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September 2018









Abstract

Antimicrobial resistance within a wide range of infectious agents is a severe and

growing public health threat. Antimicrobial peptides (AMPs) are among the leading

alternatives to current antibiotics, exhibiting broad spectrum activity. Their activity

is determined by numerous properties such as cationic charge, amphipathicity, size,

and amino acid composition. Currently, only around 10% of known AMP sequences

have experimentally solved structures. To improve our understanding of the AMP

structural universe we have carried out large scale ab initio 3D modelling of struc-

turally uncharacterised AMPs that revealed similarities between predicted folds of the

modelled sequences and structures of characterised AMPs. Interestingly, two of the

modelled peptides predicted to form β-hairpins lacked the intramolecular disulphide

bonds, cation-π or aromatic interactions that generally stabilise such AMP structures.

Moreover, to the best of our knowledge, the first linear αββ fold AMPs lacking in-

tramolecular disulphide bonds were found. In addition to fold matches to experimen-

tally derived structures, unique folds were also obtained.

Following the ab initio study, we performed Molecular Dynamics simulations

to check the stability of both newly modelled folds and their fold matches, as well

as to gain insight into oligomerisation and membrane interactions of selected folds.

Significant membrane curvature, thinning and disruption were observed in the pres-

ence of AMPs, as well as interdigitation, headgroup separation and phase changes.

Asymmetric ripples leading to localised periodic thinning and thickening of the

palmitoyloleoyl-phosphatidylethanolamine and palmitoyloleoyl-phosphatidylglycerol

mixture (POPE:POPG) bacterial membrane bilayer model were observed. Although



experimental and computational studies of AMPs have been previously shown to

induce ripples in pure POPG and POPC (palmitoyloleoyl-phosphatidylcholine) lipids

and in vivo, to the best of our knowledge, this is the first time AMPs were observed to

induce ripples in a POPE:POPG, or similar mixture of lipids. Distribution of charge on

the AMP surface was found to be important in differentiating between the membrane

interactions observed.

Lastly, we employed the support vector classifier method in order to develop a

comprehensive model that can classify between AMPs and non-AMPs. To the best

of our knowledge, no comprehensive classifiers based on 3D structures have been re-

ported. The main focus hitherto has been on sequence features, and the models used

were often very complex and obscure. The test set performance scores of our best

3-feature model were comparable to complex, state-of-the-art sequence-based deep

learning models. Developing a simple classifier such as the one reported in this work

enhances our understanding of how AMPs work.

The results presented in this work give an overview of the range of protein scaffolds

that naturally bear antimicrobial activity, give an insight into AMPs’ interactions with

bacterial membrane and are a step forward in protein design efforts towards better

AMPs.
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Chapter 1

Introduction

The ancestors of human pathogens are millions of years old, and humans have been

susceptible to microbial infections since the existence of humanity itself [1]. By far the

largest group of human pathogens are the bacteria (over 35%) [2], with others being

viruses, fungi, helminths and protozoa. However, most bacteria are not harmful – out

of ~90 trillion bacteria, only less than 1% are pathogenic to humans [3, 4]. Harmless

bacteria naturally live on many sites in the human body such as the respiratory system,

digestion system, skin, hair, and female genital tract [3]. Pathogens, on the other hand,

can attack virtually any site in human body. Based on their pathogenesis, bacteria can

be classified as exclusive extracellular, dual intracellular/extracellular or exclusive in-

tracellular [5], and the outcome of an infection can be elimination, death or persistence

of infection.

For many years, infections were frequently associated with superstition, religion

and myths. The idea of invisible particles or organisms that cause disease by entering

the body through the mouth and nose has been present throughout history. However,

it was not until the invention of microscopes that scholars were able to study struc-

tures that small. Finally, in 1676, Antonie van Leeuwenhoek reported the discovery of

micro-organisms, and is therefore considered as father of microbiology [6]. Interest-

ingly, van Leeuwenhoek was not willing to share his microscope-building knowledge,

and always showed his old equipment to his visitors. During the 18th century, it was
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believed that microbes can be formed on their own – a theory called spontaneous gen-

eration. The first successful attempt at vaccination was performed by Edward Jenner

in 1796, who noted that milkmaids who were exposed to cowpox were protected from

getting smallpox [7]. In 1847, a physician working at Vienna General Hospital’s First

Obstetrical Clinic, Ignaz Semmelweis, discovered the important role of hand disinfec-

tion in cutting the incidence of childbed fever [8]. Sadly, Semmelweis was ridiculed by

his colleagues who were offended by being asked to wash their hands, which resulted

in him leaving his post. It was only after his death in an asylum that his practice of

handwashing became accepted. The theory of spontaneous generation was defeated

in 1859 by Louis Pasteur [9]. Pasteur also experimented with immunisation of ani-

mals and humans, most importantly using rabies vaccine [10]. After using carbolic

acid to sterilise the medical instruments first, Joseph Lister used the solution to suc-

cessfully treat wounds in 1860s [11]. In 1876, another great discovery was made by

microbiologist Robert Koch, who demonstrated that microbes can cause disease by in-

fecting healthy calves with anthrax [12]. Based on these experiments, he established

postulates describing links between microbes and diseases, that are still being used

today. Even after these discoveries, infections were frequently treated with, for exam-

ple, bloodletting, mercury or arsphenamine (a derivative of arsenic), that have never

been proven effective. These treatments were advised by physicians and were in use

until the middle of the 20th century. The most important, and accidental, discovery in

medicine was penicillin. Working on staphylococci, in 1928, Alexander Fleming left

an uncovered Petri dish next to an open window. Overnight, the dish became contami-

nated with mould spores, and the next morning, Fleming noticed that bacteria colonies

found next to the mould were dying. He isolated the mould and identified it as a mem-

ber of the Penicillium genus, whose "juice" was active against multiple Gram-positive

bacteria, such as Streptococcus pneumoniae, Treponema pallidum, Neisseria gonor-

rhoeae, Streptococcus pyogenes and Corynebacterium diphtheriae, causing pneumo-

nia, meningitis, syphilis, gonorrhoea, scarlet fever and diphtheria. In 1945, Fleming
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was awarded a Nobel Prize in Medicine for his discovery. Penicillin is estimated to

have saved 200 million lives to date.

After penicillin’s discovery, it was a general opinion that the problem of bacterial

infections was finally solved, which can be reflected in words of Sir Frank MacFar-

lane Burnet, co-winner of the Nobel Prize in Medicine in 1960: "One can think of the

middle of the twentieth century as the end of one of the most important social revolu-

tions in history, the virtual elimination of the infectious diseases as a significant factor

in social life" [13]. This general belief led to overuse of antibiotics, and an eventual

rise of antimicrobial resistance. Current antibiotics’ cellular targets are cell wall syn-

thesis, protein synthesis (ribosomal subunits), nucleic acid synthesis, cell metabolism,

and most recently, the cell membrane, which is a target for non-ribosomally synthe-

sised peptide antibiotics. As a consequence of overuse and misuse of antibiotics, bac-

teria started to develop resistance by multiple mechanisms: enzymatic inactivation,

decreased permeability, efflux, alteration of target site, protection of target site, over-

produced target, bypass of inhibited process by mutation, and binding of the antibiotic

[3]. More importantly, bacteria were found to exchange genetic material and transfer

antibiotic resistance to other bacteria. Today, antimicrobial resistance within a wide

range of infectious agents is a severe and growing public threat [14]. A 2013 report

from the American Centers for Disease Control estimated that over 23 000 deaths and

more than 2 million cases of infections were caused by drug-resistant bacteria in the

USA alone in 2013 [15].

Antimicrobial peptides (AMPs) are among the leading alternatives to current an-

tibiotics. Their discovery dates ~100 years ago, when Alexander Fleming identified the

first human antimicrobial protein from nasal mucus. AMPs were soon after found in

plants, frogs, silk moths, and subsequently in all domains of life. Cecropin was the first

reported α-helical AMP, and this group was extended with frog AMP family magain-

ins in the 1980s. Many more AMP families were identified since, with around 3 000

AMP sequences currently available, some showing broad spectrum activity against

pathogens as well as against cancer cells [16].
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Figure 1.1: Structure of: A, Gram-negative and B, Gram-positive bacteria cell enve-
lope (adapted from [17]).

Bacteria can be broadly classified as Gram-positive or Gram-negative. Cell enve-

lope of bacteria is comprised of an inner cell membrane, a cell wall, and, in Gram-

negative bacteria, an outer membrane (Figure 1.1) [17]. Gram-positive bacteria have a

thick layer of peptidoglycan providing cell rigidity. AMPs are able to diffuse through

this layer due to the presence of nano-sized pores [18]. Distinctively, Gram-negative

bacteria have an additional outer membrane comprised of lipopolysaccharide (LPS),

rich in negatively charged phosphate groups that form salt bridges with cations such as

Ca2+ or Mg2+. This electrostatic barrier can reduce permeability of most hydrophobic

antibiotics. Gram-negatives also contain a thin layer of peptidoglycan. Therefore, in

order to reach the inner membrane, AMPs need to: 1) diffuse through the peptidogly-

can (in case of Gram-positives), or 2) disrupt the LPS-based outer membrane (in case

of Gram-negatives). While the structures of the outer cell envelopes are very distinct,

the inner membranes of the two are similar: they are comprised of a mixture of zwitte-

rionic phospholipids (such as palmitoyloleoyl-phosphatidylethanolamine (POPE) that

has small headgroups and therefore exhibits curvature easily) and anionic phospho-

lipids (such as palmitoyloleoyl-phosphatidylglycerol (POPG) and cardiolipin). The

reason behind the selectivity of AMPs is in the lipid composition: unlike bacterial

membrane, the mammalian kind is mainly composed of zwitterionic, closely packed

POPC (palmitoyloleoyl-phosphatidylcholine) and cholesterol molecules [19].
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Peptide antibiotics can be divided into two classes: 1) non-ribosomally synthesised

peptides, that frequently have high number of modifications and are usually of bacte-

rial origin (e.g. polymyxins, gramicidins, glycopeptides), tend to be highly toxic and

are used as last line of defence against multiresistant bacteria, and 2) ribosomally syn-

thesised peptides that serve as natural host defence of species [20]. This work focuses

on the latter – ribosomally synthesised antimicrobial peptides and proteins. These are

among the leading alternatives to current antibiotics, exhibiting activity against a wide

variety of bacteria and other microbes [21] and are of particular interest since they

have co-evolved with pathogens and maintained their effectiveness over hundreds of

millions of years demonstrating that definitive resistance to them is not readily acquired

by bacteria [22, 23, 24, 25]. Such proteins typically contain fewer than 200 residues,

with most much shorter – 12 to 100 residues – and hence are commonly known as

antimicrobial peptides (AMPs) [26, 27]. They are produced by the immune systems of

species from all domains of life [20]. Most of them are cationic at physiological pH,

with net positive charge ranging from +2 to +9, and hydrophobic with an amphipathic

structure [28]. Another property important in targeting bacterial membranes is amino

acid composition. Trp residues are frequently found in AMPs and multiple studies

have highlighted their importance in interactions with biological membranes. Peptides

containing only Arg and Trp residues can be highly antimicrobial [29, 30, 31, 19].

Trp residues are critical for anchoring and insertion of peptides into the membrane

[32, 33, 34, 35, 36], and their removal can have drastic effects on the antimicrobial

activity of peptides [37]. Simulations have been used extensively to probe these inter-

actions [38]. Trp is stabilised by hydrogen bond interactions with water molecules and

headgroups at the interface [39, 40]. However, the Trp residues can equally easily lie

inside the membranes where their bulky side chains can disrupt the packed lipid chains

[32]. Similar membrane interaction is also seen for Tyr and to some extent for Phe

side chains [41, 42, 43]. It is common to see the insertion of Trp residues in efforts to

design AMPs [31, 41, 44, 45].
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AMPs can contain secondary structures of all kinds – helices, β-sheets, extended,

and loop regions. Generally, AMPs can be divided in four structural groups: α, β,

αβ, and non-αβ [46]. The most abundant structural group of AMPs are amphipathic

α-helices, followed by αβ and all-β structures [47, 48]. Aside from short, linear

α-helical peptides, more complex all-α folds have also been found. These include he-

lix hairpins and helical bundles, commonly found in class II bacteriocins such as the

well-known food preservative nisin. AMPs with αβ structure often have disulphide

bonds, such as those seen in plant defensins’cysteine-stabilised αβ (CSαβ) motif.

All-β AMPs have structures comprised of multiple β-strands, for instance a simple β-

hairpin stabilised by a circular backbone and disulphide bonds (as seen in θ-defensins

of non-human primates) or the cysteine-stabilised triple-stranded β-sheet seen in hu-

man defensins. Unlike conventional antibiotics, which generally target metabolic en-

zymes, AMPs act mainly by membrane-targeting mechanisms and are selective due to

the difference in charge of prokaryotic and eukaryotic cell membranes. Furthermore,

AMPs act faster than conventional antibiotics [49, 50]. Generally speaking, AMPs

can be divided into two mechanistic classes: membrane disruptive and non-membrane

disruptive (acting on intracellular targets). The focus of this thesis are AMPs that act

by disrupting the negatively charged prokaryotic membrane, as this is the predominant

mode of action of AMPs. Three main membrane-disrupting mechanisms of action are

proposed: the barrel-stave, toroidal, and carpet model (Figure 1.2A, B, and C, respec-

tively) [51, 52, 53].

AMPs have therapeutic potential as bioactive coatings for needles, catheters, im-

plants, surgical tools, bandages, and even contact lenses. However, only a few have

been approved for clinical use, and only for topical application, mainly due to their

toxic properties [54, 55]. The main difficulty in AMP drug development is our lack

of understanding of modes of action [56]. The availability of structural information

is crucial in facilitating AMP design efforts to predict, understand and implement

knowledge-based enhancement of activities yet the pace of structural determination

lags far behind AMP discovery. Currently, there are over 2000 AMP sequences known,
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CBA

Figure 1.2: Three main proposed mechanisms of actions of AMPs: A, barrel-stave,
B, toroidal, and C, carpet model [53].

but only about 10% of them are structurally characterised. Due to co-evolution with

pathogens, AMP sequences are exceptionally diverse [23]. AMP genes have been

found to evolve rapidly in both vertebrates and invertebrates as a result of rapid gene

duplication, diversification, and positive selection. This has been documented for

mammal, bird, amphibian, and insect AMPs [24, 25, 57, 58, 59, 60, 61]. Positive

selection in AMPs seems to be highest immediately after gene duplication, although

there could be a limit on observing a high number of nonsynonymous substitutions in

distantly related sequences [62]. It is known that AMP and immune genes evolve much

faster than non-immune genes [63, 64], with other work showing that AMPs can evolve

3 times faster than other proteins [65]. Due to this rapid evolution, reconstruction of

the evolutionary history of AMPs can be a challenging task [24]. Moreover, this limits

the possibilities and scope of homology modelling that can be performed for known

sequences: not only is the number of available templates limited (see above) but evo-

lutionary relationships between targets and templates are often hard to discern. In such

cases, where no experimentally solved homologous structures exist, or exist but can-

not be identified, models have to be constructed from scratch by performing ab initio

modelling.

Successful ab initio modelling of proteins without structurally characterised ho-

mologues with RMSD values around 2–5 Å has been reported for sequences shorter
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than 100–120 residues [66, 67, 68], with the most recent CASP free modelling (also

known as ab initio modelling) experiments showing this limitation to be at 150 residues

[69, 70]. AMPs are generally small in size which makes them particularly suitable

for ab initio modelling. Furthermore, they often contain disulphide bonds which, if

their connectivity can be predicted, provide valuable additional data to guide mod-

elling. Most often, cysteines in extracellular proteins come in even numbers [71]. In

an overview of disulphide-containing AMPs, Lehrer [72] discusses peptides with in-

termolecular as well as intramolecular disulphide bonds. AMPs with one cysteine are

quite rare and have been found to form hetero- or homodimers. While redox status is

known to have an effect on antimicrobial activity [73, 74], Lehrer’s overview [72] does

not give examples of AMPs containing two reduced cysteines, showing a prevalence

for disulphide formation. Interestingly, when its cysteines are reduced by the host,

human antimicrobial peptide αβ-defensin 1 shows increased activity [74].

Exploring permeation of AMPs using imaging methods at atomistic level is not

feasible, and is therefore commonly done by performing Molecular Dynamics simu-

lations. These have been carried out using a variety of all-atom/coarse-grained mod-

els of bacterial and mammalian membranes. Model membranes can be assembled

of a variety of molecules, such as DPPG, POPG, DMPG, DOPG, DMPC, DPPC,

DPPE, POPC, POPE, DOPC, and DOPE. Bacterial membrane models contain a mix-

ture of zwitterionic phosphatidylethanolamine (PE) and anionic phosphatidylglycerol

(PG), while mammalian membranes are usually represented with phosphatidylcholine

(PC) and phosphatidylethanolamine (PE). Moreover, different structures can be used:

monolayers, micelles, liposomes and bilayers have been employed in studying peptide-

membrane interactions. The great variety of phospholipids, the different ratios of their

mixtures, and their formations, combined with different force fields available can result

in ambiguities when comparing the findings of different studies. In addition, due to the

large diversity in the sequences and structures of AMPs and their associated proper-

ties, the folding and penetration of peptides are most likely dependent on the amino

acid sequence of a certain AMP [75]. For example, while CM15 peptide, disordered in
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solution, folded faster in the presence of POPC than in the presence of POPC:POPG

[76], BMAP27, also disordered in solution, was found to fold only in the presence of

POPG, and not in POPC [77]. Another example is a β-hairpin Protegrin 1 peptide

that only inserted into the membrane when forming smaller oligomers, rather than de-

camers [78]: in contrast, the structurally more complex, Polymyxin B1 peptide easily

penetrates the membrane as a large oligomer [79]. Moreover, recently, Ulmschneider

[80] found that PGLa peptide translocates across the DMPC:DMPG bilayer without

forming pores. However, there is currently no consensus on the best computational

models for exploring mechanism of action of a given peptide [81].

Researchers have used different methods in order to optimise antimicrobial activity

on known protein scaffolds. Quantitative structure-activity relationship (QSAR), Re-

gression models and Machine Learning approaches such as Artificial Neural Network

(ANN), Support Vector Machine (SVM), Random Forests (RF) and Hidden Markov

Models (HMM) are some of the approaches employed [82, 83, 84, 85, 86, 87, 88, 89,

90, 91]. However, with the exception of a few studies [92], most of these studies are

sequence-based, and design efforts based on the structural properties of more complex

folds, such as on β-hairpins by Edwards et al. [93], or the recent paper by Liu et al.

[94] are less common. Notably, sequence information on its own is not sufficient to

determine relevant properties of folds, such as the amphipathicity or dipole moment

of the molecule. The majority of methods use a binary classification, where peptides

can be classified as AMPs or non-AMPs, probably due to the lack and inconsistency

of minimal inhibitory concentration information. In a recent study employing SVM

to train a model based on 3D features, high performance scores were obtained. How-

ever, the authors did not take appropriate care to match the distributions of AMPs and

non-AMPs, and the features used in a final model were not clearly specified. More-

over, it was argued that the potential energy descriptors were best linked to the activity

[94], but these differences can be attributed to different treatment of AMPs and non-

AMPs sets. Molecular Dynamics was performed on AMP structures only, and multiple

old non-AMP NMR structures with low resolutions probably gave rise to difference
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between the AMPs and non-AMPs in the out of plane potential energy, as only AMP

structures were refined.

State-of-the-art sequence-based classifiers that are capable of classifying AMPs

from non-AMPs report roc_auc, recall and accuracy scores of up to ~96%, ~89% and

~91% on the test set, respectively [95, 87, 88, 96, 97, 98, 90]. However, deep learning

models are complex and the features are difficult to extract. More comprehensive and

straightforward models are needed, in order to facilitate rational design of AMPs. This

can be achieved by introducing structural features, as shown in this work.

1.1 Research aims

This work overall addresses several problems: the great diversity of AMP se-

quences and the resulting challenge of elucidating their corresponding tertiary struc-

tures, their oligomerisation and interactions with the model membrane, and finally,

prediction of AMPs based on structural features.

In Chapter 2, a large scale ab initio modelling of the structures of structurally un-

characterised AMPs with Rosetta [99] was carried out, aiming to improve our under-

standing of the AMP structural universe. Although it is well-known that membrane-

active AMPs can undergo structural changes when adopting a functional conformation

at the membrane [100], prediction of structures in aqueous solution can be expected to

illuminate non-obvious evolutionary relationships and shed light on structural determi-

nants of initial membrane interaction. A protocol was devised to create a representative

set of AMP sequences which have no predicted homologues of known 3D structure,

and disulphide bonds were predicted in order to facilitate their modelling. Follow-

ing ab initio modelling, their stability was tested, their 3D structures were compared

against characterised AMPs, and fold matches as well as several unique folds were

found.

