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Chapter 1

Introduction

1.1 An overview of antimicrobial resistance

1.1.1 What is antimicrobial resistance?

Antimicrobial resistance (AMR) is a trait that enables microbes to survive and proliferate

under conditions lethal to them. One such condition occurs in the presence of drugs,

particularly antibiotics, that are commonly used to treat infections. Microbes develop

resistance to these drugs as an inevitable coping mechanism to withstand their selection

pressure . As a result, infections caused by resistant microbes get notoriously challenging

to treat, and in many cases, can be life-threatening [1].

The increased use of antibiotics, particularly in developing countries, allows bacteria to

build AMR, increasing morbidity and mortality per year [2–4]. The World Health Or-

ganization (WHO) has attributed AMR as the third leading cause of death worldwide,

with 1.27 million deaths occurring in 2019 alone [5]. In 2022, roughly 5 million casualties

were indirectly linked to drug-resistant infections, with this number projected to increase

to 40 million yearly by 2050 [6]. Thus, AMR negatively impacts preventive and thera-

peutic health care and requires urgent attention [7–9]. Figure 1.1 illustrates the rise in

AMR-related deaths caused by resistant pathogens from 1990 to 2021 for two different

1
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age groups (below and above 5 years). The current demand for novel antibiotics fails to

keep up with the ever-increasing categories of resistant strains [10]. Since the last devel-

oped broad-spectrum antibiotic, Fluoroquinolone, few are in the pipeline [11]. Focus has

instead shifted to preserving the efficacy of the existing ones through proper consumption

practices.

Figure 1.1: Increase in AMR-related mortalities in individuals belonging to two differ-
ent age groups: (A) younger than 5 years, and (B) 5 years or older. Figure reproduced

from Ref. 12 under the terms of the Creative Commons CC-BY license.

1.1.2 History of AMR development

The discovery of Penicillin in 1928 by Sir Alexander Fleming initiated an era of antibiotic

discovery and innovation that continued till the early 1960s. The antibiotics we commonly
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use today were developed during this “Golden Age” of antibiotic research. Following this,

antibiotic innovation gradually declined due to the emergence of drug-resistant pathogens.

The earliest microbes reported to develop resistance were bacteria [11]. A penicillin-

resistant Staphylococcus strain was reported, even before the drug was marketed in 1940.

A penicillinase-resistant variant of methicillin was introduced in 1959, naturally resulting

in a methicillin-resistant strain in the following year [13]. In 1958, a glycopeptide-based

antibiotic, vancomycin, was introduced to combat methicillin-resistant strains, but again,

several vancomycin-resistant strains emerged as a response [14]. As an alternative, β-

lactam based antibiotics like cephalosporin were initially prescribed to treat penicillin-

resistant cases, which led to multiple generations of the drug being developed. Until

recently, a fifth-generation cephalosporin was put into the pipeline as the previous four

generations of the drug developed significant resistance. Similarly, carbapenem, another

β-lactam based antibiotic was introduced to treat cephalosporin-resistant cases. However,

several carbapenem-resistant enterobacterales (CRE) were reported since 2006 following

the extensive prescription of these drugs during the 1990s to 2000s [15]. This tug-of-war

between newly developed antibiotics and the emergence of resistant strains as a response

has continued since the inception of this drug, which has led to genuine concerns: Are we

heading into a post-antibiotic era where we have no treatment for bacterial infections?

Amidst these developments, a new category of pathogens exhibits extensive drug resis-

tance. The term “superbugs” was first coined to refer to multidrug or pan-drug resistant

microbes resistant to all known antibiotics. Currently reported superbugs include En-

terobacterales, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii,

Pseudomonas aeruginosa, and Enterobacter (bearing the acronym “ESKAPE”), along

with carbapenem-resistant Enterobaterales (CRE), cabapenem-resistant Klebsiella pneu-

moniae, methicillin-resistant Staphylococcus aureus (MRSA), vancomycin-resistant Ente-

rococcus (VRE) and multi-drug resistant Acinetobacter [16].
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1.1.3 How bacteria develop AMR

Resistance to antibiotics arises from a natural coping mechanism, where resistant mi-

crobes have a survival advantage over non-resistant ones. Microbes, particularly bacteria,

develop AMR through changes in their genetic framework either through 1) mutations or

2) incorporation of foreign DNA through horizontal gene transfer (HGT). The modifica-

tions generally occur in genes that code for receptors of the antibiotic, their transporters,

or regulators that inhibit transporter synthesis. Evidence suggests that commensal or en-

vironmental bacteria are particularly responsible for promoting resistance in pathogenic

bacteria through HGT [17]. These bacteria produce certain toxins that help them fight

against invading pathogens. However, they are equipped with antibiotic-resistant genes

that prevent them from dying from their toxins [18]. Figure 1.2 illustrates how AMR

develops and spreads among bacteria. Bacteria acquire resistance primarily through the

Figure 1.2: Mechanism by which AMR develops and spreads in bacteria.
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following three pathways:

� Intrinsic resistance: The inherent capability by which bacteria produce counter-

measures to antibiotics through genes present in their natural chromosome without

the need for mutations or foreign DNA [19, 20].

� Acquired resistance: The evolutionary pathway by which previously suscepti-

ble bacteria acquire resistance through mutations in their genetic structure or by

including exogenous genetic material via HGT [21, 22].

� Adaptive resistance: This is the response to selection pressure at sub-inhibitory

antibiotic concentration, which also depends on other environmental stimuli (for ex,

pH, ionic strength, stress, etc). Unlike the other two, adaptive resistance is often

transient and ceases to exist when the selection pressure is removed [23, 24].

1.1.4 How AMR protects bacteria against antibiotics

Once the bacteria develop resistance, it renders antibiotics ineffective by the following

mechanisms:

� Reduced uptake of drugs: The lipopolysaccharides (LPS) present in the outer

membrane of gram-negative bacteria act as a natural barrier to chemicals, including

antibiotics, and limit the uptake of the drug. Also, outer membrane proteins such as

porins act as the gateway for antibiotics. So, the quantity or type of porin proteins

is often regulated to limit the drug uptake. Specific resistance mechanisms regulate

porin expression or induce changes in its structure, due to which its druggability

decreases [25]. Few bacterial species have been reported to form biofilms that also

reduce drug permeability [26, 27].

� Changes in the drug receptor: Spontaneous mutations in the genetic structure

often modify the antibiotic receptor, which is why its binding is either prevented or

reduced. Certain mutations can produce competing proteins that can bind to the

drug and render it ineffective [28–31].
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� Chemical modification of the drug: Antibiotics are chemically degraded through

hydrolysis or modified by adding a functional group (acetyl, phosphoryl, adenyl, etc.)

by certain bacterial enzymes. The modified product fails to bind to the protein re-

ceptor and thus is rendered ineffective [32].

� Drug elimination through efflux: Efflux pumps located in the plasma membrane

help bacteria eliminate harmful compounds (antibiotics, metabolites, and signal

molecules) from the cell interior. Substrate-specific pumps that selectively flush out

antibiotics, may develop in resistant bacteria from exogenous genes [32–34].

1.1.5 Factors contributing to AMR

The rise and spread of AMR have been traced back to multiple sources that have been

broadly categorized into (i) environmental factors, (ii) drug related factors, (iii) negligence

in part of the patients and (iv) poor practices by physicians. Following are few specific

drivers for AMR:

� Misuse and overuse of antibiotics: AMR is accelerated by misuse and overuse

of antibiotics in humans and animals as revealed by epidemiological studies [35].

The primary reason for misuse is the use without indication of bacterial infection.

Lack of knowledge in patients often leads to misconceptions about antibiotics, for

example, using them to treat viral infections like the common cold and flu, or dis-

continuing the dosage before the prescribed duration is completed. The worst con-

tributor to AMR is the easy availability of antibiotics as over-the-counter (OTC)

drugs, which often leads to over-prescription by healthcare workers, pharmacists,

and veterinarians. Often, physicians misuse antibiotics to gain unethical incentives

from pharmaceutical companies for prescription [35–37].

� Improvement in standard of living: The overall increase in gross domestic prod-

uct (GDP) globally has improved the standard of living, particularly in low and
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middle-income countries (LMICs), which has increased the affordability of OTC an-

tibiotics and their usage. Additionally, better income has led to increased consump-

tion of animal proteins, which has increased transmission of AMR from livestock to

humans [38].

� Inappropriate antibiotic prescription: Inappropriate prescription by physicians

includes using the wrong drug for treating infections, prescribing the incorrect dosage

or duration of consumption, or using antibiotics where they are unnecessary. Ideally,

bacteria should be isolated and their specificity should be tested before prescription.

However, a report published by the CDC (Centers for Disease Control and Preven-

tion) in 2017 revealed a staggering 75% of cases where antibiotics were prescribed

without due diligence [39–41].

� Lack of innovation in antibiotics: Over the past few decades, pharma companies

have gradually declined in formulating novel antibiotics. The newly developed drugs

are minor modifications of the existing ones and run the risk of developing resistance

within a few years. This lack of interest stems from strict regulations from the FDA

(Food and Drug Administration) in drug testing and marketing, as well as the

associated costs of research and synthesis. Pharma companies have, instead, shifted

their focus on drugs for chronic because of profitability [42, 43].

� Use of antibiotics in farming and agriculture: To meet the growing demands

of human consumption, farming practices now rely heavily on antibiotics to improve

feed quality, treat infections, and prevent diseases in livestock. A residual amount

of these drugs finds its way into the human diet via livestock-derived products (for

example, eggs, milk, protein, fat, etc.) and results in AMR. This misuse is rampant

due to a lack of regulatory bodies in veterinary practices [44, 45].

� Ease of travel: Development in commute routes among nations has made traveling

and exporting convenient. The resistant-bacterial strains endemic in one country

are often unknowingly carried by humans and livestock to other countries where

they were non-existent previously, leading to the spread of AMR [46, 47].
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1.2 Ways to tackle AMR

The following preventive measures have been adopted to tackle AMR in recent times:

� Prevention of Infections: Efforts are underway to improve healthcare facilities

(sanitation, drinking water, and hygiene) as preventive measures to mitigate AMR

transmission. A combined effect of these factors alone can prevent more than 337000

AMR-related deaths per year. Another option is to formulate vaccines specific to

resistant strains. Vaccines offer a preventive alternative to antibiotics, reducing

healthcare pressure from infection-related hospitalizations. Unlike antibiotics, which

are typically prescribed post-infection, vaccines are administered as a prophylactic

measure. They function by activating the host immune system, which can identify

future infections and kill the microbes in their entirety. This prevents the emergence

of resistant strains, making them an effective tool in curbing the spread of infections

[48–50].

� Regulating Antibiotic Access: Strict policies are being implemented to limit the

availability of antibiotics as over-the-counter (OTC) medications and prevent their

misuse. The World Health Organization’s Access, Watch, and Reserve (AWaRe)

program advocates the use of narrow-spectrum antibiotics (with a lower risk of

causing AMR) for minor infections, recommends antibiotics in the Watch category

to treat severe cases, and Reserves last-resort antibiotics for diseases caused by

multidrug-resistant pathogens [51, 52].

� Taking stewardship for antibiotics: Strategies targeting the misuse of antibi-

otics involve awareness programs that educate the masses regarding the risks of

AMR, promoting clarity in patient-doctor communication, and taking accountabil-

ity for the antibiotic reserve for proper usage. For example, local guidelines can be

implemented to prescribe antibiotics for hospital-acquired (nosocomial) infections

[53, 54].
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� Increasing AMR surveillance: The WHO has initiated multiple global collab-

orations for AMR surveillance, which keeps the rise and spread of resistant strains

in check. The surveillance programs entail the collection and sharing of data be-

tween nations, which helps curate evidence-based plans for prescribing antibiotics,

optimizing outcomes, and cutting down healthcare costs. AMR surveillance often

includes sequencing the whole pathogen genome, which can detect resistant traits

early [55–59].

Figure 1.3: Therapeutic alternatives to antibiotics currently being explored. Repro-
duced from Ref. 60 under the terms of the Creative Commons CC-BY license.

� Resorting to non-antibiotic-based treatments: Alternatives to antibiotics are

currently being explored as summarized in Figure 1.3. These include:

⋄ Antibodies: Human monoclonal antibodies (HMAs) can either kill the pathogens

directly, neutralize their toxins, or bind to them to be easily identified by the
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immune system. MHAs have been used earlier in the treatment of cancer and

autoimmune disorders, and very recently, in the COVID-19 pandemic. They

are highly specific to pathogens and preserve the natural microbiota [60–63].

⋄ Antibody-antibiotic conjugates: A related strategy is to conjugate antibi-

otics to monoclonal antibodies that specifically bind to pathogens and release

the drug molecules at the site of infection. These conjugated systems can

narrow broad-spectrum antibiotics to site-specific or pathogen-specific drugs,

promoting efficiency while preserving the commensal population [64, 65].

⋄ Gene Therapy: The advent of the CRISPR-Cas9 technique has enabled us to

edit the bacterial genome with high precision. This method uses CRISPR-Cas9

nucleases to introduce irreversible lesions to the bacterial chromosome, which

ultimately lead to cell death. Additionally, these nucleases can be programmed

to target selective bacterial species, which can help eliminate resistant strains

from a mixed population [66, 67].

⋄ Bacteriophages: An invasive technique to tackle resistant bacteria involves

bacteriophages or viruses; they infect the bacterial cells and create multiple

copies of themselves, ultimately leading to host lysis. Their action can be lim-

ited to the target bacteria and thus very specific, like the previous techniques.

They can be administered in synergy with antibiotics and can produce enzymes

that prevent biofilm formation. In addition, they can be trained to recognize

their target cells in vitro, before they are administered in vivo [68–72].

⋄ Antimicrobial peptides (AMPs): These constitute short cationic peptides

that are at the forefront of the immune system and provide the first layer of

defense to invading pathogens. These peptides either disrupt the membrane

integrity or act through membrane-independent pathways. In addition, they

can modulate immunity and have antiviral and anticancer properties. Few

antimicrobial peptides have been put to clinical trials and have shown better

efficiency in synergy with antibiotics. Currently, research is focused on the

delivery of these peptides to the target site through nanoparticles, hydrogels,

and DNA/RNA-based carriers [73–82].
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1.3 How antimicrobial peptides can help fight AMR

To understand how AMPs can be used against drug-resistant bacteria, we must first under-

stand how they function. Such functional insights are crucial for the synthesis and design

of drugs that optimize therapeutic strategies and mitigate harmful side effects. Broadly,

AMPs operate either via membrane disruption or through non-disruptive pathways [83].

1.3.1 Membrane-dependent pathways

The interaction between AMPs and bacterial membranes is a complex and unique process

driven primarily by molecular interactions. Generally, AMPs are amphipathic in nature,

having both charged and hydrophobic residues on the surface. The positively charged

residues adhere to the negatively charged phospholipid headgroups in the membrane (via

electrostatic interactions). The hydrophobic groups, on the other hand, insert into the

membrane and interact with the long hydrocarbon chain of the lipids. Beyond a critical

concentration, AMPs aggregate among themselves and alter the mechanical properties of

the membrane, leading to membrane thinning or pore formation. Such alterations disrupt

the membrane barrier function and cause an imbalance of ions across the membrane

that inhibits bacterial growth. Based on the sequence of events that lead to membrane

disruption, the following mechanisms have been proposed (Figure 1.4):

� Barrel-stave mechanism: In this model, the AMPs aggregate into a polypeptide

when they cross a certain threshold concentration and insert across the membrane

vertically. The hydrophobic residues of the polypeptide interact with the hydropho-

bic tails of the lipid. The hydrophilic residues occupy the interior and create a

transmembrane channel through which water molecules and ions can pass. Such

transmembrane channels disturb the ion gradient and cause efflux of materials from

the cell. The amphipathic structure of the peptides often develops post-aggregation

but prior to insertion. The only caveat for this mechanism is the length of the

peptides, which should be of the dimension of the membrane [84–86].
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� Toroidal-pore model: In this model, peptides remain attached to the lipid head-

groups and induce a tilt away from their lamellar normal during membrane invasion.

This deformation results in toroid-like structures, where the lipid headgroups in the

upper leaflet curve inward and merge with those in the lower leaflet, forming pores

lined by both lipids and peptides. The hydrophobic residues of the peptide in-

teract with the acyl chains, while the cationic residues are masked by the arched

lipid headgroups. These pores are distinct from the barrel-stave pores, where the

lipid headgroups retain their orientation and the peptides alone constitute the pore

lining [86–89].

� Carpet model: In this mechanism, AMPs accumulate on the membrane surface

like a carpet but fail to invade the hydrophobic core. Instead, the aggregate alters

the membrane curvature leading to inward dissolution of the membrane into micelles

similar to what we observe in detergents. This model is independent of interactions

among AMPs and also independent of AMP interaction with the hydrophobic mem-

brane core. Thus, peptides that show antimicrobial activity irrespective of their

amino acid sequence and length operate via the carpet model [90–92].

1.3.2 Membrane-independent pathways

� AMPs target cell walls: AMPs either inhibit the formation of the cell wall or

increase its permeability. There are two ways by which cell wall synthesis can be

arrested. One involves AMPs that suppress the synthesis of Lipid II, an important

precursor of the peptidoglycans N-acetylglucosamine (NAG) and N-acetylmuramic

acid (NAM), which are essential components of the cell wall [94–97]. The deficiency

in these components reduces the extent of cross-linking, thereby weakening the cell

wall integrity. Another pathway involves AMPs that can choke bacterial respiration

and reduce the production of ATP. Since cell wall formation is an active process,

reduced ATP hinders its synthesis [98, 99]. AMPs can also activate enzymes or sig-

nalling pathways that release autolysin from bacteria and increase the permeability

of the cell wall [100, 101].
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Figure 1.4: Models explaining how antimicrobial peptides exert their bactericidal
activity, either by targeting intracellular components or by disrupting the cell membrane.
Membrane disruption occur typically through one of three main pathways: the barrel-
stave model, the toroidal-pore model, or the carpet model. Reproduced from Ref. 93

under the terms of the Creative Commons CC-BY license.

� AMPs target intracellular components: AMPs can bind to intracellular pro-

teins and nucleic acids and interfere with the normal functioning of the cell. For

instance, certain AMPs inhibit the replication of the genetic material while others

cause degradation of DNA and RNA [102, 103]. In a few cases, AMPs also inhibit

cell division and break the cell cycle [104, 105]. DNA repair is another important

process that can be affected by certain AMPs, which leads to genetic disorders and

cell death [106]. Besides, certain AMPs can target proteins that are responsible
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for cellular metabolism, repair, and defense. In particular, they inhibit the elec-

tron uptake capability of intracellular enzymes and reduce the formation of ATP.

Often, enzymes that break down metabolites are suppressed, which leads to the

accumulation of toxic materials and loss of homeostasis inside the cell [107, 108].

� AMPs target bacterial biofilms: Biofilms are bacterial colonies embedded in an

extracellular matrix that cooperate among themselves and function as a commu-

nity. Numerous AMPs have been reported to disrupt biofilm formation and protect

against infections. In a few cases, AMPs increased ciliary growth, leading to higher

mobility of cells, thus preventing their adhesion to a surface [109, 110]. In other

cases, they either blocked the sensing towards biofilm population or increased stress

response, which prevented bacteria from coming together [111–113]. The extracellu-

lar matrix, which is composed of lipids, polysaccharides, proteins, and nucleic acids,

can be degraded by a few AMPs, which also hinder biofilm formation [114–116].

� AMPs modulate immunity: AMPs play a crucial role in both innate and adap-

tive immunity. During pathogenic invasion, AMPs can either invoke or regulate

immune responses. In particular, they regulate immune responses by influencing

apoptosis in immune cells. This is crucial to determine the extent and period of the

immune response while preventing tissue damage from uncontrolled immune reac-

tions [117, 118]. In some instances, they also direct epithelial and immune cells to

the site of injury and promote healing and regeneration of blood vessels [119].

1.4 The LL-37 peptide and its fragments

The human LL-37 (hLL-37) is a 37-residue antimicrobial peptide derived from the cathe-

licidin family of proteins [120–123]. The cathelicidin precursor has three distinct regions:

(i) the N-terminal signal sequence, (ii) the highly conserved “cathelin” domain, and (iii)

the C-terminal domain, which contains the antimicrobial segment [124–127]. Cathelicidin

undergoes multiple stages of proteolytic cleavage and modifications to produce the LL-37
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peptide, which is unstructured in solution but adopts an α-helical structure in the pres-

ence of membranes or at high peptide and salt concentrations [128–131]. hLL-37 plays

a pleiotropic role in the immune system as it has antimicrobial and antiviral properties

and shows promise as an alternative to conventional antibiotics [132–135]. In addition,

LL-37 expression has been linked to the inhibition or progression of certain types of can-

cers [136–140]. Besides, it can attract neutrophils to the infection site to fight microbes

and, in some instances, inhibit them to keep the immune response in check [141–143].

Another essential ability of LL-37 is seen in the regeneration of blood vessels, which helps

heal wounds [144]. Figure 1.5 illustrates the monomeric structure of hLL-37 determined

Figure 1.5: The hLL-3717-29 fragment is generated from full-length LL-37 by bacterial
proteases and represents the smallest segment that retains the antimicrobial activity
of the parent peptide. The amino acid residues comprising this fragment are labeled.
The peptide carries a net positive charge due to an abundance of cationic residues, with
Asp26 (D26 in full-length LL-37) being the only negatively charged residue. In addition,

a polar Gln22 (Q22) is also present.

in the presence of DPC micelles [130]. The peptide also exists in higher oligomeric struc-

tures at high concentration, protecting it from proteolytic cleavage [131, 145, 146]. The

fragments derived from LL-37 are equipped with unique functionalities and provide an in-

teresting area of research. The core segment, constituting the residues 17-29 (hLL-3717-29),

is the smallest fragment that retain the antimicrobial properties [147] of the full length

peptide. This fragment adopts an α-helical structure in the presence of detergents, with
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hydrophobic and hydrophilic residues occupying the opposite faces of the helix. The hy-

drophilic face, rich in cationic residues (Lys and Arg), can target the negatively charged

bacterial membrane, while the hydrophobic face helps embed into the membrane inte-

rior. If we exclude the 17th Phe residue, the residual 12-residue fragment (also known as

KR-12) retains its antimicrobial property with reduced toxicity to human cells [148, 149].

The segments excluding the core region, especially 1-12 and 30-37, are generally disor-

dered, forming short helices adjacent to turns and coils, and are associated with weak

antimicrobial activity [147].

Previous studies on the hLL-3717–29 fragment have shown that this peptide not only retains

the antimicrobial activity of the full-length peptide but also exhibits a strong tendency

to aggregate into supramolecular nanostructures with a characteristic cross-α amyloid

architecture. The X-ray crystal structure of the resulting assembly reveals a repeating

four-helix bundle motif. These studies highlight important functional roles of aggregation

but also underscore key limitations: experimental approaches provide structural snap-

shots of the assembled state, yet they offer limited mechanistic insight into how dispersed

peptides form encounter complexes, how these complexes reorganize into ordered bundles,

or how physicochemical factors such as charge, hydrophobicity, and residue identity mod-

ulate these pathways. Likewise, while experiments suggest that aggregation can either

enhance or inhibit antimicrobial activity, direct evidence linking sequence, aggregation

propensity, and membrane interactions remains incomplete. These gaps emphasize the

importance of molecular simulations, which can resolve the self-assembly process at high

temporal and structural resolution and, through tools such as Markov state modeling

and transition path theory, reveal the aggregation pathways, relaxation mechanisms, and

membrane interactions that are difficult to access experimentally.

1.5 Thesis Overview

In the present chapter (Chapter 1), we have discussed the potential havoc of antimi-

crobial resistance and how antimicrobial peptides can be utilized to fight against it. In
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particular, we have focused on the hLL-3717-29 peptide that is known to possess antimicro-

bial activity and can aggregate into α-amyloids, an unique self-assembly principle reported

recently. For this purpose, we have carried out molecular dynamics simulations of the hLL-

3717-29 peptide and its mutants in solution and in the presence of model membranes. We

have taken this MD generated data to train unsupervised models using the framework of

Markov state modelling. In Chapter 2, we briefly discuss the methodology of molecular

dynamics simulations, the fundamentals of Markov state modelling and transition path

theory. In Chapter 3, we study pathways via which hLL-3717-29 peptides form encounter

complexes (starting from a completely dispersed state) using semi-empirical Markov state

models and transition path theory. In Chapter 4, we build Markov state models with

finer molecular descriptors to study the pathways via which encounter complexes relax

from a disordered state to an ordered state. We identify key interactions that drive this

structural organization and propose a comprehensive model for α-amyloid self assembly.

In Chapter 5, we explore how pre-formed hLL-3717-29 fibrils interact with model mem-

branes, ranging from bacterial to mammalian, in an effort to explain their selectivity. In

Chapter 6, we study the effect of point mutations (at Ile24) on the aggregation property

of hLL-3717-29 to explain why these mutations can potentially reduce the antimicrobial

activity of this peptide. In Chapter 7, we provide an overall summary based on our

findings.
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Chapter 2

Methodology

2.1 Molecular dynamics simulations

The phase space of the systems has been sampled using classical molecular dynamics (MD)

simulations [150, 151]. Such techniques have been employed extensively to study biological

systems like proteins, DNA, lipids, sugars, etc. [152]. In MD simulations, the constituent

atoms of the biomolecule and the surrounding molecules (for example, water and ions)

are treated as classical particles that obey Newton’s laws of motion. The particles evolve

in time according to:

m
d2ri
dt2

= Fi (2.1)

where ri represent the position vector of particle i and Fi is the force acting on it.

Equation 2.1 is solved numerically at time intervals of ∆t (discussed later). The state of

the systems (atomic positions and momenta) at time t0 yields the state at time t0 + ∆t.

The positions (ri) and velocities (vi), recorded at each timestep, are used to compute

average properties that can be verified experimentally. Fi in Equation 2.1 is calculated as

the gradient (∇) of the potential function, U , that describes all inter-atomic interactions

in the system is a function of ri:

Fi = −∇ U(ri) (2.2)

19
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and can be broken down as the sum of bonded and non-bonded interactions:

U = Ubonded + Unon−bonded (2.3)

where Ubonded can be further broken down into,

Ubonded = Ubond + Uangle + Udihedral (2.4)

and Unon−bonded can be expanded into a sum of van der Waals and coulombic interactions:

Unon−bonded = UvdW + Ucoulomb (2.5)

The three terms in Equation 2.4, namely, Ubond, Uangle, and Udihedral incorporates the

energy contribution that comes from bonding between atoms, more specifically, the energy

contributions arising due to distortion in the bond lengths, bond angles, and dihedral

angles that occur due to the dynamic nature of the molecules. Ubond and Uangle can be

expressed as a simple harmonic potential between directly bonded atoms (1-2 in case of

bond lengths and 1-3 in case of angles) given as:

Ubond =
∑
bonds

kb(r − req)
2 (2.6)

Uangle =
∑
angles

kθ(θ − θeq)
2 (2.7)

where the summation runs over all bonds (Equation 2.6) and angles (Eq. 2.7) in the sys-

tem; kb and kθ are the force constants for bond stretching and angle bending, respectively.

The equilibrium bond lengths and angles are designated as req and θeq. According to AM-

BER convention, Udihedral can be expressed as a fourier-series expansion of all torsional

terms having the following functional form:

Udihedral =
∑

dihedrals

Vn[1 + cos(nϕ− δ)] (2.8)
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where Vn represents the torsion barrier, δ represents the phase and n is the periodicity in

the torsion angle.

The non-bonded contribution to U in Equation 2.3 arise due to van der Waals and elec-

trostatic interactions between atoms. The van der Waals component can be modelled

using a simple 6-12 Lennard-Jones (LJ) potential and the electrostatic component can be

modelled using a simple Coulomb potential. While calculating the non-bonded potential,

only pairwise interactions are considered (three or higher-body interactions are ignored).

Mathematically, the total non-bonded potential over all i, j pairs in a systems can be

expressed as:

Unon−bonded = UvdW + Ucoulomb =
N−1∑
i=1

N∑
j=i+1

[
Ai,j

R12
ij

− Bi,j

R6
ij

+
qiqj
εRij

]
(2.9)

However, the relation of Equation 2.9 to a 6-12 LJ potential requires further explanation,

specifically the terms, Ai,j and Bi,j. The standard expression of LJ potential Vi,j between

atoms i and j is given as:

Vi,j = 4εi,j

[(
σi,j
ri,j

)12

−
(
σi,j
ri,j

)6
]

(2.10)

where ri,j is the inter-atomic separation, εi,j is the depth of the LJ potential well, and

σi,j is the inter-atomic separation where the attractive and repulsive potential negate

each other. εi,j and σi,j are unique for a particular atomic pair. Another form of the LJ

potential, expressed in terms of the van der Waals radii, Rmin(i, j), is given as:

Vi,j = εi,j

[(
Rmin(i, j)

ri,j

)12

− 2

(
Rmin(i, j)

ri,j

)6
]

(2.11)

where Rmin(i, j), expressed as a sum of Ri and Rj, is the distance between the atoms i and

j where the LJ potential is at its minimum (i.e. at Vi,j = −ε). Combining Equation 2.10

and 2.11, we can relate Rmin(i, j) and σi,j as:

Rmin(i, j) = 21/6σi,j (2.12)
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Similarly, Ai,j and Bi,j are related to Rmin(i, j) as:

A = εR12
min(i, j) and B = 2εR6

min(i, j) (2.13)

The Rmin(i, j) and εi,j between the atomic pair i and j is deduced according to the

Lorentz-Berthelot mixing rules where:

Rmin(i, j) = 0.5[Rmin(i) +Rmin(j)] and εi,j =
√
εi,i · εj,j (2.14)

The coulomb contribution in Equation 2.3 is evaluated based on the partial charges qi

and qj on atoms i and j. The parameters appearing in the equations above (kb, kθ, Vn,

δ, Rmin(i, j), εi,j, qi, and qj) define the force field used in the MD simulations. For all

systems examined in this thesis, these parameters were taken from the AMBER force

field. Specifically, the hLL-3717–29 peptide was modeled using the AMBER14SB force

field, water molecules were modeled with TIP3P, and lipid molecules were modeled using

LIPID21 available in the AMBER software suite.

With the functional form of the potential U clearly defined, the forces (Fi) are evaluated

according to the Equation 2.2 which gives the acceleration (ai) of the particles. Based on

ai’s, Equation 2.1 is solved numerically using the leap-frog integrator as:

xt+∆t = xt + vt∆t+
1

2
at∆t

2 (2.15)

vt+∆t = vt +
1

2
(at + at+∆t)∆t (2.16)

where xt, vt, and it represents the position, velocity and acceleration at time t, respectively,

which is used to solve for these quantities at time t+ ∆t. In fact, for practical purposes,

a modified version of this integrator is used, that accounts for thermostat and barostat

algorithms and the various constraints imposed on the system, which is beyond the scope

of our discussion.
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2.2 Markov state modelling

Markov state modelling is a mathematical framework that discretizes the 6N-dimensional

phase space of a dynamical system into disjoint sets or metastable states. Such a de-

composition transforms the time evolution of the system in the phase space into transi-

tions between the metastable states. These transitions are captured in a count matrix

C(τ) = [cij(τ)], where cij(τ) represents the number of transitions from state i to j at lag

time τ . The count matrix is transformed into the row-stochastic transition P (τ) = [pij(τ)],

where pij(τ) denotes the probability that the system is in state j at time t+ τ , provided

it was in state i at time t. Before the trajectories can be discretized, their dimensional-

ity is reduced by projecting them onto a low-dimensional subspace using the time-lagged

independent component analysis (TICA) [153, 154]. For simulations that are carried out

under equilibrium conditions, the transition matrix follows an interesting principle called

the “principle of detailed balance”, which can be mathematically written as,

πipij = πjpji (2.17)

where πi and πj represent the stationary state distribution (population) in state i and j,

respectively. The lag time τ is the interval between MD time steps, chosen such that the

Markovianity of the process is ensured while the faster processes are still preserved. One

way to choose the lag time is to calculate the timescales of the processes in the underlying

system. These timescales, also known as implied timescales (ITs), are evaluated as follows:

ti =
−τ

ln |(λi(τ)|
(2.18)

where λi(τ) are the eigenvalues of the transition matrix. The ITs are evaluated for a

range of lag times τi (τi ∈ {τ1, τ2, τ3 · · · τn}). The τi at which the ITs become invariant is

chosen as the final lag time for MSM construction. Based on this τi, the transition matrix

is constructed. The validity of this transition matrix is determined by the Chapman
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Kolomogorov (CK) test. For a Markovian matrix, the CK property can be expressed as:

P (kτ) = P k(τ) (2.19)

where the left side is the transition matrix evaluated at time kτ (k > 1) and the right

side is the transition matrix at τ (calculated previously) raised to the power k. The

closer the values of the estimated and calculated matrix, the better is the model. The

CK validated transition matrix can be decomposed into eigenvectors and eigenvalue pairs.

