling thermostat used

in our simulations [189] has been shown to produce transport properties indistin-

guishable from the NVE ensemble [266, 267]. Therefore, we did not run additional

simulations in the NVE or NVT ensemble. We used the mean-squared displacement

(MSD) and the Einstein relation in three dimensions to calculate the translational

diffusion constants of the peptides,

Dt =
1

2d
lim
t→∞ d

dt
〈[r(t) − r(0)]2〉 , (29)

where Dt is the diffusion constant, d is the system dimension, r(0), r(t) are the par-

ticle positions at times t = 0 and t, and the term with angle brackets represents the

MSD. For normal diffusion, the MSD grows linearly with sufficiently large values of

time t. As a result, the three-dimensional translational diffusion constant Dt is equal

to one sixth of the slope of the linear region of the MSD-vs-time curve. In order to ob-

tain the MSD of the peptides, we divided each trajectory to 10 ns time windows with

5 ns lag time between two consecutive windows. This yields 80 subtrajectories per

400 ns trajectory, from which the MSD of the entire peptide was obtained by averag-

ing over all atoms and subtrajectories. The three-dimensional translational diffusion

constant Dt was calculated from the slope of the subtrajectory- and atom-averaged

MSD curves by fitting a linear curve between 2 and 8 ns. The final translational dif-

fusion constant Dt per system (i.e., per peptide and FF) and the associated standard

error is reported as the average over three trajectories.

5.3 results and discussions

5.3.1 Structural characterization of the Aβ16−22 monomer

When studying oligomer formation, it is important to separate the effects coming

from the monomeric structure from those originating from interpeptide interactions

that drive the aggregation process. In this section, we assess how the different FFs af-
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fect the monomeric ensemble of Aβ16−22 based on RMSD-based geometric clustering

as well as intrapeptide contact maps and interaction energies.

Figure 41: The number of structural clusters as a function of time for wt (red), m1 (green),
and m2 (blue) from the simulations of the monomers using A99-d, C36m, C36mW,
G54a7, and OPLS. The averages over three independent simulations per system
are shown. The error bars indicate the standard error of the mean. Representative
cluster structures are shown in Figure 42.

5.3.1.1 Structural clustering and characterization

We performed an RMSD-based cluster analysis to explore the conformational hetero-

geneity in the ensemble of peptide structures generated by the MD simulations of

a single wt, m1, and m2 peptide using the different FFs. By clustering structures

that are within an RMSD of 0.2 nm, we calculated how the total number of observed

clusters changes with time (Figure 41). The plateau region of the number of clusters

over time indicates that from ≈300 ns onwards no new structures different from the

clusters already identified were sampled, which applies to all FFs. From the study

of Aβ1−40, we identified this cluster number criterion as a highly suitable measure

for assessing the convergence of unfolded peptides [268]. The number of clusters

obtained signifies the unique structures sampled during the MD simulations. Irre-

spective of the peptide sequence the G54a7 force field yields the largest number of
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clusters, followed by OPLS, while C36m yields the lowest number of clusters. By

counting the frequency of each cluster throughout the simulation trajectories, we ob-

serve that with A99-d, C36m, and C36mW the two dominant clusters are significantly

more populated than the counterparts obtained with OPLS and G54a7. For instance,

the first two clusters obtained with A99-d, C36m, and C36mW contain >85% of the

structures for the wt peptide compared to 72% with OPLS and only 63% with G54a7

(the full list is given as Table 3). This observation indicates that with the newer FFs the

peptides are less flexible, which can result from increased peptide–water interactions,

as introduced in A99-d [108] and C36mW [185], and/or increased torsional barriers

implemented to enforce extended peptide structures.

Peptide FF
Population

1st cluster 2nd cluster

wt

A99-d 74% 12%

C36m 75% 13%

C36mW 89% 8%

G54a7 40% 23%

OPLS 53% 19%

m1

A99-d 56% 19%

C36m 64% 19%

C36mW 72% 16%

G54a7 49% 10%

OPLS 43% 17%

m2

A99-d 66% 14%

C36m 69% 15%

C36mW 87% 8%

G54a7 53% 16%

OPLS 41% 19%

Table 3: Population (in %) of the first two clusters obtained from structural clustering of the
monomer conformations sampled for wt, m1, and m2.
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The preference for extended structures in the simulations with the IDP-corrected

FFs becomes visible by the inspection of representative structures of the most popu-

lated clusters (Figure 42). For wt, A99-d, C36m, and C36mW produce an extended

structure, whereas G54a7 results in a π-helix conformation and OPLS leads to a turn

structure. A similar structural pattern is observed for m1 and m2, i.e., extended struc-

tures with A99-d and C36mW and structures with more intrapeptide interactions

with G54a7 and OPLS. As found in previous studies we thus observe that the dif-

ferences between force fields for the same peptide are larger than the differences

between different peptides but using the same FF [106]. However, it should be noted

that we do not know the experimental structures of wt, m1 and m2; it is thus not

clear whether they should possess different monomer structures and which of the

FFs provides the better description for their conformational ensembles. If one looks

into the details, some small peculiarities are found, such as a slightly reduced flexi-

bility of m2 compared to wt and m1 when modeled with C36mW, or that m2 is more

extended than the other two peptides in the simulations with G54a7. These findings

are in agreement with the higher β-propensity of Val compared to those of Phe and

Leu. For instance, for exposed residues Fujiwara et al. assigned a β-propensity of

2.31, 1.50, and 1.18 for Val, Phe, and Leu, respectively [269].
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Figure 42: (A) The number of clusters as a function of time for wt (red), m1 (green), and m2
(blue) from the simulations of the monomers using A99-d, C36m, C36mW, G54a7,
and OPLS. Averages over three simulations per system are shown. (B) Represen-
tative peptide structures from the corresponding most populated clusters. The
spheres colored in red and blue represent the N- and C-terminus, respectively. The
assignment of the secondary structure is according to the color key at the bottom.
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5.3.1.2 Intrapeptide contacts and interaction energies

To better understand the structural preferences predicted by the different FFs, we

characterized the intrapeptide interactions by calculating the frequency of residue–

residue contacts (Figure 43). The resulting contacts indicate that among the FFs de-

veloped for IDPs, C36mW produces the highest preference for extended structures

and A99-d the lowest. A99-d leads in particular to more contacts beyond the first- and

second-neighboring residues in m1 and m2, which in the case of m2 is against the

propensity of Val to adopt the β-state [269]. C36mW is the FF that best reproduces the

preference for extended structures in the order Val (m2) > Phe (wt) > Leu (m1). With

C36m, on the other hand, this behavior cannot be reproduced, which is visible from

the higher presence of intrapeptide contacts including electrostatic contact between

K16 and E22 in m2 compared to wt. G54a7 and OPLS produce many intrapeptide

contacts indicating collapsed monomeric structures, apart from m2 modeled with

G54a7.

Figure 43: Probability of intrapeptide contacts for monomers of wt, m1, and m2 from simu-
lations using A99-d, C36m, C36mW, G54a7, and OPLS. The color code represents
the probability of a contact between residues during the MD simulations, averaged
over the three runs per system. For the sake of clarity, the diagonal and first off-
diagonal elements of the contact maps corresponding to self-contacts and contacts
with direct neighbors are not shown.

The intrapeptide contacts can be understood based on the inter-residue interac-

tion energies, which can be dissected into electrostatic and vdW interactions (Figure
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S3A and B, respectively). G54a7 and OPLS predict strong electrostatic interactions

between K16 and E22, which cause the monomer structures to collapse, entailing sev-

eral other intrapeptide contacts of vdW nature. An exception is m2 modeled with

G54a7 where more extended structures are produced. However, here an electrostatic

interaction between K16 and V18 plays a role, which is also present in wt and m1

modeled with G54a7, but to a lesser extent. This contact, which is an H-bond between

the carbonyl oxygen of K16 and the amide hydrogen of V18, is only present in the

simulations with G54a7 and OPLS, but none of the IDP-corrected FFs. Interestingly,

with A99-d and C36mW the K16–E22 interaction is also of considerable intensity in

m1, which mirrors the medium flexibility of Leu, yet does not lead to completely

collapsed structures. This electrostatic attraction must thus be counteracted by solva-

tion energies or torsional parameters of the other residues favoring overall extended

structures. Forwt andm1, none of A99-d, C36m, and C36mW predicts the interaction

between the termini to be of (large) relevance as the corresponding interaction ener-

gies are close to zero. This suggests that these peptides are generally more extended

than m2, which agrees with the contact maps in Figure 43 and can be explained with

the high propensity of Phe and Val to adopt a β-conformation. Finally, it can be con-

cluded that for none of the FFs and peptides the vdW interactions play a large role

in the structure formation of the monomer.

5.3.2 Peptide–water interactions

Peptide structure and dynamics emerge from an interplay between the peptide–

peptide and peptide–solvent interactions. To understand the latter, we quantify the

first hydration shell of wt, m1 and m2 and their translational diffusion.

5.3.2.1 Hydration shell

The first hydration shell is defined as the water layer around the peptide in which

all the water molecules are directly in contact with the peptide [270]. To fulfill this

definition, one needs to i) define the peptide atoms to be used for computing the

contacts, and ii) set a cutoff distance between the selected peptide atoms and the
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water molecules to define the contacts. There are several procedures available in the

literature to obtain the cutoff distance and the peptide atoms [271–275]. Here, we use

the non-hydrogen peptide atoms to define the contacts and a single cutoff distance of

rcut = 0.45 nm between the peptide non-hydrogen atoms and the water oxygens. This

particular choice emerged from the analysis of the MD trajectories using different

cutoff distances and contact definitions.

Figure 44: (A) The number of water molecules at a cutoff distance rcut = 0.45 nm around
each residue for the wt peptide. (B) and (C) The difference between the number of
water molecules at a cutoff distance rcut = 0.45 nm per residue for m1−wt and
m2−wt, respectively. The amino acid sequence for each peptide is given at the
x-axis. The red-labeled residue names correspond to the mutations in (C) and (D).
Values averaged over three trajectories are shown, along with the standard error of
the mean. The color key for the FFs is given at the bottom.
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Figure 44A shows the number of water molecules in the first hydration shell on a

per-residue basis. The solvation pattern is very similar across the FFs. There are only

few notable differences. For wt we find that, except for E22, A99-d always yields

slightly larger numbers of water molecules per residue than the other FFs, followed

by C36mW and C36m. G54a7 and OPLS cause less solvation, especially at the C-

terminal capping groups, which is accompanied by a higher K16–E22 contact proba-

bility as seen above. Thus, G54a7 and OPLS are more favorable for residue–residue

interactions than the the other three FFs where the strength of the protein–water in-

teractions was increased on purpose (A99-d and C36mW) and/or the preference for

extended structures was increased. The effect of the mutations in m1 and m2 can be

observed in Figures 44B and 44C, respectively. For the m1 variant, the F19L mutation

results in less hydration at the mutation site, which can be explained by the smaller

volume of the side chain of Leu compared to that of Phe. For the other residues of

m1 the differences are small. In the case of m2, both mutation sites F19V and F20V

are less hydrated compared to wt, which again can be explained with the smaller

side-chain size. OPLS predicts for both mutation sites of m2, as also for the muta-

tion in m1, significantly lower differences compared to the other FFs. For the other

m2 residues we observe that they are more hydrated compared to wt and also have

more water molecules in the first hydration shell than the m1 variant. OPLS yields

the largest differences for these residues. Thus, with respect to the whole peptides

OPLS predicts a more similar solvation for m2 and also m1 compared to wt.

5.3.2.2 Solvent accessible surface area

One factor that determines the number of water molecules within the first hydration

shell is the solvent accessible surface area (SASA) of the solute. We calculated the

SASA are for wt, m1, and m2 using a standard 0.14 nm probe radius. Our results

in Table 4 show that within each FF wt has the largest SASA and m2 has the lowest,

which can be explained with the different sizes of Phe, Leu, and Val. The differences

across the FFs for each peptide positively correlate with differences found for the

number of water molecules within the first hydration shell, i.e., G54a7 and OPLS

lead to smaller SASA values as a result from the more collapsed structures sampled
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with these two FFs. However, the interfacial water area (IWA), which is the ratio of

the SASA to the number of waters within the first hydration shell, attains an almost

constant value of IWA = 0.096 nm2 for all peptides and force fields. For globular

proteins an IWA value of 0.11 nm2 has been previously reported [270] suggesting

that Aβ16−22 has a higher solvent density than the globular proteins.

FF Variant SASA (nm2) nwater IWA (nm2)

A99-d

wt 13.52 ± 0.03 140.66 ± 0.24 0.0962 ± 0.0003

m1 13.21 ± 0.10 137.18 ± 0.83 0.0963 ± 0.0009

m2 12.68 ± 0.08 132.47 ± 0.67 0.0957 ± 0.0007

C36m

wt 13.37 ± 0.02 138.72 ± 0.10 0.0962 ± 0.0003

m1 13.19 ± 0.01 136.44 ± 0.05 0.0967 ± 0.0001

m2 12.63 ± 0.04 131.26 ± 0.30 0.0962 ± 0.0004

C36mW

wt 13.43 ± 0.03 140.98 ± 0.31 0.0953 ± 0.0003

m1 13.26 ± 0.01 138.81 ± 0.06 0.0955 ± 0.0001

m2 12.72 ± 0.02 133.76 ± 0.18 0.0951 ± 0.0002

G54a7

wt 12.34 ± 0.09 128.77 ± 0.77 0.0967 ± 0.0009

m1 12.14 ± 0.04 126.82 ± 0.38 0.0957 ± 0.0004

m2 11.53 ± 0.02 122.51 ± 0.21 0.0941 ± 0.0002

OPLS

wt 12.27 ± 0.12 127.58 ± 1.08 0.0962 ± 0.0013

m1 12.14 ± 0.06 126.27 ± 0.51 0.0962 ± 0.0006

m2 11.72 ± 0.02 122.29 ± 0.17 0.0958 ± 0.0002

Table 4: SASA, number of water molecules, nwater, within a cutoff distance of rcut = 0.45 nm
with respect to the peptide heavy atoms, and the IWA, which is the ratio between the
SASA and nwater, calculated from the simulations of the monomer of wt, m1, and
m2, respectively. Averages and standard errors calculated from three trajectories per
system are provided.
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Figure 45: The average number of H-bonds formed between wt residues and water. The
dashed and non-dashed areas indicate the number of instances where the amino
acids act as H-bond donor and acceptor, respectively. Values averaged over three
trajectories are shown, along with the standard error (black bars) of the mean. The
color key for the FFs is given as part of the plot.

5.3.2.3 Peptide–water hydrogen bonds

The analysis of the H-bonds between the peptide and water allows us to assess to

what extent specific peptide–water interactions play a role, which serve as a stabiliz-

ing factor for the peptide structure and largely influence the peptide dynamics [276,

277]. To this end, we determined the number of H-bonds between peptide and water

on a per-residue basis. The results of this analysis are shown forwt in Figure 45. Inter-

estingly, the propensity to form H-bonds with water is quite different from the solva-

tion pattern found for the residues. While K16, F19, F20, and E22 are surrounded by

the same amount of water molecules, E22 engages in the largest number of H-bonds,

followed by K16. These two residues can use both their backbone and side chain for

H-bond formation, while this is limited to the backbone for the residues L17–A21.

This explains why these residues have similar numbers of H-bonds with water. We

further analyzed whether the residues acted as H-bonds acceptor or donor, which is

shown as dashed and non-dashed areas, respectively, in Figure 45. The backbone can

act as both a donor and an acceptor. Since the side chain of E22 can only act as an

acceptor and that of K16 only as a donor, it becomes clear that most H-bonds formed

by these residue take place via their side chains. While the different FFs yield the

same distribution between H-bond donor and acceptor capabilities for each of the
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residues, G54a7 and OPLS lead to a smaller tendency for H-bond formation between

peptide and water. This difference is most pronounced for E22, even though OPLS

led to the same level of hydration for that residue.

5.3.2.4 Translational diffusion constants

The three-dimensional translational diffusion constants forwt,m1, andm2 are shown

in Table 5, which were calculated from the MSDs (Figure 46). The experimental value

for the wild-type Aβ16−22 has previously been measured by NMR spectroscopy and

has a value of 0.353×10
−5 cm2/s [278]. Our results show that none of the FFs can re-

produce the experimental three-dimensional translational diffusion constant. A99-d

yields considerably smaller diffusion constants than observed in experiment, whereas

the other FFs overestimate the diffusion, with C36m leading to the fastest diffusion.

