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Molecular level self-assembly/aggregation processes are common in biomolecular systems.

Specifically, aggregation of protein molecules results in formation of amyloid deposits, that

has been associated with neuronal dysfunction leading up to neurodegeneration. The protein

aggregation is often influenced by several external physiological features, which can modulate

this pathological process in a specific or non-specific manner. This thesis aims to elucidate

the role of such factors in amyloid aggregation in the context of neurodegeneration. As test

cases, we have focused on different fragments of Amyloid-β peptide and Huntingtin protein

and explored common interaction schemes in the presence of phospholipid membranes, solvated

glucose molecules and added trailing sequences.

Phospholipid membranes, composed of a heterogeneous distribution of lipid molecules,

serve as packaging envelopes in cellular systems. But several studies have suggested a role

of cellular membranes in abetting protein aggregation in neurodegenerative diseases. The first



section of this thesis explores Aβ 16-22 aggregation in the presence of membranes. Lipid

membranes have been shown to modulate peptide aggregation in a charge dependent manner

with anionic membranes promoting faster peptide aggregation into ordered fibrillar structures

compared to zwitterionic membranes. In this work, we evaluate the role of this electrostatic

membrane headgroup charge on Aβ 16-22 peptide aggregation with model lipid membranes

composed of POPC (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine) and POPS (1-palmitoyl-

2-oleoyl-sn-glycero-3-phosphoserine) lipids. Beyond, membrane charge, membrane’s physical

organization can also affect peptide-peptide and peptide-membrane interactions. Here, we have

curated the effects of applied surface-tension, as a proxy for membrane curvature, on peptide

fibrillation propensities.

Apart from ordered structures such as membranes, solvated small molecules are a large

class of molecules that can affect aggregation patterning by affecting peptides through both

specific and non-specific interactions. The second section of this thesis explores Aβ 16-22

aggregation in varying hyperglycemic conditions, to draw correlations between Alzheimer’s

disease and type 2 diabetes. Here, we discovered that the glucose prefers partitioning onto the

aggregate-water interface in a specific manner, leading to a loss in rotational entropy that propels

peptide aggregation.

In the final section, we discuss the case of pathological peptide aggregation in the case

of Huntington’s disease. Broadly, Huntinting protein’s N-terminal region which consists of 17-

residue N-terminal domain (N17) and the following Glutamine repeat tract (Poly-Q) are our

objects of interest and associated with pathological aggregation. The aggregation landscape of

N17 is analyzed in presence of added different lengths of trailing Poly-Q tract and the presence

of curved membranes.



We have approached our research through a computational lens using molecular dynamics

simulations. To address the relevant concerns of large spatio-temporal scales necessary to study

peptide aggregation systems with molecular simulations, we have developed a coarse-grained

forcefield (ProMPT: Protein Model with Polarizability and Transferability) that uses reduced

spatial resolution to accelerate phase-space exploration. The forcefield can capture secondary

and tertiary folding of protein structures with minimal constraints, and is transferable across

biomolecular systems without a need for re-parametrization.

My dissertation presents a holistic picture of peptide aggregation and various physiological

factors that affect it, with biomolecular simulation across multiple scales.
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Chapter 1: Introduction

1.1 Objective of Thesis

Peptide misfolding and accumulation of aberrant proteinaceous amyloid-like aggregates is

a recurrent theme in numerous diseases associated with neuronal dysfunction such as Alzheimer’s

disease (AD), Huntington’s disease (HD) and Parkinson’s disease (PD) [1]. In particular, with

progressive increase in the aging population, neurodegenerative diseases present a significant

current social and economic challenge.

In this thesis, I have focused on fragments of Amyloid-beta (Aβ) peptide associated with

Alzheimer’s disease and Huntingtin protein associated with Huntington’s disease as test cases to

understand interaction schemes that drive this self-association behavior. A detailed understanding

of the molecular mechanisms and pathological event pathways of peptide’s conformational changes

and self-association can aid towards development of rational therapeutics. But such aggregation

processes do not occur in isolation and are often affected by the presence of several physiological

factors such as biomembranes. Previous research has implicated the importance of environment

in protein folding and aggregation pathways [2–5]. Moreover, common pathways for amyloid

aggregation related cytotoxicity and inhibitory mechanisms involve biomolecular structures, such

as lipid membranes and the extracellular matrix [6–9]; and mutations/modifications. This thesis

explores the impact of membranes, varying concentration of glucose molecules and addition of
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trailing lengths of glutamines on aggregation behavior of fragments of Aβ and Huntingtin protein.

While, wet-lab experiments are essential for our understanding of biological systems, they

can suffer from some specific disadvantages. Experimental investigations into structural features

of amyloid - environment interaction is limited due to extensive structural heterogeneity and

complex competing interactions. Moreover, the disordered nature of these peptides is highly

susceptible to local environmental alterations and generate experimental artifacts which often

remain unaccounted for, leading to controversial results. This has also led to diverging interpretations

to same/similar experimental results.

Computer simulations and molecular modeling, aided by statistical thermodynamics can

provide insights on how complex bio-molecular systems behave beyond what theory and experiments

can deliver separately. Molecular dynamics (MD) simulations involve analyzing the spatial and

temporal motion of atoms derived from a system’s model Hamiltonian (forcefield), to generate

both atomic-scale structural and kinetic insights. It can be particularly ideal for characterizing

transient peptide structures which are difficult to study experimentally and has been widely

used to evaluate heterogeneous ensemble of structures generated by amyloid peptides, with

appropriate controls for environmental factors [10–13]. While traditional atomistic simulations

provide higher resolution and more detailed insights about the peptide-based biomolecular systems,

the spatio-temporal scales to study conformational transitions and peptide/aggregate - environment

interactions cannot be reliably achieved by present-day computational machineries. This necessitates

the need for specialized tools to access such time scales and length scales. Towards this direction,

for advanced sampling protocols — both biased and unbiased simulations have been developed.

Biased simulation methods such as metadynamics and umbrella sampling, improve exploration

of phase space along particular reaction coordinates, whereas unbiased methods such as replica
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exchange (REMD, H-REMD) seek for a more general enhancement of sampling. But these

methods require significant computational resources and can be particularly unfeasible for large

spatiotemporal processes such as peptide aggregation [14–17]. On the other hand, due to fewer

number of particles – resulting in lowered resolution and a smoother free-energy landscape,

coarse grained (CG) MD can provide a more holistic picture for such multi-agent phenomena

in larger biomolecular systems [18].

In my research, I have developed coarse-grained models and used molecular dynamics

with these CG models to curate how the presence of physiological features — membranes, local

enhancement of cosolutes (glucose molecules) and added trailing polar sequences can affect

the structural properties and kinetics of peptide aggregation. This thesis address three primary

objectives.

• Explore the impact of membrane charge and membrane curvature on aggregation of Amyloid-

Beta (Aβ) peptide’s central hydrophobic core (Aβ 16-22).

• Understand the effects of hyperglycemic conditions on aqueous aggregation of Aβ CHC.

• Study the impact of membrane curvature and the presence of polyglutamine (Qn) repeats

on aggregation behavior of Huntingtin protein’s N-terminal domain (N17).

1.1.1 Effects of Membrane charge and structure on aggregation of Amyloid-

Beta (Aβ) peptide’s central hydrophobic core (Aβ 16-22)

In the first section of the thesis, I focused on how membranes can affect aggregation

patterning and kinetics of Amyloid-beta aggregation. Amyloid plaques and neurofibrillary tangles,
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contributing to progressive cognitive decline have been established as hallmarks for Alzheimer’s

disease [1]. The amyloid cascade hypothesis, has been widely accepted by neuropathologists

as the primary model of AD pathogenesis. According to this hypothesis, oligomerization of

Aβ peptides initiates a cascade of events, culminating in neuronal dysfunction and dementia.

Pathogenic Aβ peptides are about 39–43 residue long intrinsically disordered peptide in aqueous

solution and ordered alpha helix rich structures in apolar environments, formed from successive

incisions by β-secretase and γ-secretase, which can aggregate into β-sheet rich aggregates.

Mammalian cell membranes are dynamic and complex microsystems of significant physiological

relevance. The lipid membranes are self-assembled biological structures composed of lipid

molecules — amphiphilic molecule with a hydrophilic head and a hydrophobic alkyl tail. These

molecules are highly diverse in chemical specificity due to variations in the head and tail types

and therefore impart varying physico-chemical properties to membranes. Phospholipids are the

primary component of cellular membranes, marked by the presence of a phosphate group at the

“head”. The net charge on a lipid molecule has been shown to modulate membrane properties and

function. Therefore, although zwitterionic lipid molecules particularly 1-palmitoyl-2-oleoyl-sn-

glycero- 3-phosphocholine (POPC) forms a significant fraction of lipid molecules in mammalian

cells [19], anionic lipids such as 1-palmitoyl-2-oleoyl-sn-glycero-3-phospho-l-serine (POPS) [20,

21], which predominantly exist in the inner leaflet, plays a more significant role in cellular

signaling pathways and interactions with peptides. The production of Aβ peptides occurs in

a membranous environment, exposing the peptides to a number of lipid–peptide interactions.

Also, the perturbation of cellular membranes, followed by ion-dysregulation due to oligomeric

forms of Aβ peptides is hypothesized to be a central part of Aβ assisted AD pathology [22–

24]. Therefore, a mechanistic understanding of bio-mechanical interactions of Aβ peptides
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with cellular membranes is necessary to gain insights into the amyloid cascade pathway. Aβ

peptides have been shown to exhibit varying aggregation patterns on lipid bilayers depending

on their structure and composition. CD and Thioflavin T assay studies of unilamellar vesicles

have revealed an accelerated aggregation of Aβ 16–28 peptides into ordered beta sheets on an

anionic bilayer (DPPG) as compared to a zwitterionic bilayer (DPPC) [25]. In addition, an AFM

experiment using supported bilayers has shown that the disruption of zwitterionic membranes

(DOPC) is higher than that of anionic membranes (DOPG) in presence of Aβ peptides [26].

Recent evidence from imaging studies using TEM, AFM and total internal reflection fluorescence

microscopy has suggested that small unilamellar vesicles (SUVs) with a larger curvature promotes

amyloid fibril formation when compared to large unilamellar vesicles [27, 28]. Therefore, the

interaction of Aβ peptides with cellular membrane can result in complex changes in energetics

and kinetics of structural transitions and can also result in significant membrane disruptions. The

interactions are highly heterogeneous with significant dependencies on membrane composition,

oligomer structure, peptide/lipid ratio and cellular environment.

Experimental characterization of peptide aggregates by X-ray diffraction has revealed common

structural features such as a cross beta sheet architecture [29, 30]. Structural studies of Aβ

peptides by solid state NMR, hydrogen–deuterium exchange and electron microscopy have also

shown the presence of similar cross beta sheet patterns [31]. The central hydrophobic core

(CHC), residues 17–21 (L–V–F–F–A) of the complete Aβ, is crucial for fibrillation [32–36].

In addition, solid state NMR studies have confirmed that Aβ 16–22 (K–L–V–F–F–A–E) is one

of the the smallest peptide sequences capable of forming highly ordered, stable beta sheet rich

fibrils at neutral pH [37]. Therefore studies of the structural and kinetic properties of a simpler

tailorable model peptide, Aβ 16–22, can provide a better understanding of the molecular forces
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responsible for fibril formation/elongation [38–40].

A morphological characterization of Aβ oligomers is difficult due to its transient and

soluble nature. On the other hand, computational studies, particularly molecular dynamics (MD)

can be an ideal alternative to access this small time scale, transient behaviour. Atomistic simulations

often coupled with advanced sampling techniques have been extensively implemented to study

small-scale peptide oligomerization in solution. Some recent atomistic studies on peptide–lipid

interactions have investigated pre-formed membrane-inserted oligomers and the very initial phases

of oligomer–lipid interactions [11,13,41]. Due to high computational costs and sampling issues,

atomistic simulations have not been used to study peptide aggregation on lipid bilayers starting

from a solvated monomeric configuration. Coarse grained molecular dynamics (CG-MD), which

provides a reduced resolution description of a system and significantly improved sampling of a

protein conformational landscape is an effective tool to study complex systems with extended

spatio-temporal scales, specifically peptide aggregation starting from monomeric peptides.

With our in-house developed coarse grained model (WEPPRO/WEPCGM) we were able

to study the imapct of membrane charge through model membranes created with zwitterionic

(1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine: POPC) and anionic (1-palmitoyl-2-oleoyl-

sn-glycero-3-phospho-L-serine: POPS) membranes. We also curated the effects of membrane-

curvature (expressed through changes in applied surface-tension) on Aβ fragment’s aggregation

behavior.
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1.1.2 Effects of hyperglycemic conditions on aqueous aggregation of Aβ 16-22

In the second section, I have focused on more disordered and non-specific interactions

associated with the presence of co-solvated sugar molecules. Several clinical and molecular

studies have outline pathological correlations between type II diabetes (T2D) and Alzheimer’s

disease [42–45]. Insulin resistance and improper sugar metabolism are the established outcomes

of T2D, which can result in increasing the blood sugar content (hyperglycemia). This has

engendered studies to understand this effect of hyperglycemia on Alzheimer’s disease. Recent

structural evidences have established that chemical crosslinks generated by glycation of lysines,

thereby preventing the peptide aggregates from dissolution as the primary correlation between

increased severity of Alzheimer’s in T2D patients [46–48]. But this idea was recently challenged

with experiments reporting a time-scale separation between increased aggregation in presence of

sugar molecules and formation of chemical crosslinks, which happen at a later point [49]. This

points to a possible alternate thermodynamic mechanism. In this section, we aim to investigate

this pathological correlation from a thermodynamic perspective with coarse-grained molecular

simulations.

1.1.3 Impact of membrane curvature and the presence of polyglutamine (QN)

repeats on aggregation behavior of Huntingtin protein’s N-terminal domain

(N17)

Another neurodegenerative disease that involves progressive amyloid deposition and associated

membrane disruption is Huntington’s disease [50–52]. The pathogenesis of dominantly inherited
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Huntigton’s disease is linked to fibrillar nano-scale deposits of Huntingtin protein (htt). A mutant

htt gene (with multiple CAG repeats) encodes variants of htt protein with an anomalous expanded

homopolymeric Poly-Q sequence that aids the aggregation process. While the flanking amino

acid residues, particularly, the first 17 N-terminal amino acid residues (N17) modulate aggregation

behavior and lipid binding by formation of amphipathic alpha helix, the length of Poly-Q tract

directly participates in aggregation and generation of a variety of aggregate species — oligomers

and larger fibrillar structures. Several reports indicate htt protein interacts with membrane, either

through intracellular vesicular transport, or by association with Endoplasmic reticulum and Golgi

apparatus [53]. In addition, the pathogenesis of Huntington’s disease is hypothesized to proceed

through mitochondrial dysfunction. But the membrane interactions of htt and polyQ deposits

have not been fully characterized.

Huntington’s disease is among a larger section of diseases marked by the presence of

expanded poly-glutamine tract [53–55]. While, some global common themes have been suggested

for structural details of N17, the stuctures at the poly-Q tract and the impact of poly-Q tract on

N17-poly-Q aggregation remains ill defined. As such, in this section, we focus on the impact

of poly-Q on the conformational landscape and aggregation of Huntingtin protein’s N-terminal

domain.

Moreover, similar to Aβ, both membranes and oligomers are affected by htt-membrane

association. Solution AFM studies have reported oligomeric and fibrillar deposits over mica

surface [56, 57]. Studies have demonstrated an alteration in htt alpha helical content in presence

of POPC and POPC/POPS SUVs [58]. AFM studies with Total Brain Lipid Extract (TBLE)

suggests local alterations of bilayer compressibility on interaction with htt oligomers [59]. Investigations

by Chaibva et al. suggested an enhanced peptide binding and aggregation propensities with
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increase in membrane curvature [60].

The intrinsically disordered nature of N17, similar to Aβ peptides, in solution makes

experimental characterization difficult. The transience of peptide conformations has necessitated

the need for computational investigations. While scarce in number, atomistic molecular simulations

keep reiterating the importance of N17 in driving membrane interactions. Due to the associated

structural transitions and complexity at capturing accurate environmental effects (such as local

dielectrics), coarse-grained simulations of N17-membrane interaction has not been attempted yet.

A coarse grained forcefield capable of encoding environmental features and generating structural

transitions can be an essential tool to study N17’s behaviour in membranous environments.

The relation between neurodegeneration and membrane curvature has been established for

several peptide sequences — Tau, Aβ, α-synuclein and huntingtin [61, 62]. One recurring theme

among such peptides is the presence of a membrane binding amphipathic helical (AH) motif.

The AH motifs can bind to membranes and significantly retard peptide diffusion, which could

in turn promote peptide aggregation [63]. Due to shortness of its sequence, the AH motif of

the Huntingtin protein (Huntington’s disease) can be reliably used as a model to investigate

this behavior, and provide a general outline how neurodegenerative AHs can sense membrane

curvature. In addition, the amphipathic nature of this model N17 can be treated as a window into

the biophysical properties of similar amphipathic helical regions, often prevalent in neurodegenerative

peptides such as tau and α synuclein [61].
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1.2 Outline of Thesis

In chapter 2, I introduce the coarse grained model for proteins (Water Explicit Polarizable

PROtein Model: WEPPRO) and membrane (Water Explicit Polarizable MEMbrane Model: WEPMEM)

that has been developing in our lab over years. Here, I present an overview of the forcefield and

discuss its benefits and potential applications.

In chapter 3, I explored differential patterns of membrane-induced Aβ 16–22 (K–L–V–F–F–A–E)

aggregation from the microscopic perspective of molecular interactions. In agreement with

experimental observations, anionic POPS molecules promote extended configurations in Aβ

peptides that contribute towards faster emergence of ordered β-sheet-rich peptide assemblies

compared to POPC, suggesting faster fibrillation. In addition, lower cumulative rates of peptide

aggregation in POPS due to higher peptide–lipid interactions and slower lipid diffusion result in

multiple distinct ordered peptide aggregates that can serve as nucleation seeds for subsequent Aβ

aggregation.

In chapter 4, I introduce the effects of POPC membrane curvature (using applied surface-

tension as proxy) on Aβ 16-22 aggregation. This work presents a mechanistic and morphological

overview of the relationships between the biomembrane local structure and organization, and Aβ

peptide aggregation.

In chapter 5, I adopt coarse-grained molecular dynamics simulations to investigate protein

aggregation behavior with Aβ 16-22 peptides in near-pathological hyperglycemia. Here, we

uncovered entropic effects that direct glucose concentration-induced increased aggregation of

peptides.

In chapter 6, I discuss the development of a new transferable CG forcefield — ProMPT
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with an explicit representation of the environment for accurate simulations with proteins. The

forcefield consists of a set of pseudo-atoms representing different chemical groups that can be

joined/associated together to create different biomolecular systems. This preserves the transferability

of the forcefield to multiple environments and simulation conditions. We have added electronic

polarization that can respond to environmental heterogeneity/fluctuations and couple it to protein’s

structural transitions. The non-bonded interactions are parametrized with physics-based features

such as solvation, and partitioning free energies determined by thermodynamic calculations and

matched with experiments and/or atomistic simulations. The bonded potentials are inferred from

corresponding distributions in non-redundant protein structure databases. We present validations

of the CG model with simulations of well-studied aqueous protein systems with specific protein

fold types- TRP-cage, TrpZip4, Villin, WW-domain and β-α-β. We also explore the applications

of the forcefield to study aqueous aggregation of Aβ 16-22 and dimerization of Glycophorin A

in presence of Dodecylphosphocholine (DPC) micelles.

In chapter 7, we examine the impact of pathological glutamine repeats on peptide structure

and aggregation, with the coarse-grained model developed in chapter 6 — ProMPT. Here, we

curated a list of structural features for N17 with different lengths of poly-glutamine repeats, both

as a single peptide, and the peptide in its aggregate form. Increase in the length of trailing

polyglutamine tract resulted in a reverse-micelle architecture with the aggregate core dominated

by fibrillar poly-glutamine tract, and a disruption of the traditional hydrophobic core formed by

bulky hydrophobic groups.

Moreover, we also studied the structural features of the POPC membrane and N17 peptide,

that drives the curvature sensing of the Huntingtin protein. Our simulations delineate gradual

progression of N17 from a dominantly unstructured peptide in solution, to a more structured
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α-helical patch on the membrane. In presence of a curved membrane, we observed that N17

peptides preferentially interact with the curved region. Here, we noted that while the polar and

charged groups drive the initial membrane-peptide interaction, the membrane curvature sensing

is dominantly controlled by the bulky hydrophobic groups.
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Chapter 2: Water-Explicit Polarizable Coarse Grained Model - WEPCGM

2.1 Overview

The application of classical molecular dynamics (MD) simulations at atomic resolution

(fine-grained level - FG), to most biomolecular processes, remains limited because of the associated

computational complexity of representing all the atoms. To address this, coarse-grained models

have been developed. In the past decade, the development of various coarse-grained models

has provided key insights into the driving forces in folding and aggregation. But, models in

literature are either implicit-solvent, non-transferable or cannot study structural transitions. Here,

we discuss the coarse-grained model that was developed by our lab to address these shortcomings.

2.2 Introduction

While, wet-lab experiments are essential for our understanding of biological systems, they

suffer from some disadvantages. Specifically for complex biological systems, wet-lab experiments

are complicated and isolating individual effects/interactions can be very difficult. This can be

crucial for biological systems with many inter-dependent entities. Moreover, experimental results

can have diverging interpretations and are susceptible to environmental fluctuations. As an

alternative, computer simulations can be used to explain and direct experimental research. It
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can be used to characterize molecular biophysics with theoretical precision, while capturing the

impacts of all the interactions in the biological system. Classical molecular dynamics involves

direct numerical integration of Newton’s equations, aided by mathematical functions and parameters

— forcefield, that describe the dependence of system’s potential energy on individual atomic

positions to generate time evolution of molecules. The efficiency and accuracy of bio-molecular

simulations is dependent on mathematical forcefields and packaged molecular dynamics simulation

programs (GROMACS [?], CHARMM [64], NAMD [65] and DLPoly [66], etc.). Some of the

popular chemically specific peptide–lipid forcefield families are Assisted Model Building and

Energy Refinement [67, 68] (AMBER), Chemistry at HARvard Molecular Mechanics [69–71]

(CHARMM), GROningen MOlecular Simulation [72, 73] (GROMOS), Optimized Potential for

Liquid Simulations [74,75] (OPLS). Improvements in parallel computing architecture and use of

graphical processing units have enabled millisecond level atomistic simulations to study protein

folding and unfolding in an unbiased manner.

Figure 2.1: Spatio-temporal scales accessible to different biomolecular methods
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Under rather typical experimental conditions, the time scale of biological events can be

orders of magnitude larger than the time scale achieved by classical molecular dynamics simulations(Fig.

2.1). To address this time-sale issue, many novel techniques have been developed. One such

technique — spatial coarse-graining involves local averaging of atomic positions, which can

smooth out the free energy landscape, and provide computational speed-up. On the basis of

particle-based resolution, molecular dynamics simulations can be broadly classified into all-

atom/atomistic (AA), united-atom (UA) and coarse grained (CG). Coarse grained molecular

dynamics (CG-MD) simulations can be applied to access relevant length and timescales to study

biophysical features such as membrane remodeling, peptide folding and aggregation and membrane-

assisted peptide aggregate’s structural changes. Some novel and popular coarse grained forcefields

include PRIME-20 [76], AWESEM [77], OPEP [78] and MARTINI [79]. In current literature, the

transferable coarse grained forcefields are often either limited by the variations of biomolecule

species they can represent or by the ability to capture secondary/tertiary peptide structures from

primary sequence.

In this chapter, I elaborate on the coarse grained models for proteins (Water-Explicit Polarizable

Protein Model - WEPPROM) and lipid membrane (Water-Explicit Polarizable Membrane Model

- WEPMEM) that I have used in the upcoming chapters [80–82]. This family of coarse grained

forcefields (Water-Explicit Polarizable Coarse Grained Models - WEPCGM) address the current

shortcomings in the coarse-grained forcefields present in literature. These models have an explicit

representation of environment that allows studies with environment-effected biomolecular motion.

With the protein model, we can study structural transitions into secondary structures. Finally,

these coarse-grained models are transferable and do not require re-parametrizations in order to

study different biomolecular systems.
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2.3 Water-Explicit Polarizable Protein Model - WEPPROM

Our protein model was first introduced by Ganesan et al. and has been going through

constant updates. The model can capture structural transitions from a primary sequence of amino-

acids without any added bias. The CG protein can consist of three types of beads - charged

(+/-), hydrophobic (H) and polar (P) mapped in an atomistic amino acid sequence (Fig. 2.2).

Each amino acid’s peptide backbone has been mapped into a single polarizable backbone bead

(BB) with structural polarization added through dummy positive/negative charges (BBp/BBm)

of equal absolute magnitude. These dummy charges are tethered to the central interaction site

(BB) through harmonic restraints. The dummies can interact with the environment through

electrostatic forces and that can result in an induced-dipole effect, adding directionality to peptide

backbone–backbone interactions, and generating secondary and super-secondary structures. The

side-chains are amino-acid length, hydrophobicity and charge specific. The current version of our

coarse-grained model does not account for chirality of protein backbones. The model has been

parametrized with Yesylevskyy et al. ’s [83] polarizable MARTINI water model. Please refer to

Ganesan et al. for more details on model parametrization and finer details of the model [80, 81].