The left eigenvector corresponding to highest eigenvalue (λ1 = 1) represent the stationary

distribution (population) of the state (πT ) according to:

πTP (τ) = πT (2.20)

The remaining eigenvalues (λi>1 where λi < 1 ) quantify the timescales (ITs) of the

various processes in the system. These processes themselves are represented by the right

eigenvectors (ψi) of P (τ), according to:

P (τ)ψi = λi(τ)ψi (2.21)

2.3 Transition path theory

The entries nij in the count matrix mentioned previously quantifies the number of tran-

sitions from state i to j. Inter-state transition times were approximated according to

tij = Ni

nij
, where Ni =

∑
j∈S

nij, represents the total residence time in state i. The Marko-

vian generator matrix, R = (rij)i,j∈S were evaluated from tij as follows:

rij =
1

tij
− δij

∑
j ̸=i

rij (2.22)
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where δij denotes the Kronecker delta function. The generator matrix, R, bear the fol-

lowing properties [155]:

R =


rij ⩾ 0 ∀i, j ∈ S, i ̸= j∑
j∈S

rij = 0 ∀i ∈ S
(2.23)

and can be used to evaluate the population of states, π, (also known as the stationary

distribution of states) based on [155]:

0 = πTR (2.24)

Using the stationary state population (πi)i∈S, the time-reversed generator matrix, (R̃),

was evaluated as follows [155]:

r̃ij =
πj
πi
rji (2.25)

Next, a pair of states were singled out from S to represent the systems’ initial (P) and the

final (Q) aggregate states. In a trajectory, multiple transitions from P to Q may occur

via an ensemble of pathways. The probability of the ith state participating in a P→Q

event can be obtained from the piecewise committor functions, q+i and q−i (Equation 2.26,

2.27). The forward committor, q+i , measures the probability of the system in the state i

to travel to state Q, in a single step or a sequence of steps, without visiting state P on the

way. Similarly, the backward committor, q−i measures the probability that the system,

currently in state i, has traveled from state P (directly or via a sequence of steps) without

visiting state Q in between. q+i and q−i were calculated from the generator matrices (R

and R̃) using: 
∑
j∈S

rijq
+
j = 0 ∀i ∈ (P ∪Q)c,

q+i = 0 ∀i ∈ P

q+i = 1 ∀i ∈ Q

(2.26)
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and, 
∑
j∈S

r̃ijq
−
j = 0 ∀i ∈ (P ∪Q)c,

q−i = 1 ∀i ∈ P

q−i = 0 ∀i ∈ Q

(2.27)

The ensemble of reactive trajectories that transition from state i to j per unit time, on

the way from P → Q is denoted by fPQ
ij and computed as,

fPQ
ij =

 πiq
−
i rijq

+
j if i ̸= j

0 if i = j
(2.28)

To account for back transitions from j to i, that reduces the overall contribution to the

pathway P → Q, the net flux f+
ij (also called flux current) is considered, where,

f+
ij = max(fPQ

ij − fPQ
ji , 0) (2.29)

Weighted graphs were constructed based on the population of states (π)and the net tran-

sition fluxes (f+
ij )- represented as G(V,E), where vertices V represent the states in S (i.e.,

V ∈ S) and the edges E are measured by the flux current among the states (E =
{
f+
ij

}
).

G was depicted as a transition network using the Networkx package in Python. All P

→ Q events in the conformational space S are denoted as pathways χ in G(V,E), where

χ = (v0, v1, v2, · · · vn) : v0 ∈ P, vn ∈ Q. Connected pathways(χ) were obtained using the

depth-first search (DFS) algorithm [156]. For a particular χ, the rate at which P → Q

occurs is limited by the minimum flux current (f+
ij,min) in the pathway. The dominant

pathway was determined based on the maximum value of (f+
ij,min) in G(V,E) using a

binary search approach. This flux was subtracted from G(V,E), and the resulting graph

was used to determine the next important pathway. A stepwise implementation of the

theory was accomplished using the PyEMMA library in Python [157].
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Pathways of hLL-3717-29 Aggregation

Give Insight into the Mechanism of

α-Amyloid Formation
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Overview

α-amyloids present a novel self-assembly principle that can be utilized to prepare func-

tional biomaterials. Evidence of α-amyloid formation in the active core of the human

LL-37 protein (comprising residues 17 to 29) was associated with this peptide’s membra-

nolytic property. Though mechanistic pathways of β-amyloid formation are known, such

studies are scarce in α-amyloids. Modern computational techniques allow such mechanistic

studies in molecular detail. Here, we propose aggregation pathways in hLL-3717-29 through

molecular dynamics simulations. We first identified oligomers among peptides based on

a distance criterion. The distribution of oligomers were then used to build Markov state

models from which pathways were obtained using the framework of transition path theory.

We checked the structural stability of the peptides during oligomerization which is crucial

from their functional point of view. We also investigated the key residues that participate

in oligomer formation, the interactions between them, and the effect of residue mutations

on the binding free energy of the peptides. Our findings suggest that larger oligomers

are produced from the association of smaller and intermediate oligomers. The peptides

retain their helical structure during aggregation with transient occurrences of 3-10 helix

and turns. Hydrophobic interactions are vital in the aggregation of these peptides with

I24 playing a crucial role. Mutation of this residue to Ala decreases the peptides’ binding

free energy, resulting in reduced aggregation tendency.

28
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3.1 Introduction

Amyloids refer to the organized self-assembly of proteins that adopt various structural

features ranging from water-soluble aggregates to insoluble plaque-like deposits [158, 159].

Depending on the secondary structure of the constituent protein monomer, amyloids can

be broadly classified into two categories: α [160, 161] and β [162–165]. The domain of

β-amyloids has been extensively researched and linked to numerous neurodegenerative

and systemic disorders [166, 167]. On the contrary, the occurrence of α-amyloids was only

recently reported by Engelberg et al. to explain the self-assembly of the cytotoxic peptide

PSMα3 secreted by Streptococcus aureus [160]. This particular protein assembly mimics

the cross-β architecture in β-amyloids [168], where individual helices stack perpendicular

to the fibril axis, forming α-helix rich sheets that interact via hydrophobic interfaces

to form the cross-α architecture. Owing to architectural resemblance, α-amyloids bear

similar tinctorial and morphological properties as β-amyloids [160]. The α-amyloid self-

assembly in PSMα3 was associated with the cytotoxic effects of Streptococcus aureus. The

helical nature and the tendency of the peptides to undergo fibrillation jointly explained

the cytotoxicity of PSMα3 [160]. Further, the presence of positively charged residues

on the peptide surface was found to contribute to its cytotoxicity [161]. A combination

of hydrophobic-hydrophilic residues on the peptide surface facilitates adhesion to cell

membrane leading to disruption.

Both α and β-amyloids exist as unbranched fibril-like structures that can be utilized to

build functional biomaterials with diverse applications [169–172]. Studies indicate that

β-amyloids can catalyze reactions [173, 174] and are an excellent source of functional

materials having optical, electrical, and mechanical properties [175–178]. However, the

inherent toxicity of β-amyloids and their association with various pathological conditions

limits their practical application. Host defense peptides, which are integral components

of the immune system, show evidence of aggregation into amyloid fibrils and thus provide

suitable alternatives for the design of biomaterials [179–182]. Additionally, the antimicro-

bial property of these peptides can be exploited to combat resistant bacterial strains that

constitute a serious health risk to modern society [5].

29
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Human LL-37 (hLL-37) is a host defense peptide cleaved from the precursor catheli-

cidin protein, hCAP-18 [183]. hLL-37 plays a pleiotropic role in the host immune sys-

tem [184] as it: (a) provides the first level of resistance to invading pathogens [185–187],

(b) directs immune cells to the location of the injury [188], (c) regulates the secretion of

pro-inflammatory factors [189–191], and (d) boosts cell division for wound healing [192–

195]. Loss or reduced expression of hLL-37 is associated with several diseases, viz., mor-

bus Kostmann [196], and atopic dermatitis [197]. hLL-37 bear high sequence similarity

with PSMα3 showing a tendency to aggregate into α-helical fibrils [198]. The functional

role of hLL-37 as a membrane disruptor stems from its tendency to form fibrillar aggre-

gates [186, 198]. The membranolytic property of hLL-37 also depends on the nature of the

constituent lipid-forming trans-membrane pores for unsaturated lipids and supra-helical

fibrillar aggregates for saturated lipids [199]. Co-complexation of hLL-37 with DNA am-

plifies the activation of the Toll-like receptor 9 in immune cells and modulates the immune

response [200]. hLL-37 can be truncated into a plethora of fragment peptides with an-

tibacterial [130, 201], anti-biofilm [202], antiviral [203], and anticancer [139] properties.

Specific bacterial proteases degrade hLL-37 into inactive fragments as part of their viru-

lence action [204]. The shortest region of the hLL-37 peptide comprising the residues 17-29

(17FKRIVQRIKDFL29R) is effective against bacterial and cancer cells [147]. Engelberg

et al. [205] recently demonstrated the supra-molecular structures formed by the hLL-

3717-29 fragment via X-Ray crystallography. A wheel plot representation (Figure 3.1) of

this fragment peptide reveals two faces of opposite polarity that assist in its aggregation

into supramolecular nanostructures having the signature cross-α amyloid architecture.

Antimicrobial property is attributed to the aggregation behaviour of the peptide and is

disrupted with the incorporation of charged amino acid residues on the hydrophobic face

of the peptide.

Cross-α amyloids bring forth a new self-assembly principle in nature that is omnipresent

and crucial to study. Advances in technology and theory make it possible to study ag-

gregation pathways in peptides in mechanistic detail. One such technique involves the

construction of Markov State Models (MSMs) based on different intermolecular features
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Figure 3.1: Wheelplot representation of hLL-3717-29 helix: The dotted line
divides the two faces of the helix - the hydrophobic face consisting of hydrophobic
residues (gray) and the hydrophilic face consisting of polar (yellow), positively charged

(blue) and negatively charged (red) residues.

that capture the aggregation process [206–211]. In particular, MSMs built on the dis-

tribution of oligomeric species in solution give us a qualitative model for peptide ag-

gregation processes [212]. With semi-empirical MSMs as the backbone, the pathways

of peptide aggregation can be acquired using the framework Transition Path Theory

(TPT) [155, 213–215]. Here, we study aggregation properties of hLL-3717-29 via all-atom

molecular dynamics (MD) simulations. We first identified clusters among peptides based

on a distance-cutoff and then calculated the relative abundance of each oligomer. We then

constructed MSMs based on the aggregation state of the peptides and explored pathways

via which peptides assemble using TPT. We also looked at the structural changes of the

peptide during the aggregation process. We then figured out vital molecular interactions

that promote peptide aggregation. Additionally, we quantified the energetic contribution

of each residue toward the aggregate formation. Our findings reveal the presence of in-

termediate oligomeric states that coalesce to form higher order oligomers. We attribute

hydrophobic interactions among residues as the dominant force that guide the aggregation

process. In particular, I24 plays a crucial role in aggregation as a mutation in this residue

alters binding among peptides remarkably.

We have structured the rest of Chapter 3 into the following Sections: (a) In Section 3.2, we

discuss the specifics of the systems used in this Chapter, the various conditions employed
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in the MD simulation, and a detailed description of the analyses, particularly TPT, (b)

In Section 3.3, we present the results of the analyses in detail and provide physical inter-

pretation for our observations, and (c) In Section 3.4, we conclude our overall findings in

this study.

3.2 Methods

3.2.1 Preparation of hLL-3717-29 structure

X-Ray crystal structure of the hLL-3717-29 dimer (resolution ≈ 1.35 Å) was downloaded

from the RCSB Protein Data Bank (PDB ID: 6s6m) [205]. Monomer coordinates were

extracted from the PDB to yield the initial structure of the peptide. To prevent elec-

trostatic interactions among the peptide terminals, acetyl (ACE for the N-terminal) and

N-methyl (NME for the C-terminal) caps were added with the tleap module of AM-

BER18 [216]. Next, the protonation state of the residues at pH 7 was determined using

PROPKA 3 software [217, 218] Consequently, Arg residues at positions 3, 7, and 14 and

the Lys residues at 2 and 9 were protonated. The Asp residue at the 10th position was

deprotonated, imparting a net +4 charge to the peptide. The resulting monomer was

minimized in vacuo to eliminate initial steric clashes. The peptide was modeled using the

AMBERff14SB [219] force field.

3.2.2 Preparation of the systems

Two systems were prepared consisting of 4 and 8 units of hLL-3717-29-referred henceforth

as hll-4 and hll-8, respectively (Table 3.1). For hll-8, the 8 peptide units were placed at

the corners of a cube of edge 40 Å. For hll-4, the 4 peptides were placed at the alternate

corners of a cube of 40 Å to ensure sufficient separation between the peptides. A total

of 5 and 6 replicas were generated for hll-4 and hll-8, respectively, which differ in the

relative orientation of the peptides. The smaller cubes, with peptides at the corners,
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were immersed in a larger water box to obtain the solvated systems. Roughly 2000 water

molecules were added per peptide for the two systems. For modeling water molecules,

the explicit TIP3P force field was used [220]. PACKMOL [221] software was employed

to prepare the initial configuration of the systems, keeping the distance between any two

atoms greater than 2 Å. At physiological pH, the protein carries a net positive charge of

4 units that were neutralized by 4 Cl- ions using the tleap module of AMBER18 [216].

To set the ionic strength at 150 mM, additional Na+ and Cl- ions were added [222].

Monovalent ion parameters used were obtained from the works of Joung et al [223].

Table 3.1: Details of all the systems used in Chapter 3. Np designate the number
of peptides used in each of the systems. Mp designates the molar concentration of the

peptides. The total simulation time for each of the systems are given alongside.

System Np Box length (Å) Mp(M) Simulation Time

hll-4 4 ≈ 65 ≈ 0.025 5 × 500 ns
hll-8 8 ≈ 80 ≈ 0.025 6 × 1000 ns

3.2.3 MD Simulation Protocol

Systems were minimized in two consecutive stages- An initial 5000 steps of the steepest

descent method followed by 5000 steps of the conjugate gradient method to eliminate

bad contacts between the atoms (if any). The SANDER module of AMBER18 [216] was

used to perform the minimizations. The final temperature of the systems was attained

in a stepwise manner over a time duration of 400 ps in an NVT ensemble. Following

this step, each system was equilibrated for 4 ns at 300 K and 1 atm pressure in an

isothermal-isobaric (NPT) ensemble. The concentration of the peptides at the end of

the equilibration step was approximately 0.025 M. The equilibrated systems were then

subjected to a production run under NPT conditions, during which the coordinates were

recorded at a time interval of 4 ps. The equations of motion were solved at intervals of

2 fs using the leap-frog algorithm. Berendsen barostat [224] (coupling constant = 2 ps)

and Langevin thermostat [225] (collision frequency = 1 ps−1) were utilized to maintain

constant pressure and temperature throughout the NPT simulations. Covalent bonds
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involving hydrogen were restrained with the SHAKE algorithm [226]. Short-ranged non-

bonded interactions were computed within a cutoff distance of 10 Å. The particle mesh

Ewald (PME) [227] algorithm was used to calculate electrostatic contributions from both

long-range and short-range interactions. The short-range contributions were calculated

in the real space (cutoff = 10 Å) and the long-range contributions were calculated in the

Fourier space using Ewald summation with 1 Å grid spacing. Periodic boundary conditions

were imposed along the three coordinate axes. Each replicate of hll-4 was simulated for a

duration of 500 ns, whereas hll-8 replicates were simulated for 1 µs each. Long simulation

times were attained using the GPU implementation of the AMBER simulation code [228].

3.2.4 Analyses

3.2.4.1 Cluster structure analysis

Oligomers among peptides were identified based on a clustering algorithm that uses the

nearest-neighbour approach proposed by Stoddard [229]. In brief, a pair of peptides form

a cluster if the inter-atomic distance between any two atoms is less than 4 Å [207]. The

number of oligomers of each size was computed per MD frame. The changes in the

oligomeric state were determined from the time evolution of the largest cluster size. The

relative abundance of an oligomer, P (n), was obtained using the following:

P (n) =
⟨N(n, t)⟩∑
n

⟨N(n, t)⟩
× 100 (3.1)

where N(n, t) represents the number of oligomers of size n at time t. The angular brackets

⟨· · · ⟩ denote time averages.

3.2.4.2 Transition Path Theory

For TPT, Markov State Models (MSMs) were constructed based on the dispersion state

of the hLL-3717-29 peptides in solution. Dispersion states (S) were determined using the
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‘identical elements grouping’ method [212]. In brief, this method deduces all possible

combinations (M(n, r)) by which n identical polypeptide chains can be distributed into r

distinct oligomeric groups. Mathematically, M(n, r) is given as:

M(n, r) =
r∑
i

M(n− r, i) (3.2)

and obeys the following properties:

M(n, 1) = 1 (3.3)

M(n, n) = 1 (3.4)

M(n+ 1, n) = 1 (3.5)

Each MD frame was assigned to a particular state S according to the clustering algorithm

mentioned in Section 3.2.4.1. The time evolution of the systems, at an interval of 8 ps (lag

time), was monitored as stochastic jumps between the different states in S. Each transition

from state i to j (i, j ∈ S) was recorded in the form of a count matrix, C = (nij)i,j∈S,

where an entry nij quantifies the number of such transitions. This count matrix forms

the basis of the semi-empirical MSMs from which the pathways were extracted using

transition path theory outlined in Chapter 2.

3.2.4.3 Structural Features of the oligomers

The root-mean-square deviation in atomic coordinates (relative to the energy-minimized

structure) was measured considering only backbone atoms (C, Cα, N, O), as deviations in

these atoms reflect the most in the overall peptide structure. Global motions (translational

and rotational) were eliminated by the least-square fitting of the peptide structure to the

energy-minimized configuration. The mass-weighted variation in atomic positions was

calculated over the entire trajectory, considering frames at an interval of 40 ps. The rolling

averages of the RMSD values over 500 frames were plotted against time. The secondary

structure of the peptides was evaluated utilizing the DSSP algorithm implemented in the
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Figure 3.2: Schematic for π-stacking interactions among Phe rings.

CPPTRAJ [230] module of AMBER18. Salt-bridges of a system were identified between

the oxygen atoms of acidic residues (Asp) and the nitrogen atoms of basic residues (Arg

and Lys). A salt bridge was formed when the contact distance between these atoms was

less than 3.5 Å. Even though multiple contacts are possible between a pair of residues,

one was adequate for salt-bridge assignment.

3.2.4.4 Inter-residue interactions and energies

Inter-residue contact maps for each of the oligomeric states were computed next. A pair of

residues were considered in contact, provided the inter-atomic distances were less than 4 Å.

The contact information was stored in a matrix, where the rows and columns correspond

to the peptide residues. For every contact between the ith residue of one peptide with

the jth residue of another, the corresponding cell in the contact matrix was incremented

by one. The contact matrix was populated based on all the replicates of the systems.

The final matrix was normalized and depicted as a heat map using the Seaborn library of

Python. For Phe rings having center-of-mass (COM) distances within 6.5 Å three different

stacking interactions are possible based on their relative orientation: (1) 0-30◦/150-180◦

for parallel(Par) stacking, (2) 30-60◦/120-150◦ for herringbone (Herr) interactions and (3)

60-120◦ (Perp) for perpendicular stacking [231]. Figure 3.2 summarizes the geometric

definition of π-stacking interactions. The effect of mutations on the binding energy of the
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peptides was studied using the Alanine scanning technique implemented in the MMGBSA

method of AMBER18 [232, 233] The details of the MMGBSA method used in peptide

aggregation are given elsewhere [234].

3.3 Results and Discussion

3.3.1 hLL-3717-29 peptides show tendency to aggregate into oligomers

of various sizes

We captured snapshots of the systems at three different instances of the simulation: (1)

post-equilibration, (2) at an intermediate timescale, and (3) at the end of the production

run (Figure 3.3 and Figure 3.4). For both the systems, hLL-3717-29 shows tendency to

aggregate under the conditions we employed for our MD simulations. The final peptide

concentration in the systems (≈ 0.025 M) was 2.5 times higher than the experimental

concentration (0.010 M) at which the peptide was crystallized. Our rationale for taking

a higher concentration was to ensure that we work in the concentration range critical for

peptide aggregation. Also, it is often difficult to recreate in vitro concentrations for

peptide aggregation simulations due to the higher number of water molecules required,

which increases the computational cost [235]. Besides, the local concentration of the

peptides in vitro generally exceeds their physiological concentration in the event of an

aggregation [236].

In our discussions, we have preserved the actual residue numbers of the peptide in hLL-37,

i.e., the N-terminal starts at 17 and the C-terminal ends at 29. For ease of comprehension,

we categorized oligomers based on size into three groups (Figure 3.4): (1) lower order

oligomers, (2) intermediate oligomers, and (3) higher order oligomers. The snapshots

show aggregation among the peptides for the hll-4 and hll-8 systems. Post-equilibration,

we found that the peptides are mostly dispersed with rare occurrences of lower order

oligomers. The tendency to form lower order aggregates is higher in the case of hll-8

systems compared to hll-4. Even though we kept the concentration of the peptides similar
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Figure 3.3: Snapshots of the hll-4 systems taken at three different instances
of the simulations: at 0 ns (left), at 250 ns (middle) and at 500 ns (right). System
replicas are labelled as n. The peptides are coloured based on the oligomeric state they

belong to.

TH-3825_186122003



Chapter 3 39

for the systems, a higher aggregation tendency for hll-8 is explained by the increased

encounters among peptides due to the finite size of the simulation box [237]. Around

250 ns, most hll-4 replicas achieve the highest tetrameric state. Halfway through the

simulation (at 500 ns), we rarely detected the octameric state in hll-8; instead, we observed

an abundance of intermediate oligomeric forms.We suggest that lower-order oligomers are

easily formed, and higher-order oligomers are challenging to achieve at the intermediate

simulation timescales. The chances of achieving the largest aggregate size increase at

the end of the production run for hll-8. 4 out of the 6 hll-8 replicas aggregate to the

octameric state at the end of the 1 µs simulation. Only in rare cases do the systems

remain dispersed as intermediate oligomers on completion of the production run. For

hll-4 systems, the tetramers formed halfway into the simulations remain intact till the

end.

3.3.2 Formation of lower and intermediate oligomers kinetically

faster than higher order oligomers

The snapshots provide only static information about the systems at different instances of

the MD simulations. To study the kinetics of the aggregation process, we monitored the

time evolution of the largest cluster formed for hll-4 and hll-8 systems (Figure 3.5(a) and

(b)). We found that hll-4 systems attain the highest possible oligomer state faster than hll-

8. For hll-4 (Figure 3.5(a)), most replicates reached the tetrameric state within ≈125 ns of

MD simulation. In a few cases (Figure A.1, Appendix A), the systems oscillate between the

tetrameric form and lower oligomers during the initial duration of 125 ns. Once formed,

the tetrameric state remains preserved for the rest of the simulation. In rare cases, we

found transient breakdown of the tetramer into lower order oligomers which is quickly

recovered. For hll-8 (Figure 3.5 (b)), the kinetics of oligomerization is slower compared

to hll-4 as the overall oligomerization state increases progressively during the simulation.

In the 1 µs simulation timescale, we recorded an average oligomerization state of 7 in hll-

8 systems. On closer inspection (Figure A.2, Appendix A), we found occurrences of the

octameric form in few of the replicas. Instead, the system traverses between the numerous
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Figure 3.4: Snapshots of the hll-8 systems taken at three different instances
of the simulations: at 0 ns (left) at 500 ns (middle) and 1000 ns (right). System
replicas are labelled as n. The peptides are coloured based on the oligomeric state they
belong to. The panel below shows the classification of the oligomers based on size. We

maintain this classification for the rest of the chapter.
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Figure 3.5: Time evolution of the average cluster size for (a) hll-4 and (b) hll-8 systems.
Relative abundance of the oligomers for (c) hll-4 and (d) hll-8 systems. The population
and the cluster size is averaged over the n replicas of the two systems reported in this

Chapter. The population is expressed in percentage.

intermediate oligomeric states. The octameric state is achieved by means of encounters

between intermediate and lower order oligomers. Thus, octamers are formed relatively late

into the simulation and shows tendency to breakdown into smaller oligomers. For replicas

not reaching their highest oligomeric state, we require further simulation for the encounter

complex to stabilize. Overall, we predict that hLL-3717-29 peptides are stabilized in their

intermediate oligomeric states and gradually achieves higher oligomeric states when they

coalesce with some lower order oligomer.

Since numerous oligomeric states are visited during simulation, we next calculated their

probability of occurrence for hll-4 and hll-8 systems (Figure 3.5(c) and (d)). The relative

abundance of the oligomers was based on the data pooled over all the replicas of the

systems. For hll-4 (Figure 3.5(c)), we observe the highest abundance of tetramers com-

pared to the rest of the oligomeric states. Our observation mirrors our previous finding
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that hll-4 systems are stable as tetramers, formed during the early stages of the simula-

tion and preserved for the rest of the duration. For hll-8 (Figure 3.5(d)), the abundance

of intermediate oligomers becomes apparent, with a particularly low abundance for the

higher oligomeric states. We found that hll-8 systems are dispersed chiefly as interme-

diate or lower oligomeric states. For hll-8, trimers are the most abundant, followed by

the pentamers. Among the higher order oligomers, the octameric state is preferred to

the hexamers and the heptamers. We also detected a considerable amount of monomers

and dimers in hll-8 systems. Intermediate oligomeric states were previously detected in

engineered helical peptides aggregating into quasiregular α-helical fibrils [238]. Recent

nanopore and mass spectrometry experiments also support the preference of lower and in-

termediate oligomers over higher oligomers for two other hLL-37 fragments which explains

the slow kinetics of octamer formation in our case [239].

3.3.3 Association of an intermediate oligomer with a lower order

oligomer gives higher oligomers

Next, we explored pathways through which hLL-3717-29 monomers aggregate into higher

order oligomers using the concept of TPT. To this end, we constructed MSMs based on

the dispersion state (S) of the peptides in the systems. We used the ‘identical elements

grouping’ method to describe the dispersion states, which led to 5 and 22 states for the

hll-4 and hll-8 systems, respectively. For all future discussions, we have represented the

states as a collection of the different oligomers enclosed within square brackets. Thus,

[1,1,1,1] and [1,1,1,1,1,1,1,1] represent the completely dispersed states in hll-4 and hll-8,

respectively. Similarly, [4] and [8] represent the completely aggregated states of the two

systems. The rest of the states, for instance, state in hll-4 consists of a pair of dimers.

Similarly, state [2,3,3] is a collection of a dimer and a pair of trimers. Having defined

the different states S, we next recorded the frequency of transitions among them as a

transition matrix. The diagonal elements of this matrix signify self-transitions among

states that do not contribute to any aggregation process. The off-diagonal elements, nij,

represent the number of transitions from state i to j. The heat map representation of the
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Figure 3.6: Stationary state distribution (π) of the dispersion states (S) of (a) hll-4
and (b) hll-8 systems. The state labels denote the distribution of the different oligomeric

species in the systems.

transition matrices (Figure A.3 and Figure A.4 of Appendix A) reveals that the number

of forward transitions is approximately equal to the number of backward transitions for

any pair of states (i.e., nij ≈ nji). We attribute this ‘principle of detailed balance’ in

inter-state transitions to the reversibility in the aggregation process, typical of systems in

equilibrium. Note that we refrained from forcing reversibility in our systems and arrived

at it through multiple simulations of the same system. However, the principles of TPT
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apply to non-reversible systems as well. We next obtained the population of the states

Figure 3.7: Transition network depicting the pathways by which systems travel from
a dispersed state [1,1,2] (consisting of two monomers and a dimer) to a fully aggregated

state [4] in hll-4.

(Figure 3.6) in S based on Equation 2.20. For hll-4 and hll-8, the completely dispersed

state is almost absent. We also noticed a reduced abundance in states having higher

number of free monomers. Consequently, dispersion states bearing intermediate or higher

oligomeric forms become more probable which indicates a strong aggregation tendency

among hLL-3717-29 peptides. In hll-4, the tetrameric state is the most abundant, almost

12-fold higher than the next most prevalent state [1,3] (Figure 3.6(a)). We also observed a

small but finite probability of the hll-4 systems present as a pair of dimers [2,2]. For hll-8

(Figure 3.6(b)), state [3,5] is the most abundant, followed by the completely aggregated
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state [8]. Interestingly, we found that states in which oligomers comprise an odd number of

peptides are more probable than oligomers with an even number of peptides. In particular,

the absence of state [2,2,4], the reduced occurrence of state [4,4], and the abundance of

states [2,3,3], [1,7], and [3,5], suggest a preference for oligomers with an odd number

of peptide units. Such preference is not evident in the case of hll-4 systems where the

tetramers dominate over other oligomeric forms. However, there is an inherent tendency

of the peptides to shift to odd oligomeric species when more peptides become available.

To figure out the aggregation pathways, we defined the starting point (P) and the desti-

nation (Q) of the pathway based on the population of states (π). The abundance of the

fully aggregated states-[4] in hll-4 and [8] in hll-8- make them obvious for the choice of

Q. However, due to the low probability of occurrence of the completely dispersed states

([1,1,1,1] in hll-4 and [1,1,1,1,1,1,1,1] in hll-8), we chose an intermediate state as P for

the systems. Accordingly, we assigned state [1,1,2] in hll-4 and state [1,1,2,2,2] in hll-8

as starting points for pathway decomposition. In the case of hll-4, we obtained two path-

ways by which the systems travel from state [1,1,2] to state [4] (Figure 3.7). These two

pathways account for 95.3 % of the flux between [1,1,2] and [4]. The dominant pathway

having an occurrence probability of 70.1 % goes via the following route : [1,1,2] → [1,3]

→ [4]. The next probable pathway (25.2 %) for the transition goes through the sequence,

[1,1,2] → [2,2] → [4]. The mean free passage time for the system’s journey from states

[1,1,2] to [4] is around 2.1 ns. For hll-8 systems, numerous pathways for transition from

state [1,1,2,2,2] to state [8] were obtained (Figure 3.8). We represent only the top three

pathways that account for 58.3 % of the net flux current between the two states. The

dominant pathway, with an occurrence probability of 25.4 % goes through the following

route: [1,1,2,2,2] → [1,2,2,3] → [2,3,3] → [3,5] → [8]. A second, competing pathway having

an occurrence probability of 21.4 % follows the sequence of states : [1,1,2,2,2] → [1,1,2,4]

→ [1,3,4] → [1,7] → [8]. The third pathway, which contributes 11.6 % of all [1,1,2,2,2] →

[8] transitions, is given as:[1,1,2,2,2] → [1,2,2,3] → [1,3,4] → [3,5] → [8]. The system takes

a mean passage time of 5.8 ns to travel from states [1,1,2,2,2] to [8]. With an increasing

number of peptides in the systems, numerous dispersion states become available, and as a
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Figure 3.8: Transition network depicting the pathways by which systems travel from
a dispersed state [1,1,2,2,2] (consisting of two monomers and three dimers) to a fully

aggregated state [8] in hll-8.

result, multiple pathways become possible in hll-8 systems. Also, the individual contribu-

tion from the pathways is lower than hll-4 systems. For both hll-4 and hll-8, we found that

trimers are either involved directly or transform to an intermediate oligomer on the way

to the highest aggregation state. Our observation explains the abundance of the trimer
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and pentamers in the hll-8 systems which coalesce into the octameric state. Contrary

to the nucleation mechanisms observed in amyloid-β peptides, aggregation of hLL-3717-29

occurs through the union of intermediate and lower oligomers, resulting in densely packed

helical aggregates [240, 241]. Although similar in architecture and morphology, α and

β-amyloids differ significantly based on their aggregation behaviour.