However, after correcting the diffusion constants by the viscosity of the solvent mod-

els [279], all FFs underestimate the diffusion similarly to A99-d. While there are small

differences between the computed diffusion constants for wt, m1, and m2, most of

them obtained per FF can be considered identical within the standard error. Excep-

tions are the diffusion constants resulting from the C36mW simulations. However,

here no clear trend is observed: with C36m the mutant m2 has the smallest diffu-

sion constant, whereas with C36mW the wild-type peptide has a smaller diffusion

constant than its mutants. Since we have no experimental results for the translational

diffusion constants for m1 and m2, we are unable to judge the latter findings.
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Figure 46: MSD calculated within 10 ns time windows for wt, m1, and m2. The results are
averaged over three independent trajectories. The slope of each curve is measured
from 2 ns to 8 ns to obtain the translational diffusion constants.

A99-d C36m C36mW G54a7 OPLS

wt 0.21 ± 0.01

0.69 ± 0.04

(0.25±0.02)
0.56 ± 0.01

0.52 ± 0.05

(0.16±0.02)

0.47 ± 0.03

(0.22±0.01)

m1 0.21 ± 0.01

0.66 ± 0.02

(0.24±0.01)
0.61 ± 0.06

0.54 ± 0.05

(0.17±0.02)

0.46 ± 0.04

(0.22±0.02)

m2 0.21 ± 0.01

0.59 ± 0.05

(0.21±0.02)
0.62 ± 0.02

0.53 ± 0.04

(0.16±0.02)

0.43 ± 0.04

(0.20 ±0.02)

Table 5: Three-dimensional translational diffusion constant Dt (mean ± standard error). The
values in parentheses are Dt scaled by the correction factor of the solvent modelvis-
cosity (where available). The scaling factors are 2.8 for TIP3P (C36m), 3.27 for SPC
(G54a7), and 2.13 for TIP4P(OPLS) [279].

5.3.3 Characterization of the aggregation process

5.3.3.1 Oligomer size

After studying the conformations of single peptides in solution, we turn our attention

to the aggregation properties of Aβ16−22 and its mutants represented by the different

FFs. We choose to study the aggregation properties by simulating six peptides in a

water box. Figure 47 shows the size of the oligomers as a function of time. We observe

that the peptides aggregated more quickly attaining the highest oligomer size within
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300 ns in the case of G54a7 and OPLS as compared to A99-d, C36m, and C36mW.

Despite the intrapeptide interactions observed in the monomer state being of similar

strength for A99-d and C36mW, the highest average oligomer size achieved with A99-

d was a trimer for wt and a dimer for the variants m1 and m2. With C36mW, on the

other hand, the highest oligomer size is reached for all peptide systems, albeit for

m2 the oligomers are less stable. Both wt and m1 aggregate more quickly than m2,

while the former two peptides aggregate with a similar speed. C36mW predicts the

smallest aggregation tendency form2. Thus, from the five FFs under study, C36m and

C36mW are the only ones which are able to model m2 as slightly less aggregation-

prone thanwt andm1, which is in better agreement with experiments [241]. However,

the correct behavior according to experiment would be that m2 does not aggregate at

all, while m1 aggregates faster than wt. This aggregation ranking cannot be modeled

by any of the five FFs and also none of the FFs that were included in our previous

benchmark [232]. While G54a7 and OPLS overestimate the aggregation tendency of

all three peptides [232], A99-d underestimates it.
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Figure 47: Average oligomer size as a function of time for wt (red), m1 (green), and m2 (blue)
using A99-d, C36m, C36mW, G54a7, and OPLS. The graphs are averages over three
trajectories per system in the case of A99-d and C36mW and five trajectories for
G54a7 and OPLS. The different x-axes scales for the top and bottom row are noted.
Averages over three (top row) or five (bottom row) independent simulations per
system are shown. The error bars indicate the standard error of the mean.

5.3.3.2 Transition networks and oligomer structures

For the characterization of the intermediate oligomeric states and the transitions be-

tween them, we calculated TNs [3, 248]. As in the preceding study [232], we chose to

build the TNs in a two-dimensional space defined by β-strand content (x-axis) and

oligomer size (y-axis) (Figure 48). The TNs for A99-d confirm that this FF does not

support stable oligomer formation; for all three peptides the most populated state

is the extended monomer structure. All oligomer states are only weakly populated

with the maximum oligomer size being a pentamer in the case of wt and tetramers

for m1 and m2. Typical snapshots for oligomers formed with A99-d (Figure 49) show

that the peptides in these oligomers are only loosely attached and no β-sheets are

formed. As we used the backbone dihedral angles for the definition of the β-state

and since with A99-d the peptides have a high preference for extended structures,

these oligomers nonetheless populate TN states with high a β-content. In fact, the
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three peptides modeled with A99-d only aggregate when being extended, which is

understandable as in the collapsed peptide state, K16 and E22 interact with each

other within the peptide as seen from the monomer simulations.

Figure 48: TNs for the aggregation of wt (top), m1 (middle), and m2 (bottom) using A99-d,
C36m, C36mW, G54a7, and OPLS. The oligomer size (from monomer to hexamer)
is given along the vertical axis and the horizontal axis represents the β-strand
content (divided into 5 ranges: 0–20%, 20–40% etc.). The size of the nodes is pro-
portional to the population of the state, and the width of the edges is proportional
to the mass flux between the states.

The most populated state in the TNs obtained with C36m and C36mW is in each

case a hexamer with a high amount of β-sheets. For m2 modeled with C36mW the

pentameric state is of almost equal importance, corroborating the finding that with

this FF the aggregation is slowed down for this peptide. Typical structures indicate

that with C36mW well-developed β-sheets are adopted. They are characterized by

a high amount of antiparallel β-sheets resulting from the electrostatic attraction be-

tween neighbored K16 and E22 within a sheet. In some cases two sheets with three

peptides each form a steric zipper as best seen for wt modeled with C36m in Fig-

ure 49. Such a double layer can serve as a nucleus for amyloid fibril formation.

However, it should be mentioned that the H-bond registry in the β-sheets shown

here is mostly not perfect yet. Indeed, previous simulation studies revealed that mis-

registered β-sheet states are kinetic traps along the amyloid aggregation pathway,
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which require sliding motions, so-called "repetition moves" to correct the H-bond

pattern in order to reach the perfectly aligned amyloid fibril structure [280–282]. In

other cases, such as m2 modeled with C36m barrel formation is observed. With both

C36m and C36mW the aggregation pathways involve β-sheet formation from the

very beginning, i.e., no disordered aggregates with a low amounts of β-content are

formed. This behavior can be understood based on the high tendency of the peptide

monomers to adopt extended structures. While the latter also holds true for A99-d,

C36m and C36mW provide a better balance between peptide–peptide and peptide–

water interactions.

As already seen in the previous study(see ref [232]), G54a7 and OPLS result in

the formation of disordered oligomers with lower amounts of β-sheets, which mir-

rors the behavior of the monomers when modeled with these two FFs. The most

extreme case is given by m2 modeled with OPLS. As the representative snapshot

of the hexameric state of this system shows, here the peptides mainly adopt a turn

conformation as a result of strong intrapeptide K16–E22 attraction (see Figure 42A),

inhibiting β-sheet formation in this system. Compared to OPLS, G54a7 provides a

better description of the amyloid oligomers formed by Aβ16−22 and its mutants, es-

pecially for the largest oligomer considered here, which, after it formed, relaxed into

β-sheet conformations. However, compared to the structures found for C36mW these

β-sheets are less ordered.
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Figure 49: Representative structures of the largest oligomers formed during the MD simula-
tions of oligomer formation of wt (top), m1 (middle), and m2 (bottom) modeled
with A99-d, C36m, C36mW, G54a7 and OPLS. The spheres colored in red and blue
represent the N- and C-terminus, respectively. The assignment of the secondary
structure is according to the color key at the bottom.

5.3.3.3 Interpeptide contacts and interaction energies

To better understand the driving forces behind the different aggregation patterns

observed for the different FFs, we first analyzed the interpeptide contacts present in

the oligomers that formed (Figure 50). However, we find that these contacts are too

unspecific to allow for an in-depth understanding. Instead, we turned our attention

to the nonbonded interaction energies between the peptides on a per residue–residue

basis. The resulting energy decomposition is shown for the vdW and electrostatic

energy contributions in Figure 51 and Figure 52, respectively, while the sum over all

residue–residue interaction energies per system are provided in Table 6.
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Figure 50: Interpeptide contacts found in the oligomers formed in the simulations of six
copies of wt, m1, and m2 using A99-d, C36m, C36mW, G54a7, and OPLS. The
color code on the right represents the contact probability between residues aver-
aged over the three simulations per system.

Figure 51: Residue–residue vdW interaction energies between peptides forming oligomers of
wt (top), m1 (middle), and m2 (bottom) obtained from simulations using A99-
d, C36m, C36mW, G54a7, and OPLS. The interaction energies (in kJ mol−1) are
according to the color key on the right.

For A99-d only weak interaction energies are seen in the interaction maps, and the

values in Table 6 show that the level of interaction is an order of magnitude weaker

than with the other FFs. This explains why with A99-d the peptides did not aggre-
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Peptide FF Non-bonded
energy term

E

(kJ/mol)
ECoul + EvdW

(kJ/mol)

wt

A99-d
Coul −4.11± 0.29

−9.13
vdW −5.02± 0.27

C36m
Coul −34.30± 3.14

−62.58
vdW −28.27± 1.04

C36mW
Coul −28.33± 3.12

−53.86
vdW −25.53± 1.37

G54a7
Coul −31.00± 1.80

−60.47
vdW −29.46± 1.05

OPLS
Coul −31.04± 2.83

−59.47
vdW −28.43± 1.07

m1

A99-d
Coul −4.55± 0.29

−9.67
vdW −5.13± 1.02

C36m
Coul −34.07± 3.14

−59.26
vdW −25.19± 0.98

C36mW
coul −29.42± 3.12

−54.35
vdW −24.92± 1.38

G54a7
Coul −33.96± 1.80

−61.37
vdW −27.41± 0.86

OPLS
Coul −32.60± 2.83

−57.46
vdW −24.86± 1.34

m2

A99-d
Coul −2.73± 0.88

−5.30
vdW −2.57± 0.81

C36m
Coul −34.25± 4.51

−54.65
vdW −20.40± 2.20

C36mW
Coul −27.13± 2.27

−49.41
vdW −22.27± 1.46

G54a7
Coul −28.21± 2.13

−50.75
vdW −22.54± 1.37

OPLS
Coul −8.05± 0.64

−27.55
vdW −19.51± 0.48

Table 6: Average electrostatic (Coul) and vdW interaction energies (E), including standard
error of the mean, between peptides in oligomers formed by wt, m1, and m2. The
sum of both average energy terms is also provided.
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gate: the peptide–water interactions are stronger than the interactions between the

peptides. With the other FFs strong vdW interactions are observed among residues

from the hydrophobic core regions of wt and m1, while for m2 they are generally

weaker, which is confirmed by the accumulated values in Table 6. For this peptide

also the electrostatic interactions are weaker with each of these FFs. In principle, this

could translate into a reduced aggregation propensity as seen experimentally [241],

which however is not the case, especially not with G54a7 and OPLS. In particular with

OPLS the interpeptide interactions for m2 are considerably weaker than those for wt

and m1, yet the aggregation speed is largely the same for all three peptides. Thus, for

OPLS the peptide–water interactions must be too weak so that the peptide–peptide

interactions, even when not as pronounced, dominate the aggregation behavior. The

analysis of the hydration shell around monomers indeed revealed that solvation is

of less importance in G54a7 and OPLS. With C36mW, on the other hand, the in-

creased protein–water interactions result in somewhat weaker interactions between

the peptides, yet opposite to A99-d they are still strong enough to enable peptide

aggregation.

Figure 52: Residue–residue electrostatic interaction energies between peptides forming
oligomers ofwt (top),m1 (middle), andm2 (bottom) obtained from simulations us-
ing A99-d, C36m, C36mW, G54a7, and OPLS. The interaction energies (in kJ mol−1)
are according to the color key on the right.
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In general, all FFs predict very similar total interpeptide interaction energies for wt

and m1, which explains why both peptides aggregated at similar speeds in the MD

simulations. The contribution of the electrostatic interactions to the total interaction

potentials is in most cases slightly larger than the vdW contribution. Exceptions are

wt andm1modeled with A99-d andm2 simulated with OPLS. The dominant electro-

static interaction is the K16–E22 contact, causing the peptides to arrange themselves

in an anti-parallel orientation to each other, which was best seen in the simulations

with C36mW. As mentioned above, m2 simulated with OPLS prefers to form a turn

structure with intrapeptide K16–E22 salt bridges, which prevents these two residues

from interacting with each other across peptides.

5.3.4 Stability of preformed fibrillar aggregates

In the previous section, we characterized the self-assembly of six randomly posi-

tioned monomers of wt, m1, and m2. Here we test whether the various FFs are able

to maintain the structure of the aggregation end product, which is a fibril. If this is

not possible it follows that one can also not simulate the aggregation into that state.

To this end, we set up a minifibril involving two β-sheet layers with six peptides

forming an in-register, antiparallel β-sheet in each layer (Figure 40). The stability of

this minifibril, also called steric zipper [259], was tested with 3× 300-ns MD simula-

tions per system using the recently developed force fields A99-d, C36m, and C36mW.

We performed various analyses to test the stability of the simulated minifibril. One

of them is the RMSD (Figure S7), which shows that the systems are less stable when

simulated with A99-d. The largest RMSD is observed for wt modeled with A99-d,

which results from one of the twelve peptides leaving the minifibril at t ≈ 200 ns

(Figure 53). However, this occurred during only one of the three simulations for this

system. From the RMSD plots for C36m and C36mW one can see that with these two

FFs the wt minifibril is most stable, while it is least stable for m2.
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Figure 53: Snapshots from the MD simulation of wt using A99-d at t = 0 ns and t = 200 ns.
The representative structure at t = 200 ns depicts the detachment of one of the
peptides from the fibril.

In order to distinguish whether the RMSD changes arise from a slow disassembly

of the fibril structure or from local fluctuations, we calculated the nematic order pa-

rameter S2 defined in equation (28) to describe the orientational order of the peptides

with respect to each other (Figure 54). This analysis clearly shows that with A99-d

the characteristic arrangement of peptides within a fibril is not supported with A99-d.

For all three peptide sequences S2 drops below 0.5, for m1 and m2 it even reaches

values as as low as ≈0.3. The loss of the steric zipper geometry can also be seen in the

representative structure shown in Figure 53. With C36m and C36mW the overall fibril

structure is generally better retained, especially for wt modeled with either FF where

S2 ≈ 0.8 at the and of the 300-ns simulations. This agrees to the findings of the hex-

amer simulations, which already revealed steric zipper formation with three peptides

per sheet forwt (Figure 49). The double mutantm2, on the other hand, appears not to

be stable in the fibril state as S2 . 0.6 at the end of the simulations. The hexamer sim-

ulations for m2 revealed a slowed-down aggregation, yet β-sheets were nonetheless

formed. The combined picture from both sets of simulations thus suggests that C36m

and C36mW model a reticent aggregation of m2 into β-sheets, which however would

not develop into a fibril. This only partly agrees with the experimental findings [241],

based on which no aggregation at all should be happening. The fibril structure of

m1 is found to be stable when modeled with C36mW, yet starts to disintegrate when
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simulated with C36m. Thus, C36mW is better suited to reproduce the intricacies of

the aggregation of Aβ16−22 and its mutants.

Figure 54: The change in the nematic order parameter (top) and the number of backbone H-
bonds (bottom) for the minifibril of wt (red), m1 (green), and m2 (blue) simulated
with A99-d, C36m, and C36mW. The averages over three independent simulations
per system are shown. The shaded areas indicate the standard error of the mean.