A description of the non-bonded interactions between coarse-grained interaction sites is provided

in Table 2.2

In comparision to the previous implementation, the backbone dummy (D) angle (D-BB-D)

was modified from 0 degree to 180 degrees to mimic the structure of typical peptide bonds. The

modification increases the dipole moment of polarizable peptide backbone beads and stabilize the

formation of secondary structure as in agreement with quantum mechanical calculations . The

original BB-BB-S1 (Backbone-Backbone-first sidechain) angles were removed from the model
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Figure 2.2: A schematic description of peptide coarse-grained model for K-L-V-F-F-A-E.

and replaced by non-bonded interactions between backbone beads to sidechain beads on adjacent

amino acids. Similar to the original implementation of this model, no external dihedral potential

has been used to maintain the secondary structure of the peptide.

2.4 Water-Explicit Polarizable Membrane Model - WEPMEM

Our lipid forcefield complements the protein model and uses same/similar interaction-

center types. Similar to the original MARTINI forcefield, lipids - POPC and POPS in our lipid

model — adapted from WEPMEM [82, 84], are modelled by 13 CG beads each through a 4:1

mapping scheme (Fig. 2.3). The non-bonded interactions between interaction sites is presented in

Table 2.2. At the lipid-headgroup, phosphate (PO4) and choline (NC3) are mapped to a charged
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Table 2.1: Bond and angle parameters in WEPPRO model. BB: Backbone bead, D: dummy
particle, S1: Sidechain 1 bead, S2: Sidechain 2 bead.

bonds Rbond (nm) Kbond (kJ mol−1 nm−2)
BB-BB 0.385 7500
BB-D 0.14 5000
BB-S1 0.25 5000
S1-S2 0.28 5000
angles θ0(deg) Kangle (kJ mol−1)

D-BB-D 180 7.2
BB-BB-BB 109 75

BB-S1-S2 (LYS, PHE) 151 25
BB-S1-S2 (GLU) 180 25

Table 2.2: Non-bonded Lennard-Jones (LJ) interaction strengths in WEPCGM model. Unit of
interaction strength (ϵ) is in kJ/mol. The radius (σ) of all LJ interactions is 4.7Å.

Beads BB (P5) H1 (C1) H2 (C3) C+ (Qd) C− (Qa) Water (POL)
BB (P5) 5.0 2.0 2.7 5.32 5.32 4.75
H1 (C1) 2.0 3.5 3.5 2.3 2.3 1.0
H2 (C3) 2.7 3.5 3.5 2.7 2.7 2.7
C+ (Qd) 5.32 2.3 2.7 3.5 4.0 5.0
C− (Qa) 5.32 2.3 2.7 4.0 3.5 5.0

Water (POL) 4.75 1.0 2.7 5.0 5.0 4.0

coarse grained bead, whereas glycerol-esters (GL1 and GL2) and serine (CNO) are represented

by polarizable beads with structural polarization generated through two dummy charges similar

to the peptide model. Lipid oleoyl tails are designed with five hydrophobic beads, whereas the

palmitoyl tails with four.

In comparision to previous implementation of WEPMEM, the LJ interactions between

peptide backbone bead type P5 (BB) and charged beads (Qd/Qa) were changed from 4 kJ/mol

to 5.32 kJ/mol to avoid overbinding. Also, if the interaction between hydrophobic beads and

water beads are too low, the hydrophobic beads tend to aggregate in the aqueous environment. To

maintain the intricate balance between apolar-water and apolar-apolar interactions, the interactions

between hydrophobic sidechain bead type C1 and water bead type POL were modified from 0.2

kJ/mol to 1.0 kJ/mol. Please refer to Ganesan et. al. for a more detailed validation of the
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Figure 2.3: A schematic description of lipid coarse-grained model

forcefield and other model descriptions [81, 84]. As of now, we have representations for POPC

and POPS only.

2.5 Validations

Our membrane model was validated through several comparisions with atomistic simulations

and experimental reports [81, 82]. With simulations starting from a random distribution of

the lipid molecules in a simulation box, the lipid molecules conformed into well ordered lipid

bilayers, exhibiting reasonable descriptions of lipid behavior. The model WEPMEM membrane

matched the structural, dynamic and electrostatic properties, such as the cross-bilayer density
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profile, area per lipid, bilayer thickness, mean squared displacement, line tension, dipole potential,

dielectric profile, head group orientation and formation of lipid clusters, compared to experiments

and/or all-atom simulations. Our model could also capture the right trend in membrane-interfacial

electric potential compared to the MARTINI model.

Similarly, our protein model could achieve realistic α/β content with patterns created from

hydrophobic-hydrophilic residues [80]. This helped in charecterization of dipole–dipole and

dipole–charge interactions in shaping the secondary and supersecondary structure of proteins.

Formation of helix bundles and β-strands. Moreover, the model could also achieve folding into

ordered β-sheets for elastin like model octa-peptides in presence of a hydrophilic-hydrophobic

interface [85]. In another publication from the group, folding of anti-cancer peptide SVS1 was

studied in presence of model POPC and POPS membrane. Our model could reproduce the

expected folding of SVS1 in presence of anionic membrane into a β hairpin structure [81].

2.6 Limitations

In the current form, WEPCGM suffers from several limitations. While the model has

been shown to reproduce common secondary structures of smaller peptides, it has not been

validated with larger protein structures with complex tertiary packing. In addition, we don’t have

representation for all amino acids with this model. We will address these limitations in the new

version of our CG model that we introduce in Chapter 6 — Protein Model with Polarizability

and Transferability (ProMPT). Similarly, the repository of lipid molecules is also limited with

current representation for POPC and POPS only. Ongoing work in our lab aims to expand this

set to include POPG, POPE and sterols.
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2.7 Conclusion

In this chapter, we introduce the coarse-grained models developed by our lab that I have

contributed to and applied in my research. The coarse-grained model features explicit representation

of the environment, that allows for studying environment assisted structural changes. The presence

of explicit solvent also aids in creating a transferable forcefield without a need for reparametrization

in order to study another biomolecular system. In the upcoming chapters we will use WEPPROM

in conjuction with WEPMEM to study the aggregation of a fragment Aβ peptide in presence of

the membrane and hyperglycemia.
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Chapter 3: Effects of membrane headgroup charge on Amyloid-β 16-22 aggregation

3.1 Overview

This chapter is based on the author’s publication: Pathways of amyloid-beta absorption

and aggregation in a membranous environment. Abhilash Sahoo, Hongcheng Xu and Silvina

Matysiak. Physical Chemistry Chemical Physics, 2019.

Aggregation of misfolded oligomeric amyloid-beta (Aβ) peptides on lipid membranes has

been identified as a primary event in Alzheimer’s pathogenesis. However, the structural and

dynamical features of this membrane assisted Aβ aggregation have not been well characterized.

In this chapter, we explore differential patterns of membrane headgroup -induced Aβ 16–22

(K–L–V–F–F–A–E) aggregation from the microscopic perspective of molecular interactions.

Physics-based coarse-grained molecular dynamics simulations were employed to investigate the

effect of lipid headgroup charge – zwitterionic (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine:

POPC) and anionic (1-palmitoyl-2-oleoyl-sn-glycero-3-phospho-L-serine: POPS) – on Aβ 16–22

peptide aggregation. Our analyses present an extensive overview of multiple pathways for peptide

absorption and biomechanical forces governing peptide folding and aggregation. In agreement

with experimental observations, anionic POPS molecules promote extended configurations in

Aβ peptides that contribute towards faster emergence of ordered β-sheet-rich peptide assemblies

compared to POPC, suggesting faster fibrillation. In addition, lower cumulative rates of peptide
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aggregation in POPS due to higher peptide–lipid interactions and slower lipid diffusion result in

multiple distinct ordered peptide aggregates that can serve as nucleation seeds for subsequent Aβ

aggregation. This study provides an in-silico assessment of experimentally observed aggregation

patterns, presents new morphological insights and highlights the importance of lipid headgroup

chemistry in modulating the peptide absorption and aggregation process.

3.2 Introduction

Aberrant aggregation of peptides and proteins on cellular membranes has been associated

with the pathogenesis of a number of neurodegenerative diseases such as Alzheimer’s (AD),

Parkinson’s (PD) and Huntington’s (HD) disease [86–88]. Alzheimer’s disease, characterized

by extra-cellular amyloid plaques [89–91] and intra-cellular neurofibrillary tangles [92, 93], is a

significant social challenge which has affected 5.7 million people in the United States [94]. The

amyloid cascade hypothesis for AD presents aggregation of a 39-43 residue long intrinsically

disordered peptide-amyloid beta (Aβ) as the trigger for a cascade of events culminating in neuronal

deaths and dementia [95, 96]. Multiple alloforms of Aβ peptides with an intrinsic tendency to

form fibrillar aggregates are created by successive excisions of Amyloid precursor proteins (APP)

by beta secratase in the endosomal pathway and gamma secretase in the plasma membrane

[97–99]. Recent evidences have implicated soluble, low molecular weight Aβ oligomers as

the primary cytotoxic agents, correlating strongly with cognitive defects [4, 5, 100, 101]. The

structural diversity of polymorphic Aβ oligomers contributes towards multiple pathways for Aβ

-induced neuronal toxicity [102].

A broad range of proteins and peptides, regardless of large variations in the amino acid
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sequence, have been shown to form amyloid fibril at high concentrations [103–105]. Experimental

characterization of peptide aggregates through X-ray diffraction has revealed common structural

features such as the cross beta sheet architecture [30, 106]. Structural studies of Aβ peptides

through solid state NMR [31], hydrogen-deuterium exchange [107] and electron microscopy

[108–110] have also shown the presence of similar cross beta sheet patterns. The central hydrophobic

core (CHC), residues 17-21 (L-V-F-F-A) of the complete Aβ is crucial for fibrillation [32–36]. In

addition, solid state NMR studies have confirmed that Aβ 16-22 (K-L-V-F-F-A-E) is one of the

the smallest peptide sequence capable of forming highly ordered, stable beta sheet rich fibrils at

neutral pH [37]. Therefore studies of the structural and kinetic properties of a simpler tailorable

model peptide, Aβ 16-22, can provide a better understanding of the molecular forces responsible

for fibril formation/elongation [38–40].

The production of Aβ peptides occurs in a membranous environment, exposing the peptides

to a number of lipid-peptide interactions [22]. Also, the perturbation of cellular membranes,

followed by ion-dysregulation due to oligomeric forms of Aβ peptides is hypothesized to be

a central part of Aβ assisted AD pathology [22–24]. Therefore, a mechanistic understanding

of bio-mechanical interactions of Aβ peptides with cellular membranes is necessary to gain

insights on the Aβ cascade pathway. Aβ peptides have been shown to exhibit varying aggregation

patterns on lipid bilayers depending on their structure and composition [25,26,111–116]. CD and

Thioflavin T assay studies on unilamellar vesicles have revealed an accelerated aggregation of Aβ

16-28 peptides into ordered beta sheets on anionic bilayer (DPPG) as compared to zwitterionic

bilayer (DPPC) [25]. In addition, an AFM experiment using supported bilayers, has shown that

disruption of zwitterionic membranes (DOPC) is higher than anionic membranes (DOPG) in

presence of Aβ peptides [26]. Recent evidences from imaging studies using TEM, AFM and total
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internal reflection fluorescence microscopy have suggested that small unilamellar vesicle (SUVs)

with a larger curvature promotes amyloid fibril formation when compared to large unilamellar

vesicles [27, 28].

A morphological characterization of Aβ oligomers is difficult due to its transient and

soluble nature [117–119]. On the other hand, computational studies, particularly molecular

dynamics (MD) can be an ideal alternative to access this small time scale, transient behaviour

[120]. Atomistic simulations, often coupled with advanced sampling techniques have been extensively

implemented to study small-scale peptide oligomerization in solution [121–128]. Some recent

atomistic studies on peptide-lipid interactions have investigated pre-formed membrane-inserted

oligomers and the very initial phases of oligomer-lipid interaction [11, 13, 41]. Due to high

computational costs and sampling issues, atomistic simulations have not been used to study

peptide aggregation on lipid bilayers starting from a solvated monomeric configuration. Coarse

grained molecular dynamics (CG-MD), which provides a reduced resolution description of a

system and significantly improved sampling of protein conformational landscape, is an effective

tool to study complex systems with extended spatio-temporal scales [129], specifically peptide

aggregation starting from monomeric peptides. Many novel coarse grained force-fields (In-

lattice and Off-lattice) have successfully characterized ordered amyloid aggregation [76, 130–

134]. PRIME 20, an intermediate resolution unbiased peptide coarse graining scheme has been

implemented with discontinuous molecular dynamics (DMD) on many amyloidogenic sequences

including Aβ peptides to study fibril formation in solution [135]. Zheng, et. al. explored the

aggregation free energy landscape of Aβ peptides using AWSEM-MD — a predictive coarse

grained force-field [136]. A minimalistic, phenomenological model (Clafisch model) was implemented

with a variable dihedral term to generate peptide aggregation on model vesicles [131]. Recently,
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another phenomenological coarse grained three bead-per-residue, amyloidogenic peptide model

(Shea model) was employed with implicit solvent to demonstrate spontaneous peptide aggregation

into beta sheets on model lipid membranes [132]. These coarse graining techniques, either have

been designed only for peptides (PRIME20-Hall model) or do not provide peptide sequence/lipid

type specificity (Clafisch and Shea models).

Here, we present a CG-MD study of partitioning, folding and aggregation dynamics of Aβ

16-22 peptides (K-L-V-F-F-A-E), in presence of model lipid bilayers composed with zwitterionic-

POPC (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine) and anionic-POPS (1-palmitoyl-2-

oleoyl-sn-glycero-3-phospho-L-serine) starting from their solvated monomeric state. We designed

the peptide using a modified version of prior-developed coarse grained model - Water-Explicit

Polarizable PROtein Model (WEPPROM) [80,81], which generated secondary structures of small

peptides from primary amino acid sequences without any built-in bias. Lipids were modeled

by another slightly altered variant of recently created Water-Explicit Polarizable MEMbrane

(WEPMEM) model that could accurately reproduce dielectric properties at the lipid-headgroup

(interface) region [81,84]. Physically, peptide aggregation involves an interplay between hydrophobic

and hydrophilic effects, indicating the importance of precise modeling of electrostatic interactions

[80, 85, 137]. The novelty of these models is the introduction of structural polarization at the

peptide-backbone and lipid-headgroup which is necessary for studying peptide-lipid interaction

and membrane induced peptide folding [81]. Both these models have been parameterized to use

Yesylevskyy’s polarizable water model [83].

Outer neuronal cell membranes are extremely diverse with a wide variety of glycerophospholipids

and ceramides [138]. Aβ peptides show an enhanced propensity to aggregate into ordered beta

sheets on negatively charged membranes composed with anionic lipids [25,137,139–142]. Also,
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many experimental studies to understand the effect of lipid type on peptide aggregation have

used POPS as one of the anionic components [143–145]. This prompts our choice for using

POPS as the model anionic lipids to study the oligomerization of Aβ peptides in membraneous

environments. In this chapter we explore the differences in the morphology and kinetics of

membrane-assisted beta sheet formation by Aβ 16-22 on model lipid membranes using coarse

grained MD simulations. The chapter also presents a mechanistic explanation to experimentally

observed kinetic behaviour. To our knowledge, this is the first coarse grained simulation study

that captures the complex process of peptide aggregation in membraneous environment, from

peptides solvated in their monomeric state to formation of ordered secondary structures, while

maintaining peptide sequence and lipid type specificity.

3.3 Methods

3.3.1 Peptide Model

The Aβ peptide model is primarily derived from WEPPROM — described in details in

Chapter 2 and previous publications [80–82]. The forcefield has been successfully applied to

study interfacial folding and aggregation of small peptides without any externally added bias

[80, 81]. The mapping scheme for the peptide Aβ 16-22 is provided as Fig. 2.2.

The peptide model was validated using experimental and computational evidences of Aβ

16-22 aggregation into ordered cross beta structures in aqueous solution [30,38,106,146]. Simulations

with 12 Aβ monomers, solvated in water (0.14 M) aggregated into stable beta sheet rich oligomers

(Fig. 3.1).
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Figure 3.1: Cross-beta structure of Aβ 16-22 in solution.

3.3.2 Lipid Model

The lipid molecules in this work were modeled from WEPMEM forcefield, described in

detail in Chapter 1 and previous publications [81, 82, 84]. The forcefield could capture accurate

structural, dynamic and electrostatic features of the lipid membrane. Please refer to Fig. 2.3 for

details of the mapping scheme.

3.3.3 Simulation Protocol

The model POPC bilayer, composed with 240 lipids and POPS bilayer with 242 lipds

were solvated with CG water (lipid to water ratio fixed approximately at 20). The simulations

were performed on GROMACS 4.5.4 [147]. After the preliminary energy minimization, the

bilayers and counter-ions (in case of POPS bilayer) were equilibrated for 10 ns (time step, dt

= 10 fs) using NPT ensemble. Temperature was maintained at 300K through a Noose-Hoover

thermostat [148, 149] with a time constant of 1 ps. Parinello-Rahman barostat [150] with a time
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constant of 1 ps and compressibility of 3 × 10−5/bar was used alongside with semi-isotropic

pressure coupling to maintain a pressure of 1 bar. Particle mesh Ewald (PME) [151, 152] with a

relative dielectric constant of 2.5 and cutoff distance of 1.6 nm was used to compute long range

electrostatics. The Lennard-Jones interactions were modified starting from 0.9 nm to 0 at 1.2 nm

by the GROMACS shift scheme.

After creation of an equilibrated bilayer, 48 peptides (peptide to lipid ratio of about 0.2)

are randomly added into the solution. The peptide to lipid molar ratio of 1:5 has been previously

investigated in small (Aβ 25-35) peptide-membrane experiments [153]. The composite system is

then energy minimized and re-equilibrated for 50 ns with position restraints placed on 4th residue

backbone (on F-19 BB in x, y an z directions) in peptides and phosphate (on PO4 in z direction) in

lipids. The bilayers were simulated with a fixed surface tension (Berendsen barostat) to mimic an

enhanced area per lipid due to the outer membrane curvature of SUVs. The area per lipid of both

POPC and POPS bilayers were fixed at 95 Å2 to simulate outer membrane of a SUV with 13.4

nm diameter. These values were obtained through a WEPMEM simulation of a small unilamellar

vesicle system composed of 877 lipids and 61113 CG-water molecules and also verified against

other coarse grained molecular dynamics simulations with comparable vesicle sizes [154, 155].

All other simulation parameters were kept similar to the first equillibration step. This second step

allows us to equilibrate the monomeric peptides in the solution in presence of a lipid bilayer.

Finally, position restraints were removed and a production run of 1.5 µs was carried out

using the remaining simulation parameters from the second equillibration step. To verify the

statistics presented in this chapter, we also simulated a replica of bilayer-peptide systems with

different initial states.
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3.3.4 Analysis

Built-in functions of GROMACS, analysis modules of Visual Molecular Dynamics [156]

(VMD) and in-house developed scripts were used to analyze molecular simulation trajectory.

3.3.4.1 Peptide absorption

The relative position of two F-S2 beads from the lipid bilayer surface, described by locally

close (six nearest neighbors from center of mass) phosphate (PO4) beads has been used as

metrics to differentiate between absorbed and unabsorbed peptides. To accommodate for the

local curvature of lipid bilayers, the height of bilayer surface (h) is determined by the average

heights of six nearest PO4 beads to each individual peptide. The peptides are then categorized

into three classes - completely absorbed (CA), partially absorbed (PA) and unabsorbed (UA)

based on positions of Phenylalanine S2 (F-19/F-20 S2) on a single peptide chain. If the position

of both F-S2 along bilayer normal (z) is less or equal to h, the peptide is classified as completely

absorbed (CA) whereas if z > h, the peptides are considered unabsorbed (UA).

3.3.4.2 Peptide-aggregate Clusters

Peptide aggregation in the simulated systems was quantified by clustering connected peptides.

In this analysis, the peptides are described by main beads - BB, S1 and S2. This connectedness is

established using distance cutoffs determined from the first peak of radial distribution functions

(g(r)) between these beads. Two peptides are connected if they have at-least one pair of beads

within their respective cutoff distance. These cutoffs are detailed in the Table 1.

The number of peptide clusters, representing peptide aggregates at a particular time is
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Table 3.1: Non-bonded Lennard-Jones (LJ) interaction strengths in WEPPRO model. Unit of
interaction strength (ϵ) is in kJ/mol. The radius (σ) of all LJ interactions is 4.7Å.

Interaction Cutoff (nm)
BB - BB 0.45
BB - S1 0.40
BB - S2 0.61
S1 - S1 0.65
S1 - S2 0.42
S2 - S2 0.70

computed by determining connected components. In addition, the peptide aggregates is also

categorized into three groups based on absorption classes of component peptides - completely

absorbed aggregates, partially absorbed aggregates and unabsorbed aggregates. A peptide-

aggregate has been listed as a completely absorbed aggregate, if all of its component peptides

can be classified as either completely absorbed or partially absorbed. On the other hand, an

aggregate is designated as a partially absorbed aggregate, if at-least one of its component peptide

can be classified as partially absorbed and at-least one another as unabsorbed. Finally, if all of

the component peptides are marked as unabsorbed, then the peptide-aggregate is categorized as

unabsorbed aggregate.

3.3.4.3 Beta Sheet Content

A backbone contact between two peptides is defined by alignment of back-bond dipoles

(BBm–BBp), characterized using a distance cut off of 2.5 nm between two oppositely charged

BB-dummies. This distance was determined from the interaction peak of radial distribution

function, g(r), between opposite charged dummy particles. We considered two peptides as

beta sheets, if they have at least five (71.5 %) such backbone-backbone contacts and end-to-end

distance greater than 1.2 nm, similar to beta sheet determination technique used by Lu et.al. [146].
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The end-to-end length is the distance between the back-bone (BB) beads of flanking amino acids

- K and E. The fraction of peptides in mutual beta sheets constitute the total beta sheet content.

The relative position of two F-S2 beads from the lipid bilayer surface, described by locally

close (six nearest neighbors from center of mass) phosphate (PO4) beads has been used as

metrics to differentiate between absorbed and unabsorbed peptides. To accommodate for the

local curvature of lipid bilayers, the height of bilayer surface (h) is determined by the average

heights of six nearest PO4 beads to each individual peptide. The peptides are then categorized

into three classes - completely absorbed (CA), partially absorbed (PA) and unabsorbed (UA)

based on positions of Phenylalanine S2 (F-19/F-20 S2) on a single peptide chain. If the position

of both F-S2 along bilayer normal (z) is less or equal to h, the peptide is classified as completely

absorbed (CA) whereas if z > h, the peptides are considered unabsorbed (UA).

3.4 Results and discussion

Fig. 3.2a shows the number of unabsorbed peptides over time whereas Fig. 3.2a-inset

presents the variation in the number of partially absorbed aggregates with time. The peptides

can partition into lipid membranes as individual monomers (Fig. 3.2b), as small oligomeric

aggregates (Fig. 3.2c) or by slow dissociation of larger peptide aggregations (Fig. 3.2d) bound to

the lipid membrane. Previous AFM studies with full length Aβ peptide have also reported some

of these pathways — absorption as monomers and oligomers into supported bilayers [26]. There

was a sudden significant decrease in the number of unabsorbed peptides within about first 15 ns

for both anionic-PS and zwitterionic-PC simulations (Fig. 3.2a). Following that, the absorption

slowed down due to formation of a number of partially absorbed aggregates. These aggregates
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Figure 3.2: a) Variation of number of “unabsorbed peptides” with time, averaged over two
replica-simulations. The variation of the number of partially absorbed aggregates has been
provided as inset. b,c,d) Different pathways for peptide absorption into lipid bilayer. b) Single
(monomeric) peptide absorption. c) Peptide absorption as oligomeric aggregates. d) Peptide
aggregation through dissociation and rearrangement of partially absorbed aggregates. Coloring
scheme: Light green beads - Sidechains of Phenylalanines (F); Blue beads - Peptide backbones;
Red region - Polar/charged lipid headgroup; White region - Hydrophobic alkyl tails (Lipids).

arranged themselves to protect the hydrophobic cores of their component peptides (Fig. 3.2d),

which afforded some stability and reduced absorption rates. Over time, these partially absorbed

aggregates continued to slowly lose peptides to the membrane and decrease in total number

and size. Particularly, in contrast to POPC where all inter-facial aggregates were completely

absorbed, one such aggregate on POPS rearranged and conformed into a stable layered beta sheet

structure (Fig. 3.2d) attached to the membrane, similar to structures observed in membrane-free

systems.