3.3.3.1 Peptides retain their helical structure during aggregation

To test the structural integrity of the peptides during aggregation, we next measured

the atomic deviations as a function of time (Figure A.5 and Figure A.6, Appendix A).

Any significant structural changes in the peptide would reflect in the root mean square

deviation (RMSD) of the backbone atoms. For hll-4 systems, the average RMSD value

ranges between 0.7-2.5 Å. For hll-8, the average RMSD varies between 0.7-2.8 Å. In

rare cases, we observe deviation in the peptide structure exceeding 3 Å. Overall, the

average RMSD data indicates that the peptide structure is stable during aggregation.

However, fluctuation in the RMSD data over time suggests minor deviations from the

native structure.

To find out the cause of this structural behaviour, we monitored the secondary structure

of the peptides with time. The secondary structure of these peptides, which is exclu-

sively α-helical, drives the aggregation process and the membranolytic property of these

antimicrobial peptides [160, 205, 238]. The time evolution of the secondary structure of

the peptides is plotted in Figure A.7 and Figure A.8 (Appendix A). We found that each

hLL-3717-29 unit possesses a highly preserved core (comprising residues 19 to 28 with he-

lical tendencies close to 1.0) and a disordered N- and C-terminal. For both hll-4 and hll-8

systems, we found that the individual α-helices are preserved. However, we see occasional

appearances of turn and 3-10 helix in a few of the peptides (Figure A.9 and Figure A.10,

Appendix A). This explains the fluctuations in the RMSD values of the peptides, as dis-

cussed in the previous section. The region in red represents the termini, i.e., ACE and

NME caps, that do not participate in any secondary structure formation. Overall, the
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α-helix character predominates over the other secondary structures combined. All ex-

cept one peptide, show more than 80 % α-helix content. The helical nature of hLL-3717-29

agrees with the NMR solution structure of the peptide [147]. We also observed a tendency

of the peptides to form turns via 3-10 helices.

Next, we investigated how hLL-3717-29 peptide retains its structure during aggregation.

A network of intramolecular salt-bridges could explain the structural stability of the full-

length ll-37 and the active core hLL-37(17-29) peptide [199, 200]. Therefore, we calculated

salt bridges among the charged residues of the peptide. The primary residues involved

in salt bridges were D26 and R23/29. The other charged residue, namely Lys25, was

responsible for inter-molecular salt-bridges during peptide self-assembly. We found that

the dominant intramolecular salt-bridging pair are the residues Asp26-Arg29 (55.55 %)

followed by Asp26-Arg23 (45.45 %), with Asp26-Lys25 (1.00 %) contributing the least.

Thus, in addition to intramolecular hydrogen bonds, intramolecular salt bridges further

strengthen the peptide structure, which explains the alpha-helical nature being conserved

during aggregation.

3.3.4 Hydrophobic interactions dictate aggregation in hLL-3717-29

Next, we identified residues that interact during the formation of oligomers. For this

purpose, we calculated the inter-residue contact probability based on the distance cutoff

we adopted for identifying clusters, i.e., we consider two residues to be in contact when the

distance between any two constituent atoms is less than 4 Å. Since intermediate oligomers,

namely dimers, trimers, and tetramers constitute the building blocks for higher order

oligomers, we built separate contact maps for each to study the changes in inter-residue

interactions with oligomer size. Irrespective of oligomer size, we observed strong contact

probability among the I24 residues of the peptide chains (Figure 3.9). This particular

residue also interacts to a lower extent with other hydrophobic residues, namely, I20 and

F27. I20 is another residue that forms hydrophobic contact with L28 and F27. We also

found a strong tendency of F27 to interact with each other and, to a lower extent, with

F17. Together, I24, I20, F27, and L28 account for the critical interactions among peptides
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present in an oligomer. Except for R23, the charged or polar residues, particularly K18,

R19, Q22, K25, D26, and R29 fail to interact with other residues. From the electrostatic

potential maps in Figure 3.9(b) and (c), we find that the charged residues reside on

the oligomer surface. The build-up of charge density (especially positive charge density

from Lys and Arg residues) thus facilitate oligomer interaction with the neighbouring

solvent molecules and ions. The core of the oligomers, on the contrary, is composed of

hydrophobic residues, mainly Ile and Phe (Figure 3.9(c) and (d)). Thus, hydrophobic

contacts dominate the oligomer formation in hLL-3717-29 fragments. Such interactions

arise from the peptide structure where hydrophobic residues constitute one face of the

helix, and inter-peptide contacts are created from this hydrophobic face predominantly.

We investigated the role of π-stacking interactions among the Phe residues at 17 and 27.

The contact maps showed a strong interaction between two F27 residues and a weaker

interaction with F17. We thus focused on the pairs F27-F27 and F27 -F17, for our

calculations. We created 2d-density plots (Figure A.11, Appendix A) for the distance and

angle between two Phe rings- the distances are measured from the COM of the rings and

the dot product of the vector normal gives the orientation between them. Rare instances

of parallel π-stacking occur for the dimer (F27-F27 having 18 % probability) and the

trimer (F27-F17 with 27 % probability). The Phe rings, instead, prefer the Herr or Perp

conformation. The Herr conformation involves weak interaction among the Phe rings,

whereas the Perp conformation fail to contribute to stacking. Interestingly, the Perp

conformation is dominant in tetramers. This might account for the higher abundance of

dimers and trimers in the systems where stacking interactions provide additional stability

but are almost absent in the case of tetramers. Though F27-F17 is predominantly Perp

in the case of dimers, F27-F27 is favourably present in Par or Herr conformation. On

the contrary, F27-F27 is predominantly Perp in trimers but compensated by the F27-F17

present in either Par or Herr conformation. The peptides attach via I24 residues and form

secondary π-stacking interactions among the F27 rings at the C-terminal. As a result,

there is structural ordering among the peptides in the oligomers, but we failed to observe

the cross-α architecture as seen in the X-ray crystal structure of Engelberg et al [205].
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Figure 3.9: (a) Residue-residue contact probability for dimers, trimers and tetramers.
Electrostatic potential (EP) maps depiciting the surface charge distribution in (b)
tetramers and (c) octamers. Ile and Phe residues constituting the core of the (d)
tetramers and (e) octamers illustrate the role of hydrophobic interactions in oligomer

formation.

Next, we quantified the free energy contribution of each residue to the aggregation pro-

cess. For this purpose, we mutated each residue to Ala and then measured the effect of

this mutation on the binding free energy. The difference in Gibbs binding free energy

of the wildtype with respect to the mutant, ∆(∆G), is depicted in Figure 3.10. Based
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on our definition, ∆(∆G) can be positive, negative or 0. A negative value of ∆(∆G)

signifies that peptide binding is more favourable in the wildtype compared to the mutant.

Similarly, a positive value of ∆(∆G) is an evidence of the mutant interacting favourably

compared to the wildtype. We observed the lowest ∆(∆G) for the I24A mutant, which

indicates that mutation of I24 to Ala reduces the binding affinity and thus I24 is crucial

for peptide aggregation. Our finding conforms with the strong Ile24-Ile24 contacts we

observed previously in the contact maps. F27A is another mutant that shows an increase

in binding free energy on mutation but the value is approximately half of the I24A mu-

tant. The I20A and the F17A mutants are other notable residues that alter the binding

propensity significantly. Mutation of the positively charged Lys and Arg residues at 18,

19, 25, and 29 to Ala, on the contrary, favours the binding among peptides. Similar to

our findings, Engelberg et al.[205] reported that mutation of certain hLL-3717-29 residues,

particularly I24, decrease its antimicrobial property (due to increased minimum inhibitory

concentration). Combining experimental and theoretical evidence, we may suggest that

the antimicrobial property of this peptide is linked to its aggregation tendency.

Figure 3.10: Change in binding free energy of the wildtype hLL-3717-29 peptide with
respect to the alanine mutants. ∆(∆ G) is mathematically expressed as: ∆(∆ G) =
∆ GWT − ∆ Gmutant. A negative value of ∆(∆G) signifies that peptide binding is
more favourable in the wildtype compared to the mutant. Similarly, a positive value of
∆(∆G) is an evidence of the mutant interacting favourably compared to the wildtype.
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3.4 Conclusions

The active core of the human LL-37 peptide (comprising residues 17 to 29) possesses an-

tibacterial and anticancer properties and tends to aggregate into cross-α amyloid fibrils.

Here, we studied the aggregation mechanism in hLL-3717-29 based on atomistic molecular

dynamics (MD) simulations. Since peptide aggregation is a stochastic process, we pre-

pared multiple configurations of the systems consisting of 4 or 8 hLL-3717-29 units. We

subjected these systems to an extended production run under isothermal-isobaric condi-

tions (P = 1 atm, T = 300 K). From the simulation data, we identified oligomers among

peptides based on a distance cutoff and studied their time evolution and relative abun-

dance to capture the dynamics of the aggregation process. Next, we constructed Markov

State Models (MSMs), where states were defined based on the distribution of the different

oligomers in the systems. With such semi-empirical MSMs as the foundation, we obtained

the aggregation pathways using the transition path theory (TPT) framework. To the best

of our knowledge, this Chapter provides the first mechanistic insight into the aggregation

pathways of these peptides. Since the helical structure is crucial for the aggregation and

membrane permeability of these peptides, we checked their structural integrity during

aggregation. Next, we identified residues that participated in aggregation and studied the

nature of the interactions among them. We also quantified the binding energy changes

in these peptides based on alanine scanning studies. Snapshots of the systems taken at

different simulation times show evidence of aggregation among the peptides. The peptides

transition from an initially dispersed state to an aggregated state with variable tenden-

cies. For systems consisting of 4 peptides (hll-4), the tetramer state is achieved early in

the trajectory and remains stable during production. The octamer state in systems with

8 peptides (hll-8) is unstable and formed late into the trajectory. hll-8 systems prefer to

exist in lower (trimer) or intermediate (pentamer) oligomeric forms. Rare occurrences of

the octamers result from transitions of the hll-8 systems from an intermediate oligomeric

state. We defined aggregation pathways between a dispersed state and a completely ag-

gregated state. For both hll-4 and hll-8, we found that trimers are either involved directly

or convert to an intermediate oligomer before transitioning to a higher-order oligomer.
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The increased population of the states consisting of trimers further indicates their role

in aggregation. For hll-4, two significant pathways explain the formation of tetramers

from peptide monomers. For hll-8, numerous dispersion states are available, due to which

multiple pathways are possible. The mean free passage time required to attain the final

aggregated state of the system is higher in hll-8. Aggregation to a larger oligomer pro-

ceeds via the association of two small oligomers, notably different from the nucleation

mechanisms in β-amyloid peptides. Here, we mention that pathways predicted from a

semi-empirical definition of the dispersion states provide qualitative ideas about the ag-

gregation process. MSMs built on detailed intermolecular features are required to predict

the actual kinetics of the transitions. Except for transient fluctuations, the peptides re-

tain their helical structure during aggregation. Structural deviations arise due to the

conversion of the helix into 3-10 helix and turn elements. The exceptional stability of the

peptides is explained by intramolecular salt bridges, particularly between the Arg residues

at positions 23 and 29, with the Asp residue at 26. Hydrophobic interactions guide the

aggregation process in hLL-3717-29 peptides, with the Ile residues at 20 and 24 and the

Phe residues at 17 and 27 playing a vital role. We found π-stacking interactions among

the Phe residues in dimers and trimers. The peptides thus attach via the I24 residues,

with additional π-stacking among the Phe residues which results in structural ordering

between them. Alanine scanning studies reveal that mutation of the I24 residue decreases

the binding energy of the peptides more than the Phe residues. Our observation agrees

with the increased minimum inhibitory concentration (MIC) values of I24 mutants as seen

experimentally. We thus propose that the aggregation among these peptides is crucial for

their antimicrobial property.

To summarize, the key findings of this study include (1) Significant aggregation tendency

among the hLL-3717-29 peptides, (2) Ease of formation of lower or intermediate oligomers

over higher order aggregates, (3) Association of small oligomers, particularly trimers,

result in higher order aggregates (4) α-helical structure of the peptides is retained during

aggregation with minor fluctuations, and (5) I24 is vital for the aggregation of these

peptides.
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Chapter 4

Markov State Models Reveal

Relaxation Pathways Leading to

Cross α-Amyloid Architecture in

hLL-3717-29 Aggregates
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Overview

Self-assembly among peptides is ubiquitous and gives rise to supramolecular structures

with diverse functionalities. One such example is the antimicrobial peptide hLL-3717-29,

which self-assembles into fibrillar structures characterized by a signature cross-α amyloid

architecture. In our previous Chapter, we elucidated the mechanism by which dispersed

peptides self-assemble into oligomers of various shapes and sizes. These studies provided

insight into the pathways operating during the early stages of self-assembly. However, the

relaxation processes that transform these disordered encounter complexes into a perfectly

ordered arrangement remain poorly understood. In this Chapter, we constructed compre-

hensive Markov state models (MSMs) incorporating detailed molecular descriptors that

capture these relaxation processes, even at timescales rarely achieved by conventional sim-

ulations. To this end, we performed µs-long simulations of both the tetrameric hLL-3717-29

and the metastable trimeric state, which acts as a reactive intermediate during tetramer

formation. Our models effectively cluster the conformations into metastable states be-

tween which these encounter complexes oscillate before transitioning to the next higher

oligomeric form. Notably, the MSM for the tetramer reveals a highly populated metastable

state that reproduces the cross-α amyloid architecture with near-crystallographic preci-

sion. This relaxation process is guided by the formation of a hydrophobic core that

maximizes protein–protein interactions while keeping hydrophilic residues exposed to sol-

vent. In addition, this study provides the first detailed characterization of the reactive

trimer intermediate, a species that is difficult to probe experimentally. We also present

the first kinetic evidence of self-healing in the hLL-3717-29 tetramer, a mechanism that

maintains the integrity of its hydrophobic core. Finally, the formation of well-ordered

intermediates exposes specific residue patterns on the surface, which may be exploited as

epitopes for immunomodulatory functions.
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4.1 Introduction

Self-assembly is a natural phenomenon where disordered macromolecules organize into

ordered structures, driven primarily by non-covalent interactions [242]. The reversibility

of these interactions (hydrogen bonds, π − π, hydrophobic, electrostatic) imparts ex-

ceptional dynamism to the structures, enabling them to adapt and respond to external

stimuli [243, 244]. This principle has been exploited in the field of nanotechnology and

material science [245–249] to engineer self-healing materials [250–252], energy storage de-

vices [253, 254], organic electronic devices [255], etc. However, nature remains the ultimate

architect - employing self-assembly to materialize complex systems from simple compo-

nents, surpassing the most sophisticated artificial materials in functionality [245, 248].

From muscle fibres and connective tissues to viral capsids, bacterial flagella, and the very

structure of the ribonucleic acids [256], self-assembly is ubiquitous across all scales of

biological organization.

Among these natural systems, proteins and peptides constitute a versatile class of macro-

molecules capable of self-assembling into nanostructures with remarkable biocompatibility

and bioactivity [257, 258]. The self-assembly is guided by intrinsic [259–262] (sequence and

nature of the amino acids) and extrinsic factors (temperature [263, 264], solvent [265–268],

pH [269–272]), offering tunable control over their properties. Such self-assembled systems

have been successfully fabricated into supercapacitors [273–276], biosensors [277–280],

drug-delivery agents [281–283], etc. Moreover, these protein-based assemblies show signif-

icant promise in cancer treatment [284–289], immune regulation [290], and the synthesis

of antimicrobial materials [291–295]. Of particular interest is the broad-spectrum antimi-

crobial activity of certain peptide assemblies, which can be leveraged to fight multidrug-

resistant pathogens [296–299]. These materials are typically synthesized using antimicro-

bial peptides (AMPs) as the building blocks, which are innate components of the immune

system and provide the first layer of resistance to pathogens [300, 301]. They destabilize

the pathogenic membrane and can bypass resistance pathways commonly encountered in

commercial antibiotics [302–305]. Additionally, these biomaterials are selective in their
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action, can withstand proteolytic degradation, and often promote drug release over long

durations [306–308].

An unique example of self-assembly is demonstrated by the hLL-3717-29 peptide - an

antimicrobial fragment cleaved from the full-length LL-37 by bacterial proteases [309].

The resulting supramolecular structure features a 3-dimensional repetition of the hLL-

3717-29 tetramer, stabilized by electrostatic and π − π interactions [310]. Each tetramer

Figure 4.1: Structural features of the hLL-3717-29 tetramers: The peptides form
a 4-helix bundle (4HB) with a cross-α amyloid architecture. This specific arrangement
of peptides can be described using the polar (P1) and nematic order parameters. The
tetramer possesses a buried hydrophobic core with hydrophilic residues exposed, as
characterized by their solvent-accessible surface areas (SASA). The tetramers arise from
initially dispersed peptides through two main pathways (see Chapter 3), involving either

a dimer (25.2 %) or a trimer (70.1 %) intermediate.

is a 4-helix bundle (4HB), consisting of two dimers arranged in stacked layers, in which

dimers in one layer criss-cross those in the adjacent layer giving rise to a signature cross-

α amyloid architecture (Figure 4.1). Within a single layer, the helices are anti-parallel,

while those in adjacent layers adopt a ‘V’-shaped angular (76◦ or 104◦) orientation. The

overall structure resembles a flattened rhombohedron, defined by two identical top and

bottom faces and four uniform edges. The internal ordering among the peptides can be
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described in terms of the polar (P1) and nematic (P2) order parameters (See Section 4.2

for details) [311, 312]. P1 measures the unidirectionality in peptide alignment, while P2

measures their orientation relative to the director vector (d), which lies along the long-axis

(≈ 25 Å) of the tetramer. Although, the tetramer lacks unidirectionality in the peptide

orientations (P1=0), the helices are consistently oriented at an angle with respect to d

(P2=0.5). Within a given layer, the antiparallel dimers lack polarity (P1=0) but show

strong alignment along dintra (P2=1). In contrast, dimers in adjacent layers are highly

unidirectional (P1=0.8) but maintain an angular orientation relative to dinter (P2=0.5).

The first known instance of such cross-α arrangement was identified in the PSMα3 peptide

secreted by Staphylococcus aureus that was linked to its cytotoxic nature [160, 161].The

cross-α motif shares morphological and tinctorial similarities with β-amyloids, yet notably

lacks their neurodegenerative effects. In addition, hLL-3717-29 also exhibits anticancer

properties that elicit further research into its self-assembly behavior [309].

Molecular dynamics simulations provide insights into the self-assembly process that are

difficult to achieve through experimental techniques. In our previous Chapter, we exam-

ined how initially dispersed hLL-3717-29 peptides aggregate into a tetramer using semi-

empirical Markov models and transition path theory [146]. We identified two aggregation

pathways (Figure 4.1), in which a trimer intermediate is more probable (70.1 %) than a

dimer pair (25.2 %). Aggregation was driven by interactions among hydrophobic residues

on one face of the helix, particularly Ile24, which form a hydrophobic core. However, this

semi-empirical approach could not resolve the internal arrangement of peptides during ag-

gregation. These simulations captured the formation of encounter complexes but did not

provide insight into the relaxation processes that transform these disordered complexes

into ordered structures. One way to overcome this limitation is to construct Markov

state models (MSMs) using molecular features in a high-dimensional space that can ex-

plore such relaxation pathways. Indeed, MSMs have been successfully applied to study

self-assembly in lipids and β-amyloids [207, 313, 314].

In this chapter, we investigate how disordered encounter complexes relax into ordered

structures with a cross-α amyloid architecture. We also examine the structural relax-

ations within the trimer, which is the major on-pathway intermediate to the tetramer.
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To this end, we performed classical molecular dynamics simulations of hLL-3717-29 pep-

tides starting from a completely dispersed state. Unlike Chapter 1, here the encounter

complexes were allowed to equilibrate on the microsecond timescale to capture the vari-

ous relaxation pathways. From the MD data, we constructed Markov state models that

group aggregates based on distances between hydrophobic residues of the peptide chains.

We then applied transition path theory to identify transition pathways between these

metastable states. To the best of our knowledge, this study provides the first evidence of

such relaxation processes in hLL-3717-29 aggregates, ultimately leading to a 4-helix bundle

with the characteristic cross-α amyloid architecture.

We have organized the rest of Chapter 5 into the following sections: In Section 4.2,

we briefly recapitulate the simulation protocols from our previous Chapter and outline

the step-by-step construction of the Markov state models. In Section 4.3, we explore

the relaxation pathways of the hLL-3717-29 trimers and tetramers from their encounter

complexes. In particular, we examine the structural features of the metastable states for

each oligomeric form, reveal the kinetic aspects of their interconversions, and propose

a comprehensive model for the self-assembly process that transforms initially disordered

peptides into a cross-α amyloid architecture. In Section 4.4, we summarize the findings

of our study.

4.2 Methods

4.2.1 MD simulation protocol

The MD simulations were performed using the AMBER20 software suite [315]. Two

independent systems were prepared, consisting of three and four units of the hLL-3717-29

peptide. The detailed simulation protocol is described in Chapter 3. Briefly, the capped

peptides were randomly placed in a cubic simulation box and solvated with explicit water.

The peptides and water molecules were modeled using the AMBERff14SB and TIP3P force

fields, respectively [219, 220]. The systems were neutralized with Cl- ions to balance the
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positive charges of the peptides, and additional Na+ and Cl- ions were added to achieve

a physiological ionic strength of 0.15 mM. The systems were energy-minimized to remove

steric clashes introduced during packing, followed by a short heating phase to 300 K in

the NVT ensemble (1.25 ns) and equilibration under NPT conditions (4 ns).

After equilibration, production simulations were performed in the NPT ensemble on the

microsecond timescale. For the tetramer, five independent simulations of 10 µs each were

carried out, with coordinates saved at 100 ps intervals. Similarly, for the trimer, four

independent 10 µs simulations were conducted, starting from different initial coordinates

and velocities. Temperature and pressure were controlled using the Langevin thermostat

and the Berendsen barostat [224, 225]. Short-range non-bonded interactions (van der

Waals and electrostatic) were calculated in real space with a 10 Å cutoff, while long-range

electrostatics were computed in Fourier space using the particle-mesh Ewald method with

a grid spacing of 1 Å[227]. Covalent bonds involving hydrogen atoms were constrained

using the SHAKE algorithm to remove high-frequency motions[226]. The equations of

motion were integrated with a modified leapfrog integrator using a 2 fs timestep [151].

Microsecond-long trajectories were generated with the GPU-accelerated version of AM-

BER20 [228], with coordinates saved every 100 ps for subsequent analyses. Periodic

boundary conditions were applied to eliminate finite-size and surface effects [150].

4.2.2 Markov State Modelling

The detailed theory of Markov state modeling (MSM) is described in Chapter 2. The

MSM workflow was implemented using the PyEMMA library in Python [316, 317]. To con-

struct the feature space for the self-assembly, inter-residue distances between hydrophobic

residues were selected. Since the peptides are indistinguishable, distances were evalu-

ated by accounting for permutation symmetry using the TICAgg approach proposed by

Sengupta et al. [318]. The resulting high-dimensional TICA space was projected onto

a 10-dimensional subspace using time-lagged independent component analysis (TICA),

which preserves the slowest dynamical processes [153, 154]. Conformations in this TICA

subspace were clustered using the k-means algorithm into ‘n’ cluster centers [319]. Each
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MD frame was then assigned to the nearest cluster center, thereby discretizing the tra-

jectory into transitions between these microstates. These transitions were recorded in

an n × n transition matrix, where the (i, j)th element denotes the frequency of transi-

tions from state i to j. The transition matrix was computed at various lag times (τ)

to estimate the implied timescales (ITs) of the slowest processes [320]. The final lag

time was chosen at the point where the ITs plateaued, ensuring Markovian behavior.

Based on this lag time, the final MSM was constructed using the maximum-likelihood

estimator [319]. The 400-microstate MSM was further coarse-grained into macrostates

(metastable states) using the fuzzy PCCA++ algorithm [321, 322]. Prior to deciding the

number of macrostates, spectral analysis of the ITs was performed; a separation factor of

1.5 or higher between consecutive ITs was used to determine the number of macrostates,

following previous studies [207]. The Markovian nature of the coarse-grained MSM was

verified using the Chapman–Kolmogorov test [323]. After defining the macrostates, the

interconversion kinetics were analyzed using transition path theory (TPT), as discussed

in detail in Chapter 2. Briefly, TPT requires identifying a source and a sink state, with

all other macrostates treated as intermediates. Each macrostate is assigned forward and

backward committors, which quantify the probability of reaching the source or sink first.

These macrostates are connected by edges that measure the transition flux between them.

The main pathways and their contributions were extracted from these fluxes using an it-

erative combination of depth-first search and binary search algorithms. Based on visual

inspection, the most disordered and most ordered macrostates were chosen as the source

and sink, respectively.

4.2.3 Analyses

The key interactions within the metastable states were deduced using contact maps, which

quantify the probability of interaction between residue pairs (Chapter 3). The secondary

structure of the peptides was evaluated using the DSSP algorithm [324]. Non-bonded

interaction energies (electrostatic and van der Waals) were computed using the NAMD

Energy Plugin (Version 1.4) in VMD[325]. Hydrophobic contacts between residues were
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identified based on a distance cutoff of 4 Å between any two atoms. The compactness

of each oligomer was quantified based on its inertia tensor I calculated relative to the

center-of-mass (COM) as:

I =


Ixx Ixy Ixz

Iyx Iyy Iyz

Izx Izy Izz

 (4.1)

where Ixy = Iyx, and similarly for the other off-diagonal terms, since I is symmetric. The

three eigenvalues of the tensor (λ1, λ2, λ3), corresponding to the moments of inertia along

the principal axes (x, y, z), were ranked in ascending order (λmin ≤ λmid ≤ λmax). The

compactness was defined as the ratio of the smallest to the largest moment of inertia,

scaled by a factor of 10, and rounded to the nearest integer as [207]:

Compactness = round

(
10 × λmin

λmax

)
(4.2)

A compactness value of 1 corresponds to a linear, rod-like aggregate, whereas a value of 10

represents a perfect sphere. The polar and nematic order parameter (P1 and P2), which

measures anisotropy in liquid crystals, was used to quantify structural alignment among

the peptides in the oligomers [311, 312]. P1 is evaluated according to:

P1 =
1

N

N∑
i=1

ẑi · d̂ (4.3)

and P2 is evaluated as:

P2 =
1

2N

N∑
i=1

[
3(ẑi · d̂)2 − 1

]
(4.4)

where N quanitifies the number of peptides, ẑi is the unit vector connecting the Cα atoms

of the N and C-termini, and d̂ represents the largest eigenvector of the ordering martix,

Q, expressed as:

Q =
1

2N

N∑
i=1

[
3z

(a)
i z

(b)
i − δab

]
(4.5)

where zki is the k-th component of zi an d δab is the kronecker delta (δab=1 for a = b;

0, otherwise). P1 and P2 were evaluated using in-house Python scripts. The solvent
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accessible surface area of the different metastable states and the residues were calculated

using the Shrake-Rupley algorithm implemented in VMD [326].

4.3 Results and discussion

4.3.1 Structural relaxations in the tetramer

4.3.1.1 hLL-3717-29 tetramer samples 6 metastable states

We chose intermolecular Cα distances between hydrophobic residues (F17, I20, V21, I24,

F27, L28) to construct the feature space for tetramer self-assembly. The feature vectors

in this 216-dimensional space (R216) were projected onto a 10-dimensional subspace (R10)

using time-lagged independent component analysis (TICA) [153, 154], which reduces di-

mensionality while retaining the kinetically slow motions in the system (Figure B.1a,

b, Appendix B). We then applied the k-means algorithm to cluster conformers in the

Table 4.1: Population, free energy, helical content and the non-covalent interaction
energies (electrostatic and van der Waals) of the 6 metastable states

State Abundance Free Energy Helical Electrostatic van der Waals
(kcal/mol) propensity (%) (kcal/mol) (kcal/mol)

Q0 0.31 3.23 74 -36.43 -97.14
Q1 1.24 2.40 79 -59.05 -108.68
Q2 7.07 1.36 75 23.14 -99.79
Q3 12.52 1.02 75 -7.54 -101.01
Q4 9.56 1.18 78 -69.04 -105.56
Q5 69.30 0.00 80 -98.71 -116.01

TICA subspace into 400 cluster centers, or microstates. The transitions between these

microstates were recorded in a 400×400 transition matrix at different lag times to analyze

how the implied timescales (ITs) vary with this parameter. The ITs become invariant

beyond 10 ns, which serves as the lag time for the final MSM (Figure B.1c, Appendix B).

Next, we performed spectral analysis to identify 6 metastable states, based on the relative

separation of timescales (Figure B.1d, Appendix B). The validity of this 6-state MSM was
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verified using the Chapman-Kolmogorov test, which showed good convergence between

estimated and predicted values (Figure B.2, Appendix B). The 6 metastable states were

grouped from the 400 micrstates using the fuzzy PCCA++ method. Finally, the tran-

sition kinetics between these states were computed within the framework of transition

path theory. Table 4.1 summarizes the population of each state (Q0-Q5) along with the

associated Gibbs free energy. State Q0 is the least populated, whereas Q5 has the highest

population among all the states.

Figure 4.2 (top panel) shows snapshots of the six metastable states, while the transition

network below illustrates the rate constants for interstate conversions. Three major path-

ways, accounting for 96 % of the net flux, drive the transformation of the system from the

disordered state Q0 to the ordered state Q5. The key intermediates in this process are

Q3 and Q4. In pathway-1, both intermediates are involved, whereas in pathways-2 and -3,

only one of them participates. State Q1 does not contribute to any of the pathways and

remains disconnected from the transition network, representing a detour state.

4.3.1.2 Structural features of the metastable states

We explored the changes in the peptide secondary structure during relaxation. Based on

Table 4.1, the least populated Q0 is the least structured, whereas the highly populated

Q5 has a very high helical content. All the other states feature between these two ex-

tremes, with Q1 and Q4 showing higher helical content than the rest (Q2 and Q3). Thus,

structural reorganization among the peptides inevitably gets coupled with the changes in

the peptide structure itself. The structural plasticity in peptides during self-assembly was

also reported for the Aβ16−22 peptides [206].