Figure 55: The change in the RMSD (top) and the β-sheet content (bottom) for the minifibril of
wt (red),m1 (green), andm2 (blue) simulated with A99-d, C36m, and C36mW. The
averages over three independent simulations per system are shown. The shaded
areas indicate the standard error of the mean.
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To gain further insight into the origin of the fibril instabilities seen for some of

the systems, we determined the β-sheet content as well as the number of H-bonds

formed between peptides within the two β-sheets. In Figure 54 the average num-

ber of H-bonds per sheet is shown. The maximum number is ≈40, which includes

both backbone and side-chain H-bonds. In the simulations with A99-d the number

of H-bonds consistently decreased, reaching values between 20 and 30 for all three

peptides. The breaking of H-bonds is accompanied by a dissolution of β-sheets, as

Figure 55 shows, yet the decline is not as pronounced as for the H-bonds. Taken

together, the fibril simulations confirm that with A99-d peptide aggregation cannot

be simulated as the peptide–water interactions are considerably more favorable than

interpeptide H-bonds. With C36mW, on the other hand, the H-bonds and β-sheets

are well conserved for wt and with C36mW also for m1, while for m2 the number of

H-bonds has dropped to 30–35 at the end of the 300-ns MD simulations. The count

of H-bonds for m1 modeled with C36m remained constant until 200 ns after which

it started to decline somewhat. Thus, this analysis confirms that from the FFs consid-

ered C36mW is best suited for modeling wt, m1, and m2, followed by C36m.

5.4 conclusions

In this chapter, we examined the applicability of current force fields (FFs) developed

for IDPs, namely AMBER99SB-disp [108] (A99-d), CHARMM36m [185] (C36m), and

C36m with increased protein–water interactions [185] (C36mW), for studying amy-

loid aggregation with MD simulations using the Aβ16−22 peptide and its two mu-

tants F19L and F19V/F20V (denoted wt, m1, and m2 here) as test case. Based on

experimental results the order of the aggregation speed should be m1 > wt� m2 ≈

0 [241]. As amyloid aggregation results from an interplay of monomeric peptide prop-

erties as well as the stability of the intermediate oligomers and the final aggregation

product, which are amyloid fibrils, we employed a step-wise approach and investi-

gated each of these aspects separately. In order to gain an in-depth understanding of

the performance of the FFs we dissected the intra- and interpeptide interaction ener-

gies of the monomers and oligomers, and included in our analysis the results of the



5.4 conclusions 128

simulations obtained with GROMOS54a7 (G54a7) and OPLS-AA (OPLS). For these

two FFs we had already demonstrated that they are not suitable for the problem un-

der study, because they overestimate the aggregation process and cannot discriminate

between the different aggregation propensities of wt, m1, and m2 [232]. By including

them in the analysis we wished to learn the origin of their failure, knowledge that

in future can be used for FF reparameterization. For the IDP-corrected FFs we can

conclude that A99-d is not applicable to the process of amyloid aggregation as this FF

does not lead to stable aggregates being formed, whereas C36mW give rise to proper

β-sheet formation with the aggregation speed order wt & m1 > m2. In the following

we discuss how these results are affected by the properties at the monomeric and

oligomeric level as well as how the components of the FFs give rise to their different

behavior.

5.4.0.1 Different peptide structures with different force fields

Given the quite small size of the peptides under study, one would expect that the

different FFs should not lead to large differences in the peptide structures and dy-

namics sampled in the MD simulations. However, Figs. 41 and 43 show that this is

not the case. The older FFs, G54a7 and OPLS, lead to a considerably larger struc-

tural diversity than the IDP-corrected FFs. Nonetheless, this high flexibility at the

monomeric level does not hinder the peptides from rapid self-association as can be

seen in Figure 47. The larger structural diversity with G54a7 and OPLS is also visible

at the oligomeric level, where especially for the smaller oligomers structures other

than β-sheets are also sampled. This can be deduced from the TNs in Figure 48. In

the simulations with A99-d and C36mW, on the other hand, extended structures pre-

vail both at the monomeric and oligomeric level. This leads to ordered aggregation

into β-sheets from the very beginning in the case of C36mW, whereas with A99-d

only encounter complexes that promptly dissociate again are formed.

5.4.0.2 Peptide–water interactions as key determinant for peptide structure and aggregation

Our analysis of the intra- and interpeptide interaction energies as well as the interac-

tions between peptide and water revealed that the preference of Aβ16−22 and its mu-
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tants to adopt collapsed structures at the monomeric level and disordered oligomer

structures when modeled with G54a7 and OPLS, but extended structures when mod-

eled with A99-d and C36mW is mostly due to the different amounts of peptide–

water interactions. Fewer H-bonds between the peptides and water are formed in

the simulations with G54a7 and OPLS, which can be seen in Figure 45. This allows

for more intra- and interpeptide interactions being formed, which explains both the

larger structural diversity as well as the faster aggregation. The IDP-corrected force

fields, on the other hand, lead to extended structures as here especially the termi-

nal residues K16 and E22 have a high preference to interact with water via H-bond

formation, inhibiting their interaction with each other which would lead to a col-

lapsed peptide structure. However, in the case of A99-d the peptide–water interac-

tions are too much increased, leading to reduced interpeptide interactions and thus

inhibiting aggregation. A better balance between peptide–water and peptide–peptide

interactions is reached with the other FF with increased vdW interactions between

protein and water, i.e., C36mW. While for the remaining FFs the overall strength of

the residue–residue interactions is similar, specific interactions nonetheless play a role

in the structural preferences at the monomer and oligomer level. For instance with

OPLS the electrostatic attraction between K16 and E22 is very strong, causing turn

structures in the monomers and fast, electrostatic-driven aggregation.

5.4.0.3 Too strong peptide–water interactions with A99-d

In the case of A99-d not only the number, but also the strength of the H-bonds

between peptide and water is increased. This can be deduced from the much smaller

translational diffusion constant obtained with this FF compared to the four other

ones (Table 5). We conclude that this is the main source of the decreased aggregation

propensity observed with A99-d. A similar behavior was seen in the simulations with

AMBER03WS in a previous study(see ref [232]), a FF where the short-range protein–

water pair interactions were increased by a factor of 1.1, while all the water–water

and protein–protein parameters were left unchanged [139]. However, it should be

mentioned that also the peptide conformation may play a role in the simulations

with A99-d. While the peptides prefer extended structures, these are in fact to a large
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extent poly-proline II (PPII) conformations. This shortcoming of A99-d was already

revealed in our previous chapter [268] and confirmed for Aβ16−22 here. It has been

proposed that PPII might prevent the formation of β-sheet [283], due to its particular

orientation of the amide bonds [284]. Thus, the problems of A99-d are twofold and

involve both backbone and protein–water interaction parameters.

5.4.0.4 Best performance for C36mW

A generally better performance was obtained with C36m and C36mW. The differ-

ences between their results are subtle. While the numbers of H-bonds between pep-

tides and water are identical, with C36mW they are somewhat stronger – judged

by the translational diffusion – as a result of increasing the protein–water interac-

tions [185]. This parameterization change slightly increased the solvation of m2 mod-

eled with C36mW compared to C36m (Figure 44), which leads to a decreased aggre-

gation propensity as both the hexamer and the minifibril simulations showed. Thus,

only small adaptations of of the protein–water interactions as done in C36mW [185]

can make a positive difference. Nonetheless, the results obtained with C36 and C36mW

are rather similar, allowing to conclude that C36m is in general suitable for modeling

peptide aggregation. This is partly due to the refined backbone torsion parameters

leading to more extended peptide structures [185], but also seems to be a general

feature of CHARMM force fields since in the previous study C22* was already iden-

tified as the best FF for modeling the aggregation of wt, m1, and m2. Also in our

benchmark of Aβ1−40 the performances of C36m and C22* were quite similar [268].
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sulphation, salt type and salt concentration on the structural heterogeneity of gly-

cosaminoglycans. All the images are reprinted with Copyright ©2021 by the authors.
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6.1 motivation

The ubiquitous presence of GAGs in the extracellular matrix [285] as much as on cell

surfaces points to a primary role in cellular communication and adhesion and other

biological processes dependent on these two, including cell recognition of growth

factors, chemokines, adhesion molecules and enzymes [57, 286, 287]. While describ-

ing the full interactome of GAGs is an ongoing venture, other molecular systems

they interact with include serpins involved in anticoagulation; cytokines involved in

immune regulation, inflammation and blood development; matrix proteins for struc-

tural stability; protein receptors in the control of receptor dimerization; lipoproteins

involved in lipid translocation; plaque proteins implicated in neurodegeneration; as

well as complement structures in viral pathogens needed for entry into the host

cell [288].

An inspection of the GAG interactome indicates their involvement in more than

just physiological processes; they have been found to play a role in various pathologi-

cal conditions. For instance, their interaction with amyloidogenic proteins implicates

them as participants in the pathogenesis of amyloid-related neurodegenerative disor-

ders, such as AD, type-2 diabetes, PD and prion diseases [289, 290]. Their involvement

131
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in several biomolecular processes has carved out a niche for GAGs in clinical thera-

peutics. For example, chondroitin and hyaluronate are used in different pharmaceuti-

cal and nutraceutical formulations for the treatment of osteoarthritis [291–294], Hep

and its mimetics are used as anticoagulants for treating thrombosis, while KS is in-

corporated in ophthalmic products for treating certain eye defects and as biomarker

for female genital tract carcinoma [295]. Beyond their use in different capacities as

replacement therapy, recent studies have suggested additional roles as possible ther-

apeutic agents in inhibiting cell invasion by viruses causing severe acute respiratory

syndrome (SARS) diseases [296, 297].

It is crucial to point out that in all their areas of relevance – physiological, patholog-

ical or therapeutics –, the participation of GAGs results principally from their unique

physicochemical and structural features, including high negative charge, high viscos-

ity and lubricative attributes, unbranched polysaccharide structures, low compress-

ibility, as well as the ability to attract and imbibe large amounts of water. Because

GAGs are highly heterogenous, they pose great challenges to research investigation.

First variable building units are involved in assembling the polymers whose final

lengths can vary widely. GAGs are also differentially sulphated, an event that is in-

fluenced by a host of factors including age, physiological conditions, and diseases.

Their structural complexity is further extended by attachment to sugar and protein

units.

GAGs behave as a hydrophilic polyelectrolyte whereby they form swollen ran-

dom coils in aqueous environment [298–300]. However, such structural preference

of GAGs is modified under the influence of salts differing in type and concentra-

tions. For example, the ion concentrations in solution influence the size and shape

of hyaluronic acid (HA) random coils, allowing site-specific HA-ion interactions via

the decay of hairpin-like loops [301]. The ionic interactions between the cations and

specific sites on the GAG surface are influenced by sulphation of the monosaccharide

units of GAGs, such as glucosamine in heparan-6-sulphate (H6S) and galactosamine

in chondroitin-4-sulphate (C4S) and chondroitin-6-sulphate (C6S) [302, 303]. The sul-

phation pattern encoded in the GAG sequences acts as a molecular recognition tool to

identify growth factors and allow activation of connected signalling pathways. Apart
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from the non-specific electrostatic interactions in complex environments, GAGs also

display ion-specific interactions by behaving as a biochemical barrier permeable only

to monovalent and divalent ions [304], such as Na+, K+, Ca2+, and Mg2+ [305, 306].

A detailed understanding of the sulphate moieties in controlling their intra- and in-

termolecular interactions as well as their interactions with cations would be key for

designing GAG-based therapeutic agents to induce their binding affinity to other

bio-macromolecules. Taken together, arriving at a common structural description for

a biomolecular system so complex, or even determining their conformational pref-

erences by traditional structure determination methods has been nothing short of

daunting.

To characterise the GAGs behaviour in biological processes, it is paramount to

develop an understanding of which specific structural patterns they adopt under dif-

ferent physiological conditions and how they do so [307, 308]. In this chapter, we

provide crucial insight into the structure and dynamics of various GAGs using MD

simulations. Compared to other techniques, MD simulations are an attractive and

relatively inexpensive tool for exploring conformational transitions in GAGs at mi-

crosecond time scale and with atomic resolution [309–312]. Simulations have been

used extensively to study the conformational plasticity of different GAGs including

HA [313], chondroitin sulphate (CS) [314], and heparan sulphate (HS) [315]. The struc-

tural diversity of GAGs coupled with GAG-protein binding interactions using multi-

scale modelling approaches is highlighted in recent reviews [316, 317]. By modeling

various physiological conditions, we are able to present insight into how changes

in these conditions affect the structures and dynamics of HA, H6S, C4S and C6S. A

heuristic method is provided to predict the free energy landscape characterising the

conformational ensembles of the GAGs.
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6.2 models and simulation details

6.2.1 GAG models

To understand the effects of different salts and salt concentrations on the structure

and dynamics of different GAGs, we simulated the following five repeating disac-

charide units: HA as a nonsulphated GAG and H6S, C4S, and C6S as sulphated

GAGs (Figure 3 on page 13). The repeating disaccharide units for HA involve D-

glucosamine (GlcNAc) and D-glucoronic acid (GlcUA) linked via alternating β-(1→4)

and β-(1→3) glycosidic bonds (O-linked): -GlcNAc-β(1→4)-GlcUA-β(1→3)-. In H6S,

the disaccharide building blocks are identical to those in HA apart from sulpha-

tion at position 6 of GlcNAc, and glycosidic linkages with different geometries: -

GlcNAc(6S)-α(1→4)-GlcUA-β(1→4)-. C4S and C6S are composed of similar compo-

nents and glycosidic linkage patterns as HA, except for GlcNAc being replaced by

GalNAc. The difference between C4S and C6S exists in the sulphation points on

the D-galactosamine (GalNAc) unit, which is at carbon 4 in C4S and position 6

of GalNAc in C6S, leading to -GalNAc(4S)-β(1→4)-GlcUA-β(1→3)- and -β(1→4)-

GlcUA-β(1→3)-GalNAc(6S)-, respectively. The disaccharide units and linkages (re-

ferred to as Linkage1 and Linkage2) are summarized in Table 7.

System Linkage1 Linkage2

HA (-GlcNAc-β(1→4)-GlcUA-) (-GlcUA-β(1→3)-GlcNAc-)

H6S (-GlcNAc(6S)-α(1→4)-GlcUA-) (-GlcUA-β(1→4)-GlcNAc(6S)-)

C4S (-GalNAc(4S)-β(1→4)-GlcUA-) (-GlcUA-β(1→3)-GalNAc(4S)-)

C6S (-GalNAc(6S)-β(1→4)-GlcUA-) (-GlcUA-β(1→3)-GalNAc(6S)-)

Table 7: The glycosidic linkage models of the GAG systems.
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6.2.2 Simulation protocols

We simulated the penta-disaccharide GAG units by placing their extended struc-

tures in the simulation box (Figure 56), making sure that the minimum distance

between the corresponding GAG structure and any edge or face of the cubic box

is at least 1.2 nm. In modelling the GAG molecules, we employed the all-atom force

field C36 [318–321], using the CHARMM parameters as available through the ’Gly-

can Reader & Modeler’ module [322–324] of the CHARMM-GUI web server [325].

The resulting simulation box had an edge length of 6.8 nm, which was solvated with

water using the TIP3P model [254] and resulted in about 32,000 atoms per system.

We designed a set of four simulations for each GAG by employing different salts

and salt concentrations. In the first system, Na+, but no Cl−, was added to neutral-

ize the system. This system is denoted to have 0 mM NaCl. In the second system, a

concentration of 150 mM NaCl was added. Two corresponding KCl systems were cre-

ated and denoted 0 mM and 150 mM KCl, respectively. The number of ions required

to neutralize each GAG system corresponding to their salt concentration and total

number of atoms per system are listed in Table 8. Each system was minimized using

the steepest descent algorithm, followed by equilibration, first with a 20 ps run in

the NVT ensemble with position restraints on the non-hydrogen atoms of the GAGs,

afterwards with a 20 ps run in the NpT ensemble without position restraints. For

the production runs, we simulated the GAG systems for 1 µs in the NpT ensemble

at T = 300 K and p = 1 bar. Throughout the simulations, we constrained all bonds

involving hydrogen atoms using the LINCS algorithm [191]. The electrostatic interac-

tions were calculated using the PME method [192] and their real-space components

were truncated at 1.2 nm. The same cutoff was applied for the calculation of the van

der Waals interactions. The temperature and pressure were controlled using a Nose-

Hoover algorithm with a 1 ps time constant for coupling and a Parrinello-Rahman

barostat [190] with a relaxation time of 5 ps, respectively. A time step of 2 fs was

used for the integration of the equations of motion for all systems. All MD simula-

tions were realized with GROMACS version 2018.3 [157, 326, 327]. For the analysis of

the simulation trajectories, we employed a combination of standard GROMACS tools,
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VMD [195] and in-house Python scripts [5] invoking the MDAnalysis [196], and MD-

Traj [328] libraries. The workflow to perform a dimensionality reduction, clustering

based on internal GAG coordinates, and calculation of the free energy profile of the

GAGs is available at https://github.com/suman-samantray/GAG-clustering-FES.