The backbones of the absorbed peptides had variable residue-wise insertion into a lipid

membrane modulated by their side chain hydrophobicity and relative position along the peptide

chain (Fig. 3.3). Throughout the 1.5 µs simulation, the absorbed peptides remained close to

the bilayer headgroup region (Fig. 3.2d, S6). Once absorbed into the membrane, the peptides

(monomers and aggregates) start diffusing laterally on bilayer surface as shown in the supplementary
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Figure 3.3: Residue-wise insertion of Backbone beads (BB) into different membranes. a)POPC
bilayer; b)POPS bilayer. The gray region describes the average location of bilayer headgroup
(PO4). The presented results have been averaged over both replica-simulations.

movie. In addition, as the peptides are pre-dominantly hydrophobic (71.43 %), the aggregation

on the membrane occurs primarily by pushing away polar/charged lipid heads thereby exposing

the hydrophobic tail region as is evident in Fig. 3.4a-d, where peptides have pre-dominantly

aggregated on top of the hydrophobic alkyl tails (white region).

3.4.1 Rate of peptide aggregation

The variation in cumulative number of peptide clusters (ordered + disordered) over time is

presented in Fig. 3.4e. Over time, due to continued aggregation, the number of peptide clusters
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Figure 3.4: a,b) Last frame snapshot of peptide aggregates on two opposing leaflets of POPC
lipid membrane in simulation 1. c,d) Last frame snapshot of peptide aggregates on two opposing
leaflets of POPS lipid membrane in simulation 1. The red part in this representation corresponds
to polar headgroup and the white part corresponds to hydrophobic tails. The blue connected
beads represent peptide backbone. e) Variation in the number of Aβ 16-22 aggregates over time,
averaged over both replica-simulations. Even connected components of size one (monomers)
have been designated as a single cluster. f) Integration of radial distribution function between
charged peptide sidechains (E/K-S2) and lipid headgroup (POPC:NC3/PO4, POPS:CNO/PO4),
averaged over both replica-simulations.

on POPC steadily reduced in number (Fig. 3.4e) to about three clusters and increased in size

— number of peptides (Fig. 3.5). In contrast, on POPS membrane, the number of peptide

aggregates/clusters continued to be relatively high, featuring significant variations in aggregate

sizes, pointing to a comparatively slower aggregation rate. This disparity in aggregation patterns

can be explained through difference in diffusion rates of PC and PS. Lateral diffusion of lipids is
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Figure 3.5: Variation of size of peptide aggregates with time. The colors of heatmap correspond
to frequency of particular sized aggregate. a)POPC bilayer; b)POPS bilayer. The presented
results have been averaged over both replica-simulations.

relatively slower in POPS with a lateral coarse grained diffusion constant of 0.0369 x 10ˆ-5 cm2/s

as compared to 0.0899 x 10ˆ-5 cm2/s in POPC. While coarse grained diffusion constant is not

directly comparable to experimental and atomistic results, it can capture relative trends. Similar

qualitative trend has also been observed in other reported values for lateral diffusion constants

[157]. The rigid headgroup of POPS due to intra-molecular pseudo-hydrogen bonds captured by

CNO dipole-dipole interactions in this coarse grained scheme, prevents faster diffusion for lipids.

This restricts the effective exclusion of lipid molecules [81], preventing peptide aggregation. In

addition, increased interaction between lipid head group (CNO/PO4) and peptides in POPS can

further result in better mixing of peptides and lipids, compared to POPC (Fig. 3.4f).
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3.4.2 Beta Sheet Content

a b

c d

Figure 3.6: a) Time evolution of beta sheet fraction. b) Distribution of end-to-end length
of peptides over the last 200 ns. The gray line shows the end-to-end distance criteria used
to determine beta sheets. (inset)-single peptide representative snapshots describing end-to-end
lengths of peptides. Peptide backbone of Aβ 17-21 (LVFFA) is presented in magenta, whereas
residues K and E are represented by blue and red respectively. The connected blue beads
represent hydrophobic sidechains. c) Density distribution of E-S2/K-S2 (POPC/POPS) along
bilayer normal from bilayer center over the last 200 ns of simulation time. The gray region
describes the average location of bilayer headgroup (PO4). d) Density distribution of F19-
S2/F20-S2 (POPC/POPS) beads along bilayer normal from bilayer center over last 200 ns of
simulation time. All the results presented here have been averaged over all replica-simulations.

Over time, peptides rearranged into aggregates with high beta sheet content on both bilayers.

Fig. 3.6a presents time evolution of beta sheet content over time. Similar to reported CD and
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Figure 3.7: Distribution of peptide end-to-end distances over different atomistic simulations. The
end-to-end distance is defined as the distance between terminal nitrogen (N) of K which is a part
of peptide backbone and terminal carbon (C) of E which is also a part of peptide backbone. Color
scheme of VMD snapshots: Purple - Peptide backbone, Yellow - F (Phenylalanine)

Thioflavin T assay studies [25] with Aβ 16-28, the beta sheet content in peptide aggregates was

significantly larger (approximately double) for POPS as compared to POPC. Even with larger

sized aggregates, peptides on PC bilayer were more unstructured. The higher beta sheet content

on PS bilayer can be explained by the distribution of end-to-end distance of peptides. Peptides

on PS are in general more elongated (Fig. 3.6b) which exposes their backbone to more peptide

backbone-backbone interactions, thereby increasing the overall beta sheet content. In agreement

with our coarse grained simulations, atomistic molecular dynamics simulations of single peptide-

membrane systems also reproduce a trend towards more elongated peptides in PS than PC (Fig.

3.7). This lower end-to-end distance of peptides in PC can be reasoned in terms of membrane

compressibility and peptide-lipid insertion. The higher compressibility of POPC membranes

as compared to POPS, that has been previously reported [158] and also captured by our CG

model [81], increases the relative penetration of peptides into POPC membranes. Fig. 3.6c
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presents the distribution of F-S2, the “highest inserted” side chain bead into the membrane. This

increased insertion of F-S2 on POPC membranes, coupled with charged residues at the ends

— K and E which prefer to stay close to bilayer surface, distorts the shape of the peptide into

a sharper “U/O - like” shape (Fig. 3.6b) thereby decreasing the average end-to-end distances

and backbone-bone contacts. The higher membrane disruption for some zwitterionic lipids like

DOPC compared to anionic DOPG has also been recorded in AFM experiments by Hanes et.

al [26]. Moreover, similar to FTIR experiments on Aβ peptides in membranous environment by

Yu et. al. [159], a relatively higher insertion of F-19 as compared to F-20 is observed. In addition,

as apparent from Fig. 3.6d the sidechain of Glutamate (E-S2) in POPS is positioned slightly

away from the bilayer-headgroup as compared to POPC because of the interaction between

positively charged choline (NC3) and negatively charged E-S2 which is absent in POPS. This

further increases possibility of intra-peptide K-E interactions which results in a less expanded

peptide conformation.

In addition, due to higher number of total inter-peptide interactions in large amorphous

peptide aggregations on POPC, it is difficult for peptides to effectively rearrange into ordered

beta sheets necessary for efficient fibrillation. On the other hand, peptides on PS form numerous

slow diffusing smaller oligomeric aggregates which can reorganize comparatively easily into beta

sheet rich structures before coalescing into larger aggregates.

Oligomeric deposits on membranes can act as nucleation-seeds for subsequent peptide

aggregation from solution. To test this hypothesis, after the initial production run of 1.5 µ s,

we added 48 more peptides into both bilayer systems (with pre-existing peptide aggregates) and

recorded their dynamics for 500 ns. Similar to previous experimental observations [160], initial

pre-existing oligomers acted as nucleating sites, recruiting either individual monomers or smaller
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Figure 3.8: a) Sanpshot of peptide aggregation on POPC bilayer at the end of extended
simulation. b) Snapshot of peptide aggregation on POPS bilayer at the end of extended
simulation. Coloring scheme of VMD snapshots: Light green beads - Sidechains of
Phenylalanines (F); Blue beads - Peptide backbones; Red region - Polar lipid headgroup; White
region - Hydrophobic alkyl tails (Lipids). Right-Increase in size of clusters by addition of 48
new peptides and extension of simulation for POPC (a) and POPS (b). The size of initial cluster
increased due to recruitment of peptides during 500 ns of extended simulation.

oligomers to create large fibrillar aggregates (3.8). This presents a possibility of multiple ordered

aggregates on POPS (larger than POPC) to act as nucleation sites that can progressively increase

subsequent aggregation rates. These fibrils are attached to the membranes primarily through

inter-peptide interactions with embedded peptides and extend into solution. The aggregate sizes

of fibrils in solution, attached to the bilayers is on average larger than oligomers lying flat on

membrane surfaces.

Studies with central hydrophobic core (CHC) provides insights about how structures develop
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in peptide aggregates [161–163]. Faster development of ordered beta sheet rich structures in Aβ

16-22 can be corroborated with faster ordered fibrillation and resulting toxicity of full length

Aβ peptides in POPS. Similar to our observations, Lindberg et. al. [164] also found about

two fold increase in fibrillation of Aβ 1-42 in an anionic membrane (DOPS). This effect of

lipid headgroup chemistry has also been corroborated in previous work with surface plasmon

resonance and magnetic bead assay on Aβ 1-40 [165].

3.5 Conclusion

Our coarse grained molecular dynamics simulations reproduce and provide a mechanistic

explanation to a broad spectrum of experimental results [25,26,159,164,165]. We characterized

multiple pathways for peptide absorption into membranes composed of POPC and POPS. Both

lipid molecules have distinct effects on aggregation patterns of absorbed peptides. While rapid

cumulative aggregation (ordered + disordered) was observed in zwitterionic PC bilayer, the

emergence of ordered beta sheets and by extension, fibrillation was faster in presence of anionic

POPS lipids. The results are in agreement with previous experimental studies [25, 137, 139–

142, 164, 165] that had observed faster growth of amyloid fibrils in presence of anionic lipids.

The discrepancy in the cumulative aggregation rates is a consequence of faster lateral diffusion

of POPC lipid molecules compared to POPS. On the other hand, increased beta sheet content

in POPS membranes is due to the differences in membrane compressibility. Higher membrane

compressibility of POPC membrane compared to POPS, results in a relatively higher peptide

insertion into the bilayer. This distorts the geometry of individual peptide molecules which

hinders their participation in beta sheet formation. Some of the morphological aspects of membrane
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assisted Aβ aggregation reported in this study such as relatively higher membrane insertion

of F19 compared to F20, have been supported by previous experimental evidences [159]. We

also revealed the propensity of initial oligomeric deposits to act as nucleation seeds to enhance

further fibrillation. Considering the presence of multiple, ordered aggregates in POPS due to slow

cumulative aggregation and peptide aggregates operating as nucleation seeds, POPS membranes

can have an increased progressive peptide aggregation rates. This work unravels how lipid

headgroup driven biochemical interactions in homogeneous model membranes shape peptide

absorption and aggregation.

42



Chapter 4: Effects of Applied Surface-tension on Membrane-assisted Aβ Aggregation

4.1 Overview

This chapter is based on the author’s publication: Effects of Applied Surface-tension on

Membrane-assisted Aβ Aggregation; Abhilash Sahoo, and Silvina Matysiak. Physical Chemistry

Chemical Physics, 2021.

In previous chapter, we focused on how lipid headgroups can impact Aβ aggregation.

Beyond, membrane charge, membrane’s physical organization can also affect peptide-peptide

and peptide-membrane interactions.

Studies connecting biological membrane organization and Aβ aggregation are limited due

to experimental and computational challenges. While experiments have suggested that an increased

membrane curvature results in faster Aβ peptide aggregation in the context of Alzheimer’s disease,

a mechanistic explanation for this relation is missing. In this work, we are leveraging molecular

simulations with a physics-based coarse grained model to address and understand relationships

between lipid packing in membranes and aggregation of a model template peptide Aβ 16-22. In

agreement with experimental results, our simulations also suggest a positive correlation between

increased peptide aggregation and lipid packing defects. More curved membranes have higher

lipid packing defects that engage peptide’s hydrophobic groups and promote faster diffusion

leading to the peptide’s fibrillar structures. In addition, we curated the effects of peptide aggregation
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on membrane’s structure and organization. Interfacial peptide aggregation results in heterogeneous

headgroup-peptide interactions and an induced crowding effect at the lipid headgroup region,

leading to a more ordered headgroup region and disordered lipid-tails at the membrane core. This

work presents mechanistic and morphological overview of relationships between biomembrane’s

local structure and organization, and Aβ peptide aggregation.

4.2 Introduction

Alzheimer’s disease is characterized by extracellular self-assembly of Aβ protein segments

into ordered fibrillar aggregations [89–91]. Recent reports have pointed to amyloid-membrane

interactions as a crucial step in modulating the aggregation kinetics and associated disease pathogenesis

[22,111,116,166]. In particular, biophysical aspects of membrane organization such as membrane

order and charge can affect peptide aggregation kinetics. In addition, peptide aggregation can

also effect changes to membrane’s structural properties. Three experiment-derived hypothesis

detailing effects of peptide aggregation on membrane organization have been suggested — carpeting

model, membrane-pore model and detergent model [167]. But the exact biophysical mechanism

characterizing this interaction is still missing. While significant research efforts have been applied

to understanding peptide aggregation in aqueous solvent, studies in presence of membranous

environments are rather limited. Research in this direction can impact our understanding of

event-pathways in Alzheimer’s disease.

Recent experimental reports have suggested that Aβ peptide can have differential aggregation

patterns when interacting with anionic membranes compared to zwitterionic/cationic ones [25,

26]. Here, peptide insertion and peptide aggregation in presence of zwitterionic membranes

44



were correlated to the increased membrane compressibility. Experimental studies have also

characterized the dynamic role of membrane curvature in driving the formation of and interaction

with amyloids [27, 28]. Peptide aggregation was studied with Phosphatidylcholine vesicles of

varying sizes using Thioflavin T fluorescence assay to track fibrillation. This study observed a

reduced lag time with smaller vesicles compared to larger ones. The authors also used isothermal

titration calorimetry to report endothermic binding between Aβ and small lamellar vesicles compared

to exothermic binding with large unilamellar vesicles. Such curvature associated modulations in

aggregation thermodynamics and kinetics has also been observed in the case of α-Synuclein

(Parkinson’s disease) and Huntingtin protein (Huntington’s disease), suggesting a fundamental

nature in protein aggregate-membrane interactions [168,169]. This presents a need for biophysical

studies into membrane curvature/lipid-packing driven peptide aggregation.

While most studies of membrane-curvature induced peptide behaviour using atomistic

simulation have been limited to studies with a single peptide, some emerging work have reported

the correlated effects of membrane curvature and peptide aggregation [170, 171]. Physics-based

transferable coarse grained forcefields like MARTINI have enabled molecular simulations with

exact amino-acid sequences that have coupled protein aggregations to membrane-curvature [79,

172, 173]. But MARTINI involves restraining the secondary structure of each protein units,

thereby preventing studies of conformational transitions.

In this work, we studied the inter-dependent effects of membrane lipid packing and peptide

aggregation with 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) and Aβ 16-22. Here,

we have used POPC to create our model lipid membranes, as phosphatidylcholines are one of the

most abundant lipid molecules in mammalian cells and previous experimental studies have used

such membranes for peptide-aggregation studies [27].
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4.3 Methods

The coarse grained simulation systems were created with Water-Explicit protein and membrane

model outlined in chapter 2 (Fig. 2.2, Fig. 2.3). Both the membrane and peptide models feature

local grouping of atoms to generate functional coarse-grained atom-types (CG-beads) that are

representative of the physics and chemistry of the atoms they represent. Previous research has

explored the use of these CG models to study membrane-induced peptide folding, calcium ion

driven lipid demixing and peptide aggregation in presence of membranes [81,82,84,85,85,174].

We validated our forcefield by simulations with Aβ 16-22 peptide in aqueous solution and in

presence of membranes composed of POPC and POPS lipids, where peptides were allowed

to interact with the membrane from solution and form ordered aggregates [82] (Described in

Chapter 3, Fig.3.1).

Similar to Terakawa et al. ’s experimental study on the effect of membrane-curvature

on peptide aggregation, our model lipid membranes are also composed of POPC lipids [27].

The initial frame was prepared with Aβ 16-22 peptides (with peptide to lipid ratio of 1:10,

similar to experimental systems outlined in Kandel et al. [153]) solvated randomly away from

the membrane. We instituted a hardcore repulsion with c6 and c12 terms set to 0 and 0.00247

respectively between lipid headgroups (phosphate and choline) in the lower leaflet and the peptide

backbone. This forces the peptides to exclusively interact with the upper leaflet. As previous

simulations have shown that this peptide fragment primarily stays at the membrane-water interface,

such applied repulsion between the lower leaflet and the peptide backbone would not affect the

peptide aggregation and adsorption properties. Each simulation system was composed with 242

POPC lipid molexules, 24 Aβ 16-22 peptides solvated in 5400 coarse grained water molecules.
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The membranes were held with different values of surface-tension to simulate conditions with

varying curvature and membrane packing defects. Such an approach of using applied surface-

tension as proxies for membrane curvature has been previously used in atomistic simulations to

study membrane insertion of anti-microbial peptides [175]. Furthermore, Aβ 16-22 stays at the

membrane-interface, where membrane-curvature primarily manifests as an increased area-per-

lipid [82]. Fig. 4.1 shows the relationship between the area-per-lipid and the applied surface-

tension values in standalone simulations with POPC membranes in absence of peptides. The

area per lipid is computed simply by dividing the total membrane lateral area with the number

of lipid molecules in one leaflet. The highest surface-tension in our case corresponds to a small

unilamellar vesicle with a diameter of 13.4 nm, which was verified with a 100 ns molecular

simulation of complete vesicle (877 lipids) [82]. These values are similar to those reported

with coarse-grained and large all-atom simulations [154, 155, 176]. We also simulated a larger

membrane with 512 POPC lipid molecules, 50 Aβ 16-22 peptides and 9973 coarse-grained water

molecules at the highest value of surface-tension for 1.5 microseconds, to verify that our system

does not suffer from finite size effects. We note here that membrane curvature is a complex

process involving several structural features of lipid headgroup and tails. Here, we are presenting

a minimalist view of membrane curvature by focusing on the membrane packing defects arising

from increased area-per-lipid in membranes at high surface-tension.

The simulation protocol is identical to that mentioned in Sahoo et al. [82]. A brief overview

is presented here. The initial peptide-membrane system was created with peptides dispersed

randomly in solution, away from the membrane. The molecular system was then energy minimized

and equilibrated for a period of 50 ns, with position restraints on the peptides. After that, the

position restraints were removed and the peptides were allowed to interact among themselves and
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Figure 4.1: Relationship between applied surface-tension and the area-per-lipid. Each point
denotes a simulation system.

with the membrane during the production phase of 1.5 microseconds. All the simulations were

performed with GROMACS 4.5.4 [177], with temperature maintained at 300K with a Nose-

Hoover thermostat [148] and pressure by Berendsen barostat [178]. Two independent replicas

were simulated for each simulation condition. The long range electrostatics is determined through

Particle-Mesh Ewald method with relative dielectric constant of 2.5.

4.3.1 Analysis

We have used visual molecular dynamics [156] and in-house developed scripts to analyze

our molecular simulations. Different geometric features of peptide and lipid organization was

used to define peptide absorption and ordered aggregation. We used the position of two second

sidechain beads (S2) of PHE to determine absorption of a peptide into the membrane. First,

six nearest lipid phosphate groups closest to the peptide center-of-mass were used to create a

local membrane plane for each peptide, thereby allowing accommodations for local membrane

undulations. Then, peptides were classified as absorbed if at least one of the PHE-S2 of the

peptides moved beyond that local plane in the z-direction. Here, we classified peptide aggregates
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Figure 4.2: Variation of peptide absorption and ordered aggregation with increasing surface-
tension. a) Absorption (Green) and ordered aggregation (Blue) among all the peptides (in-
solution + on-membrane). b) Ordered aggregation (Blue) among peptides absorbed on the
membrane only. These values are averaged over the last 200 ns of two independent replicates.

as ”ordered” if each peptide in that aggregate participates in at least three backbone-driven dipole

orientations. Such dipole-dipole interactions can be construed as equivalent to hydrogen bonds

(as observed in atomistic representation of a β sheet) in a coarse-grained sense.

4.4 Results and Discussion

4.4.1 Impact of induced curvature on peptide aggregation

To determine the effect of membrane curvature and lipid packing defects on peptide aggregation,

we characterized the structure of peptide aggregates in simulation with varying applied surface-

tension values. Fig. 4.2 records the overall behavior (in-solution + on-membrane) of peptide

aggregates, with measures for total ordered-aggregate fraction (Fig. 4.2a) and ordered-aggregate

fraction among the peptides absorbed on the membrane (Fig. 4.2b). Peptides can interact and

aggregate both in solution and on top of membranes. This competition between peptide-peptide
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and peptide-membrane interaction shapes the peptide aggregation behavior. At surface-tension

values greater than 35 dyne/cm, peptide absorption progressively increases. This increase in

peptide absorption, in turn leads to an increased arrangement of the absorbed peptides into

ordered macro-structures on the membrane surface (Fig. 4.2b), which increases the overall

ordered content. It is worth noting that such increased fibrillation in more-curved membranes

are in line with experimental observation of increased beta-sheets in small unilamellar vesicles

compared to larger ones [27]. The computed fraction of absorbed peptides (1.0) and fraction

of total ordered aggregation (0.68, standard deviation 0.02) from a larger simulation system at

the highest surface-tension agrees with the values from the smaller system, suggesting no finite

size effects. Therefore all further analyses presented in this article have focused on the smaller

peptide-membrane systems.

To understand of this packing-induced peptide fibrillation, we used geometric and physical

metrics that quantify membrane’s structure and organization. Fig. 4.3a shows the distribution

of hydrophobic solvent-accessible-surface-area (HSASA) for membranes at different values of

surface-tension. An increased HSASA is indicative of more hydrophobic defects that can affect

membrane-peptide interactions. These evidences suggest, peptide absorption is driven by increased

hydrophobic defects in membranes with higher surface-tension. This is apparent in the molecular

snapshot (Fig. 4.3b) showing these peptide aggregations on top of an exposed hydrophobic patch

of the membrane at the highest surface-tension. Furthermore, increased area compressibility

of these membranes allow for easy rearrangement of lipid molecules to sustain larger absorbed

aggregates. Also, due to reduced crowding, peptide diffusion is faster in membranes with higher

surface-tension. To capture that, we simulated a single absorbed peptide in a membrane at several

different surface-tension values. Then we tracked the mean squared deviation of the peptide
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center of mass with time lag (Fig. 4.4), which shows faster lateral diffusion with increasing

applied surface-tension.

Now, as we are working with a dominantly hydrophobic fragment of the Aβ peptide, the

hydrophobic side-chains of the absorbed peptides primarily interact with the membrane’s acyl

core. With increasing surface-tension values, these absorbed peptides with their side-chains

engaged can diffuse around faster. The interaction between the peptides are then driven by

backbone dipole alignments leading to ordered beta-sheet like structures. A parallel with Glycine-

Valine repeats at hexadecane-water interface can be drawn here, with fibrillation at the interface

region driven by buried hydrophobic sidechains into apolar media [80]. Therefore, this increased

fibrillation fraction at later surface-tension values can be attributed to the cumulative effects of

peptide absorption, higher membrane compressibility and faster peptide diffusion. It is worth

noting here that similar to earlier solid-state NMR experiments, our simulations also report

some ordered aggregations into cross-beta like structures in solution phase on membranes with

lower surface-tension values (Fig. 4.3 - c, d) [37]. Here the peptide aggregates primarily in

solution, tethered to the membrane (Fig. 4.3c). Such cross-beta structures are also noted for

our simulations in solution, in absence of any membranes (Chapter 3). But, the prevalence of

ordered aggregation is higher on ”more curved” membranes because of the specific topological

aspects (hydrophobic defects) that promote more absorption and backbone-driven inter-peptide

interactions.
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4.4.2 Effects of peptide aggregation on membrane structure

Amyloid depositions can alternatively affect membrane’s structure which can in turn result

in functional changes. Several studies have reported Aβ assisted membrane damage with formation

of heterogeneous pores or detergent-like effects [166]. A correlation between membrane fluidity

and Aβ self-assembly was suggested in experiments using dynamic light scattering, fluorescence

and electron microscopy techniques [179]. This disruption of membranous environments is also

noted by Lemkul et al. for single Aβ peptide with atomistic simulations [180]. The authors

reported several structural impacts of Aβ-membrane interactions including local disordering of

lipid groups, and increased tail-tilts.

In this work, we also analyzed induced changes in membrane order and headgroup tilt due

to peptide aggregation. While the reported behavior exist in all simulation systems, we have

shown results from membranes with the highest surface-tension as that system has the highest

number of absorbed peptides, and therefore can be used to report statistically significant results.

The coarse-grained tail order parameter, 1
2
(3 ⟨cos2θ⟩ − 1), quantifies disorder in acyl tails. Here θ

is the angle made by each bond vector in the acyl tail with the bilayer normal. The order parameter

varies from -0.5 to 1, reaching the maximum value when bond vectors are aligned parallel to

membrane normal. We classified lipid molecules in contact (any CG-bead within 7 angstroms)

from the peptide aggregate as ”close-to-aggregate” and others as ”away-from-aggregate”. Fig.