The internal reordering among the peptides during tetramer relaxation can be captured

using the polar and nematic order parameters. Figure 4.3a represents the distribution of

these parameters for structures sampled in each metastable state. We recall that a per-

fect cross-α amyloid architecture has a polar order parameter of 0.0 and a nematic order

parameter of 0.5. The most abundant state, Q5, displays sharp distributions centered

around these values, along with exceptionally high α-helical content, which suggests that
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Figure 4.2: Macrostates of the hLL-3717-29 tetramer and their interconver-
sion kinetics: Six-state MSM with representative structures obtained from 50µs of
simulation of the hLL-3717-29 tetramer. For each metastable state, both top and side
views are shown, overlaid with 10 similar structures from the same state. The transi-
tion network illustrates the kinetics of interconversion between these states. The major

pathways leading from state Q0 to Q5 are shown below.
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Figure 4.3: Structural features of the 6 metastable states: Distributions of
(a) polar order (P1) and nematic order (P2), (b) compactness, and (c) the number of
hydrophobic contacts for each metastable state. Each distribution is calculated from

250 randomly selected structures within the corresponding metastable state.

this state is closest to the crystallographic symmetry. In contrast, the other states exhibit

a broader distribution in P1 and P2, consistent with amorphous aggregates lacking any

particular geometry. For instance, states Q2 and Q3 sample a wide range of values and

represent the most disordered tetrameric states. In Q0, the aggregates shift toward higher

P1 and lower P2 values, indicating that the peptides are somewhat aligned but random

with respect to the director vector d. State Q4 also exhibits some unidirectionality among

the peptides, but P1 distribution is bimodal here, with a significant contribution from the

cross-α arrangement. Similarly, for Q1, the conformers slightly prefer the cross-α arrange-

ment, but are often mixed with disordered structures that sample higher P1 and lower P2

values. If we consider the shape of the aggregates (Figure 4.3b), the distinction between

the states becomes less apparent. Nearly all states feature spherical aggregates, with an

average compactness of 7. For the highly ordered Q5, the distribution is predominantly

centered around this value, with an adjacent peak around 8. For the rest of the states

(Q0 to Q4), we found finite occurrences of somewhat linear aggregates with a compactness
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value around 6.

4.3.1.3 Key interactions in the six metastable states

Figure 4.4: Key interactions in the 6 metastable states: Inter-peptide contact
maps generated from 250 conformers randomly selected from each of the six metastable

states. The color bar indicates the interaction probability (fo).

The contact maps in Figure 4.4 illustrate the key interactions in the six metastable states,

accompanied by a color bar that quantifies the interaction probability (fo). Only the most

probable contacts (fo ≥ 0.3) are shown for comparison. The strongest interactions occur

between the I24 residues at the peptide center, consistent with our previous studies [146].

Notably, the strength of this interaction increases progressively from Q3 to Q5. In some

states-particularly Q0, Q2, and Q3–the peptide interactions are weakened, hinting at

loosely packed aggregates. The top-left corner of the contact maps corresponds to inter-

actions among the N-termini of the peptides. Weak N-terminal interactions are present in

only about 33 % of the metastable states. The hydrophobic residues at this end (F17, I20,

and V21) interact moderately in state Q5, but these interactions weaken further in Q1.
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In contrast, interactions involving the C-terminal hydrophobic residues (F27 and L28) are

more prevalent. Besides interacting among themselves, these residues also form contacts

with the peptide center and, to a lesser extent, with the N-terminal. For example, L28

interacts strongly with the central residues in Q1, Q4, and Q5, whereas F27 forms slightly

weaker contacts. At the N-terminal, L28 and F27 primarily interact with I20 and V21,

but these contacts are less frequent. Across all the states, the charged residues rarely

participate due to electrostatic repulsions or polar-apolar mismatch. The contact maps

thus uncover two types of interactions: (i) specific interactions that are found consis-

tently across the states (>50%), and (ii) non-specific interactions that occur transiently.

An interplay between specific and non-specific contacts allows dynamic motions during

relaxation while maintaining the overall stability of the tetramer.

The underlying reason for structural relaxations is molecular interactions, especially non-

bonding interactions, that can be decomposed further into electrostatic and van der Waals

components (Table 4.1). In all the metastable states, the average van der Waals energy is

more negative than the electrostatic energy, which suggests that hydrophobic interactions

primarily govern the internal reorganization among the peptides. Both components are

most favorable (i.e., lowest) in Q5, which drives the equilibrium population towards this

state. In contrast, the non-bonded energy is higher (less negative) in Q2 and Q3, due to an

unfavorable electrostatic component, which is either positive (Q2) or less negative (Q3).

From Q3 to Q5, the electrostatic and van der Waals components become increasingly

negative, reflecting a gain in stability as the tetramers convert from one state to another.

Changes in the van der Waals component should be reflected in the total number of inter-

peptide hydrophobic contacts. Indeed, in Q5, the peptides possess the highest number

of hydrophobic contacts (≈ 30) among all the states (Figure 4.3c). In the disordered

state Q0, the distribution is skewed towards lower values, accounting for its minimal van

der Waals stabilization. In states Q2 and Q3, a long tail in the distribution indicates

more number of hydrophobic contacts, leading to improved van der Waals interactions in

comparison to Q0. The distribution in states Q1 and Q4 is skewed toward higher values,

which explains their greater stability than Q0, Q2, and Q3.
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4.3.1.4 Interplay Between Hydrophobic and Hydrophilic Solvent Exposure

Across Metastable States

Peptide aggregation is a highly cooperative process in which surrounding water molecules

play a crucial role. However, MSMs are generally constructed with a focus on the

biomolecule of interest and often exclude solvent information. As a result, the stabi-

lizing influence of the solvent is frequently overlooked. Furthermore, peptide-peptide in-

teractions alone are inadequate to explain the stability of the different metastable states.

One way to circumvent this is by calculating the solvent accessibility of the aggregates

in terms of the solvent accessible surface area (SASA). The SASA can be evaluated sep-

arately for the hydrophobic (apolar) and hydrophilic (polar) residues. As mentioned in

Section 4.1, hydrophilic residues are positioned on the tetramer surface and are highly

exposed to the solvent. In contrast, the hydrophobic residues on the other face of the

peptide are masked from the solvent and constitute the hydrophobic core. We compared

the SASA values (polar and apolar) relative to the crystal structure of the tetramer to

assess the solvent exposure across metastable states. The MSM-derived tetramers differ

significantly from the crystal structure, indicating that while some states may retain their

internal ordering, they suffer from inefficient packing (Figure 4.5). This is expected, as

Figure 4.5: Solvent accessible surface area of the metastable states: Average
solvent-accessible surface area (SASA) of polar and apolar residues relative to the crystal
structure (∆SASA). The values are averaged over 250 randomly selected conformers

from each metastable state.

TH-3825_186122003



Chapter 4 71

the crystal structure represents a tetrameric unit derived from a larger supramolecular

assembly, stabilized via interactions from the neighbouring units. This is lacking in our

case. Nevertheless, a quantitative comparison of SASA values offers valuable insights into

the relaxation behavior among the metastable states. Overall, stability is determined by a

balance between the solvent exposure of both hydrophobic and hydrophilic residues. The

inherent tendency is to reduce the exposure of the hydrophobic residues while increasing

the exposure of the hydrophilic ones. The SASA of hydrophobic residues deviates more

than that of polar residues, further reinforcing the role of the hydrophobic core in the

stability of the tetramers. To elaborate, state Q0 has the most exposed hydrophobic core

and a reduced exposure of hydrophilic residues, rendering it highly unstable. In contrast,

Q5 displays a buried hydrophobic core and exposed polar residues, making it the most

abundant state. Although states Q2, Q3, and Q4 have higher exposure of hydrophilic

residues, they also possess a relatively exposed hydrophobic core, making them less fa-

vorable than Q5. In Q1, both residue types have unfavorable solvent exposure relative

to Q5, contributing to its lower stability. At the residue level (Figure 4.6b), hydrophobic

Figure 4.6: Solvent accessible surface area of the residues: Average per-residue
solvent-accessible surface area (SASA) relative to that of the crystal structure (∆SASA),

computed over 250 randomly selected conformers from each metastable state.

L28 is highly exposed across all states. In contrast, the charged residues R23 and R29 are

less exposed than in the crystal structure. Additionally, the N-terminal residues are more

solvent-exposed compared to the C-terminal ones. The central I24 and the adjacent K25

are more exposed in the MSM-derived tetramers than in the crystal structure. Thus, the

overall increase in apolar SASA can be traced back to the individual contributions from

the hydrophobic residues, particularly those at the N-terminal. This finding is consistent
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with our contact map analysis, which showed that C-terminal hydrophobic residues are

more actively involved in hydrophobic interactions than N-terminal ones.

4.3.2 Structural relaxations in the trimer

4.3.2.1 hLL-3717-29 trimer samples 5 metastable states

Table 4.2: Population, free energy, helical content and the non-covalent interaction
energies (electrostatic and van der Waals) of the 5 metastable states

State Abundance Free Energy Helical Electrostatic van der Waals
(kcal/mol) propensity (%) (kcal/mol) (kcal/mol)

T0 1.94 2.00 70 40.44 -59.78
T1 7.23 1.21 72 91.33 -64.90
T2 10.22 1.01 73 49.76 -65.43
T3 25.26 0.47 75 42.18 -63.18
T4 55.33 0.00 70 31.52 -64.64

For the trimers, the 108-dimensional feature space (R216) was reduced to a 10-dimensional

subspace (R10) using TICA (Figure B.3a and b, Appendix B). The conformers in this

subspace were clustered into 250 centers using the k-means algorithm. The transitions

among these clusters were evaluated at multiple lag times for calculating the ITs. The

invariance of the ITs beyond 10 ns suggested the use of this lag time for further MSM

construction (Figure B.3c, Appendix B). Next, we performed spectral analysis to identify

5 metastable states, based on the relative separation of timescales (Figure B.3d, Ap-

pendix B). The validity of this 5-state MSM was verified using the Chapman-Kolmogorov

test(Figure B.4, Appendix B). The 5 metastable states were derived from the 250 clusters

using the PCCA++ algorithm. Finally, the interstate-transition kinetics were computed

within the framework of transition path theory. Table 4.2 summarizes the population of

each state (T0-T4) along with the associated Gibbs free energy.

Figure 4.7 (top panel) shows snapshots of the five metastable states, while the transi-

tion network below illustrates the rate constants for interstate conversions. Three major

pathways, accounting for 92.3 % of the net flux, drive the transformation of the system

from the lowest populated state T0 to the highest populated T4. The key intermediates
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Figure 4.7: Macrostates of the hLL-3717-29 trimer and their interconversion
kinetics: Five-state MSM with representative structures obtained from 40µs of simu-
lation of the hLL-3717-29 trimer. For each metastable state, both top and side views are
shown, overlaid with 10 similar structures from the same state. The transition network
illustrates the kinetics of interconversion between these states. The major pathways

leading from state T0 to T4 are shown below.
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in trimers are T2 and T3. In pathway-1, the highly ordered T3 is involved, whereas

in pathway-2, the trimers convert directly from T0 to T4 in a single step. In the least

prevalent pathway-3, both T2 and T3 are involved.

4.3.2.2 Structural features of the metastable states

We computed the average α-helical content for each trimeric state to investigate structural

changes in the peptides. Overall, we observed a decline in the helical content compared

to the tetramers, indicating a loss in structural integrity (Table 4.2). Among the five

states, T3 is the most structured, followed closely by T2 and T1. In contrast, T0 and T4

possess the lowest helical content, and are the most disordered. To explore the internal

Figure 4.8: Structural features of the 5 metastable states: Distributions of
(a) polar order (P1) and nematic order (P2), (b) compactness, and (c) the number
of hydrophobic contacts for each metastable state of the trimer. Each distribution is
calculated from 250 randomly selected structures within the corresponding metastable

state.
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ordering among the peptides, we examined the distribution of the order parameters (P1

and P2) in each metastable state (Figure 4.8a). In trimers, the peptides tend to be more

unidirectional, which is reflected in the shift of P1 to higher values (P1>0). They are also

more aligned with the director vector, reflected in a simultaneous increase in P2 (P2≥0.5).

The highly unidirectional state T1 has a P1 close to 1, which is non-existent in tetramers.

In T1, we also noted a small population of trimers where the peptides are randomly

oriented. The remaining states display varying degrees of internal order. For example, in

state T0, both P1 and P2 sample a wide range of values representing the most disordered

state. In the other states, particularly T2, T3, and T4, though the peptides have a broad

distribution in P2, they sample a relatively narrow range in P1. These states represent

those arrangements where the peptides are somewhat aligned, but fluctuate rapidly along

the director vector. When considering aggregate shape (Figure 4.8b), the trimers appear

more spherical than the tetramers. Their average compactness is centered around 8 instead

of 7 in the tetramers. Across all trimeric states, we also found a sporadic presence of more

extended (compactness≈7) and more spherical (compactness≈9) structures. The relative

abundance of these conformers varies across the states. For instance, states T1, T3, and

T4 have an excess of the extended structures, whereas states T0 and T2 have an excess

of the compact structures.

4.3.2.3 Key interactions in the trimer

The contact maps in Figure 4.9 illustrate the inter-residue interaction probability in the

five metastable states. Like the tetramers, the most dominant interactions involve the

central I24, reinforcing its role in the aggregation of hLL-3717-29 peptides. Here, the pep-

tides interact preferably from the C-terminal end, as evidenced by the reduced probability

in the top-left corner of the maps. The hydrophobic residues (F27 and L28) at the C-

terminal actively form hydrophobic contacts among themselves and with residues in the

peptide center and N-terminal. Among the two, the stabilizing contacts originating from

L28 are stronger, for example, L28-I20 contacts in T2, T3, and T4, and L28-I24 contacts

in T0. L28 self-interactions are unique to T1 and almost as strong as the central I24

interactions. In contrast, the interactions among the N-terminal hydrophobic residues
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Figure 4.9: Key interactions in the 5 metastable states: Inter-peptide contact
maps generated from 250 conformers randomly selected from each of the five metastable

states. The color bar indicates the interaction probability (fo).

are rare, occurring only in T1. Among them, I20 forms stronger interactions with the

residues in the peptide center and the C-terminal, whereas F17 interactions are weak.

The V21, which actively interacts in the tetramers, rarely forms hydrophobic contacts in

the trimers. Overall, the rare interactions among the N-terminal residues in the tetramers

are almost non-existent in the trimers. The trimers act as reactive intermediates during

tetramer formation as they are energetically disfavoured [146]. These states are stabilized

primarily through van der Waals interactions, while the electrostatic component remains

positive and unfavorable for all states. Among them, state T0 has the lowest van der

Waals stabilization. This interaction improves in states T1, T2, T3, and T4, with closely

graded van der Waals energy (≈-64 kcal/mol). As a result, the electrostatic component de-

termines the relative abundance of these states. This electrostatic repulsion is the highest

in T1 and lowest in T4. Although T1 benefits from favorable van der Waals stabilization,

its highly positive electrostatic component makes the state energetically less favorable.
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In contrast, strong van der Waals interactions and minimal electrostatic destabilization

make T4 the most favoured state, reflected in its greater abundance. The contact maps

in Figure 4.9 and the interaction energies portray the role of hydrophobic interactions in

stabilizing the trimers (Figure 4.8c). In T0, where van der Waals stabilization is weak-

est, the hydrophobic contacts are reduced and shift toward lower values. The remaining

states have more hydrophobic contacts, corresponding to greater van der Waals stabi-

lization. Among them, T3 and T4 show broad distributions, with T3 skewed towards

lower and T4 towards higher numbers of contacts. T1 and T2, in contrast, exhibit sharp

distributions in the number of hydrophobic contacts, which may account for their slight

increase in van der Waals energy. In the case of trimers, the absence of a well-defined

Figure 4.10: Solvent accessible surface area of the trimer metastable states:
Average solvent-accessible surface area (SASA) of polar and apolar residues relative
to the most abundant state T4 (∆SASA). The values are averaged over 250 randomly

selected conformers from each metastable state.

crystal structure necessitates using the most abundant state, T4, as a reference for com-

paring SASA values (polar and apolar). The rationale here is based on the lowest free

energy of T4, which reflects a favorable arrangement of residues. Among the 5 states, T0

exhibits the most unfavorable arrangement, characterized by masked polar residues and

highly exposed hydrophobic residues (Figure 4.10). Compared to T0, T3 shows reduced

hydrophobic exposure; however, its polar residues are the most shielded among all the
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states. In T2, while the hydrophobic residues are better exposed than in T4, the polar

residues remain somewhat shielded. T1 is the only state that has favorable solvent expo-

sure than T4, showing an optimal balance in the two residue types. In summary, states

T1 and T2 exhibit favorable solvent exposure of hydrophobic and hydrophilic residues,

whereas states T0 and T3 have unfavorable residue arrangements.

4.4 Conclusion

The core segment of the human LL-37 peptide, comprising residues 17–29, can self-assemble

into 4-helix bundles (4HBs) with a distinct cross-α amyloid architecture. These 4HBs

interact with one another to form supramolecular assemblies that resemble ribbon-like

structures and hold great promise for biomedical applications. While previous studies

have primarily focused on the formation of β-amyloids, understanding the mechanisms

underlying α-amyloid formation is equally crucial. In this study, we employed extensive

molecular dynamics simulations combined with Markov state modeling (MSM) to elu-

cidate the relaxation pathways of hLL-3717-29 oligomers. Specifically, we characterized

trimeric intermediates and the final tetrameric bundles, providing a comprehensive view

of the aggregation pathway that transforms initially disordered aggregates into ordered

cross-α architectures.

For both the trimer and the tetramer, intermolecular Cα distances between hydrophobic

residues were used to construct the feature space for MSM analysis. The tetramer MSM

revealed six metastable states (Q0–Q5) spanning conformations from highly disordered

peptide aggregates to ordered assemblies that closely resemble the cross-α architecture

observed in the crystal structure. Structural relaxations across these states progressively

transform disordered aggregates into highly ordered 4HBs. Most relaxation pathways in-

volve Q3 and Q4 as key intermediates en route to the ordered Q5 state. This structural

reorganization is accompanied by an increase in α-helical content and a convergence of the

polar and nematic order parameters (P1≈0, P2≈0.5) toward values observed in the crystal

structure. These relaxations are driven predominantly by van der Waals interactions that
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promote the formation of a compact hydrophobic core. In addition, the peptides prefer-

entially interact via hydrophobic residues at the C-terminal, while stabilizing interactions

from the N-terminal are rare. Among the six states, Q5 achieves an optimal balance in the

solvent exposure of hydrophobic and hydrophilic residues, whereas the less ordered states

exhibit poor packing and increased solvent exposure of hydrophobic residues, resulting in

reduced stability.

In the trimeric assemblies, the oligomers are distributed across five metastable states

(T0–T4) with markedly different structural and energetic properties. Compared to the

tetramers, the trimers are less ordered, exhibit lower α-helical content, and display dis-

tinct orientational preferences (higher P1 and P2 values, indicating more unidirectional

alignment). Hydrophobic contacts contribute to stabilizing the trimers; however, a pos-

itive electrostatic component makes these states energetically unfavorable. Due to these

unfavorable interactions, the trimers cannot exist independently and spontaneously con-

vert into tetramers. Among the trimeric states, T4 is the most stable, characterized by

favorable van der Waals packing and reduced electrostatic repulsion, whereas T0 is highly

unstable due to a poorly shielded hydrophobic core.

Collectively, these results provide kinetic and structural insights into the reorganization of

hLL-3717-29 oligomers. The transition from trimer to tetramer is driven by the formation

of a tightly packed hydrophobic core, which ultimately leads to tetrameric bundles with a

cross-α arrangement. These findings emphasize the cooperative nature of peptide aggre-

gation and highlight the critical role of hydrophobic residues—particularly I24 in guiding

the assembly process.
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Membrane Interaction and

Embedding of a Self-Assembled

4-Helix Bundle from the

Antimicrobial hLL-3717-29

Fragment
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Overview Amyloidogenic peptides share structural and functional traits with antimi-

crobial peptides (AMPs), and in some cases even exhibit antibacterial activity. Both

classes of peptides disrupt cell membranes, ultimately leading to cell lysis. This similarity

has led to the hypothesis that AMPs may have evolved from aggregation-prone amy-

loidogenic templates, where incorporating cationic residues transforms an amyloidogenic

fragment into an antimicrobial fragment. The human AMP LL-37, particularly its core

segment (residues 17–29), retains antimicrobial activity and self-assembles into ribbon-like

fibrils composed of repeating four-helix bundles (4HBs) with a distinct cross-α amyloid

architecture. Since the functionality of these peptides is closely tied to membrane inter-

actions, understanding their binding and assembly at membrane interfaces is essential.

While membrane interactions of β-amyloids have been extensively characterized, those of

cross-α assemblies remain largely unexplored. Here, we use atomistic molecular dynamics

simulations to investigate how hLL-3717–29 4HBs interact with membranes. Specifically,

we examine their behaviour with four model bilayers: PE:PG (3:1) and PC:PG (7:3)

mimicking bacterial membranes, pure PC representing mammalian membranes, and pure

PE as a control. Our simulations show that preassembled tetrameric 4HBs bind stably

to anionic membranes in a face-down orientation while retaining their cross-α structure.

Adsorption induces minimal structural perturbation but results in moderate shape defor-

mation, consistent with membrane-induced compaction. Binding to the membrane surface

increases membrane curvature and the ordering of the lipids near the 4HB. In addition,

we have quantified the free energy associated with 4HB invasion into the bilayer interior.

We also explore de novo assembly by simulating initially dispersed peptides near bacterial

membranes. Our study provides a comprehensive view of cross-α amyloid interaction with

membranes that can be leveraged in biomedical applications.
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5.1 Introduction

Antimicrobial peptides (AMPs) such as temporins, bacteriocins, and others show a ten-

dency to form amyloid-like deposits [180, 327–330]. Numerous studies suggest that amy-

loidogenic peptides share functional similarities with AMPs, and some even exhibit an-

tibacterial properties [331]. Both classes of peptides are often cytotoxic and tend to bind

to negatively charged membranes, particularly in lipid-disordered regions, leading to mem-

brane disruption [332–335]. These observations support an intriguing theory that AMPs

may have evolved from the same aggregation-prone templates found in amyloidogenic

peptides. The amino acid frequency in amyloidogenic regions shows striking similarity to

that in antimicrobial segments. Moreover, the intrinsic probability of a residue occurring

in either region is closely related—except for positively charged residues. Incorporating

cationic residues at specific positions can inhibit amyloid formation while enhancing an-

timicrobial activity, allowing amyloidogenic sequences to be tailored into antimicrobial

segments [336]. Uperin 3.5 exemplifies this dual nature. It is amyloidogenic and capa-

ble of perturbing membranes. However, its antimicrobial activity is inversely related to

its amyloidogenicity, as membrane interaction does not require aggregation. Reducing

the peptide’s cationic charge diminishes its membrane affinity and increases its tendency

to form fibrillar amyloid deposits [337]. Similarly, the amyloid-β (Aβ) peptide found

in the brain exhibits antimicrobial activity in its monomeric form but loses this func-

tion upon self-aggregation into fibrils, which are associated with neurodegenerative dis-

eases [331, 338]. Protegrin also forms amyloid-β-like aggregates that retain antibacterial

activity while exhibiting reduced cytotoxicity [339].

To better understand these overlapping properties and the functional duality of amyloido-

genic peptides and AMPs, it is crucial to examine how amyloidogenic peptides interact

with membranes. Amyloidogenic peptides tend to fibrillate directly on the membrane sur-

face, disrupting membrane integrity and causing leakage [340]. Notably, leakage induced

by on-pathway fibrils is greater than that caused by mature fibrils, highlighting the higher

cytotoxicity of intermediate species [341]. Binding of these cytotoxic intermediates can

83
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induce phase separation in the lipid bilayers, primarily through the uptake of raft compo-

nents [342]. These early interactions reduce the lateral diffusion of lipids while increasing

dynamic motions in the headgroups [343]. The interaction of β-amyloids with model

membranes is governed by the nature of lipid headgroups and the presence of membrane

microdomains, such as lipid rafts. Headgroups determine the extent of interaction and

insertion of the Aβ protofilament: phosphatidylethanolamine (PE) lipids promote deeper

insertion compared to phosphatidylcholine (PC), due to favorable electrostatic and hydro-

gen bonding interactions with the bilayer surface [344]. Moreover, these interactions are

sensitive to the protonation states of the Aβ residues and can be tuned by altering the pH

of the medium [345]. Negatively charged phosphatidylinositol (PI) lipids enhance bind-

ing to positively charged residues on tau fibrils, often clustering to aid aggregation [346].

GM1 gangliosides, concentrated in the raft domains, typically mediate interactions with

Aβ amyloids and tau polymorphs, triggering structural changes in the amyloid that seed

further aggregation [347, 348]. Cholesterol, another major membrane component, modu-

lates membrane thickness and rigidity, enhancing amyloid binding during adsorption [349].

However, increased cholesterol content also increases the penetration barrier, thereby in-

hibiting membrane disruption [350]. Upon membrane adsorption, β-amyloids undergo

structural rearrangements that promote further aggregation and contribute to membrane

disruption. Aβ peptides engage distinct hydrophobic residues when binding to neuronal

membranes, leading to fibril polymorphs different from those formed in solution [343].

For instance, Aβ1−42 tetramers elongate upon membrane binding, adopting linear rod-

like conformations that enhance seeding. This elongation is more evident in the presence

of cholesterol-rich lipid rafts, which induce reorganization in key hydrophobic regions.

Membrane disruption in this case is associated with increased ordering of lipid tails, par-

ticularly in PC-containing bilayers [351]. Tofoleanu et al. showed that insertion of the

hydrophobic C-terminal of Aβ9−40 protofilaments is facilitated by electrostatic interactions

between charged residues near the turn region and the lipid headgroups [352]. Surface

adsorption of trimers from this segment causes membrane thinning while simultaneously

reinforcing inter-peptide salt bridges, thereby stabilizing the β-sheet structure [353]. As

aggregate size increases, membrane invasion becomes more favorable due to a reduced

TH-3825_186122003



Chapter 5 85

free energy barrier [350]. For example, pentamers derived from the p3 segment of Aβ

(Aβ17−42) exhibit strong association with negatively charged membranes, facilitated by

Ca2+ ions [354]. These oligomers can also adopt distinct membrane-bound conformations:

U-shaped in trimers and β-hairpin in dimers and monomers [355]. The aggregate mor-

phology also plays a key role in toxicity, as Aβ42 dodecamers exhibit greater disruption

of neuronal membranes compared to mature fibrils [356]. Additionally, the aggregation

state influences the insertion site of peptides. In tau fragments (306–378) comprising the

R3–R4 domains, monomers primarily insert via the PHF6 segment of R3, while dimers

preferentially insert through the R4 domain, with weaker adsorption of PHF6 [357, 358].

LL-37 is an AMP derived from the cathelicidin family of proteins that plays a multifaceted

role in the host immune system. A truncated segment of this peptide, comprising residues

17–29, retains its antimicrobial properties and assembles into ribbon-like fibrillar nanos-

tructures. This self-assembly features a repeating four-helix bundle (4HB) with a distinct

cross-α amyloid architecture. While the interactions of β-amyloids with membranes have

been extensively studied, those involving α-amyloids remain poorly understood. In this

chapter, we investigate the interaction of the hLL-3717-29 4HB with four model mem-

branes. Two of these-PE:PG (3:1) and PC:PG (7:3)-represent bacterial membranes that

differ in the nature of their zwitterionic components [359–362]. Between these two, the

PE:PG membrane also serves as a model for a gram-negative bacterial membrane. In

addition, we have taken a pure PC bilayer to mimic a mammalian membrane, while a

pure PE bilayer serves as a control [363, 364]. Through this study, we aim to uncover the

differential interactions of the 4HB with these model membranes. Specifically, we examine

the nature and strength of 4HB–bilayer interactions, assess changes in both lipids and the

4HB during membrane adsorption, quantify the free energy associated with 4HB pene-

tration into the membrane, and explore the possibility of generating these self-assembled

structures in the presence of a membrane.

We have organized the remainder of the Chapter 5 as follows: In Section 5.2, we provide a

detailed description of setting up the bilayer and bilayer–4HB binary systems, the protocol

for molecular dynamics (MD) simulations, and the steered MD simulations used to drive

the 4HB into the bilayer interior. These simulations form the basis for the subsequent
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umbrella sampling used to calculate the potential of mean force (PMF) for membrane

partitioning of the 4HB. In Section 5.3, we analyze the structural changes in both 4HB

and the bilayer during adsorption, examine the key interactions and energetics of the

process, and differentiate the partitioning energies of the 4HBs into the bilayer interior.

Finally, in Section 5.4, we summarize the key findings of this study.

5.2 Materials and Methods

5.2.1 Preparation of the 4HB structure

Table 5.1: Details of all the systems used in Chapter 5. Np denotes the number
of peptides used in each system, and Nlipids denotes the total number of lipids in the

bilayer. All systems have an equal distribution of lipids between the two leaflets.

Bilayer Nlipids Np Orientation Time (ns) Box (Å3)

Bilayer Equilibration
PE:PG(3:1) 200 - - 200 79.5×74.9×80.1
PC:PG(7:3) 200 - - 200 83.0×76.5×86.0

PE 200 - - 200 75.9×74.5×82.6
PC 200 - - 200 90.6×78.0×73.4

4HB+Bilayer
PE:PG(3:1) 200 4 (4HB) Orientation-I 1000 74.1×79.2×108.7

200 4 (4HB) Orientation-II 1000 -
200 4 (4HB) Orientation-III 1000 -

PC:PG(7:3) 200 4 (4HB) Orientation-I 1000 82.1×79.4×99.38
200 4 (4HB) Orientation-II 1000 -
200 4 (4HB) Orientation-III 1000 -

PE 200 4 (4HB) Orientation-I 1000 79.1×74.9×107.4
200 4 (4HB) Orientation-II 1000 -
200 4 (4HB) Orientation-III 1000 -

PC 200 4 (4HB) Orientation-I 1000 82.9×83.0×94.5
200 4 (4HB) Orientation-II 1000 -
200 4 (4HB) Orientation-III 1000 -

hLL-3717-29+Bilayer
PE:PG(3:1) 200 4 (4×1) - 4×400 74.7×79.2×107.6
PC:PG(7:3) 200 4 (4×1) - 4×400 83.6×78.9×97.9

The 4HB coordinates were extracted from the X-ray crystal structure of hLL-3717-29 self-

assembly (PDB ID: 6S6M). To prevent spurious charged interactions at the termini, the
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peptides were capped with acetyl (ACE) and N-methyl (NME) groups at the N- and

C-termini, respectively [365]. The protonation states of the residues were assigned for

pH 7 using PROPKA [217, 218]. The capping groups and hydrogen were added using the

tleap module in AMBER20[315]. The 4HB was modelled according to the AMBER14SB

force field [219]. A short energy minimization was then performed on the tleap-generated

structure to resolve any steric clashes.

5.2.2 Preparation of model membranes

Bilayer-only models were constructed using the CHARMM-GUI web server [366, 367],

based on the compositions listed in Table 5.1. Each bilayer contained 100 lipids per leaflet.

For heterogeneous membranes (PE:PG and PC:PG), the lipid types were symmetrically

distributed across both leaflets [368]. The bilayers were solvated on both sides (top and

bottom) with 50 water molecules per lipid, resulting in a total of 10,000 water molecules

per system. The negative charges on the PG lipids were neutralized by the addition of Na+

ions. To mimic physiological salt concentration (0.15 M NaCl), excess NaCl was added to

the systems. Ions were randomly placed using a Metropolis criterion to minimize overlap

with lipids and water molecules. Lipid molecules were modeled using the Lipid21 force

field in AMBER [369], while water and ions were represented by the TIP3P water model

and the Joung and Cheatham ion parameters, respectively [220, 223].

5.2.3 Membrane equilibration

Energy minimization of the solvated bilayers was carried out in two phases over 10000

steps: the first 5000 steps employed the steepest descent algorithm for rapid initial re-

laxation, followed by 5000 steps of conjugate gradient minimization for further refine-

ment [370]. The minimization was performed under constant volume conditions, with no

pressure scaling or atomic restraints applied. The systems were then heated to 313.15 K

in two stages to ensure a fluid-phase lipid environment. The target temperature is well

above the lipid phase transition temperature (Tm) reported in earlier studies [371–375].
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Initially, bilayers were rapidly heated to 100 K over 2500 steps in an NVT ensemble.