Figure 56: Initial GAG configurations used in the MD simulations.

System 0 mM NaCl 150 mM NaCl 0 mM KCl 150 mM KCl

HA 5 Na+, 0 Cl− 35 Na+, 30 Cl− 5 K+, 0 Cl− 35 K+, 30 Cl−

H6S 10 Na+, 0 Cl− 40 Na+, 30 Cl− 10 K+, 0 Cl− 40 K+, 30 Cl−

C4S 10 Na+, 0 Cl− 40 Na+, 30 Cl− 10 K+, 0 Cl− 40 K+, 30 Cl−

C6S 10 Na+, 0 Cl− 40 Na+, 30 Cl− 10 K+, 0 Cl− 40 K+, 30 Cl−

Table 8: Overview of the simulated systems

https://github.com/suman-samantray/GAG-clustering-FES
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6.2.3 Conformational analysis

To quantify the flexibility of the GAGs, we calculated the root mean square deviation

(RMSD) by fitting the whole GAG structure to the initial configurations. To identify

the sampled conformations and similar structures within selected RMSD cutoffs, we

performed cluster analyses using the GROMOS clustering algorithm from Daura et

al.[156]. Cutoff values of 0.3 nm, 0.4 nm, and 0.5 nm were tested. For both RMSD

calculation and clustering, all GAG atoms were included in the computations. We

also calculated contact formation between the GAGs monosaccharide units. In our

analysis, two GAG residues are assumed to be in contact if the distance between any

pair of atoms from residue a and residue b is 0.4 nm or less. The end-to-end distance

(Ree) of the GAGs was determined by calculating the distance between the C4 atom

of the starting residue and the C1 atom of the terminal residue (see Figure 57 for

the atom numbering). To characterise the torsional motions of the GAG chains, we

calculated the dihedral angles φ and ψ across the glycosidic linkage bonds. Their

definitions are shown in Figure 57. The φ and ψ dihedral angles for each linkage

type are combined into a single dihedral offset function [329] (Doffset),

Doffset =
1

N

N∑
i=1

(1+ cos(φi −φref )) + (1+ cos(ψi −ψref )) (30)

where φref and ψref are the reference dihedral angles as present in the initial, fully

extended GAG structures. The number N refers to the number of linkages found in

each GAG, which is N = 5 for Linkage1 and N = 4 for Linkage2 for a GAG with

five disaccharide units.
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Figure 57: The definition of the dihedral angles φ and ψ is shown for HA.

To get a better understanding of the structural preferences of the GAG chains, we

further calculated the number of hydrogen bonds (H-bonds) formed between the

GAG residues and water molecules (NHB). Here, a hydrogen bond was assumed to

be present when the donor–acceptor distance is less than 0.35 nm and the donor-

H-acceptor angle is less than 30◦. We also characterised the interactions between the

GAGs and the cations by calculating the radial distribution functions (RDFs) between

Na+/K+ and the sulphate oxygen atoms (in GlcNAc of H6S and GalNAc of C4S and

C6S ) as well as the carboxylate oxygen atoms (in GlcUA of all GAGs). This was done

for all five sulphate and five carboxylate groups present in the GAGs after which the

five corresponding profiles obtained were averaged.

6.2.4 Free-energy landscape

In our effort to describe the collective modes of structural fluctuations observed in

GAGs, we performed PCA on the previously calculated observables, specifically the

Doffset for Linkage1 and Linkage2, Ree, and NHB . Based on the first two principal

components (PCs), which capture the majority of the variance in our MD data, we
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built a 2D free energy landscape of the GAGs conformational space. The free energy

was calculated by computing the probability distribution along the PCs, P(PC),

∆G(PC) = −kBT ln
(
P(PC)

Pmax

)
(31)

where kB is the Boltzmann constant and Pmax denotes the maximum probability

along the selected PC. The segregation of the conformational space into distinguish-

able cluster states projected onto the first two PCs is accomplished using k-means

clustering. To determine the ideal number of clusters, we measured the sum of the

squared distances to the nearest cluster center, i.e. the inertia, plotted the inertia for

increasing cluster numbers and applied the elbow method to the resulting curve.

6.3 results and discussions

6.3.1 Characterisation of the GAGs structural data

Polymeric GAG chains in solution can assume a number of configurations that con-

tribute to their entropy. For elucidation of the energetically stable structures of the

GAGs, it is important to identify and segregate their conformational ensembles un-

der diverse physiological conditions. In this section, we assess the role of salt ions

in inducing conformational heterogeneity in the different GAGs and subsequently

determine critical collective variables in order to describe the structural transitions.

6.3.1.1 RMSD-based conformational clustering

To determine the flexibility of the GAGs at different salt concentrations, we stud-

ied the time evolution of the RMSD of the GAGs (Figure 58). With obtained RMSD

variations in the range of 0.4–0.6 nm and regardless of salt type and concentration,

we found the GAGs not to be very flexible. To further characterise the structural

heterogeneity and also to assess sampling convergence, we performed RMSD-based

geometric clustering using different cutoff values: RMSDcutoff = 0.3, 0.4 and 0.5 nm

(Figure 60, Figure 59 and Figure 61, respectively). These results for 0.4 nm cutoff
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show H6S with the highest number of clusters and as a result the most flexible GAG,

followed by C6S, C4S and HA (in this order). It is interesting to note that this trend

is unaffected by salt type and concentration. HA, the least flexible of the lot, showed

only limited dynamics and stabilises quickly without much sampling of unique con-

figurations. This behaviour contrasts with that of the sulphated GAGs. Sulphation at

carbon 6, compared to carbon 4, generally increases the GAGs flexibility but makes

H6S and C6S more susceptible to a higher salt concentration. At higher salt concen-

trations, the flexibility of H6S and C6S was reduced compared to their behaviour at

0 mM salt concentration.

Figure 58: Evolution of the RMSD of the GAGs at 0 mM (left) and 150 mM (right) salt con-
centrations (see color key at the bottom).
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Figure 59: Evolution of the number of conformational clusters at RMSDcutoff = 0.4 nm for
the different GAGs (see color key at the bottom) at 0 mM (left) and 150 mM (right)
salt concentrations.
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Figure 60: Evolution of the number of conformational clusters at RMSDcutoff = 0.3 nm for
the different GAGs (see color key at the bottom) at 0 mM (left) and 150 mM (right)
salt concentrations.
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Figure 61: Evolution of the number of conformational clusters at RMSDcutoff = 0.5 nm for
the different GAGs (see color key at the bottom) at 0 mM (left) and 150 mM (right)
salt concentrations.

The clustering data at RMSDcutoff = 0.4 nm further show that the simulations

had reached convergence. For a cutoff value of 0.3 nm, the number of clusters for

the H6S system is rather high (Figure 60), as already minor structural changes are

recorded here. This indicates that this cutoff value is too small to assess sampling

convergence and structural diversity. On increasing the RMSDcutoff to 0.5 nm (Fig-

ure ??, the number of clusters observed is greatly reduced, blanketing the diverse

conformational classification of the GAGs.

6.3.1.2 Intramolecular interactions in GAGs

In order to elucidate the origin of the flexibility differences observed in the different

investigated GAG molecules, we calculated the intramolecular contacts between indi-

vidual residues (Figure 62). What can be immediately observed is that the interaction

map is predominantly dominated by weak contacts. And in the few cases with more

pronounced contacts, mainly for H6S and C6S, these interactions are limited to dis-



6.3 results and discussions 144

accharide units in close proximity. For instance, for H6S at 0 mM NaCl, GlcUA of

the first disaccharide unit interacts strongly with GlcNAc of the second disaccharide

unit and also GlcUA of that disaccharide. From the generally low contact probabili-

ties one can infer that the predominantly sampled structures are extended but with

sufficient curvature that allows contacts between neighbouring residues. The obser-

vation that GAGs with sulphated moieties at carbon 6 have a tendency to form more

contacts suggests that these intramolecular interactions increase their overall flexibil-

ity, as reported above. The contacts are stronger at 0 mM salt concentration than at

150 mM NaCl or KCl. For instance, some interactions are present in HA at 0 mM

KCl while they are missing at 150 mM KCl. For all simulated systems most contacts

are formed at 0 mM KCl, which suggests that Na+ interacts more strongly with the

GAGs thereby preventing the formation of intramolecular GAG contacts.
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Figure 62: Intramolecular contacts between the residues of the GAGs at 0 mM NaCl, 150

mM NaCl, 0 mM KCl, and 150 mM KCl concentrations (labels left of each panel).
The residues of the GAGs are abbreviated with the following codes: GU (GlcUA),
GlN (GlcNAc in HA), αGlN (GlcNAc(6S) in H6S), GaN4 (GalNAc(4S)), and GaN6

(GalNAc(6S)). The color code on the right represents the probability of a contact
between residues during the MD simulations. For the sake of clarity, the diagonal
and first off-diagonal elements of the contact maps corresponding to self-contacts
within the same disaccharide unit are not shown.

6.3.1.3 Shape of the GAGs

To further characterize the structural preferences of the GAGs, we calculated their

Ree. The fully extended GAG molecules involving five disaccharide units have an

Ree of about 4.4 nm. The results in Figure 63 reveal that the GAGs simulated at dif-

ferent salt concentrations prefer to remain mostly extended with the main peaks of

the Ree distributions hovering around ∼4.0 nm. Nonetheless, these distributions also

uncover that at 0 mM salt more compact GAG conformations exhibiting smaller Ree

values are possible. This is the case for H6S at both 0 mM NaCl and KCl as well as

HA, C4S and C6S at 0 mM KCl. These are the same systems for which intramolec-
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ular contacts have been identified (Figure 62), which indicates that the interactions

between the saccharide units cause the GAGs to deviate from the extended geome-

try. The Ree distributions for HA, H6S and C4S at the indicated salt concentrations

feature a second peak for smaller Ree values, suggesting a switch between extended

and more compact GAG conformations. In the case of C6S at 0 mM KCl, on the other

hand, the Ree distribution becomes broader and is generally shifted to smaller val-

ues. This signals a conformational preference for more compact structures stabilized

by contacts between the second and third as well as between the third and fourth

disaccharide units. In the case of H6S the strongest inter-disaccharide contacts are

formed at the GAG termini, i.e., between the first and second as well as fourth and

fifth disaccharide units.

Figure 63: Distribution of the Ree for the different GAGs (see color key) at 0 mM (left) and
150 mM (right) salt concentrations (see color key in the lowest right panel).



6.3 results and discussions 147

The shape of the GAGs is closely coupled to the dihedral angles on either side of

the oxygen atoms linking adjacent monosaccharides: these are the dominant degrees

of freedom in GAGs since they allow the monosaccharides to adopt different orien-

tations relative to each other. In order to simplify the discussion of these torsional

angles, we combined them into a collective offset function for each linkage type ac-

cording to equation 30. As reference angles we used those for the extended GAG

structures. Therefore, Doffset = 2 corresponds to fully extended conformations and

values smaller than two indicate deviation from linearity and thus more compact

structures. The results in Figure 64, show that the GAGs experience limited flexibil-

ity across Linkage1. Independent of the salt concentration, salt type and GAG, the

Doffset values are between 1.6 and 2.0. The smallest values are found for C4S, which

agrees to the Ree distributions which also peaked at slightly smaller values compared

to the other GAGs at corresponding conditions. However, since we know from the

contact maps that no noteworthy intramolecular contacts formed in C4S, we expect

this particular GAG to be maximally extended and only slightly curved. We thus

conclude that for Linkage1 only, Doffset < 1.6 would indicate significant deviation

from extended structures. For Linkage2 such low values are reached for H6S (under

all conditions but 0 mM KCl) and C6S (at 0 mM KCl). These are the same systems

that feature notable intramolecular contacts leading to more compact conformations.

Special attention is needed for HA and H6S at 0 mM KCl where the Doffset values

are limited to the range 1.6 and 2.0 for Linkage2, despite the presence of intramolec-

ular interactions. In the case of HA, and also for C6S at 0 mM KCl and H6S under all

conditions but 0 mM KCl, a splitting of the Doffset distribution into two peaks can be

observed. We reckon this to imply that for Linkage2 this split indicates the formation

of more compact GAG conformations. In the case of H6S at 0 mM KCl, however, the

Doffset function fails to capture the GAG structures deviating from linearity. Here, a

more detailed inspection of the φ and ψ dihedral angles would be required if one

wants to learn more about the individual glycosidic linkage configurations.
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Figure 64: Distribution of the dihedral angle offset function, Doffset, for Linkage1 (left) and
Linkage2 (right). The different GAGs are shown with different colors (see color key
in the lowest right panel). The salt concentrations are shown from top to bottom
as 0 mM NaCl, 150 mM NaCl, 0 mM KCl, and 150 mM KCl.
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6.3.2 Characterisation of the GAGs interactions with water and ions

The structural preferences of the GAGs originate not only from their intrinsic proper-

ties, like their chemical composition and sulphation, but also from their interactions

with the environment. Here, the GAGs surrounding is provided by the aqueous sol-

vent and ions. To explore their role on the GAGs structures, we analyse the interac-

tions between them here.

6.3.2.1 GAG-water interactions

For characterising the GAG-water interactions, we calculated the number of H-bonds

formed between GAGs and solvent molecules. In Figure 65 it can be observed that

irrespective of the salt concentrations, HA forms the least number of such H-bonds.

This can be easily explained with the presence of the sulphate (OSO−
3 ) group in the

other three GAGs. A comparison between the H-bond numbers reveals that H6S, C4S

and C6S tend to build 20–30 H-bonds more with the surrounding water molecules

than does HA. Since there are five OSO−
3 in each of H6S, C4S and C6S, one can

estimate that each sulphate group gives rise to about 4–5 H-bonds. This is prob-

ably slightly overestimated since H-bonds calculated were identified on geometric

grounds only. Yet the picture presented serves the purpose to demonstrate the sig-

nificant effect that OSO−
3 has on GAGs binding of water molecules. The H-bond

distributions of H6S, C4S and C6S are very similar, and the GAG-water interactions

do not help to explain the structural characteristics of the different GAGs.
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Figure 65: Distribution of the number of H-bonds formed between water molecules and the
different GAGs (see color key in the lowest right panel) at 0 mM (left) and 150 mM
(right) salt concentrations.

6.3.2.2 GAG-ion interactions

We next turn our attention to the interactions between the GAGs and the cations, K+

and Na+. Given the negative charge of the GAGs, there are no attractive interactions

with the Cl− ions that need to be considered. As shown by others, cations prefer to

localise near the OSO−
3 and COO− groups of the GAGs (see Figure 66 for the atom

naming of these groups), leading to the formation of contact ion pairs and solvent

separated ion pairs [330]. These pairs can be identified from the radial distribution

functions (g(r)), which are shown in Figure 68 for COO− and in Figure 67 for OSO−
3 .

The cation-anion RDFs typically display two peaks: a larger one corresponding to

direct cation-anion contacts at distances between 0.2 and 0.3 nm, and a smaller one

at a distance of 0.4–0.5 nm for the water separated ion pair.
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Figure 66: Identification of atoms relevant for the RDF calculations.

Figure 67: RDF curves representing the interactions between OSO−
3 and the cations Na+ (top)

and K+ (bottom) at 0 mM (left) and 150 mM (right) salt concentration. The RDF
curves are averaged over the three oxygen atoms bound to the sulphur atom (see
Figure 66 for the atom naming) and over the five OSO−

3 per GAG.

Comparison of the large peaks for the contact ion pairs uncovers three key differ-

ences among the systems. First, the direct cation-anion interaction with K+ is gener-

ally stronger than with Na+. This difference is especially pronounced for the interac-
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tion with COO−. This finding is somewhat surprising, as the more strongly hydrated

cations (here Na+) usually bind more tightly to carboxylate groups than do the less

hydrated cations (here K+) [331], which can be rationalised with the fact that Na+

matches better the hydration enthalpy of COO− [332]. However, inspection of the

second peak shows that the water separated Na+–COO− pair is stronger than the

corresponding K+–COO− pair. This observation is understandable if one considers

that one cation is often shared between two neighbouring anions [330]. Such situ-

ations can be seen in Figure 73A, where Na+ ions are shared between COO− and

OSO−
3 groups of C6S, with all of the Na+-anion distances being above 0.4 nm. These

are distances of solvent separated ion pairs, which are the preferred arrangement for

Na+ given its smaller size compared to K+ that decreases the possibility of direct

Na+-anion contacts. For K+ direct ion contacts are possible despite the cation being

shared between COO− and OSO−
3 (Figure 73B). The second difference is that the car-

boxylate group interacts more strongly with either cation than the sulphate group;

this agrees well with previous findings [330]. Finally, in the absence of Cl− ions, i.e.

in the 0 mM KCl and NaCl systems, the interactions between either cation and either

of COO− and OSO−
3 are stronger than in the presence of Cl− ions (i.e. in the 150 mM

KCl and NaCl systems). This indicates that the presence of the Cl− ions reduces the

affinities of Na+ and K+ for the other anions in the system, i.e., COO− and OSO−
3 .
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Figure 68: RDF curves representing the interactions between COO− and the cations Na+

(top) and K+ (bottom) at 0 mM (left) and 150 mM (right) salt concentration. The
RDF curves are averaged over both oxygen atoms bound to carbon atom 6 (see
Figure 66 for the atom naming) of GlcUA and over the five GlcUA units per GAG,
in addition to averaging over the simulation time.