4.5a reports the tail order parameter at the interaction-sites of the acyl tail starting from the region

near the headgroups to the center of the membrane. As compared to lipid molecules that are away

from the aggregate, the lipid molecules closer to the aggregate are more ordered at the interfacial

region, and more disordered deeper inside the membrane. This observation can be explained in
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terms of the location of the peptide aggregate along the Z-axis (Fig. 4.5b). Due to the presence of

peptide aggregates, the interfacial regions get more crowded, inducing increased order closer to

the aggregates (Fig. 4.5a). Farther inside the membrane, a hollow defect is generated by pushing

the headgroups away at the interface (Fig. 4.5b), which contributes to more disorder near the

bilayer center, closer to the aggregates. These observations align with the reported ”aggregate

induced order” in previous-mentioned experimental study [179]. We observed this order at the

interfacial region, and a more disordered acyl tail inside the membrane core as the short peptides

reside at the membrane interface.

Finally, we also looked at how the lipid headgroups behave closer to the aggregate as

compared to away from it. Differential arrangement of lipid headgroups can alter local membrane

potential and have implications in cellular signalling processes. The distribution of headgroup

(P⃗N ) tilt with respect to the bilayer normal is plotted in Fig 4.5c. P⃗N tilt is more dispersed

closer to the aggregate. This can be understood in terms of increased heterogeneity induced by

peptide-lipid interactions at the headgroups, closer to the aggregate.

4.5 Conclusions

Peptide aggregation into structured deposits have been associated with many neurodegenerative

diseases, particularly through interaction with cellular membranes. Experimental results have

suggested that both membranes and peptide can influence each other’s structure and dynamics.

Lipid packing defects associated with membrane curvature can promote extensive fibrillation,

with faster formation of ordered structures in presence of small unilamellar vesicles, compared to

larger ones. On the other hand, peptide aggregates can alter membrane’s structure and packing. In
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this work we have investigated these intertwined effects with coarse-grained molecular simulations.

Our results agree with previous observations of curvature-driven peptide aggregation into ordered

structures, and suggest possible biophysical mechanisms for it [27,28]. Membranes with increased

curvatures lead to increased peptide absorption, due to more exposed hydrophobic defects. The

absorbed peptides can then laterally diffuse around, and interact through the peptide backbone

to form ordered fibrillar structures. The presence of such peptide aggregates also affects the

lipid membrane’s local structure. The lipid groups closer to the aggregates are more ordered

at the crowded interfacial region due to interfacial presence of peptides; and less ordered deep

inside the membrane core. These observations align with previous experiments and molecular

simulations that also highlighted membrane disruption by peptides [179,180]. Our results support

the previously suggested ”carpeting model” of membrane disruption, by increasing membrane

fluidity inside the membrane core [166, 181]. These locally close lipids also have a broad

distribution in P⃗N vector tilt from the membrane normal, suggesting the heterogeneous nature of

peptide-lipid interactions. Such local variations in P⃗N vector tilt can manifest in changes to the

membrane’s electrostatic potential, ion distributions and alter electrostatics-assisted membrane

signalling [182,183]. This study unravels the effects of lipid packing in aiding peptide aggregation,

and the effects of peptide aggregation in reshaping membrane’s local attributes.
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Figure 4.3: (a) Hydrophobic solvent accessible surface-area of membranes in absence of peptides.
Snapshots of membranes with peptide aggregate. b - Simulation with surface-tension of 71.5
dyne/cm. Coloring Scheme - Membrane components are colored by their position along Z, from
red to blue; Peptides: Magenta. c - Simulation without surface-tension (Lateral view). Coloring
scheme - Membranes: Grey. d - Simulation without surface-tension (Top view). Coloring Scheme
- Membrane components are colored by their position along Z, from red to blue; Peptides:
Magenta; Hydrophobic groups: Lime
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Figure 4.4: Mean squared deviation of a single peptide as a function of time-lag.

Figure 4.5: a - Lipid tail order with respect to interaction site at acyl tail, numbered starting from
the membrane interface. b - A snapshot of peptide aggregate on the membrane for simulation
with surface-tension of 71.5 dyne/cm. Coloring Scheme - Membrane components are colored by
their position along Z, from red to blue; Peptides: Orange. c - Distribution of headgroup (PN-
vector) tilt with-respect-to the bilayer normal.
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Chapter 5: Aggregation of Aβ 16-22 in Hyperglycemic Conditions

5.1 Overview

Over chapter 3 and 4, we have been focusing on peptide membrane interactions and how

that affects specific details of peptide aggregation. Beyond cell membranes, there are several

other factors in the physiological environment that can shape peptide aggregation behavior. Co-

solutes are a large class of molecules that can affect aggregation patterning by affecting peptides

through both specific and non-specific interactions. In this chapter we explore how solvated

glucose molecules affect Aβ 16-22 aggregation in a concentration dependent manner.

Previous reports have drawn out correlations between pathogenesis of Alzheimer’s disease

and hyperglycemic conditions associated with type 2 diabetes. Previous research has proposed

chemical crosslinking, in presence of glucose molecules as responsible for increased toxicity. But

the time-scale separation between increased aggregation and formation of chemical cross-links

suggests the presence of an alternate thermodynamic mechanism, which we aim to explore in

this research. In this work, we apply coarse-grained molecular dynamics simulations to study the

how glucose molecules can drive Aβ 16-22 aggregation. Our analyses suggest that increasing the

concentration of solvated glucose molecules can result in faster aggregation of Aβ 16-22, without

any appreciable change in β-sheet content. This change in aggregation rates can be explained in

terms of relative orientations of interfacial glucose molecules. The glucose molecules at the

57



peptide-water interface features a preferential orientation, resulting in loss of rotational entropy

in a concentration dependent manner. This can assist in faster aggregation of the peptide, to

reduce the cumulative availability of solvent accessible surface-area.

5.2 Introduction

Several studies have suggested pathological correlations and epidemiological linkages between

a very common metabolic disease, type II diabetes (T2D) with Alzheimer’s disease [42–45]. T2D

involves development of cellular insulin resistance, which leads to improper sugar metabolism

and high blood sugar concentration. Recent fMRI studies have suggested a declined cognitive

performance of patients suffering from T2D [45]. Another study has suggested that patients with

T2D have a 50% higher chance of suffering from AD [42]. But, the mechanistic event pathways

of this correlation is still not clear. While, numerous experimental and computational studies have

investigated Aβ conformational changes and aggregation in aqueous environments, investigations

into Aβ-sugar aggregate structures and sugar-induced peptide aggregation, at elevated levels of

physiological sugar concentrations in the case of T2D is limited [184].

Previous research efforts have postulated the post-translational glycation (Advanced glycation

end products - AGE) induced increased aggregation as possible pathological pathway correlating

AD and T2D [46–48]. These covalent modifications stabilize peptide aggregates against degradation,

linking it to neuronal dysfunction. But, in-vitro studies have reported that formation of AGE can

take upto a month with incubation in very high concentrations of glucose. At early stages of

Aβ aggregation formation of AGE is not reported [49]. Experiments with cellular culture has

revealed the upstream effects of glucose in production of Aβ peptides and preventing degradation
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of Amyloid Precursor Protein. Glucose can also effect structural changes on peptide aggregates

and alter its interaction with physiological structures. Recent experiment by Kedia et. al. have

suggested that the presence of sugar molecules can lead to faster formation of toxic, unstructured

and membrane-active oligomers that can be taken up by the cells and can interfere with mitochondrial

activity [49].

The presence of co-solutes can modulate protein folding and peptide aggregation pathways,

prompting the use of simple saccharides as macromolecular crowding agents [185–187]. These

are often used to simulate cell-like crowded conditions in in-vitro experiments. Several experimental,

computational and theoretical studies have outlined the effect of such crowded conditions —

from altering the thermodynamic phase space to modulating the kinetics of processes [188–

191]. This poses the question whether there are thermodynamic pathways that can explain

the behavior of Aβ peptides in hypoglycemic conditions, beyond the current understanding of

covalent modifications.

Computational studies on Aβ peptides in hyperglycemic conditions is limited. A recent

atomistic molecular dynamics with beyond-physiological ( 0.8 M) glucose and full-length Aβ 1-

42 revealed a caging effect of glucose molecules on peptide aggregates, which led to an increased

hydration of protein structures [192]. A complete biophysical picture of amyloid aggregation in

physiological/pathological hyperglycemic condition is missing.

In this work, we adopt coarse-grained molecular dynamics simulations to investigate protein

aggregation behavior with Aβ 16-22 peptides in near-pathological hyperglycemia. Aβ 16-22

peptides are recognized as one of the smallest fragments capable of forming fibrillar structures,

which has prompted research studies with this segment as templates [37–40]. With coarse-

graining, we reduce the number of interaction-centers in our simulation-system to access spatio-

59



temporal scales not typically accessible by traditional atomistic molecular dynamics simulations.

Here, we used the in-house developed coarse-grained protein model, Water-explicit Polarizable

Coarse-Grained Model (WEPCGM, Chapter 2) that can capture protein’s secondary structural

transitions starting from a primary sequence of amino acids, specifically in presence of external

stimulus. The coarse grained model can reproduce cross-beta like Aβ 16-22 aggregate structures

in aqueous solution, and ordered membrane-adsorbed beta sheet aggregates in presence of model

membranes (Chapter 3, Chapter 4). In this chapter, we present unique structural features of Aβ

16-22 and glucose co-aggregates and discuss mechanistic perspectives of glucose-accelerated Aβ

aggregation.

5.2.1 Peptide and Glucose Model

We refer readers to previous chapters [Chapter 2] and previous publications for details of

the CG model [80–82]. Please refer to the schematic figure 2.2 for details of the mapping scheme.

Figure 5.1: Geometry of the Glucose Molecule. The atomistic numbering is in black. B1: Blue;
B2: Green; B3: Orange
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The geometry and cross-interactions terms for glucose molecules are borrowed directly

from the MARTINI model [Fig. 5.1] [193]. We verified the fidelity of the glucose coarse grained

model — glucose-glucose and glucose-water interactions in polarizable water by computing

the osmotic second virial coefficient, B22, of the osmotic pressure that can be a measure of

deviation from ideality of solutions and matching with previous recorded values in experiments

and atomistic simulations. Here, we followed the simulation protocol outlined by Schmalhorst et

al.. A simulation box of (19)3nm3 was created with 420 randomly placed glucose molecules and

then solvated with Martini polarizable water [83]. Here, we followed an approximate strategy

to derive B22 using the radial-distribution-function, g(r) and cumulative number distribution

function N(r’) developed by Schmalhorst et al. [194]. We obtained an average B22 value of

0.119 (+/- 0.02) L/mol, close to the reported experimental B22 for glucose (0.117 L/mol).

Glucose molecules have carbon numbered from C1-C6 starting from the aldehyde (in open

conformation) group. Here carbon and the associated oxygen atoms for C1 and C2 are mapped

to CG interaction site B3; C3 and C4 mapped to B2; and C5 and C6 are mapped to B1. The sites

B1, B2 and B3 are all linked together forming a planar, triangular shape representing glucose in

its cyclic closed form.

5.2.2 Simulation Setup

The mixed systems — glucose molecules, Aβ 16-22 and water molecules were created

by placing the groups randomly in a simulation box. We created three different compositions

(peptide-to-sugar ratios of 1.66, 0.33 and 0.16) for analyzing the effect of increasing sugar

concentration on Aβ aggregation. The concentration of glucose molecules were correspondingly
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maintained at 1.98 mM, 9.8 mM and 19.8 mM respectively. The regular blood sugar concentration

in healthy individuals can range from 2.5-6.5 mM, and hyperglycemia associated with diabetes

has a concentration of 7-10 mM [195]. Emergency hospitalization is recommended for concentrations

higher than 16.7 mM.

After the preliminary energy minimization, the systems were equilibrated for 5 ns (time

step, dt = 10 fs) using NVT ensemble. Temperature was maintained at 300K through a Noose-

Hoover thermostat [148,149] with a time constant of 1 ps. Following this, production simulation

was run with constant-pressure ensemble. Parinello-Rahman barostat [150] with a time constant

of 1 ps and compressibility of 3× 10−5/bar was used alongside with isotropic pressure coupling

to maintain a pressure of 1 bar. Particle mesh Ewald (PME) [151, 152] with a relative dielectric

constant of 2.5 and cutoff distance of 1.6 nm was used to compute long range electrostatics. The

Lennard-Jones interactions were modified starting from 0.9 nm to 0 at 1.2 nm by the GROMACS

shift scheme.

5.2.3 Analysis

To calculate peptide aggregate sizes, we used an interaction cut-off of 7 Å from any CG

interaction site to determine if a peptide is part of the aggregate. We also quantified the structure

of these peptide aggregates through a β-sheet metric. Peptides were considered as part of β sheet

if greater than 57 % of the backbone dipoles aligned. These explicit dipole-dipole interactions

can be used as surrogates in our CG representation for hydrogen-bonds between peptides in β

sheets. This analysis metric is specific to our coarse-grained forcefield, and we have used similar

metric in our previous publications to quantify ordered peptide aggregation.
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Finally we also report the relative enrichment of glucose molecules as a function of distance

from the peptide aggregate.

Pi(r) =
ni(r) [Ni +Now]

Ni [ni(r) + now(r)]

Here,Ni andNow are the total number of groups of species i and water molecules respectively.

This metric has been applied to study solvation effect of proteins and protein aggregation [196–

199]. Here, we compared this relative enrichment of different parts of the glucose molecule (B1,

B2 and B3) near the peptide aggregate.

5.3 Results and Discussion

5.3.1 Impact of Glucose on Aβ 16-22 Aggregation

To characterize the effect of glucose on peptide aggregation, we analyzed the peptide

aggregate size in simulations with varying glucose concentrations. Fig.5.2 a-d shows the time-

series of aggregate sizes with different near-physiological sugar concentrations. In most (except

one replica for no glucose case) of the simulations, we recorded aggregation into larger aggregates

with all peptides involved (Snapshots - Fig. 5.2e, f). The scatter plots (Fig. 5.2a-d) have data

aggregated from two replica simulations for each peptide-sugar ratio. In our simulations, due

to high concentration of Aβ peptides ( 33mM), we do not observe the expected lag phase in

self-assembly processes, rather there is a fast initial evolution of aggregate sizes in all simulation

systems. We observed a concentration dependence in peptide aggregation kinetics, with faster

complete aggregation at increased sugar content and slower evolution for reduced concentrations.
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Figure 5.2: 1a-d: Evolution of peptide aggregate sizes over time at varying concentration of co-
solvated glucose (1a) 0M; 1b) 1.98 mM; 1c) 9.8 mM and 1d) 19.8 mM) 1e-f: Structure of peptide
aggregate (1e/1f - violet) and spatially close glucose molecules (1f - orange) created from the
19.8 mM glucose simulation at the final time-step
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This correlations between increased hyperglycemia and Aβ fibrillation has been previously noted

in experiments by Kedia et al. [49].

The glucose molecules were predominantly concentrated at the interface of the aggregate,

forming a cage-like structure at about 5-7 Å distance, with fast glucose exchanges between

interface and the bulk-solvent (Fig.5.2 f), similar to the organization suggested by Menon et al. in

their atomistic study with Aβ 1-42. Such, organization of glucose molecules can influence local

environmental alterations [192]. The authors here reported a decrease in protein dimerization

because of co-solvated glucose. But this can be attributed to the non-physiological concentration

of glucose molecules (0.8 M) in their simulation systems. This can be explained in terms of

slower peptide diffusion in these crowded environments. Slower peptide, and aggregate diffusion

can result in lower peptide-peptide interactions necessary for increase in aggregate size. Such

diffusion-limited peptide aggregation behavior is noted in previous research on macromolecular

crowding and aggregation [189]. Here, we need to note that physiological levels of glucose is

about 10 mM in the case of type 2 diabetes. Previous experiments investigating the impact of

glucose on Aβ aggregation have also adopted glucose concentrtions of 5 mM and 10 mM.

5.3.2 Secondary Structure in Protein Aggregates

Further, we analyzed β sheet content in our protein aggregates and tracked its growth over

time (Fig. 5.3). Our simulations do not show any particular trend in the amount of ordered β

sheet. There is a quick gain in ordered structures at the start of the simulation, followed by a

rough close to β-sheet content of 0.4/0.5. The presence of glucose at near physiological levels

led to faster aggregation, but did not affect the fibrillation levels. Previous experimental reports
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Figure 5.3: Evolution of β sheet content over time.

by Kedia et. al. also reported this increased aggregation in presence of glucose without any

changes in circular dichorism [49].

Figure 5.4: Relative enrichment of individual coarse-grained interaction site of glucose
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5.3.3 Restricted rotation of interfacial glucose molecules

Finally, we quantified the local enhancement of glucose molecules close to the peptide

aggregate. Fig. 5.4 is the relative enrichment (RE) of each CG interaction site of glucose,

compared to water molecules as a function of distance from the protein aggregate. As glucose

is an asymmetric molecule, here, we want to understand if there are any directional nature of

glucose-peptide interaction.

We found that the C1 and C2 groups of glucose (CG interaction site - B3) interacted

preferentially with the peptide, whereas B2 (representing C3 and C4) and B1 (representing C5

and C6) preferred interacting with water. Previous ab initio calculations of glucose’s hydrogen-

bonding patterns in water has noted a similar asymmetric set of interactions [200]. The authors

found that the oxygens at C5 and C6 have lower hydrogen bonding capabilities compared to other

oxygens. We observe a similar trend, with C5 and C6 partitioned closer to the peptide aggregate.

This preferential orientation of glucose molecules will result in restricted rotations, and therefore

a loss of rotational entropy. This can explain our concentration dependent increase in aggregation

rates. With increase in size of aggregate (concurrent increase in aggregation rates), the aggregate

surface-area accessible for interaction with glucose decreases, which in turn reduces this entropic

penalty. Similar macromolecular crowding and entropy associated effects (folding/denaturation)

are noted also for RNA and protein systems [201, 202].

While epidemiological studies have correlated AD and T2D, the primary reason for this has

been attributed to covalent modification of arginine and lysines (AGE), resulting in cross-linking

of amyloid aggregates. These covalent crosslinks prevent dissolution of peptide aggregates.

Reports have suggested of a possible temporal mismatch between peptide aggregation and chemical
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modifications [49]. Here we uncover a complementary thermodynamic pathway for this observed

increase in peptide aggregation with glucose.

In the case of protein aggregation, research on macromolecular crowding effects has been

generally limited to non-interacting (steric) crowders and very high concentrations to mimic

physiological viscosity in biological environment [189, 203]. Latsaw et. al. reported that such

crowders can lead to decrease in effective sizes of aggregates resulting in increased number of

smaller oligomers. In some instances, addition of ad-hoc hydrophobic effect to the crowder

could shape the structural features of the aggregate. Finally, adding soft non-specific crowder

interactions have been shown to have unique implications, and reverse the effect of systems

with only steric crowders [204, 205]. In this work, we report a non-specific, but directional

interaction of glucose molecules, with a certain preferred orientation. This uncovers another

possible mechanism how specific co-solutes can affect biologically relevant processes.

5.4 Conclusion

Self-assembly of Aβ peptides into specific deposits is noted as an essential upstream process

in Alzheimer’s disease. Several recent studies have suggested interlinks between high blood sugar

levels and Alzheimer’s disease. This has led to biophysical research to uncover connections

between hyperglycemic conditions and Aβ aggregation. Several research studies have indicated

the ability of glucose to chemically modify amino acids and create covalent crosslinks, which are

resistant to dispersion. Currently, to our knowledge, there are limited studies aimed at uncovering

thermodynamics-derived mechanisms that can aid peptide aggregation in presence of glucose

molecules. In this work, we approach this research question from a computational lens — using
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coarse-grained molecular simulations to understand the aggregation of Aβ 16-22 with varying

concentrations of glucose (1.98 mM, 9.8 mM and 19.8 mM). Our analyses of coarse-grained

simulation trajectories also suggest a glucose concentration dependent increase in aggregation

rate. We did not see any changes in the amount of β-sheet rich ordered structures in presence of

glucose molecules. The glucose molecules close to the peptide aggregate preferred a particular

orientation, with C5 and C6 partitioning closer to the aggregate, while other CG interaction center

associated with other carbon molecules preferring interaction with water. This restricted rotation

of this ring molecule would result in a rotational entropy loss, that can force a reduction of

accessible area for glucose molecules to interact. Therefore, hastening the peptide aggregation

process. This could be a possible thermodynamic mechanism for this concentration dependent

increase in aggregation rate of glucose.
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Chapter 6: Transferable and Polarizable Coarse grained model for Proteins -

ProMPT

6.1 Overview

This chapter is based on the author’s publication: Transferable and Polarizable Coarse

grained model for Proteins - ProMPT; Abhilash Sahoo, Pei-Yin Lee and Silvina Matysiak. A.S.

and P.L. are co-first authors in this publication.

The application of classical molecular dynamics (MD) simulations at atomic resolution

(fine-grained level - FG), to most biomolecular processes, remains limited because of the associated

computational complexity of representing all the atoms. This problem is magnified in the presence

of protein-based biomolecular systems that have a very large conformational space and MD

simulations with fine-grained resolution have slow dynamics to explore this space. Current

transferable coarse-grained (CG) force fields in literature are either limited to only peptides with

the environment encoded in an implicit form or cannot capture transitions into secondary/tertiary

peptide structures from a primary sequence of amino acids. To address these constaints, we

initially came up with our in-house transferable coarse-grained model — water-explicit polarizable

coarse grained model for proteins (WEPPRO) that I introduced in chapter 2 (methods). Although,

this model afforded us access to several biomolecular systems; it has several shortcomings.
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Firstly, WEPPROM does not have representation for all the essential amino-acids. Secondly,

it has not been studied and validated for tertiary folding protein structures.

In this work, we present a transferable CG forcefield (Protein Model with Polarizability

and Transferability - ProMPT) with an explicit representation of the environment for accurate

simulations with proteins. The forcefield consists of a set of pseudo-atoms representing different

chemical groups that can be joined/associated together to create different biomolecular systems.

This preserves the transferability of the forcefield to multiple environments and simulation conditions.

We have added electronic polarization that can respond to environmental heterogeneity/fluctuations

and couple it to protein’s structural transitions. The non-bonded interactions are parametrized

with physics-based features such as solvation, and partitioning free energies determined by thermodynamic

calculations and matched with experiments and/or atomistic simulations. The bonded potentials

are inferred from corresponding distributions in non-redundant protein structure databases. We

present validations of the CG model with simulations of well-studied aqueous protein systems

with specific protein fold types- TRP-cage, TrpZip4, Villin, WW-domain and β-α-β. We also

explore the applications of the forcefield to study aqueous aggregation of Aβ 16-22 peptides and

dimerization of glycophorin A (GPA) in micellar environments.

With this model, we primarily address the shortcomings of WEPPRO. ProMPT now has

access to all the amino acid representation. It has updated bonded and non-bonded interaction

parameters with which we validated the conformational landscape of several small proteins and

aggregates.
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6.2 Introduction

Physiological functions of protein molecules are closely intertwined with their associated

structure and dynamics [206,207]. This complex macro-organization is shaped through microscopic

multi-body interactions that define a protein molecule’s conformational landscape. In this direction,

computer simulations, primarily molecular dynamics are being increasingly leveraged to understand

protein biochemistry and biophysics [208–210].

With recent advancements in dedicated high performance computing architectures and

graphical processing unit, it is now possible to run long simulations with small proteins for

multiple microseconds, at conventional all-atom resolution [211–214]. Such long molecular

simulations could capture a small number of protein folding-unfolding transitions in an unbiased

manner. But such processes require significant amount of computing resources and are still

not scalable to larger systems. Most biological systems of interest involve large biomolecules

that interact over long spatiotemporal scales. To alleviate some of these shortcomings, several

enhanced sampling approaches such as metadynamics and replica exchange molecular dynamics

have been proposed to allow faster exploration of conformational space with limited resources

[14–17]. But such approaches require extensive knowledge about the particular biomolecular

system and/or can be infeasible for larger systems.

Coarse-grained molecular dynamics (CG-MD) involves creating a simplified representation

or minimal model of biomolecules that can capture the essential biophysics [18]. This approach

allows efficient access to long spatio-temporal scales by directly reducing computational complexity

and allowing fast conformational transitions by smoothing the local free energy landscape. Early

coarse-grained (CG) models with simplified phenomenological potentials were instrumental in
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establishing the foundations of energy landscape theory of protein folding [215–217]. The coarse

grained models require creating interaction sites that are representative of a particular molecule

and defining interaction schemes (potentials) that allow these interaction sites to communicate.

The interaction potentials, also known as forcefields can be variations of knowledge-based (developed

from analysis of statistical databases) or physics-derieved potentials (created for example to fit

free energies, partition coefficients, and biomolecular phases.) [?, 218–224]. Coarse grained

molecular simulations of proteins have played a significant role in shaping our understanding

of physiological processes such as protein folding, protein aggregation and membrane-protein

interactions [217, 225–231].