This was followed by a gradual increase to the target temperature over 50000 steps in

an NPT ensemble with semi-isotropic pressure coupling. The slow heating helped elimi-

nate packing defects and promoted the formation of a compact bilayer core. During both

heating phases, lipids were positionally restrained using a harmonic force constant of 10

kcal/mol Å2. Next, the system density and box dimensions were equilibrated through 15

successive stages of 1 ns each in the NPT ensemble. In the first 10 stages, lipid restraints

were progressively reduced by lowering the force constant to zero. The final five stages

were run without restraints to allow full equilibration. Following this, a 200 ns production

run was conducted to assess bilayer properties. The equilibrated configuration was then

used to construct the 4HB–bilayer binary system in Section 5.2.4.

5.2.4 Preparation of the 4HB-bilayer systems

Figure 5.1: 4HB structure and orientation with respect to the bilayer: A)
The four-helix bundle (4HB) structure of the hLL-3717–29 tetramer (PDB ID: 6S6M).
The 4HB exhibits a distinct cross-α amyloid architecture. This protofibril has a long
axis (25 Å) and a short axis (23 Å). B) Various orientations of the 4HB relative to the

bilayer normal (z-axis) used to initiate the simulations.
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The equilibrated bilayers were first stripped of water molecules and ions to prepare for

peptide placement. The 4HB structure was then positioned above the bilayer surface

at a distance of 20 Å using PACKMOL [221]. To explore different binding orientations,

three distinct configurations of the 4HB relative to the bilayer normal were considered:

(a) face-down, (b) long-axis, and (c) short-axis, as illustrated in Figure 5.1B. In the

face-down orientation, both the long and short axes of the 4HB lie perpendicular to the

bilayer normal, aligned parallel to the xy-plane. In contrast, the long-axis and short-

axis orientations involved aligning either the long or short axis parallel to the bilayer

normal. After positioning the 4HB, water molecules were reintroduced to maintain a

minimum padding of approximately 12 Å between the peptide and the simulation box

boundaries. For zwitterionic membranes, the net positive charge after addition of 4HB

was neutralized by the addition of Cl- ions. Similarly, for the anionic membranes, the

net negative charge of the systems were neutralized by the addition of Na+ions. In all

the systems, excess NaCl was added to maintain a physiological salt concentration of 0.15

M. Finally, the systems underwent energy minimization for 20,000 steps using the same

two-stage protocol described in Section 5.2.3.

5.2.5 MD simulation parameters

From the heating stage onward, all hydrogen atoms were constrained using the SHAKE

algorithm, allowing the use of a 2 fs integration timestep [226]. A modified leapfrog in-

tegrator was used to solve the equations of motions at these discrete time intervals [151].

System temperature was maintained at 313.15 K using a Langevin thermostat with a

collision frequency of 1 ps-1 [225]. Semi-isotropic pressure coupling was applied using a

Berendsen barostat[224], with independent scaling in the xy-plane (parallel to the bilayer

surface) and the z-direction, and a relaxation time of 1 ps. Short-range non-bonded inter-

actions, namely van der Waals and electrostatics, were computed using a 10 Å spherical

cutoff. For electrostatics, the Particle Mesh Ewald (PME) method [227] was employed:

the real-space (short-range) component was calculated within a 10 Å cutoff, while the

long-range component was evaluated in Fourier space using a grid spacing of 1 Å. Periodic
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boundary conditions were applied in all three spatial dimensions to eliminate edge effects

during simulations [150]. System coordinates were saved every 2,000 steps (equivalent

to 4 ps) during the production runs for downstream analyses. To assess reproducibility,

each system was simulated in triplicate, starting from different initial atomic coordinates

(Figure 5.1). Energy minimizations were performed using the CPU-based SANDER module

in AMBER20, while microsecond-scale production trajectories were generated using the

GPU-accelerated PMEMD engine on NVIDIA A100 graphics units [228].

5.2.6 Steered MD-Based Insertion of 4HB into Lipid Bilayers

Insertion of 4HBs into bilayers occurs on timescales that are often inaccessible to conven-

tional MD simulations. To overcome this, biased simulation techniques such as steered

molecular dynamics (SMD) are commonly employed [376–378]. In SMD, controlled forces

are applied to specific atoms to drive the 4HB into the bilayer—a method previously used

to study the partitioning of β-amyloids into membranes [344, 379]. The final conforma-

tions from Section 5.2.5, where the 4HB is adsorbed on the bilayer surface, were used as

starting points for the SMD simulations. Due to periodic boundary conditions, the 4HB

can adsorb on either side of the bilayer during unbiased MD. To ensure consistency, the

simulation box was rotated such that the 4HB was positioned above the bilayer along the

positive z-direction.

The collective variable (CV) for steering was defined as the distance between the 4HB

and the bilayer center, with motion constrained along the negative z-axis. The face of

the 4HB in contact with the bilayer was used to define the CV: specifically, the center of

mass (COM) of the Cα atoms of the peptide chains in contact with the membrane surface

served as one end of the CV. The other end was fixed at the COM of the lipid headgroup

phosphorus atoms at the bilayer center.

This distance was reduced at a constant rate of 0.025 Å/ns until it reached approximately

13 Å, ensuring deep embedding of the 4HB into the bilayer. Steering was performed in 2 ns

windows, with a distance reduction of 0.05 Å per window to seed the subsequent simulation
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stage. During pulling, the phosphorus atoms of the opposite leaflet were restrained with

a force constant of 10 kcal/mol Å2 to prevent bilayer drift.

The steering velocity was determined through several trial simulations; higher velocities

led to the 4HB drifting away from the bilayer surface. For the PC system, the initial CV

value was 25 Å, while for the anionic bilayers it was approximately 28 Å, both reduced

to 13 Å in the final configuration. Snapshots were saved at every 1 Å decrease in the CV

for initiating the umbrella sampling simulations described in Section 5.2.7.

5.2.7 Potential of mean force for 4HB membrane partition

Each window from the SMD simulations was first energy-minimized for 5,000 steps and

then equilibrated for a short duration of 2 ns in NPT. This was followed by a 100 ns

production run under NPT conditions. During the production phase, the CV in each

window was restrained using a harmonic potential with a force constant of 7.5 kcal/mol Å2.

The sampling probability in each window was represented as P (r), where r denotes the CV

value for that particular window. The potential of mean force (PMF) was then computed

from P (r) using [380, 381]:

PMF = −kBT lnP (r) (5.1)

where kB is the Boltzmann constant and T is the working temperature, set at 313.15 K.

The potential of mean force (PMF)-or more precisely, the free energy profile-was com-

puted using the Weighted Histogram Analysis Method (WHAM) developed by Alan Gross-

field [382, 383]. The PMF was evaluated at 1 Å intervals through an iterative process,

until convergence was achieved within a tolerance of 10−4.

5.2.8 Analyses

The analyses were performed using the CPPTRAJ module of AMBER20, along with in-

house codes developed in Python 3 and Tcl/Tk scripts executed within vmd [230, 325].
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hLL-3717-29 oligomers were identified using Stoddard’s nearest-neighbor algorithm [229],

which groups peptides based on a distance cutoff. Two peptides were considered part of

the same cluster if their inter-atomic distances were less than 4 Å [207]. Each cluster was

built iteratively by adding neighbors until no new members were found. The process was

repeated till all the peptides were assigned to a cluster. The calculations were performed

at each MD step to track the temporal evolution of the oligomer sizes. The root-mean

square deviation of the 4HB backbone (N, C, O, Cα) from the crystal structure was

calculated using the rms command of CPPTRAJ [234]. The polar (P1) and nematic (P2)

order parameters of the tetramer were calculated based on Ref. 311. The long (principal)

and short-axis of 4HB were defined based on Figure 5.1A. Thus, the long-axis connected

the N-termini of the peptide pairs (1,3) and (2,4), while the short-axis connected the

C-termini of the pairs (1,2) and (3,4). The tilt of 4HB with respect to the bilayer normal

was measured separately along the long and short-axis from the dot product of their unit

vectors (d̂1 and d̂2) with the z-axis. The polar (P1) and nematic (P2) order parametes

were calculated using Equation 4.3 and Equation 4.4 (Chapter 4), respectively.

Membrane curvatures were calculated using the MembraneCurvature tool in the MD-

Analysis library of Python 3 [384, 385]. First, the upper and lower leaflet surfaces were

identified based on the P atoms of the lipid headgroups. Then, the curvature was calcu-

lated by dividing these surfaces into 10 × 10 grids. The mean curvature averaged over

the last 200 ns of the MD trajectories was plotted on a 2-dimensional surface along with

a color bar that quantifies the extent of curvature.

Lipid order parameters (SCD) were calculated using the lipidscd command of CPPTRAJ.

SCD determines the orientation of the C-H bonds present in the methylene (-CH2) and

methyl (-CH3) groups of the lipid acyl chains. SCD is calculated using [369, 386, 387]:

SCD =
1

2
⟨3cos2θ − 1⟩ (5.2)

where θ is the angle between the bilayer normal (z-axis) and the C-H bond vector, and

the angular brackets represent averages over the lipid ensemble across the simulation

timescale.

TH-3825_186122003



Chapter 5 93

The running coordination number (RCN) of Na+ ions with respect to the membrane

surface was calculated using the radial distribution function, gP,Na+(r), that quantifies

the probability of finding a Na+ at a distance r from the P atoms in the lipid headgroups.

RCN can be calculated from gP,Na+(r) based on:

RCN = 4πρNa+

∫ r

0

r2gP,Na+(r) dr (5.3)

where ρNa+ is the number density of Na+ in the system, r is the distance between the P

atom (P31 in Lipid21) and Na+ and dr is the volume element at r.

Salt-bridges between charged residues on the fibril surface and the lipid headgroups were

calculated based on a distance cutoff of 3.5 Å. A salt bridge is formed when the positively

charged N of the basic residues (Lys, Arg) interacts with the negatively charged O of

the lipid phosphate. Similarly, a salt bridge is formed when the negatively charged O

on acidic residues (Asp) interacts with the quarternary N of the lipid headgroups. Only

unique salt-bridged pairs were considered, i.e., interactions between a pair of residues were

counted only once. The non-bonded interaction energy (van der Waals and electrostatic)

between the fibril and the bilayer components was calculated using the NAMD Energy

Plugin (Version 1.4) in VMD [325]. A cutoff distance of 10 Å was used to calculate all

the pairwise interactions.

5.3 Results

5.3.1 4HB adsorption differs across the model membranes

As described in Section 5.2.4, the 4HB was initially placed 20 Å above the upper leaflet.

At the onset of the simulations, it diffuses freely and eventually binds to one of the leaflets.

To understand how the 4HB attach to the membrane surface, we first explain the intrinsic

structure of the hLL-3717-29 tetramer, shown in Figure 5.1A. The tetramer consists of two

layers, where the dimers in one layer criss-cross those in the adjacent layer, giving rise
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Figure 5.2: Time evolution of 4HB-lipid contacts across the four bilayers:
The 4HB-lipid contacts for the three simulation trials shown as a function of simulation
time, with contributions from each of the four peptide chains (A, B, C, and D) repre-
sented separately. The peptide chain labels are used solely to distinguish between the
two structurally identical faces of the tetramer. A peptide-lipid contact is formed when

the heavy atoms of a peptide are within 5.5 Å of the lipid headgroups.

to two identical faces: an upper face (formed by chains A and B), a lower face (formed

by chains C and D), and four identical edges. The peptide nomenclature used here, is to

distinguish between the two faces, which are otherwise structurally similar.

We then examined whether adsorption involves one or both faces by evaluating the num-

ber of contacts each peptide makes with the bilayer. A peptide-lipid contact is formed
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when the heavy atoms of a peptide are within 5.5 Å of the lipid headgroups. Across

all systems, adsorption occurs preferentially via a single face, with all observed contacts

involving the peptides on that face. This face-down interaction maximizes stabilizing con-

tacts between the peptide side chains and the lipid headgroups, making it energetically

favorable. Typically, both peptides on the interacting face are involved in binding, form-

ing approximately an equal number of contacts with the bilayer, particularly evident for

the PE:PG bilayers as seen in Figure 5.2. In contrast, in the PC:PG bilayer, we observe

transient rolling of the 4HB to an edge. This is marked by a decrease in interaction with

one of the peptides on a particular face, accompanied by an increase in contact with a

peptide from the adjacent layer. In one of the trials (Figure 5.2), the 4HB initially at-

tached via an edge (chain B and C) before rolling onto one of the faces (chain A and B) as

the simulation progresses. In another instance (Trial-2, Figure 5.2), the 4HB transiently

rolls onto an edge (chain A and D) before reverting to its initial interacting face at ap-

proximately 900 ns. For the PE bilayers, contacts with one of the chains were maintained

throughout the simulation, while those with the other fluctuated rapidly. This indicates

weaker adsorption in the PE bilayers compared to the anionic systems. For the pure PC

bilayers, the 4HB switched its interacting face midway through the simulations. This

switching can occur in two scenarios: (i) the amyloid rolls on the membrane surface, or

(ii) it detaches and later re-attaches by the opposite face. In the first case, interactions

with one face increase as those with the other decrease. In the second case, a finite time

gap exists between the loss and re-establishment of bilayer contacts on the opposite face.

Both scenarios were observed in the pure PC bilayer, with a bouncing motion noted in

one of the trials (Figure 5.2, Trial-1). Together, these observations indicate the weakest

4HB adsorption in the PC bilayers.

Next, we explored the extent to which the tetramers are tilted with respect to the bilayer

normal during adsorption. The tilt was quantified along two axes, corresponding to the

two principal dimensions of 4HB (d̂1 and d̂2), as shown in Figure 5.1A. The distribution of

tilt angles reveals the preferred orientation of the 4HB on the bilayer surface (Figure 5.3).

Both axes show a preference for a perpendicular orientation relative to the bilayer normal,

consistent with the face-down mode of interaction. The tilt angle distribution is sharp

TH-3825_186122003



Chapter 5 96

Figure 5.3: Tilt of the 4HB relative to the bilayer normal: Distribution of the
tilt angles between the two principal axes (long and short) of the 4HB and the bilayer
normal (z-axis), illustrating the preferred orientation of the tetramer during adsorption.

across all bilayers except for PC:PG, where it broadens, indicating increased dynamic

motion of 4HB on this membrane surface. The short axis often samples higher tilt values

in the anionic membranes, suggesting a stronger interaction from one of the peptides on

a single face. This effect is particularly pronounced in the PC:PG bilayer. For PE:PG,

we observed a more symmetric distribution across both axes, indicating equal interaction

with the peptides on a particular face.
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5.3.2 The difference in adsorption is explained by the electro-

static interaction energy

The differential nature of adsorption, discussed in Section 5.3.1, indicates differences in

the underlying forces between the 4HB and the bilayer. To quantify these differences, we

calculated the non-bonded interaction energy between the two in Table 5.2. Adsorption is

primarily driven by electrostatic attraction between the surface-exposed charged residues

of the 4HB and the lipid headgroups. Across all systems, the electrostatic interaction

energy far exceeds the van der Waals (vdW) contribution. For example, in the anionic

and pure PE membranes, electrostatic interactions are roughly 30 times stronger than

vdW interactions; in the pure PC bilayer, this ratio decreases to about 20. As expected,

the fibril binds approximately twice as strongly to the negatively charged bilayers (PE:PG

Table 5.2: Non-bonded interaction energy between the 4HB and the bilayers, de-
composed into electrostatic and van der Waals contributions. The energy values are
expressed in kcal/mol. Individual contributions from each lipid type are also shown.
Values are averaged over multiple simulations for each 4HB–bilayer system. Numbers

in parentheses indicate the standard error of the mean across simulation repeats.

System PE/PC PG Total

Elec vdW Total Elec vdW Total Elec vdW Total

PE:PG(3:1) -381.34 -15.79 -397.13 -689.75 -21.80 -711.56 -1071.09 -37.60 -1108.69
(3.50) (0.36) (3.19) (66.67) (3.00) (67.01) (64.48) (2.66) (64.90)

PC:PG(7:3) -290.11 -20.77 -310.89 -672.62 -13.55 -686.16 -962.73 -34.32 -997.05
(22.96) (1.05) (24.00) (39.85) (2.04) (17.18) (17.18) (0.99) (18.05)

PE -496.62 -15.42 -512.05 - - - - - -
(21.73) (0.52) (22.09)

PC -409.80 -20.19 -429.99 - - - - - -
(17.88) (1.15) (17.36)

and PC:PG) compared to the pure zwitterionic ones. The enhanced interaction with an-

ionic membranes is mainly due to the presence of negatively charged PG lipids, which

account for 64–68% of the total interaction energy. Between the two negatively charged

membranes, binding is more favorable with PE:PG than with PC:PG by approximately

111 kcal/mol. To investigate this disparity, we calculated the individual contributions

from the lipid types—PG and PC/PE—in the two anionic membranes. Interestingly, the
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difference in interaction energy arises largely from the zwitterionic components (PC or

PE), even though PG lipids contribute more to the overall binding strength. Specifically,

about 87 kcal/mol of the energy difference stems from the zwitterionic lipids. A smaller

gain in stability (≈24kcal/mol) from the PG component in PE:PG is counterintuitive

since these membranes have a deficit of five PG lipids per leaflet, compared to PC:PG. A

closer analysis reveals that electrostatic interactions with zwitterionic lipids are the key

contributors to the observed differences. Although vdW interactions with PC lipids are

somewhat stronger than with PE lipids, this minute stabilization is outweighed by stronger

electrostatic interactions with PE, resulting in higher overall interaction energy in PE:PG

membranes. A stronger interaction with the PE component in PE:PG synergistically in-

creases the interaction with PG lipids which explains the higher interaction here. Among

the pure zwitterionic bilayers, the fibril interacts more favorably with PE than with PC.

Here too, the lower vdW energy in the PE bilayer is compensated by a stronger elec-

trostatic component, driving the net interaction in favor of PE. In summary, adsorption

is dominated by electrostatic interactions. Consequently, anionic bilayers bind the 4HB

more strongly than zwitterionic ones, and within each membrane category, electrostatic

interactions with the zwitterionic lipids explain the preferential binding to PE-containing

systems.

The differences in interaction energy are reflected in the total number of 4HB-lipid contacts

formed during adsorption (Figure 5.4). Notably, 4HB forms a higher number of contacts

(≈28) with anionic membranes compared to neutral membranes (<25) which explains its

favorable interaction energy. The presence of the anionic PG lipids improves the overall

membrane interaction of 4HB, due to the presence of positively charged residues on its

surface. Among the pure zwitterionic bilayers, the number of stabilizing contacts is higher

for PE (23) than for PC (18). This difference arises from the nature of the headgroup;

PC lipids possess three bulky methyl groups that hinder adsorption [344].

To further distinguish between the anionic membranes, we also calculated the number of

4HB contacts with each lipid type (PC/PE and PG). Contacts with PG lipids peaks at

10 in both bilayers; however, the distribution is skewed towards higher values in PE:PG,

suggesting that more number of contacts are possible in this bilayer. In contrast, the

TH-3825_186122003



Chapter 5 99

Figure 5.4: Contact probability of lipids with 4HB: Distribution of the total
number of contacts formed by 4HB with the lipid bilayers. For the mixed anionic mem-
branes, the contact probability with each lipid type is also calculated. The annotated
values indicate the most probable number of contacts between 4HB and the lipids.

PC:PG system shows a sharper distribution centered around 10. For the zwitterionic

components of the anionic membranes, the number of stabilizing contacts is again higher

for PE in PE:PG (19) than for PC in PC:PG (15). Also, the probability of forming such

contacts is greater for PE than PC. Although the absolute number of PE lipids is lower

than PC across the two anionic membranes, PE still forms more contacts. This, in turn,

enhances interactions with PG lipids in the PE:PG bilayer in a synergistic manner.

The electrostatic nature of adsorption suggests the formation of salt bridges between

the charged residues on the 4HB surface and those on the polar headgroups of the lipid

bilayer. As expected, negatively charged membranes form a higher number of salt bridges

due to the presence of PG lipids, which carry explicit negative charges. For clarity, we

calculated the cumulative number of salt bridges formed by each residue type (K18, R19,

R23, K25, D26, and R29), considering all four peptide chains in the tetramer (Figure 5.5).

Among these, the Arg residues contribute the most to salt bridge formation. Between the

two Lys residues, K25 rarely participates in salt bridges, whereas the N-terminal K18 is

actively involved. This suggests that K25 is likely positioned such that it cannot reach the

negatively charged phosphate center of the lipid headgroups. The only negatively charged

residue, D26, can distinguish between membrane types. For instance, in membranes

containing PE lipids, D26 forms more salt bridges than in those containing PC lipids.

This is because D26 can only interact with the positively charged quaternary nitrogen
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Figure 5.5: Time evolution of salt bridges between 4HB and the bilayers:
Time evolution of salt bridges between the positively charged amino acids on the 4HB
surface and the polar headgroups of the lipid bilayer. The total number of salt bridges
includes contributions from the corresponding residues across all four peptide chains of

the tetramer.

in the lipid headgroups, and the bulky tertiary-butyl groups in PC lipids hinder such

interactions.

To understand how these residues adsorb onto the membrane surface, we plotted their

average z-distance from the bilayer center, alongside the positions of the headgroup phos-

phorus (P) atoms for reference. The residue names of the two peptide chains on a single

face are differentiated using the ' symbol in Figure 5.6. Across all bilayers, the 4HB pref-

erentially attach via a single face, as indicated by the consistently lower z-distance of one
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Figure 5.6: Insertion depth of residues from the bilayer center: The average
z-distance of the residues from the bilayer center over the last 200 ns of the simulations.
Residue labels are shown only for the anionic bilayers, where some residues extend
beyond the headgroups into the interfacial region. Peptides on a single 4HB face are
distinguished using the ' notation. The dotted line indicates the average position of the

lipid headgroups, calculated from the P atoms.

face compared to the other. Under no circumstances do the tetramer attach via its edges.

This mode of attachment is energetically favorable, as the faces possess a high positive

charge density that promotes adsorption to the bilayer. The bilayers exhibit three distinct

regions by depth where adsorption can occur: (i) atop the polar headgroups, (ii) in the

interface between these headgroups and the tails, and (iii) in the bilayer interior consisting

of densely packed tails. Attachment is primarily restricted to the polar surface of the bi-

layer and, in rare instances, extends to the interfacial zone, but never to the hydrophobic

core. In the case of anionic membranes, positively charged residues on a single face tend

to occupy the interfacial region between the polar headgroups and the hydrophobic tails.

For zwitterionic membranes, these residues rarely penetrate beyond the headgroup region.
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Residues that reach the interfacial zone in the anionic systems are stably held in position,

as evidenced by the low variance in their z-coordinates. In the PE:PG membrane, the

positively charged residues on one face of the peptide - particularly Arg - primarily inter-

calate into the interfacial region. Asp26 from only one of the chains is able to penetrate

below the phosphate headgroups. In the PC:PG membrane, Arg residues from only one

of the peptide chains intercalate into the bilayer, while those from the other chain remain

in the polar region. In this case, the fibril, though attached via a single face, appears

tilted toward the chain that inserts more deeply. This tilt correlates with our observation

in Figure 5.3. In both anionic systems, all hydrophobic residues except F27 (and F27')

remain above the plane of the P atoms due to polar–apolar mismatch. To summarize,

the presence of anionic components in the bilayers facilitates stronger adsorption, whereas

zwitterionic membranes allow only superficial attachment.

5.3.3 The adsorption of 4HB replaces surface bound ions

The electrostatic adsorption of freely diffusing peptides onto a two-dimensional membrane

surface is associated with a loss of translational entropy [388, 389]. This entropic cost is

compensated by the release of surface-bound ions [390]. Our simulations were conducted

at a physiological ionic strength of 0.15 M NaCl, under which ions bind to the bilayer

surface. The anionic nature of PE:PG and PC:PG membranes (due to PG lipids), pro-

motes Na+ binding, resulting in a higher number of adsorbed cations in these systems. In

contrast, Cl– adsorbs only to zwitterionic lipids and thus shows minimal variation across

the bilayers. The absence of negative charges in pure zwitterionic bilayers slightly favors

anion adsorption. To investigate the role of these ions in 4HB adsorption, we calculated

their running coordination numbers (RCNs) near the phosphate headgroups (using the

P atom as a reference), both in the presence and absence of the tetramer (Figure 5.7).

Adsorption of the 4HB displaces some of these ions from the membrane surface. In anionic

membranes, the RCN of Na+ decreases sharply upon fibril binding, indicating cation dis-

placement. In contrast, the RCN of Na+ remains unchanged in zwitterionic membranes,

which inherently have fewer Na+ ions adsorbed. Similarly, for pure zwitterionic bilayers,
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Figure 5.7: Role of counterions in 4HB adsorption: The running coordination
numbers of (A) Na+ and (B) Cl– ions as a function of distance from the bilayer surface.
The RCN is shown in the presence (+) and absence (−) of 4HB. Ion distances (r) are

calculated from the phosphorus (P) atoms of the lipid headgroups.

the number of Cl– ions decreases upon 4HB adsorption. This effect is more pronounced

in PE bilayers, as PC bilayers adsorb fewer Cl– ions due to the bulky size of the head-

groups. These findings highlight the contrasting roles of Na+ and Cl– in modulating 4HB

adsorption, depending on the nature of the bilayer. Displacement of surface-bound ions

helps compensate for the entropy loss associated with 4HB adsorption, thereby making

the process thermodynamically favorable.

5.3.4 Changes in the 4HB structure during membrane adsorp-

tion

The adsorption of β-amyloids to model membranes can have contrasting effects on the

structure of these aggregates. In some cases, adsorption entails a loss in β-sheet content,
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while in other cases it reinforces the secondary structure of the peptides [344, 353]. To

check if the tetramer retains its cross-α amyloid structure during membrane adsorption,

we investigated the changes in peptide structure and the internal ordering among them

using: (a) the root-mean-square deviation (RMSD) of the peptide backbone (N, C, O,

Cα), and (b) the polar and nematic order parameters.

The deviation in the backbone atoms from the crystal structure of the hLL-3717–29 tetramer

over time is plotted in Figure C.1(A) (Appendix C). The constituent peptides preserve

their structure upon attaching to the membrane surface, with an average RMSD of 1.5 Å.

In rare cases, minor deviations from the crystal structure are observed (Traj-3 in PC, Traj-

1 and 2 in PE:PG). The invariance of the peptide RMSDs is also reflected in the total

helical content of 4HB (79.81±0.06% in PE:PG, 79.76±0.13% in PC:PG, 79.86±0.04% in

PE, and 79.84±0.04% in PC). The total helical content in the crystal structure is close to

85%. Except for the residues at the termini, the helical propensity of the rest remains un-

changed. This finding correlates with experimental observations of the full-length LL-37

peptide in the presence of membranes, where NMR measurements suggested that mem-

branes enhance the helical structure of these peptides.

The internal ordering among the peptides is quantified by the polar and nematic order

parameters. The hLL-3717–29 tetramer lacks a unidirectional arrangement of peptides (P1

= 0), where the individual helices are aligned at an angle (38◦) to the principal axis (P2

= 0.5). A sharp distribution of P1 and P2 around values close to the crystal arrangement

suggests that internal ordering is preserved (Figure C.1(B), Appendix C). The presence

of satellite peaks for both P1 and P2 indicates dynamic fluctuations among the peptides

in the tetramer, which is expected due to the fluid-like hydrophobic core that holds the

peptides together.

To check the shape of the surface-bound 4HB, we calculated the distribution in the lengths

of the long and short axes sampled during simulations (Figure 5.8). The lengths of the

long and short axes in the crystal structure of 4HB are 25 Å and 23 Å, respectively.

The surface-bound tetramers deviate from the crystal structure, with shortening of both

axes. The mean length of the short axis shifts to 19.2 Å, and that of the long axis shifts to
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Figure 5.8: Changes in the 4HB structure during bilayer adsorption: Distri-
butions of the long and short axis lengths of the 4HB tetramer sampled during simula-
tions. The dotted lines indicate the corresponding axis lengths in the crystal structure

(23 Å for the short axis and 25 Å for the long axis).

23.6 Å. The decrease in the length of the short axis is greater (3.8 Å) than that of the long

axis (1.4 Å), indicating compression along this direction, consistent with 4HB adopting

a more linear, rod-like shape. The decrease along the long axis suggests that membrane

adsorption simultaneously increases the compactness of 4HB. The axes sample a sharp

distribution in the presence of PC:PG, but broad distributions in the other membranes.

This indicates dynamic motions within the peptides while bound to these membranes,

which cease to exist in the presence of PC:PG.

5.3.5 Changes in the membrane during 4HB adsorption

Membranes interacting with AMPs often exhibit changes in curvature and lipid organi-

zation within the bilayer [74]. To investigate how pre-formed hLL-3717-29 fibrils influence

membrane properties, we compared these features in the presence and absence of 4HB.

Figure 5.9 shows the curvature induced by the hLL-3717-29 fibril across all membrane

systems. In general, anionic membranes exhibit higher curvature than their zwitteri-

onic counterparts. Among them, the PE:PG bilayer experiences the maximum curva-

ture strain, followed by PC:PG. This increased curvature arises from the anionic PG

component, which forms strong electrostatic interactions with the tetramer. In zwitteri-

onic membranes, curvature is more pronounced in the PE bilayer than in PC, indicating
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Figure 5.9: Changes in the bilayer curvature during 4HB adsorption: Mean
curvature of the upper and lower leaflets of the bilayer during 4HB adsorption. In
all systems, 4HB adsorbs onto the upper leaflet. Positive curvature indicates convex
regions, while negative curvature indicates concave regions. The bottom panel shows
snapshots of the curvature strain induced across the bilayers in the presence of 4HB.

weaker interactions in the latter due to its bulkier headgroups. Across all bilayers, the

leaflet interacting with the fibril exhibits positive curvature, indicating convex regions or

valleys, while the opposing leaflet displays negative curvature, indicating concave regions

or peaks. The curvature appears more localized in anionic membranes, creating a rough

surface, whereas it is more uniformly distributed in zwitterionic membranes.

This raised the question of whether the observed curvature is a direct consequence of

tetramer interaction or an intrinsic property of the bilayers. To examine this, we also

analyzed membrane curvature in the absence of the fibril. All bilayer systems exhibit

some intrinsic curvature (Figure C.2, Appendix C), with anionic membranes again show-

ing higher curvature than zwitterionic ones. However, their curvature is notably lower in

the absence of the fibril. In contrast, the curvature of zwitterionic bilayers remains largely

unchanged with or without the fibril. Thus, binding of the hLL-3717-29 tetramer selec-

tively enhances curvature in bacterial (anionic) membranes while having minimal effect
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on zwitterionic membranes. As discussed in Section 5.3.3, the gain in entropy from the

release of counterions drives the initial electrostatic attraction of 4HB to the membrane

surface. This ion release is greatest when the stabilizing contacts between the cationic

surface residues of 4HB and the anionic or polar headgroups of the bilayer are maximized.

Consequently, the membrane tends to wrap around the 4HB, generating a positive mean

curvature [391].

Next, we investigated the ordering of acyl chains within the bilayer using the order param-

eter SCD. This parameter ranges from -0.5 to 1, where -0.5 indicates a parallel and 1.0 a

perpendicular orientation of the acyl chains relative to the bilayer normal. We evaluated

SCD separately for the sn-1-palmitoyl (PA) and sn-2-oleoyl (OL) chains associated with

each lipid type (PE, PC, and PG). Typically, these acyl chains show SCD values between

0 and 0.25, suggesting they are tilted at an angle of approximately 45◦ to the bilayer

normal-characteristic of a fluid membrane. Additionally, SCD decreases along the acyl

chain toward the bilayer interior, indicating that the -C-H vectors tend to become more

parallel to the bilayer plane in this region.

With this in mind, we compared the SCD values in the presence and absence of 4HB.