The analysis of the interactions of the GAGs with the cations permits to iden-

tify their effects on the GAGs structural preferences, especially when focusing on

COO− (Figure 68). The H6S group displays the highest interaction preference for

both cations and salt concentrations. It should be recollected that H6S is the same

GAG with the highest level of intramolecular contacts. We can thus conclude that

the GAG-ion interactions enable more conformational flexibility in the GAGs. This

results from a screening of their negative charges from each other, reducing the ten-

dency of the GAGs to adopt extended structures where maximum distances between

the COO− and OSO−
3 groups can be reached. This reasoning is supported by the fact

that at 0 mM KCl and NaCl more intramolecular GAG contacts are formed than at

150 mM salt concentration where the GAG-ion interactions are weaker. Another argu-

ment in favor of it is provided by the fact that C6S shows both a substantially higher

interaction with cations at 0 mM KCl compared to all other salt conditions, and the

largest number of intramolecular contacts at 0 mM KCl. The same trend is seen with
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HA even though HA has no sulphate group and the effect is therefore reduced. Only

for C4S, no profound structural flexibility effect of the GAG-ion interactions could

be identified, even though the interactions with Na+ and K+ follow similar trends

as seen in C6S. Thus, the conformational freedom of a GAG is an intricate interplay

between the position of the sulphate group and external conditions.

6.3.3 Free energy profile based on collective fluctuations

As we have studied the behaviour of GAGs with a wide variety of calculated struc-

tural observables, we now present an approach to disentangle the conformational

states by a free-energy method. We start by concatenating four of the previously in-

troduced features, namely Doffset for Linkage1 and Linkage2, Ree, and NHB , into

one state vector, which represents the structural evolution of the GAGs. As an exam-

ple, the projection of all MD snapshots sampled for the GAGs at 150 mM NaCl are

shown in Figure 69. A PCA is applied to this state vector and the first two PCs are

chosen for calculating the free energy according to equation 31. The resulting free en-

ergy surfaces for the 150 mM NaCl systems (Figure 71) reveal one main energy basin

for each GAG. The width of these basins is somewhat larger for C6S and H6S, which

is in agreement with their increased flexibility identified by the clustering analysis

(Figure 59). The corresponding projection of all MD snapshots onto the first two PCs

can be seen in Figure 72. In order to identify representative structures, we performed

a k-means clustering of the structures. For deciding on the numbers of clusters (k) to

consider, we plotted the inertias for increasing k (Figure 70) and applied the elbow

method to it. From this we found out that four clusters are sufficient in segregat-

ing the conformational space, since with k > 4 the inertias reduce only mildly. The

centroids of the four clusters were projected along the first two PCs and represen-

tative GAG structures per cluster centroid were retrieved (Figure 72). In Table 9 the

structural characteristics of these centroid structures are summarized.
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Figure 69: Distribution of the Ree and Doffset values for Linkage1 and Linkage2 obtained
for the GAG systems at 150mM NaCl. Results for 25,000 MD snapshots are shown
and the coloring of the dots reflects the simulation time, with dark blue for t = 0
(first snapshot) and yellow for t = 1 µs (last snapshot).

Figure 70: Determination of the optimal number of clusters, k, by plotting the inertia for
increasing k. Results are shown for the GAGs simulated in the presence of 150 mM
NaCl.
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Figure 71: The free energy landscapes projected onto PC1 and PC2 for the GAG systems
simulated in the presence of 150mM NaCl.
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Figure 72: Projection of the MD trajectories obtained at 150 mM NaCl onto the first two PCs
for the different GAGs (see label above each panel). The conformations are seg-
regated into four clusters, which are represented by different colours. Structures
corresponding to the centroid structures are shown.

Inspection of the cluster structures supports the conclusions drawn from the con-

tact map analysis (Figure 62). First, the GAGs have a high preference to adopt ex-

tended conformations, as the structures representing the most populated clusters for

each of the GAGs fall into this category. For HA, H6S and C6S the Ree of the first

two centroid structures are above 4.2 nm and for C4S above 3.9 nm. Structures with

smaller end-to-end distances are sampled with lower probabilities and are included

in cluster 4 of all four GAGs. These more compact structures feature kinks across

one of their glycosidic linkages. These kinks can lead to perpendicular orientations,

especially when they occur after two or three disaccharide units, while at the termini

the kinks lead to hairpin like turns. Such kinks can be stabilised by binding a cation

between the COO− and OSO−
3 group facing each other, as seen in Figure 73. Alterna-

tively, the φ and ψ angles adopt values such that the neighbouring negative charges

point away from each other. An interesting observation noted in Table 9 is that the av-

erage NHB value is greater for the highest populated cluster states for all GAGs. This
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is understandable considering that these are the most expanded GAG structures that

have a larger solvent accessible surface area than more compact structures. This anal-

ysis shows that, while the NHB distributions shown in Figure 65 did not help much

to gain a deeper understanding of the GAGs conformational preferences, combining

this analysis with structural clustering does help to correlate the different structural

aspects with each other.

Figure 73: Snapshots illustrating the GAG interactions with Na+ (top) and K+ (bottom). C6S
is chosen as example here. (Distances shown are in Å).

6.4 conclusions

We have investigated the structural dynamics of four GAGs – HA, H6S, C4S, and C6S

– using microsecond-long MD simulations and modeling different salt conditions.
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System Structure % Ree(nm) NHB Linkage1(°) Linkage2(°)

HA

starting 4.5 83.0 (-132.1, -146.1) (-93.4, 76.1)
cluster 1 34.8 4.2±0.0 84.9±0.1 (-74.5±0.2, -128.2±0.2) (-77.2±0.2, 124.3±0.3)
cluster 2 34.6 4.2±0.0 76.3±0.1 (-73.8±0.2, -128.7±0.2) (-78.6±0.2, 124.6±0.3)
cluster 3 25.0 3.8±0.0 81.5±0.2 (-67.7±0.2, -119.7±0.4) (-78.9±0.3, 129.3±0.2)
cluster 4 5.6 3.4±0.1 81.8±0.4 (-71.5±0.5, -123.4±0.8) (-78.4±0.6, 87.9±1.3)

H6S

starting 4.5 102.00 (-111.6, 87.2) (45.6, 64.3)
cluster 1 32.3 4.3±0.0 109.7±0.2 (-70.9±0.2, 123.9±0.2) (79.4±0.4, 46.9±1.0)
cluster 2 31.4 4.3±0.0 104.1±0.2 (-76.8±0.2, 116.3±0.2) (80.8±0.3, 40.4±1.0)
cluster 3 22.2 4.4±0.0 102.7±0.2 (-73.4±0.2, 119.1±0.3) (86.0±0.3, -22.4±0.9)
cluster 4 14.1 3.8±0.0 106.3±0.3 (-73.4±0.3, 120.7±0.4) (79.6±0.5, 23.1±1.8)

C4S

starting 4.4 108.0 (-139.4, -146.9) (-102.8, 91.1)
cluster 1 34.0 3.9±0.0 111.1±0.1 (-67.3±0.2, -121.2±0.2) (-76.4±0.2, 128.4±0.3)
cluster 2 30.7 4.0±0.0 101.6±0.1 (-67.6±0.2, -121.6±0.2) (-78.5±0.2, 125.5±0.3)
cluster 3 26.6 4.0±0.0 109.0±0.2 (-67.5±0.2, -121.9±0.2) (-80.2±0.2, 112.7±0.5)
cluster 4 8.7 3.2±0.0 105.9±0.4 (-52.3±0.7, -119.0±0.3) (-78.7±0.4, 114.8±1.5)

C6S

starting 4.4 114.0 (-120.8, -156.3) (-106.6, 87.4)
cluster 1 38.8 4.4±0.0 111.5±0.1 (-74.3±0.2, -140.6±0.3) (-72.0±0.2, 118.6±0.4)
cluster 2 38.0 4.4±0.0 103.3±0.1 (-74.3±0.2, -140.1±0.2) (-75.4±0.2, 114.0±0.4)
cluster 3 17.6 3.9±0.0 106.8±0.2 (-69.8±0.3, -133.4±0.4) (-75.6±0.3, 111.4±0.9)
cluster 4 5.6 4.3±0.0 106.3±0.5 (-73.7±0.8, -78.9±1.3) (-75.7±0.5, 117.0±0.9)

Table 9: The values of Ree, NHB , φ and ψ pairs for Linkage1 and Linkage2 of the centroid
structures of the four clusters (populations are provided above) obtained for the
GAGs at 150 mM NaCl. The corresponding values of the initial structures used in
the MD simulations are provided too. (mean ± standard error)

This allowed us to asses the influences of GAG composition and glycosidic linkage,

sulphation, and external situations on their conformational ensembles. To quantify

the GAGs dynamics, different quantities, such as the RMSD, the end-to-end distance,

and the dihedral angles across the glycosidic linkages were determined. Moreover,

to rationalize the GAGs structural preferences, we analysed their interactions with

water and the metal ions present in the systems. Finally, a method was presented

that allows to efficiently determine the preferred GAGs structures and locate them in

the conformational free energy landscape.

A general conclusion is that the GAGs have an intrinsic preference for extended

structures. Deviation from linearity is enabled by sulphation, especially at position

6, and interaction with cations. The latter screen the negative charges that are next



6.4 conclusions 160

to each other in the GAGs, which allows the COO− and OSO−
3 groups to get closer

to each other, causing kinks and bends in the GAGs. If other anions, such as Cl−

are present in the system, this screening is reduced. As a result, H6S and C6S in

the presence of only Na+ or K+ (but no Cl−) are the most flexible, while HA and

C4S in the presence of 150 mM salt are the stiffest. The higher flexibility represents

itself in more contacts between the disaccharide units of C6S and especially H6S.

The differences between C6S and H6S highlight that also the GAG sequence and

glycosidic linkage matter with respect to their conformational flexibility. The metal

ions usually adopt a bidentate configuration when binding to the GAGs, where they

interact with two anions at the same time. In order to realize such bidentate binding,

the small Na+ must interact with COO− and OSO−
3 with a water molecule between

them. The OSO−
3 groups have a large effect on attracting water to the GAGs, as the

comparison of the GAGs-water interactions for HA and the three sulphated GAGs

showed.

In summary, we showed that it has become possible to reveal key insight into

the structural dynamics of GAGs by means of MD simulations. Detailed knowledge

thereof is needed if one aims to correlate GAG sequence with activity.
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I N F L U E N C E O F G LY C O S A M I N O G LY C A N S O N Aβ ( 1 6 – 2 2 )

A G G R E G AT I O N

Parts of this chapter are submitted by the author to the Journal of Physical Chemistry

B as Samantray, S., Strodel, B. (2021). The effects of different glycosaminoglycans on

the structure and aggregation of the amyloid-β (16–22) peptide. All the images are

reprinted with Copyright ©2021 American Chemical Society.

7.1 motivation

Clinical examinations of the Aβ aggregates samples from AD affected patients have

revealed a significant presence of charged polyelectrolytes, especially polysaccha-

rides, belonging to GAGs [84, 333, 334]. Concurring to this observation, about 20%

of the total volume of an adult’s brain is occupied by the extracellular space, which

is composed of an interlocking mesh of fibrous proteins, GAGs, PGs, and glycopro-

teins [335]. Structurally, the GAGs and PGs play a major role in preventing the diffu-

sion of soluble proteins and cell migration inside the brain’s extracellular space [285,

287]. Moreover, the GAGs play an active role in enhancing amyloid fibril formation

and its stabilization [14, 290, 336].

Many studies have reviewed the biochemical nature of GAGs and their role in neu-

rodegeneration [337]. The hypotheses resulting from these previous studies suggest

that the mechanisms involved in GAG-catalyzed fibril formation are different from

that occurring in bulk phases [337]. It is thought that GAGs function as a structural

template, thereby influencing the structural preference of amyloid forming peptides,

causing them to favor β-sheet conformations and subsequently shaping the aggre-

gation patterns. At the later aggregation stages, fibrillation is clearly favoured [19],

161
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thereby scavenging neurotoxic oligomeric precursors [14]. Coupled with this, differ-

ent GAGs induce different changes to the aggregation pathways, probably because

of the presence and position of the sulphate groups [338]. For instance, HS greatly

affects the structural transition of Aβ in the early stages of amyloid formation [289].

However, all the hypotheses compiled by Iannuzzi et al. [14] fail to provide conclu-

sive mechanistic insights on the role of GAGs in the early stages of fibrillation albeit

highlighting the role of GAGs to induce amyloidogenesis in soluble peptides and

proteins [14, 290, 296, 339].

The tendency of Aβ to form aggregates in bulk solution is governed to a large ex-

tent by its hydrophobic core region (residues 17–21). In the presence of heteropolysac-

charides, on the other hand, the aggregation pathways of proteins are mostly guided

by electrostatic interactions involving the negative polyelectrolyte charges of the

GAGs and positively charged side chains [339, 340]. Apart from the fact that the

electrostatic nature of the sulphate groups of GAGs plays a crucial role in the fibril-

lation process, little is known about the intrinsic details on the mechanism followed

during the aggregate formation. To resolve this question, MD simulations at atomistic

resolution can be used [49].

In this chapter, we provide a detailed description of the mutual effects of GAGs

and the Aβ16−22 peptide on their structural heterogeneity, dynamics, and aggrega-

tion. Aβ16−22 is an attractive model for studying amyloid aggregation since this

peptide is able to form fibrils [240]. Moreover, its small size makes Aβ16−22 ideal

for exploring its aggregation using MD simulations [3, 109, 232, 244–246, 248, 250,

341]. For the GAGs we consider HA, H6S, C4S, and C6S (Figure 3 on page 13). We

simulate the interactions between Aβ16−22 and the respective GAG at the 1:1 and 2:2

stoichiometry. The 1:1 simulations allow us to obtain a first idea of the interactions

between the GAGs and Aβ16−22, while the 2:2 simulations provide insight into the

effects of the GAGs on the aggregation of Aβ16−22, where the aggregation pathways

are being elucidated by transition networks [248, 341]. As reference systems the MD

simulations of Aβ16−22 without GAGs and of monomeric GAGs are also performed

and included in this chapter.
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7.2 models and simulation details

7.2.1 GAG Models

To understand the effects of different GAGs on Aβ16−22, we simulated the follow-

ing five repeating disaccharide units: HA as a nonsulphated GAG and H6S, C4S,

and C6S as sulphated GAGs (Figure 3 on page 13). The disaccharide repeating units

for HA are composed of GlcNAc and GlcUA linked via alternating β-(1→4) and

β-(1→3) glycosidic bonds (O-linked): -GlcNAc-β(1→4)-GlcUA-β(1→3)-. In H6S, the

disaccharide repeating units are identical to those in HA apart from the sulphation at

position 6 of GlcNAc. Moreover, the first glycosidic linkage has a different geometry,

α-(1→4) instead of β-(1→4), which results in -GlcNAc(6S)-α(1→4)-GlcUA-β(1→3)-.

C4S and C6S are composed of similar components and glycosidic linkage patterns

as HA, except for GlcNAc being replaced by GalNAc. The difference between C4S

and C6S exists in the sulphation position, which is at carbon 4 of GalNAc in C4S and

at position 6 of GalNAc in C6S, leading to -GalNAc(4S)-β(1→4)-GlcUA-β(1→3)- and

-β(1→4)-GlcUA-β(1→3)-GalNAc(6S)-, respectively. The disaccharide units and link-

ages (referred to as Linkage1 and Linkage2) are summarized in Table 7 on page 134.

For modeling Aβ16−22, we capped the N- and C-termini of the heptapeptide with

acetyl and N-methylamide groups.