In Chapter 3, the oligomerisation and membrane interactions of modelled struc-

tures were addressed by employing Molecular Dynamics simulations. Although it is

known that pores are formed on the scale of tens of microseconds [101], early stages of
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peptide-membrane interactions for two different peptides were explored. Simulations

were run for 1 µs, and the concentration of peptides was increased half-way through

the simulations, in order to scan for any concentration-dependent changes.

Lastly, in Chapter 4, the aim was to create a comprehensive model to classify be-

tween datasets of heterogeneous AMPs and non-AMPs, using a minimal number of

structure- and sequence-derived features. The hypothesis was that structural 3D fea-

tures encode more information than the sequence-derived ones. Models containing:

1) structural features only, 2) sequence features only, and 3) a combination of both

structural and sequence features were assessed.





Chapter 2

Modelling structurally obscure AMPs

2.1 Computational background theory

2.1.1 CD-HIT

CD-HIT is a greedy incremental algorithm that implements sequence alignment,

and is used for clustering biological sequences and reducing redundancy based on a

user-defined similarity threshold [102]. The input sequences are first sorted by length,

starting with the longest one. The first sequence is taken as a representative of the first

cluster. Then, the next sequence is aligned to it, and, if the sequence identity score

is higher than the threshold, it is added to the same cluster. Otherwise, it is assigned

as a representative of a new cluster. For each following sequence, pairwise global

alignment is performed with representative sequences. In fast mode, this process is

repeated until the sequence is included in the existing cluster or, if threshold is not

met, becomes a representative of a new cluster. In accurate mode, used in this work,

the process is repeated for all existing representatives, and the sequence is then either

added to the cluster with the most similar representative or becomes a representative

of a new cluster. In order to reduce the number of pairwise alignments, short word

filters are applied. Two proteins sharing certain sequence identity should have at least

a certain number of identical dipeptides, tripeptides and so on, with words being 2 to

5 amino acids long. A pair of sequences that does not satisfy these conditions is not
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being aligned. Different word sizes correspond to different identity thresholds – for a

45% identity threshold that was used, the corresponding word size was 2.

2.1.2 HHpred

HHpred is an algorithm based on the pairwise comparison of hidden Markov model

(HMMs) profiles that is very sensitive in finding remotely homologous protein families

or structures [103]. A Markov model is a probabilistic model which models sequential

data. The simplest Markov model is called a Markov chain: a sequence of possible

events in which the probability of the following event depends only on the state of the

current event. Hidden Markov models used by HHpred are representations of multiple

sequence alignments (MSAs) of evolutionarily related proteins, where probability of

observing each amino acid at each query sequence position is specified, as well as

frequency of insertions and deletions.

The first step (HHblits) pre-filters the search space by performing an iterative

search against database of HMMs of uniprot20 [104]. Uniprot20 database HHMs are

generated by clustering the UniProt database so that clusters include similar sequences

alignable over at least 80% of their length and which share no more than ~20% pair-

wise sequence identity [105]. In order to perform pairwise HMM–HMM search, an

HMM has to be generated from the query sequence. First, an MSA is built on the

query sequence using substitute amino acids selected based on the local environment

of 13 residues around each position. Pseudocounts for substitutes are generated, to

avoid the expected probability of possible state paths having zero value. Then, a query

HMM profile is built from this MSA: we consider all of the columns in the MSA that

have a residue in the query sequence and probabilities for each 20 amino acids to be

in that position are generated. Once a HMM profile has been built, an iterative search

against uniprot20 database of HMMs is performed in order to pre-filter the database.

With each iteration, statistically significant HMMs, i.e. those that satisfy the expected

value (E value1) threshold, are found and the sequences are added to the MSA. In the
1E value describes the number of hits one can obtain by chance when searching against a database.

It depends on the size of the searched database.
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next iteration the search is being run with the newly created query HMM. HHblits can

be run against uniprot20 and nr20, which are being updated regularly [106].

In the previous step, HHblits was used to speed up the process by pre-filtering the

large number of HMMs of the uniprot20 database and generating a query HMM for the

next step – HHsearch [106, 107]. HHsearch performs a slow pairwise HMM–HMM

comparison against the pre-calculated pdb70 database of HMMs. Pdb70 is a version

of PDB that is redundancy-reduced to 70% sequence identity [108]. The query HMM

profile includes position-specific insertion and deletion probabilities, which are being

penalised, and it is aligned against all pdb70 database HMMs. Query HMM is then

realigned against statistically significant HMMs using a more accurate algorithm. It

is important to highlight that HHsearch can be run against not only pdb70 (which was

used in this work), but against scop70, Pfam, InterPro and CDD databases as well

[106].

The third step involves obtaining secondary structure information. For experimen-

tally solved structures from the PDB, DSSP algorithm is used [109, 110]. A predicted

secondary structure for the query sequence is calculated using PSIPRED (PSI-blast

based secondary structure PREDiction) and the MSA generated in the previous steps

as input [111]. Associated HMM is converted into a position specific scoring ma-

trix (PSSM), that PSIPRED then takes and applies a machine learning method which

was constructed and trained to predict the secondary structure of the query sequence.

PSSMs are similar to HMM profiles – for each position in the alignment, a score for

each amino acid to be in that position is given. A high score for an amino acid in a

certain position indicates that it is commonly found there. The result of a PSIPRED

calculation is a secondary structure prediction and associated confidence values for the

query sequence [106].

Finally, the overall probability score is calculated based on similarity of profiles and

similarity of predicted secondary structure, and the resulting hit list and alignments are

written to the human-readable output file [106].
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2.1.3 IUPred

Intrinsically unstructured/disordered proteins (IUPs/IDPs) are characterised by a

lack of a well-defined 3D structure, biased amino acid composition and low sequence

complexity. Due to their low content of hydrophobic amino acids, these molecules

don’t spontaneously fold under native conditions, but rather fluctuate over an ensemble

of a continuum of conformations. The range of disorder can cover the entire protein

or only a segment, which is also known as intrinsically disordered region (IDR) [112].

IUPs don’t have the ability to form interresidue interactions that will allow a well-

defined structure.

IUPred is a sequence based algorithm that predicts IUPs based on amino acid com-

position of stable, globular protein structures from the PDB [113]. Statistical inter-

action potentials are used in order to estimate the potential of protein chain to form

intramolecular stabilizing contacts.

2.1.4 Disulphide prediction algorithms

The disulphide bond (S–S) is a covalent bond that is formed due to oxidation of

the thiol group (R–SH) of two nonadjacent cysteines. Disulphides are most abundant

in extracellular proteins, but can be found in internal compartment proteins, such as

in endoplasmic reticulum, Golgi apparatus and lysosomes. Disulphides are known to

promote protein folding and conformational stability. By providing disulphide connec-

tivity information to protein structure prediction programs, the conformational search

space can be significantly reduced. Three different algorithms were used in order

to predict disulphide bonds from sequence: DISULFIND, DiANNA, and Dinosolve

[114, 115, 116]. All three are Neural Networks based algorithms.

It is believed that the chemical property of cysteine in forming a disulphide bond

can to some point be determined by the influence of the surrounding residues. Di-

nosolve uses context-based scores based on first-order and second-order mean-force

potentials to estimate the bonding state of a cysteine residue, followed by connectivity

prediction. The potentials are obtained from the training of a set of protein structures
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from the PDB, and are used to train neural networks, along with evolutionary infor-

mation contained in multiple sequence alignments. First-order mean-force potential

addresses the interaction between each cysteine in a bonding state and each residue

within a 15 residue window surrounding the associated cysteine. Second-order mean-

force potential addresses all interactions between a pair of residues from two different

windows and associated cysteines in a bonding state. The probabilities used to calcu-

late the potentials are obtained from a PSSM matrix generated by a PSI-BLAST run

against the nr database [117, 118].

DiANNA combines PSIPRED predicted protein secondary structure and PSI-

BLAST multiple alignment, which are then used for neural network training. Similar

to Dinosolve, the next step is cysteine bonding state prediction, followed by calculating

probabilities of possible disulphide bonds and final connectivity prediction.

Unlike DiANNA and Dinosolve, DISULFIND is based on Support Vector Machine

(SVM) binary classifier, that is fed with local and global features of the sequence.

Local features are extracted from MSA and entail a window of position specific con-

served residues around the target residue, while global features include number of Cys

residues, Cys conservation, amino acid composition and chain length. The latter are

used for classification of the entire chain into one of three bonding classes: all Cys

bound, none bound or mix.

There are two quality measures that are commonly used to evaluate the accuracy of

disulphide predictions: 1) Qp, protein level accuracy, or number of proteins which had

all disulphides predicted correctly per total number of proteins in the set, and 2) Qc,

residue level accuracy, or the average number of correctly predicted disulphide bonds

per total number of bonds.

2.1.5 Rosetta ab initio modelling and SPICKER clustering

Ab initio (meaning "from first principles" or "from the beginning") protein struc-

ture prediction is a method of predicting 3D structure of proteins by relying solely on

protein sequence as input. It is commonly used to model protein structures that have no
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homologous structures solved that could be used as a template. Among other methods,

Rosetta is one of the best established and widely used [99]. Rosetta uses a combination

of both structure information (fragments) and physical-based approach. The Rosetta

protocol can be explained in three steps as follows.

The first step involves generating several thousands of models. For each position

in sequence, 3-mer and 9-mer fragments are found in a non-redundant database of

fragments. The fragments are overlapping, since they are found for every position

along the given sequence length. They contain only backbone and Cβ atoms, and

the bond lengths and angles are simplified and idealised so that they match the ideal

geometry of alanine. Constant angles φ, ψ and ω, and secondary structure content

are used to describe the fragments. Starting from a fully extended structure, 9-mer

fragments direct the search through torsional space. Torsion angles of a randomly

selected fragment (from the top 25) are applied at a random position in protein. This

change can then be either accepted or rejected: energy is calculated using the energy

scoring function, and if the change resulted in a lower energy, the change is accepted,

otherwise Metropolis algorithm is applied and the change can still be accepted based

on the acceptance ratio [119]. During the course of simulation, simulated annealing

is applied in order to allow accepting worse solutions as the conformational space has

been searched. By accepting a fraction of conformations with higher energies, the

system is allowed to escape the local minimum of the energy landscape it may be

trapped in and desirably reach the global minimum of energy. In addition, the scoring

function is used to assess moves, but in a way so that, as the simulation progresses and

the protein converges into a native-like structure, the terms are progressively added.

Monte-Carlo simulated annealing search is performed to add the side chains using a

rotamer library.

The next step is to refine the structure with a short stage of 3-mer insertions. Scor-

ing of models is now done by using a full energy function, which contains the following

terms: 1) residue environment (solvation), 2) residue pair interactions (electrostatics,

disulphides), 3) strand pairing (hydrogen bonding), 4) strand arrangement into sheets,
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5) helix-strand packing, 6) radius of gyration (van der Waals attraction, solvation),

7) Cβ density (solvation; correction for excluded volume effect introduced by simula-

tion), 8) steric repulsion (van der Waals), 9) The energy function operates on a reduced

representation of the side chains, in which they are represented by a centroid located

at the centre of mass of the side chain (defined as the atoms including and beyond Cβ)

[99].

In the following step, models are clustered and centroid models are detected. This

step is based on a hypothesis that the native conformations are a part of large ensemble

of low-energy conformations and that the folding process is guided mainly by long-

range hydrophobic interactions [120]. Therefore, a large ensemble of low-energy con-

formations should contain a native state conformation. By clustering models based on

structural similarity, the centroid of the largest cluster will often be the best prediction

for the best model. SPICKER is a well-established RMSD based clustering algorithm

used in both I-TASSER and QUARK ab initio protocols developed by the Zhang group

[67, 121]. It takes Cα atoms as input, and RMSD cutoff for a pair of structures is deter-

mined by self-adjusting iteration based on pre-defined cutoff thresholds, and the ratio

of number of models in the largest cluster and the total number of models.

2.1.6 Structural searches with GESAMT and CLICK

In this work, two different algorithms were used in order to detect structural

matches. The first, GESAMT, employs a topology-dependent algorithm [122]. For

plausible new folds, where no matches were detected with GESAMT, the second,

topology-independent superposition method, CLICK, was used [123]. The latter has

downsides in terms of high number of false positives and low sensitivity of scoring

system, resulting in a high number of potential matches that have to be visually

inspected. This is the reason why the first round of search for fold matches was

performed with GESAMT.

GESAMT is based on pairwise alignment algorithm. It splits protein chains into

short fragments comprised of Cα atoms of adjacent protein backbones. Fragments are
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then extended to build up a larger superposition. The optimal alignment is obtained by

maximizing the Q-score, defined as:

Q =
N2
align[

1 +

(rmsd
R0

)2
]
N1N2

(2.1)

where Nalign is the length of the alignment, N1/2 is number of residues in structures

S1/2, rmsd is the RMSD calculated between aligned residues at best structure superpo-

sition, and R0 is an empiric parameter for balancing alignment length and RMSD.

CLICK also starts with Cα atoms, however, it includes additional structural infor-

mation. Pairwise distances, secondary structures and solvent accessibility are com-

pared for each spatial fragment and thresholds for the three parameters are being min-

imised in order to obtain the optimal alignment, followed by extending the fragments

to a larger superposition and using the 3D least square fit method to obtain the global

alignment.

2.2 Methods

2.2.1 Sequence assembling and processing

Sequences longer than 20 and shorter than 120 amino acids were collected from

UniProt and APD2 on 17 March 2015 [105, 47]. APD2 was chosen from the several

AMP databases available since it is manually curated, and comparatively large and

up-to-date. The UniProt release at the time was 2015_03. Sequence redundancy was

reduced to a threshold of 45% using CD-HIT and its global alignment option [102].

HHpred was used to detect sequences with structurally characterised homologues in

the PDB70 database as at 6 September 2014 [108]. Upon inspection of the results,

three conditions were required to be satisfied before a given AMP would be considered

to have a homologue: 1) HHpred fold match probability higher than 90%, 2) alignment

coverage of query sequence higher than 40%, and 3) absence of any mismatch greater
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than 2-fold in length of query and hit. Sequences with >35% residues with a IUPred

score of 0.5 or above were considered to be intrinsically disordered AMPs [113]. Since

ab initio modelling is not suitable for these proteins, they were not considered further.

2.2.2 Disulphide prediction

Disulphide prediction benchmarking

Sequences predicted by HHpred to be structural homologues of the assembled an-

timicrobial peptides were grouped by number of cysteines. A total of 60 sequences

were taken forward for benchmarking, ensuring that sequence lengths from each Cys

group were equally represented. Those that: 1) had mismatches between PDB and

UniProt sequences, 2) had cysteine residues modified, according to the UniProt entry,

3) had model length differing from the corresponding PDB fasta sequence or 4) had

SSBOND information missing were omitted in the next step. This resulted in omitting

peptides with 3 Cys, due to modified cysteine residues. Finally, SSBOND information

from the PDB files was compared to DISULFIND, Dinosolve and DiANNA results

[114, 116, 115]. DISULFIND and DiANNA were run at their respective servers while

Dinosolve was run locally (and used the nr database from 17 March 2015 and PSI-

BLAST v.2.2.2658) [118, 117]. Since we were interested only in correct disulphide

predictions for all disulphides within a peptide, we evaluated the accuracy based on

protein level by calculating Qp or number of proteins which had all disulphides pre-

dicted correctly per total number of proteins in the set.

Consensus disulphide prediction

Disulphide bond predictions were made using DISULFIND, DiANNA, and Dino-

solve. Consensus predictions deriving from 2 independent methods were obtained:

there were no cases where all three programs agreed on all disulphides. For AMPs

with two cysteines, it was assumed that the disulphide bond exists [72]. For those

AMPs with three or four cysteines, we ran Rosetta modelling with all possible com-

binations [99]. AMPs with 5 and more cysteines were run with any consensus and
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without disulphide constraints. It should be noted, however, that although intermolec-

ular disulphide bonds in AMPs are considered to be rare, peptides with an odd number

of cysteines could form dimers or further oligomerise, such as recently seen in rodent

α-defensin related AMPs [124, 125].

2.2.3 Rosetta ab initio modelling and SPICKER Clustering

Ab initio modelling of 184 AMPs was performed with Rosetta software using the

fix_disulf and relax flags. Use of the nohoms flag to exclude homologous

fragments was unnecessary since modelling was only done for targets which HHpred

bore no obvious homology with PDB entries. Where an AMP target contained a mod-

ified amino acid, it was modelled using the natural, unmodified version. Where the

predicted structure for such an AMP proved to be of interest, the likely consequences

of the unmodelled modification were considered later. For each AMP, 1000 models

were made. Models defined as successful by Rosetta (meaning they passed the filters

that eliminate models with non-protein like features) were clustered into 10 groups us-

ing SPICKER v.2.061 in order to identify the likely near-native structure for each AMP

[126]. Larger and more homogeneous clusters indicate more reliable fold candidates

[120].

Rosetta benchmarking

Rosetta benchmarking was performed on AMPs of known structure to detect a

threshold value for cluster size to refer to when inspecting our models. Fold matches

of our ab initio models were used (see the following section on fold matching). The

nohoms flag was used when running Rosetta in order to exclude fragments from the

target and homologous structures. Based on the benchmarking results, we chose to

consider further modelled structures where the largest cluster size was at least 25% of

the total number of successfully modelled structures. However, structures with lower

percentages were scrutinised and considered if the centroids of three largest clusters

had similar folds.
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2.2.4 Visual representation of folds and fold matching

A database of experimentally solved AMP structures was assembled to compare

our models against. To ensure that we collected as many structures as possible, PDB

codes were collected from both APD2 and UniProt in the following manner: first, an

APD2 (March 2015) search was run with filter Original Location: PDB, which resulted

in 229 PDB entries. Then, a UniProt (April 2015) search was run with keywords

keyword: “Antimicrobial [KW-0929]” annotation:(type:peptide) database:(type:pdb).

The results of this run were additionally filtered: only one PDB structure was taken for

each UniProt entry, prioritised such that: 1) an X-ray structure was chosen if possible,

2) the X-ray structure with the highest resolution and matching start and end positions,

compared to the AMP, was used, 3) if an X-ray structure was not available, the first

NMR structure to match the start and end residue was chosen, and 4) the first chain

was chosen. Structures with non-matching start and end residues were omitted if the

mismatch was greater than 5 amino acids.

For each modelled AMP, a structure similarity search was carried out with

GESAMT to compare the three largest clusters’ centroid models against the local

database of AMP experimental structures [122]. The results were then filtered so

that only those modelled structures meeting all of the following conditions were left:

1) Q-score (a measure of structural similarity ranging from 0 to 1) >0.3, 2) query

(AMP model) sequence length <1.5 × match (experimental structure) sequence

length, that is, query can’t be more than 50% larger than match, 3) match sequence

length <1.5 × model sequence length, that is, match cannot be more than 50% larger

than query, and 4) number of aligned residues >0.7 × query sequence length, that is,

the alignment covers at least 70% of the query. Additionally, after filtering out results,

fold matches were inspected manually: a model was considered to have a fold match

if the number and type of secondary structure elements was similar. Ab initio models

with tertiary structure matching at least one of the top three filtered fold matches were

considered further.



24 2.3. RESULTS AND DISCUSSION

In order to visualise the structural similarity, GESAMT was run in all-vs-all fashion

on a set of AMPs from the PDB90 and matching modelled structures [122]. The result-

ing similarity matrix was used as input for CLANS software to cluster the structures

[127]. The CLANS software was used to visualise clusters of modelled structures of

AMPs and the matching folds in the PDB, 56 structures in total [108]. 100 152 rounds

of convex clustering using a value of 0.4 for standard deviation cutoff and requiring a

minimum of two sequences per cluster initially clustered 49 out of 56 structures into

eight clusters.

Since GESAMT employs a topology-dependent algorithm we additionally used

the topology-independent superposition method CLICK to search AMP models not

matching by GESAMT against the same local database of experimentally determined

AMP structures [123]. Again the results were filtered so that the query could not be

more than 50% larger than the match, and the match could not be more than 50%

larger than query. For models where no matches with AMPs were found, an additional

CLICK database search was run on all protein chains from the PDB90 (not just AMP

structures) and filtered results again in a similar manner, after which matches with Z-

score values higher than 3 were taken forward. In cases where all of the Z-score values

were lower than this threshold, this value was lowered to 2. Finally, all of the matches

that were left after the filtering were visually inspected.

2.3 Results and Discussion

In order to select and process AMPs, a workflow was implemented (Figure 2.1) to

collect a non-redundant set of AMP sequences, eliminating those whose fold could be

reliably inferred by homology detection and those predicted to be largely intrinsically

disordered.