CG models with varying molecular resolutions and diverse coarse graining strategies have

been proposed. The levels of coarse-graining can vary from multiple-residues represented by a

single interaction site, to models with representation for all the heavy atoms in a biomolecular

system. Several of the CG models employ an implicit description of the solvent environment

through interaction potentials [220, 221, 224, 232–237]. These models have been used to study

several protein-based dynamical processes such as folding, adsorption, misfolding and aggregation.

While these models provide a significant reduction in system complexity, an implicit representation

of the environment cannot be used to study heterogeneous environmental effects that can be

essential in crowded physiological systems. Moreover, the role of solvent in governing thermodynamics

and kinetics of protein folding is well documented [238–240]. In some of the implicit-water

CG models, the dynamics is biased towards native state, and cannot capture non-native states

[216, 241–243].

MARTINI is a popular coarse grained forcefield with explicit description for solvents and

a modular architecture [79, 244]. The interactions are directed through a set of interaction-
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levels created by leveraging environment-dependant free energies (solvation, vaporization and

partitioning free energies). Due to its reasonable accuracy and ease of use, particularly in heterogenous

and crowded environment, this forcefield has been widely adopted by the natural science and

engineering communities. In the case of proteins, MARTINI has been used to study ligand-

binding, aggregation, surface-absorption and membrane translocation [245–250]. However the

model relies on restraining protein’s secondary structures through artificial potentials, and the

global/tertiary structure also needs to be restrained to prevent spontaneous unfolding. This

prevents any study of dynamical changes to protein’s conformation over the simulation time using

MARTINI. While Gō model has been employed along with the MARTINI forcefield to study

large-amplitude conformational changes, it can suffer from several shortcomings including loss

of amino-acid identity, insensitive to point-mutations and environmental changes [225,251–253].

In our previous publications, we had introduced an explict-solvent polarizable CG model

for a selection of amino-acids to study secondary structure transitions starting from primary

sequence in presence of different environmental stimulus such as hydrophobic media, interfaces

and lipid bilayers [80–82, 85, 254]. In this work, we have formalized our approach to model

parametrization, introduced new bonded and non-bonded potentials, updated residue geometry;

and extended the representation to all natural amino acids to capture accurate protein tertiary

structures.

Our Protein Model with Polarizability and Transferability (ProMPT) consists of two types

of interaction sites (beads) — primary coarse grained beads and dummy beads. The basic

biomolecule structure is created with primary interaction sites which feature modular architecture

and geometry similar to the MARTINI model that allows for easy transferability; and are parametrized

along the MARTINI scales [79, 255]. Through additional off-center dummy charges to the
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primary sites that represent polarizable entities, we have introduced explicit local dipole moment,

that can result in anisotropic coulombic interactions similar to hydrogen bonds in protein’s secondary

structure. The angle and dihedral potentials are derived from statistical distributions of these

features from the protein data bank (PDB). ProMPT can capture secondary and tertiary conformational

transitions, along with appropriate intermediate conformations and accurate folding free energy

profiles. As such, this CG model can be applied to study spatiotemporally complex biological

phenomena and processes involving proteins. In this paper, we present model validations using

simulations of small protein structures in aqueous solvent, and aqueous protein aggregation. We

have also discussed future applications, and current shortcomings of this CG potential.

6.3 Methods

The coarse grained interaction sites follow a basic MARTINI-influenced nomenclature, with

atom-types grouped into polar, neutral, charged and hydrophobic beads [79,255]. The polar beads

have explicit electrostatic dipoles added through charged dummy particles, constrained to the

main interaction site (Fig. 6.2). For parametrization, we initially run a 50 ns atomistic simulations

(using CHARMM36m/TIP3P force field [256, 257] and CHARMM-GUI [258] equilibration

protocol) of relevant atoms that map to the particular polar CG interaction site tripeptides that

have the corresponding mapped regions in chemical space. The parameters (charge on the beads -

q and distance between the beads - r) are generated to match the dipole moment corresponding to

the maximum in dipole moment distribution of the mapped region from the atomistic simulation.

The charge and relevant geometry of these charged dummies are provided in Table 6.1.

The dummy charges interact with the local environmental through electrostatic interactions
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Dummy Types Charge Bond-length kangle
Backbone ± 0.340 0.14 7.2
SER-Sidechains ± 0.144 0.14 7.2
THR-Sidechains ± 0.153 0.14 7.2
GLN-Sidechains ± 0.256 0.14 7.2
ASN-Sidechains ± 0.256 0.14 7.2
TYR-Sidechains ± 0.138 0.14 7.2
TRP-Sidechains ± 0.136 0.14 7.2

Table 6.1: Charges and characteristic bonded potentials for dummy beads. Bond-length is the
length of the tether from the primary interaction-center to the charged dummies. kangle is the
spring constant preventing deviation of the angle between charged dummies and the primary-
interaction-center from 180 degrees.

(such as change in dielectric constant at membrane-water interface), which then directs protein’s

structural changes. As these charges are placed off-center to the main interaction site, they can

introduce an asymmetry and directionality to interactions, and introduce spatial heterogeneity in

local charge distribution. Here, a parallel can be drawn between the direct dipole-dipole and

charge-dipole interactions in this CG model and electrostatic alignments in hydrogen bonds.

Previous publications with a much simplified variant of this CG model, could generate appropriate

sequence-specific secondary structures through alignment of these dipolar charges [80–82, 85,

254]. Several experiment and simulation-based studies have also underlined the importance of

these molecular dipoles in protein folding.

ProMPT has been parametrized to work with the Yesylevsky et al.’s polarizable MARTINI

water model [83]. This water model uses three coarse-grained (CG) interaction sites (beads)

that map to four water molecules. One of the beads is the primary/central interaction site with

the other two dummy interaction sites tethered to it [Fig. 6.1 - charges on dummies: +/- 0.46;

Bond-length: 0.14 nm]. The authors could capture effective orientational polarizability of real

water, that can modulate inhomogenous dielectric response. They applied the water model to

study ion permeation in lipid membranes, and electroporation of lipid membranes and oil-slabs.
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This model could naturally capture relative dielectric changes due to the local environment.

Figure 6.1: Schematic geometry of Martini polarizable water

Figure 6.2: Schematic geometries of coarse-grained amino-acids

The amino-acid geometry defining the structures of the CG amino-acids are shown in
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Figure 6.3: Non-Bonded Interactions [POL-POL]. Refer to Fig. 6.2 for naming nomenclature

Fig. 6.2. The interaction sites representing protein backbone and polar sidechains are assigned

polarizable atom-types, with off-center dummy charges. The primary CG interaction sites that

map to aromatic regions in the chemical space have a radius of 0.43 nm, compared to 0.47 nm

for all other interaction sites.

6.3.1 Non-Bonded Interactions

All the non-bonded Lennard-Jones (LJ) type interactions between the atom-types are parametrized

along the MARTINI interaction levels, which allows for easy transferability, and can therefore be

used with all biomolecular environments that can be represented with the MARTINI forcefield. A

complete description of the non-bonded interaction parameters is presented in through heatmaps

(Fig. 6.3-6.8).
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Figure 6.4: Non-Bonded Interactions [POL-HYD]. Refer to Fig. 6.2 for naming nomenclature

Figure 6.5: Non-Bonded Interactions [POL-Others]. Refer to Fig. 6.2 for naming nomenclature
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Figure 6.6: Non-Bonded Interactions [HYD-HYD]. Refer to Fig. 6.2 for naming nomenclature

Figure 6.7: Non-Bonded Interactions [HYD-Other]. Refer to Fig. 6.2 for naming nomenclature
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Figure 6.8: Non-Bonded Interactions [Other-Other]. Refer to Fig. 6.2 for naming nomenclature

While, most of the cross-interactions between non-polarizable interaction sites are directly

borrowed from the MARTINI forcefield, the interactions between our polarizable groups had to

be re-parametrized to balance out the added electrostatic interactions from the charged dummies.

Similar to the MARTINI forcefield, the parametrization here aimed to fit non-bonded interaction

parameters to reproduce accurate free energies of solvation and partitioning. The interaction

level between hydrophobic groups and the interaction sites representing water is reduced by

upto 50% from the MARTINI level to reproduce appropriate environment-induced structural

transitions. These reductions balance out issues of over-polarization by backbone dipoles and

allow conformational switching from helices to β-strands. We refer readers to the previous

publication by Ganesan et al. and Sahoo et al. regarding further details about non-bonded

parametrization [81, 82]. The electrostatic charges on specific dummy beads are enumerated

81



in the supplementary.

A set of special interactions were added in an ad-hoc manner to capture specific protein-

protein interactions. We applied specific attraction (ϵ = 3.0 kJ/mol) between positively charged

groups (such as ions and cationic amino acid sidechains) and the aromatic rings to mimic cation-π

effects [259]. Similarly, interaction between aromatic rings, and proline sidechains with aromatic

rings were made attractive (ϵ = 3.0 kJ/mol) to capture π-π stacking and CH-π interactions that

have been highlighted in quantum mechanical calculations [260–262]. These electronic effects

are ubiquitous in protein folding. Additional dummy-dummy and dummy-charged group hard-

core repulsion (c12 ∼ 10−7 nm) were added to prevent over-interaction between CG groups

similar to methods to prevent polarization catastrophe in polarizable forcefields [263, 264]. This

allows for fast switching between conformations through binding/unbinding among charged dummies.

6.3.2 Bonded Interactions

Bonded interactions can be broadly categorized as bonds, angles and dihedrals. The features

describing bonds in ProMPT — bond lengths and bond rigidity were borrowed directly from

the MARTINI forcefield. The corresponding parameters are enumerated below (Table 6.2-6.6).

Some angular (between backbone beads and first side-chain) and dihedral potentials (backbone

only) were informed from a statistical distributions of protein structures.

Bond-Types Bond-Length Bond-Rigidity/Constraints
A. Between backbone interaction-centers 0.385 7500
B. Between BB-S1 of non-aromatic amino-acids 0.250 5000
C. Between S1-S2 of non-aromatic amino-acids 0.280 5000
D. Bonds in planar rings of aromatic residues 0.270 Constraints

Table 6.2: Bonded interaction potentials between different primary CG interaction-centers. BB:
Backbone; S1: First Sidechain; S2: Second Sidechain
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Type Bond-length
Backbone (BB) - Backbone (BB) 0.385 nm
Backbone (BB) - Sidechain1 (S1) 0.28 nm
Sidechain1 (S1) - Sidechain2 (S2) 0.25 nm
Between aromatic rings 0.27 nm

Table 6.3: Bond lengths between primary coarse grained interaction sites.

Angle-Types Angle (degrees) Angular-Rigidity
A. Between backbone interaction-centers 109 75
B. Between BB-S1-S2 of non-aromatic amino-acids 151 25
C. Between BB-S1-S2/S3 for F Y 150 50
D. Between BB-S1-S2 for W 210 50
E. Between BB-S1-S3 for W 90 50

Table 6.4: Angular interaction potentials between different primary CG interaction-centers. BB:
Backbone; S1: First Sidechain; S2/S3/S4: Second/Third/Fourth Sidechain

We used a non-redundancy p-value of 10−7 to create a database of about 14000 protein

structures from the protein data bank. The angular and dihedral potentials were based on their

corresponding normalized distributions from this database. The angle between the protein backbone

sites was universally set to 109o, restrained through a harmonic potential. The angular potential

between the backbone and the sidechain was created specific to each amino-acid by applying

Boltzmann inversion at 300K to each amino-acid specific distributions. These potential energy

functions corresponding to each amino-acid have been reported in Fig. 6.9-6.11. Finally, the

dihedral potentials between the backbone interaction-centers are secondary-structure specific,

with different tabulated potentials for α-helix, 3-10 helix and β-sheets. The functional forms

Angle-Types Dihedral (degrees) Dihedral-Rigidity
A. Between backbone interaction-centers Tabulated NA
B. Between BB-S2-S3-S1 for F Y Improper; 0 50
C. Between BB-S2-S3-S1 for W Improper; 0 50
D. Between S1-S2-S4-S3 for W Improper; 0 200

Table 6.5: Dihedral interaction potentials between different primary CG interaction-centers. BB:
Backbone; S1: First Sidechain; S2/S3/S4: Second/Third/Fourth Sidechain
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Secondary-Structure A B C D ϕ0

α-helix 1.799 1.969 -1.199 -1.03 1.227
3-10 helix 1.799 1.969 -1.199 -1.03 1.969

Table 6.6: Dihedral potential parameters for α-helix and β-sheet corresponding to equation 1 in
the main text.

of α-helix and 3-10 helix potentials were taken from previous publications of Cα based coarse

grained models [265].

(6.1)

V (ϕ;A,B,C,D)
= A [1 + cos(ϕ+ ϕ0)]
+B [1 + cos(ϕ− ϕ0)]
+ C [1 + cos(3(ϕ+ ϕ0))]

+D
[
1 + cos(ϕ+ ϕ0 +

π

4
)
]

The fitted parameters are provided in Table 6.6. These periodic functions allow for introducing

multiple local/global minimums, in contrast to single and deep global minima by Boltzmann

inversion. We parametrized these functions to set the global functional minimum to match

the maximum value in the dihedral probability distributions of relevant secondary structures,

in addition to introducing several local minimas. These local extremas introduce additional

frustrations to the protein’s conformations and has been adopted in previous coarse grained

models [265]. The tabulated β sheet potential is generated through a direct Boltzmann inversion

(at 300K) of dihedral distributions from regions specific to beta sheets in the protein structure

database. Fig. 6.12 shows the dihedral potentials employed in ProMPT.

6.3.3 Simulation setup

All simulations are performed with GROMACS 2019.4 [177]. The starting conformation

and the protein topology are generated with in-house codes, taking the amino acid sequence
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Figure 6.9: BB(Previous amino acid)-BB-S1 tabulated angular potentials (Set 1)
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Figure 6.10: BB(Previous amino acid)-BB-S1 tabulated angular potentials (Set 2)
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Figure 6.11: BB(Previous amino acid)-BB-S1 tabulated angular potentials (Set 3)
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Figure 6.12: Secondary-structure specific dihedral potential used in the CG forcefield. The
tabulated potentials are fitted (for α-helix and 3-10 helix) or derieved (β-sheet) to capture
maximum value in the dihedral probability distributions

from the reference PDB structures listed in Table 6.7. The initial conformation for all proteins

is a random unfolded extended conformation. The setup for each protein system including the

number of protein beads, the number of polarizable water molecules, and temperature details

are also listed in Table 6.7. Adequate number of ions are added to neutralize the system. We

have used reduced temperature, T∗ = KbT/ϵ as our temperature scale, where ϵ is the highest

interaction strength (5.6 kJ/mol) in our CG potential. Energy minimization is first conducted

with steepest descent. An NPT equilibration run at T∗=0.52 for 50 ps is followed at 1 bar and

with time step 0.001 ps. The canonical production run is then performed with time step 0.01 ps

for the simulation time listed in Table 6.7 at different reduced temperatures. Since the box size is
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constant, the solvent density remains the same across various temperatures. Electrostatic cutoff is

1.6 nm and particle-mesh Ewald (PME) method is applied for long range electrostatic interactions

[151]. Nosẽ-Hoover thermostat is used to maintain the system at the desired temperature [266].

Trp-cage Trpzip4 Villin WW-Domain β-α-β Aβ16-22
PDB code 1L2Y 1LE3 1YRF 1E0L 2KI0 -a

Number of proteins 1 1 1 1 1 8
Number of water 1957 1610 26391 30136 24998 2584
Simulation time per
temperature (ns) 200 200 600 100 200 300
Temperature range
performed 0.52-1.04 0.52-1.04 0.52-1.04 0.52,0.82 0.52,0.82 0.52
Total number of temperature
simulated 15 15 19 2 2 1

Table 6.7: Simulation setup for each protein. Sequence: KLVFFAE.

To validate the use of ProMPT in heterogenous environmental conditions, we studied the

dimerization of Glycophorin A (GpA) monomers starting from their solvated-unfolded state. Two

CG GpA monomers are put into an 8 nm wide cubic box with a distance of 5.66 nm between the

two monomers pointing to the same direction. The box is then solvated with 80 DPC detergents

and 3000 CG water molecules. Energy minimization is first conducted with steepest descent. An

NPT equilibration run at 350K for 5 ns is followed at 1 bar and with a time step of 0.001 ps. The

compressibility is 3.50 × 105 bar−1. The production run in an NPT ensemble is then performed

with a time step of 0.01 ps for the simulation time of 500 ns at 350K. Electrostatic cutoff is 1.6 nm

and particle-mesh Ewald (PME) method is applied for the long range electrostatic interactions

[151]. Nosẽ-Hoover thermostat is used to maintain the system at the desired temperature [266].

Six replicas are run for each system.
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6.3.4 Comparision with Atomistic Simulations - Replica Exchange with Solute

Tempering

The replica exchange with solute tempering (REST) [267] simulations are performed for

Trp-cage and Trpzip4 in water and the Amber99sb [268] atomistic force field is used. For Trp-

cage, an unfolded coil is solvated with 2678 water molecules and neutralized with one chloride

ion. The system then goes through energy minimization, 200 ps of NVT equilibration and 200

ps of NPT equilibration. After equilibration, the REST protocol is used for the production runs

where 10 replicas are simulated spanning a temperature range from 290K to 540K. Each replica

is run for 700 ns and the resulting exchange rates are between 22% to 36%. For Trpzip4, an

unfolded coil is solvated with 3570 water molecules and neutralized with 3 sodium ions. The

system undergoes the same equilibration process and the same REST protocol as those for Trp-

cage. For Trpzip4, a longer simulation time is needed for convergence, each replica is run for

1400 ns and the resulting exchange rates are between 24% to 32%.

6.3.5 Analysis

We used potential of mean force (PMF) plots of Trp-cage, Trpzip4, and villin to validate the

ability of our CG force field to capture a protein’s conformational landscape. Backbone native

contact and root-mean-squared-deviation (RMSD) of peptide fragments were used as reaction

coordinates for PMF calculations. Backbone native contact measures the fraction of backbone

contacts with a cutoff of 7Å that are replicated in our CG trajectories that are native to the PDB-

converted-CG structure. RMSD backbone (BB) is a measure of relative deviation of our CG
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backbone from the backbone beads in PDB-converted-CG structure. For all proteins, the first

80ns of trajectory-data is removed and the equilibrated data are collected at all temperatures

simulated and re-weighted through Multistate Bennett Acceptance Ratio (MBAR) method [269].

Here, we present the final PMF at T∗=0.52. For villin, we used a cluster analysis tool from

GROMACS with a RMSD cutoff of 0.3 nm to generate representative conformation corresponding

to each basin in the PMF. For the aggregation simulations, two peptides are considered part of

β-sheet if more than three dummy-dummy interaction pairs are formed. A fraction of one means

that all the peptides (8 of them) are forming β-sheet.

In this study we used potential of mean force to capture the folding and dimerization

landscape of our Glycophorin A. Here, we only used the trajectory after at least one CG interaction

site contact (cutoff=6Å). We computed helical content per monomer as number of native backbone

contacts (cutoff=6Å) compared to the PDB-converted-CG structure for the same sequence of the

wide type. We used average helical content and the number of backbone (BB) contacts are used

as the reaction coordinates for the PMF calculations.

6.4 Results and discussion

Mini proteins Trp-cage and Trpzip4 are selected to be our first test proteins because they

are already well-studied both computationally and experimentally [270–274]. Trp-cage has an

α-helix starting from the N-terminus and a 3-10 helix at the middle part, and an unstructured

C-terminal tail, which collapse together forming a hydrophobic core (Fig. 6.13c). Trpzip4 has

a β-hairpin structure with four Trp residues packing together. Fig. 6.13a shows the PMF for

Trp-cage using native contact and RMSD helix BB as two reaction coordinates. A two-state
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folding/unfolding path can be observed from the PMF, which agrees with experiments and REMD

simulation results [270, 275]. The folded basin at around 0.1 nm RMSD helix BB indicates a

perfect α-helix. The distribution of native contact is relatively broader, from 0.6 to 0.7. The

unfolded basin has a a native contact of 0.4 to 0.5 and RMSD helix BB from 0.2 to 0.3 nm,

indicating some partial helicity in agreement with previous simulation reports [276]. The PDB

structure and a representative folded structure with our CG model for Trp-cage are shown in

Fig. 6.13c. Both α-helix and 3-10 helix can be well reproduced at the correct positions. The

hydrophobic core formed by Tyr3, Trp6, and three proline residues at the C-terminus is also well

captured as seen in the experimental structure. Our estimation of ∆G for protein folding is 3.2

kJ/mol, close to the experimental estimate of 2.6 kJ/mol [277]. We also perform a set of replica

exchange with solute tempering (REST) simulations to estimate the folding-unfolding free energy

difference for Trp-cage, from the atomistic simulations, the ∆G is estimated to be around 2.81

kJ/mol at 290K (Fig. 6.14).

Fig. 6.13b shows the PMF for Trpzip4 with native contact and RMSD BB as the reaction

coordinates. The PMF of Trpzip4 also shows a two-state folding/unfolding path, which agrees

with experiments and atomistic simulations. The folded basin for Trpzip4 is located at 0.35 nm

RMSD BB with a native contact of around 0.8. The unfolded basin has a broad RMSD BB

distribution from 0.5 to 0.7 nm with a native contact of around 0.4. Fig. 6.13d shows both the

PDB structure (left) and a representative folded state for Trpzip4 with our model (right). The

β-sheet content can be well captured. Four tryptophan residues are interacting with each other

and forming a hydrophobic core as observed in the experimental structure. Here, our CG model

estimated a ∆G of about 7.3 kJ/mol for protein folding, compared to 12.3 kJ/mol reported in

experiments [278]. From the REST simulations we run, a ∆G of 4.53 kJ/mol is estimated (Fig.
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(a) (b)

(c) (d)

Figure 6.13: PMF for Trp-cage (a) with RMSD helix BB and native contact as the reaction
coordinates. PMF for Trpzip4 (b) with RMSD BB and native contact as the reaction coordinates.
Both PDB structure (left) and the representative structure (right) from our model for Trp-cage (c)
and Trpzip4 (d) are shown. Blue indicates the specific secondary structure each protein exhibits.
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6.15), which is lower than both the experimental data and the estimation from our CG model.

Our next target protein - villin has three helices with a hydrophobic core. Successful folding

of villin validates our CG protein model for general applications to proteins with tertiary packing

of homogeneous secondary structures. Fig. 6.16 shows the PMF for villin with RMSD strand 1

(S1) and RMSD strand 2 (S2) as two reaction coordinates, where the locations of the two strands

are highlighted in red. Strand 1 contains two helices from the N-terminus (residue 2-18), while

strand 2 only contains one long helix (residue 21-32) from the C-terminus. There are one native

state and two intermediate states populated at T∗=0.52. At higher temperatures, the location of

the unfolded basin shifts to more extended conformations. All of the states populated at T∗=0.52

have similar RMSD S1 values, but different RMSD S2 values, which correspond to different

tertiary structures. Indeed, it has been reported in experiments that although there are fluctuations

in the N-terminal part of villin, large-scale unfolding will not occur unless undergoing global

unfolding [279]. In our model, global unfolding happens at higher temperatures, where disruption

of strand 1. The native state is centered at RMSD S1 0.35 nm and RMSD S2 0.1 nm. The

representive structure of the folded basin with our model is very similar to the experimental

structure from PDB. For the intermediate states, one is centered at RMSD S1 0.35 nm and RMSD

S2 0.2 nm while the other one is centered at RMSD S1 0.35 nm and RMSD S2 0.35 nm. Both of

the intermediate basins show a decrease in helicity for strand 2 and losing of hydrophobic core,

while the helicity for the basin with larger RMSD S2 is reduced further more. The intermediate

states are similar to the states described in the experimental work from Reiner and co-workers,

where the intermediate states have an unfolded strand 2 that is undocked from the hydrophobic

core [279]. Both the native state and intermediate states are on the folded side of the folding-

unfolding landscape.
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Figure 6.14: Free energy plot for Trp-cage at 290K from the REST simulations. The folded basin
has a free energy of 2.82 kT and the unfolded basin has a free energy of 3.98 kT. The ∆G is
estimated to be 1.17 kT (2.81 kJ/mol).
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Figure 6.15: Free energy plot for Trpzip4 at 290K from the REST simulations. The folded basin
has a free energy of 2.12 kT and the unfolded basin has a free energy of 4.00 kT. The ∆G is
estimated to be 1.88 kT (4.53 kJ/mol).
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32
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Strand 1

Strand 2

Figure 6.16: PMF for villin with RMSD S1 and RMSD S2 as the reaction coordinates at T∗=0.52.
The representative structure for each basin is shown as insets.