7.2.2 Simulation Protocols

We simulated the 1:1 systems by placing an extended GAG structure and an Aβ16−22

peptide randomly in the simulation box, making sure that their intermolecular dis-

tance is at least 1.0 nm for any pair of atoms. The starting configurations are shown

in Figure 74.
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Figure 74: Initial configurations of the 1:1 Aβ16−22-GAG systems.

For modeling Aβ16−22, we employed the all-atom force field C36m [113], while

CHARMM parameters as available through the ’Glycan Reader & Modeler’ mod-

ule [322–324] of the CHARMM-GUI web server [325] were used for the GAGs. The

peptide and the respective GAG were randomly placed in a cubic simulation box

with an edge length of 4.9 nm and solvated with water using the TIP3P model [254],

resulting in ∼11,700 atoms in total. To each system, NaCl was added to reach a physi-

ological concentration of about 150 mM and neutralize the simulation system, which

corresponds to 15 Na+ and 10 Cl− ions in the case of HA and 20 Na+ and 10 Cl−

ions for C4S, C6S and H6S. Each system was minimized using the steepest descent al-

gorithm, followed by equilibration, first with a 20 ps run in the NVT ensemble while

restraining the non-hydrogen atoms of Aβ16−22 and GAG atoms to their initial po-

sitions, afterwards with a 20 ps run in the NpT ensemble without position restraints.

For the production runs, we simulated the 1:1 Aβ16−22-GAG systems for 1 µs in



7.2 models and simulation details 165

the NpT ensemble with T = 300 K and p = 1 bar. Throughout the simulations, we

constrained all bonds involving hydrogen atoms using the LINCS algorithm [191].

The electrostatic and van der Waals interactions were calculated using the particle

mesh Ewald (PME) method [192] and the real-space components truncated at 1.2 nm.

The temperature and pressure were controlled using a Nose-Hoover algorithm with

a 1 ps time constant for coupling and a Parrinello-Rahman barostat [190] with a re-

laxation time of 5 ps, respectively. A time step of 2 fs was used for the integration of

the equations of motion for all systems.

System Size (atoms) Box-edge length (nm) Simulation time (µs)

Reference systems

Aβ16−22 (monomer) 14,392 5.0 1.0

Aβ16−22 (dimer) 12,931 5.0 5.0

HA (monomer) 31,939 6.8 1.0

H6S (monomer) 31,902 6.8 1.0

C4S (monomer) 31,890 6.8 1.0

C6S (monomer) 31,875 6.8 1.0

1:1 systems

Aβ16−22:HA 11,723 4.9 1.0

Aβ16−22:H6S 11,449 4.9 1.0

Aβ16−22:C4S 11,713 4.9 1.0

Aβ16−22:C6S 11,668 4.9 1.0

2:2 systems

Aβ16−22:HA 94,870 9.8 5.0

Aβ16−22:H6S 94,209 9.8 5.0

Aβ16−22:C4S 94,812 9.8 5.0

Aβ16−22:C6S 94,758 9.8 5.0

Table 10: Overview of the simulated systems
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A similar simulation protocol was used to simulate the 2:2 Aβ16−22-GAG systems.

An initial 1:1 conformation, in which the Aβ16−22 peptide and the GAG were not

in contact with each other, was extracted from the preceding simulations and one

Aβ16−22 peptide and one GAG molecule were randomly added to the corresponding

system. Here, it was made sure that the additional peptide and additional GAG

molecule were at least 1.0 nm away from each other and also from the two molecules

already present in the simulation box. The four starting configurations are shown in

Figure 75. The box size was increased to an edge length of 9.8 nm leading to ∼94,500

atoms including water. Also, the number of ions had to be increased to still reach

an NaCl concentration of 150 mM: 99 Na+ and 89 Cl− ions in the case of HA and

108 Na+ and 88 Cl− ions for C4S, C6S and H6S. Each 2:2 system was simulated for

5 µs.

Figure 75: Initial configurations of the 2:2 Aβ16−22-GAG systems.
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In addition, reference systems, including monomeric and dimeric Aβ16−22 as well

as the monomeric GAGs were also simulated. All simulations performed in this chap-

ter along with their key settings are listed in Table 10. All simulation were realized

with GROMACS version 2018.3 [157, 326, 327]. For the analysis of the simulation tra-

jectories, we employed a combination of standard GROMACS tools, VMD [195] and

in-house Python scripts [341, 342] invoking the MDAnalysis [196] and MDTraj [328]

libraries.

7.2.3 Conformational analysis of GAGs

We determined representative GAG structures using the GROMOS clustering algo-

rithm of Daura et al. [156] with a cutoff for the root-mean-square deviation (RMSD) of

0.2 nm. For characterizing the GAG structures, we calculated the end-to-end distance

(Ree) by computing the distance between the C4 atom of the starting monosaccharide

and the C1 atom of the terminal monosaccharide (see Figure 57 for the numbering

of the GAG atoms). Moreover, we also calculated the dihedral angles φ and ψ across

the glycosidic linkage bonds. Their definitions are shown in Figure 57 on page 138.

The φ and ψ dihedral angles for each linkage type are combined into a single dihe-

dral offset function [329] (Doffset) in equation 30 on page 137. For determining the

contacts between GAG molecules, we considered two saccharide residues to be in

contact with each other if the distance between any pair of atoms from residue a and

residue b was 0.4 nm or less.

7.2.4 Structural characterization of Aβ16−22

For the characterization of the Aβ16−22 structures in the 1:1 systems, we calculated

the secondary structure propensity of the Aβ16−22 residues based on their Φ and Ψ

angles. Here, an amino acid is assumed to adopt a β-strand conformation if its (Φ,Ψ)

pair is within the polygon with vertices at (−180◦, 180◦), (−180◦, 126◦), (−162◦, 126◦),

(−162◦, 108◦), (−144◦, 108◦), (−144◦, 90◦), (−50◦, 90◦), and (−50◦, 180◦), and in an α-

helical conformation if Φ and Ψ are confined to the polygon (−90◦, 0◦), (−90◦,−54◦),
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(−72◦,−54◦), (−72◦,−72◦), (−36◦,−72◦), (−36◦,−18◦), (−54◦,−18◦), and (−54◦, 0◦).

All other angles are counted as random coil [343]. Moreover, we determined the

end-to-end distance using the Cα atoms of the first and last residue as well was

the radius of gyration of Aβ16−22. For the 2:2 systems, we analyzed the H-bonds

that formed between the peptides and between Aβ16−22 and the GAGs. Here, an

H-bond is defined to be present if the donor–acceptor distance is less than 0.35 nm

and the donor-H-acceptor angle is less than 30◦. The contacts between Aβ16−22 and

the GAGs were calculated using the same procedure as for the contacts between

GAG molecules. To understand the nature of these contacts, the electrostatic and LJ

interaction energies between Aβ16−22 and the GAGs were calculated using the ’re-

run’ option of the GROMACS ’mdrun’ command. The same was done for the intra-

and interpeptide (this only in the 2:2 system) interactions. To elucidate the aggrega-

tion pathways of Aβ16−22 in the 2:2 systems, TNs were calculated using the Python

notebook ATRANET (https://github.com/strodel-group/ATRANET) [341] and visu-

alized with Gephi (https://gephi.org/) [265]. To characterize the nodes of the TNs,

the following descriptors were used: (i) the oligomer size, which can be a monomer

or dimer; (ii) the number of interpeptide hydrophobic residue contacts; (iii) the com-

pactness of the aggregate; (iv) the number of residues that are part of a β-sheet (as

determined by the STRIDE algorithm [344]).

7.3 results and discussions

7.3.1 Conformational behaviour of GAGs and Aβ16−22 and their interactions at 1:1 stoi-

chiometry

7.3.1.1 Effects of Aβ16−22 on GAGs

We start the analysis by elucidating whether and how Aβ16−22 affects the confor-

mations of the GAGs. To this end, we calculated the distribution of the end-to-end

distance, Ree. The fully extended GAG molecules involving five disaccharide units

have an Ree of about 4.4 nm. When being simulated without Aβ16−22 being present,

https://github.com/strodel-group/ATRANET
https://gephi.org/
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Figure 76 shows that the GAGs mostly remain extended, especially H6S and C6S, as

the peaks of the Ree distributions are all close to 4.0 nm. In Figure 77A, for each of

the four GAGs an elongated conformation is shown. Moreover, their Ree distributions

are narrow and have only one peak, which indicates that the GAGs are only mildly

flexible as isolated monomers. This, however, changes upon the addition of Aβ16−22

to the GAGs. The Ree distributions in Figure 76 become broader due to a higher pop-

ulation of lower Ree values. This is also visible in the most populated GAG structures

in the presence of Aβ16−22 (Figure 77B) which display curves or kinks in their con-

formations. The chondroitin sulfates appear to be more affected by the presence of

Aβ16−22 than the nonsulphated HA and the structurally similar H6S. It should be

noted that some of the Ree values almost reached the dimension of the simulation

box size, which we had chosen as 4.9 nm per edge. To rule out that our results are

affected by artefacts arising from interactions of the solutes with their periodic im-

ages, we calculated their minimum distance and found that they are all > 1.2 nm,

i.e., above the cutoff chosen for the short-range nonbonded interactions. We can thus

conclude that our results do not suffer from such artificial interactions.

Some of the Ree values are even smaller than 3.0 nm, indicating that the GAGs can

deviate considerably from the linear conformation by forming loops or coils [338].

Coil structures of the four GAGs corresponding to their minimal Ree values are pro-

vided in Figure 77C, along with Aβ16−22 in interaction with the GAGs. The C4S and

C6S structures deviate the most from the linear conformation and adopt a spheri-

cal shape. H6S, on the other hand, forms only small coils at the termini, while the

structure of HA represents the transition between the linear and spherical-shape con-

formations. The structures in Figure 77 already suggest that electrostatic interactions
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between Aβ16−22 and the GAGs are likely to play role in their binding since K16 is

very often orientated toward a sulphate or carboxylate group.

Figure 76: Distribution of the end-to-end distance Ree of the GAGs in the absence (light colors)
and presence (darker colors) of Aβ16−22 when simulated at a 1:1 stoichiometry.
The colors correspond to the GAGs as provided in the legends inside the plots.
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Figure 77: Snapshots of GAG and Aβ16−22-GAG (1:1) configurations. (A) The most popu-
lated GAG structures without Aβ16−22 are extended conformations. (B) Extended
GAG conformations, yet with curves or kinks, also prevail in the presence of
Aβ16−22. The populations of these conformations are given. (C) The interaction
with Aβ16−22 can further induce coil GAG conformations, leading to small Ree
values in the GAGs. The GlcUA residues are highlighted in green for all the GAGs,
whereas the orange color reflects the GlcNAc and GalNAc residues. Aβ16−22 is
represented as cartoon and colored according to its secondary structure (see color
key at the bottom). The side chains of K16 and E22 are shown explicitly, and the
spheres colored in blue and red highlight the N- and C-terminus, respectively.
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To further characterize the GAG structures, we calculated the distribution of the

dihedral angles on either side of the oxygen atoms linking adjacent monosaccha-

rides and combined them for each linkage type into an offset function according to

equation 30 on page 137. The results in Figure 78 show that without Aβ16−22 being

present, the GAGs experienced limited flexibility across either of the linkages. The

only exception is Linkage2 in H6S, which however is not connected with severe de-

viations from the linear conformation as the results for Ree revealed. However, the

motions around Linkage2 lead to more conformational clusters and a lower proba-

bility of the highest populated cluster (provided in Figure 77A). The preference of

H6S to remain in an elongated state must thus result from the α(1→4) linkage for

Linkage1, which is present in H6S and is one of the key differences between this

and the other three GAGs. This is supported by the fact that Doffset for Linkage1 of

H6S hardly changed when Aβ16−22 was added to the system, while some differences

were recorded for the other three GAGs (Figure 79). Changes in Doffset upon addi-

tion of Aβ16−22 are also visible for Linkage2, especially in the case of C6S. This is in

agreement with the observations made for Ree and the spherical-shape conformation

that C6S can adopt.

Figure 78: Distribution of the dihedral angles across the two glycosidic linkage types given as
collective dihedral offset function (Doffset) for the different GAGs in the absence
of Aβ16−22. The color key for the GAGs is given inside the right panel.
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Figure 79: Distribution of the dihedral angles across the two glycosidic linkage types given as
collective dihedral offset function (Doffset) for the different GAGs in the presence
of Aβ16−22. The color key for the GAGs is given inside the right panel.

In summary, it can be concluded that Aβ16−22 enables the GAGs to abandon the

linear conformation and transition into more coil conformations. However, this ten-

dency is small for H6S. Moreover, the various quantities calculated here reveal that

none of the GAGs remained in collapsed states; instead, extended conformations are

still preferred.

7.3.1.2 Effects of GAGs on Aβ16−22

In order to test whether the GAGs affect the structural preferences of the Aβ16−22

peptide, we calculated Ree and Rg of Aβ16−22 in bulk solution and in the presence

of GAGs. Noteworthy effects on the end-to-end distance of the peptide are only ob-

served for the C6S system, causing the Ree distribution to move toward smaller values

(Figure 80A). The other GAGs, on the other hand, allow Aβ16−22 to mainly stay in

an extended state. This conclusion is supported by the intrapeptide contacts, which

only in the case of C6S show considerable contacts between residues in addition to

the contacts resulting from the closeness of residues along the sequence (Figure 81).

However, the distribution of the Rg values reveals that Aβ16−22 is also influenced by

the other GAGs as in the presence of either GAG the radius of gyration is smaller than

for Aβ16−22 alone (Figure 80B). Nonetheless, also here the change in Rg is most dis-

tinct in the case of C6S. The analysis of the secondary structure shows that Aβ16−22
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adopts less β-strand conformations in the presence of the GAGs, causing the amount

of α-helix or random coil to increase (Figure 80C). The amount of β-strand decreases

in the order C6S>C4S>HA≈H6S. When accompanied by C4S and C6S, Aβ16−22

even transiently adopts α-helical structures with probabilities above 10%. It should

be mentioned that this affects only isolated residues and not the whole peptide, i.e.,

the tendency of a residue to be in the α-helical region of the Φ,Ψ-space manifests it-

self in turn formations. The snapshots for the Aβ16−22–C6S complexes in Figure 77B

and C illustrate this tendency as Aβ16−22 adopts 310-helical structures here.

Figure 80: Distribution of (A) the end-to-end distance, Ree, and (B) the radius of gyration,
Rg , as well as (C) the time-averaged secondary structures classified into coil, turn,
β-sheet, and α-helix for the Aβ16−22 monomer alone (black) and in presence of
HA (red), H6S (green), C4S (blue), and C6S (yellow) as obtained from the 1:1 sim-
ulations.
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Figure 81: Probability of intrapeptide contacts between the residues of Aβ16−22 monomers
alone (top left) and in the presence of GAGs. The color code on the right represents
the probability of a contact between residues during the MD simulations. For the
sake of clarity, the diagonal and first off-diagonal elements of the contact maps
corresponding to self-contacts and contacts with direct neighbors are not shown.

7.3.1.3 Classification of the interactions between Aβ16−22 and GAGs

The mutual effects of Aβ16−22 and the GAGs can be rationalized by dissecting their

interactions. A first impression of their interplay is obtained from the contact prob-

ability maps between the Aβ16−22 residues and GAG monosaccharide units (Fig-

ure 84). A clear preference for interactions between K16 and the GAGs is observed,

where GlcNAc of HA, and the sulphated GlcNAc of H6S and GalNAc of C4S and

C6S form slightly more contacts with Aβ16−22 than GlcUA does. Given that K16 is

positively charged and GlcUA as well as the sulphated residues of H6S, C4S and C6S

are negatively charged, electrostatic attraction between Aβ16−22 and the GAGs seem

obvious. This conjecture is corroborated by the snapshots in Figure 77, where K16 is

often found being oriented toward one of the sulphate groups in H6S, C4S and C6S.