Ab initio modelling of the resulting set, with or without predicted disulphide bond-

ing as an additional constraint, was carried out using Rosetta. Clustering of the re-

sults determined candidate fold predictions, which were then compared to known AMP

structures. Due to evolutionary constraints, protein folds can remain conserved even
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Figure 2.1:
Bioinformatics pipeline used in this
chapter. It leads from searches of se-
quence databases through representa-
tive set of structurally obscure AMPs
to fold predictions and matches.
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when there is an apparent lack of homology [128]. Similarity between our models

and known AMP structures could therefore result from distant, unsuspected homol-

ogy. Similar folds can also arise as a product of convergent evolution; the best ex-

ample among AMPs are defensins, which are taxonomically widespread over insects,

mammals and plants, and are found to adopt a variety of folds such as β-sheets (triple-

stranded β-sheet of Human Neutrophil a-defensin HNP-3 is an example), cyclic back-

bone β-hairpins (θ-defensins), and cysteine-stabilised αβ (CSαβ) fold (commonly

found in plants, fungi, and invertebrates) [129, 130]. Indeed we found likely examples

of both divergent and convergent evolution, as well as novel folds, strongly predicted,

not hitherto associated with AMP activity.

2.3.1 Sequence assembling and processing

After collecting AMPs from APD2 and UniProt, elimination of identical sequences

resulted in an initial count of 2131 [47, 105]. CD-HIT was used to further reduce

this number and create a representative set with shared pairwise sequence identity of

no more than 45% [102]. 585 AMPs were then analyzed with HHpred in order to

discard AMPs with possible structural homologues, which left us with 235 peptides

(see Methods for criteria) [103]. Furthermore, intrinsically disordered sequences were

discarded and disulphide bridges were predicted in those peptides containing three or

more cysteines.

2.3.2 Disulphide prediction

Disulphide prediction benchmarking

Since the performance of disulphide prediction tools can be dependent on the train-

ing sets involved, it was decided that the performance of three well-established tools

would be assessed on our own set. In order to get an idea of reliability on our peptides

that are yet to be modelled, 116 sequences predicted by HHpred to be structural ho-

mologues of antimicrobial peptides assembled were grouped by number of cysteines
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(Table 2.1). In order to work with a manageable but representative number of AMPs,

a total of 60 sequences were taken forward for benchmarking. Upon filtering (see

Methods), we were left with 58 sequences analysed.

PDB SSBOND information was then compared to DISULFIND, Dinosolve and

DiANNA results (Table 2.2). On the final set of 58 peptides, DISULFIND had protein

level accuracy score (proportion of proteins whose disulphide bonding was correctly

predicted) Qp = 0.38. DISULFIND prediction worked best for sequences contain-

ing 43–85 residues for 4 Cys group, and for sequences containing 30–45 residues for

6 cys group. Dinosolve and DiANNA showed preference for sequences with 4 Cys

only, but DiANNA still had better performance on sequences with 8 and 10 Cys then

DISULFIND.

Table 2.1: Number of predicted structural homologues grouped by number of
Cys residues.

Number of
Cys residues

Number of
sequences

Estimated
number of

sequences to
be taken
forward

Number of
sequences

successfully
analysed

3 3 2 0
4 28 15 15
5 4 2 2
6 49 25 25
7 1 1 1
8 22 11 11

10 7 4 4
12 1 0 0
16 1 0 0∑

116 60 58

In cases where at least one tool predicted the correct result, we obtained protein

level accuracy of 0.55 on the entire set. However, in those cases we have no knowledge

on which tool predicted the correct result. Ideally, modelling all of the disulphides pre-

dicted should be avoided, so a consensus prediction of two programs was considered,

and the protein level accuracy was found to be 0.22. This result was obtained mainly
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by correct predictions of disulphide bonds for AMPs containing 4 cysteine residues,

but still may be reliable for AMPs with 6 cysteine residues – out of 49 peptides that had

6 cysteines, two programs agreed on disulphide prediction in 5 cases. Four of these

were AMPs 35–38 residues in length (all correct predictions) and one was for an AMP

79 residues in length (incorrect prediction).

2.3.3 Rosetta ab initio modelling and SPICKER clustering

We proceeded with Rosetta ab initio modelling for 184 peptides, after which clus-

tering of successful models was performed. Finally, a GESAMT database structural

similarity search was run on centroid models of the three largest clusters for each AMP

in order to obtain fold matches with experimental structures of AMPs from the PDB

database [122, 108].

PSIPRED secondary structure prediction for 184 AMPs predicted 50.54% of pep-

tides to have all-α structure, 33.7% to have mixed α and β, 15.22% to have all-β

structure, and 0.54% to adopt a coil conformation [111]. Our set of 184 sequences

contains some peptides with more than one pair of cysteines. For this subset, mod-

elling was undertaken with different combinations of disulphides (see Methods), so

that the overall number of modelling attempts grew from 184 to 216.

The reliability of our models was assessed based on the size of the largest cluster,

and using the results of a benchmarking exercise in which structurally characterised

AMPs were modelled ab initio (see the following section). Among 216 modelling

runs, 48% of peptides had the largest cluster containing less than 25% of the total

number of successfully modelled structures, 20% of peptides between 25 and 39% of

the total, 10% of peptides between 40 and 49% and 22% had the largest cluster con-

taining between 50 and 100% of the total number of successfully modelled structures

(Figure 2.2). All-α structures were predominant in the most reliably modelled cate-

gories (Figure 2.2). This meant that, initially, 52% of structures were taken as reliable.

Where the largest cluster was not larger than 25%, a comparison of the top, second

and third largest cluster centroids was carried out (Figures 2.3–2.6). In two cases where
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these matched visually, the prediction was also considered of interest (Figures 2.3

and 2.4).

Figure 2.2: Distribution of modelling jobs per number of successful models con-
tained in the largest cluster. Percentage of modelling jobs with largest cluster con-
taining 0–24%, 25–39%, 40–49%, and 50–100% of the total number of successful
models is shown in columns, while colours represent different fold classes.

CBA

Figure 2.3: Scrutinised structures: Human Histatin 2 cluster centroid structures for
the first three largest clusters (A, B and C, respectively), share the same fold. The
first largest cluster contains 35.4% of successful models (A), however, fold matches
have been found for the centroid structures of second and third largest clusters only
(B and C). The third cluster centroid had particularly pronounced secondary structure
elements, so this model was taken forward as a representative structure (C).
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CBA

Figure 2.4: Scrutinised structures: Garvicin A cluster centroid structures for the
first three largest clusters (A, B and C, respectively), share the same fold. The first
largest cluster contains 17.2% of successful models (A), and its centroid was taken as
a representative for this peptide.

CBA

Figure 2.5: Scrutinised structures: Pseudomycoicidin cluster centroid structures for
the three largest clusters. Pseudomycoicidin containins six cysteine residues, which
form four thioether rings and a disulphide bond (core cysteines 3–4). The peptide was
modelled without the connectivity information. A, the first largest cluster contains
15.8% of successful models and was found to have a fold match with Androctonin
(PDB code 1CZ6). Stretcher algorithm gives 20.7% sequence similarity and 13.8%
identity shared between the two. B, the second largest cluster contains 11.1% of
successful models. C, the third largest cluster contains 6.7% of successful models.
Since the structures of the three largest clusters differed substantially, and the AMP
contains thioether rings that could not be modelled, these results were considered
unreliable and this peptide was discarded.
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CBA

Figure 2.6: Scrutinised structures: Myticin A cluster centroid structures for the three
largest clusters. Myticin A contains four disulphide bonds, however, we modelled it
without this connectivity information and predicted an αββ fold for the largest cluster
centroid structure (A), containing 16.5% of successful models. This fold matched
Mytilin B and Termicin structures (PDB codes 2EEM and 1MM0, respectively). The
second largest cluster contains 11.7% of successful models (B). The third largest
cluster contains 9% of successful models and has an additional β-strand (C). Since
the structures of the three largest clusters differed substantially, including in overall
topology, these results were considered unreliable and this peptide was discarded.

Rosetta benchmarking

In order to detect a threshold value for cluster size to refer to when inspecting

our models, we performed Rosetta benchmarking on fold matches of our modelled

AMPs (Tables 2.3–2.5 and Figures 2.7 and 2.8, and see the following section on fold

matching). The benchmarking was carried out both without (Table 2.3, Figure 2.7) and

with including disulphide connectivity information (Table 2.4, Figure 2.8).

All Rosetta structures that are centroids of cluster 1, with the exception of Androc-

tonin (1CZ6) and Eurocin (2LT8) structures, showed a fold similar to the experimen-

tally observed structures (Figure 2.7). Experimental structure AgaDef peptide (2NY8)

is comprised of a helix and a coil interrupted with a two short β-strands. In the case of

Fowlicidin-1 (2AMN) structure, the first and the third largest cluster’s centroids give

an extended helix, while the second and the third give the helix-kink-helix structure

similar to the experimental one. It must be taken into account that these structures in

nature are not static, and they unfold and fold as well. Therefore, short β-strands in

AgaDef peptide (2NY8) and a kink in Fowlicidin-1 (2AMN) may be observed during

the MD simulations, which will be shown in the next chapter. Also, even in cases
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Figure 2.7: Results of Rosetta benchmarking on sequences with experimentally
solved structures with input information on disulphides or cyclic backbone connec-
tivity excluded. Experimental structures are shown in green, while cluster 1, 2, 3 and
4 centroid structures (Rosetta models) are shown in blue, pink, yellow and orange,
respectively. Secondary structure shown in cartoon representation. Disulphide bonds
in experimental structures are shown as yellow sticks.

of BTD-2 (2LYE), RTD-1 (2LYF) and Tachyplesin I (1WO1), with a low number of

successfully modelled structures and a low number of clusters (See Table 2.3), Rosetta

correctly modelled the overall fold. Obtaining correct folds even without providing

Rosetta with the disulphide or cyclic backbone connectivity information strongly sup-

ports the methods used in this work.
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Figure 2.8: Results of Rosetta benchmarking on sequences with experimentally
solved structures with input information on disulphide connectivity included. Ex-
perimental structures are shown in green, while cluster 1, 2, 3 and 4 centroid struc-
tures (Rosetta models) are shown in blue, pink, yellow and orange, respectively. Sec-
ondary structure shown in cartoon representation. Disulphide bonds are shown as
sticks. Comparison with Figure 2.7 shows that disulphide connectivity information
didn’t improve the chances of obtaining correct folds. A high percentage of residues
forming coils and turns are present in all of the cases where the overall fold was not
modelled correctly (See Table 4). All of the modelled peptides with regular secondary
structure gave a correct fold.

These results revealed that, even without the use of disulphide contact information,

the largest cluster usually predicted the fold correctly. Furthermore, the isolated fail-

ure (1CZ6) was distinguished by smaller largest cluster size. Where the largest cluster

size exceeded 25% of the total number of successfully modelled structures, that clus-

ter always had the correct fold and so this was the major criterion used to judge the

modelling results.
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2.3.4 Visual representation of folds and fold matching

Modelled structures that matched AMP folds in the PDB were clustered using

CLANS [127] in a semi-automated manner along with the corresponding fold matches

(31 models and 25 fold matches making a total of 56 structures). Several modes of clus-

tering were trialled but none proved capable of results that were fully in accord with

expert assignment based on visual examination. For example, proteins with mixed ab

topologies sometimes allied more closely with β-hairpins, through a good fit of that

portion, rather than with proteins with the same αβ overall topology but more poorly

matching β-structure. Therefore, some manual (re)assignments were made to fine-tune

an initial clustering of 8 groups for presentation purposes (Figure 2.9) and for discus-

sion below. Three clusters contained β-hairpins and were combined and joined with a

single modelled β-hairpin structure (Odorranain M1, AP01300) [131] left unassigned

by the original clustering. One experimental structure (Mytilin B, PDB code 2EEM)

[108] from this group was reassigned to a group of two combined clusters containing

αββ folds joined by two modelled structures left unassigned, one αββ (Garvicin A,

AP02402) [132] the other βαβ (Rattusin, AP02178) [133]. Four helix hairpins that

were left unassigned, namely experimental structures of Sublancin 168 (PDB code

2MIJ), Thurincin H (2LBZ), Thuricin CD (2L9X), and EcAMP1 (2L2R) [108], were

joined with two clusters containing a continuum of v-shaped, helix-kink-helix and he-

lix hairpin structures. As a result, the structures were finally clustered into the four

groups shown in Figure 2.9: 1) v-shaped, helix-kink-helix and helix hairpins which

form a continuum of structures shown in purple, 2) αββ folds and βαβ folds shown

in green, 3) β-hairpins shown in yellow, and 4) helix bundles shown in pink. These

groups contain 32, 10, 11, and 3 structures, respectively. In Figure 2.9, structures with

greater similarity (higher Q-scores) are positioned at shorter separations. The results

in each fold family are discussed next.
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Figure 2.9: Visual representation of modelled structures and their experimentally
solved fold matches. 1) Purple: v-shaped, helix-kink-helix and helix hairpins contin-
uum, 2) green: αββ and βαβ folds, 3) pink: helix bundles, 4) yellow: β-hairpins.
Modelled structures are represented with circles and PDB structures with stars. Struc-
tures denoted with circles or stars with a black border were not clustered automati-
cally, and were added manually to the corresponding clusters. A single green star on
a yellow field represents an experimental αββ outlier which was initially clustered
by CLANS with β-hairpins and was later manually re-assigned to the corresponding
cluster. Lines were drawn where GESAMT successfully calculated structural simi-
larity higher than 0. The strength of structural similarity is indicated by the length of
the line.

2.3.5 Fold matches

All the fold matches shown here had a Q-score 0.3 and were additionally manually

screened so that matches were considered only when the AMP model and the experi-

mentally determined matching structure were not too dissimilar in length, and aligned

over a majority of the model structure (see Methods).
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Helix bundles

A single confidently modelled AMP, the bacteriocin Lacticin Q [134, 135], was

predicted to fold as a helix bundle. Its ab initio modelling resulted in a large cluster

comprising more than 30% of the successfully modelled structures, and suggested

the presence of four helices, spanning residues 2–14, 16–25, 28–35, and 38–49,

respectively. PSIPRED structure prediction for Lacticin Q identified two helices

(residues 4–13 and 38–49) with high scores, and moderately high helical propensity

for the other two helices predicted by Rosetta. GESAMT resulted in only two fold

matches for our modelled structure of Lacticin Q with our local AMP structure

database: Enterocins 7A and 7B [136], both also bacteriocins. The fold matches

had Q-scores of 0.589 and 0.558, RMSD values of 1.8 and 1.9 Å on Cα atoms, and

sequence identities of 16% and 17% for Enterocins 7A and 7B, respectively. Similarly,

the Dali server [137] gave Z scores of 4.4 and 4.2, a slightly higher RMSD of 1.9 and

2.3 Å on Cα atoms and sequence identities of 16% and 19% for Enterocins 7A and

7B, respectively.

Bacteriocins are antimicrobial peptides synthesised by the ribosomes of a variety of

bacteria (both Gram-positive and Gram-negative). Cotter et al. [138] categorised bac-

teriocins into three classes: class I, also known as lantibiotics, are post-translationally

modified peptides containing amino acids called lanthionines; class II are a heteroge-

neous group of small heat stable non-lanthionine containing peptides which may have

disulphide/thioether bonds; and class III are large, heat-labile, lytic proteins called bac-

teriolysins [138, 46]. Lacticin Q belongs to class II and shows selectivity for Gram-

positive bacteria at the strain level suggesting that membrane lipid composition might

not be the only determinant of its antimicrobial activity. It is also known that the pep-

tide causes accumulation of hydroxyl radicals [139].

It has been suggested that circular bacteriocins share a common overall structural

motif of a saposin fold, that is, four helices surrounding a hydrophobic core, regardless

of low shared sequence identity [140] and our results are consistent with this (Fig-

ure 2.10). Tryptophan residues are known to be involved in protein folding as well as
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CB

A

Figure 2.10: Alignments of modelled Lacticin Q and experimental structure of En-
terocin 7A. A, GESAMT structure-based sequence alignment. H above and below
indicates helical residues. Symbols indicate identity (*) through decreasing levels of
similarity (1, 5, –, :) to dissimilarity (.). B, The modelled structure of Lacticin Q is
shown in green, aligned with the experimental structure of Enterocin 7A (PDB code
2M5Z) shown in blue. N termini indicated with letter N. C, Rotated view with aro-
matic residues shown in stick representation. Trp residues are labeled. Figure created
in PyMol.

to have a tendency for burial at the bilayer interface [34, 141]. Another common fea-

ture of circular and leaderless bacteriocins is the presence of solvent-exposed tyrosine

or tryptophan residues that are likely to facilitate membrane penetration [142]. A com-

parison of the modelled structure of Lacticin Q with the NMR structure of Enterocin

7A showed that the aromatic side chains located at different positions in the sequences

were observed at structurally equivalent locations in the two structures. Out of three

surface tryptophans in Enterocin 7A, two, namely W13 and W31, are in close proxim-

ity and have the same orientation as seen for W23 and W32, respectively, in Lacticin Q.

Strikingly, these Trp pairs are found in corresponding positions in 3D space despite not

aligning in the structure-based sequence alignment (Figure 2.10). Although Lohans et
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al. [136] had tentatively proposed a relationship between Lacticin Q and Enterocins 7A

and 7B, based on weak sequence similarity in the N- and C-terminal helical regions,

the striking structural similarity and structural correspondence between likely func-

tional aromatic residues are strongly indicative of homology over the whole protein

despite the low overall degree of sequence identity.

Lacticin Q shows selective antimicrobial activity against various Gram-positive

bacteria. It is frequently compared to another class II bacteriocin, nisin, for its nanomo-

lar range antimicrobial activity, pore size and ATP efflux [134, 135, 139, 143]. How-

ever, compared to nisin, lacticin Q is a leaderless bacteriocin – the peptide is synthe-

sised without the N-terminal leader sequence that is otherwise removed when export-

ing from cells [135, 136]. Lacticin Q, Enterocin 7A and 7B are unmodified leader-

less N-formylated bacteriocins that adopt helical conformations in solution. They all

have an overall net charge of 16 which induces binding to negatively charged lipids

although a comparison of the electrostatic properties of the Lacticin Q model and En-

terocin crystal structures shows no strong similarity (not shown). The authors suggest

a huge toroidal pore (HTP) model as the antimicrobial mechanism of Lacticin Q, fol-

lowed by lipid flip-flop and translocation of the peptide to the inner membrane leaflet

[135, 136]. Recently, an NMR study of the Lacticin Q structure was published by

Acedo et al [144]. The RMSD of the Cα atoms between our model and the NMR

structure is 2.69 Å. The NMR model experimentally validates our model.

β-hairpins

Three confidently modelled AMPs, Lebocin Peptide 1A [145], Odorranain M1

[131] and Silkworm 001 (unpublished; APD identifier 01974), were predicted to fold

as β-hairpins (Table 2.6). The three models resulted in large clusters of 50%, 29%,

and 38% of the successfully modelled structures, respectively.

With the reliability of our models confirmed, we compared their properties with

those of the fold matches (Table 2.6), and other AMPs with experimentally determined

hairpin structures. The simplest β-sheet structure is the β-hairpin fold, a structure
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Table 2.6: Fold match results for β-hairpin modelled AMPs. a Data unpublished.

Modelled AMP and
the corresponding

APD2 IDs

C1
size
%

Fold
matches

Fold matches’
corresponding PDB
and APD2/UniProt

IDs

ID
%

Lebocin Peptide 1A
(AP00030)

50
RTD-1
BTD-2

Retrocyclin-2

2LYF_A, AP00445
2LYE_A, AP00156
2LZI_A, AP01208

11
6
0

Odorranain M1
(AP01300)

29 Androctonin 1CZ6_A, AP00153 5

Silkworm 001
(AP01974)a 38

BTD-2
pLR

Tachyplesin I

2LYE_A, AP00156
2M3N_A, Q90WP7
1WO1_A, AP00214

6
0

13

ED

CBA

Figure 2.11: β-hairpin Rosetta models of AMPs aligned with their fold matches. A,
Lebocin Peptide 1A (green) vs. RTD-1 (PDB code 2LYF, shown in blue), BTD-2
(2LYE, pink), and Retrocyclin 2 (2LZI, purple), B, Odorranain M1 (green) vs. An-
droctonin (1CZ6, blue), and C, Silkworm 001 vs. BTD-2 (2LYE, blue), pLR (2M3N,
pink) and Tachyplesin I (1WO1, purple). Disulphide bonds are shown as sticks in
blue, pink, and purple, respectively. Alignments were made in GESAMT. β-hairpin-
like structures shown in ribbon representation: D, CDT-LPS peptide (2LM8) featur-
ing cation-π interaction between Trp2 and Arg11 (shown as sticks) and E, RR11 pep-
tide bound to LPS (2MQ4) with putative hydrogen bond within the β-turn. β-turns
are shown in blue.
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comprised of two anti-parallel β-strands and a β-turn. Fold matches in this group

have specific structural features stabilizing the structures such as disulphide bonds or

aromatic residues, the latter being necessary for aromatic stacking or cation-π inter-

actions. Examples of β-hairpins include both θ-defensins and structures with linear

backbones, such as protegrins, thanatin, gomesin, tachyplesins, polyphemusins, and

arenicins [146].