97



For the proteins having a tertiary structure with homogeneous β-sheets, we used WW-

domain as our benchmark protein. The PDB structure is shown in Fig. 6.17c with three antiparallel

β-strands and two long tails at both ends. A representative folded structure with our model is

shown in Fig. 6.17c. In Fig. 6.17a, the RMSD BB time series without considering the loop

regions are shown at two temperatures. From the time series at T∗=0.52 we observe that the

simulation converges at a value of RMSD BB around 0.3 nm. The simulation can reach the folded

state in about 20 ns. We could note frequent transitions between folded and unfolded states at

T∗=0.82. The last protein we focus on β-α-β (PDB code: 2KI0), which is a designed protein

that has a mixture of secondary structures (partially α-helix and β-sheet) with a defined tertiary

structure. Using DSSP [280] we assigned the secondary structures using one of the deposited

NMR structures in the PDB database. The antiparallel β-strands only have four residues on each

strand. Fig. 6.17d shows a representative folded structure with our model, the α-helix can be

well formed, while the β-sheets are formed but shifted. Fig. 6.17b shows the RMSD BB time

series for β-α-β at two temperatures, without considering the tails. The RMSD BB converges at

around 0.5 nm at T∗=0.52. The time series at a higher temperature (T∗=0.82) is shown in red,

which confirms the ability of ProMPT to capture frequent transitions between different states.

We have demonstrated that with our model we can fold a variety of proteins, which include

pure β-sheets, pure helices, and proteins that have a defined tertiary structure composed with

homogeneous secondary structures. For proteins that have mixed secondary structures such as

β-α-β, the packing could not be perfectly reproduced. We also attempted simulating the folding

of another well-studied protein with heterogeneous secondary structures - GB1 (PDB code:

2J52.pdb). GB1 is a slightly larger protein with four β-strands and one α-helix. Although our

CG model could generate accurate secondary structure at appropriate regions, the overall tertiary
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(a) (b)

(c) (d)

Figure 6.17: RMSD BB time series for (a) WW-domain and (b) β-α-β at T∗=0.52 (blue) and
T∗=0.82 (red). The PDB structure (left) and the representative structure (right) are shown in (c)
and (d) for WW-domain and β-α-β, respectively. Blue indicates the specific secondary structure
each protein exhibits.

packing was not reproduced. We compared the molecular packing of amino-acid side-chains

in ProMPT for GB1 to GB1 PDB native structure mapped into our CG description. ProMPT

simulations, with backbone restrained to the native state, resulted in a protein core with packing

defects and voids (Fig. 6.18). On the other hand, CG structure mapped directly from PDB native

state showed no such anomalies. Therefore, we postulate that appropriate modifications to side-

chain size, can achieve adequate protein-core packing required for correct tertiary structures.

Proteins with mixed folds will be our next target proteins and could potentially be solved

by adjusting the size and shape of each amino acid in the CG model to better mimic the side-

chain geometry. Recent parametrization of MARTINI 3 force field has adopted this strategy and

included several smaller bead-types to capture the accurate geometrical shapes of biomolecules

[244]. This resulted in significant improvement in molecular packing, and could capture correct
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Figure 6.18: Surface Plot of GB1 with a solvent probe of 1.4 Å. a- CG after 5 ns of simulation
starting from the folded state, b- PDB. The backbone is traced to show the tertiary packing of the
protein.
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open and close conformations in transmembrane proteins.

Beyond studying protein folding, ProMPT can also be applied to study peptide aggregation.

Here we demonstrate the aggregation of Aβ 16-22 peptides in water at T∗=0.52. The protein

concentration in the system is 0.0426 M. Fig. 6.19 shows the time series for β-sheet fraction. The

β-sheet fraction fluctuates between 60% to 80%, indicating significant fibrillation. Occasionally

the β-sheet fraction can reach 100%, where all the Aβ peptides are involved in the β-sheet

formation. Similar to previous experimental and simulation studies, peptides organize into stable,

layered β-sheet rich structures [189,281–284]. PHE residues are shown in yellow and a hydrophobic

core formed by PHE packing can be observed from the aggregate snapshot (inset of Fig. 6.19).

We observed anti-parallel β-sheets in our simulations, similar to the structures reported by experiments

[285]. Nguyen et al. applied replica exchange MD on Aβ 16-22 monomer, dimer, and trimer

to study the effects of different atomistic force fields on the formation of β-sheets [286]. While

AMBER99 and OPLS generated a diversity of conformations, only GROMOS96 could successfully

generate antiparallel β-sheets. With ProMPT, we observe aggregation into β-sheet rich, fibril-like

structures by 30 ns and can also qualitatively study the kinetics of this aggregation process.

6.4.1 Simulations of Glycophorin-A and Mutants

Fig. 6.20a shows the PMF of wild type GpA, where the most populated basin is observed

with a high average helical content and a broad range of number of BB contacts. A representative

snapshot of GPA dimerization is also presented. The WT-GPA dimerizes as a parallel dimer. In

addition, we could also reproduce Cα-H contacts prevalent in the G79xxxG83 motif, along with

T87-T87 contact that is noted in previous research [287].
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Figure 6.19: Time series for the number of Aβ 16-22 peptide forming β-sheets. An illustration
of β-sheets aggregation is shown in the inset with yellow representing PHE residues.

The helical crossing angle is close to PDB deposited structures (marked by black horizantal

lines), with a strong peak between -50 and 20 degrees for WT-GpA [Fig. 6.21]. Here, we also

noted some anti-parallel orientations, which can be because of the less restrictive media of DPC

micelles compared to the membrane. Anti-parallel dimers have been reported before in atomistic

simulations in both implicit membrane and implicit cyclohexane [288].

The contact map shown in Fig. 6.22 shows that the majority of the wild type GpA dimers

are parallel, which agrees with the crossing angle result shown earlier. In addition, from the

residue-residue contacts it can be seen that the dimers are highly symmetric and specific. This

specific contact surface is also observed in CG simulations in membrane where a mobile helix is

found to be anisotropically distributed near the fixed helix [289] that is originated from the close

contacts of the GxxxG motif.
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Figure 6.20: PMF for GpA with the average helical content and the number of BB contacts as the
reaction coordinates. The representative conformation is shown as inset-figure. Color code: Thr
(grey), Gly (green), Val (purple), Leu (orange).
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Figure 6.21: Helical crossing angle between the two helices of Glycophorin A. The horizantal
lines reflect PDB values.

Figure 6.22: The residue-residue contact maps for GpA
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6.4.2 Note on Computational Efficiency

To compare the computational efficiency gained by applying our CG model, we estimate

the computational resource used for obtaining a converged PMF for Trp-cage via REST and our

CG model. In order to get a converged PMF using REST atomistic simulations, 10 replicas at

different temperatures are needed with 700 ns simulation time for each replica. With optimized

simulation speed of 0.17 hours/ns and 20 cores-per-replica, the simulation required about 23.80

kSU (supercomputing units) of resources. For the converged PMF with our CG model, we used

15 replicas at different temperatures, with 200 ns simulation time per replica. With optimized

simulation speed of 0.028 hour/ns and 27 cores-per-replica, the simulation required about 2.27

kSU. In order to get a converged PMF using REST, several parameters need to be tested (such as

exchange frequency, number of replicas, range of temperatures), including the use of force field.

These will result in a much higher computational cost in practice.

The applications and validations of our CG model in this work was focused on capturing

accurate protein conformational landscape and structural diversity in aqueous environment. This

explicit treatment of environment can capture local electrostatic changes such as dielectric fluctuations

more effectively that can contribute towards protein’s structural changes. This also allows for

easy transferability of interactions, without a need for re-parametrization. Therefore, ProMPT

can have special applications in studies involving chemically heterogeneous biomolecular systems

due to its explicit description of environment (and solvent). Because of similar parametrization

of non-bonded interactions, ProMPT can be patched with our in-house coarse grained membrane

model — Water Explicit Polarizable MEMbrane model (WEPMEM) to study membrane and

detergent assisted conformational transitions [81, 82, 84, 254]. Moreover, ProMPT can also
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be patched with our CG model for divalent ions to study metal-assisted protein folding [174].

Finally, the modular architecture of the forcefield allows for easy parametrization of other biomolecules.

Future work in our lab will be focused on studies to elucidate this environment-driven conformational

changes in protein structure and dynamics with this forcefield.

6.5 Conclusion

In this article, we developed a polarizable coarse-grained model with explicit representation

for the environment — ProMPT. The key objective here was to create a coarse-grained molecular

dynamics forcefield to capture tertiary folding of protein structures with minimal constraints.

The CG mapping scheme follows closely the MARTINI coarse grained forcefield geometry.

In ProMPT, the polar CG beads have explicit drude-like charges that can couple a protein’s

environment to its structure and dynamics. We parametrized the non-bonded interactions between

CG beads through free energies of their interaction with the environment. The bonded interaction

potentials were generated through analysis of corresponding normalized bonded-feature distributions

generated from a database of non-redundant protein structures from the protein data bank. This

CG forcefield was validated by reproducing the conformational free energy landscape of several

well-studied small protein systems. While ProMPT can accurately fold protein structures with

homogeneous secondary structures, we observed some side-chain packing defects in folding of

proteins composed with heterogenous secondary structures. Our future research efforts will be

focused on fixing sidechain packing through accurate mapping of sidechain geometry. Due to its

transferability, ProMPT can be patched with our previous in-house lipid and divalent ion models

to study protein folding assisted by physiological environment.
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Chapter 7: Effect of varying poly-Q tract and the presence of curved membranes

on aggregation of Huntingtin protein’s N-terminal domain

7.1 Overview

In the previous chapters (chapter 3-5), we characterized the aggregation behavior of a

fragment of Aβ peptide. Along another direction in this chapter, we focus on Huntington’s

disease.

The initial 17 residues of the N-terminal and the following Glutamine repeats (poly-Q/GLN-

repeats) of the Huntingtin protein have been associated with the pathogenesis of Huntington’s

disease (HD). A direct correlation has been established between the length of poly-Q tract and

the severity of Huntington’s disease. Moreover, HD belongs to the larger class of diseases whose

pathogenesis involves poly-Q aggregation. While previous research have presented a consensus

overview of the structure and dynamics of N17 fragment, a similar overview of ther poly-Q

tract is missing. There have been competing evidences of secondary structure in the poly-Q

tract. Moreover, since this is a fast aggregating peptide, it is difficult to effectively discern

between individual peptides and peptides in their aggregate form through structural studies. In

this chapter, we aim to explore the conformations of N17-Qn (where n ∈ {7, 15, 35, 45}), both

as a single peptide and peptides in their aggregate form. For the single peptide, we noted a
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trend towards more globular (decreasing asphericity) peptide structures with increasing lengths

of polyglutamine tract. We also observed a significant specificity towards Q-Q interactions also

observed in previous experimental reports. Finally, we also found a gradual change from helical-

rich structures to increasing sheet-like features with increase in number of trailing GLN residues.

For the case of peptide aggregates, we found that the GLN-repeats drove peptide aggregation.

While, for smaller poly-Q tract, the hydrophobic core led by bulky Phenylalanine groups on N17

are formed, but a similar core is absent for longer poly-Q tract.

N17 often structures into amphipathic helices that can tether the protein to the membrane

surface. Peptide anchoring to the membrane surface can have unique implications to disease

pathogenesis, such as the peptide diffusion can get arrested resulting in increased aggregation.

While some structural features of N17-membrane interaction are known, detailed biophysical

reports of peptide-membrane interactions are still missing. In this chapter we also aim to understand

these biomolecular details of peptide-membrane interaction and the molecular mechanism of

curvature sensing. Our simulations suggest a gradual progression from a dominantly unstructured

peptide in solution, to a more structured α-helical patch on the membrane. In presence of a

curved membrane, we observed that N17 peptides preferentially interact with the curved region.

Here, we discovered that while the polar and charged groups drive the initial membrane-peptide

interaction, the membrane curvature sensing is dominantly controlled by the bulky hydrophobic

groups such as PHE. Omission of these bulky residues from the sequence leads to loss of this

curvature sensing ability of N17.

We will approach this research with the coarse grained protein model that we developed in

our previous chapter — ProMPT.
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7.2 Introduction

Huntington’s disease (HD) is a hyperkinetic movement disorder and is associated with rapid

neurodegeneration [290–293]. In recent years, this has emerged as a significant socio-economic

concern as this disease is incurable and invariably lethal. Structural and functional alterations of

Huntingtin protein is responsible the Huntington’s disease [294–296].

Huntingtin protein is a large ( 348 Kda) soluble cytosolic protein often found in the central

nervous system [294]. The wild-type Huntingtin protein consists of a 17 residue N-terminal

domain, followed by 35 or less Glutamine repeats, a poly-proline rich segment and a cluster

of HEAT repeats (α-helix-turn-α-helix unit) [294]. The final HEAT motifs are essential for

several protein-protein interactions associated with this protein’s functions. Abnormality in the

Glutamine repeats has been associated with the pathology of Huntington’s disease (HD). Fig. 7.1

is a schematic image highlighting these regions.

Studied have correlated the increase in polyglutamine lengths (mid 30s and higher) to

increased disease severity [297–299]. Now, HD is a part of a large number of diseases such

as spinocerebellar ataxia (SCA), and spinal and bulbar muscular atrophy (SBMA) are associated

with glutamine repeats and share several common pathological signatures [53–55]. Indications of

poly-Q diseases involve inclusion-bodies with several poly-Q stretches and progressive neuronal

cell deaths. Studies with animal models have reported that just the presence of long poly-

glutamine chains is enough for initiation of neuronal death and neurodegeneration [55].

For HD, clinical research found that mutants with expanded poly-glutamine tract can lead

to pathological protein aggregation, often associated with neurodegeneration [290–296]. These

findings have fueled increasing efforts to understand the biophysical properties of GLN that result
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Figure 7.1: Schematic of Huntingtin protein with focus on the N-terminus

in aggregation of poly-Q. But, as early aggregation of poly-Q is fast and difficult to study by

traditional experimental methods, computational studies have often been applied at those stages.

Early computational and experimental studies found that water is a poor solvent for GLN and

the poly-glutamines prefer to self-interact and assemble into disordered structures, which can

over time evolve into fibrillar deposits [300–302]. Several in-vitro studies have also confirmed

that poly-Q can aggregate by itself into ordered and insoluble β-sheet rich patches, among other

more disordered structures [298]. These insoluble aggregates were also confirmed in cell cultures

and mice models [55, 303]. Poly-Q, by itself, can be disordered in solution, and collapse into a

globular shape with increase in Q-repeats [55, 304].

While poly-Q forms the unifying theme for these glutamine repeat diseases, other fragments

can have unique implications, particularly in protein aggregation. In huntingtin protein, there are

two more fragments associated with the disease pathology — the first 17 residues (N17) and the
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38 residue poly-proline (polyP-C38) rich domain following poly-Q. While, polyP-C38 is known

to retard protein aggregation rates, N17 aggravates it [305–307].

N17 is intrinsically disordered in solution, but can form amphipathic helix-like structures in

hydrophobic and membranous environments [307]. Ampipathic helices (AH) are commonplace

in several biological systems, and have functional relevance to many physiological processes [63,

308, 309]. Particularly, these helices can help in tethering the protein to the cellular membranes.

This can help in protein co-localization and membrane permeation — a strategy that is employed

by several anti-microbial peptides. Larger AHs such as Bar domain have been known to affect

membrane remodeling, lipid phase separation and local lipid diffusion [309, 310].

In the case of Huntington’s disease, recent biophysical evidences have suggested that N17

is the cis-acting switch for driving poly-Q aggregation [307,311]. Particularly these experiments

established the importance of hydrophobic residues. Point-mutations that broke the helix or

reduced hydrophobicity, in turn reduced the aggregation propensity. Even in the absence of poly-

Q, N17 is known to aggregate into peptide clusters.

Huntingtin protein is specifically associated with several membrane-related processes such

as vesicle trafficking and has been found to localize at the membranes of endoplasmic reticulum,

golgi apparatus and endosomal vesicles [53]. N17, being an AH forms the membrane binding

domain of huntingtin protein. But, in the case of pathologically mutated htt, membrane binding

can tether the peptide and arrest the dimensionality of diffusion, thus promoting aggregation. As

N17 plays a central role in aggregation both in solution and in presence of membranes, it can be

the key towards therapeutic intervention [307].

While several experimental research attempted to understand the biophysics of the N17

and N17-poly-Q domain, structural information remains limited due to highly dynamic and
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transient (quick aggregating) nature of these biomolecules. Recent experimental characterization

revealed that with a particular variant of N17-poly-Q, the peptide has a propensity towards β-

sheet structures in Q-rich regions [312, 313]. Experimental data by Langen and coworkers with

Time-Resolved Fluorescence Energy Transfer (TR-FRET) and Electron Paramagnetic Resonance

(EPR) suggest both α-helix and β-sheets within the poly-Q segment [305]. Another structural

study by Nagai et al. also reported an increased β-sheet fraction with increase in Q-repeats [314].

Recently Michaelek et al. used two dimensional solution NMR to identify the lowest

energy structure of this N17 domain in micellar conditions [315]. In the same study, they also

delineated the structure in presence of POPC membranes. In another structural investigation, Tao

et al. used model small unilamellar vesicles to study the structure of N17-Q25 fragment [316].

Their study showed the propensity of this peptide to interact interfacially with the membrane,

with stable helicity in the N17 part. Chaibva et al. used atomic force microscopy with POPC

membranes restricted to a fixed curvature to record a interaction of N17-Q35-P10-KK fragment

dominantly with regions with positive curvature [60].

Only a few computational studies have been attempted to characterize these systems because

of the associated large system sizes and the intrinsic disordered nature of these peptides. Moreover,

discrepancies can be noted in these computational findings. Initial results by Kelly et al. with

simulated tempering suggested two stable populations of N17 structures — the more stable

double helix (bent) and a single linear helical patch [317]. With Multiscale Coarse grained (MS-

CG) simulations by Wang and Voth reported quick interchange between folded-unfolded states

for lower Q-repeats (≤28), and long stable helices for longer Q-repeats (≥28) [318]. Similarly,

investigations by Dlugosz and Trylyska with atomistic simulations and replica exchange molecular

dynamics also suggested a helix-rich poly-Q (Q-55) domain with a solvent exposed N17 headpiece
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[319]. On the other hand, Lakhani et al. with discrete molecular dynamics and an atomistic

resolution forcefield found an increased tendency to form β sheet rich structures with expanded

lengths of Q [320]. Both computational and experimental structural studies centered around

understanding the morphology of N17-Poly-Q aggregates are scarce, and we have limited knowledge

of aggregate architecture.

Zhang et al. investigated the folding of N17 domain through a consensus forcefield approach,

using simulations from multiple different forcefields (OPLS-AA/L, CHARMM36, and AMBER99sb-

ILDNP) in presence of dodecylphosphocholine (DPC) micelles. They found a relatively low

barrier ( 3 kcal/mol) of transformation into a helical structure [321]. Cote et al. characterized the

membrane interaction of N17 through a combination of molecular simulations and experiments

[322]. Their analysis points to a single α-helical structure, more stable than the micellar NMR

structure suggested by Michaelek et al. [315]. A more recent study elucidated correlation between

peptide structure and the length of Q-repeats for a single peptide. Here the authors report of a

super-compact and more globular structures with progressive increase in Q-repeats.

Studies on how N17 drives membrane interaction and curvature sensing is limited due to

compounded complexity of the presence of membranes, in addition to the intrinsically disordered

and highly transient peptide. While peptide aggregates are acknowledged as the primary pathological

entity in Huntington’s disease, computational research focus has been primarily on monomeric

structure and monomer-membrane interaction. Moreover, N17 being an amphipathic helix can

have preferential interaction with curved membrane as noted earlier by Chabaiva and coworkers

with atomic force microscopy [60]. But, the details of peptide structure that enable such curvature

sensing is still missing. In this work, we aim to expand our understanding to peptide aggregate

structures and how they drive membrane-protein interaction, particularly curvature sensing. Our
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recently developed coarse grained forcefield — ProMPT is uniquely poised to address this because

of the explicit-solvent and transferable nature of this CG forcefield. Also, coarse-graining affords

the access to length and time-scales beyond the current atomistic levels to study peptide-membrane

interactions in the case of aggregates.

The objectives of this research are two fold.

1. Understand the impact of pathological glutamine repeats on peptide structure and aggregation

- While previous research have presented a consensus overview of the structure and dynamics

of N17 fragment, a similar overview of ther poly-Q tract is missing. There have been

competing evidences of secondary structure in the poly-Q tract. Moreover, since this is

a fast aggregating peptide, it is difficult to effectively discern between individual peptides

and peptides in their aggregate form through structural studies. Therefore, in this work we

aim to explore the conformations of N17-Qn (where n ∈ {7, 15, 35, 45}), both as a single

peptide and peptides in their aggregate form.

2. Present a mechanistic view on how N17 peptides sense curvature on POPC membranes -

Previous research on peptide-membrane interactions has been limited both from a experimental

and computational perspective. While some structural features of N17-membrane interaction

are known, detailed biophysical reports of peptide-membrane interactions are still missing.

In this chapter we aim to understand these biomolecular details of peptide-membrane

interaction and the molecular mechanism of curvature sensing.

To our knowledge, this is the first computational research that studies unbiased peptide

aggregation and peptide-membrane interactions of N17/N17-Qn peptides starting from solvated

unstructured peptides.
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7.3 Methods

For this work, we used the coarse-grained forcefield developed in chapter 5 — ProMPT.

Due to the explicit-solvent nature of this forcefield, it can capture local environmental fluctuations

(such as local dielectrics) well. This can contribute towards environment-assisted structural

changes in protein structure. Moreover, this explicit representation of environment allows for

easy transferability across multiple biomolecular systems, without need for re-parametrization.

As such, we used ProMPT (see chapter 5) to represent the protein, WEPMEM (see chapter 2) to

represent membranes with the MARTINI polarizable water [81–83].

7.3.1 Single Peptide (N17-Qn) simulations in aqueous solution

To understand the folding landscape of N17 with multiple Q-repeats, we ran simulations

with 7, 15, 35 and 45 trailing glutamines. All simulations are performed with GROMACS 2019.4

[177]. The starting conformation and the protein topology are generated with in-house codes. The

initial conformation for all proteins is a random unfolded extended conformation. The simulation

box is adequately solvated and neutralized through addition of ions. 9 simulations were run

for each peptide system ranging from 300K (T∗=0.445, previous chapter) to 460K (T∗=0.682,

previous chapter). This allows us to escape local free energy barriers and have a better exploration

of conformational landscape.

Energy minimization is first conducted with steepest descent. An NPT equilibration run at

T=300K for 50 ps is followed at 1 bar and with time step 0.001 ps. The canonical production run

is then performed with time step 0.01 ps for 200ns at different temperatures. Since the box size is

constant, the solvent density remains the same across various temperatures. Electrostatic cutoff is
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1.6 nm and particle-mesh Ewald (PME) method is applied for long range electrostatic interactions

[151]. Nosẽ-Hoover thermostat is used to maintain the system at the desired temperature [266].

7.3.2 Multi Peptide (N17-Qn) simulations in aqueous solution

We also did a similar exercise, but with multiple peptides. 6 peptides (∼ 6.9 mM), each

with trailing glutamine repeats of 7, 15, 35 and 45 were solvated in a polarizable water box, with

ions added to neutralize the box. In the initial conformation, all copies of peptides are randomly

distributed in a simulation box. The simulation procedure is identical to the single monomer

simulation.

7.3.3 Single Peptide (N17) in presence of a planar membrane patch

In this section, we characterize the curvature sensing nature of the N17 part of Huntingtin

protein. As membrane interaction is primarily driven by the N17 fragment of the peptide, here

we have focused on just that segment. To understand how single N17 peptide interacts with

the membrane, we created two replica simulations of a single N17 peptide in presence of a

smaller patch of planar lipid membrane. These simulations can be used as validations against

pre-existing results of N17-membrane interactions. We created the small membrane patch with

240 POPC lipids on each leaflet, and 12 nm (in the Z-direction) solvated box. After initial

energy minimization and 1 ns of equilibration, the production simulation was run for 200 ns

with constant-pressure ensemble. Temperature was maintained at 300K through a Noose-Hoover

thermostat [148, 149] with a time constant of 1 ps. Parinello-Rahman barostat [150] with a time

constant of 1 ps and compressibility of 3 × 10−5/bar was used alongside with semi-isotropic
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pressure coupling to maintain a pressure of 1 bar. Particle mesh Ewald (PME) [151, 152] with a

relative dielectric constant of 2.5 and cutoff distance of 1.6 nm was used to compute long range

electrostatics. The Lennard-Jones interactions were modified starting from 0.9 nm to 0 at 1.2 nm

by the GROMACS shift scheme.

7.3.4 Multi Peptide (N17) simulations in presence of a curved membrane

Next, we pivot onto curvature sensing aspect of N17 peptides. Towards this, we created an

artificial curved membrane with a diameter of 13 nm from POPC lipid molecules. The overall

architecture consists of a semi-sphere and a planar region. Fig. 7.2 is provided as a reference. The

curved membrane is created by first placing the POPC lipids as points, and growing them to their

individual sizes through slow-growth method of Gromacs. We followed the approach outlined

in BuMPY [323]. We also added dummy particles close to the lipid headgroup, and instituted a

hardcore repulsion (c12 ∼ 10−5) between lipid tails and the added dummies. This maintains the

membrane curvature throughout the simulation time.

This curved membrane was energy-minimized and then equilibrated for 1ns with a dt of

0.001 ps with a Berendsen thermostat at 300K. We followed this up with another dt=0.01 ps

equilibration for 1 ns with nose hoover thermostat. Finally, we ran a small production run for

20 ns with constant pressure ensemble. All the simulation protocol is identical to the planar

membrane case.