Since this interaction is not possible with the nonsulphated HA, the Aβ16−22–HA

interaction is overall weaker. Support is further provided by the decomposition of

the intermolecular interaction energies into their electrostatic and LJ contributions

(Figures 82 and 83).
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Figure 82: Average electrostatic interaction energies between the residues of Aβ16−22 and the
monosaccharide units of the different GAGs from the 1:1 simulations. The residues
of the GAGs are abbreviated with the following codes: GU (GlcUA), GlN (GlcNAc
in HA), αGlN (GlcNAc(6S) in H6S), GaN4 (GalNAc(4S)), and GaN6 (GalNAc(6S)).
The interaction energies (kcal mol−1) are according to the color key on the right.
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Figure 83: Average LJ interaction energies between the residues of Aβ16−22 and the monosac-
charide units of the different GAGs from the 1:1 simulations. The residues of the
GAGs are abbreviated with the following codes: GU (GlcUA), GlN (GlcNAc in
HA), αGlN (GlcNAc(6S) in H6S), GaN4 (GalNAc(4S)), and GaN6 (GalNAc(6S)).
The interaction energies (kcal mol−1) are according to the color key on the right.

For all four GAGs the electrostatic interactions are dominated by the attraction of

K16 to the GAGs. However, while the contact probabilities are somewhat higher for

GlcNAc and GalNAc compared to GlcUA, the electrostatic attractions are stronger for

the latter. This is the case for all four GAGs and can be explained with the negative

charge of this monosaccharide unit (Figure 3 on page 13). However, these attractions

are partly counteracted by repulsive LJ interactions between K16 and GlcUA, which

result from close contacts between K16 and GlcUA. Between K16 and GlcNAc or

GalNAc electrostatic attractions are also present, which are reinforced by attractive LJ

interactions, which explains the slight preference for these monosaccharides as com-
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pared to GlcUA. While the electrostatic interactions are largely limited to K16, the LJ

interactions involve also the other residues apart from A21 and E22, especially in the

case of H6S and C6S. In the case of the latter, these interactions lead to considerable

effects on both the Aβ16−22 and GAG structure. The interaction patterns involving

HA and C4S are similar to that of C6S but generally weaker, explaining their smaller

mutual effects. The interactions between H6S and Aβ16−22 are of similar strength as

in the case of C6S, but the mutual effects are minor.

Figure 84: Probability of intermolecular contacts between the residues of Aβ16−22 and the
monosaccharides of the different GAGs obtained from the 1:1 simulations. The
residues of the GAGs are abbreviated with the following codes: GU (GlcUA),
GlN (GlcNAc in HA), αGlN (GlcNAc(6S) in H6S), GaN4 (GalNAc(4S)), and GaN6

(GalNAc(6S)). The color code on the right represents the contact probability be-
tween residues of GAG and Aβ16−22.
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7.3.2 Effects of GAGs on Aβ16−22 dimerization and their interactions at 2:2 stoichiometry

7.3.2.1 Interpeptide interactions

We started the analysis of the simulations of the Aβ16−22-GAG systems at a 2:2

stoichiometry by elucidating the contacts that occurred between the two Aβ16−22

peptides since this gives a first impression of the aggregates that formed (Figure 86).

Without GAGs, the two Aβ16−22 peptides established many contacts with each other,

with no clear interaction pattern being visible. Only a preference for interactions be-

tween the hydrophobic core residues V18–A21 can be deduced. This finding is some-

what surprising as from the Aβ16−22 fibril structure it is known that the antiparallel

arrangement is the preferred one [240]. However, unlike the fibrils, the dimer is still

rather mobile and undergoes constant dissociation and reassociation events. When

the two monomers associate again, they do so in all kinds of orientations with re-

spect to each other, which explains the presence of different contacts between them.

Moreover, the two peptides can even adopt a parallel aligment, which is stabilized

by hydrophobic interactions between the hydrophobic residues 17LVFF20, while the

like-charged side chains of the terminal residues point into opposite directions to

avoid repulsive forces between them (Figure 85).

Figure 85: Snapshot of the parallel-aligned Aβ16−22 dimer as sampled in the dimerization
simulation without any GAG being present. The parallel orientation is stabilized
by hydrophobic contacts and avoids destabilization that could arise from Coulomb
repulsion by orienting the peptides’ charged terminal side chains toward the aque-
ous solvent.

In the presence of GAG molecules, the interactions between the Aβ16−22 peptides

are altered. However, the different GAGs exert diverse effects on the aggregation pat-
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terns of Aβ16−22. The nonsulphated HA seems to attenuate the aggregation process

as only few interpeptide contacts formed. In the presence of the sulphated GAGs,

on the other hand, the aggregation process becomes more ordered as compared to

the aggregation of Aβ16−22 without GAGs. This is especially true for C4S, where

a well-defined contact pattern of an in-register, antiparallel arrangement appeared.

Somewhat less well defined is the contact map for the system involving C6S, yet a

preference for a parallel arrangement between the two peptides is clearly visible. In

the presence of H6S, the interaction pattern between the two peptides is very sim-

ilar to the situation in solution, yet generally weaker. Both parallel and antiparallel

arrangements seem to be adopted.

Figure 86: Probability of interpeptide contacts between the residues of the two Aβ16−22 pep-
tides as obtained from the simulations of Aβ16−22 dimerization without GAGs
(upper left panel) or in the presence of GAGs (label on top of each panel) at 2:2 sto-
ichiometry. The color code on the right represents the contact probability between
the residues of the two Aβ16−22 peptides.

7.3.2.2 Aβ16−22-GAG interactions

The interpeptide interactions are in competition with interactions occurring between

Aβ16−22 and the GAGs. Therefore, the latter need to be analyzed too (Figure 87).

Interestingly, the contact maps reveal that the interactions between Aβ16−22 and the

GAGs are generally weak. They are weaker than the interpeptide contacts and also

weaker than the contacts that formed between Aβ16−22 and the GAGs in the 1:1
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systems (Figure 84). It can thus be concluded that the Aβ16−22 peptides prefer to

interact with each other rather than with the GAGs. The two sulphated GAGs H6S

and C6S form somewhat more contacts with Aβ16−22 than the other two GAGs,

where the nonsulphated GAG HA appears to have the smallest tendency to inter-

act with Aβ16−22. This propensity was already visible for the 1:1 systems. Also the

Aβ16−22-GAG interaction patterns are similar in the 1:1 and 2:2 systems. The posi-

tively charged residue K16 is the preferred interaction partner for the GAGs, and it

forms slightly more contacts with the monosaccharides GlcNAc and GalNAc as com-

pared to GlcUA. This behavior, which includes also H6S this time, can be explained

with the electrostatic and LJ energies between Aβ16−22 and the GAGs (Figures 88

and 89). As for the 1:1 systems, the electrostatic interaction between K16 and GlcUA

are stronger than for GlcNAc and GalNAc. However, these attractive interactions with

GlcUA are partly offset by repulsive LJ interactions, leading to the slight contact pref-

erence with GlcNAc and GalNAc. In the interactions with C6S, some other residues

than K16 are also involved, giving rise to attractive electrostatic and LJ energies. This

indicates a larger contact area between Aβ16−22 and this GAG as compared to the

other three. It can thus be concluded that the sulphation plays a relevant role in the

Aβ16−22–GAG interactions. In the case of C4S the sulphation position is concealed

near the glycosidic linkage, impeding its interaction with the peptide. Between C6S

and H6S the main difference is the α-(1→4) linkage in the latter, which, based on the

analysis of the 1:1 simulations, reduces the flexibility of H6S and therefore increases

in the 2:2 system the tendency of Aβ16−22 and H6S to align next to each other.
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Figure 87: Probability of intermolecular contacts between the residues of Aβ16−22 and the
monosaccharides of the different GAGs obtained from the 2:2 simulations. The
residues of the GAGs are abbreviated with the following codes: GU (GlcUA),
GlN (GlcNAc in HA), αGlN (GlcNAc(6S) in H6S), GaN4 (GalNAc(4S)), and GaN6

(GalNAc(6S)). The color code on the right represents the contact probability be-
tween residues of GAG and Aβ16−22.
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Figure 88: Average electrostatic interaction energies between the residues of Aβ16−22 and
the monosaccharide units of the different GAGs from the 2:2 simulations (see Fig-
ure 87 for the GAG residue abbreviations). The interaction energies (kcal mol−1)
are according to the color key on the right.
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Figure 89: Average LJ interaction energies between the residues of Aβ16−22 and the monosac-
charide units of the different GAGs from the 2:2 simulations (see Figure 87 for the
GAG residue abbreviations). The interaction energies (kcal mol−1) are according
to the color key on the right.

7.3.2.3 Representative Aβ16−22-GAG complex structures

To illustrate the conclusions drawn from the contact analyses, we show and discuss

representative conformations from the 2:2 simulations (Figure 90). The first obser-

vation is that Aβ16−22 and the GAGs are only loosely attached, which agrees to

the findings from the contact probability maps. The second observation is that all

systems are very dynamic, especially those involving HA and H6S. Therefore, the

representative structures have a rather low population. Nonetheless, from inspecting

the trajectories we observed recurrent interaction modes. In the case of H6S and C4S,

the GAGs and Aβ16−22 tend to form a sandwich-like structure, with the antiparallel-

aligned Aβ16−22 dimer being in the middle and the two GAGs on either side of the

dimer. This kind of arrangement is associated with more stable Aβ16−22 dimers than

found in the 2:2 conformations for HA and C6S (based on the contact probabilities in

Figure 86). For C6S, a situation is shown in Figure 90 where each of the Aβ16−22 pep-

tides is in interaction with one of the GAG molecules. These interactions are mainly
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mediated by K16–sulphate (upper peptide in the figure) and K16–carboxylate (lower

peptide in the figure) contacts. This prevents electrostatic repulsion between these

two residues when being next to each other, allowing the two peptides to approach

each other via their N-termini (as shown in Figure 90) or to adopt parallel orienta-

tions. In the case of HA, only one of the Aβ16−22 peptides is in contact with one

of the HA molecules, while the second peptide is loosely attached to the HA-bound

Aβ16−22. This situation agrees to the low contact probabilities observed in the cor-

responding contact maps of the Aβ16−22–Aβ16−22 and Aβ16−22–HA interactions.

The differences between HA and H6S are the sulphation of GlcNAc and the α-(1→4)

linkage in the latter. Figure 90 reinforces the finding from the 1:1 simulations that

H6S, due to its different Linkage1 geometry, is on average more elongated. This

is positively correlated with an increased tendency of Aβ16−22 to adopt extended

conformations, which was deduced from the secondary-structure analysis of the 1:1

systems and is supported by the representative 2:2 structure for the Aβ16−22–H6S

system. This effect as well as the preferential interactions with the sulphate groups

are missing in the HA system, explaining the differences between the HA and H6S

systems. It can be summarized that the sulphate group in H6S, but also that in C4S

and in C6S are important for their impact on Aβ16−22 aggregation.
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Figure 90: Snapshots showing typical interaction patterns between Aβ16−22 and the different
GAGs as sampled during the 2:2 simulations. The populations of these structures
are provided. See Figure 77 for an explanation of the coloring scheme.

Interestingly, even though the interplay between Aβ16−22 and HA is minor, these

interactions are sufficient to reduce the self-aggregation of Aβ16−22 (Figure 86). In

order to understand this effect, we visually inspected the trajectory in detail. A very

striking observation is that the whole system is very dynamic. Aβ16−22 neither

formed stable contacts with HA nor with each other. In fact, throughout the whole

5 µs simulation, it bounced back and forth between HA and the other peptide. More-

over, when HA is moving, Aβ16−22 is often pushed away from the HA molecule it

was interacting with. It almost never occurred that both peptides interacted with the

same HA molecule at the same time, which would have favored aggregation. Instead,
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the preferred situations were that i) both peptides are in solution but not close to each

other, or ii) one of them was transiently interacting with one of the HA molecules.

To illustrate the dynamics of this system, we show some simulation snapshots in

Figure 91.

Figure 91: Illustrative snapshots to demonstrate the dynamics of the 2:2 Aβ16−22-HA system.
(A) and (B) show the most common situation where both peptides neither interact
with themselves nor with HA. (C) Another common situation is where Aβ16−22
interacts with one of the HA molecules while the other peptide and HA molecule
are in solution. (D) A very rare case is that both peptides interact with the same
HA molecule. (E) The more typical situation is that one Aβ16−22 peptide is in
interaction with one HA molecule while the second peptide associated with it. (F)
Another dimerization motif that was observed is that the peptides form a dimer
while not interacting with any of the HA molecules.
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7.3.2.4 Aggregation pathways

In order to obtain a better overview of the aggregation pathways and the conforma-

tions sampled along with them, we built transition networks (TNs) for each of the

2:2 systems and the Aβ16−22 dimerization without a GAG being present. For the

calculation of TNs, one needs to define and determine descriptors that are able to

provide a clear picture of the process under study [341]. Here, we used the following

descriptors: (i) the oligomer size (OS) which can be 1 (monomer) or 2 (dimer); (ii)

the number of hydrophobic atom–atom contacts between the two peptides (HC); (iii)

the compactness (C), which is defined as the ratio between the lowest and highest

moment of inertia, multiplied by 10 and rounded to the nearest integer, leading to

a possible value range of [0, 10], where a value of zero corresponds to a stick and a

value of ten represents a sphere; (iv) the peptide-averaged number of residues that

are part of the β-sheet (β) [341]. This selection of descriptors allows us to assess the

physicochemical properties during the intermediate stages of Aβ16−22 dimer forma-

tion.

7.3.2.5 TN for Aβ16−22 dimerization without GAGs

The TN for the dimerization of Aβ16−22 without any GAG (Figure 92) confirms the

conclusion from our earlier results [3, 341]. The formation of antiparallel β-sheets

is the dominant motif during this aggregation process. These β-sheets can evolve

from a so-called encounter complex which forms as a result of electrostatic attrac-

tion between K16 of one of the peptides and E22 of the other peptide (green node).

In-register and out-of-register β-sheets emerged. The latter are shifted by only one

residue which still allows for salt-bridge formation between the termini (blue, orange

and magenta nodes). The formation of only one salt bridge prevails, even though in

most of the antiparallel β-sheets two K16–E22 salt bridges are in principle possible.

This includes the in-register β-sheet (cyan node) where the side chains of one of the

K16–E22 pairs rather point away from each other and interact with surrounding water

molecules instead. In addition to the electrostatic interactions between the terminal

residues, the in-register, antiparallel β-sheet gains in stability over the out-of-register
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geometry by forming more hydrophobic contacts, the number of which grows when

going from left to right in the TN representation, as well as H-bonds. Figure 93A

shows that on average five backbone H-bonds are present between the two peptides

in the antiparallel β-sheet that prevails toward the end of this 5 µs simulation.

Figure 92: Transition network for the dimerization of Aβ16−22 monomers in the absence of
GAGs. The nodes are characterized by following descriptors: (OS,HC,C,β), where
some of the descriptor values are combined into ranges to reduce the number of
nodes. The node color is based on the number of hydrophobic contacts: monomer
with HC = 0 (red), dimer with HC = 0 (green), 1 6 HC 6 5 (blue), 6 6 HC 6 10
(orange), 11 6 HC 6 15 (magenta), HC > 15 (cyan). The size of the nodes and
thickness of the edges represent their probabilities. In the case of the nodes, the
probabilities are also provided as numbers. For the nodes corresponding to dimers,
representative snapshots are shown, where the peptides are displayed as cartoon
and colored according to their secondary structure (see color key in Figure 77). The
spheres colored in blue and red represent the N- and C-terminus, respectively.



7.3 results and discussions 190

Figure 93: Evolution of the number of (A) interpeptide and (B) peptide–GAG H-bonds. The
color key for the systems is given inside the right panel. The graphs are smoothed
by showing moving averages. Therefore, the dissociation events in the system
without GAGs are not visible in the corresponding graph for interpeptide H-
bonds. They would correspond to zero H-bonds as the peptides are present as
two monomers when being dissociated.

7.3.2.6 TN for Aβ16−22 dimerization in the presence of HA

The TN for HA confirms that this GAG disfavors the aggregation of Aβ16−22 (Fig-

ure 94). The node representing monomers (red) has a population of 92%. Without

GAGs, this node has a population of only 65%. However, these numbers should

be treated with care as the simulation of the dimerization process without GAGs

involved a considerably smaller simulation box (Table 10). The reason for this is

that the presence of the GAGs requested larger simulation boxes while the simula-

tions without GAGs were already performed as part of one of our other studies [3].