Among the PDB fold matches to these 3 peptides, three θ-defensins were found:

BTD-2, RTD-1, and HTD2 (Retrocyclin-2) [147]. These are backbone cyclic β-hairpin

AMPs containing three parallel disulphide bonds also known as the cystine ladder mo-

tif. A study on 18 residue long BTD-2 θ-defensin analogues by Conibear et al. [147]

showed that a cyclic backbone appears to be essential for membrane activity resulting

in antibacterial effects, as was also reported earlier by Tang et al. [148] for RTD-1

θ-defensin. However, the disulphide bonds have been shown to be essential for sta-

bility of these AMPs, as well as for resistance to the action of proteolytic enzymes

[147, 74]. Disulphides can be either essential and dispensable for the activity of β-

hairpins: Protegrin-1 was as active in linear form as in cyclic [149, 150], while re-

ducing disulphides in Arenicin-1 led to decreased activity [151]. Interestingly, it has

been shown by Ma et al. [152] that disulphides were not only dispensable for Thanatin

activity and toxicity, but that the secondary structure was maintained in their absence

as well.

The other fold matches are β-hairpins with linear backbones: Androctonin (PDB

code 1CZ6), Tachyplesin I (1WO1) and pLR (2M3N) [108]. Androctonin and Tachy-

plesin I show sequence similarities and both contain two disulphide bonds with the

same connectivity: 1–4, 2–3. Even though they are both active against Gram-positive

and Gram-negative bacteria, Hetru et al. [153] suggest that a proper comparison of

their modes of action cannot be made due to the different number of residues separat-

ing the cysteines. While Matsuzaki et al. [154] hypothesised that Tachyplesin I forms

anion-selective pores and translocates, Androctonin seems to act via a detergent-like

mechanism [153]. pLR β-hairpin fold match is a peptide with a linear backbone which
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has one disulphide and flexible terminal regions. It is likely that, as with other pep-

tides, pLR forms oligomers in solution whose large size prevents effective traversing

of the membrane in Gram-negatives [155].

A recent review by Panteleev et al. [146] classified β-hairpins into subgroups by

the number of disulphides but did not report any AMPs without this feature. Interest-

ingly, none of the modelled structures contain intramolecular disulphides (Figure 2.11)

– they are the first reported β-hairpins lacking disulphide bonds. Although a study by

Conibear et al. [147] on BTD-2 cyclic hairpin analogues speculates that the absence

of disulphide bonds places a limit on the lengths of β-hairpin structures, the models

presented in this thesis suggest otherwise. Tachyplesin analogs including replacements

of Cys residues with Tyr, Phe, or Ala maintain the fold as a result of aromatic stack-

ing [156], but the peptides modelled here are not spatially constrained by aromatic

interactions either.

In order to assess how unusual the absence of disulphides in an AMP β-hairpin is,

the PDB was mined using the mmCIF Keyword Search (Classification) “antimicro-

bial” and the hits were scanned visually for structural similarity. Shown in Figures

S10D and S10E are two “β hairpin-like” AMPs that were found: entries 2LM8 (Cys-

teine Deleted analog of β-hairpin AMP Tachyplesin I in LPS, CDT-LPS) [157] and

2MQ4 (RR11 peptide bound to LPS) [158]. Both AMPs are of synthetic origin and

very short, with 13 and 11 residues, respectively. CDT-LPS retains a β-hairpin-like

structure due to cation-π interactions between residues W2 and R11, but such interac-

tions are not present in our modelled AMPs. RR11 is an N-terminal truncated variant

of Cys deleted protegrin-1, CDP-1. Both CDT-LPS and RR11 are largely unstructured

when free in aqueous solutions. NMR experiments of CDP-1 bound to LPS showed

aromatic interactions. While the structure of RR11 bound to LPS somewhat resembles

our β-hairpins, it lacks the characteristic hydrogen bonds to form the overall β-hairpin

structure and is almost half the size of our modelled β-hairpins.

Since there are no intramolecular disulphides, cation-π or aromatic interactions to

keep these structures stable, our findings suggest that LP1A and Odorranain M1 are
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Figure 2.12: Electrostatics of selected AMPs: Experimental and modelled β-hairpin
folds coloured by potential on solvent accessible surface. A, CDT-LPS (PDB code
2LM8), B, RR11 peptide (2MQ4), C, modelled Odorranain M1 (AP01300), D, mod-
elled Lebocin Peptide 1A (AP00030), E, modelled Silkworm 001 (AP01974) [160].

the first β-hairpin folds lacking intramolecular disulphide bonds, cation-π or aromatic

interactions reported so far, stable only due to hydrogen bonding, which will be shown

in the next chapter.

Although the β-fold and charge both appear to be key determinants of antimi-

crobial activity, their relative importance is not clear. For example, Mohanram and

Bhattacharjya [158] associate the loss of charge associated with truncating the RGGR

N-terminus in RR11 with the attenuation of activity rather than the loss of β-strands.

However, Mani et al. [159] find for Protegrin-1 mutants that the β-hairpin fold is more

important for activity than the cationicity.
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Experimental structures of CDT-LPS and RR11 peptides both have significant pos-

itive charge spatially arranged on one face of the molecule (Figure 2.12A and Fig-

ure 2.12B). However, this feature was not seen in our modelled peptides. Silkworm

001 has a single negative charge at its C-terminus tail, and the overall charge of the

molecule is zero. Odorranain M1 and Lebocin 1A are positively charged but, in con-

trast to the crystal structures, cluster positively charged residues (4 of 5 or 3 of 5,

respectively) at one end, toward the bottom in the orientation shown in Figure 2.12C

and Figure 2.12D. However, it must be noted that these regions are very flexible and

are therefore less reliably predicted.

Finally, Panteleev et al. [146] reported that among several insect AMPs, only one

was found to adopt a β-hairpin conformation. This was Thanatin, derived from the

spined soldier bug Podisus maculiventris. Here, it is predicted that both insect peptides,

Lebocin Peptide 1A (LP1A) and Silkworm 001, are also β-hairpins.

αββ and βαβ folds

This group contains three confidently modelled AMPs (Table 2.7). Human Histatin

2 [161] and Garvicin A [132] were predicted to have αββ folds, while for Rattusin

[133], a βαβ fold was predicted. The first largest cluster for Human Histatin 2 peptide

contained 35.4% of the total number of successful models but fold matches were found

for the centroid structures of the second and the third largest clusters only. Neverthe-

less, the centroid structure of the largest cluster is highly similar to that of the second,

and since the third cluster centroid has particularly pronounced secondary structure

elements, this model was taken forward as a representative structure (Figure 2.3). Gar-

vicin A modelling resulted in a small top cluster relative to the number of success-

fully modelled structures, and Rattusin fold was on the lower limit of 25% (Table 2.7,

see Methods). Upon inspection of centroids of the remaining two largest clusters for

Garvicin A, we found that these models displayed similar structures, confirming their

reliability (Figure 2.4).



48 2.3. RESULTS AND DISCUSSION

Table 2.7: Fold match results for αββ and βαβ AMPs. Identity percentages were
obtained through GESAMT. C1 size – size of the largest cluster compared to the
overall number of models. a C3 size. b Modelled structure matching an experimental
structure with different topology.

Modelled AMP and
the corresponding

APD2 IDs

C1
size
%

Fold
matches

Fold matches’
corresponding PDB
and APD2/UniProt

IDs

ID
%

Human Histatin 2
(AP00799)

8a
Mytilin B
Termicin
AgaDef

2EEM_A, AP00333
1MM0_A, AP00403
2NY8_A, AP01363

8
4
0

Rattusin (AP02178)b 25
Palicourein

Charybdotoxin
Cycloviolacin

1R1F_A, AP01034
2CRD_A, AP00437
1NBJ_A, AP01035

0
11
14

Garvicin A
(AP02402)

17
Mytilin B
Termicin
Eurocin

2EEM_A, AP00333
1MM0_A, AP00403
2LT8_A, AP02119

6
0
9

CBA

Figure 2.13: αββ and βαβ Rosetta models aligned with their fold matches. A,
Human Histatin 2 peptide (green) aligned with Mytilin B (PDB code 2EEM, shown
in blue), Termicin (1MM0, pink) and AgaDef peptide (2NY8, purple), B, Rattusin
(green) aligned with Palicourein (PDB code 1R1F, shown in blue), Charybdotoxin
(2CRD, pink), and Cycloviolacin (1NBJ, purple) peptides, and C, Garvicin A (green)
aligned with Mytilin B (2EEM, blue), Termicin (1MM0, pink), and Eurocin (2LT8,
purple) peptide. Disulphide bonds are shown as sticks in blue, pink, and purple,
respectively. Alignments were made with GESAMT.

Human Histatin 2, similar to its fold matches Termicin (PDB code 1MM0) and

AgaDef (2NY8) (Figure 2.13A) [108], shows antifungal activity. However, unlike the

modelled peptide, its fold matches have three disulphide bonds: starting from the N-

terminus, the first one is formed between the helix and first β-strand Cys residues, and
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the second and the third disulphide bonds are formed between the helix and second

β-strand Cys residues.

The second modelled structure in this group is Rattusin, an α-defensin-related pep-

tide with 5 cysteines. The peptide was modelled without disulphide constraints as there

was no consensus on connectivity (see Methods). Here, we predict a βαβ fold which

matches the αββ folds such as found in Palicourein (1R1F) and Cycloviolacin (1NBJ),

AMPs with circular backbones, as well as Charybdotoxin (2CRD), a gamma-motif

peptide targeting K1 channels (Figure 2.13B).

Disulphide bonds formed by Rattusin have been a subject of discussion. Whilst the

newest NMR study by Min et al. [125] shows refolded Rattusin forming homodimers,

each protomer being a β-hairpin, stabilised by five intermolecular disulphide bonds,

Patil et al. [133] suggested that an odd number of cysteines may result in a fraction of

Rattusin peptide forming dimers or multimers, which can in turn enhance its antibac-

terial effects. However, the peptide remains active even with the disulphides reduced,

justifying a prediction of monomeric structure as performed here. It is well known that

disulphide reduction can have a wide spectrum of effects from enhancement to total

loss of activity (as seen in α and β-defensins, and θ-defensins, respectively), alteration

of selectivity (as seen in cryptidin-related sequences) and so forth [74, 133, 148, 162].

Class II bacteriocins are a heterogeneous group of small heat stable non-lanthionine

containing peptides. One of the four modelled αββ folds with positive fold matches

in the PDB was Garvicin A [132] isolated from Lactococcus garvieae, a class II bacte-

riocin. Although modelling produced a comparatively small largest cluster, the largest

four clusters contained the same overall fold and exhibited pairwise RMSD on Cα

atoms of 2.5 Å at most (Figure 2.4). These considerations suggest a reliably predicted

fold. Garvicin A shares a similar fold with several cysteine-rich proteins and defensins,

namely Mytilin B (PDB code 2EEM), Termicin (1MM0), Eurocin (2LT8), DEF-AAA

(2NY8), Micasin (2LR5), and MGD-1 (1FJN) (Figure 2.13C).

Compared to Garvicin A, which is active only against L. garvieae strains, its fold

matches are active against a wide spectrum of Gram-positive, Gram-negative bacteria
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and fungi. Interestingly, while Garvicin A has no cysteine residues, its matches are

cysteine-rich peptides with 3 or 4 disulphide bonds stabilizing the structures. We mined

the PDB with mmCIF Keyword Search (Classification) “antimicrobial” to see whether

there was an abb fold entry that didn’t contain disulphides. Out of 339 structures,

there was only one abb AMP without disulphide bonds, namely Subtilisin A (1PXQ).

This structure has a cyclised peptide backbone (with an amide between the N- and C-

termini) and D-amino acids which have unusual sulfur to Cα cross-links. This suggests

that Garvicin A and Human Histatin 2 are the first linear αββ fold AMPs lacking

disulphide bonds.

Helix-break-helix and helix-kink-helix continuum

By far the largest group of folds obtained was a continuum of v-shaped, helix-

turn-helix and helix hairpins (Figure 2.14 and Table 2.8). Attempts to consistently

subdivide these into separate helix-break-helix (containing helix-hairpins and v-shaped

structures) and helix-kink-helix groups (Figure 2.14), were unsuccessful.

BA

Figure 2.14: Simple helical folds. A, Helix-hairpins Ceratotoxin D and its fold
match Thurincin H (PDB code 2LBZ), B, Helix-kink-helix Hymenochirin 2B and
its v-shaped helix-break-helix fold match Latarcin 2a (PDB code 2G9P). Modelled
structures are shown in green and the corresponding fold matches are shown in blue.

For all of the structures in this group, the largest cluster contained high percentages

of the total number of models, except for Andropin and Hymenochirin 2B. For these

two peptides, we inspected the centroid structures of the remaining two largest clusters

and found them to be similar to the largest cluster’s centroid, which gave us confidence
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Figure 2.15: Rosetta models of helical folds. A, Ponericin Q42, B, Latarcin 4a, C,
Kassinatuerin 1, D, Ceratotoxin D, and E, CPF-B1 peptide.

that all folds are modelled correctly. All of the peptides were modelled as monomers,

including Cynthaurin peptide, which contains a single cysteine residue [163]. Cyn-

thaurin is believed to predominantly form homodimers: however, both monomer and

dimer are active against bacteria, whilst the monomer is nonhemolytic. Cynthaurin,

along with Ponericin Q42 [164], Ceratotoxin D [165], and CPF-B1 peptides [166],

shown in Figure 2.15A, Figure 2.15D, and Figure 2.15E, respectively, has a helix-

hairpin fold.

Helix-hairpins are formed by two antiparallel α-helices connected by a loop (Fig-

ure 2.14A). The helices interact through hydrophobic side chain interactions at the

interface. V-shaped structures can be defined as either: 1) two non-parallel α-helices

whose angles intersect at angles from around 45◦ to 120◦ connected with a loop region

(Figure 2.14B, bottom panel) or 2) a helical structure extending throughout the peptide

but containing a kink (Figure 2.14B, top panel). Usually, cationic peptides longer than

20 amino acids contain a flexible hinge in the middle part promoted by helix-breaking

residues such as glycine and/or proline [167].

It has been speculated that v-shaped helix-break-helix structures with strongly am-

phiphilic α-helix at the N-terminus only are likely to be functional through the carpet

mechanism, while structures with N- and C- termini that are both strongly amphiphilic
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are more likely to act via the pore-forming mechanism. For the first set, helix-break-

helix AMPs with a hydrophobic gradient spanning from N- to C-terminus, it has been

suggested that the amphipathic N-terminal helix is responsible for interaction with the

membrane, while the C terminus, because of its lack of amphipathicity, lies on the

membrane and only has a minimal interaction with it [167]. For this particular type

of structure, Dubovskii et al. [167] proposed molecular hydrophobic potential (MHP)

plots to be effective in sorting structures by mechanism. However, due to a lack of

experimental data on structure and mechanisms of action of helix-kink-helix peptides,

this method has not been particularly useful in gaining a clear picture for our modelled

peptides and, for now, the structure-function relationship for these AMPs remains un-

clear.

Table 2.8: Fold match results for helix-break-helix and helix-kink-helix continuum of
structures. Identity percentages were obtained through GESAMT. C1 size % – size of
the largest cluster compared to the overall number of models.
a Disulphide connectivity known.

Modelled AMP and
the corresponding

APD2 IDs

C1
size
%

Fold
matches

Fold matches’
corresponding PDB
and APD2/UniProt

IDs

ID
%

Citropin 2.1.3.
(AP00639)

46

EcAMP1
Thuricin CD

Sublancin 168
Maximin 4

2L2R_A, AP01760
2L9X_A, AP01570
2MIJ_A, AP01606

2MHW_A, AP00061

12
8
4
5

Ctri10033
(P0DME4)

69
Ltc2a

Maximin 4
Fowlicidin 1

2G9P_A, AP01011
2MHW_A, AP00061
2AMN_A, AP00557

0
10
13

Andropin
(Q8WSV4)

17

EcAMP1
Sublancin 168
Thuricin CD

hIAPP

2L2R_A, AP01760
2MIJ_A, AP01606
2L9X_A, AP01570
2L86_A, AP02196

0
4
4
3

Latarcin 4a
(AP01014)

56
Ltc2a

Fowlicidin 1
Maximin 4

2G9P_A, AP01011
2AMN_A, AP00557
2MHW_A, AP00061

22
8
6
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Table 2.8 continued.

Modelled AMP and
the corresponding

APD2 IDs

C1
size
%

Fold
matches

Fold matches’
corresponding PDB
and APD2/UniProt

IDs

ID
%

Lycotoxin I
(AP00516)

91
EcAMP1

Ltc2a
Maximin 4

2L2R_A, AP01760
2G9P_A, AP01011

2MHW_A, AP00061

4
20
14

Ranatuerin 4
(AP00117)

61
Maximin 4

Ltc2a
Fowlicidin 1

2MHW_A, AP00061
2G9P_A, AP01011

2AMN_A, AP00557

13
11
15

RV 23 (AP01264) 78
Ltc2a

Maximin 4
2G9P_A, AP01011

2MHW_A, AP00061
20
11

Hymenochirin 2B
(AP01965)

24

Ltc2a
Fowlicidin 1

hIAPP
Pardaxin P4

2G9P_A, AP01011
2AMN_A, AP00557
2L86_A, AP02196
1XC0, AP00644

33
19
8

27

Clavaspirin
(AP00502)

65
Fowlicidin 1
Maximin 4

Ltc2a

2AMN_A, AP00557
2MHW_A, AP00061
2G9P_A, AP01011

20
15
18

Cryptonin
(AP00722)

87
Maximin 4

Ltc2a
Fowlicidin 1

2MHW_A, AP00061
2G9P_A, AP01011

2AMN_A, AP00557

17
25
10

Ocellatin 4
(AP00894)

98

Maximin 4
Thuricin CD

Ltc2a
Fowlicidin 1

2MHW_A, AP00061
2L9X_A, AP01570
2G9P_A, AP01011

2AMN_A, AP00557

15
11
6

20

Grammistin Pp 3
(P69847)

55

Ltc2a
Maximin 4

Fowlicidin 1
Pardaxin P4

2G9P_A, AP01011
2MHW_A, AP00061
2AMN_A, AP00557

1XC0, AP00644

14
13
21
9

CPF B1 (AP01622) 65

Maximin 4
Thuricin CD
Fowlicidin 1

hIAPP

2MHW_A, AP00061
2L9X_A, AP01570
2AMN_A, AP00557
2L86_A, AP02196

23
4

10
4

Dermaseptin 8
(P84928)

65
Thuricin CD

EcAMP1
2L9X_A, AP01570
2L2R_A, AP01760

15
0
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Table 2.8 continued.

Modelled AMP and
the corresponding

APD2 IDs

C1
size
%

Fold
matches

Fold matches’
corresponding PDB
and APD2/UniProt

IDs

ID
%

Grammistin Gs A
(P69845)

52
Maximin 4

Ltc2a
2MHW_A, AP00061
2G9P_A, AP01011

12
4

Ceratotoxin D
(AP00417)

65

Thurincin H
Sublancin 168
Thuricin CD

EcAMP1

2LBZ_A, AP02394
2MIJ_A, AP01606
2L9X_A, AP01570
2L2R_A, AP01760

0
0
8
3

Pilosulin 5 monomer
(AP00893)

88

Thurincin H
Sublancin 168

EcAMP1
hIAPP

2LBZ_A, AP02394
2MIJ_A, AP01606
2L2R_A, AP01760
2L86_A, AP02196

4
4
3
3

Casocidin I
(P02663)

27
Thurincin H

EcAMP1
2LBZ_A, AP02394
2L2R_A, AP01760

7
0

Ponericin Q42
(AP02435)

29
Thuricin CD

EcAMP1
Maximin 4

2L9X_A, AP01570
2L2R_A, AP01760

2MHW_A, AP00061

4
4

15

Cynthaurin
monomer

(AP00510)
70 EcAMP1 2L2R_A, AP01760 4

Dinoponeratoxin Dq
3104 (C0HJH7)

57
Ltc2a

Thuricin CD
hIAPP

2G9P_A, AP01011
2L9X_A, AP01570
2L86_A, AP02196

10
11
9

Kassinatuerin 1
(AP00556)

64
Maximin 4
Thurincin H

2MHW_A, AP00061
2LBZ_A, AP02394

6
0

U4N938a 60
Thuricin CD

Sublancin 168
EcAMP1

2L9X_A, AP01570
2MIJ_A, AP01606
2L2R_A, AP01760

0
21
19

Oreoch 3 (AP2140) 42
Maximin 4
EcAMP1

2MHW_A, AP00061
2L2R_A, AP01760

4
12
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2.3.6 Potential novel AMP folds

The results discussed hitherto relate to fold matches between the AMPs we mod-

elled and others of already determined structures. This revealed cases of likely cryptic

homology, such as between Lacticin Q [144] and Enterocins 7A and 7B [136], as

well examples of recurrent simple folds that are more likely to be examples of struc-

tural analogy: a β-hairpin Lebocin Peptide 1A from a moth Manduca sexta [145] and

θ-defensins BTD-2, RTD-2, and Retrocyclin-2 from baboon [147] would be likely ex-

amples. However, it is unlikely that currently determined AMP structures sample all

naturally existing AMP fold space. We therefore examined results that appeared reli-

able, that is, with a large cluster of similar models and which represented well-packed

protein structures, including considering whether they resembled any known folds (not

just AMPs) in a topology-independent fashion that could be seen using the CLICK

structure database search algorithm [123]. Here they are dealt with according to broad

fold class and their specificities compared to those of AMPs with similar folds.