Figure C.3 and Figure C.4 (Appendix C) shows the variation of SCD with carbon number,

where lower numbers correspond to carbon atoms closer to the headgroup. Across the

bilayers, lipid order remains largely unaffected by the presence of 4HB, with only minor

changes observed in anionic membranes. In these cases, a slight reduction in the order

parameter is limited to the PG lipid acyl chains-affecting either the sn-2-oleoyl chain (as

in PE:PG) or both chains (as in PC:PG). This decrease is mostly localized near the bilayer

surface and diminishes in the interior. As noted in Equation 5.2, the angular brackets

denote averaging over the entire lipid ensemble, which may mask structural changes oc-

curring in lipids near the 4HB. To address this, we calculated the SCD for lipid chains

within 10 Å of 4HB. Figure 5.10 and Figure 5.11 compares their SCD values with those in

the equilibrated membrane, in the absence of 4HB. Overall, lipids in close proximity to

the tetramer exhibit increased ordering in their acyl chains, especially in the sn-2-oleoyl

chain. The greatest increase is observed in the unsaturated region of the oleoyl chain,

around carbon atoms C9–C10. Furthermore, this increase in order is more pronounced in
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Figure 5.10: Changes in lipid order during 4HB adsorption on anionic mem-
branes: Order parameters of the sn-1 palmitoyl chain (left) and sn-2 oleoyl chain (right)
are shown for the zwitterionic components (PE/PC) and the anionic PG in the two het-
erogeneous bilayers, PE:PG (3:1) and PC:PG (7:3). Order parameters were calculated
in the absence and presence of 4HB. Only lipids within 10 Å from 4HB are considered

here.
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Figure 5.11: Changes in lipid order during 4HB adsorption on zwitterionic
membranes: Order parameters of the sn-1 palmitoyl chain (left) and sn-2 oleoyl chain
(right) are shown for the zwitterionic PE and PC bilayers. Order parameters were
calculated in the absence and presence of 4HB. Only lipids within 10 Å from 4HB are

considered here.

the bilayer interior than near the surface. Among the two lipid types, negatively charged

PG lipids are more strongly affected than their zwitterionic counterparts in the mixed

membranes (PE:PG and PC:PG) (Figure 5.10). Among the pure zwitterionic bilayers,

PC chains are more ordered than PE chains (Figure 5.11). Notably, PG chains exhibit

the highest degree of order among all lipid types. However, the neutral co-component

also influences this ordering. Specifically, PC lipids-being more ordered than PE-enhance

the order of adjacent PG lipids almost synergistically. If PG alone dictated the increase

in ordering, we would expect similar changes in PE:PG membranes, which is not the

case. As discussed in Figure 5.6, the 4HB sits atop the membrane surface with a few

residues intercalated into the interface between lipid headgroups and tails. This mode of

adsorption locally enhances lipid ordering, promoting a transition toward the gel phase by
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increasing the lipid melting temperature (Tm), as previously reported for the full-length

LL-37 peptide [392].

5.3.6 Free energy of membrane invasion of 4HB

The potential of mean force (PMF) for 4HB membrane invasion was examined in three

of the four membrane systems. These membranes represent either bacterial (PE:PG or

PC:PG) or mammalian (pure PC) compositions. The goal was to assess the therapeutic

potential of 4HB aggregates. To evaluate the energy barrier to invasion, SMD simulations

were initiated with 4HB adsorbed at the bilayer–water interface. All three membranes

Figure 5.12: Free energy of membrane invasion of 4HB: The potential of mean
force (PMF) for the transfer of 4HB into the bilayer interior from the bilayer-water
interface. The PMF profiles are evaluated for the two anionic (bacterial) membranes,

namely PE:PG, PC:PG and the zwitterionic (mammalian) PC membrane.

resisted penetration into the bilayer interior, but to different extent (Figure 5.12). The

PMF profile rises sharply as 4HB penetrates into the bilayer core and then plateaus around

17 Å. The highest barrier was observed for the PE:PG system (≈53 kcal/mol), followed
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by pure PC (≈38 kcal/mol) and then PC:PG (≈29 kcal/mol). The penetration barrier

is correlated to the membrane thickness, with PE:PG being the thickest (41.21±0.52 Å)

among the three. Though PC:PG (37.96±0.45 Å) and PC (37.30pm0.43 Å) bilayers have

comparable thickness, the presence of the anionic PG lipids make the invasion fascile in the

former. Among the two bacterial membranes, PE:PG-mimicking Gram-negative bacteria-

offered the strongest resistance to 4HB entry. In a previous study, Engelberg et al. had

shown that hLL-3717-29 aggregates are active against Gram-positive bacteria [205]. Here,

we observed unfavorable invasion into the Gram-negative membrane, which may indicate

selective activity. In contrast, the PC:PG membrane, differing only in the headgroup

of its zwitterionic component, provided the least resistance, suggesting that 4HB can

translocate more easily and may therefore have therapeutic applications. For the pure

PC membrane, an intermediate barrier was observed which hint at potential cytotoxic

effects of 4HB.

Another possible role for 4HB aggregates is as membrane sensors. In Section 5.3.5, we

showed that 4HB binds strongly to PE:PG membranes, which have higher intrinsic cur-

vature, and that binding further increases this curvature. Consistent with this, we now

observe a very high energy barrier to invasion in this system. These findings align with

the model proposed by van Hilten et al. [393], which suggests that binding and sens-

ing lie on a continuum, where strong binders tend to be poor sensors and vice versa.

The exceptionally high barrier of 4HB towards PE:PG makes it a poor binder and could

therefore be leveraged for sensing Gram-negative bacteria. In summary, 4HB exhibits dis-

tinct membrane invasion tendencies, leading to different functional outcomes depending

on membrane composition.

5.3.7 Is it possible to self-assemble 4HBs near bacterial mem-

branes?

From the preceding sections, we uncovered the sensing, cytotoxic, and antibacterial prop-

erties of the hLL-3717-29 4HB. In particular, the sensing and antibacterial effects of the

4HB raise the question of whether this self-assembly can be generated in situ, at the site of
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infection. Previous work by Engelberg et al. [205] suggested that the peptide’s antibacte-

rial activity is linked to its aggregation tendency but did not clarify the sequence of events

leading to membrane disruption. Here, we investigate whether aggregation precedes mem-

brane binding-a possibility that could address both questions, but is difficult to capture

experimentally. To this end, we monitored how 4 hLL-3717-29 peptides, initially separated

(≈20 Å), aggregate in the presence of the anionic (bacterial) membranes. Since peptide

aggregation is a stochastic event, we spawned multiple trajectories starting from different

initial configurations to test the consistency of the results. Figure 5.13 shows the time

evolution of the oligomers, superposed with the total number of peptide-lipid contacts,

quantifying the peptide-lipid interactions during aggregation. In most trajectories, the

peptides oligomerize into lower-order aggregates (dimers and trimers) even before estab-

lishing contact with the lipid headgroups. However, in a few trajectories (Traj-1 in PE:PG

and Traj-2 in PC:PG), the oligomer growth occurs after the peptides have adsorbed on

the membrane. This indicates that aggregation generally occurs in the aqueous layer and

rarely on the membrane surface. The highest tetrameric state was achieved in 3 trials

(Traj-1, Traj-2 of PE:PG and Traj-1 of PC:PG bilayers), out of which two dissociated as

the simulation continued. Though aggregation is favored, these incipient tetramers are

generally unstable in the presence of the membrane. Among the two bilayers, PE:PG

favours the trimers (and rarely tetramers), while the PC:PG favours dimers and prevents

further growth. Across all systems, the number of peptide-lipid contacts increases with

time as the oligomers embed on the membrane surface, except in cases where the oligomers

break down. The breakdown event is reflected in the sharp decrease in peptide-lipid con-

tacts, which increases again as the fragments embed on the membrane separately. If we

recall our previous study [146], the hLL-3717-29 peptides aggregate in the absence of a

membrane via two pathways. The major pathway (70.1%) follows the sequence: [1,1,2]

→ [1,3] → [4], whereas the minor pathway (25.2%) follows the sequence: [1,1,2] → [2,2]

→ [4]. A pattern emerges where the PE:PG bilayer appears to hack into pathway-1 and

stops oligomer growth beyond trimers. Conversely, the PC:PG bilayer either arrests the

oligomerization at the [1,1,2] state or proceeds one step further into pathway 2, prevent-

ing further growth of the dimer pair. This is verified from the smallest oligomer size in
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the systems (Figure C.5(A)), Appendix C) either a monomer (in the former case) or a

dimer (in the latter). Extension of the simulations for another 200 ns failed to change the

oligomer size in either of the bilayers (Figure C.5(B), Appendix C). From our observa-

tions, it is evident that the membrane environment influences the incomplete aggregation

among the peptides. However, our previous studies show that the tetramers form rapidly

and remain stable in solution. Since the antimicrobial activity is linked to the extent of

aggregation, we may conclude that aggregation precedes membrane disruption.

Figure 5.13: Self assembly of hLL-3717-29 in the presence of anionic (bacte-
rial) membranes: Time evolution of peptide clusters on the membrane surface. Clus-
ters were identified by a nearest-neighbor approach. The number of peptide-lipid con-
tacts have been plotted alongside to track membrane interactions during self-assembly.

5.4 Conclusion

In this chapter, we study the interaction of a pre-formed 4-helix bundle (4HB), com-

posed of the core segment (17–29) of the human LL-37 peptide (hLL-3717-29), with model

membranes. The 4HB has a distinct cross-α amyloid architecture, representing a new

type of self-assembled structure in nature. We investigate how 4HB interacts with mem-

branes of different compositions, using four model systems: two anionic (PE:PG (3:1)

and PC:PG (7:3)) and two zwitterionic (PC and PE). Our study examines the mode of
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4HB–membrane interaction, the structural changes in 4HB and bilayers during these in-

teractions, and the thermodynamic basis of binding. We also calculate the potential of

mean force (PMF) for 4HB transfer from the bilayer–water interface into the bilayer core

for the two anionic membranes and the zwitterionic PC bilayer. In addition, we explore

whether these 4HBs can form in the presence of anionic membranes. The 4HBs adsorb

onto the bilayer surface in a face-down orientation that maximizes interactions with lipid

headgroups. These interactions are primarily electrostatic, with surface residues of 4HB

forming salt bridges with charged headgroups. Binding is stronger with anionic mem-

branes than with neutral ones because of the presence of PG lipids. Among the zwitteri-

onic membranes, binding is favored to PE over PC due to the smaller headgroup of PE,

which facilitates closer contact and enhances interactions with PG lipids in a synergistic

manner. Adsorption occurs mainly on the membrane surface, where positively charged

residues penetrate the interfacial zone between lipid headgroups and tails. Among these

residues, Arg side chains intercalate more effectively than Lys. Although surface adsorp-

tion reduces translational entropy, the release of bound ions upon 4HB binding makes the

process thermodynamically favorable. The displaced ions depend on bilayer composition:

Na+ ions in anionic bilayers and Cl– ions in neutral membranes.

Adsorption alters both the 4HB and membrane structure. For 4HBs, while the secondary

structure of individual peptides and their internal arrangement remain intact, the over-

all bundle becomes more elongated, showing unequal compression along its axes. For

membranes, adsorption increases curvature, particularly in anionic bilayers. Lipids in

the vicinity of 4HB also exhibit increased ordering, indicating a departure from the fluid

phase. 4HBs encounter a steep energy barrier when moving from the interface into the

bilayer interior. This barrier is highest in the PE:PG system, followed by PC and PC:PG.

The high barrier suggests weak penetration into PE:PG membranes but possible toxi-

city toward PC and PC:PG bilayers. Taken together with the curvature effects, these

results indicate that 4HB acts as a sensor of PE:PG membranes and as a disruptor of

the other systems. Finally, we examined whether hLL-3717-29 peptides can self-assemble

into functional 4HBs in the presence of bacterial membranes. Simulations show that ag-

gregation generally begins in the aqueous phase, and contact with the bilayer surface
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inhibits further oligomer growth. Tetramers, essential for antibacterial function, were

rarely formed and remained unstable near the membrane. PE:PG bilayers favored trimer

formation, whereas PC:PG promoted dimers and hindered further assembly. Compared to

solution-phase behavior, where tetramers readily form, the membrane environment slows

or redirects aggregation pathways. These findings suggest that 4HB assembly occurs pre-

dominantly before membrane interaction, establishing a mechanistic sequence critical for

the peptide’s antibacterial activity.
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Chapter 6

Effect of Point Mutations on the

Aggregation Tendency of the

Antimicrobial Fragment Peptide

hLL-3717-29
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Overview

The aggregation of host defense peptides has been directly linked to their membranolytic

property. An instance of such aggregation-induced cell lysis is observed in the hLL-3717-29

peptide. Mutational studies, particularly at the Ile24 position, leads to reduced antimi-

crobial potency; however, direct evidence linking these mutations to altered aggregation

propensities remains absent. Here, we perform all-atom molecular dynamics simulations

under NPT conditions to study the aggregation behavior of the wild-type (WT) peptide

and five I24 mutants with hydrophobic (I24A), charged (I24D, I24K), or polar (I24Q, I24S)

substitutions. All systems exhibit rapid formation of small oligomers through hydropho-

bic collapse, followed by a biphasic aggregation process: an initial growth phase and a

lag phase of structural reorganization. I24D and I24Q emerge as strongly aggregation-

prone, I24K is aggregation-resistant, and others show intermediate behavior. Transition

network analysis reveals mutation-specific aggregation pathways that deviate from the

dominant WT routes. Secondary structure analysis shows that mutations destabilize

the amphipathic α-helix, especially in charged variants, with helix unfolding localized

near the termini. Aggregate morphology remains predominantly fibrillar across systems,

though internal order and packing specificity vary. Energetically, aggregation is driven by

a balance between electrostatic and van der Waals forces, with mutation-dependent pref-

erences. Preferential interaction parameters and hydrogen-bonding analyses highlight the

competition between peptide–peptide and peptide–water interactions in controlling ag-

gregation. I24K exhibits strong solvation and minimal aggregation, whereas I24D forms

hydrated yet highly aggregated clusters. These results underscore the nuanced interplay

between sequence, structure, solvation, and aggregation in antimicrobial peptides, offering

insights for rational design of peptide-based materials and therapeutics.
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6.1 Introduction

Aggregation between antimicrobial peptides (AMPs) plays a vital role in their bioactivity

and can be used to create biomaterials of medicinal importance [394]. These peptides

are intrinsic components of the host immune system and provide the first line of de-

fense against invading pathogens [296]. Due to their structural diversity and potency,

AMPs have emerged as promising alternatives to conventional antibiotics, with several

currently undergoing clinical trials [395, 396]. Such alternative treatments are becoming

increasingly vital, as the World Health Organization (WHO) reported 1.27 million deaths

related to antimicrobial resistance in 2019, making it the third leading cause of morbidity

worldwide [5].

Although most studies focus on the antimicrobial effects of monomeric AMPs, their ag-

gregates often provide significant advantages. However, the evidence on the role of ag-

gregation in antimicrobial activity is mixed. For example, self-assembly in certain AMPs

enhanced their antimicrobial property [339, 397–402], often improving their selectivity

toward bacteria [403] or yeast cells [404]. Here, the mechanism of membrane disruption

shares similarities with electroporation [405, 406] where the electric field induced by the

aggregates perturbs the integrity of the membrane, leading to pore formation. The electric

field arises from the positive charges on the peptide surface, which promote binding to

the negatively charged bacterial membranes [407–410]. Moreover, the loss of translational

entropy associated with binding to the membrane is lower for larger aggregates, which

increases aggregation in these peptides [388, 389].

In contrast, multiple studies suggest that aggregation in AMPs inhibits their antimicrobial

activity [337, 411]. The loss in antimicrobial property stems from the increased peptide-

peptide interactions that increase the free energy barrier for membrane insertion [412].

In addition to binding, aggregation also reduces the ion transport capability of certain

AMPs [413].

Beyond antimicrobial activity, self-assembly among AMPs can also be used to develop

biomaterials for drug delivery and regenerative medicine [414, 415]. The self-assembly
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is reversible, driven primarily by non-covalent interactions, leading to supramolecular

structures of different morphologies [308, 416, 417]. In addition to their biocompatibil-

ity, these structures have a long shelf-life and are protected from proteolytic degrada-

tion [418]. The architecture in these structures ranges from nanoparticles [419, 420],

nanofibrils [171, 295, 421], nanotubes [422], among others. The bacterial selectivity of

these biomaterials depends on the extent of packing and the storage modulus [423, 424].

Notably, some AMPs can also self-assemble into hydrogels, which are influenced by the

pH of the medium [425–429]. Often, the self-assembly is impeded due to the high positive

charge density on these peptides, but can be improved by chemical modification of the con-

stituent amino acids [430, 431]. Additionally, self-assembly might improve condensation

and release of AMPs from the pores of mesoporous carriers with potential applications

in drug delivery [432]. To take advantage of these materials, it is essential to under-

stand the physicochemical factors that govern the self-assembly in AMPs. Self-assembly

Figure 6.1: Mutant peptides to study the sequence-aggregation relationship
in hLL-3717-29 peptides: van der Waals representation of the mutated residue at
position 24 of hLL-3717-29. Mutated residues are (i) hydrophobic (yellow), (ii) cationic
(red), (iii) anionic (blue), or (iv) polar which leads to differences in net charge, hy-

drophobicity and the Arg/Lys ratio of the peptides as elaborated in Table 6.1.

among AMPs depends on multiple factors, including peptide length, charge, concentra-

tion, secondary structure, hydrophobicity, hydrophilicity, identity of the charged residues,
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Table 6.1: Physicochemical properties of the peptides used in Chapter 6

Peptide Sequence Hydrophobicitya Chargeb R/K ratioc

WT FKRIVQRIKDFLR -0.44 +4 1.5

I24A FKRIVQRAKDFLR -0.65 +4 1.5

I24D FKRIVQRDKDFLR -1.05 +3 1.5

I24K FKRIVQRKKDFLR -1.08 +5 1

I24Q FKRIVQRQKDFLR -1.05 +4 1.5

I24S FKRIVQRSKDFLR -0.85 +4 1.5

aKyte-Dolitte hydrophobicity index
bPROPKA assigned charges
cArg/Lys ratio

etc. [394, 417, 433, 434] Among these, the interplay between hydrophobic and hydrophilic

forces is of particular relevance as it governs the aggregation state and the selectivity of

AMPs to bacterial cells [403, 411, 435]. The peptide secondary structure also plays a

key role as random coil conformations give rise to non-specific interactions forming loose

aggregates [436]. Another factor is the overall charge of the peptide, where a decrease in

positive charge leads to amyloid deposits with loss in antimicrobial property [337]. Be-

sides, peptide aggregation is a cooperative process where the surrounding water molecules

exert a substantial influence [437].

This Chapter explores how these factors collectively affect the aggregation of the antimi-

crobial fragment peptide hLL-3717-29, derived from the full-length LL-37 peptide. Our

previous study addressed how this peptide aggregates from a dispersed state using semi-

empirical Markov state models and the transition path theory [146]. In addition to path-

ways, we have also highlighted the importance of the central Ile24 in the aggregation

process. Here, we selectively mutate Ile24 to generate mutants varying in their overall

charge, hydrophobicity, and hydrophilicity as illustrated in Figure 6.1. Specifically, we
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substituted Ile24 with one hydrophobic (Ala), two charged (Lys and Asp), and two polar

residues (Gln and Ser), each chosen for their differences in the hydrophobic length, the na-

ture of charge, and the number of hydrogen bonding sites in their side chains (Table 6.1).

These mutants were carefully selected based on a previous work, where they showed re-

duced antimicrobial property (MIC≥100 µM) than the WT [205]. Through molecular

simulations, we resolve the sequence-aggregation relationship in the hLL-3717-29 peptides

by addressing the following questions:

1. How does sequence affect the aggregation tendency (kinetics, distribution, and path-

ways) among the WT hLL-3717-29 and its mutants?

2. How do mutations affect the helical structure of the peptides during aggregation?

3. How do the resulting aggregates differ in shape and size?

4. What key interactions differentiate the aggregation tendency among these peptides?

5. What is the role of water molecules in this highly cooperative aggregation process?

We have generated µs-long molecular dynamics (MD) simulations of the WT and its

mutants solvated in explicit water under ambient conditions (T = 300 K, P = 1 bar) to

answer our queries. From the simulated data, we first identified oligomers among peptides

based on a distance cutoff using a nearest-neighbor approach adopted previously. We then

deduced the population of each oligomeric state, how they develop over time, and the

pathways they adopt to transform from one state to another. Next, we detected changes in

the secondary structure of the peptides during aggregation and figured out their unfolding

patterns. For further structural insights, we also estimated the shape and compactness

of the oligomeric species for the WT and mutant systems. Following structural nuances,

we identified key hydrophobic and hydrophilic interactions that drive aggregation among

the peptides and calculated the energy associated with these interactions. Finally, we

explored the interactions between the peptides and water molecules and the energy of

these interactions in this highly cooperative aggregation process. Our study provides

molecular insights into the sequence-aggregation relationship in amphipathic AMPs, which
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can be utilized to design synthetic peptides or biomaterials with enhanced antimicrobial

properties.

We have organized the rest of the Chapter into the following four sections: In Section

6.2, we explain how the mutant peptides and the simulation systems were created from

scratch and lay out the conditions and parameters of the MD simulations. In addition,

we also provide the details of the analyses used in this study. In Section 6.3, we discuss

the observations we collected from our analyses and relate them to previous literature. In

Section 6.4, we summarize our findings and propose a unified explanation of the structure-

aggregation relationship in the hLL-3717-29 peptide.

6.2 Computational Details

6.2.1 Preparation of the Mutant Peptides

The coordinates of the WT hLL-3717-29 monomer were extracted from the X-ray crys-

tal structure of the peptide self-assembly reported in the Protein Data Bank (PDB ID:

6S6M) [205]. Based on this WT template, the mutant peptides were prepared in the tleap

module of AMBER20 [315]. Before loading the WT into tleap, the X-ray designated hydro-

gen atoms were removed using pdb4amber. For the mutants, the heavy atoms of the Ile24

residue were also removed, keeping only the backbone atoms intact. The hydrogen and

heavy atoms (consistent with the mutated residue) were reincorporated into the peptides

based on the amino acid library maintained in AMBER20. The net charges on the peptides

(Table 6.1) were calculated based on their protonation states at neutral pH, as predicted

by PROPKA [217, 218]. The termini were capped with acetyl (ACE for N-terminal) and

N-methyl (NME for C-terminal) groups to prevent spurious charged interactions among

them [365]. The peptide parameters (charges, bonding, and non-bonding) were assigned

from the AMBERFF14SB force field [219]. The tleap-generated structures were minimized

in vacuo before using them for further system preparations.
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Table 6.2: Details of the systems used in Chapter 6.

Peptide Np
a NNa+

b NCl−
c Time (ns)

WT 8 40 72 3×1000

I24A 8 40 72 3×1000

I24D 8 40 64 3×1000

I24K 8 40 80 3×1000

I24Q 8 40 72 3×1000

I24S 8 40 72 3×1000

aNumber of peptides
bNumber of Na+ ions
cNumber of Cl− ions

6.2.2 Preparation of the Solvated Systems

Separate systems were prepared for each peptide (WT and mutants) to study self-assembly

among them. 8 copies of the peptide monomer were placed sufficiently apart (≈ 20 Å)

in a cubic box using PACKMOL [221]. These dispersed systems were then solvated in

tleap using a pre-equilibrated water box at 298 K with a padding of 12 Å to prevent

peptides from interacting with their images. Roughly 15000 water molecules (≈ 1875

per peptide) were added per system. The water molecules were modelled using the rigid

TIP3P force field [220]. An adequate number of Na+ and Cl- ions were added to ensure

electroneutrality and mimic a physiological ionic strength of 0.15 M NaCl [222]. The

ion parameters, compatible with TIP3P water, were obtained from the works of Joung

and Cheatham [223]. Multiple copies of each system were prepared to check data repro-

ducibility. The composition of the systems used in this study is tabulated in Table 6.2.
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6.2.3 Simulations of Peptide Assembly

Systems were relaxed in two steps – steepest descent followed by conjugated gradient

method – of 5000 cycles each [365, 438]. The CPU-based SANDER implementation of

AMBER20 was used to minimize steric clashes between the peptides and the surroundings

till the energy converged to a minimum (≈ 10-5 kcal/mol). The minimized systems were

then heated in increments of 50 K over 6 stages (25 ps each) and equilibrated at 300

K (for 1 ns) under NVT conditions [439]. To fix the box volume and eliminate void

spaces, the systems were further equilibrated (4 ns) under NPT conditions. The final

concentration of the peptides post-equilibration (box length≈78 Å) was around 0.03 (M).

During equilibration, the peptides were held in place with harmonic positional restraints

having a force constant of 10 kcal/(mol Å
2
). Following this, the systems were simulated

unrestrained under NPT conditions for 1 µs each. The µs-long trajectories were attained

using the PMEMD module of AMBER20 running on NVIDIA A100 graphics units [228].

During production, the state of the system at time t + ∆t was determined from the

coordinates at time t fed into a discrete-timestep leapfrog integrator [151]. The integration

was performed every 2 fs (∆t) after restraining high-frequency motions of the covalently

bonded H using the SHAKE algorithm [226]. The isothermal conditions were enforced

using a Langevin thermostat with a collision frequency of 1 ps-1 [225]. A constant pressure

of 1 bar was maintained using the Berendsen barostat with a coupling constant of 2

ps [224]. The short-range non-bonded interactions (vdW and electrostatic) were calculated

using a spherical cutoff of 10 Å. The electrostatic component, in particular, was determined

using the Particle Mesh Ewald (PME) summation method: the short-range component

was calculated in the real space (with a spherical cutoff), and the long-range component

was evaluated in the Fourier space with grids placed every 1 Å [227]. Periodicity of the

cubic box was preserved along the three coordinate axes to remove surface effects during

simulation [150]. The system coordinates were logged every 2000 steps (4 ps) during

production for further analyses. Each system was simulated thrice, starting from different

initial coordinates and velocities, to test the reproducibility of the results.
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6.2.4 Analyses

Clusters among peptides were identified based on a distance cutoff of 4 Å using the nearest-

neighbour algorithm discussed in Chapter 3 [146, 229]. The percentage abundance of the

oligomers was calculated based on:

P (n) =
⟨N(n, t)⟩∑
n

⟨N(n, t)⟩
× 100 (6.1)

where N(n, t) denotes the number of oligomers of size n at time t and the angular brackets

denote time and ensemble averages. The oligomeric states computed in each frame dis-

cretize the continuous MD trajectories into temporal transitions between the 8 oligomeric

states. These transitions were captured in an 8×8 matrix, where the rows and columns

enumerate the aggregate size of the peptides. The element (i, j) in this transition matrix

represents the total number of transitions from state i to state j, pooled over multiple

simulation repeats of each system (Figure D.1, Appendix D). This matrix was used to

construct the coarse-grained transition networks using the NetworkX library in Python

3 [440, 441]. Only the upper diagonal elements (oligomer growth events) were used to con-

struct transition networks. The node sizes and the edge weights were normalized relative

to the highest populated state and the highest frequency transitions, respectively. The

secondary structure of the peptides was determined using the Dictionary of Secondary

Structure Prediction (DSSP) algorithm proposed by Kabsch et al [324].

The compactness of each oligomer was quantified based on Equation 4.2. The polar (P1)

order parameter of the aggregates were evaluated according to Equation 4.3 in Chap-

ter 4.3. Contacts between the residues of a peptide pair were based on a similar 4 Å

cutoff distance. All possible peptide pairs within each oligomer were checked for contacts,

with each successful contact assigned a value of 1 and the absence of contact assigned 0.

The contact information was recorded in a matrix where the rows and columns represent

the residues in the peptides. The final contact maps were normalized by the total number

of pairwise interactions and represented as heatmaps using the Seaborn library of Python
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3 [441]. Hydrogen bonds were identified based on geometric criteria established in previ-

ous studies [442–444]. These bonds were broadly categorized according to the interacting

partners: peptide–peptide (PP) and peptide–water (PW). The peptide–peptide hydro-

gen bonds were further divided into intra-peptide and inter-peptide. The dehydration

behavior of the peptides was measured in terms of rd, defined as[445]:

rd =
nPP
HB(intra)

nPP
HB(intra) + nPP

HB(inter) + nPW
HB

(6.2)

To explore the aggregation landscape, the number of hydrophobic contacts (nPP
HC) and

inter-peptide hydrogen bonds (nPP
HB) were jointly projected onto a free energy surface

(FES). The free energy (∆Gi) for each state i was calculated following[378, 446]:

∆Gi = −kBT ln

(
Pi

Pmax

)
(6.3)

where Pi/Pmax is the probability distribution ratio of state i relative to the maximum

populated state, and kB and T represent the Boltzmann constant and temperature, re-

spectively. The The non-bonded interaction energies (van der Waals and electrostatic)

were calculated using NAMD Energy Plugin (Version 1.4) in VMD [325]. The total non-

bonded energy was also classified as hydrophobic or hydrophilic depending on the residue

types used for calculation - hydrophobic for residues Phe, Ile, Val, Leu, and hydrophilic

for Lys, Arg, Gln, and Asp [445]. The aggregation propensity of the peptides relative to

their interaction with water can be quantified using the preferential interaction parameter,

τPP
PW , expressed as [447–449]:

τPP
PW = ρP (GPP −GPW ) (6.4)

where GPP and GPW are the Kirkwood-Buff (KB) integrals derived from the radial dis-

tribution functions of a peptide around a reference peptide (gPP (r)) and water around a

reference peptide (gPW (r)), respectively. The radial distances were calculated based on

their center-of-mass coordinates.
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6.3 Results and discussion

6.3.1 Mutations alter the kinetics and aggregation pathways in

hLL-3717-29 variants

We conducted NPT simulations (T=300 K, P=1 atm) of the WT and its mutants in

explicit water to assess how point mutations affect their aggregation tendency. For con-

sistency in our discussions, we have conserved the original residue numbering of the WT

peptide as it appears in the core segment of the full-length human LL-37 peptide. Accord-

ingly, the N-terminal Phe begins at 17, and the C-terminal Arg ends at 29. The mutants

differ at residue 24, which is an Ile in the WT (Table 6.1).

Our results and discussions are organized into 4 main parts. The first part describes the

kinetics of oligomer formation and the pathways via which these oligomers are formed.

The second part focuses on the structural characteristics of the oligomers and the peptides

constituting them. The third part examines the nature and strength of the peptide-peptide

interactions. Finally, the fourth part explores the role of water in the aggregation process.

During the simulations, the peptides aggregate into oligomers of various sizes, broadly

categorized into three groups: (a) lower order oligomers - monomers, dimers, and trimers;

(b) intermediate oligomers - tetramers and pentamers; and (c) higher order oligomers -

hexamers and above.

To investigate the aggregation kinetics of the WT and mutant peptides, we tracked the

time evolution of the largest aggregate size in each system [441]. The maximum cluster

sizes shown in Figure 6.2A represent averages over multiple replicas for each simulated

system. Overall, point mutations resulted in distinct aggregation kinetics among the hLL-

3717-29 mutants. In most systems, intermediate oligomers formed almost spontaneously

- either at the end of equilibration or within the first 50 ns of the production run. The

I24K mutant was a notable exception, where intermediate oligomers remained unstable

and frequently dissociated into smaller aggregates, failing to form higher-order structures.
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Figure 6.2: Kinetics of oligomerization and oligomer populations:(A)Temporal
evolution of the average cluster size of the WT and the mutant systems, starting from
a completely dispersed state, having eight peptides placed sufficiently apart (≈20 Å )
in a cubic simulation box solvated with TIP3P water. (B) The percentage population
of the different oligomeric states of the WT and the mutant systems. The cluster size
and oligomer populations are averaged over the ‘n’ simulation repeats of each peptide
system. The error bars represent the standard error of the mean population, taken

across the ‘n’ replicas of each system.
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The rapid initial aggregation observed in the other systems can be attributed to hydropho-

bic collapse, which minimizes the solvent exposure of the hydrophobic residues [450–452].