After, this 20 ns run, we added 36 peptides (∼ 8 mM), above the critical concentration for

Huntingtin protein aggregation; and 125 mM of NaCl ions [324]. The peptides were initially held

with position restraints at the backbone of residue 8, while initial minimization and equilibration.
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Figure 7.2: A snapshot of the created curved membrane

The initial equilibration steps were conducted with dt=0.001 for gradually increasing number of

steps — 0.5 ns, 1 ns and 5 ns. All the other parameters for simulation control are similar to the

curved bilayer creation stage. Finally, at the production stage the simulation was run for 400 ns.

We ran two independent replicas of this simulation system. For an appropriate control, we also

simulated a curved bilayer without any peptides. The amount of curved membrane surface area

available to the peptide is about 265.46 nm2, compared to 623.51 nm2 for the planar region. So,

without any preference for curved/planar region, the chance of interaction with curved region is

36 %, compared to 64 % on the planar region. Moreover, to decode the effects of Phenylalanine

(bulky hydrophobic group) from the other parts of the peptide, we also simulated (for 750 ns) a

peptide system with the two Phenylalanines mutated to Valines (F11V/F17V).
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7.3.5 Analysis

The re-weighting for all the trajectories in the case of solvated peptide systems (single

peptide and peptide aggregate) were done with pyMBAR module [269]. This allows us to analyze

a particular reaction coordinate in a defined ensemble. The results shown in this chapter has

reweighted the reaction coordinate to distributions at 300K. Similarly, the contact plots shown in

this work is the expectation-value of a particular contact at 300K, along the generated distribution

of that contact.

Special care had to be taken for calculations on the curved membrane. This is because,

there is no uni-directional normal as is the case for a planar lipid bilayer. Therefore, we created

parallels for commonly used membrane metrics for our case, that takes into account the local

membrane curvature.

7.3.6 Area per lipid on membranes with varying curvature

Traditionally, area per lipid is calculated through a voronoi tesselletion of the membrane

surface, and ascribing each lipid with a defined area. But this calculation can be tricky for curved

membranes, as creating a convex hull in two-dimensions would not be appropriate, and a three

dimensional convex hull is often error-prone at our scales. Therefore, in this work, we apply a

local normal approach outlined by Buchoux in their implementation of FATSLiM [325]. First, the

locality set—Ai, for each lipid molecule, defined by the locally close phosphates to the phosphate

of ith lipid molecule is created. Now, the principal component analysis is used to determine

the local normal at ith point, and then identify the local tangent plane for ith lipid (Ti). The

local neighborhood of the ith lipid, Ai is projected onto this Ti to create A′
i. Finally, a voronoi
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tesselletion is performed on A′
i to define the local surface area.

7.3.7 Fine-grained surface for density calculations

For the density calculation, we interpolated the lipid membrane to create a super fine-

grained local grid of points along the membrane surface. Initially, we create a lateral grid of

about 40000 points placed in the simulation box along X and Y. Now, the Z direction is added

to this grid of points, by creating a set of weights based on two-dimensional distance from the

lipid-phosphates. This two dimensional distance is penalized by exponent of squared distance.

That way, the points closer get more weights and this reduces for points farther off. The approach

of including weights from local points to ascribe Z position of the grid, generates smooth local

curvature. Now, the distance for each specific species can be calculated by computing distance

from locally present grid points.

7.4 Results and Discussion

7.4.1 Conformational landscape of N17-Qn in solution

First, we attempt an exploration of the conformational landscape and structural features for

N17 with varying lengths of poly-Q tract. Towards this, we ran simulations with 7, 15, 35 and

45 trailing GLN in aqueous solution at varying temperatures. We reweighted the trajectory data

(by Multi-state Benett Acceptance Ratio - MBAR) at 300K, and created potential of mean force

plots using asphericity as the reaction coordinate [Fig. 7.3] [269]. Asphericity computes how

spherically asymmetric a particular structure is, and can be used as a measure for globular nature

of a structure. Asphericity, b can be measured in terms of principal moments of gyration tensor
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(λx, λy and λz).

b = λz −
1

2
(λx + λy)

The values of asphericity can range from 0 being complete spherically symetric, and 1

being planar.

Figure 7.3: Free energy landscape of a single N17 with varying Qs, in solution with asphericity
as the reaction coordinate

Our simulations suggest a trend towards more globular (decreasing asphericity) peptide

structures with progressively increasing lengths of polyglutamine tract. This decreasing asphericity

with increasing Q-repeats was also recently noted in an atomistic study coupled with replica

exchange molecular dynamics [304].
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Fig. 7.4 shows the overview of the conformations we capture with our simulations. Fig.

7.4-a presents the number of particular heavy atom contacts (cutoff = 7Å) between each fragment

of the peptide — N17-N17, N17-poly-Q and poly-Q-poly-Q for varying trailing poly-Qs. Here,

the number of contacts between N17 and Poly-Q does not change with increasing number of

Qs, while poly-Q-poly-Q contacts increase. This suggests a significant specificity towards Q-Q

interactions that are also noted in previous experimental and computational reports [300–302].

Figure 7.4: a - Number of contacts between different fragments of the peptide. b - Number of
peptide-water contact per residue. The lighter shade is indicative of increase in number.

Fig. 7.4-b presents the average number of water contacts per each residue belonging to

a particular fragment of the peptide. There is an effective decrease in how solvated particular

regions (N17/poly-Q) of the peptide are, with the faster decrease for the poly-Q fragment. This

corroborates with previous experimental and computational evidences that suggest water can

behave as a poor solvent for GLN polymers [300–302].

For a more fine-grained perspective, we created contact maps of the backbone for each

peptide (Fig. 7.5). Here, a contact is defined by primary backbone interaction center within 7

Å of each other. We created these heatmaps by reweighting trajectories across the temperature
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Figure 7.5: Reweighted contact (backbone CG interaction sites within 7 Å) map for different
peptides — N17-7Q (a), N17-15Q (b), N17-35Q (c) and N17-45Q (d). The N17 and poly-Q
regions are marked in green and black respectively.
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range through MBAR. Contiguous contacts with positive or negative slope (off the diagonal)

marks sheet-like features. While near-diagonal contacts (i,i+4) are suggest α-helical structures.

We noted a gradual change from helical-rich structures to increasing sheet-like features with

increase in number of trailing GLN residues. Representative snapshots of single peptide structure

is provided in Fig 7.6

While computational methods are well-poised to study secondary structure of these peptides,

the results have been rather vague and contradictory. While some reports have pointed to primarily

helical structures in the complete exon, others have noted some sheet factions. Recent experiments

by Urbanec et al. used site-specifically labelled NMR samples to pose an ensemble view of

htt-exon1 structure [326]. They suggested an increase in propensity for extended structures at

later positions of the poly-Q tract, and a competition between helix and extended structures at

initial positions. This propensity for increased β-sheets is also corroborated by a recent atomistic

Replica-exchange Molecular Dynamics study by Kang et al. [304]. Our observations suggest

support for the hypothesis of increase in sheet-like structures, following the addition of GLN

residues.

7.4.2 Aggregation of N17-Qn in solution

Similarly, we also explored the conformational landscape of large protein aggregates, through

simulations of six copies (∼ 6.9 mM) of each peptide (N17-7Q, N17-15Q, N17-35Q and N17-

45Q). The plots on Fig. 7.7 present inferences on aggregate’s structure, with information re-

weighted across multiple temperature to 300K by MBAR. Representative VMD snapshots are

provided in Fig. 7.8.
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Figure 7.6: Representative VMD snapshots at 300K for a-N17-7Q, b-N17-15Q, c-N17-35Q, d-
N17-45Q. Color scheme - N17 backbone: Red; Poly-Q backbone: cyan; PHE sidechain: Orange
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Figure 7.7: Contacts between different domains in the aggregate structure. a - Number of contacts
between N17-N17 (blue) and N17-Poly-Q (green). b - Number of GLN-GLN contacts. c - Water
solvation per residue of N17 (blue), poly-Q (green). d - PHE-PHE contacts (blue) and PHE
solvation (green). All the plots here are a function of the length of polyglutamine tract.
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Fig. 7.7-a shows the the number of N17-N17 (blue) and N17-Q (green) contacts with

increase in the length of poly-Q. Here, we observed a significant decrease in the number of N17-

N17 contacts, with progressive increase in poly-Q. This decrease is compensated by an increase in

N17-Q contacts. Fig. 7.7-b shows the increase in the number of GLN-GLN contacts with increase

in GLN lengths. We note an up to eight fold increase in the number of GLN-GLN contacts (also

noted from VMD snapshots of Fig. 7.8), which similar to the single peptide case also suggests the

specificity of interactions between glutamines. This specificity was also noted in simulations by

Chen et al. [324]. Fig. 7.7-c shows the hydration per residue of N17 (blue) and poly-Q (green).

While, N17 shows a slow dehydration with increase in the length pf poly-Q tract, the solvation

of the poly-Q tract itself is not affected. The overall solvation is significantly higher for the N17

compared to the poly-Q, which is also an indication of water being a poor solvent, and the N17-

repeats situated closer to the periphery compared to the larger core created by the poly-Q repeats.

This feature is also evident in Fig. 7.7-d, which shows the number of Phenylalanine residue

contacts (blue lineplot) in different simulations. We observe a significant drop in the number

of PHE-contacts from N17-7Q/N17-15Q to more pathological N17-35Q/N17-45Q. Moreover

the number of PHE-water contacts (Fig. 7.7-d, green) increases, which establishes N17 as an

interfacial domain (also Fig. 7.8-d) in the case of aggregate structures for longer poly-Q tracts.

These structural measures suggest that there is a reduction in the size of the hydrophobic core,

with N17 distributed at the interfacial region of the aggregate. This is in contrast to the traditional

view of hydrophobic cores for aggregates/micelles. Here, at longer lengths of the poly-Q tract, the

glutamines drive aggregation and a polar core develops with GLN at the aggregate-center, similar

to the case of reverse micelles [327]. This disrupts the number/size of the hydrophobic core led

by bulky PHE groups and delegates N17 to the periphery of the peptide, where hydrophobic
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groups are more water exposed.

To understand backbone-backbone interactions and get a fine-grained perspective of secondary

structures in our protein aggregates, we created re-weighted backbone contact-maps (Fig 7.9).

These contact maps show the expectation value for each possible inter and intra peptide backbone-

backbone contact (cutoff 7 Å) re-weighted to 300K. The contacts between groups which have

bonds (i, i±1) have been removed.

With increasing length of poly-Q tract we note an increase in sheet-like features. Contiguous

contacts with positive or negative slope (off the diagonal) marks sheet-like features. While

near-diagonal contacts (i,i+4) are α-helical structures. Similar to the single peptide simulations,

here we also note a change from helical-rich structures to sheet-like features with increase in

number of trailing GLN residues. This fibrillation is particularly high for the pathological N17-

45Q fragment, in line with the current expectation of increased fibrillar patches at longer and

pathological poly-Q fragments [297–299].

7.4.3 Membrane interaction of a single N17 peptide

Next, we probe into peptide membrane interaction of Huntingtin protein. Since, N17 is the

membrane binding domain, we would focus on these initial 17 residues only. As a first set of

simulations, we analyze the interaction of a single N17 peptide with a planar membrane. These

simulations are aimed to understand the pathways of peptide’s partitioning onto the membrane,

and peptide folding as a consequence of peptide-membrane interaction.

We created the dihedral angle box-plot for the peptide backbone with different slices of

the trajectory [Fig. 7.10a/b - 0-10 ns; Fig. 7.10c/d - 40-50 ns, Fig. 7.10e/f - 90-100 ns; Fig.
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Figure 7.8: Representative VMD snapshots of peptide aggregate for a-N17-7Q, b-N17-15Q,
c-N17-35Q, d-N17-45Q. Color scheme - N17 backbone: Red; Poly-Q backbone: cyan; PHE
sidechain: Orange
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Figure 7.9: Re-weighted contact (backbone CG interaction sites within 7 Å) map for different
peptide aggregates — N17-7Q (a), N17-15Q (b), N17-35Q (c) and N17-45Q (d). The N17 and
poly-Q regions are marked in green and black respectively.
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7.11a/b - 140-150 ns, Fig. 7.11c/d - 190-200 ns]. The horizontal black line on the boxplots mark

50.4 degrees, which is the preferred backbone dihedral angle for α-helices as noted from the

non-redundant protein structures we scraped from the protein data bank [see Chapter 5, section

6.3.2].

Our simulations show a gradual progression from a dominantly unstructured peptide in

solution, to a more structured α-helical patch on the membrane. This can be noted from a gradual

reduction in variation of backbone dihedral with time, moving closer to 50.4 degrees. The peptide

forms fast initial contact with the membrane within 15-20 ns, followed by gradual membrane

absorption by 45-50 ns [Fig. 7.12]. This initial contact is led by THR (cyan), MET (green) and

to some extent LYS (yellow) co-located at the N-terminus of the peptide. The peptide, while

disordered, forms a hydrophobic core in solution through the phenylalanine groups. Now, after

the initial contact, between 20-40 ns, these PHE groups partition onto the membrane. This starts

off a slow secondary structure re-adjustment phase, completing the helical transformation by 160-

170 ns. Here, we record that significant rearrangement needs to be done at A10-L14 fragment

to break the PHE-PHE interaction in favor of interaction between PHE and the acyl tails, that

reshapes the peptide into a proper helix.

This preference towards structured α helices has been noted for N17 in both membranous

and micellar environments. Michaelek et al noted a pronounced transition into helical conformation

in presence of DPC micelle (2D solution NMR) and POPC membrane (solid state NMR) [315].

Stable membrane associated α-helix for N17 is also corroborated by several atomistic and coarse-

grained computational work [317,318]. Our work, validates this observation of increased helicity

in presence of membranes and points to a possible mechanism for this structural transition.

Fig. 7.13 shows the distribution of the angle that the regression line fitted to the peptide
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Figure 7.10: a, c, e - Boxplot for backbone dihedral angles, with median marked in orange
for different trajectory slices. The black horizontal line corresponds to 50.4 degrees. (a) 0-10
ns; (c)40-50 ns; (e)90-100 ns; b - A representative snapshot corresponding to 0-10 ns; d - A
representative snapshot corresponding to 40-50 ns; f - A representative snapshot corresponding
to 90-100 ns Coloring scheme: Magenta:peptide backbone; Orange: Phenylalanine; sidechain;
Green:Other hydrophobic groups sidechain; Cyan:Polar residue sidechains; Yellow: Lysine
sidechains
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Figure 7.11: a, c - Boxplot for backbone dihedral angles, with median marked in orange
for different trajectory slices. The black horizontal line corresponds to 50.4 degrees. (a)
140-150 ns; (c)190-200 ns; b - A representative snapshot corresponding to 140-150 ns; d
- A representative snapshot corresponding to 190-200 ns Coloring scheme: Magenta:peptide
backbone; Orange: Phenylalanine; sidechain; Green:Other hydrophobic groups sidechain;
Cyan:Polar residue sidechains; Yellow: Lysine sidechains
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Figure 7.12: Normal distance between peptide center-of-mass and the center-of-mass of lipid
headgroups.

Figure 7.13: Distribution of helical-tilt with bilayer normal. Here the last 30 ns of trajectory has
been used for calculation.
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backbone makes with the bilayer normal, with the data from the last 30 ns (when the peptide

has transformed into more structured α-helix). The peptide stays in an almost-lateral orientation

with the lipid membrane, with hydrophobic groups facing the membrane and hydrophobic/polar

groups more solvent exposed.

This more inserted C-terminus structure, and the relatively tilted (more than 90 degrees)

orientation of N17 is noted in previous two dimensional solid state NMR spectra by Michaelek et

al. [315]. In our work, we could note similar structures for membrane-associated N17. Moreover,

we also delineate pathways for membrane association, which is led by the charged/polar N-

terminal residues, and final membrane insertion and restructuring by the hydrophobic groups in

the C-terminus.

These simulations also serve as a validation of the use of our CG model (ProMPT) towards

peptide-membrane simulations; and membrane-assisted structural transitions.

7.4.4 Multi Peptide (N17) simulations in presence of a curved membrane

In the next phase, we extended our scope to study peptide aggregation in presence of a

curved membranes. We started from peptides solvated in a grid-like fashion away from the

membrane, with minimum peptide-membrane separation greater than 6 nm. The peptides could

interact with each other, and the membrane in an unbiased manner. Three independent replicas

were simulated for this biomolecular system for 300-350 ns. While, the number of absorbed

peptides were different across the simulations, the observed biophysical mechanism were similar.

We have added the VMD snapshot for replica 2 (Fig. A.1) and 3 (Fig. A.2) in Appendix A. The

following analysis in this chapter is for the first replica simulation of N17 peptide in presence of
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curved membrane.

Fig. 7.14-7.15 shows a gradual progression of the peptide from its solvated state to membrane-

bound state, with the relevant lipid-peptide contacts (a) and the corresponding VMD snapshots

(b). The peptides are absorbed primarily on top of the curved region as aggregates, and with some

aggregates in solution. In another replica simulation, one of the solvated aggregate was in contact

with the planar membrane, but most of the peptides still interacted exclusively with the curved

region of the membrane. Here, we need to note that the absorbed peptides primarily reside on the

curved region of the membrane, while 64 % of the available to interact membrane surface area is

planar.

This shows the curvature sensing ability of N17 peptide previously discovered in the AFM

study with nanospheres that enforced membrane curvature [60]. The initial interactions between

the peptide and the membrane is driven through the polar and charged groups on the peptide (Fig.

7.14), with the peptides forming an aggregate in solution. The peptide aggregate consists of a

hydrophobic core driven by the hydrophobic groups and the amphipathic face of N17. Over time

(Fig. 7.14: 70-80 ns and 150-16 ns; Fig. 7.15: 200-210 ns and 330-340 ns, we note an increase in

absorption with the larger PHE groups partitioning onto the membrane and interacting with the

acyl core. Peptide-peptide interaction here can be between one aggregate solvated in solution,

and another tethered to the membrane, or through peptides/aggregates laterally diffusing on top

of the membrane. We noted similar trends for Aβ 16-22 peptide in Chapter 3.

To understand the structural features of the peptides absorbed on the membrane, in contrast

to the aggregate in solution, we computed the distribution of each backbone dihedral angle

(Fig. 7.16). Here, an angle of 50.4 degrees marks perfect α helix (Chapter 6). Overall, we

note helical structures both in the solvated peptide aggregate and membrane-absorbed aggregate,
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Figure 7.14: Characterization of membrane-peptide interactions at 70-80 ns (a/b) and 150-160
ns (c/d) : a,c-Contact map between peptide and membrane (NC3: Choline; PO4: Phosphate;
GLE: Glycerol-Ester; Plus: Positive charged amino acid sidechain; Minus: Negative charged
amino acid sidechain; POL: Polarizable amino-acid sidechains; Backbone: Peptide backbone;
PHE: Phenylalanine sidechains; Hyd: Other hydrophobic group sidechains) c,d-A representative
snapshot of peptide interacting with the membrane. Coloring scheme: blue/ochre/pink:
membrane headgroup; cyan:acyl tail; green: peptide backbone; red: Phenylalanine
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Figure 7.15: Characterization of membrane-peptide interactions at 200-210 ns (a/b) and 330-340
ns (c/d): a,b-Contact map between peptide and membrane (NC3: Choline; PO4: Phosphate;
GLE: Glycerol-Ester; Plus: Positive charged amino acid sidechain; Minus: Negative charged
amino acid sidechain; POL: Polarizable amino-acid sidechains; Backbone: Peptide backbone;
PHE: Phenylalanine sidechains; Hyd: Other hydrophobic group sidechains) c,d-A representative
snapshot of peptide interacting with the membrane. Coloring scheme: blue/ochre/pink:
membrane headgroup; cyan:acyl tail; green: peptide backbone; red: Phenylalanine
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with more disordered structures in solvated aggregates. Previous experiments have outlined the

presence of helix-rich structures of N17 in their aggregate form. N17 forms amphipathic helical

structures, with the hydrophobic face contributing to the hydrophobic core of the aggregate,

and the hydrophilic side facing the solvent. This forces the initiation of peptide-membrane and

aggregate-aggregate interaction through the hydrophilic residues.

On the membrane, although the helices are more structured, irregularities can be marked

near A10-S13 region. We had previously noted the role of this fragment with peptide absorption

onto the membrane. This can point to a somewhat bent helix being preferred on membranes.

Early computational investigations by Kelly et al. with simulated tempering had observed such a

population of bent double helix for N17 [317].

Fig. 7.17 shows the relative insertion of the peptides into the membrane, with distance

calculated from a membrane surface constructed with phosphate headgroup. Only peptides with

at-least one contact (≤ 7 Å) with the phosphate group are considered here. We observe the

highest membrane insertion for PHE sidechains, followed by other hydrophobic groups. The

least partitioned groups are the positive and negative charged sidechains. The polar backbone

and sidechains of THR and SER are sandwiched between these extremes.

Fig. 7.18 shows the lipid density (Number of lipid headgroups per unit surface area) at

330 ns for a - simulation with N17 peptides; b - control curved membrane simulation without

any peptides. The lipid density is lower in the curved membrane which results in peptides

preferentially interacting with the curved region to engage with the membrane defects. Fig. 7.19

is the box-plot of area-per-lipid calculated at each time interval. We also mark the slow growth

in these defects, with larger gaps at increased times when lateral absorption and aggregation of

peptides is complete. This can also be noted in the long tailed distribution of the area-per-lipid
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Figure 7.16: Boxplot marking distribution of peptide backbone dihedrals a-Peptides absorbed
onto the membrane; b-Peptides as aggregates in solution
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Figure 7.17: Relative distance of different groups from the membrane surface (determined by
PO4). BB: Peptide Backbone; SC: Side-chain

between the control simulation and the simulation with peptide present (Fig. 7.20).

Finally, to further elucidate the role of bulky hydrophobic groups that we characterized as

an essential part in membrane partitioning, we utilized a simulation of the F11L/F17L. A VMD

snapshot of the membrane with the peptide aggregate is provided for 750 ns (Fig. 7.21). In our

simulation, we did not observe a preference towards the curved membrane region here, with one

peptide absorbed on the curved region compared to 6 on the planar region (Fig. 7.22). Instead, the

peptide/peptide aggregate interacted both on the planar and the curved membrane. The peptides

here, also could either partition onto the membrane as a single peptide or as a solvated aggregate.

The helicity of the peptides are not affected (Fig. 7.23).

This could be because of the larger size of PHE groups, which makes them difficult to

partition into membranes with smaller defects. Therefore, PHE prefers larger defects in the
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Figure 7.18: Snapshot of lipid density at 350 ns. a - Simulation with absorbed peptide. One PHE
sidechain per peptide marked with black. b - Control simulation without peptides.
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Figure 7.19: Boxplot of area per lipid over simulation time for the simulation with peptides on a
curved membrane.

Figure 7.20: Comparison of area-per-lipid between the simulation with peptide and the control
simulation without peptides.
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Figure 7.21: VMD snapshot at 750 ns for a F11L/F17L simulation. Color scheme - peptide
backbone: Green; Leucines: Red; Membrane in surface representation: Black

Figure 7.22: Density of lipid groups with center-of-mass of absorbed peptides marked in black.
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Figure 7.23: Boxplot of backbone dihedrals for a)peptides in contact with the membrane b)
peptides not in contact with the membrane. The black horizontal line at 50.4 degrees marks
backbone dihedral to match alpha helix structure.
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curved region. On the other hand, the smaller LEU sidechain could partition into both the larger

and smaller defects without any issues. This establishes the role of bulky groups such as PHE in

curvature sensing of huntingtin protein. Two modes of amphipathic helices sensing curvature has

been outlined in literature for smaller peptides — imbalance between polar/hydrophobic groups

such as for α-synuclein and presence of bulky groups in the hydrophobic face for peptides such as

ALPS and ArfGAP1 [168,328]. In this work, we position N17 into the second bin. This presence

of PHE groups at the later part of N17 domain drives the curvature sensing nature of the peptide.