All-β folds

A total of three all-β folds modelled (Figure 2.16) were scanned for fold matches

using CLICK database search. The first, Cypemycin [168] (Figure 2.16A) is a bac-

teriocin active against Gram-positive bacteria. Although it has no lanthionine bridges

present, it has some of the structural features of lantibiotics such as dehydrated amino

acids, two L-allo-isoleucines, and a modified C-terminal D-cysteine that forms a ring

structure with an L-cysteine. Only the disulphide bond constraint, set for the two

cysteine residues, was included in our model. Since the two modelled isoleucines

(which were modelled as the closest available representation of L-allo-isoleucine) are

solvent exposed, and the D-cysteine is the terminal residue, we expect these modifi-

cations to have limited effect on the overall tertiary structure. The largest cluster of

Cypemycin peptide contained 49% of the overall number of modelled structures. The

centroid structure (Figure 2.16A) matched other β-hairpin AMPs such as Protegrin-2

(PDB code 2MUH), Tachyplesin I (1WO1, and wild-type 1MA2), θ-defensin HTD-2
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Figure 2.16: Plausible all-β folds. A, Cypemycin (AP01632, C1% 49.0, disulphide
bond formed by Cys19 and Cys22), B, Scolopendin 1 (AP02453, C1% 24.2), C,
Microcin M (AP01230, C1% 15.5). Structures were colour-coded from N-terminus
(blue) to C-terminus (red). Disulphide bonds are shown in magenta. C1% – size of
the largest cluster compared to the overall number of models.

(2LZI), Thanatin (8TFV) and Polyphemusin I peptide (1RKK), which are all, with the

exception of antiviral HTD-2, active against both Gram-positives and Gram-negatives

[108]. Due to strict thresholds upon filtering GESAMT results, β-hairpin top results

such as Tachyplesin I (1WO1), Cyclic L27-11 (2M7I) and Retrocyclin-2 (2LZI) were

filtered out and so were not considered with the other β-hairpin matches above.

Scolopendin 1 [169] (Figure 2.16B) was found to have a fold similar to bovine

neutrophil β-defensin 12 (PDB code 1BNB), chicken AvBD2 defensin (2LG5), human

α-defensin HNP1 (3GNY), as well as Spheniscin-2 (1UT3) and Tricyclon A (1YP8).

The largest cluster contained 24.2% of the overall number of models. Scolopendin

1 is active against a wide spectrum of Gram-positive and Gram-negative bacteria, as

well as fungi, and in Candida albicans it was shown to induce reactive oxygen species

(ROS) accumulation. With the exception of antiviral, negatively charged Tricyclon A,

all of the fold matches exhibit activity against Gram-positives and Gram-negatives.

Microcin M [170, 171] (Figure 2.16C) is a class IIb microcin, which contains a

siderophore moiety C-terminal post-translational modification, that enables the uptake

of peptide but was not included in our modelling. The largest cluster contained 15.5%
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of the overall number of modelled structures. It predicts Microcin M to contain a four-

stranded β-sheet but no fold matches with known AMP structures or structures from

the PDB90 were found.

Mixed αβ folds

Upon performing a CLICK database search, five mixed αβ folds were found to

have fold matches that met the size and Z-score criteria (see Methods). The first,

Propionicin-F [172] (Figure 2.17A) is an unmodified, heat stable, negatively charged

bacteriocin with a ββα fold. Although only 17.9% successfully modelled structures

were clustered into the largest cluster, this peptide matched many αββ folds, such

as mussel Mytilin (PDB code 2EEM), Plectasin (1ZFU), Termicin (1MM0), Cg-Def

defensin (2B68), Micasin (2LR5), and Eurocin (2LT8). Interestingly, only a single

ββα fold was found among the filtered results, namely Leucocin A (1CW6) [108].

However, the short β-sheet does not pack against the helix in the same way as seen

in our Rosetta model, leading to a much more elongated structure. In contrast, the

topologically-distinct αββ folds share a similar mode of interaction between helix and

β-sheet as Propionicin-F suggesting that they may be structural analogues. Like many

bacteriocins, Propionicin-F has a nanomolar activity against strains of its producer

organism, Propionibacterium freudenreichii.

ABP-118a [173] shown in Figure 2.17B is a type IIb, unmodified, heat stable bac-

teriocin, active against both Gram-positives and Gram-negatives. These bacteriocins

are comprised of two peptide chains, and the overall activity is obtained by the comple-

mentary activity of the two peptides. Interestingly, the α component inhibits bacterial

growth on its own, and while the β component has no activity, it complements the ac-

tivity of the α chain [173]. Here, we modelled the α chain, with disulphide bond con-

nectivity predicted to be Cys6-Cys44. 26% of successfully modelled structures were

clustered in the top cluster. Its predicted αββ fold matches several AMPs, all con-

taining multiple disulphide bonds: Termicin (1MM0), Beta-purothionin (1BHP) and

Viscotoxin A3 (1ED0). The latter two peptides show activity against Gram-positives,
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Figure 2.17: Plausible mixed αβ folds. A, Propionicin-F (Q6E3K9, C1% 17.9), B,
ABP-118a (AP01172, C1% 26.0, disulphide bond connectivity was predicted to be
Cys6-Cys44), C, Mutacin IV chain A (AP01174, C1% 20.2, disulphide bond connec-
tivity was predicted to be Cys14-Cys34), D, Blp1 chain A (AP01995, C1% 28.1,
disulphide bond connectivity was predicted to be Cys2-Cys63), and E, Ipomicin
(AP01604, C1% 8.48, disulphide bond connectivity was predicted to be Cys32-
Cys63). Structures were colour-coded from N-terminus (blue) to C-terminus (red).
Disulphide bonds are shown in magenta. C1% – size of the largest cluster compared
to the overall number of models.

Gram-negatives and fungi, while Termicin is active against Gram-positive bacteria and

fungi.

Mutacin IV [174] (Figure 2.17C) shows activity against the Mitis group of oral

streptococci. The peptide was thought to be a type IIb bacteriocin [174], but this has not

been demonstrated unambiguously [175]. We have found the A chain of Mutacin IV to
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Figure 2.18: Ipomicin and its topologically distinct fold matches aligned. A,
Ipomicin peptide (AP01604), B, BRICHOS domain of Lung Surfactant Protein C
(PDB code 2YAD), and C, Uracil-DNA glycosylase protein (1UGI). Structures were
colour-coded from N-terminus (blue) to C-terminus (red).

match Mytilin (PDB code 2EEM) and Termicin (1MM0), as well as the Mediterranean

mussel defensin MGD-1 (1FJN) AMP. The disulphide connectivity for Mutacin IV A

was predicted to be Cys14-Cys34 and largest cluster contained 20.2% of the success-

fully modelled structures.

This group also contains more complex folds, such as chain A Blp1 peptide – an-

other type IIb bacteriocin (Figure 2.17D). The highly populated largest cluster (28.1%

of models) obtained with disulphide connectivity Cys2-Cys63 suggests a successful

fold prediction, but it gave no fold matches with AMPs. A CLICK database search

against the PDB90 database revealed similarity with Pseudopilin GspI, a chain from

enterotoxigenic Escherichia coli secretion system (PDB code 3CI0, chain I) [176],

supporting the biophysical plausibility of our modelled fold. However, the two are

likely to have evolved independently: Pseudopilins are part of the type 2 secretion sys-

tem found in Gram-negatives, and GspI is known to be located at the pseudopilus base,

interacting with the inner membrane components [177], while Blp1 AMP is produced

by the human oral strain Lactobacillus salivarius and is active against Gram-positives.

Our most complex fold, Ipomicin peptide (Figure 2.17E), is active against strains

of the producer organism, Streptomyces ipomoeae. With its six secondary structure
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elements it did not match any known AMP folds. Although only 8.48% of successfully

modelled structures were clustered in the top cluster, results of CLICK database search

ran on structures from the PDB90 database revealed striking similarity to 2 known

folds: BRICHOS domain of Lung Surfactant Protein C (2YAD) and an Uracil-DNA

glycosylase protein (1UGI). Both of these are topologically different from Ipomicin,

yet the secondary structure elements are positioned in a similar manner (Figure 2.18).

We suggest that this packing is favourable, irrespective of the topological connection

of the secondary structure elements, supporting the reliability of the Ipomicin fold

prediction. This in turn suggests that the Ipomicin fold prediction adds a new and

relatively complex architecture to the array of folds sampled by AMPs.

All-α folds

Overall ten all-α folds modelled (Figure 2.19) were scanned for fold matches using

the CLICK database search, and only one was found to have fold matches, namely

Vejovine peptide (Figure 2.19I) [178]. The largest cluster contained 18.9% of the total

number of models, and the top three clusters all showed similar structure, supporting

the reliability of the model.

Vejovine peptide, found in scorpion venom of Vaejovis mexicanus, is active against

Gram-negative bacteria and hemolytic to human erythrocytes. The peptide is helical

in 60% TFE, and the first 8 residues at N-terminus are crucial for its activity [178].

Our Rosetta model suggests a structure containing four helices spanning residues

2–14, 17–38, 42–47, and 50–58, respectively. Neither GESAMT nor CLICK database

searches against characterised AMPs returned results. However, an acyl carrier protein

fold from Thermus thermophilus, with similar topology, was found to match Vejovine

peptide through CLICK database search against PDB90 (Figure 2.20B).
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Figure 2.19: Plausible all-α folds. A, Pilosulin 1 (AP00535, C1% 26.2), B, Mu-
tacin BHT-B (AP02251, C1% 40.8), C, PAMP (AP01600, C1% 28.0, disulphide
bond connectivity was predicted to be Cys12-Cys37 and Cys29-Cys60), D, Perinerin
(AP01235, C1% 31.1, disulphide bond connectivity was predicted to be Cys13-Cys44
and Cys16-Cys49), E, Perinerin with disulphide bond connectivity Cys13-Cys49 and
Cys16-Cys44 and C1% 25.4, F, Halocin C8 (AP01193, C1% 21.3), G, BP100_gtag
(C1% 43.1), H, Oxyopinin 1 (AP00772, C1% 44.8), I, Vejovine (AP01753, C1%
18.9), and J, Closticin 574 (AP00768, C1% 37.6, disulphide bond connectivity was
predicted to be Cys9-Cys81). Structures were colour-coded from N-terminus (blue)
to C-terminus (red). Disulphide bonds are shown in pink. C1% – size of the largest
cluster compared to the overall number of models.
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Figure 2.20: Vejovine and its topologically similar fold match from CLICK. A,
Vejovine peptide, and B, T. thermophilus acyl carrier protein (1X3O), colour coded
from N (blue) to C terminus (red).

2.4 Conclusions

The structures of a large set of previously uncharacterised AMPs were modelled

using a variety of computational methods to ensure robustness. The set was obtained

from the APD2 database and a literature search, and contained 184 sequences of be-

tween 20 and 120 residues. The validity of the ab initio modelling was supported

by both benchmarking against known AMP structures and fold stability testing using

Molecular Dynamics experiments (see Chapter 3).

Moreover, disulphide bond prediction benchmarking was performed on structures

that were found to be structural homologues of AMPs assembled and modelled. Out

of three disulphide prediction algorithms benchmarked, DISULFIND had best results

with protein level accuracy score of 0.38. DISULFIND had best predictions for pep-

tides containing 4 and 6 cysteines (protein level accuracy scores 0.6 and 0.44, respec-

tively). Because the prediction results were shown not to be reliable on a set of homo-

logues, and there were no cases where at least two programs agreed on all disulphides

on our assembled peptides set, AMPs were modelled with all DiS possibilities where

this was feasible, i.e. for peptides containing four or less cysteine residues. Peptides

containing five and more Cys were modelled without any constraints.
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Rosetta ab initio modelling was benchmarked also, in order to obtain thresholds

that were to be set for determining the confidence of the modelling results. The bench-

mark was performed on fold matches of modelled peptides, both with and without the

disulphide connectivity information. All of the peptides that had folds correctly pre-

dicted with disulphide connectivity information included had correct folds predicted

when this information was omitted as well. Benchmarking models that had the size of

the largest cluster at least 25% of the the total number of successfully modelled struc-

tures were shown to have the correct fold predicted. Our modelled structures from the

assembled set that had lower percentages of the relative largest cluster size were also

scrutinised and considered if the centroids of three largest clusters had similar folds.

Looking back at our pipeline, if one would try to replicate this study, results would

be very similar – there have not been major updates in the software, only the HHpred

database and Rosetta fragment database would be newer. Overall, the weak link of this

pipeline was shown to be the disulphide bond prediction. The results were consider-

ably worse than expected when examining the results reported in the studies. Had we

performed disulphide prediction on our set of sequences to be modelled first, it would

be clear that there is no consensus, and disulphide benchmarking would probably not

have been performed. However, we think that the benchmarking is still a valuable ad-

dition to this work – it showed that, despite the high performance values reported in

the original studies, the sets that were used to train the data were probably too diverse

and not specific enough for our problem. There is a lot of opportunity for improvement

in terms of disulphide bond prediction. There are 194 PDB models of Cys containing

AMPs currently available, of which 192 have two or more Cys. Most of these AMPs

contain 4, 6 and 8 Cys residues (149 structures in total at the time of writing). These

are reasonable numbers for conducting a small study that could facilitate future ab

initio modelling performed on AMPs.

Rosetta benchmarking showed good results without providing disulphide connec-

tivity information, so omitting the disulphide bond prediction information made no dif-

ference to the reliability of our modelling. For modelling all possible combinations of
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disulphides, relative size of the largest cluster was used to identify the correct fold and

disulphide bonding. In terms of ab initio modelling software, PEP-FOLD or QUARK

could have been used, however, PEP-FOLD is limited to only 50 amino acid residues,

none of them are optimised for disulphide bonds, and they are both online servers,

making them unsuitable for large scale modelling [179, 121].

We expected to find stronger links between our modelled AMPs and the fold

matches in terms of their microbial targets or modes of action, through inspecting

hydrophobic patches and electrostatics. However, peptides of similar folds had very

different characteristics, and, for v-shaped helical AMPs, molecular hydrophobic

potential (MHP) plots method did not prove to be successful in sorting peptides

into carpet mechanism and pore-forming mechanism bins (which was additionally

aggravated by the lack of information on modes of action of the peptides studied).

Nevertheless, the newly mapped structural landscape reveals AMPs with similarities

to existing folds across different classes, and also predicts new folds for several

AMPs. So, for example, familiar α-helical folds were predicted for Ponericin Q42,

Latarcin 4a, Kassinatuerin 1, Ceratotoxin D, and CPF-B1 peptide and β-hairpins for

Lebocin Peptide 1A (LP1A), Odorranain M1, and Silkworm 001. Interestingly, LP1A

and amphibian Odorranain M1 are the first β-hairpin folds lacking intramolecular

disulphide bonds, cation-p or aromatic interactions reported so far, stable only due to

hydrogen bonding, which will be shown in Chapter 3. Until now, tigerinins, which

adopt a β-turn fold due to a disulphide bridge between two cysteine residues forming

a nonapeptide ring, were the only examples of non-helical amphibian antimicrobial

peptides. Moreover, a single insect-derived β-hairpin AMP has been reported so far,

and we predicted that both insect peptides, Lebocin Peptide 1A (LP1A), and Silkworm

001, are β-hairpins. Examples of mixed αβ folds are Garvicin A and Human Histatin

2, which contain no disulphide bonds, usually found in such AMPs as part of the

cysteine stabilised ab (CSαβ) motif, making the modelled peptides the first linear

αββ fold AMPs lacking intramolecular disulphide bonds. Novel folds were predicted

for Microcin M and Ipomicin, the latter resembling the BRICHOS domain of Lung



CHAPTER 2. MODELLING STRUCTURALLY OBSCURE AMPS 65

Surfactant Protein C, but with different topology between the secondary structure

elements.

Despite difficulties encountered, these findings expand our knowledge of the AMP

structural universe and may contribute to the structure-based development of more po-

tent AMPs. These results will form the basis for Chapter 3, where molecular dynamics

simulations of a selection of AMPs that were modelled will be studied, including sta-

bility, oligomerisation and interactions with a model membrane.





Chapter 3

Molecular Dynamics of selected AMPs

In this chapter, molecular dynamics simulations of selected AMPs in different

environments are studied. Among modelled AMPs, we have selected those which

were reported not to have modified residues, with the exception of the amide group

at the C-terminus. Additionally, we attempted to select those that were shown to be

active against multiple pathogens and had high bactericidal activity. The stability of

the AMPs was studied, as well as their oligomerisation and interactions with a model

membrane.

3.1 Computational background theory

3.1.1 Molecular Mechanics

Molecular mechanics enables the study of the behaviour of atoms when subjected

to forces or displacements, and the effects of their displacement on their environment

– molecular systems are described with classical mechanics models. Molecular me-

chanics uses a force field, a set of parameters and equations to calculate the potential

energy of a system. A force field is comprised of a functional form and parameter sets.

While parameter sets are usually empirical values given for each atom type, the func-

tional form is a set of potential energy functions which includes bonded terms (these

describe covalent bonds in terms of bonds, angles and dihedrals) and nonbonded terms
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(these describe long-range electrostatics and van der Waals forces). Equation (3.1) is

an example of a functional form:

V (rN) =
∑
bonds

kb

2
(l − l0)2 +

∑
angles

ka

2
(θ − θ0)2

+
∑

torsions

∑
n

Vn

2
[1 + cos (nφ− γ)] (3.1)

+
N−1∑
j=1

N∑
i=j+1

4εij

[(r0ij
rij

)12

−
(r0ij
rij

)6
]
+

qiqj

4πε0rij


The first term sums the covalent bond energies of bonded atoms. To describe these

vibrations, a harmonic potential model is used: kb is a force constant (specific for

each atom pair), l0 is the equilibrium bond-length value and l is the current bond-

length value (Figure 3.1A). The second term sums the angle potential energy due to

changes in bond angles from the ideal value θ0 (Figure 3.1B), as well as improper

torsions (Figure 3.1C). Again, this is represented by a harmonic potential analogous

to the first term. The distortion of angles requires considerably less energy than bond

stretching, therefore the force constants for the second term are much smaller than

the ones in the first term. The third term represents a motion which is associated

with rotation described by a dihedral angle φ and coefficient of symmetry n which

determines the periodicity of the potential (number of minima/maxima) in the interval

from 0 to 2π] (Figure 3.1D). Vn is the potential energy barrier height, and γ is the phase

factor. The last term represents nonbonded interactions: van der Waals and long-range

electrostatics (Figure 3.1E and F) [180]. The van der Waals interactions are long range

interactions caused by electron clouds around nonbonded atoms, calculated for atom

pairs separated by three or more bonds. They are modelled using the Lennard-Jones

(6-12) potential, where r0ij is the equilibrium distance of nonbonded atom pairs and

εij is the well depth. The electrostatics between two charged particles are defined by

their partial atomic charges qi and qj (with values assigned so that they reproduce the

electrostatic properties of the molecule) and distance rij in vacuum (electric permit-
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Figure 3.1: Bonded (A-D) and non-bonded (E and F) interactions in a force field.
Adapted from [180].

tivity ε0), and is most commonly calculated for atom pairs separated by three or more

bonds. A limitation of these models is that dissociation of bonds cannot be described

by force fields. Calculating the nonbonded interactions can be computationally de-

manding, which is why the distance cutoffs are introduced. For example, the van der

Waals forces can be cut off around 10 Å. Because displacements from the equilibrium

are small, energy penalties for bond and angle terms are much higher than for the tor-

sional angle term. Torsions and non-bonded interactions contribute most to fluctuation

in structures and relative energies.

The most well-established software packages used for force field calculations are

Gromacs, AMBER and CHARMM [181, 182, 183]. In this work, Gromacs and AM-

BER packages are used with amber force fields.
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Force Fields

There is a variety of force fields available that were parametrised for specific (pro-

teins, DNA) or general problems (ligands, non-standard residues). In case of specific

problems, there are different atom types depending on the molecular environment, so

that, for example, a carbon in a five membered ring will be assigned a different atom

type than if it were found in a six-membered ring. Amber-ff99 is an example of such

a tailored force field. Tailoring has both positive and negative sides: trajectories and

interaction energies obtained are reasonably realistic, but the transferability is reduced.