Following this collapse, the aggregation kinetics can be divided into two distinct phases:

(i) a growth phase and (ii) a lag phase [453]. During the growth phase, small and interme-

diate oligomers mature into higher-order aggregates, concluding once a stable aggregate

size is reached. Dissociation events during this phase are excluded, as they typically rep-

resent short-lived, diffusion-controlled encounter complexes. In the subsequent lag phase,

the higher-order oligomers undergo repeated association and dissociation with smaller

oligomers, driven by structural reorganization within the peptides, until a stable assem-

bly is achieved.

In the WT, the growth phase extended up to 625 ns. During this period, the systems

fluctuated around a pentamer before eventually growing into a hexamer. Several higher-

order encounter complexes were observed but dissociated shortly after formation. The

resulting hexamer served as a seed for the next lag phase, during which the aggregate size

fluctuated between 6 and 7 before maturing into an octamer in the later stages (≈950 ns) of

the simulation. For I24A, I24D, and I24Q mutants, the growth phase was relatively short,

spanning up to 250 ns, during which stable hexamers formed. These systems subsequently

fluctuated between size 6 and 7 aggregates in the lag phase, with occasional transitions

to the octamer. Among them, the I24D mutant displayed fewer association-dissociation

events, and its octamers were relatively long-lived. In contrast, oligomer growth in I24S

was arrested at intermediate stages. Initially formed pentamers dissociated into tetramers

midway through the simulation (500-700 ns) before they reassembled. Toward the end of

the simulation, pentamers in I24S occasionally grew into larger aggregates (6-7), but these

encounter complexes were extremely unstable and disintegrated almost immediately.

The temporal changes in the average cluster size suggest that multiple oligomeric states

are sampled as the peptides aggregate from a fully dispersed state. To determine which

states are preferred, we calculated their populations in the WT and the mutants [454].

The populations, averaged over multiple simulation repeats for each peptide system, are

presented with the standard error of the mean in Figure 6.2B. In the WT, lower-order
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oligomers - particularly trimers - are the most abundant. Among intermediate and higher-

order states, pentamers and octamers are the most preferred within their respective ranges.

Overall, the WT shows a balanced sampling of low to intermediate aggregates. The

I24S mutant shows a similar preference for trimers and pentamers, closely resembling the

WT. However, this mutant’s octamer population is significantly reduced, demonstrating

a weaker tendency to develop into higher aggregates. In contrast, the I24A mutant shows

a marked decrease in intermediate states and a strong preference for hexamers. Other

higher oligomers are less abundant, with the heptamer slightly more preferred than the

octamer. The increase in the monomer and dimer population - almost comparable to the

hexamer - suggests a decrease in the aggregation tendency beyond the hexamer in I24A. A

similar trend is observed in I24Q, which exhibits fewer intermediate states than lower and

higher-order oligomers. However, unlike I24A, I24Q strongly favors octamer formation,

making it the second mutant (after I24D) to favor this state. For I24D, the octamer is

unequivocally the most preferred state, indicating a strong aggregation tendency in this

mutant. Otherwise, these peptides remain as monomers or are equally distributed among

the other oligomeric sizes. The I24K mutant shows a distinct shift towards monomer

and dimer populations, suggesting a drastic reduction in its aggregation tendency. The

populations of the other states decrease progressively with increasing size. Based on

these population trends, I24D and I24Q emerge as highly aggregation-prone mutants,

while I24K shows strong resistance to aggregation. The other variants exhibit moderate

(WT and I24A) to weak aggregation tendencies (I24S), often stopping at intermediate

oligomeric states.

Based on Figure 6.2B, we hypothesize that mutations alter the populations and, conse-

quently, the identity of the oligomeric species responsible for forming higher-order aggre-

gates. To test this hypothesis, we constructed transition networks depicting routes via

which peptides aggregate to higher oligomeric forms (Figure 6.3). The networks are drawn

between states that denote the size, i.e., the number of peptides in the oligomer, without

incorporating any finer molecular descriptors (for example, the oligomer shape, the na-

ture of interaction in them, etc.). The node size indicates a state’s population, and the

edge thickness connecting a pair of nodes reflects the transition frequency between them.
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Figure 6.3: Transition pathways in the WT and mutant peptides: Coarse-
grained transition networks represent the conversion between the different oligomeric
states of the WT and the mutant systems. Only step-up transitions, i.e., transitions
from lower to higher oligomeric states, have been represented. Self-transitions have
been filtered out since they fail to contribute to oligomer growth. The node size is
proportional to the state population, and the edge thickness is proportional to the
transition frequency between states. The nodes and the edges have been normalized
relative to the most populated state and the most frequent transition, respectively.

The nodes and the edges are normalized such that the largest node represents the highest

populated oligomer, and the thickest edge represents the most frequent transition. In the

WT, the most prominent pathway involves a trimer combining with a pentamer to form an

octamer. Another prevalent route is the fusion of a heptamer with a monomer to yield an

octamer. Both pentamers and heptamers originate predominantly from the highly abun-

dant trimers when they coalesce with a dimer or a tetramer. The less populated hexamers

also originate from the trimers but do not grow into the octamer. We also observed a

low, yet finite, probability of two tetramers combining to produce an octamer - a mode of

assembly previously reported for hypothetical amphipathic peptides using coarse-grained

MD simulations [455]. The aggregation pathways in the mutants deviate markedly from

those in the WT. For instance, the highly abundant hexamer in I24A accepts a dimer
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to produce an octamer, an almost non-existent pathway in the WT. In I24D, all the in-

termediate states contribute to octamer formation. While the 3+5 combination is most

favored, the other two pathways, i.e., 4+4 and 1+7, are profound and almost equiproba-

ble. Here, the heptamers originate from the hexamers instead of the trimers, as seen in

WT. For I24K, where the aggregation tendency is significantly reduced, we found that the

conversion to higher-order oligomers decreases progressively with increasing oligomer size.

Growth is arrested at the tetramer state, which is evident from the low populations of

the higher states. In I24Q, the sparsely populated intermediate states participate less in

octamer formation. Instead, the higher oligomers associate with smaller ones to produce

the octamer. In I24S, we observe an increased encounter between trimers and pentamers,

as seen in WT. However, the 2+6 pathway, absent in the WT, also contributes to octamer

formation in this mutant. The other pathways, i.e., 1+7 and 4+4, are almost non-existent

in I24S. In summary, mutations impact the kinetics of aggregation, the populations of the

oligomeric states, and the transition pathways between them.

6.3.2 Disruptive Effects of Increased Charge Density on Helical

Structure

The hLL-3717-29 fragment adopts a helical structure – almost exclusively in the presence

of a membrane - with distinct hydrophobic and hydrophilic faces that complement each

other [147, 456]. While this helical structure is not a prerequisite for its antibacterial

property, it is critical in membrane binding and biomaterials fabrication [303, 457, 458].

To investigate whether the helical structure is preserved during aggregation, we analyzed

changes in the secondary structure of the peptides using the DSSP algorithm [324]. Fig-

ure 6.4A illustrates the difference in the helical contents of the mutants compared to the

WT (70.58%) - the helix percentage decreases in all the mutants, suggesting structural loss

during aggregation. The extent of this disruption depends on the nature of the mutated

residue. For instance, charged substitutions led to the most significant perturbations,

with I24K showing greater structural loss than I24D. Among the mutants with polar sub-

stitutions, I24Q displayed less structural deviation than I24S. Despite its high aggregation
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Figure 6.4: Changes in secondary structure: (A) Difference in total α-helix (∆α-
Helix) content of the mutant peptides relative to the WT. (B) Distribution of helix
lengths in the WT and mutant peptides. The shortest helix comprises four residues,
while the longest can accommodate up to 13 residues, corresponding to the peptide

length minus the capping groups.

tendency, I24Q preserved its helical structure similar to the WT. The partial unfolding

in the mutants indicates the presence of shorter helices in the aggregates. To assess the

preferred helix length in WT and mutant peptides, we calculated the sequence length of

residues involved in α-helix formation and plotted their distribution in Figure 6.4B. The

shortest helix consists of 4 residues (where the ith C=O is hydrogen bonded to (i + 4)th

N-H), while the longest in our case is 13, which is the length of hLL-3717-29 minus the

capping groups. Consistent with our previous observation, WT peptides were the least

structurally perturbed and formed the most extended helices. In contrast, systems like

I24K and I24D, which showed reduced α-helix content, exhibited a skew toward shorter

helices. In I24S, although shorter helices were preferred, we occasionally observed a pref-

erence for longer ones, while intermediate helices were rarely present. Peptides with I24Q

and I24A mutations favored longer helices, with this tendency being more pronounced in

I24Q.

Figures 6.4A and 6.4B hint at helix unfolding during aggregation but fail to convey any

information regarding the site of unfolding. To address this, we calculated the probability

TH-3825_186122003



Chapter 6 135

Figure 6.5: Residue-wise probability of participating in an α-helix of length l (4 ≤ l
≤ 13) for the WT and mutant systems.

of a residue residing in a length ‘l’ helix. Across all systems, the loss in secondary struc-

ture occurred primarily at the termini, with unfolding more probable at the C-terminal

(Figure 6.5). For I24D, short helices preferentially formed near the C-terminal, specifi-

cally around residues 25 and 26, adjacent to the negatively charged D24. For I24K and

I24S, unfolding initiated near central residues (23 and 24) with short helices formed at

both termini. Overall, the increased charge density in I24K and I24D led to the maximum

loss of helical structure. Such an inverse relation between the two was earlier reported

for α-helical co-polypeptides of Leu and Lys [459]. In I24K, the presence of charged K24,

flanked by R23 and K25, destabilized the structure through electrostatic repulsion, leading

to maximal secondary structure loss.
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6.3.3 Larger aggregates adopt compact structures with randomly

oriented peptides

Figure 6.6: Stuctural features of the oligomers: (A) Compactness as a function
of oligomer size for the WT and mutant systems. Compactness ranges from 0 (linear,
rod-like aggregates) to 1 (spherical aggregates). (B) Polar order parameter (P1) of
the peptides as a function of oligomer size for the WT and mutant systems. P1 ranges
from 0, representing randomly oriented peptides, to 1, indicating a highly unidirectional

arrangement. P1 was calculated only for dimers and higher-order aggregates.

Having clarified the structural aspects of the individual peptides, we next explored the

aggregate morphology - specifically the shape and the internal ordering among peptides

– using two metrics: (i) the compactness factor [207] and (ii) the polar order parameter

(P1) [311]. The compactness factor, ranging from 1 (linear, rod-like aggregates) to 10

(spherical aggregates), revealed that the aggregates were predominantly linear with an

average compactness around 4, typical of fibrillar architecture(Figure 6.6A). The lower

and higher-order oligomers vary widely in compactness, but the intermediate oligomers

remained relatively consistent. In the case of dimers and trimers, the WT and I24S formed
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spherical aggregates, while the remaining mutants formed linear ones. Notably, the most

common dimer in I24A was also highly spherical. Among the higher-order oligomers (6

and above), a direct relationship emerged between oligomer shape and population: more

compact oligomers were also more abundant, while extended structures were rare, likely

due to inefficient hydrophobic packing. To delve deeper into the internal ordering among

the peptides, we calculated the polar order parameter (P1) for the WT and mutant ag-

gregates. P1 captures the directional alignment among the peptides, especially relevant

for α-helical peptides due to their intrinsic directionality. By definition, P1 varies from

0 (random orientations) to 1 (highly aligned). An average P1 value below 0.4 indicates

anisotropy in the peptide arrangement (Figure 6.6B). As oligomer size increases, peptide

orientations become increasingly random, with the highest anisotropy in octameric as-

semblies across all systems. In the case of dimers, antiparallel arrangements were favored

in I24A, I24Q, and I24K. Among higher-order oligomers, only the I24Q tetramers and

I24D hexamers showed strong orientational preferences. The WT heptamers were the

least ordered among all peptide systems.

6.3.4 Mutations alter the interaction sites within the mutants

To identify key interactions driving aggregation, we calculated the contact probability

(P ) between residues by considering every pair of peptides within an oligomer [441]. In

Figure 6.7, we present the average interaction probability, accompanied by color bars

that quantify the extent of interaction. For I24S and WT, we observed stronger inter-

residue interactions (0.0 ≤ P ≤ 0.4) compared to the other mutants (0.0 ≤ P ≤ 0.2).

Also, the highest interaction is seen only for a particular pair of residues (I24-I24 in WT

and F27-F27 in I24S), which hints at the specificity of these contacts. Except for the

WT, all other mutants display a shift in interactions towards the C-terminal end. This

indicates that mutating I24 disrupts the hydrophobic center of the peptide and inhibits

the formation of a hydrophobic core, physically forcing other hydrophobic residues to

compensate (primarily F27 and L28 at the C-terminal). Although the peptides could

have approached via the N-terminal, charged residues at this end (K18 and R19) prevent
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Figure 6.7: Interactions in the WT and mutants: Inter-residue contact maps
of the WT and the mutants. The color bar quantifies the interaction probability (P)
between two residues in an oligomer of size ‘n’ (n ≥ 1). The contact maps are normalized

over all possible interactions in a peptide pair.

such interactions. Instead, F27 and L28 at the C-terminal interact with each other and

with other hydrophobic residues in the mutants. Additionally, F27 interacts with the

hydrophobic chain of R23 in I24K and I24Q, and exclusively with Q24 in I24Q.

In contrast to the strong aggregation tendency observed for I24D peptides in Section 6.3.1,

the contact maps reveal a very low probability of interaction among residues. This can

be attributed to a loss of interaction specificity and the larger size of the aggregates,

where only a few peptides are in actual contact while the rest are clustered based on the

nearest-neighbor algorithm.

6.3.5 The mode of interaction shifts from van der Waals to elec-

trostatic in the mutants

To explain the differences in the aggregation tendency of the WT and mutant systems,

we next calculated the non-covalent interaction energy among the peptides [460, 461]. In

Table 6.3, we represent the average interaction energy per peptide along with the standard
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Table 6.3: Total non-bonded interaction energy among the WT and mutant peptides.
The average values are reported along with the standard error of the mean taken over

multiple simulation repeats

Peptide Interaction Energy (kcal/mol)

WT -19.25±2.66

I24A -21.63±0.82

I24D -103.24±5.12

I24K -20.35±0.80

I24Q -57.82±1.44

I24S -47.18±0.97

error of the mean. The peptides interact favorably in all the systems, as indicated by a

negative total interaction energy. In particular, the interaction is highest in the strongly

aggregated I24D mutant. The I24Q mutant, with an uncharged but polar Q residue, shows

the next best interaction, followed closely by I24S. The interaction energy is moderate

and almost comparable for the WT, I24A, and I24K mutants, which cannot explain the

disparity in their aggregation tendencies.

The total interaction energy, decomposed into electrostatic and van der Waals compo-

nents, reveals the interplay between these two forces in deciding the extent of aggregation

(Figure 6.8). Both components contribute to favorable peptide-peptide interactions in

I24D, I24K, I24Q, and I24S. In I24D, the electrostatic component exceeds the van der

Waals contribution (roughly three times), revealing the electrostatic origin of its strong

aggregation tendency. For mutants involving polar residues, i.e., I24Q and I24S, these

two forces contribute almost equally to the stability of the aggregates. In I24K, however,

the van der Waals contribution dominates over the electrostatic component. Given that

hLL-3717-29 already carries a net positive charge of +4 units, introducing another posi-

tively charged residue in I24K further increases electrostatic repulsion among the peptides,

thereby decreasing the overall electrostatic energy. Consequently, the weak aggregation
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tendency observed in I24K arises almost entirely from van der Waals interactions. In con-

trast, introducing a negatively charged residue in I24D promotes favorable interactions

among the peptides, as reflected by its highly negative electrostatic component.

Figure 6.8: Non-bonded interaction energy among the peptides: The total
non-bonded interaction energy decomposed into electrostatic (red) and van der Waals
(blue) contributions. The individual energy terms are averaged over the ‘n’ simulation
repeats of each peptide system. The error bars represent the standard error of the mean,

taken across the ‘n’ replicas of each system.

A complete reversal is observed in WT and I24A, where the peptides have unfavorable

electrostatic interactions. But this positive increase is compensated by a highly favorable

van der Waals interaction, which makes the overall energy negative. Thus, the mode

of interaction can be classified as purely hydrophobic (as in WT and I24A), weakly hy-

drophobic (as in I24K), or electrostatic (as in I24D), with this distinction less evident in

I24Q or I24S.
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Figure 6.9: Nature of interactions among the peptides: Joint distribution of the
inter-peptide hydrogen bonds (nPP

HB) and hydrophobic contacts (nPP
HC) and the contact

area projected on a 2D free energy surface (FES). The colorbar represents the free
energy calculated using Equation 6.3.

6.3.6 Hydrophobic interactions and hydrogen bonding exhibit

an inverse relationship within the aggregates

For all the systems, we found favorable van der Waals interactions (though reduced in

I24K), which suggests that hydrophobic interactions play a significant role during ag-

gregation. We also observed favorable electrostatic interactions for mutations involving

charged and polar residues, which hint at the possibility of hydrogen bonding. To discuss

how these two influence the aggregation tendency, we next quantified the number of inter-

peptide hydrogen bonds (nPP
HB) and hydrophobic contacts (nPP

HC) for each peptide system.

For comparison, we calculated the joint probability distribution of these two quantities

and projected them on a 2D free energy surface in Figure 6.9. Densely populated re-

gions in the free energy surface are associated with low energies and signify the preferred

state of the systems. In WT, aggregation is primarily driven by hydrophobic interactions,

with a very low probability of hydrogen bonding between peptides. Replacement of the
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I24 residue reduces the number of hydrophobic contacts in the mutants, making hydro-

gen bonding a key factor in determining their aggregation behavior. Both hydrophobic

contacts and hydrogen bonds are the lowest in I24K, which is reflected in its weak aggre-

gation tendency. In I24D, an increase in hydrogen bonding compensates for the loss of

hydrophobic interactions, thereby promoting aggregation. For I24A, the mutation reduces

hydrophobic contacts but does not enhance hydrogen bonding between the peptides. In

I24S, the incorporation of a Ser residue leads to an increase in hydrogen bonds. For I24Q,

we found two distinct regions: one where hydrophobic contacts are more than hydrogen

bonds, and the other where hydrogen bonds exceed hydrophobic interactions. Grossly, we

observe a reciprocal relationship in these two interactions where an increase in one leads

to a decrease in the other. This is explained by the amphipathic nature of the peptides,

where hydrophobic and hydrophilic residues occupy opposite faces of the helix [146]. In

summary, systems where hydrogen bonding dominates tend to exhibit faster aggregation

(I24D and I24Q), whereas systems dominated by hydrophobic interactions also aggregate,

but with slower kinetics (WT, I24A, and I24S).

6.3.7 Charged and polar mutations enhance inter-Peptide hy-

drogen bonding via sidechain interactions

Next, we categorized hydrogen bonds into two types: (i) main-chain and (ii) sidechain

hydrogen bonds, and computed their distributions for all peptides. Overall, sidechain

hydrogen bonds are more prevalent than backbone hydrogen bonds, as the sidechains

are more exposed (Figure 6.10). Additionally, the backbone amide and carbonyl oxygen

atoms participate in intramolecular hydrogen bonds, contributing to the peptides’ helical

structure. In mutants where this helical structure is disrupted, such as I24K and I24D,

we observed increased hydrogen bonding among the peptide backbones. For I24A, cross-

interactions between sidechains and backbone atoms occur (not shown in Figure 6.10),

likely due to the smaller size of the Ala residue compared to the other mutants.
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Figure 6.10: Distribution of peptide–peptide hydrogen bonds (nPPHB) in the WT and
mutant systems, categorized into total, sidechain–sidechain, and backbone–backbone

hydrogen bonds.

To identify the residues involved in inter-peptide hydrogen bonding, we next determined

the number of hydrogen bonds contributed by each residue. We also distinguished be-

tween the types of hydrogen bonds - sidechain or backbone. In WT, with the exception

of the Arg residues (R19 and R23), most hydrogen bonds originate from the C-terminal

end (Figure 6.11). The Arg residues participate in both sidechain and backbone-sidechain

hydrogen bonds, whereas the other residues primarily form sidechain hydrogen bonds.

A similar pattern is observed in I24A, except at F17, whose backbone atoms can form

hydrogen bonds with side chains of other residues. Additionally, the number of hydro-

gen bonds per residue is reduced in I24A compared to WT. In I24D, almost all residues

except V21 participate in hydrogen bonding. The mutated D24 residue contributes the

most, followed by R29 and D26. The presence of an additional negatively charged residue

significantly enhances hydrogen bonding in this mutant, with sidechain hydrogen bonds

dominating. In I24K, nearly all residues are capable of forming hydrogen bonds, although

the overall number is lower than in I24D. This reduction can be attributed to the net

TH-3825_186122003



Chapter 6 144

Figure 6.11: Residue-wise inter-peptide hydrogen bonds: Average number of
hydrogen bonds formed per residue per peptide, categorized into total, side-chain, and
backbone hydrogen bonds. Values are averaged over multiple simulation repeats for

each system.

increase in positive charge, which impedes the peptides from coming within hydrogen

bonding distance. Interestingly, the two adjacent Lys residues display contrasting be-

haviors: K24 primarily forms sidechain interactions, while K25 forms backbone hydrogen

bonds exclusively. The I24Q mutant exhibits the second highest number of hydrogen

bonds, with sidechain interactions playing the dominant role. In I24S, the introduction

of a Ser residue with a hydroxyl (-OH) group increases the number of hydrogen bonds

relative to WT, particularly at the C-terminal residues.

In summary, mutating I24 to polar or charged residues generally increases overall hydrogen

bonding across the peptide chain, engaging nearly every residue. The only exception is

I24K, where electrostatic repulsion outweighs stabilization from hydrogen bonds.
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6.3.8 Peptide–peptide interactions operate over long distances

in the aggregation-prone mutants

Since peptide aggregation is a cooperative process guided by multiple competing interac-

tions (peptide-peptide (PP), peptide-water (PW), and water-water (WW)), we next ex-

plored the role of water in the aggregation of WT and mutants [437]. First, we compared

the opposing roles of PP (promote aggregation) and PW (inhibit aggregation) interac-

tions using the preferential interaction parameter, τPP
PW , which quantifies the preference

for PP over PW interactions [447–449]. A positive value of τPP
PW indicates that PP interac-

tions exceed PW interactions, favoring aggregation [462]. Overall, τPP
PW is positive for all

systems, suggesting that aggregation is feasible (Figure 6.12A). On closer inspection, we

found that the absolute value of τPP
PW varies across systems, leading to different aggregation

tendencies. For example, in I24D and I24Q, τPP
PW increases monotonically beyond 10 Å,

indicating that PP interactions operate over long distances and strongly aid aggregation.

This is reflected in the peptides collapsing into a single octamer during simulation. In

contrast, for WT, I24A, and I24S, τPP
PW reaches a maximum and then decreases at longer

distances. In these systems, PP interactions are effective only up to ≈20 Å, beyond which

PW interactions become dominant. This limits the growth of oligomers, resulting in an

abundance of intermediate-sized aggregates in these variants. For I24K, τPP
PW shows a low

positive value, consistent with its weak aggregation tendency.

6.3.9 I24 mutations modulate peptide solvation energy

To gain further insights into PW interactions, we calculated the non-covalent interaction

energy between peptides and water, decomposed into electrostatic and van der Waals com-

ponents. The average PW interaction energy per peptide is shown in Figure 6.12B, with

error bars representing deviations from the mean. We observed favorable PW interactions

across all systems, with values approximately ten times higher than the corresponding PP

interactions. This higher PW interaction arises from the high surface-to-volume ratio of
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Figure 6.12: Mutational effect on the solvation energetics of the peptides:
(A) Preferential interaction parameter (τPWPP ) comparing peptide–peptide interactions
to peptide–water interactions. Values are averaged over n simulation repeats for each
peptide system, with the shaded region representing the standard error of the mean
across replicas. (B) Total non-bonded interaction energy between peptides and water
(PW), decomposed into electrostatic (red) and van der Waals (blue) contributions.

the aggregates, where a large portion of the peptide surfaces remains exposed to the sol-

vent, allowing numerous stabilizing contacts with water molecules. These interactions are

predominantly electrostatic, driven by hydrogen bonding between water molecules and

donor/acceptor sites on the peptides.

Among the mutants, the weakly aggregating I24K exhibits the highest PW electrostatic

interaction, while the strongly aggregating I24D shows the lowest. Additionally, I24K

displays the largest van der Waals interaction with water (–61.73 ± 2.11 kcal/mol), com-

pared to approximately –46 kcal/mol for the other systems. This observation aligns with

our earlier findings from τPW
PP , where I24K prefers to be solvated, but I24D prefers to

interact with other peptides. Differences in the PW interaction energy are less evident

for WT, I24A, I24Q, and I24S mutants.

The amphipathic nature of these peptides results in a balanced distribution of hydropho-

bic and hydrophilic residues, each contributing differently to water interactions. To ex-

plore these contributions, we calculated the total PW interaction energy separately for

hydrophobic (Phe, Ile, Val, Leu, Ala) and hydrophilic (Lys, Arg, Gln, Ser) residues (Ta-

ble 6.4). In mutants involving charged residues, namely I24D and I24K, hydrophobic
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Table 6.4: The average hydrophilic and hydrophobic non-bonded interaction energy
in the WT and the mutants, along with the standard error of the mean.

Peptide hydrophobic hydrophilic

(kcal/mol) (kcal/mol)

WT -58.33±3.37 -642.14±1.66

I24A -58.39±1.70 -639.54±2.63

I24D -80.36±4.28 -571.40±9.95

I24K -75.02±5.01 -759.63±7.25

I24Q -55.30±3.51 -635.36±7.04

I24S -59.31±2.45 -626.15±7.15

residues exhibit higher interaction with water compared to the other systems, with I24D

having the highest among the two. This suggests that charged substitutions at I24 increase

the solvent exposure of hydrophobic residues. When considering hydrophilic residues,

I24D shows the lowest PW interaction among all peptides, while I24K shows the highest.

This reinforces our observation in Figure 6.12A, indicating that I24K peptides are more

solvated than I24D. The absolute values of interaction energy suggest that the extent of

hydrophilic residue–water interaction primarily dictates the total PW interaction energy.

For the other systems, differences between hydrophilic and hydrophobic PW contribu-

tions are less pronounced, with PP interactions playing a more dominant role in driving

aggregation.

6.3.10 Hydration-aggregation trade-offs in the mutants

The electrostatic interactions shown in Figure 6.12B suggest strong hydrogen bonding

between the peptides and surrounding water molecules. To assess the role of these hydro-

gen bonds during aggregation, we calculated their time evolution for the WT and mutant
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systems (Figure 6.13A). Except for I24K, all systems show an initial decline in PW hydro-

gen bonds as peptides transition from a dispersed to an aggregated state. This decrease

reflects the displacement of water molecules from the solvation shell as PP interactions

begin to form. Notably, the extent of this decrease is more pronounced for I24D, I24Q,

and I24S compared to WT and I24A. This indicates that mutations introducing charged

residues or polar residues perturb the individual peptide solvation shells more than hy-

drophobic substitutions. In contrast, for I24K, we observed an increase in PW hydrogen

bonds over time, as PP interactions are disfavored in this mutant. Furthermore, at any

given time point, the two charged mutants (I24D and I24K) exhibit a higher number of

PW hydrogen bonds compared to the other systems, revealing the higher water solubility

of their aggregates.

The time evolution of the PW hydrogen bonds gives an idea about the temporal forces

that dictate aggregation. However, to understand the state of aggregates at equilibrium,

we need to consider the average number of PW hydrogen bonds. Considering the average

over the last 200 ns, I24K shows the highest number of PW hydrogen bonds, followed

by I24D (Figure 6.13B). In I24A, the extent of aggregation increases, and consequently,

the number of PW hydrogen bonds decreases relative to the WT. In the case of I24Q

and I24S, the number of PW hydrogen bonds improves compared to the WT, but fails

to compete with the I24D and I24K variants. Though the number of hydrogen bonding

sites is higher in I24Q, the average number of PW hydrogen bonds is almost comparable

to I24S. Peptide–water (PW) hydrogen bonds primarily form between surface-exposed

water molecules and those trapped within peptide clusters. The dehydration ratio (rd)

in Equation 6.2 quantifies the number of water molecules displaced from peptides during

aggregation. In general, rd is inversely related to the number of PW hydrogen bonds

(Figure 6.13B). For I24K, rd is the lowest, consistent with its weak aggregation tendency

and the presence of well-solvated peptide aggregates. In the case of I24D, a similar

reduction in rd might be expected due to its second-highest PW hydrogen bonds. However,

this mutant also exhibits strong PP interactions, as indicated by its high aggregation

tendency. The coexistence of strong PW and PP interactions prevents a decline in rd,

resulting in well-hydrated, viscous, fluid-like clusters in I24D. In contrast, I24Q forms
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Figure 6.13: Mutational effects on peptide-water hydrogen bonds: (A) Time
evolution of peptide–water hydrogen bonds for the WT and mutant systems, shown
for all three simulation repeats. The dotted lines represent the rolling average taken
over 100 consecutive MD steps. (B) Average number of peptide–water hydrogen bonds
(nPWHB ) and the corresponding dehydration ratio (rd) for the WT and mutants. Error bars
represent the standard error of the mean. (C) Per-residue difference in peptide–water

hydrogen bonds relative to the WT.

relatively dry aggregates, where PP interactions dominate over PW interactions, leading

to higher rd values. I24A, which aggregates more readily than WT, forms the fewest PW

hydrogen bonds and is therefore more dehydrated than WT. In I24S, the dehydration ratio

is comparable to WT, but the number of PW hydrogen bonds is higher. This increase

is balanced by stronger PP interactions, possibly due to the presence of the polar Ser

residue, which prevents the decrease in rd relative to the WT.

6.3.11 Mutations lead to differential solvation across peptide

segments

Next, we calculated the per-residue contribution to the peptide–water (PW) hydrogen

bonds in the mutants relative to the WT (Figure 6.13C). The mutated residue at position
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24 shows the highest positive deviation in PW hydrogen bonds, indicating enhanced solva-

tion of the peptide core compared to the WT. This increase is more pronounced in charged

mutations than in polar ones, with Asp showing greater solvation than Lys among the

charged residues. Among the polar substitutions, Gln forms more PW hydrogen bonds

than Ser, likely due to its greater number of hydrogen-bonding sites. The hydrophobic

Ala shows the smallest positive deviation, but its small methyl sidechain allows water

to access the backbone—unlike the bulkier Ile sidechain in the WT, which hinders such

interactions. Improved solvation at the peptide center enhances the overall solvation of

hydrophobic residues at the N-terminal, particularly I20, V21, and, to a lesser extent,

F17 (only in charged mutants). This is accompanied by a reduction in PW hydrogen

bonds at D26, near the C-terminal. Additionally, R19 at the N-terminal forms fewer PW

hydrogen bonds in most mutants, except in I24K, where this trend is reversed. This dif-

ferential solvation at the two termini correlates with the interaction pattern observed in

Section 6.3.4, where peptides preferentially interact via the C-terminal end, leaving the

N-terminal more exposed to water.

In summary, mutations at I24 lead to differential solvation across the peptide: increased

water accessibility at the central and N-terminal hydrophobic regions, and reduced sol-

vation at the C-terminal. These shifts influence both the aggregation propensity and the

water content of the resulting clusters.