7.5 Conclusion

In this chapter, we focused on a slightly complex peptide sequence — Huntingtin Exon

1 (htt) with the updated CG model (ProMPT - that we developed in the previous chapter) to

elucidate the role of flanking sequence and membrane curvature. Huntington’s disease belongs

to the larger class of diseases formed due to mutations in the poly-Q tract. The Huntingtin

protein’s N-terminal domain is characterized by an initial 17 residue N17 domain followed by

a poly-Q tract. While previous research have presented a consensus overview of the structure

and dynamics of N17 fragment, a similar overview of ther poly-Q tract is missing. There have

been competing evidences of secondary structure in the poly-Q tract. Moreover, since this is

a fast aggregating peptide, it is difficult to effectively discern between individual peptides and

peptides in their aggregate form through structural studies. Here, we explored the conformations

of N17-Qn (where n ∈ {7, 15, 35, 45}), both as a single peptide and peptides in their aggregate

form. For the single peptide, we noted a trend towards more globular (decreasing asphericity)

peptide structures with increasing lengths of polyglutamine tract. We also observed a significant
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specificity towards Q-Q interactions also observed in previous experimental reports. Finally, we

also found a gradual change from helical-rich structures to increasing sheet-like features with

increase in number of trailing GLN residues. For the case of peptide aggregates, we found

that the GLN-repeats drove peptide aggregation. The aggregate core was made with the GLN-

GLN interactions that disrupted the number of N17-N17 contacts, with N17 situated more at

the periphery of the aggregate. In another thread here, we also studied the structural features

of the POPC membrane and N17 peptide, that drives the curvature sensing of the Huntingtin

protein. Previous research on peptide-membrane interactions has been limited both from a

experimental and computational perspective. While some structural features of N17-membrane

interaction are known, detailed biophysical reports of peptide-membrane interactions are still

missing. In this chapter we aim to understand these biomolecular details of peptide-membrane

interaction and the molecular mechanism of curvature sensing. Our simulations suggest a gradual

progression from a dominantly unstructured peptide in solution, to a more structured α-helical

patch on the membrane. In presence of a curved membrane, we observed that N17 peptides

preferentially interact with the curved region. While the polar and charged groups drive the

initial membrane-peptide interaction, the membrane curvature sensing is dominantly controlled

by the bulky hydrophobic groups such as PHE. Replacing these bulky residues from the sequence

leads to loss of this curvature sensing ability of N17.
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Chapter 8: Thesis Summary

The objective of this thesis was to understand various aspects of protein aggregation associated

with neurodegenerative diseases. In particular, I explored how physiological biomolecules such

as the presence of a membrane or solvated small bio-molecules and genetic mutations can affect/alter

aggregation behavior. As case studies, I focused on Amyloid-beta (Aβ, associated with the

Alzheimer’s disease) and Huntingtin (htt, associated with the Huntington’s disease). In this work,

I explored various modalities on how protein aggregation is impacted by external stimulus such

as membrane headgroup charge, applied surface-tension, hyperglycemic conditions, membrane

curvature and added trailing GLN repeats.

We approached this research through the lens of computer simulations. Molecular dynamics

is a class of computational methods that use statistical physics based underpinnings to present a

description of a biomolecular system. Here, we represent a molecule as a collection of sites,

that interact among themselves through a defined potential function. This generates a trajectory

of moving sites, which map to the motions in that molecule. Molecular dynamics simulations

aim to complement biomolecular experiments by addressing certain limitations that experiments

pose such as structural transience and competing explanations of experimental observations.

Among classical molecular dynamics simulation methods, all-atom simulations are the most

commonplace. Here, all the atoms (or all heavy atoms) in a biomolecular system are represented
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as interaction sites. But, this method can be inaccessible for studying larger spatiotemporal

systems. To address this, we have followed a more reduced resolution approach of spatial

coarse-graining. Here, we spatially group atoms into larger interaction site, and define interaction

potential between them. This allows for a significant reduction in computational effort, allowing

studies of complex and large systems.

In this thesis I modified and applied the coarse-grained model that was developed in our

lab — Water Explicit Polarizable Coarse-Grained Model (WEPCGM) to study the effects of

membrane headgroup charge, applied surface-tension and hyperglycemia on Aβ 16-22 aggregation.

In chapter 2, I introduced the WEPCGM and detailed its properties. The coarse-grained model

features explicit representation of the environment, that allows for studying environment assisted

structural changes. The presence of explicit solvent also aids in creating a transferable forcefield

without a need for reparameterization in order to study another biomolecular system. The current

version of this forcefield consists of two segments — Water Explicit Polarizable MEMbrane

Model (WEPMEM) and Water Explicit Polarizable PROtein Model (WEPPRO) [80–82]. In

the next chapters (Chapter 3, 4 and 5) we applied WEPPROM in conjunction with WEPMEM

towards presenting a biophysical picture of Aβ 16-22 aggregation.

In chapter 3, we used WEPCGM to to investigate the effect of lipid headgroup charge –

zwitterionic (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine: POPC) and anionic (1-palmitoyl-

2-oleoyl-sn-glycero-3-phospho-L-serine: POPS) – on Aβ 16–22 peptide aggregation. Our coarse

grained molecular dynamics simulations provided a mechanistic explanation to a broad spectrum

of experimental results [25, 26, 159, 164, 165]. We characterized multiple pathways for peptide

absorption into membranes composed of POPC and POPS. Both lipid molecules have distinct

effects on aggregation patterns of absorbed peptides. While rapid cumulative aggregation (ordered
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+ disordered) was observed in zwitterionic PC bilayer, the emergence of ordered beta sheets

and by extension, fibrillation was faster in presence of anionic POPS lipids. The results are

in agreement with previous experimental studies [25, 137, 139–142, 164, 165] that had observed

faster growth of amyloid fibrils in presence of anionic lipids. The discrepancy in the cumulative

aggregation rates is a consequence of faster lateral diffusion of POPC lipid molecules compared

to POPS. On the other hand, increased beta sheet content in POPS membranes is due to the

differences in membrane compressibility. Higher membrane compressibility of POPC membrane

compared to POPS, results in a relatively higher peptide insertion into the bilayer. This distorts

the geometry of individual peptide molecules which hinders their participation in beta sheet

formation. Some of the morphological aspects of membrane assisted Aβ aggregation reported

in this study such as relatively higher membrane insertion of F19 compared to F20, have been

supported by previous experimental evidences [159]. We also revealed the propensity of initial

oligomeric deposits to act as nucleation seeds to enhance further fibrillation. Considering the

presence of multiple, ordered aggregates in POPS due to slow cumulative aggregation and peptide

aggregates operating as nucleation seeds, POPS membranes can have an increased progressive

peptide aggregation rates. This work unravels how lipid headgroup driven biochemical interactions

in homogeneous model membranes shape peptide absorption and aggregation.

In chapter 4, we leveraged molecular simulations to address and understand relationships

between curved cellular membranes and aggregation of a model template peptide Aβ 16-22.

Experimental results have suggested that both membranes and peptide can influence each other’s

structure and dynamics. Membrane curvature can promote extensive fibrillation, with faster

formation of ordered structures in presence of small unilamellar vesicles, compared to larger

ones. On the other hand, peptide aggregates can alter membrane’s structure and packing. In
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this work we investigated these intertwined effects with coarse-grained molecular simulations.

Our results agree with previous observations of curvature-driven peptide aggregation into ordered

structures, and suggest possible biophysical mechanisms for it [27,28]. Membranes with increased

curvatures lead to increased peptide absorption, due to more exposed hydrophobic defects. The

absorbed peptides can then laterally diffuse around, and interact through the peptide backbone to

form ordered fibrillar structures. The presence of such peptide aggregates also affects the lipid

membrane’s local structure. The lipid groups closer to the aggregates are more ordered at the

crowded interfacial region due to interfacial presence of peptides; and less ordered deep inside the

membrane core. These observations align with previous experiments and molecular simulations

that also highlighted membrane disruption by peptides [179, 180]. Our results supported the

previously suggested ”carpeting model” of membrane disruption, by increasing membrane fluidity

inside the membrane core [166, 181]. These locally close lipids also have a broad distribution in

P⃗N vector tilt from the membrane normal, suggesting the heterogeneous nature of peptide-lipid

interactions. Such local variations in P⃗N vector tilt can manifest in changes to the membrane’s

electrostatic potential, ion distributions and alter electrostatics-assisted membrane signalling [182,

183]. This study unravels the effects of membrane curvature in aiding peptide aggregation, and

the effects of peptide aggregation in reshaping membrane’s local attributes.

In chapter 5, we explored the mechanisms through which solvated glucose molecules

affect Aβ 16-22 aggregation in a concentration dependant manner. Previous reports have drawn

correlations between pathogenesis of Alzheimer’s disease and hyperglycemic conditions associated

with type 2 diabetes. Experimental research has proposed chemical crosslinking, in presence of

glucose molecules as responsible for increased toxicity. But the time-scale separation between

increased aggregation and formation of chemical cross-links suggests the presence of an alternate
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thermodynamic mechanism, which we explored in this chapter. We applied coarse-grained

molecular dynamics simulations to study the how glucose molecules can drive Aβ 16-22 aggregation.

We noted that that increasing the concentration of solvated glucose molecules can result in faster

aggregation of Aβ 16-22, without any appreciable change in β-sheet content. This change

in aggregation rates can be explained in terms of relative orientations of interfacial glucose

molecules. The glucose molecules at the peptide-water interface feature a preferential orientation,

resulting in loss of rotational entropy in a concentration dependent manner. This can assist

in faster aggregation of the peptide, to reduce the cumulative availability of solvent accessible

surface-area.

In chapter6, we revisited our coarse-grained model again and outlined its limitations. Firstly,

WEPPROM does not have representation for all the essential amino-acids. Secondly, it has not

been studied and validated for tertiary folding protein structures. To address these factors, we

developed a transferable CG forcefield (Protein Model with Polarizability and Transferability

- ProMPT) with an explicit representation of the environment for accurate simulations with

proteins. The forcefield consists of a set of pseudo-atoms representing different chemical groups

that can be joined/associated together to create different biomolecular systems. This preserves

the transferability of the forcefield to multiple environments and simulation conditions. We added

electronic polarization that can respond to environmental heterogeneity/fluctuations and couple

it to protein’s structural transitions. The non-bonded interactions are parametrized with physics-

based features such as solvation, and partitioning free energies determined by thermodynamic

calculations and matched with experiments and/or atomistic simulations. The bonded potentials

are inferred from corresponding distributions in non-redundant protein structure databases. We

presented validations of the CG model with simulations of well-studied aqueous protein systems
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with specific protein fold types- TRP-cage, TrpZip4, Villin, WW-domain and β-α-β. We also

explored the applications of the forcefield to study aqueous aggregation of Aβ 16-22 peptides

and dimerization of glycophorin A (GPA) in micellar environments.

With this model we primarily address the shortcomings of WEPPROM. ProMPT now has

access to all the amino acid representation. It has updated bonded and non-bonded interaction

parameters with which we validated the conformational landscape of several small proteins and

aggregates.

In chapter 7, I focused on a more complex peptide sequence — Huntingtin protein’s N-

terminal domain (htt) with the updated CG model (ProMPT) to elucidate the role of varying

lengths of trailing sequence and membrane curvature. Huntington’s disease belongs to the larger

class of diseases formed due to mutations in the poly-Q tract. The htt is characterized by an initial

17 residue N17 domain followed by a poly-Q tract. While previous research have presented a

consensus overview of the structure and dynamics of N17 fragment, a similar overview of ther

poly-Q tract is missing [315]. There have been competing evidences of secondary structure in

the poly-Q tract [304, 318]. Moreover, since this is a fast aggregating peptide, it is difficult

to effectively discern between individual peptides and peptides in their aggregate form through

structural studies. Here, we aim to explore the conformations of N17-Qn (where n ∈ 7, 15, 35,

45), both as a single peptide and peptides in their aggregate form.

For the single peptide, we could mark a trend towards more globular (decreasing asphericity)

peptide structures with increasing lengths of polyglutamine tract. We also observed a significant

specificity towards Q-Q interactions also observed in previous experimental reports. Finally,

we also found a gradual change from helical-rich structures to the growth of sheet-like features

with increase in number of trailing GLN residues. For the the case of peptide aggregates,
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we could establish that the GLN-repeats drove peptide aggregation. With longer poly-Q tract,

the balance between hydrophobic interactions and polar interactions changes with GLN-GLN

contacts creating a polar core of the aggregate.

In another thread here, we also studied the structural features of the POPC membrane and

N17 peptide, that drives the curvature sensing of the Huntingtin protein. Previous research on

peptide-membrane interactions has been limited both from a experimental and computational

perspective. While some structural features of N17-membrane interaction are known, detailed

biophysical reports of peptide-membrane interactions are still missing [60, 315]. In this chapter

we aim to understand these biomolecular details of peptide-membrane interaction and the molecular

mechanism of curvature sensing.

Our simulations propose a gradual progression from a dominantly unstructured peptide

(with some helicity) in solution, to a more structured α-helical patch on the membrane. In

presence of a curved membrane, we observed that N17 peptides preferentially interact with

the curved region. Here, we noted that while the polar and charged groups drive the initial

membrane-peptide interaction, the membrane curvature sensing is dominantly controlled by the

bulky hydrophobic groups such as PHE. Omission of these bulky residues from the sequence

leads to loss of this curvature sensing ability.

In summary, this thesis examined aggregation of neurodegenerative peptides associated

with Alzheimer’s disease (Aβ) and Huntington’s (htt) disease and how this self-assembly is

impacted by external factors. These factors can change both the structure and kinetics of peptide

aggregation. In the case of both Aβ 16-22 and N17, the initial aggregation was driven by the

hydrophobic core of the peptide. But the presence of a membrane initiated a competition between

peptide-peptide and peptide-membrane interactions. In the case of Aβ 16-22 this membrane
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interaction resulted in fibrillar structures, while in the case of N17 the peptide conformed into

structured amphipathic interfacial helices. This suggests the ability of the membrane-water

interface to render particular secondary structures and tertiary arrangements to these intrinsically

disordered fragments.

In addition, we also discovered the importance of bulky hydrophobic groups in defining

overall organization of the aggregate. For Aβ 16-22, these groups were essential for engaging

with the membrane core, thereby allowing peptides to initiate contacts through the peptide backbone.

On the other hand, for htt, these bulky groups were instrumental in orienting the peptides appropriately

on membrane surface and for curvature sensing. These groups can be essential targets for rational

design of therapeutics. For both N17 and Aβ 16-22, the aggregate core is primarily driven by the

hydrophobic groups. In contrast, the presence of poly-Q segment initiated another set of strong

competing interactions through the trailing GLN. These led to these GLN-repeats replacing the

hydrophobic groups in forming the primary aggregate core at longer lengths of poly-Q tract,

similar to a reverse micelle structure. This increased GLN repeats formed highly stable β-sheet

rich structures, contrary to previously unstructured, and non-specific hydrophobic core.

Beyond specific interactions with the membrane, we also curated the effects of non-specific

interactions that solvated small molecules have on aggregation rates. Here, we observed a

concentration dependent effect driven by a specific way in which glucose molecules partition

onto the aggregate surface.

Another contribution of this thesis is the development of a polarizable coarse-grained

model for simulation of proteins in explicit environment. The key aspect of this forcefield

is that it is transferable across biomolecular systems and does not require fitting to explicit

biomolecular systems. This allows to decouple and study the effects of the environment on
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biophysical processes. As such, it can be a adopted by the structural and molecular biophysics

community towards large spatiotemporal studies of biomolecular systems of increased complexity.

8.1 Future Work

In this thesis we explored the effects of model membranes made with a single type of

lipids (either 100% POPC or 100% POPS) to study peptide aggregation. To present a somewhat

realistic scenario, the next objective can be to extend this study to binary mixture of lipid groups

at varying ratios. This would present an in-depth overview of gradual introduction of membrane

charge on aggregation behavior.

Beyond charge on lipid molecules, solvated divalent cations have been shown to affect

peptide aggregation directly. Studies with surface plasmon resonance (SPR) and atomic force

microscopy (AFM) have suggested the role of calcium ions in bridging Glutamate (residue 22)

and the phosphate of lipids, anchoring the peptide to membrane-surface and driving aggregation

[329]. Also, the local presence of calcium has been known to induce mesoscopic changes in

bilayer organization and geometry. The binding of calcium ion with the model membranes such

as vesicles has been investigated primarily with thermodynamic, microscopic, and spectroscopic

techniques [330–335]. Several reports suggest lateral reorganization of lipid mixtures as a response

to the presence of calcium ions. Doosti et al. used the localized application of calcium ions on

vesicles enriched with negatively charged lipids to generate tubular protrusions [333]. Recently

Graber et al. showed the development of negative curvature as a consequence of anionic lipid–

phosphatidylinositol-4,5-bisphosphate (PI(4, 5)P2) and phosphatidylserine (PS) clustering in the

presence of calcium ions [334]. Therefore, presence of calcium can result in local enrichment and
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curvature changes, which in-turn can alter membrane’s interaction pattern with peptides. These

physico-chemical changes of lipid molecules in response to calcium ions can therefore lead to

differential peptide aggregation properties.

In addition, investigations into a more realistic ternary — membrane, Aβ 16-22 peptide

and calcium ions system is limited due to associated computational complexities. CG-MD can

be an essential tool to investigate the complex effects of membrane assisted peptide aggregation

in presence of calcium ions. We have already developed a coarse-grained model for calcium

ions to work with WEPMEM [174], that can capture calcium driven demixing of binary lipid

mixture (POPC and POPS). We plan to apply these coarse-grained models towards elucidating

the microscopic interactions that shape aggregation in such complex systems.

The studies of peptide self-assembly, in this thesis, have always considered crowding

biomolecules in isolation. The specific and non-specific interactions common in crowded systems

such as an extra-cellular matrix (ECM) would be a more reasonable description of the fibrillation

process. Hence, there is a great deal of interest in studying the aggregation process in with a

realistic model for that environment. Recent reports have suggested of a particular biomolecule

— chitosan (CHT), that can act as a mimetic for the extra-cellular matrix [336, 337]. Chitosan

is a linear co-polymer composed of β-(1, 4) linked N-acetylglucosamine (GlcAc) units and

glucosamine (GlcN) units [337].

A complete mechanistic picture of CHT self-assembly and CHT-Aβ interactions is missing.

Molecular simulations can be an useful approach to connect microscopic level details to macroscopic

statistical properties. Recent efforts in this direction has yielded several insights into atomic

details of CHT self-assembly. But the associated length scales have made it difficult to study

CHT self-assembly processes with atomistic molecular dynamics. Our lab has recently published
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a coarse-grained model for CHT molecule that can capture both atomic micro-interactions and

macroscopic mechanical properties of CHT hydrogels [338]. This positions us to study CHT-Aβ

interactions by decoupling individual effects such as specificity of monomeric interactions and

effects of polymeric structures.

For Huntington’s disease, we explored the curvature sensing nature of Huntington’s disease

and the impact different lengths of poly-Q fragment has on peptide aggregation. Beyond that, we

plan to study how poly-Q repeats could affect membrane interactions and membrane assisted

aggregation. Moreover, we plan to increase the peptide length to study proline rich domains that

have been known to have specific impacts on inhibiting peptide aggregation. Future plans also

involve studying similar other amphipathic helices to provide an in-depth perspective of curvature

sensing.

The coarse-grained models developed in our lab is always under constant updates. For

the protein model, we are planning appropriate modifications to side-chain size, can achieve

adequate protein-core packing required for correct tertiary structures. Along other directions,

the model is currently being used to understand ion-assisted folding and unfolding of proteins

due to explicit representation of the environment and transferability of interaction potential.

The membrane model is also currently being expanded to include several other lipid and sterol

varieties. Moreover our lab is also working on creating a representation for non-traditional

solvents such as ionic liquids, as models for the environment.
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Appendix A: Results From Other Replica Simulations of N17 with Curved

Membrane

Figure A.1: A representative snapshot of peptide interacting with the membrane for replica-
simulation 1. Coloring scheme: blue/ochre/pink: membrane headgroup; cyan:acyl tail; green:
peptide backbone; red: Phenylalanine
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Figure A.2: A representative snapshot of peptide interacting with the membrane for replica-
simulation 2. Coloring scheme: blue/ochre/pink: membrane headgroup; cyan:acyl tail; green:
peptide backbone; red: Phenylalanine

160



Bibliography

[1] Christopher A Ross and Michelle A Poirier. Protein aggregation and neurodegenerative
disease. Nat. Med., 10(S7):S10–S17, 2004.

[2] Meenakshi Verma, Abhishek Vats, and Vibha Taneja. Toxic species in amyloid disorders:
Oligomers or mature fibrils. Ann Indian Acad Neurol, 18(2):138–45, 2015.

[3] Fernanda G De Felice and Sérgio T Ferreira. Beta-amyloid production, aggregation, and
clearance as targets for therapy in Alzheimer’s disease. Cell. Mol. Neurobiol., 22(5-
6):545–63, 2002.

[4] William L Klein, Grant A Krafft, and Caleb E Finch. Targeting small Aβ oligomers: the
solution to an Alzheimer’s disease conundrum? Trends Neurosci, 24(4):219–224, 2001.

[5] Dominic M. Walsh and Dennis J. Selkoe. Aβ Oligomers — a decade of discovery. J.
Neurochem., 101(5):1172–1184, 2007.

[6] Hai Lin, Rajinder Bhatia, and Ratneswar Lal. Amyloid β protein forms ion channels:
implications for Alzheimer’s disease pathophysiology. FASEB J., 15(13):2433–2444,
2001.

[7] Sara M. Butterfield and Hilal A. Lashuel. Amyloidogenic Protein-Membrane Interactions:
Mechanistic Insight from Model Systems. Angew. Chem., 49(33):5628–5654, 2010.

[8] N Arispe, H B Pollard, E Rojas, Rushana Azimova, Douglas Ng, Blas Frangione, Bruce
Kagan, Jorge Ghiso, and Ratnesh Lal. Giant multilevel cation channels formed by
Alzheimer disease amyloid beta-protein [A beta P-(1-40)] in bilayer membranes. Proc.
Natl. Acad. Sci. U.S.A., 90(22):10573–7, 1993.

[9] T. R. Serio, A G Cashikar, A S Kowal, G J Sawicki, J J Moslehi, L Serpell, M F
Arnsdorf, and S L Lindquist. Nucleated Conformational Conversion and the Replication
of Conformational Information by a Prion Determinant. Science, 289(5483):1317–1321,
2000.

161



[10] Hyunbum Jang, Fernando Teran Arce, Srinivasan Ramachandran, Ricardo Capone,
Rushana Azimova, Bruce L Kagan, Ruth Nussinov, and Ratnesh Lal. Truncated beta-
amyloid peptide channels provide an alternative mechanism for Alzheimer’s Disease and
Down syndrome. Proc. Natl. Acad. Sci. U.S.A., 107(14):6538–43, 2010.

[11] Anne M. Brown and David R. Bevan. Molecular Dynamics Simulations of Amyloid β -
Peptide (1-42): Tetramer Formation and Membrane Interactions. Biophys. J., 111(5):937–
949, 2016.

[12] Jo V. Rushworth and Nigel M. Hooper. Lipid Rafts: Linking Alzheimer’s Amyloid- β
Production, Aggregation, and Toxicity at Neuronal Membranes. Int J Alzheimers Dis,
2011:1–14, 2011.

[13] Charles H. Davis and Max L. Berkowitz. Interaction Between Amyloid-β (1–42) Peptide
and Phospholipid Bilayers: A Molecular Dynamics Study. Biophys. J., 96(3):785–797,
2009.

[14] Giovanni Bussi and Alessandro Laio. Using metadynamics to explore complex free-energy
landscapes. Nat. Rev. Phys., 2(4):200–212, April 2020.

[15] A. Laio and M. Parrinello. Escaping free-energy minima. Proc. Natl. Acad. Sci. U.S.A.,
99(20):12562–12566, October 2002.

[16] Alessandro Barducci, Massimiliano Bonomi, and Michele Parrinello. Metadynamics.
Wiley Interdiscip. Rev. Comput. Mol. Sci., 1(5):826–843, September 2011.

[17] Yuji Sugita and Yuko Okamoto. Replica-exchange molecular dynamics method for protein
folding. Chem. Phys. Lett., 314(1-2):141–151, November 1999.

[18] Sebastian Kmiecik, Dominik Gront, Michal Kolinski, Lukasz Wieteska,
Aleksandra Elzbieta Dawid, and Andrzej Kolinski. Coarse-Grained Protein Models
and Their Applications. Chem. Rev., 116(14):7898–7936, July 2016.
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Pablo Mier, Aurélie Fournet, Frédéric Allemand, Stephane Delbecq, Miguel A. Andrade-
Navarro, Juan Cortés, Nathalie Sibille, and Pau Bernadó. Flanking Regions Determine
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membrane interactions by PI(4,5)P2-binding proteins, 2014.

[331] M. Mirza, Y. Guo, K. Arnold, C. J. Van Oss, and S. Ohki. Hydrophobizing effect of cations
on acidic phospholipid membranes. J Dispers Sci Technol, 19(6-7):951–962, 1998.

[332] H Hauser and R M Dawson. The binding of calcium at lipid-water interfaces. Eur. J.
Biochem., 1(1):61–619, 1967.

[333] Baharan Ali Doosti, Weria Pezeshkian, Dennis S. Bruhn, John H. Ipsen, Himanshu
Khandelia, Gavin D.M. Jeffries, and Tatsiana Lobovkina. Membrane Tubulation in Lipid
Vesicles Triggered by the Local Application of Calcium Ions. Langmuir, 33(41):11010–
11017, 2017.

[334] Z. T. Graber, Z. Shi, and T. Baumgart. Cations induce shape remodeling of negatively
charged phospholipid membranes. Phys. Chem. Chem. Phys., 19(23):15285–15295, 2017.

[335] Mijo Simunovic, Ka Yee C. Lee, and Patricia Bassereau. Celebrating Soft Matter’s 10th
anniversary: screening of the calcium-induced spontaneous curvature of lipid membranes.
Soft Matter, 11(25):5030–5036, 2015.

[336] Ewa Stodolak-Zych, Piotr Jeleń, Ewa Dzierzkowska, Małgorzata Krok-Borkowicz,
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