Some of the more recent force fields available at the time that can be applied to

systems used in this work:

• ff99 [184]: force field developed for proteins.

• ff99SB [185]: “Stoney Brook” modification of ff99. Performance for proteins

was improved by fitting backbone torsions to ab initio calculations.

• ff99SB-ILDN [186]: ff99SB with improved side chain torsion potentials. This

force field is supported in the Gromacs package and was used here in the

oligomerisation study, as well as in combination with the compatible Lipid14

force field (see below) for peptide-membrane systems.

• ff03 [187]: a variant of ff99. Charges and backbone torsion potentials were

re-derived based on QM+continuum solvent calculations (for proteins only).

• ff14SB [188]: ff99SB with improved accuracy of protein side chain and back-

bone parameters. This force field was used within the AMBER package for

peptide-only systems in explicit and implicit water in order to obtain fold stabil-

ity results and the fold of Lacticin Q when starting from a linear structure.

• CHARMM22/CHARMM27 [189, 190]: For simulations of protein systems

these are equivalent – CHARMM27 was additionally optimised for DNA simu-

lations. This force field was parametrised using quantum chemical calculations

of the solute – water interactions using the TIP3P explicit water model [191].

• CHARMM36m [185]: all-atom additive protein force field improved for folded

and intrinsically disordered proteins.
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• GLYCAM force fields [192]: force fields for carbohydrates and lipids that were

parametrised by fitting to QM data for small molecules.

• Lipid14 [193]: update of Lipid11 [194] with tensionless simulation of lipid bi-

layers enabled and revised parameters so that compatiblity with other force fields

in the AMBER package was achieved.

3.1.2 Molecular Dynamics

Molecular Dynamics (MD) is a technique for studying the motions of molecules.

This technique can be applied to study AMPs in different environments. In molecular

dynamics, a phase point is defined by the momentum and position of all the particles

in the system at a given time. Information on the phase point can be used to determine

the location of the subsequent phase point in the trajectory, and therefore the entire tra-

jectory. This is done by integrating Newtonian equations of motion, which allows the

time evolution of structures to be obtained. A trajectory can be defined as a curve of

points in a phase space – a space whose axes correspond to physical quantities required

to fully describe the state of a physical system. To perform Molecular Dynamics simu-

lations, only from initial atom positions, potential energy function and initial randomly

generated velocities, classical equations of motion are numerically solved step-by-step.

Let a particle in a molecule have a position vector ~r(t1). Assuming the particle

has a momentum ~p = m~v, where m and ~v are the mass and velocity of the particle,

respectively, the position vector at time t2 can be defined as:

~r(t2) = ~r(t1) +

∫ t2

t1

~p(t)

m
dt (3.2)

The momentum vector at time t2 is:

~p(t2) = ~p(t1) +m

∫ t2

t1

~a(t)dt (3.3)
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Here, ~a is acceleration of the particle, and can be defined with Newton’s second law:

d2~r

dt2
=

~F

m
(3.4)

Equations (3.2) and (3.3) can be written in a differential form, where δt is a small,

constant time interval:

~r(t+ δt) = ~r(t) +
~p(t)

m
δt (3.5)

~p(t+ δt) = ~p(t) +m~a(t)δt (3.6)

and in the limit when δt→ 0, the approximation is exact. Knowing the initial positions

and momenta for all particles, and by calculating the corresponding forces, we can

simulate the trajectory of a molecule. An even better approximation can be obtained

by Taylor series expansion:

~r(t+ δt) = ~r(t) + ~̇r(t)δt+
1

2
~̈r(t)δt2 +

1

6
~r (3)(t)δt3 +

1

24
~r (4)(t)δt4 + ... (3.7)

~v(t+ δt) = ~v(t) + ~̇v(t)δt+
1

2
~̈v(t)δt2 +

1

6
~v (3)(t)δt3 + ... (3.8)

~a(t+ δt) = ~a(t) + ~̇a(t)δt+
1

2
~̈a(t)δt2 + ... (3.9)

Position vector r at time t− δt is:

~r(t− δt) = ~r(t)− ~̇r(t)δt+ 1

2
~̈r(t)δt2 − 1

6
~r (3)(t)δt3 +

1

24
~r (4)(t)δt4 + ... (3.10)

Summing positions for forward and reverse δt intervals (Equations (3.7) and (3.10))
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and truncating at the second derivative gives:

~r(t+ δt) = 2~r(t)− ~r(t− δt) + ~̈r(t)δt2 (3.11)

The Verlet algorithm [195] uses this equation to calculate the position vector for each

subsequent time step without information on the velocity, but only with information on

the current position vector, the previous position vector, and the acceleration calculated

from the forces (~a =
~F
m

). For the initial time step, Equations (3.5) and (3.6) are used.

The Verlet algorithm is straightforward, and does not require much storage, however, it

is only moderately precise. For all the particles, initial momenta are assigned randomly

from Maxwell-Boltzmann temperature distribution, where the temperature-momentum

relationship for N atoms and n constrained degrees of freedom can be defined as:

T (t) =
1

(3N − n)kb

N∑
i=1

|pi(t)|2

mi

(3.12)

In order to keep the temperature of the system constant, velocities of particles are

scaled, however, since Equation (3.11) gives no information on velocity, the leap-frog

algorithm was first developed [196], however, its disadvantage was that the velocity

and positions were not synchronised. This problem was solved by introducing a mod-

ification to Verlet algorithm, called velocity Verlet [197], so that positions, velocities,

and accelerations are defined for every time point, meaning higher precision. Start-

ing from Taylor series expansion for the position vector ~r and velocity ~v at time t+ δt

(Equations (3.7) and (3.8)) truncated at the second derivative, an expression that defines

~̈v in terms of known quantities is needed – this can be done by expanding ~̇v(t+ δt):

~̇v(t+ δt) = ~̇v(t) + ~̈v(t)δt+ ... (3.13)

Truncating at the second derivative and rearranging gives:

~̈v(t)δt = ~̇v(t+ δt)− ~̇v(t) (3.14)
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The Taylor expansion for velocity ~v at time t+ δt (Equation (3.8)) is now:

~v(t+ δt) = ~v(t) + ~̇v(t)δt+
1

2
[~̇v(t+ δt)− ~̇v(t)]δt

= ~v(t) +
1

2
~̇v(t)δt+

1

2
~̇v(t+ δt)δt

(3.15)

The velocity Verlet algorithm can be summarised as iteration of the following three

steps through time:

1) For every particle, given the known position vectors ~r, speed vectors ~v and force

vector ~F , calculate:

~r(t+ δt) = ~r(t) + ~v(t)δt+
~F (t)

2m
δt2 (3.16)

2) Evaluate ~F (t+ δt)

3) Calculate:

~v(t+ δt) = ~v(t) +
~F (t)

2m
δt+

~F (t+ δt)

2m
δt (3.17)

Velocity Verlet algorithm gives positions, velocities and accelerations at the same time

point, without compromising on precision or computing time. This way, both kinetic

and potential energies can be calculated simultaneously.

Using an appropriate time step is important. If the step is too large, atoms might

end up closer than the Van der Waals contact distance, and if it is too small, the compu-

tational cost will be to high to observe anything of interest. The time step is usually set

so that it is an order of magnitude smaller than the period of the fastest periodic motion

in the system – the vibration of a heavy-atom – hydrogen bond. Since this period is

~10-14 s, the time step should be no larger than 1 fs. In order to increase the time step

to a more reasonable value, such as 2 fs, lengths of these bonds need to be constrained.

This is done by employing SHAKE or Lincs algorithm [198, 199]. The result is the
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fastest motion being vibration of a heavy-atom – heavy-atom bond, which has a period

2-3 times larger than the heavy-atom – hydrogen bond; the approximation relies on the

reasonable assumption that the two motions can be decoupled from each other.

Standard practice when running MD with explicit waters is to use periodic bound-

ary conditions. Consider our particles of interest enclosed in a unit cell (simulation

box). Infinite copies of the same box are tiled next to each other by translation in all

the three Cartesian directions. All of the copies of the original particle have the same

motion as the original particle, and effectively, only the original one is being simulated.

A particle exiting the unit cell through one side of the cell will re-appear on the oppo-

site side with the same velocity, so that the number of particles in the box is always

conserved. The distance between the two particles is always less than a half of the cell

dimension, which ensures that only the nearest image of a particle is taken into consid-

eration – this is called the minimum image convention. For each simulation, a box is

generated large enough to fit the structure. In case of explicit solvent simulations, the

box is solvated with water molecules with a buffer between peptide atoms and the box

edge, so that there are no interactions of the peptide with itself.

Solvation models can be divided into two main groups: explicit, where the

molecules of solvent are present, and implicit model, where a continuum of dielectric

permittivity represents the solvent. In case of explicit water models, a different

number of points can be used to define the model. The simplest model would be a the

3-site model, where actual H and O atoms are making the three points of the rigid

molecule. Different parametrisations led to different models, for example, TIPS, SPC,

TIP3P (used in this work) and SPC/E. These are developed to fit well with a particular

physical structure or parameter, such as the density anomaly or radial distribution

function. However, no model has a perfect fit with all physical properties. The 3-site

TIP3P model [191] considers waters as rigid, and the interactions between molecules

are described using pairwise Coulombic and van der Waals forces. TIP3P water

model is commonly used when performing protein simulations. TIP4P and TIP5P are

examples of 4- and 5-site water models. The 4-site model has an additional dummy
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site carrying negative charge, which improves the electrostatic distribution around the

molecule, and the 5-site model has two additional dummy sites, also carrying negative

charge, which lead to improvement in the geometry for the water dimer, a better fit to

the experimental radial distribution functions, and better accuracy of temperature at

the maximum density of water [191, 200]. This makes them somewhat more accurate

when it comes to certain physical properties: however, they are also computationally

more demanding than the TIP3P model. By introducing implicit solvent, the number

of atoms in a system can be significantly reduced, making the simulation less time

consuming. The major contribution to the solvation energy comes from electrostatic

interactions, which can be modelled so that the solvent is treated as a continuum of

dielectric permittivity that has dielectric constant corresponding to that of the bulk

solvent. The solvation energy expression is split into two terms: polar and non-polar.

The polar term describes the electrostatics, while the non-polar term represents the

energy of creating a cavity that the solute is making in the solvent.

To neutralise the system, water molecules are replaced by the corresponding num-

ber of Na+ or Cl− counterions. Next, energy minimisation is required in order to re-

move steric clashes which could lead to the simulation crashing due to unrealistically

high energies in some regions. The steepest descents energy minimisation method,

used in this work, gradually changes the atomic coordinates as it moves the system

closer to the nearest local minimum of energy, in the direction of the negative gradi-

ent (which is orthogonal to the equipotential line at that point). The size of the step

can be determined in two ways: 1) finding three points along the gradient so that the

middle point has lower energy than the other two, or 2) taking a step of an arbitrary

size along the gradient, with the step size being increased or decreased depending on

whether the move resulted in a reduced or increased energy value, respectively. The

steepest descent method becomes slower the closer it gets to the minimum, and this is

where the more mathematically complex method, conjugate gradient, steps in – it is

more successful in finding the minimum in narrow valleys, where the steepest descent

method fails due to its zig-zag pattern.
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There are three thermodynamic ensembles that are usually used in molecular dy-

namics simulations: 1) microcanonical or NVE (constant number of particles, volume

and energy of the system), 2) canonical or NVT (constant number of particles, volume

and temperature), and 3) and isobaric-isothermal or NPT ensemble (constant number

of particles, volume and temperature).

Following the energy minimisation, the system is slowly heated up in an NVT en-

semble. A thermodynamic ensemble is a surface in a phase space (space including

all the momenta and positions of a molecule) which satisfies certain thermodynamic

state conditions. For example, the NVT ensemble is defined by a constant number of

particles (N), constant volume (V) and constant temperature (T). Heating the system to

the desired temperature in an NVT ensemble is done by introducing a thermostat algo-

rithm which simulates heat exchange between the system and its surroundings. When

performing membrane simulations, it is important that appropriate temperature is used

– the temperature should be set to a value higher than the lipid’s phase transition tem-

perature. Membrane of E. coli is composed of the zwitterionic lipid palmitoyloleoyl-

phosphatidylethanolamine (POPE) and the negatively charged lipid palmitoyloleoyl-

phosphatidylglycerol (POPG), therefore our choice of a model membrane was a 4:1

mixture of POPE and POPG lipids [201, 202]. Their phase transition temperatures

are 298 K and 269 K, respectively [203, 204]. Thermostats used in this work are:

1) Langevin thermostat for fold stability and Lacticin Q folding studies in AMBER

[205], 2) v-rescale in the NVT and NPT/production step of oligomerisation and in the

NVT step of membrane simulations in GROMACS (Langevin thermostat is not im-

plemented in the GROMACS package) [206], and 3) Nosé-Hoover thermostat in the

NPT and production steps of membrane simulations, as suggested by the Bevan Lab

Gromacs tutorial [207, 208, 209]. The Langevin thermostat uses Langevin equation

instead of Newtonian equations of motion – a random receive force (selected from the

Gaussian distribution) is applied on atoms after which the velocities are lowered using

a constant friction. In the velocity rescale method, velocities of all particles are scaled

by a properly chosen stochastic factor. The Nosé-Hoover thermostat adds a friction
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term to Newton’s second law, while the friction coefficient has a Gaussian distribution

with mean zero, and is dynamically changed to move the system towards the desired

temperature.

Once the desired temperature has been achieved, equilibration of the system at the

desired temperature in an NPT ensemble is necessary to ensure that the density of the

system has converged. In this work, two barostats are used, namely Berendsen and

Parinello-Rahman [210, 211]. The Berendsen barostat can be described as an external

bath that is weakly coupled with the system using the principle of least local pertur-

bation. Similar to the Langevin thermostat, an extra term is added to the equations of

motion that effects a change in pressure. The Parinello-Rahman barostat implements

coupling with the volume of the simulation box, and allows the change in box shape.

This means that the coordinates of the molecules are scaled.

Langevin, Andersen and Nosé-Hoover thermostats produce the canonical ensem-

ble, but Langevin and Andersen have a stochastic component. The v-rescale thermo-

stat, Berendsen thermostat and Berendsen barostat are commonly used to equilibrate

the system that is in a state far from equilibrium, i.e. in the beginning of the simulation

when fluctuations can be large. Both v-rescale and Berendsen thermostats produce

results close to canonical ensemble, with v-rescale having better performance, but the

methods are not deterministic. For membrane simulations, Nosé-Hoover is considered

to produce natural dynamics. Berendsen barostat does result in correct target den-

sity, but it does not produce an isobaric-isothermal ensemble, and usage of alternate

barostats is advised for the production step. A Monte Carlo barostat has been imple-

mented in AMBER14 package to overcome this problem. The Andersen barostat is

similar to Parinello-Rahman, except the box shape is fixed, and they both produce the

NPT ensemble. Parinello-Rahman barostat allows phase changes, so it is a common

barostat used for simulations of solids. It is commonly used with the Nosé-Hoover

thermostat. Thermostats and barostats of choice also depend on whether they are im-

plemented in the MD software or not. For example, AMBER has Langevin thermostat

implemented, but Gromacs does not.
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In this work, MD simulations were performed using: 1) AMBER package (v.14)

with ff14SB force field and 2) Gromacs package (v.5.2) with ff99SB-ILDN and

Lipid14 force fields. These were the most up-to-date and most precise force fields for

performing protein simulations at the time [23, 24]. Gromacs package was used with

ff99SB-ILDN as it did not support ff14SB at the time. Peptide models were simulated

in both explicit and implicit solvent.

First, we tested the stability of selected Rosetta models and their fold matches in

explicit solvent to support the benchmarking results. For Lacticin Q helical bundle,

we performed MD in implicit solvent starting from a linear structure. This was done

using the AMBER package, since it is fast when simulating smaller systems on a GPU.

Amber ff14SB force field was used. The rest of the MD simulations were run for big-

ger systems, therefore, we used Gromacs package running on multiple CPUs, which

is faster than running AMBER. In order to keep the consistency with stability study,

amber force fields were used. We checked oligomerisation of selected Rosetta mod-

els using an explicit solvent model. Finally, MD simulation runs were performed for

selected Rosetta peptide models in a membrane environment in explicit solvent using

a POPE:POPG membrane bilayer model in a ratio 4:1 in an attempt to get a clearer

picture of the modes of action of selected AMPs [203, 204].

3.2 Methods

3.2.1 Stability of selected folds

MD simulations were performed using the AMBER package and the amber ff14SB

force field [188]. Simulations were run in explicit solvent for 100 ns using TIP3P water

molecules with a 12 Å buffer between peptide atoms and the edge of a rectangular box.

The starting peptide models were Rosetta structures and experimental PDB structures

of corresponding fold matches. For each simulation, 10 000 steps of minimisation

were performed, with the first 5 000 using the steepest descent algorithm followed by

5 000 steps of conjugate gradient. The system was heated to 300 K in two steps; first



80 3.2. METHODS

heating from 0 to 100 K for 5 ps followed by heating from 100 to 300 K for another

100 ps using a Langevin thermostat. During the simulations, Langevin thermostat and

a collision frequency of 1 ps was used to maintain the system at a constant temperature

of 300 K. The pressure was maintained at 1 bar using isotropic pressure coupling

with the Berendsen barostat and a time constant of 1ps. Each simulation was run for

100 ns with a 2 fs time step. Smooth particle mesh Ewald (PME) algorithm [212] was

employed with a 1 nm cutoff. Bonds involving hydrogen atoms were constrained using

the SHAKE algorithm [198]. All simulations were run in triplicate.

For the last 50 ns of each simulation, structural alignment was performed on Cα

atoms of residues that formed regular secondary structure in the Rosetta model. RMSD

clustering was carried out using MMTSB Tool Set based on those Cα atoms [213]. The

structure closest to the centroid model was taken as a representative for each highly

populated cluster.

3.2.2 Lacticin Q folding from a linear model

MD simulations were performed using the AMBER package and amber ff14SB

force field. Simulations were run in implicit solvent for 1 µs. A linear model of Lac-

ticin Q was used as a starting structure. For each simulation, 10 000 steps of minimisa-

tion were performed, with the first 5 000 using the steepest descent algorithm followed

by 5 000 steps of conjugate gradient. During the simulations, the system was main-

tained at a constant temperature of 300 K using the Langevin thermostat and a collision

frequency of 1 ps. Each simulation was run for 1 µs with a 2 fs time step. The PME

algorithm was employed. Bonds involving hydrogen atoms were constrained using the

SHAKE algorithm. All simulations were run in triplicate.

3.2.3 Oligomerisation in water

MD simulations were performed using the Gromacs package and amber ff99SB-

ILDN force field (since ff14SB was not implemented in the package). For each system,

simulations of 10 peptides were run in explicit solvent using TIP3P water molecules,
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with the total system dimensions of 9 nm × 9 nm × 9 nm. For each simulation, 5 000

steps of minimisation were performed using the steepest descent algorithm. The sys-

tem was heated to 300 K for 100 ps. During the simulation, the temperature was held

constant using isotropic coupling with the v-rescale thermostat and a time constant

of 1 ps. The pressure was maintained constant at 1 bar using the isotropic pressure

coupling with Berendsen barostat and a time constant of 5 ps for 50 ns. The PME al-

gorithm was used to treat electrostatic interactions, with a short-range cutoff of 1.2 nm.

The same cutoff was used for van der Waals interactions. The neighbour list was set

to be updated every five steps during the simulations. The Lincs algorithm was used to

constrain bonds with hydrogen atoms [199]. Each simulation was run for 50 ns with a

2 fs time step. All simulations were run in triplicate.

For the last 10 ns of each simulation, percentages of secondary structure was cal-

culated [214, 215] as well as the number and size of clusters. The latter was obtained

through gmx clustsize using a cutoff value of 0.25 nm and a bespoke bash script.

The entire trajectory (50 ns) was analysed in order to detect hydrogen bonds of inter-

molecular residue-pairs using VMD Hbonds plugin [215] with a 3.5 Å donor-acceptor

cutoff distance and a 40◦ cutoff angle, and a bespoke bash script.

3.2.4 Membrane interactions

The membrane bilayer was constructed using the CHARMM-GUI membrane

builder [216]. The bilayer was modelled using the 4:1 mixture of POPE and POPG

lipids, mimicking the lipids of the inner membrane of Gram-negative bacteria [217].

The lipid bilayer was comprised of 280 lipids, 224 of which were POPE and 56 were

POPG, distributed so that there were 112 POPE and 28 POPG molecules in each layer.

The total system dimensions were 9.2 nm × 9.2 nm × 12 nm. The membrane was

positioned so that the distance between the bottom plane of the box and the bottom

leaflet was approximately 1.5 nm. A total of 10 peptides were randomly added by

replacing the waters using the gmx insert-molecules command and ensuring

all of the peptides are located above the top layer of the membrane. The system was
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then solvated with TIP3P waters, followed by removal of waters from the membrane

bilayer using a bespoke bash script. Depending on the net charge of the system,

Na+ or Cl− ions were added to neutralise it. Then, the z dimension of the box was

increased to 12.5 nm and the system was solvated again in a similar manner. This thin

layer of waters was positionally restrained in order to create a physical barrier that

would prevent peptides from binding to the lower membrane leaflet due to periodic

boundary conditions. There was no indication of peptides forming bonds with the

restrained waters barrier.