Since the size of the simulation box is expected to influence the equilibrium between

monomeric and dimeric states, it is safer to only compare the structures obtained

from the simulations with and without GAGs. Nonetheless, among the different GAG

systems, the node populations can still be compared with each other. In the presence

of HA, four nodes corresponding to dimers are present. One of them (green) is for the

encounter complex where the only contact is between the oppositely charged termini

of the two peptides. Two of the nodes (orange and magenta) are for dimers involving

β-sheets in a parallel alignment. As explained above, the parallel alignment is sup-

ported by the interaction of K16 with the neighboring GAG molecules, preventing

the repulsion between the two K16 residues. The fourth dimer conformation (blue

node) is rather unstructured, yet with transient β-sheet formation. Overall, in the
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presence of HA not only the dimerization, but also the formation of antiparallel β-

sheets, i.e., the usual aggregation pattern of Aβ16−22 [3, 341] is attenuated. This is

further supported by the fact that the numbers of interpeptide hydrophobic contacts

and H-bonds (Figure 93A) are lower than in all other systems studied here. Interest-

ingly, also the number of H-bonds between Aβ16−22 and HA (Figure 93B) is small

– the smallest among the four GAG systems –, underpinning the conclusion that in

this 2:2 system all intermolecular interactions are reduced.

Figure 94: Transition networks for the dimerization of Aβ16−22 monomers in the pres-
ence of GAGs (see labels). The nodes are characterized by following descriptors:
(OS,HC,C,β), where some of the descriptor values are combined into ranges to
reduce the number of nodes. For further explanations, see Figure 92.

7.3.2.7 TN for Aβ16−22 dimerization in the presence of H6S

In the presence of H6S, aggregation is more favored than in the company of HA.

Thus, the sheer presence of a sulphate group in a GAG has an influence on Aβ16−22

aggregation. H6S encourages the formation of both antiparallel (magenta and cyan

node with a combined population of 7%) and parallel alignments (orange and blue

node with a combined population of 3%). Despite the perfect alignments, the ten-
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dency of β-sheet formation in the dimers with H6S being present is reduced. This

can be explained with the competition of building H-bonds between Aβ16−22 and

H6S or between the two peptides (Figure 93). Nonetheless, at times more than five

interpeptide H-bonds are formed, which are, however, only transient and thus less

stable than in the Aβ16−22 dimer in bulk water.

7.3.2.8 TN for Aβ16−22 dimerization in the presence of C4S

The contact map revealed that C4S is the GAG which exerts the largest effect on

the ordering of the Aβ16−22 dimer, leading to the preferential formation of an in-

register, antiparallel alignment of the two peptides (Figure 86). The same finding

reflects itself in four of the five nodes corresponding to dimers in the TN for the C4S

system. Only the green node corresponds to different dimer conformations, namely

the encounter complexes, while all other nodes harbor antiparallel structures with

increasing amounts of hydrophobic contacts when going from left to right in the TN

representation. However, in several of these dimers the amount of β-sheet is quite low,

which is supported by the very low number of interpeptide H-bonds (on average, less

than one) that formed for 1 < t < 4 µs (with t being the simulation time, Figure 93A).

As for H6S, more such H-bonds are possible (t < 1 µs and t > 4 µs), yet they are

transient. Interestingly, the number of H-bonds that Aβ16−22 establishes with C4S is

also low.

7.3.2.9 TN for Aβ16−22 dimerization in the presence of C6S

Like HA, C6S encourages the formation of a parallel alignment between the two

Aβ16−22 peptides. This is best seen in the corresponding contact map (Figure 86),

but also visible in the structures shown along with the TN. Even the representative

encounter complex (green node) has the two K16 residues next to each other. This

would usually lead to an electrostatic repulsion, which is however avoided due to

the synchronous interaction of K16 with C6S. The analysis of the interpeptide elec-

trostatic interactions (Figure 95) supports that the neighboring K16 residues do not

give rise to Coulomb repulsion. The energy map is similar in the presence of HA,

while for the H6S and C4S systems and especially for the one without GAGs the elec-
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trostatic attraction between K16 and E22 is the dominant force. Without GAGs, this

interaction has the main ordering effect on the resulting Aβ16−22 dimers, while in

the presence of GAGs the ordering effect stems from the interaction with the GAGs

and the interaction between the hydrophobic-core residues. Also similar to the HA

system, the C6S system lacks the node corresponding to HC > 15. Since these are the

two systems with the highest tendency to form parallel alignments, the conclusion

is that this alignment reduces the hydrophobic contact area. A possible explanation –

supported by both the contact probability maps and representative dimer conforma-

tions – is that the like charges cause the neighboring termini to point away from each

other, which in turn also reduces the contact probability between the directly follow-

ing L17–L17 and A21–A21 pairings. The presence of C6S, like that of the other GAGs

and for the same reasons, reduces the amount of β-sheet in the Aβ16−22 dimer. In

fact, after HA, C6S leads to the second strongest depletion in interpeptide H-bonds,

which are however not compensated by Aβ16−22–C6S H-bonds (Figure 93).

Figure 95: Average interpeptide electrostatic energies between the residues of the two
Aβ16−22 peptides as obtained from the simulations of Aβ16−22 dimerization with-
out GAGs (upper left panel) or in the presence of GAGs (label on top of each
panel) at 2:2 stoichiometry. The interaction energies (kcal mol−1) are according to
the color key on the right. The red and blue colors denote repulsive and attractive
interactions, respectively.
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7.4 conclusions

In this chapter, we studied the influence of various GAGs on the conformational pref-

erence and dimerization of Aβ16−22, which contains the hydrophobic core of the Aβ

peptide associated with Alzheimer’s disease. To this end, MD simulations on the mi-

crosecond time scale were performed, modeling the various GAGs and Aβ16−22 in

a 1:1 and a 2:2 stoichiometry. For the GAGs, we considered HA as a nonsulphated

GAG as well as H6S, C4S, and C6S as sulphated GAGs (Figure 3 on page 13). The

1:1 simulations revealed that either GAG and Aβ16−22 interact with each other, yet

the mutual effects are small. The GAGs become somewhat more flexible in the pres-

ence of Aβ16−22 and also adopt coil and even a few spherical-shape conformations.

The same applies to Aβ16−22, whose high preference for extended structures as a

monomer [3, 341] is slightly reduced in favor of turns in the presence of the GAGs.

The 2:2 simulations, on the other hand, revealed a profound effect of the GAGs on

the dimerization of Aβ16−22. In solution, the peptide has a high propensity to ag-

gregate into an in-register, antiparallel β-sheet structure (Figure 92) [3, 341], which is

also present in the amyloid fibrils of Aβ16−21 [240]. In the presence of the GAGs, the

amount of β-sheet present in the dimers is generally lower as a result of the compe-

tition between interpeptide and peptide–GAG interactions. The latter, however, does

not involve many H-bonds, but are dominated by electrostatic interactions involv-

ing K16 and negative charges found in the GAGs. This interaction allows Aβ16−22

to aggregate into parallel alignments since it prevents the two lysine residues from

interacting with each other. Even though the amount of β-sheet is smaller than for

the Aβ16−22 dimer in solution, the GAGs have an ordering effect on the resulting

dimer structures. In-register parallel or antiparallel alignments between the two pep-

tides are clearly preferred. This can be explained with the reduced influence of the

charged residues K16 and E22 in the presence of the GAGs, which strengthens the

influence of the van der Waals interactions during the aggregation process. They are

strongest if the contact area between the two peptides is maximal, which is the case

for perfect alignment.
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The effects of the different GAGs on Aβ16−22 are generally similar and the dif-

ferences are subtle. In comparison to HA, the sulphation in H6S, C4S and C6S in-

creases the interaction strength between them and Aβ16−22. However, the interac-

tion strength is not always correlated with the effects on Aβ16−22. This excludes C6S

which forms the strongest contacts with Aβ16−22 at both the 1:1 and 2:2 ratio and

also causes the most substantial changes in the Aβ16−22 monomer and dimer struc-

tures. The sulphate group of C6S is well exposed and therefore interacts strongly

with K16, causing these effects. HA, on the other hand, has the weakest interactions

with Aβ16−22, but nonetheless has more pronounced consequences on Aβ16−22 as

H6S has. Thus, further studies are needed to fully elucidate the interplay between

amyloid aggregation and GAG interactions.

In summary, we find that GAGs have a noteworthy effect on the ordering of the

peptides during the aggregation process. While we have not observed an increased β-

sheet amount in the Aβ16−22 dimers – as concluded from experiments of full-length

Aβ [19, 289] –, the increased ordering should lead to enhanced β-sheet formation if a

dimer that built following the interaction with a GAG molecule is the starting point,

i.e., the nucleus for larger aggregates. Our future simulations including GAGs and

six or even more Aβ16−22 peptides will show whether this hypothesis holds true.

Moreover, we will also address how Aβ-42 behaves in the presence of the different

GAGs. Our current simulation results support the view that GAGs act as a template

for amyloid aggregation [19], and that the aggregation is largely influenced by elec-

trostatic interactions between the negative polyelectrolyte charges of the GAGs and

the positively charged side chains [84, 333, 334].
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C O N C L U S I O N S A N D F U T U R E D I R E C T I O N S

Peptide aggregation is a complex problem. The peptides in this problem lack a or-

dered three-dimensional structure and are also known as IDPs. The aggregation

phenomena of these IDPs into highly structured amyloid fibrils is a cause or asso-

ciated symptom in diseases such as Alzheimer’s disease and 50+ neurodegenerative

diseases [229, 345, 346]. A variety of biomolecules can also influence the formation

of these aggregates, such as GAGs, although their mechanisms of action are still

largely unknown. An intriguing way to circumvent the aggregation process or de-

signing drugs against neurodegenerative diseases is to elucidate the underlying se-

quence–structure–function relationship altogether for the IDPs coupled with their

interaction with other biomolecules. Experimental approaches reveal that toxicity of

the transient oligomeric species formed during the aggregation pathway is the key

element in the onset of degeneration of brain cells. However, understanding the con-

formational heterogeneity of the oligomeric species and their preceding monomers

via experiments is an arduous process. In this thesis, I used MD simulations to inter-

pret the peculiarities of amino acid sequences in the conformational flexibility and

structural plasticity of Aβ, the folding mechanisms of Aβ in the presence of GAGs,

and provide a detailed understanding of their aggregation process in different cellu-

lar environment. Coupled with it, I also discussed about the quality of FFs which is

required to model both folded and non-folded peptide (IDPs).

In Chapter 4, I discussed the accuracy of seven FF/water combinations by vali-

dating against the thermodynamic and kinetic data derived from experiments. The

detailed comparison with NMR and FRET data, allows us to conclude that A99SB-

UCB produced an Aβ40 conformational ensemble that is best in agreement with

experiment results. The second best performance was found for A99SB-ILDN/TIP4P-

D, which can also be recommended for modeling Aβ. Out of the seven FFs, the usage

196
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of two: A03ws and A99SB*-ILDN/TIP3P is clearly discouraged as they produce too

much folded Aβ40 conformations, with too much helix in the case of A03ws and

too much β-sheet with A99SB*-ILDN/TIP3P. Concurrently, acceptable results were

produced for A99SB-disp, C22*/TIP3P, and C36m. Even though C36m was explicitly

developed for IDPs, it does not lead to a better performance than C22*/TIP3P.

In summary, the recommendation is to use A99SB-UCB when simulating Aβ, a FF

that was carefully optimized on atom-type basis. To further improve the performance

of this FF for Aβ, special attention should be devoted to the sequence 9GYEVHH14

as here the deviation from the experimental J-couplings is the largest. However, it

should be noted that comparison between the MD ensembles discussed here and

the NMR results has certain limitations in the conditions used, as the former were

generated at 300 K while the latter were obtained at 277 K. A recent MD simulation

study of histatin 5 at 277 K prevented us from performing the simulation again, has

revealed that for histatin 5 the current FFs fail to capture the temperature dependence

of IDP structures, i.e., the increase in folding upon temperature increase cannot be

modeled. The conformational ensemble of histatin 5 produced at room temperature

looks almost identical to that obtained at 283 K. Using this analogy of histatin 5, one

can speculate that FFs that produce extended structures of Aβ40 at 300 K will most

likely also yield extended structures at 277 K, while A03ws and A99SB*-ILDN/TIP3P

are likely to still produce collapsed and partially folded structures. The temperature

dependence of the conformational ensemble of IDPs still needs to investigated in

future and also mechanism of FF development, i.e. experimental conditions used

based on which FF are reparameterized.

In Chapter 5, the major conclusion is again in the context of FFs but with respect

to peptide aggregation of Aβ16−22 and its mutants. The simulation studies included

FFs specifically designed for IDPs, such as A99SB-disp and C36m but also older FFs

like OPLS-AA and Gromos54A7. In comparison to the older FFs, the new improved

FF versions incorporated optimized backbone torsion parameters, addition of CMAP

corrections and/or stronger van der Waals interactions between peptide and water. In

the case of A99SB-disp (A99-d) the number, and the strength of the H-bonds between

the peptide and water is greatly increased which leads to the formation unstable
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aggregates. Whereas with C36mW, the introduction of stronger van der Waals in-

teractions between peptide and water in C36m, does not lead to major changes in

the aggregation propensity of Aβ16−22 and its mutant F19L with the formation of

ordered and stable aggregates validating experimental observations [241]. The only

exception being the mutation of F19V/F20V in Aβ16−22 which leads to decreased

propensity in C36mW because of increased solvation characteristics of peptides. The

peptide aggregation characteristics of A99SB-disp and A03ws are found to be very

similar [232], A03ws is the same FF which was discouraged for modeling Aβ. The

A99SB-UCB FF which was identified to be best suitable for modeling of IDPs in

Chapter 4 [268], was found to form unstable aggregates as shown in Figure 96. So, in

general peptide FFs which were speculated to be accurate for modeling monomeric

IDPs are considered unsuitable for studying aggregation kinetics of IDPs.

Figure 96: (A) Average oligomer size as a function of time for wt (red) using A99SB-UCB. The
graphs are averages over one trajectory of wt using A99SB-UCB. (B) Interpeptide
contacts found in the aggregates formed in the simulation ofwt using A99SB-UCB.

The C36m and C36mW are found suitable to reproduce experimental aggregation

propensities of Aβ16−22 and its two mutants. This concludes that these two FFs incor-

porates somewhat balanced peptide–water interactions. In addition, future FF repa-

rameterisations should still include careful revisions of the van der Waals interactions

between peptide and water, and experimental observables, such as the translational

diffusion of different IDPs, as well as conformational characteristics of the monomeric

state. Nowadays, such information will aid machine learning models that have made

significant impact on the analysis of peptide simulations. As noted above, armed with

an accurate protein force-field and computational resources, we could simulate the
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dynamics of a peptide long enough to sample its equilibrium distribution. However,

the problem of extracting the essential information from the simulation, and to val-

idate it to experimental measurements still persists. With the help of unsupervised

learning methods can help to extract metastable states from high dimensional simu-

lation data by representing the classical energy function of a system as a function of

the atomic coordinates to reproduce experimentally relevant properties.

In Chapter 6, I introduced a different biomolecules known as GAGs. The aim of

this chapter was to assess the influence of monosaccharide composition, glycosidic

linkage, sulphation sites, salt types, and salt concentrations on the conformational en-

sembles of GAGs. It was observed that polymeric GAG chains in solution can assume

a number of configurations that contribute to their entropy. Heparan-6-sulphate, was

considered the most flexible GAG, followed by chondroitin-6-sulphate, chondroitin-

4-sulphate and hyaluronic acid. But at higher salt concentrations of 150 mM, the

flexibility of heparan-6-sulphate and chondroitin-6-sulphate was reduced compared

to their behaviour at 0 mM salt concentration due to the presence of anions. A general

conclusion is that the GAGs have an intrinsic preference for extended structures, but

such phenomena is inconsistent because of sulphate moieties, especially at position

6, and interaction with cations.

In Chapter 7, I integrated the information from Chapter 5 regarding FF, and con-

formational characteristics of GAGs from Chapter 6 to understand the influence of

different GAGs on the conformational preference and dimerization of Aβ16−22. It is

revealed that GAGs have a noteworthy effect on the ordering of the peptides during

the aggregation process of Aβ16−22, but the dimers are bereft of the β-sheet content.

But it is assumed that increased ordering of the peptides should lead to enhanced β-

sheet formation. The driving force behind the aggregation process is the electrostatic

interactions between the negative polyelectrolyte charges of the GAGs and the posi-

tively charged side chains of the Aβ16−22 peptide. Conversely, GAGs become more

flexible in the presence of Aβ16−22 and adopt coil and even spherical-shape confor-

mations. It is clearly understood that GAGs play a crucial role in the aggregation

process of Aβ16−22 and other IDPs [347], so it is of utmost importance to elucidate

the underlying mechanisms of physiological and pathological activities of GAGs. A
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key help from neural network models, would enable us to model artificial GAGs that

can regulate the function of GAGs.
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