6.4 Conclusions

In this Chapter, we investigated the sequence–aggregation relationship of the hLL-3717–29

peptide, given its reported link to antimicrobial activity. We performed MD simulations

of the wild-type (WT) and its mutants under NPT conditions (300 K, 1 atm) in explicit

water. The mutants differ at position 24, where Ile is replaced by hydrophobic (I24A),

charged (I24D, I24K), or polar (I24Q, I24S) residues. All systems rapidly formed small

and intermediate oligomers through an initial hydrophobic collapse, reducing solvent ex-

posure of nonpolar residues. From these early encounters, aggregation followed two kinetic
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phases: (i) a growth phase where small clusters merge into larger aggregates, and (ii) a

lag phase characterized by repeated association–dissociation events as peptides reorganize

into stable assemblies. In WT, the growth phase was relatively slow compared to I24A,

I24D, and I24Q. In contrast, I24K failed to grow beyond tetramers, while I24S stalled

around pentamers. These trends classify I24D and I24Q as strongly aggregation-prone,

I24K as aggregation-resistant, and the remaining variants—WT and I24A (moderate)

and I24S (weak)-as partial aggregators. Transition network analysis shows that aggrega-

tion pathways vary across mutants. While WT primarily aggregates via 3+5 and 1+7

routes, mutants follow different or less favored pathways. I24D aggregates through mul-

tiple equally probable routes, whereas I24K exhibits a steady decline in transitions with

increasing oligomer size, reflecting arrested growth. The amphipathic α-helical structure

of hLL-3717–29, though not essential for antimicrobial function, is crucial for membrane

binding and self-assembly. Using DSSP, we found that all mutants showed reduced helical

content relative to WT (70.6%), with charged substitutions causing greater disruption

(I24K ≥ I24D) than polar ones (I24Q ≥ I24S). Remarkably, I24Q retained WT-like helic-

ity despite its strong aggregation tendency, while I24K and I24D shifted toward shorter

helices. Unfolding occurred primarily at the termini—at the C-terminal in I24D and

near residues 23–24 in I24K and I24S—driven by local charge effects. In I24K, the dense

cluster of positive charges (K24 flanked by R23 and K25) induced maximum structural

loss. Morphologically, all systems formed mostly linear, fibril-like aggregates. Larger

oligomers (size ≥ 6) displayed a correlation between compactness and abundance, sug-

gesting that tight hydrophobic packing stabilizes higher-order states. Internally, peptides

showed low orientational order, though anisotropy increased with size. In the WT, spe-

cific inter-residue interactions centered on the peptide core (I24-I24) were prominent,

while in mutants, these shifted toward the C-terminal, especially F27–F27 and L28–L28.

Charged residues at the N-terminal, such as K18 and R19, discouraged approach from that

end. Interestingly, I24D, despite its strong aggregation, exhibited low contact specificity,

indicating loosely packed clusters. Energetically, all peptides aggregated via favorable

non-covalent interactions, though the dominant force differed across variants. I24D ag-

gregation was electrostatically driven, while I24Q and I24S showed balanced electrostatic
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and van der Waals interactions. I24K, due to its excess positive charge, experienced elec-

trostatic repulsion and relied primarily on van der Waals interactions, resulting in weak

aggregation. WT and I24A experienced unfavorable electrostatics, fully compensated by

hydrophobic interactions, making them classic hydrophobic aggregators. For I24D and

I24Q, long-range peptide–peptide (PP) interactions dominated over peptide–water (PW)

interactions, leading to single-octamer collapse. In contrast, WT, I24A, and I24S showed

limited PP interaction ranges (20 Å), resulting in more abundant intermediate oligomers.

I24K preferred solvation, with strong electrostatic and van der Waals PW interactions

counteracting aggregation. Across all systems, PW interaction energies outweighed PP

energies due to the high surface-to-volume ratio of aggregates. I24K had the strongest

PW interactions, while I24D had the weakest, reinforcing their opposing aggregation be-

haviors. Charged mutations, particularly I24D, increased water exposure of hydrophobic

residues. Hydrophilic residues, however, contributed more significantly to overall PW

energy, with I24K showing the highest and I24D the lowest values. During aggregation,

PW hydrogen bonds declined in all systems except I24K, where they increased due to

failed PP contacts. Equilibrium water content followed the trend: I24K (most hydrated)

≤ WT/I24S ≤ I24Q/I24A (most dehydrated). I24D struck a balance, forming viscous,

water-rich clusters. Changes in hydration were centered at the mutation site, enhancing

solvation of N-terminal hydrophobic residues (I20, V21) while reducing solvation near the

C-terminal (e.g., D26), thus influencing aggregation behavior and water content in the

resulting assemblies.
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Summary

Resistance to antibiotics has become a major concern in modern society and calls for

urgent attention. In response, there is growing interest in alternatives to conventional

antibiotics, with antimicrobial peptides (AMPs) receiving particular focus. AMPs are

short, cationic peptides that form an essential component of the innate immune system,

providing the first line of defense against invading pathogens.

In this thesis, we investigate the aggregation pathways of the hLL-3717–29 peptide, a pro-

teolytic fragment of LL-37 that retains antimicrobial activity and shows potential as an

alternative to traditional antibiotics. This fragment peptide has the tendency to aggregate

into fibrils with a distinct cross-α amyloid architecture. Since the antimicrobial activity

of this peptide is closely linked to its self-assembly behavior, our study first characterizes

how dispersed peptides associate to form early oligomers. We then examine how these

oligomers undergo structural reorganization to form ordered assemblies with the charac-

teristic cross-α amyloid architecture. Building on this, we investigate how specific point

mutations modulate the aggregation propensity of the peptide, and finally, we analyze

the interactions of the smallest stable oligomer (tetramer) with model membranes. A

schematic summary of these studies and their main findings is shown in Fig. 7.1. We have

structured this thesis into seven chapters. In Chapter 1, we provide a brief introduction

to antimicrobial resistance and how AMPs can be leveraged to fight against it. We also

introduce the peptide of interest, hLL-3717-29, which is at the center of this entire study.

153
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Figure 7.1: Overview of the thesis: A schematic summary of the studies pre-
sented in this work, highlighting aggregation pathways and and membrane interactions

of hLL-3717–29 peptides.

In Chapter 2, we provide a theoretical background for the computational and statistical

tools used in this thesis, namely molecular dynamics (MD) simulations and Markov state

modelling (MSM).

Chapter 3 investigates the aggregation mechanism of hLL-3717-29 using atomistic MD sim-

ulations combined with semi-empirical Markov State Models. Simulations of systems with

4 and 8 peptides reveal that aggregation begins from a dispersed state via association of

smaller oligomers into intermediate structures that eventually mature into higher-order
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aggregates. Tetramers form readily and remain stable in 4-peptide systems, whereas 8-

peptide systems segregate predominantly into trimers and pentamers, with occasionally

coalesce into octamers. Transition-path analysis highlights multiple aggregation routes,

with trimers acting as key intermediates. The peptides retain their α-helical structure

during aggregation, stabilized by intramolecular salt bridges, while hydrophobic interac-

tions, especially involving I20, I24, and Phe residues (F17, F27) drive assembly. Alanine

scanning confirms the critical role of I24 in aggregation, consistent with experimental

evidence of reduced activity in I24 mutants.

Chapter 4 uses molecular dynamics and Markov state modeling to uncover how hLL-3717–29

self-assembles into 4-helix bundles (4HBs) with cross-α amyloid architecture. The simu-

lations reveal that aggregation proceeds through disordered trimeric intermediates, which

are unstable and spontaneously reorganize into tetramers with a compact hydrophobic

core. Six metastable tetramer states (Q0–Q5) describe a pathway from disordered aggre-

gates to ordered cross-α architectures, with Q3 and Q4 serving as key intermediates en

route to the highly ordered Q5. The Q5 state exhibits optimal packing, high α-helical

content, and low solvent exposure of hydrophobic residues. In contrast, trimers popu-

late five less ordered states (T0–T4), with unfavorable electrostatic interactions and poor

packing which reduces their stability. Overall, these findings demonstrate that van der

Waals interactions among I24 guides the cooperative transition from trimers to tetramers,

producing the stable, 4HB assemblies observed experimentally.

Chapter 5 examines how a pre-formed 4-helix bundle (4HB) derived from hLL-3717-29

interacts with model membranes of different compositions. Simulations reveal that the

4HB preferentially adsorbs onto membrane surfaces in a face-down orientation driven by

electrostatic interactions, with stronger binding observed for anionic membranes. Among

zwitterionic bilayers, the 4HB shows a preference for PE over PC. Upon adsorption,

cationic Arg residues penetrate the interfacial region of anionic membranes. The loss of

translational entropy due to binding is offset by the release of ions from the membrane

surface. Binding of the 4HB induces changes in both the peptide and the membrane: the

4HB undergoes elongation in shape, while the membrane exhibits increased local curvature

in anionic systems. Lipids within 10 Å of the bound 4HB also display a marked increase
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in their order parameter which disrupts the fluid nature of the bilayers. Potential of mean

force calculations reveal that insertion of the 4HB into the membrane is associated with a

significant energy barrier, particularly in PE:PG bilayers. This suggests that the 4HB pri-

marily acts as a sensor for PE:PG membranes, while it has a higher likelihood of disrupting

PC and PC:PG bilayers. Finally, simulations of peptide self-assembly near membranes

indicate that 4HB formation occurs mainly in solution, as the membrane surface inhibits

further oligomerization and stabilizes only smaller aggregates. Together, these findings

clarify the sequence of events and mechanisms by which hLL-3717-29 aggregates interact

with and modulate different membrane types.

Chapter 6 investigates how amino acid substitutions at position I24 influence the aggre-

gation of hLL-3717–29 using MD simulations. Across all variants, peptides undergo a rapid

hydrophobic collapse to form intermediate oligomers, followed by a growth phase and a

subsequent lag phase. During the growth phase, smaller oligomers coalesce with inter-

mediates to form larger aggregates, whereas the lag phase is characterized by repeated

association–dissociation events as the oligomers reorganize structurally. The kinetics,

specifically the duration of these phases, vary significantly among the mutants. I24D

and I24Q exhibit a strong tendency to aggregate, while I24K resists aggregation due to

electrostatic repulsion. The wild type (WT), I24S, and I24A display intermediate be-

havior. Mutations generally reduce the helical content relative to the WT, with charged

substitutions causing the most prominent structural loss. The resulting aggregates are

predominantly linear and fibril-like, with larger assemblies stabilized through hydrophobic

packing. Analysis of inter-residue interactions reveals that mutations shift the key con-

tacts from the peptide core towards the C-terminal region. The balance of electrostatic

and van der Waals interactions dictates the fate of the aggregates: I24D forms loosely

packed, electrostatically stabilized clusters; I24Q and I24S display a balance between elec-

trostatic and van der Waals forces; I24K remains hydrated with weak packing; and WT

and I24A aggregates are primarily stabilized by hydrophobic interactions. Overall, the

residue at position 24 exerts a strong influence on aggregation pathways, structural orga-

nization, and hydration, offering insights into sequence–aggregation relationships relevant

to antimicrobial function.
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To conclude, this thesis offers structural and functional insights into the aggregation of

the hLL-3717–29 peptide that could be leveraged for the design of novel therapeutics and

biomaterials.

TH-3825_186122003



TH-3825_186122003



References

[1] About Antimicrobial Resistance. https:////www.cdc.gov/

antimicrobial-resistance/about/index.html, Accessed: 30-01-2025.

[2] Tenover, F. C. Mechanisms of Antimicrobial Resistance in Bacteria. Am. J. Med.

2006, 119, S3–S10.

[3] Khameneh, B.; Diab, R.; Ghazvini, K.; Bazzaz, B. S. F. Breakthroughs in Bacterial

Resistance Mechanisms and the Potential Ways to Combat Them. Microb. Pathog.

2016, 95, 32–42.

[4] Zhou, G.; Shi, Q.-S.; Huang, X.-M.; Xie, X.-B. The Three Bacterial Lines of Defense

against Antimicrobial Agents. Int. J. Mol. Sci. 2015, 16, 21711–21733.

[5] Murray, C. J. L.; Ikuta, K. S.; Sharara, F.; Swetschinski, L.; Aguilar, G. R.; Gray, A.;

Han, C.; Bisignano, C.; Rao, P.; Wool, E. et al. Global Burden of Bacterial Antimi-

crobial Resistance in 2019: A Systematic Analysis. Lancet 2022, 399, 629–655.

[6] Naddaf, M. 40 Million Deaths by 2050: Toll of Drug-Resistant Infections to Rise by

70%. Nature 2024, 633, 747–748.

[7] Founou, R. C.; Founou, L. L.; Essack, S. Y. Clinical and Economic Impact of Antibi-

otic Resistance in Developing Countries: A Systematic Review and Meta-Analysis.

PloS One 2017, 12, e0189621.

[8] Levy, S. B.; Marshall, B. Antibacterial Resistance Worldwide: Causes, Challenges

and Responses. Nat. Med. 2004, 10, S122–S129.

159

TH-3825_186122003

https:////www.cdc.gov/antimicrobial-resistance/about/index.html
https:////www.cdc.gov/antimicrobial-resistance/about/index.html


References

[9] Read, A. F.; Woods, R. J. Antibiotic Resistance Management. Evol., Med., Public

Health 2014, 2014, 147.

[10] Iskandar, K.; Murugaiyan, J.; Hammoudi Halat, D.; Hage, S. E.; Chibabhai, V.;

Adukkadukkam, S.; Roques, C.; Molinier, L.; Salameh, P.; Van Dongen, M. An-

tibiotic Discovery and Resistance: The Chase and the Race. Antibiotics 2022, 11,

182.

[11] Hutchings, M. I.; Truman, A. W.; Wilkinson, B. Antibiotics: Past, Present and

Future. Curr. Opin. Microbiol. 2019, 51, 72–80.

[12] Naghavi, M.; Vollset, S. E.; Ikuta, K. S.; Swetschinski, L. R.; Gray, A. P.;

Wool, E. E.; Aguilar, G. R.; Mestrovic, T.; Smith, G.; Han, C. et al. Global Bur-

den of Bacterial Antimicrobial Resistance 1990–2021: A Systematic Analysis with

Forecasts to 2050. Lancet 2024, 404, 1199–1226.

[13] Uddin, T. M.; Chakraborty, A. J.; Khusro, A.; Zidan, B. R. M.; Mitra, S.; Em-

ran, T. B.; Dhama, K.; Ripon, M. K. H.; Gajdács, M.; Sahibzada, M. U. K. et al.
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Kastelic, J. P.; Conly, J. M.; Götte, M.; McAllister, T. A.; Orsel, K. et al. Knowledge

TH-3825_186122003



References

Gaps in the Understanding of Antimicrobial Resistance in Canada. Front. Public

Health 2021, 9, 726484.

[47] Arcilla, M. S.; van Hattem, J. M.; Haverkate, M. R.; Bootsma, M. C.; van

Genderen, P. J.; Goorhuis, A.; Grobusch, M. P.; Oude Lashof, A. M.; Mol-

hoek, N.; Schultsz, C. et al. Import and Spread of Extended-Spectrum β-Lactamase-

Producing Enterobacteriaceae by International Travellers (COMBAT Study): A

Prospective, Multicentre Cohort Study. Lancet Infect. Dis. 2017, 17, 78–85.

[48] Lewnard, J. A.; Charani, E.; Gleason, A.; Hsu, L. Y.; Khan, W. A.; Karkey, A.;

Chandler, C. I.; Mashe, T.; Khan, E. A.; Bulabula, A. N. et al. Burden of Bacterial

Antimicrobial Resistance in Low-Income and Middle-Income Countries Avertible by

Existing Interventions: An Evidence Review and Modelling Analysis. Lancet 2024,

403, 2439–2454.

[49] Micoli, F.; Bagnoli, F.; Rappuoli, R.; Serruto, D. The Role of Vaccines in Combat-

ting Antimicrobial Resistance. Nat. Rev. Microbiol. 2021, 19, 287–302.

[50] Klugman, K. P.; Black, S. Impact of Existing Vaccines in Reducing Antibiotic Re-

sistance: Primary and Secondary Effects. Proc. Natl. Acad. Sci. 2018, 115, 12896–

12901.

[51] Mendelson, M.; Lewnard, J. A.; Sharland, M.; Cook, A.; Pouwels, K. B.; Alimi, Y.;

Mpundu, M.; Wesangula, E.; Weese, J. S.; Røttingen, J.-A. et al. Ensuring Progress

on Sustainable Access to Effective Antibiotics at the 2024 UN General Assembly:

A Target-Based Approach. Lancet 2024, 403, 2551–2564.

[52] Laxminarayan, R.; Impalli, I.; Rangarajan, R.; Cohn, J.; Ramjeet, K.;

Trainor, B. W.; Strathdee, S.; Sumpradit, N.; Berman, D.; Wertheim, H. et al.

Expanding Antibiotic, Vaccine, and Diagnostics Development and Access to Tackle

Antimicrobial Resistance. Lancet 2024, 403, 2534–2550.

TH-3825_186122003



References

[53] Li, J.; Zhou, P.; Wang, J.; Li, H.; Xu, H.; Meng, Y.; Ye, F.; Tan, Y.; Gong, Y.;

Yin, X. Worldwide Dispensing of Non-Prescription Antibiotics in Community Phar-

macies and Associated Factors: A Mixed-Methods Systematic Review. Lancet Infect.

Dis. 2023, 23, e361–e370.

[54] Lin, L.; Sun, R.; Yao, T.; Zhou, X.; Harbarth, S. Factors Influencing Inappropriate

Use of Antibiotics in Outpatient and Community Settings in China: A Mixed-

Methods Systematic Review. BMJ Glob. Health 2020, 5, e003599.

[55] Coll, F.; Gouliouris, T.; Blane, B.; Yeats, C. A.; Raven, K. E.; Ludden, C.;

Khokhar, F. A.; Wilson, H. J.; Roberts, L. W.; Harrison, E. M. et al. Antibiotic Re-

sistance Determination Using Enterococcus Faecium Whole-Genome Sequences: A

Diagnostic Accuracy Study Using Genotypic and Phenotypic Data. Lancet Microbe

2024, 5, e151–e163.

[56] Baker, K. S.; Jauneikaite, E.; Nunn, J. G.; Midega, J. T.; Atun, R.; Holt, K. E.;

Walia, K.; Howden, B. P.; Tate, H.; Okeke, I. N. et al. Evidence Review and Rec-

ommendations for the Implementation of Genomics for Antimicrobial Resistance

Surveillance: Reports From an International Expert Group. Lancet Microbe 2023,

4, e1035–e1039.

[57] Wang, H.; Jia, C.; Li, H.; Yin, R.; Chen, J.; Li, Y.; Yue, M. Paving the Way for

Precise Diagnostics of Antimicrobial Resistant Bacteria. Front. Mol. Biosci. 2022,

9, 976705.

[58] Argimón, S.; Masim, M. A.; Gayeta, J. M.; Lagrada, M. L.; Macaranas, P. K.;

Cohen, V.; Limas, M. T.; Espiritu, H. O.; Palarca, J. C.; Chilam, J. et al. Inte-

grating Whole-Genome Sequencing Within the National Antimicrobial Resistance

Surveillance Program in the Philippines. Nat. Commun. 2020, 11, 2719.

[59] Organization, W. H. Global Antimicrobial Resistance and Use Surveillance System

(GLASS) Report 2022 ; World Health Organization: World Health Organization,

2022.

TH-3825_186122003



References

[60] Ho, C. S.; Wong, C. T.; Aung, T. T.; Lakshminarayanan, R.; Mehta, J. S.; Rauz, S.;

McNally, A.; Kintses, B.; Peacock, S. J.; de la Fuente-Nunez, C. et al. Antimicrobial

Resistance: A Concise Update. Lancet Microbe 2025, 6 .

[61] François, B.; Jafri, H. S.; Chastre, J.; Sánchez-Garćıa, M.; Eggimann, P.; Dequin, P.-
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[126] Storici, P.; Tossi, A.; Lenarčič, B.; Romeo, D. Purification and Structural Char-

acterization of Bovine Cathelicidins, Precursors of Antimicrobial Peptides. Eur. J.

Biochem. 1996, 238, 769–776.

[127] Scocchi, M.; Wang, S.; Zanetti, M. Structural Organization of the Bovine Cathe-

licidin Gene Family and Identification of a Novel Member. FEBS Lett. 1997, 417,

311–315.

[128] Porcelli, F.; Verardi, R.; Shi, L.; Henzler-Wildman, K. A.; Ramamoorthy, A.; Veg-

lia, G. NMR Structure of the Cathelicidin-Derived Human Antimicrobial Peptide

LL-37 in Dodecylphosphocholine Micelles. Biochemistry 2008, 47, 5565–5572.

[129] Ding, B.; Soblosky, L.; Nguyen, K.; Geng, J.; Yu, X.; Ramamoorthy, A.; Chen, Z.

Physiologically-Relevant Modes of Membrane Interactions by the Human Antimi-

crobial Peptide, LL-37, Revealed by SFG Experiments. Sci. Rep. 2013, 3, 1854.

[130] Wang, G. Structures of Human Host Defense Cathelicidin LL-37 and Its Smallest

Antimicrobial Peptide KR-12 in Lipid Micelles. J. Biol. Chem. 2008, 283, 32637–

32643.

[131] Henzler Wildman, K. A.; Lee, D.-K.; Ramamoorthy, A. Mechanism of Lipid Bilayer

Disruption by the Human Antimicrobial Peptide, LL-37. Biochemistry 2003, 42,

6545–6558.

[132] Mücke, P.-A.; Maaß, S.; Kohler, T. P.; Hammerschmidt, S.; Becher, D. Proteomic

Adaptation of *Streptococcus pneumoniae* to the Human Antimicrobial Peptide

LL-37. Microorganisms 2020, 8, 413.

[133] Sun, C.; Zhu, M.; Yang, Z.; Pan, X.; Zhang, Y.; Wang, Q.; Xiao, W. LL-37 Secreted

by Epithelium Promotes Fibroblast Collagen Production: A Potential Mechanism of

Small Airway Remodeling in Chronic Obstructive Pulmonary Disease. Lab. Invest.

2014, 94, 991–1002.

[134] Tripathi, S.; Wang, G.; White, M.; Rynkiewicz, M.; Seaton, B.; Hartshorn, K. Iden-

tifying the Critical Domain of LL-37 Involved in Mediating Neutrophil Activation

TH-3825_186122003



References

in the Presence of Influenza Virus: Functional and Structural Analysis. PLoS One

2015, 10, e0133454.

[135] Dhiman, A.; Talukdar, S.; Chaubey, G. K.; Dilawari, R.; Modanwal, R.; Chaud-

hary, S.; Patidar, A.; Boradia, V. M.; Kumbhar, P.; Raje, C. I. et al. Regulation

of Macrophage Cell Surface GAPDH Alters LL-37 Internalization and Downstream

Effects in the Cell. J. Innate Immun. 2023, 15, 581–598.

[136] Heilborn, J. D.; Nilsson, M. F.; Jimenez, C. I. C.; Sandstedt, B.; Borre-

gaard, N.; Tham, E.; Sørensen, O. E.; Weber, G.; St̊ahle, M. Antimicrobial Protein

hCAP18/LL-37 Is Highly Expressed in Breast Cancer and Is a Putative Growth

Factor for Epithelial Cells. Int. J. Cancer 2005, 114, 713–719.

[137] Chen, X.; Zou, X.; Qi, G.; Tang, Y.; Guo, Y.; Si, J.; Liang, L. Roles and Mechanisms

of Human Cathelicidin LL-37 in Cancer. Cell. Physiol. Biochem. 2018, 47, 1060–

1073.

[138] Piktel, E.; Niemirowicz, K.; Wnorowska, U.; Watek, M.; Wollny, T.; G luszek, K.;
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[144] Bucki, R.; Leszczyńska, K.; Namiot, A.; Soko lowski, W. Cathelicidin LL-37: A

Multitask Antimicrobial Peptide. Arch. Immunol. Ther. Exp. 2010, 58, 15–25.

[145] Jiang, X.; Yang, C.; Qiu, J.; Ma, D.; Xu, C.; Hu, S.; Han, W.; Yuan, B.; Lu, Y.

Nanomolar LL-37 Induces Permeability of a Biomimetic Mitochondrial Membrane.

Nanoscale 2022, 14, 17654–17660.

[146] Mitra, A.; Paul, S. Pathways of hLL-3717–29 Aggregation Give Insight into the Mech-

anism of α-Amyloid Formation. J. Phys. Chem. B 2023, 127, 8162–8175.

[147] Li, X.; Li, Y.; Han, H.; Miller, D. W.; Wang, G. Solution Structures of Human

LL-37 Fragments and NMR-Based Identification of a Minimal Membrane-Targeting

Antimicrobial and Anticancer Region. J. Am. Chem. Soc. 2006, 128, 5776–5785.

[148] Gunasekera, S.; Muhammad, T.; Strömstedt, A. A.; Rosengren, K. J.; Göransson, U.

Backbone Cyclization and Dimerization of LL-37-Derived Peptides Enhance Antimi-

crobial Activity and Proteolytic Stability. Front. Microbiol. 2020, 11, 168.

[149] Yun, H.; Min, H. J.; Lee, C. W. NMR Structure and Bactericidal Activity of KR-12

Analog Derived from Human LL-37 as a Potential Cosmetic Preservative. J. Anal.

Sci. Technol. 2020, 11, 1–9.

[150] Allen, M. P.; Tildesley, D. J. Computer Simulation of Liquids, 2nd ed.; Oxford

University Press, 2017.

[151] Tuckerman, M. E. Statistical Mechanics: Theory and Molecular Simulation, 1st ed.;

Oxford University Press, 2010.

[152] Hollingsworth, S. A.; Dror, R. O. Molecular Dynamics Simulation for All. Neuron

2018, 99, 1129–1143.

[153] Molgedey, L.; Schuster, H. G. Separation of a Mixture of Independent Signals Using

Time Delayed Correlations. Phys. Rev. Lett. 1994, 72, 3634.

TH-3825_186122003



References

[154] Naritomi, Y.; Fuchigami, S. Slow Dynamics of a Protein Backbone in Molecular

Dynamics Simulation Revealed by Time-Structure Based Independent Component

Analysis. J. Chem. Phys. 2013, 139 .
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[387] Dickson, C. J.; Madej, B. D.; Skjevik, Å. A.; Betz, R. M.; Teigen, K.; Gould, I. R.;

Walker, R. C. Lipid14: The Amber Lipid Force Field. J. Chem. Theo. Comput.

2014, 10, 865–879.

[388] Ringstad, L.; Schmidtchen, A.; Malmsten, M. Effect of peptide length on the in-

teraction between consensus peptides and DOPC/DOPA bilayers. Langmuir 2006,

22, 5042–5050.

[389] Bysell, H.; Schmidtchen, A.; Malmsten, M. Binding and release of consensus pep-

tides by poly(acrylic acid) microgels. Biomacromolecules 2009, 10, 2162–2168.

[390] Wong, G. C. L.; Pollack, L. Electrostatics of Strongly Charged Biological Poly-

mers: Ion-Mediated Interactions and Self-Organization in Nucleic Acids and Pro-

teins. Annu. Rev. Phys. Chem. 2010, 61, 171–189.

[391] Schmidt, N. W.; Wong, G. C. L. Antimicrobial Peptides and Induced Membrane

Curvature: Geometry, Coordination Chemistry, and Molecular Engineering. Curr.

Opin. Solid State Mater. Sci. 2013, 17, 151–163.

[392] Henzler-Wildman, K. A.; Martinez, G. V.; Brown, M. F.; Ramamoorthy, A. Per-

turbation of the Hydrophobic Core of Lipid Bilayers by the Human Antimicrobial

Peptide LL-37. Biochemistry 2004, 43, 8459–8469.

[393] van Hilten, N.; Methorst, J.; Verwei, N.; Risselada, H. J. Physics-based Generative

Model of Curvature Sensing Peptides; Distinguishing Sensors from Binders. Science

Adv. 2023, 9, eade8839.
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Figure A.1: Time evolution of the maximum cluster size for hll-4 systems. The rolling
averages of the time series data are taken over 500 windows. System replicas are labelled

as n.
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Figure A.2: Time evolution of the maximum cluster size for hll-8 systems. The rolling
averages of the time series data are taken over 500 windows. System replicas are labelled

as n.
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Figure A.3: Heatmap representation of the transition matrix for hll-4 systems.
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Figure A.4: Heatmap representation of the transition matrix for hll-8 systems.
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Figure A.5: Root mean square deviation (RMSD) of the peptide backbone atoms as
a function of time for hll-4 systems. The peptides are represented by different colours.

The rolling average of the RMSD data is taken over 500 windows.
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Figure A.6: Root mean square deviation (RMSD) of the peptide backbone atoms as
a function of time for hll-8 systems. The peptides are represented by different colours.

The rolling average of the RMSD data is taken over 500 windows.
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Figure A.7: Time evolution of the secondary structure of the peptides for hll-4 systems.
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Figure A.8: Time evolution of the secondary structure of the peptides for hll-8 systems.
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Figure A.9: Residue wise secondary structure propensity for hll-4 systems.
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Figure A.10: Residue wise secondary structure propensity for hll-8 systems.
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Figure A.11: π-stacking interaction in the Phe residues of dimers, trimers and
tetramers.
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Figure B.1: Characteristics and validation of the tetramer MSM: (a) Sample
density of tetramer conformations obtained from 50 µs of cumulative molecular dynam-
ics (MD) simulations performed under NPT conditions. The densities are projected
onto the top two TICA components (lag time = 1 ns) using inter-residue distances be-
tween hydrophobic residues as the feature vector. (b) The corresponding free energy
surface in the TICA space. (c) Implied timescales of the tetramer relaxation processes
computed from MSMs at different lag times. The shaded region denotes non-resolvable
processes. (d) Relative separation of implied timescales for the MSM constructed at a
10 ns lag time. The number of macrostates is determined based on the relative timescale

separations greater than 1.5.
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Figure B.2: Chapman Kolomogorov (CK) test for the hLL-3717-29 tetramers:
The CK-test validates the 6 macrostate MSM at a lag time of 10 ns. The estimated
(blue dotted) values are in close agreement with the predicted values (black solid).
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Figure B.3: Characteristics and validation of the trimer MSM: (a) Sample
density of trimer conformations obtained from 40µs of cumulative molecular dynamics
(MD) simulations performed under NPT conditions. The densities are projected onto
the top two TICA components (lag time = 1ns) using inter-residue distances between
hydrophobic residues as the feature vector. (b) The corresponding free energy surface
in the TICA space. (c) Implied timescales of trimer relaxation processes computed
from MSMs at different lag times. The shaded region denotes non-resolvable processes.
(d) Relative separation of implied timescales for the MSM constructed at a 10 ns lag
time. The number of macrostates is determined based on relative timescale separations

greater than 1.5.
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Figure B.4: Chapman Kolomogorov (CK) test for the hLL-3717-29 trimers:
The CK-test validates the 5 macrostate MSM at a lag time of 10 ns. The estimated
(blue dotted) values are in close agreement with the predicted values (black solid).
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Figure C.1: Structural changes in 4HB during bilayer adsorption: A) Root
mean square deviation (RMSD) in the peptide backbone atoms from the crystal struc-
ture of 4HB as a function of time. B) Distribution in the polar and nematic order

parameters of 4HB in the membrane-bound state.

Figure C.2: Curvature of the bilayers in the absence of 4HB: Mean curvature
of the upper and lower leaflets of the pure bilayer. Positive curvature indicates convex

regions, while negative curvature indicates concave regions.
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Figure C.3: Changes in lipid order during 4HB adsorption on anionic mem-
branes: Order parameters of the sn-1 palmitoyl chain (left) and sn-2 oleoyl chain (right)
are shown for the zwitterionic components (PE/PC) and the anionic PG in the two het-
erogeneous bilayers, PE:PG (3:1) and PC:PG (7:3). Order parameters were calculated

in the absence and presence of 4HB.
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Figure C.4: Changes in lipid order during 4HB adsorption on zwitterionic
membranes: Order parameters of the sn-1 palmitoyl chain (left) and sn-2 oleoyl chain
(right) are shown for the zwitterionic PE and PC bilayers. Order parameters were

calculated in the absence and presence of 4HB.
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Figure C.5: Self assembly of hLL-3717-29 in the presence of anionic (bacterial)
membranes: (A) Minimum cluster size as a function of simulation time (B) Evolution

of peptide clusters extended upto 400 ns.
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Figure D.1: Heatmap representation of the transition matrices of the WT and mutant
systems. The rows and columns enumerate the oligomer size. The color bar quantifies

the frequency of transitions between two states.
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