MD simulations were performed using the Gromacs package and amber ff99SB-

ILDN and Lipid14 force fields. For each simulation, 50 000 steps of minimisation

were performed using the steepest descent algorithm. The system was heated to 310 K

for 100 ps using the v-rescale thermostat, a time constant of 0.1 ps and three sepa-

rate coupling groups – lipids, protein and solvent. Next, pressure was kept constant

at 310 K and 1 bar using the Nosé-Hoover thermostat with a time constant of 1 ps,

and Parrinello-Rahman barostat with a time constant of 5 ps utilising semi-isotropic

coupling. In the production step, we simulated the system at 310 K and 1 bar using

the Nosé-Hoover thermostat with time constant 0.5 ps, and Parrinello-Rahman baro-

stat with time constant 2 ps, again with semi-isotropic coupling. Each simulation was

run for 1 µs with a 2 fs time step. PME algorithm was used to treat electrostatic

interactions, with a short-range cutoff of 1.2 nm. The same cutoff was used for van

der Waals interactions. The neighbour list was set to be updated every five steps dur-

ing the simulations. Lincs algorithm was used to constrain bonds with hydrogen atoms.

All simulations were run in triplicate. An additional three simulations were performed

by starting from each system’s configuration at 500 ns – the water molecules were re-

moved, followed by addition of 5 peptides to each system, re-solvation of the system

and removal of water molecules from the membrane. The three newly set-up systems

were then minimised, velocities were reassigned, and equilibration was performed in a

similar manner as described above. The systems were run using parameters described

for 1 µs each.
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3.2.5 Membrane in water (control)

The membrane only simulation was performed by using the same parameters as

in the previous section, with three exceptions: 1) no water molecules with positional

restraints were added, 2) two coupling groups were defined, lipids and solvent, and

3) in addition to counterions added to neutralise the system, gmx genion was used

with conc flag in order to obtain 0.15 M concentration of NaCl.

3.3 Results and Discussion

3.3.1 Stability of selected folds

The reliability of our models was further tested by running 100 ns simulations in

explicit solvent and performing clustering as described in the Methods section. Struc-

ture representatives of highly populated clusters superimposed in Figure 3.2 show the

stability of modelled folds in solvent. Since modelled β-hairpins contained no in-

tramolecular disulphides, cation-π nor aromatic interactions to keep these structures

stable, we looked for hydrogen bonds in the set of trajectory snapshots on which

RMSD clustering was performed. Our Rosetta model of Lebocin Peptide 1A[145]

showed two β-strands extending from residues 7 to 10 and 14 to 17. This feature was

commonly present during the trajectory (Figure 3.2A). For example, two backbone

hydrogen bonds between residues Phe8 and Thr16 were present ~81% and ~63% of

the time. Similarly, the Odorranain M1 hairpin [131] has residues 2–4 and 14–16 in

the β-strand conformation (Figure 3.2B). Here, two hydrogen bonds between Ala3

and Arg15 were present ~75% and ~53% of the time. Finally, the Silkworm 001 AMP

(unpublished; APD identifier 01974) Rosetta model showed two β-strands extending

from residues 8 to 11 and from 14 to 17 (Figure 3.2C). Two hydrogen bonds between

Ile9 and Tyr16 were present ~95% and ~86% of the time, and two hydrogen bonds

between Ala11 and Tyr14 were present ~76% and ~74% of the time. Together, these

findings suggest that LP1A and Odorranain M1 are the first β-hairpin folds lacking
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D

CBA

Figure 3.2: Stability of modelled folds. A, Lebocin Peptide 1A, B, Odorranain M1,
C, Silkworm 001, D, Rattusin, E, Ponericin Q42, F, Latarcin 4a, G, Kassinatuerin 1,
H, Ceratotoxin D, and I, CPF-B1 peptide. Structure representatives of the last 50 ns
of triplicate experiments are shown superimposed and colour coded from N (blue) to
C terminus (red). Rosetta model is shown in cartoon (A–D) or grey (E–I). Structures
were aligned with Theseus [218].

intramolecular disulphide bonds, cation-π or aromatic interactions reported so far, sta-

ble only due to hydrogen bonding.

Although the orientation of helices of our all-helical folds fluctuated somewhat

(Figure 3.2E–I), with the exception of N-terminus helix of Kassinatuerin 1 (Fig-

ure 3.2G), they were stable throughout the simulation. Latarcin 4a [219] (Figure 3.2F)

showed two stable conformations, a single α-helix and a helix-break-helix fold.

This break is induced by a glycine residue at position 10. Interestingly, the short
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N-terminus helix of Kassinatuerin 1 peptide [220] (Figure 3.2G) rapidly unfolded in

solution, while the C-terminal helix remained stable, despite IUpred prediction of only

the first two N-terminal residues as disordered [113]. Stability of the corresponding

fold matches is shown in Figure A.1 in Appendix A. Some of the helices and β-strands

appear to undergo unfolding and folding again during the simulation. However, all

of the experimental models are highly stable in explicit solvent, particularly those

containing disulphide bonds.

3.3.2 Lacticin Q folding from linear model

Lacticin Q (MAGFLKVVQLLAKYGSKAVQWAWANKGKILDWLNAGQAID-

WVVSKIKQILGIK) was observed to undergo folding and unfolding multiple times

during the simulation (Figure 3.3). Minimal RMSD on Cα atoms for Rosetta and

NMR was 2.69 Å, while minimal RMSD on Cα atoms for MD and NMR was 2.07 Å

(Figure 3.3A).

BA

Figure 3.3: A, Lacticin Q trajectories vs NMR (RMSD) and B, Rosetta, MD and
NMR structures of Lacticin Q superimposed.

Both the ab initio and MD structure are in good agreement, and the NMR study

experimentally validated these results [144].
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3.3.3 Oligomerisation in water

Antimicrobial peptides are hydrophobic molecules and it is expected that they form

oligomers in solution. This was already documented for multiple AMPs, such as seen

in several human and other primate defensins, LL-37 peptide, and some bacteriocins

[221]. Therefore, a selection of Rosetta models that we had confidence in based on

studies in the section above were simulated in water environment in order to detect

which peptides had affinity towards oligomerisation, as well as the preference on size

of obtained oligomers. In addition, secondary structure analysis was performed and

compared to the results of the stability study.

In this section, the last 10 ns of the total of 50 ns of each run was analysed.

Rattusin

The secondary structure of Rattusin (LRVRRTLQCSCRRVCRNTCSCIRLSRS-

TYAS, Figure 3.4) is mainly composed of β-strands, turns, and coils, which is in

agreement with Figure 3.2D, suggesting that the secondary structure does not undergo

changes upon oligomer formation at least at the timescale observed here. Although

the size and number of oligomers is not consistent throughout the three runs, however

preference for oligomerisation is seen (Figure 3.5). Key interactions (>5% occupancy)

are listed in Table 3.1.

RUN1 RUN2 RUN3

Bridge
Coil
Beta-strand
3_10-helix
Alpha-helix
Pi-helix
Turn

Rattusin (10 AMPs)

Figure 3.4: Secondary structure of 10 Rattusin AMPs, last 10 ns of oligomerisation
MD simulations.
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Figure 3.5: Number and size of oligomers for 10 Rattusin AMPs, last 10 ns of
oligomerisation MD simulations. On the x-axis, the number of the summation terms
is the number of oligomers, and the terms are represented with the number denoting
the size of each oligomer.

Table 3.1: Rattusin – key intermolecular interactions (>5% occupancy) over the last 10ns
of each of the three 50 ns MD simulations.

Donor Donor
molecule

Acceptor
molecule Acceptor Occupancy

Thr6 Main 1 2 Gln8 Main 48%
Thr28 Main 5 10 Thr18 Main 21%
Arg23 Main 1 10 Thr28 Main 18%
Asn17 Side 3 8 Thr28 Main 16%

Arg4 Main 5 8 Thr28 Main 67%
Arg26 Main 3 1 Tyr29 Side 16%
Gln8 Side 6 7 Thr28 Side 10%
Thr28 Side 6 2 Ser27 Main 6%
Arg26 Main 1 2 Ser20 Side 6%

Ser25 Main 1 2 Asn17 Main 20%
Gln8 Side 5 8 Leu24 Main 5%
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Ponericin Q 42

The secondary structure of Ponericin Q42 (FWGAVWKILSKVLPHIPGTVK-

WLQEKV, Figure 3.6) is mainly composed of helices, turns, and coils, which is in

agreement with Figure 3.2E, suggesting that the secondary structure does not undergo

changes upon oligomer formation, at least at the timescale observed here. The size

and number of oligomers is not consistent throughout the three runs, however the

preference for oligomerisation is seen (Figure 3.7). Key interactions (>5% occupancy)

are listed in Table 3.2.
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3_10-helix
Alpha-helix
Pi-helix
Turn

Ponericin Q42 (10 AMPs)

Figure 3.6: Secondary structure of 10 Ponericin Q 42 AMPs, last 10 ns of oligomeri-
sation MD simulations.
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Figure 3.7: Number and size of oligomers for 10 Ponericin Q 42 AMPs, last 10 ns of
oligomerisation MD simulations. On the x-axis, the number of the summation terms
is the number of oligomers, and the terms are represented with the number denoting
the size of each oligomer.
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Table 3.2: Ponericin Q42 – key intermolecular interactions (>5% occupancy) over the
last 10 ns of each of the three 50 ns MD simulations.

Donor Donor
molecule

Acceptor
molecule Acceptor Occupancy

Val5 Main 6 1 Gln24 Side 28%
Lys26 Side 6 3 Glu25 Side 16%
Trp2 Side 7 4 Gly18 Main 11%

Gln24 Side 9 7 Val12 Main 10%
Phe1 Main 3 2 Glu25 Side 8%
Lys21 Side 4 9 Lys26 Main 6%

Trp6 Side 2 10 Pro17 Main 35%
Lys21 Side 1 6 Glu25 Side 29%
His15 Main 9 5 Trp22 Main 29%
Trp2 Side 2 7 Gln24 Side 28%

Gln24 Side 10 8 Lys11 Main 14%
Trp2 Main 2 3 Lys26 Main 13%
Val20 Main 8 4 Lys11 Main 13%
Lys11 Side 6 9 Glu25 Side 9%
Lys11 Side 1 9 His15 Main 8%
Trp2 Main 3 5 Glu25 Side 7%
Lys26 Side 3 7 Glu25 Side 5%

Lys7 Side 9 4 Ser10 Side 55%
Lys11 Side 1 7 Glu25 Side 19%
Phe1 Main 2 7 Glu25 Side 17%
Trp2 Side 8 3 Ile8 Main 16%
His15 Side 3 4 Val12 Main 14%
Gly18 Main 3 9 His15 Main 11%
Lys21 Main 2 10 Gln24 Side 10%
Gln24 Side 5 8 Gln24 Side 8%
Phe1 Main 2 8 Glu25 Side 8%
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Kassinatuerin 1

The secondary structure of Kassinatuerin 1 (GFMKYIGPLIPHAVKAISDLI-NH2,

Figure 3.8) is mainly composed of helices, turns, and coils, which is in agreement

with Figure 3.2G, suggesting that the secondary structure does not undergo changes

upon oligomer formation at least at the timescale observed here. The size and number

of oligomers is not consistent throughout the three runs, however the preference for

oligomerisation is seen (Figure 3.9). Key interactions (>5% occupancy) are listed in

Table 3.3.
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Kassinatuerin-1 (10 AMPs)

Figure 3.8: Secondary structure of 10 Kassinatuerin 1 AMPs, last 10 ns of oligomeri-
sation MD simulations.
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Figure 3.9: Number and size of oligomers for 10 Kassinatuerin 1 AMPs, last 10 ns of
oligomerisation MD simulations. On the x-axis, the number of the summation terms
is the number of oligomers, and the terms are represented with the number denoting
the size of each oligomer.
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Table 3.3: Kassinatuerin 1 – key intermolecular interactions (>5% occupancy) over the
last 10ns of each of the three 50 ns MD simulations.

Donor Donor
molecule

Acceptor
molecule Acceptor Occupancy

Met3 Main 2 1 Asp19 Side 65%
Ser18 Side 4 7 Leu20 Main 26%
His12 Side 1 3 His12 Side 26%
Gly1 Main 2 6 Asp19 Side 21%
Lys15 Side 2 3 Asp19 Side 21%
Gly1 Main 4 9 Asp19 Side 20%
Lys4 Main 5 3 Leu20 Main 10%
Gly1 Main 9 5 Asp19 Side 6%
Gly1 Main 6 3 Pro8 Main 5%

Met3 Main 2 1 Ile21 Main 64%
Tyr5 Side 2 10 Asp19 Side 20%

Lys15 Side 6 8 Leu20 Main 11%
Ala16 Main 8 10 Asp19 Main 9%
Ala13 Main 10 6 Pro8 Main 8%

Phe2 Main 5 9 Asp19 Side 39%
Lys4 Side 4 2 Asp19 Side 11%
Met3 Side 4 3 Met3 Main 9%
Gly1 Main 7 8 Ile21 Main 8%
Lys15 Side 2 3 Asp19 Side 5%
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Ceratotoxin D

The secondary structure of Ceratotoxin D (SIGTAVKKAVPIAKKVGKVAIPI-

AKAVLSVVGQLVG, Figure 3.10) is mainly composed of helices and turns, which

is in agreement with Figure 3.2H, suggesting that the secondary structure does not

undergo changes upon oligomer formation at least at the timescale observed here. The

size and number of oligomers is not consistent throughout the three runs, however

the preference for oligomerisation is seen (Figure 3.11). Key interactions (>5%

occupancy) are listed in Table 3.4.
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Figure 3.10: Secondary structure of 10 Ceratotoxin D AMPs, last 10 ns of oligomeri-
sation MD simulations.
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Figure 3.11: Number and size of oligomers for 10 Ceratotoxin D AMPs, last 10 ns of
oligomerisation MD simulations. On the x-axis, the number of the summation terms
is the number of oligomers, and the terms are represented with the number denoting
the size of each oligomer.
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Table 3.4: Ceratotoxin D – key intermolecular interactions (>5% occupancy) over the
last 10ns of each of the three 50 ns MD simulations.

Donor Donor
molecule

Acceptor
molecule Acceptor Occupancy

Ala5 Main 9 3 Gln33 Main 54%
Gln33 Side 5 10 Val31 Main 45%
Gly3 Main 3 2 Val35 Main 27%
Gln33 Side 8 1 Val30 Main 19%
Ser1 Side 9 2 Val27 Main 15%
Thr4 Side 6 7 Val30 Main 12%

Ser1 Main 2 3 Val35 Main 36%
Ser1 Main 3 9 Leu34 Main 26%

Lys18 Main 10 1 Val30 Main 12%
Lys8 Main 1 5 Ser29 Main 10%
Ser1 Main 8 6 Gln33 Main 10%
Lys25 Side 2 7 Gln33 Side 7%
Gln33 Side 7 3 Val10 Main 7%

Gly3 Main 5 4 Val35 Main 22%
Lys18 Main 3 7 Ala26 Main 17%
Gly32 Main 6 1 Leu34 Main 10%
Lys14 Side 10 3 Gln33 Side 8%
Gln33 Side 8 1 Pro22 Main 7%
Gln33 Side 9 4 Val19 Main 7%
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Odorranain M1

The secondary structure of Odorranain M1 (ATAVDFGPHGLLPIRPIRIRPLC-

GKDKS, Figure 3.12) consists mainly of β-strands and coils, which is in agreement

with Figure 3.2B, suggesting that the secondary structure does not undergo changes

upon oligomer formation at least at the timescale observed here. The size and number

of oligomers is not consistent throughout the three runs, although a preference for

oligomerisation is seen (Figure 3.13). Key interactions (>5% occupancy) are listed in

Table 3.5.
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Odorranain-M1 (10 AMPs)

Figure 3.12: Secondary structure of 10 Odorranain M1 AMPs, last 10 ns of
oligomerisation MD simulations.

1+
1+

4+
4

1+
4+

5 10 3+
7

4+
6

Oligomers

0

20

40

60

80

100

%

RUN1

1+
1+

4+
4

1+
4+

5 10 3+
7

4+
6

Oligomers

0

20

40

60

80

100

%

RUN2

1+
1+

4+
4

1+
4+

5 10 3+
7

4+
6

Oligomers

0

20

40

60

80

100

%

RUN3
Odorranain M1 (10 AMPs)

Figure 3.13: Number and size of oligomers for 10 Odorranain M1 AMPs, last 10 ns
of oligomerisation MD simulations. On the x-axis, the number of the summation
terms is the number of oligomers, and the terms are represented with the number
denoting the size of each oligomer.
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Table 3.5: Odorranain M1 – key intermolecular interactions (>5% occupancy) over the
last 10ns of each of the three 50 ns MD simulations.

Donor Donor
molecule

Acceptor
molecule Acceptor Occupancy

Arg20 Side 6 9 Leu12 Main 90%
Arg18 Side 4 2 Lys27 Main 33%
Phe6 Main 9 2 Gly10 Main 31%
Arg20 Side 5 10 Leu12 Main 31%
Arg20 Main 9 3 His9 Main 19%
Arg18 Main 2 7 Pro8 Main 14%
Arg20 Side 1 8 Phe6 Main 9%
His9 Side 4 9 Asp5 Side 6%
Ile14 Main 5 8 Ile14 Main 6%

Val4 Main 1 5 Val4 Main 57%
Leu11 Main 2 10 Val4 Main 41%
Arg18 Side 3 5 Asp26 Side 30%
Thr2 Main 9 8 Pro8 Main 22%
Ile14 Main 3 4 Pro8 Main 22%
Arg18 Side 10 9 Asp5 Side 19%
Ile14 Main 3 7 Pro8 Main 13%
Arg18 Side 9 1 Asp26 Side 11%
Arg15 Side 5 6 Pro8 Main 11%
Arg20 Side 7 2 Asp26 Side 10%
Ile14 Main 5 7 Leu22 Main 7%

Thr2 Main 7 4 Lys25 Main 42%
Arg20 Side 6 9 Leu12 Main 35%
Ile14 Main 10 2 Leu22 Main 19%

Leu12 Main 10 4 Pro16 Main 18%
Arg18 Side 9 3 Gly10 Main 15%
Ala1 Main 10 8 Pro8 Main 10%
Lys25 Side 8 3 Asp26 Side 9%
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CPF-B1

The secondary structure of CPF-B1 (GLGSLLGKAFKIGLKTVGKMMGGAP-

REQ, Figure 3.14) consists mainly of helices, turns, and coils, which is in agreement

with Figure 3.2I, suggesting that the secondary structure does not undergo changes

upon oligomer formation at least at the timescale observed here. The size and number

of oligomers is not consistent throughout the three runs, however the preference for

oligomerisation is seen (Figure 3.15). Key interactions (>5% occupancy) are listed in

Table 3.6.
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Figure 3.14: Secondary structure of 10 CPF-B1 AMPs, last 10 ns of oligomerisation
MD simulations.
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Figure 3.15: Number and size of oligomers for 10 CPF-B1 AMPs, last 10 ns of
oligomerisation MD simulations. On the x-axis, the number of the summation terms
is the number of oligomers, and the terms are represented with the number denoting
the size of each oligomer.
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Table 3.6: CPF-B1 – key intermolecular interactions (>5% occupancy) over the last 10ns
of each of the three 50 ns MD simulations.

Donor Donor
molecule

Acceptor
molecule Acceptor Occupancy

Arg26 Main 5 4 Phe10 Main 67%
Leu5 Main 2 7 Met20 Main 53%
Gly3 Main 5 2 Glu27 Side 53%
Ala24 Main 7 4 Met21 Main 33%
Lys19 Main 10 6 Lys11 Main 13%
Gly18 Main 1 9 Arg26 Main 11%
Gly1 Main 9 3 Glu27 Side 7%
Gly1 Main 2 4 Gly7 Main 5%
Arg26 Side 10 1 Glu27 Side 5%

Glu27 Main 9 3 Thr16 Side 75%
Arg26 Side 10 3 Glu27 Side 58%
Ala24 Main 7 2 Gly3 Main 46%
Arg26 Main 6 5 Pro25 Main 23%
Ser4 Main 6 8 Arg26 Main 20%
Ser4 Side 7 8 Glu27 Side 10%

Arg26 Side 9 2 Lys11 Main 10%
Gly23 Main 1 4 Phe10 Side 9%
Gly1 Main 8 5 Glu27 Side 7%

Arg26 Main 4 8 Phe10 Main 50%
Lys11 Side 1 6 Glu27 Side 45%
Arg26 Side 5 4 Glu27 Side 37%
Arg26 Side 10 5 Glu27 Side 18%
Gly1 Main 10 7 Glu27 Side 17%
Gly1 Main 8 5 Glu27 Side 15%
Lys11 Side 5 2 Glu27 Side 10%
Gly3 Main 5 7 Glu27 Side 6%
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Latarcin 4a

The secondary structure of Latarcin 4a (GLKDKFKSMGEKLKQYIQTWKAKF-

NH2, Figure 3.16) is mainly α-helical, which is in agreement with Figure 3.2F, suggest-

ing that the secondary structure does not undergo changes upon oligomer formation at

least at the timescale observed here. The size and number of oligomers is not con-

sistent throughout the three runs, however the preference for oligomerisation is seen

(Figure 3.17). Key interactions (>5% occupancy) are listed in Table 3.7.
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Figure 3.16: Secondary structure of 10 Latarcin 4a AMPs, last 10 ns of oligomerisa-
tion MD simulations.
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Figure 3.17: Number and size of oligomers for 10 Latarcin 4a AMPs, last 10 ns of
oligomerisation MD simulations. On the x-axis, the number of the summation terms
is the number of oligomers, and the terms are represented with the number denoting
the size of each oligomer.
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Table 3.7: Latarcin 4a – key intermolecular interactions (>5% occupancy) over the last
10ns of each of the three 50 ns MD simulations.

Donor Donor
molecule

Acceptor
molecule Acceptor Occupancy

Gln15 Side 2 3 Thr19 Side 28%
Trp20 Side 8 9 Thr19 Main 25%

Tyr16 Side 7 10 Glu11 Side 28%
Tyr16 Side 9 8 Asp4 Main 27%
Lys23 Side 8 5 Lys23 Main 26%
Lys21 Side 7 9 Glu11 Side 13%
Gln18 Side 6 2 Asp4 Main 11%
Lys21 Side 5 4 Lys23 Main 10%
Lys5 Side 10 9 Asp4 Side 9%
Lys5 Side 1 8 Asp4 Side 8%

Gln18 Side 3 2 Trp20 Side 8%
Lys23 Side 4 8 Ala22 Main 6%
Lys23 Side 1 6 Asp4 Side 6%

Lys3 Main 2 8 Lys7 Main 30%
Gln18 Side 2 5 Gln18 Side 21%
Gln18 Side 4 3 Phe24 Main 19%
Tyr16 Side 4 6 Gln15 Side 14%
Tyr16 Side 3 6 Thr19 Side 12%
Lys12 Side 9 7 Lys12 Main 8%

Summary

In this section, a good agreement in secondary structure was observed between

the stability and oligomerisation studies, suggesting that the secondary structure does

not undergo changes upon oligomer formation at least at the timescale observed here.

It is possible that this may change upon longer simulations. Separately, numbers of

oligomers observed was not consistent throughout the three runs for each peptide. The

size of oligomers preferred for each peptide can be better inferred from Figure 3.18

and section 3.3.3. By setting a threshold at 25% and looking at all three runs for

each peptide, from Figure 3.18 and section 3.3.3 we can determine that Latarcin 4a,

Ceratotoxin D and Rattusin have preference for forming smaller oligomers, largest

being sextamers, tetramers, and dimers, respectively.
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Figure 3.18: Number and size of oligomers for selected peptides, last 10 ns of
oligomerisation MD simulations. Percentage in the y-axis denotes the percent of
the time that the given peptide molecule spends in each monomeric/oligomeric state.
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Figure 3.18 continued.
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3.3.4 Membrane interactions

Having the stability of selected Rosetta folds confirmed, followed by the oligomeri-

sation study, the next step are membrane simulations. Two structurally different pep-

tides were selected, one α-helical (Kassinatuerin 1), and one β-hairpin (Odorranain

M1). With the exception of the amide group at the C-terminus of Kassinatuerin 1,

these peptides had no modifications. They were both shown to be active against Gram-

positive and Gram-negative bacteria, and had high bactericidal activity: Kassinatuerin

1 MIC values for E. coli and Staphylococcus aureus were 6.25 µM, and Odorranain

M1 MIC values for E. coli and S. aureus were 3 and 1.5 µM, respectively.

First, 10 peptide molecules were simulated in a membrane environment, with pep-

tide:lipid ratio of 1:28. Considering the box size, 10 peptides were close to the max-

imum number of molecules that could fit in the system so that they are all randomly

positioned above the top leaflet of the membrane. At 500 ns, when all of the peptides

were bound to the membrane, additional 5 AMP molecules were added in the space

above the top leaflet, resulting in peptide:lipid ratio of 1:19. For a comparison, a study

on BP100 peptide was performed with peptide:lipid ratios of 1:1 to 1:40, and showed

slow leakage of PC:PG large unilamellar vesicle inner contents with low PG content.

For higher PG content, all peptide:lipid ratios showed immediate leakage, especially

at the higher peptide:lipid ratios [222].

Kassinatuerin 1 (10 AMPs)

Kassinatuerin 1 (GFMKYIGPLIPHAVKAISDLI-NH2) is an amphibian AMP that

is 22 residues long and carries a total charge of +2: it contains two lysine residues,

a single aspartic acid residue and has an amidated C-terminus [220]. Charged side

chains of Kassinatuerin 1 are evenly distributed along the molecule Figure 3.19. Con-

lon et al. [223] showed that the peptide adopts an α-helical conformation in 50% TFE

(membrane-mimetic solvent). The study also showed that mutations such as A13K or

deamidation of the C-terminus are known to reduce the activity, whereas D19K, (S18K,

D19K), (G7K, D19K) and (G7K, S18K, D19K) mutations had no effect on MIC values
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for E. coli. D19K and (S18K, D19K) mutations resulted in a 2-fold decrease in MIC

values for S. aureus. All of the lysine mutants showed increase in haemolysis. We

found Kassinatuerein 1 to have a stable C-terminal helix when in water (Figure 3.2G).

Relationship between charge, antimicrobial activity and haemolytic activity has been

studied extensively [224, 225, 226, 227, 228].

Figure 3.19: Electrostatics of Kassinatuerin 1
[160].

For example, a study on Magainin

analogues [224] showed that increas-

ing peptide charge while keeping the

hydrophobicity parameters fixed yields

in better activity against Gram-positive

and Gram-negative bacteria, however

this effect reaches its maximum at a total

charge of +5. Similarly, optimal values

of hydrophobicity were reported [229, 230]. Increasing the charge even further results

in analogues with high haemolytic activity and slightly weaker antimicrobial activity,

which can then be overcome by reducing the hydrophobicity. In contrast, another study

on V13K peptide analogues showed high haemolytic activity only for peptides with

total charge higher than +9 [225]. Finally, a study performed on Cecropin/Melittin

hybrids with net charges ranging from +5 to +9 showed no correlation between the

net charge and antimicrobial activity at all [227]. An excessive charge can cause loss

of regular secondary structure, and its formation in the membrane environment is be-

lieved to be of importance for the antimicrobial activity [226, 228]. Most studies are

almost exclusively performed on α-helical AMPs, but with a different parent peptide,

making them difficult to relate. The therapeutic index seems to be very dependent on

a delicate balance of different properties such as hydrophobicity, amphipathicity, polar

angle, charge distribution and value, and aromatic residues. [226].

A system containing bacterial inner membrane model and 10 molecules of Kassi-

natuerin 1 peptide was simulated for 1 µs, run in triplicates. For all runs, the peptides

are observed to bind to the surface within the first ~30 ns in the form of monomers and
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RUN1 RUN2 RUN3

Bridge
Coil
Beta-strand
3_10-helix
Alpha-helix
Pi-helix
Turn

Kassinatuerin 1 (10 AMPs)

Figure 3.20: Secondary structure of Kassinatuerin 1 (10 AMPs) in membrane envi-
ronment for three runs, starting from frame 40 000, i.e. the last 200 ns.

dimers, followed by further oligomerisation resulting in oligomers of different sizes.

The dimers are usually formed between C- and N-terminal helices due to electrostatic

attraction of positively and negatively charged residues. Noticeably, the N-terminus is

driving the binding with the membrane and in most cases it reaches the surface first.

Figure 3.20 shows the AMPs have mainly turn/helical/coil secondary structure in the

presence of the membrane. The number of contacts of AMPs with PE and PGR head-

groups per PE/PGR atom indicates Kassinatuerin 1 preference to bind the negatively

charged PGR headgroups (Figure 3.21). In all triplicates, increased membrane cur-

vature is seen. This is supported by Figure 3.22, that show changes in minimal and

maximal membrane thickness, as well as in thickness heatmaps in Figures 3.23–3.25.

It should be noted, however, that the heatmaps were generated by calculating distances

of the headgroup P atoms, therefore, in case of headgroup separation (discussed in the

next paragraph), the membrane thickness might have higher values than shown. The

membrane thickening and thinning are two effects seen simultaneously in different

areas.

In the first run (Figure 3.23), two groups of peptides were found: a large oligomer

consisting of eight peptides, and a separate dimer. The large oligomer is located in the

area of high membrane curvature – one part of this oligomer (five peptides) is sitting

on the thicker part of the membrane, while the other part (three peptides) appears to be

separating the headgroups, and is embedded in the layer, which results in membrane

thinning. This thinning is not shown as such in the heatmaps produced due to large
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Figure 3.21:
Number of AMPs contacts
with PE and PGR headgroups
per number of headgroup
atoms for system with 10
Kassinatuerin 1 molecules.
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Figure 3.22:
Minimal and maximal mem-
brane thickness for system
with 10 Kassinatuerin 1
molecules.
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headgroup separation, but it is very clear that the separation is not found in the area of

membrane thickening. The dimer is also found to separate the headgroup layer, how-

ever to a smaller extent, and contribute to the thinning: the dimer location coincides

with the membrane thinning throughout the simulation, and the heatmap here gives a

clear picture because the headgroup separation is not as prominent. With the exception

of the embedded AMPs, the area of membrane thinning is usually not found to be un-

derneath the AMPs. The membrane is thinnest at areas with prominent interdigitation

(Figure 3.23, top panels), and two types of interdigitation are observed. In the first

type, both top and bottom leaflet tails are packed evenly. In the second type, a block

of top leaflet tails is interdigitated with the bottom leaflet tails that are being pushed

aside.

In the second run (Figure 3.24), three groups of peptides were found: a large

oligomer consisting of five peptides, a smaller trimer, and a dimer. Similar to the

first run, the oligomer consisting of three peptides is being embedded in the headgroup

layer causing the thinning (even though not shown as such in the heatmap). However,

unlike in the first run, by the end of the simulation run, all of the peptide groups tend to

pack closer together. Peptides are located in the proximity of membrane thinning area

– some of the peptides are sitting at the interface of the thin/thick area, although most

are found in the membrane thinning area. The interdigitation is similar to the one of

the first run, and the membrane is thinnest at the interdigitated area.

In the third run (Figure 3.25), the headgroup separation is not as prominent. Be-

cause of this, positioning of peptides visibly mostly coincides with the membrane thin-

ning area throughout the simulation. A single AMP molecule has been observed to

wrench into the headgroups with its C-terminus, eventually embedding almost com-

pletely into the headgroup layer until the end of the simulation run, which will also

be visible from Figure 3.29 (bottom panel). This peptide forms a long coil with a turn

structure at the termini. Throughout the simulation run peptides forming an extended

decamer are seen: two larger oligomers are connected with the previously mentioned

coil peptide. The membrane thinning effect of this coil can be seen as the slight vertical
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Figure 3.23: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 10 Kassinatuerin 1 molecules (run 1). Top left panel:
lipid tails shown from above (tails corresponding to the top leaflet are shown in pur-
ple). Top right panel: lipid tails shown from below (tails corresponding to the bottom
leaflet are shown in blue). Bottom left panel: System showing peptides and the top
leaflet of the membrane from above. Bottom right panel: corresponding thickness
heatmap, top view. Negatively charged PGR headgroups are shown in yellow, and
neutral PE headgroups are shown in orange. Peptides are shown as blue ribbons, and
the surface of atoms that are in close proximity to the membrane is shown shaded. All
of the panels are orientated so that the x and y coordinates correspond to the heatmap
of membrane thickness. Heatmaps were generated by calculating distances of the
headgroup P atoms, and in case of headgroup separation the membrane thickness
might have lower values than shown. Figures 3.24 and 3.25 follow the same format.
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Figure 3.24: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 10 Kassinatuerin 1 molecules (run 2).

thinning in the heatmap. The interdigitation panels show a different picture than in the

first two runs: all of the interdigitated area is evenly packed, without block packing

and pushing opposing leaflet tails aside.

Another effect seen throughout the course of our triplicate simulation runs are bi-

layer formations that strongly resemble both the asymmetric ripples and gel phase

(Figure 3.26) [231]. Even though a scanning electron micrograph study on Melittin

[232] showed a rippled surface topography of Methicillin-resistant S. aureus, ripples

have been documented for several membrane models, such as DPPC and PG, but not
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Figure 3.25: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 10 Kassinatuerin 1 molecules (run 3).

PE [233, 234]. Interestingly, a literature search for ripples in POPE:POPG or similar

mixtures gave no results.

A high increase in membrane interdigitation (Figure 3.27 and top panels in Fig-

ures 3.23–3.25) in all the runs supports the observed change from gel phase to asym-

metric ripples. Interdigitation values at the third run do not reach their maximum

value by the end of the simulation run (Figure 3.27). Another interesting phenomenon

is the coexistence of asymmetric ripples with (tilted) gel phase (Figure 3.28). Max-

imal membrane curvature can be observed in X plane shown in Figure 3.28C, with

visible properties of asymmetric ripples such as in representation in Figure 3.28D.



CHAPTER 3. MOLECULAR DYNAMICS OF SELECTED AMPS 111

C
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Figure 3.26: Membrane phases observed for peptide-membrane systems: A, fluid
phase, B, tilted gel phase, and C, asymmetric ripple phase [231].

Figure 3.28A is a cross section of the thinnest part of the ripple, in the Y plane, and

also has properties of asymmetric ripple phase, only with less prominent membrane

curvature. However, a cross section of the thickest part of the ripple, also in Y plane,

is in a tilted gel phase (Figure 3.28B). Coexistence of gel and ripple phases has been

demonstrated before, but not in POPE:POPG or similar bilayers [235, 236, 237].

Since the headgroup separation and peptides being embedded in the headgroup

layer were observed (accompanied by hydrophobic interactions between the AMPs and

the hydrophobic lipid tails), we wanted to know how many peptides are contributing to

these interactions, and which residues are responsible for them. This was done by both

counting the number of contacts of AMPs with lipid tails (Figure 3.29) and calculating

the distance between the relevant AMPs’ residues and the bottom leaflet headgroups

(Figures 3.30–3.32). Figure 3.29 shows a constant rise of contacts of AMPs with PA

and OL tails with time, although the number of peptides that are involved in these con-

tacts is not uniform for all of the triplicates. Visual inspection of Figure 3.29, showed

high values of number of tail-peptide contacts per tail atoms (above 0.1) for multiple

peptides after frame 40 000. For those peptides, we have calculated the distance of
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Figure 3.27:
Interdigitation: width of over-
lap and fraction of mass over-
lap of lipid tails for sys-
tem with 10 Kassinatuerin 1
molecules.
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Figure 3.28: System with 10 Kassinatuerin 1 molecules: A, Asymmetric ripples (X
plane) – maximal curvature for three runs. B, Cross section at point of maximal
membrane thickness for three runs (Y plane). PA and OL tails corresponding to the
top leaflet are shown in purple, and the ones corresponding to the bottom leaflet are
shown in blue. Negatively charged PGR headgroups are shown in yellow, and neutral
PE headgroups are shown in orange. Straight blue lines mark edges of the periodic
box.

each residue from the headgroups of the bottom leaflet, starting from frame 40 000,

i.e. the last 200 ns. From Figures 3.30–3.32 we can conclude there is no preference

towards the N-terminus, the middle of the peptide or the C-terminus upon burial of

amino acids. However, the residues buried deepest are always hydrophobic, as ex-

pected. Corresponding plots for peptides that were considered to have low number of

contacts with the lipid tails can be found in Section A.2.1.
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Figure 3.29:
Number of contacts of AMP
atoms with lipid tails atoms for
system with 10 Kassinatuerin
1 molecules.
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Figure 3.30: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Kassinatuerin 1 molecules, run 1). Darker colours
indicate deeper burial of residues.

Next, taking the system configuration at 500 ns, we added an additional 5 AMPs,

and ran the simulations for another 1 µs each. The minimal and maximal membrane

thickness were constant throughout the simulation, and had values of ~50 and ~30 nm,

respectively. For all three runs, peptides still showed a preference towards binding with

negatively charged PGR headgroups, and throughout the simulations, interdigitation

had values of ~0.9 and ~0.6 for width of overlap and fraction of mass overlap of lipid

tails, respectively.
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Figure 3.31: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Kassinatuerin 1 molecules, run 2). Darker colours
indicate deeper burial of residues.
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Figure 3.32: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Kassinatuerin 1 molecules, run 3). Darker colours
indicate deeper burial of residues.
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Kassinatuerin 1 (15 AMPs)

A system containing bacterial inner membrane model and 15 molecules of Kassi-

natuerin 1 peptide was simulated for 1 µs, run in triplicates, with the starting conforma-

tion that of the 10 peptide-membrane system at 500 ns. Figure 3.33 shows the AMPs

have mainly turn/helical/coil secondary structure in the presence of the membrane,

which shows similar percentages as for the 10 peptide system as well as the oligomeri-

sation study, but with a marginal rise of the β-strand structure. The number of contacts

of AMPs with PE and PGR headgroups per PE/PGR atom indicates Kassinatuerin 1

preference for binding to the negatively charged PGR headgroups (Figure 3.34). In all

triplicates, increased membrane curvature is seen, as was the case with the 10 peptide

system in the previous section. There is no change in maximal membrane thickness:

however, there are slight fluctuations in minimal thickness Figure 3.35. The thickness

heatmaps in Figures 3.36–3.38 show similar membrane thickness as in the 10 peptide

system (Figures 3.23–3.25). However, the number of peptide-tails contacts is larger

in the 15 peptide system, as seen in the bottom left panels of Figures 3.36–3.38 and

Figure 3.43. This is especially seen when comparing the first and the second runs in

Figures 3.29 and 3.43 (top two panels), where the overall number of peptides making

more than 0.1 contacts per PA/OL atoms of the lipid tails is larger.

In the first run (Figure 3.36), there are still two groups: a large oligomer consisting

of twelve peptides, and a separate dimer. The large oligomer is located in the area of

RUN1 RUN2 RUN3

Bridge
Coil
Beta-strand
3_10-helix
Alpha-helix
Pi-helix
Turn

Kassinatuerin 1 (15 AMPs)

Figure 3.33: Secondary structure of Kassinatuerin 1 (15 AMPs) in membrane envi-
ronment for three runs, starting from frame 40 000, i.e. the last 200 ns.



CHAPTER 3. MOLECULAR DYNAMICS OF SELECTED AMPS 119

Figure 3.34:
Number of AMPs contacts
with PE and PGR headgroups
per number of headgroup
atoms for system with 15
Kassinatuerin 1 molecules.



120 3.3. RESULTS AND DISCUSSION

Figure 3.35:
Minimal and maximal mem-
brane thickness for system
with 15 Kassinatuerin 1
molecules.
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high membrane curvature – the larger part of the oligomer is sitting on the headgroups,

where the membrane is thicker, while the smaller part is separating the headgroups, and

is being embedded in the layer, which results in membrane thinning (even though not

shown as such in the heatmap). Interestingly, a smaller area of headgroup separation

can be seen with no presence of the AMPs. The dimer is also found to separate the

headgroup layer, though to a lesser extent, and to contribute to the thinning. With

the exception of the embedded AMPs, the area of membrane thinning is usually not

found to be underneath the AMPs. The membrane is thinnest at areas with prominent

interdigitation (Figure 3.36, top panels).

In the second run (Figure 3.37), the peptides have formed a single, large oligomer.

A small portion of it is embedded in the headgroup layer causing the thinning (even

though not shown as such in the heatmap). Peptides are located at the area of

membrane thinning. The interdigitation panels look similar to those of the first run,

and the membrane is thinnest at the interdigitated area.

In the third run (Figure 3.38), the headgroup separation is not as prominent. How-

ever, a single AMP molecule forms a coil that is embedded almost completely into

the headgroup layer. By the end of the simulation run, all of the peptides form a sin-

gle, large oligomer. The area of membrane thinning is usually found underneath the

AMPs. The interdigitation panels show an elongated area of interdigitated lipid tails

that coincides with the membrane thinning shown in the heatmap.

Interestingly, adding 5 more AMPs to a 10 peptide system after 500 ns did not yield

in even larger interdigitation values Figure 3.39 – the values for the two systems at the

end of simulation runs are similar. The asymmetric ripples are even more pronounced

than in a system with 10 AMPs (Figure 3.26), and by the end of the simulation runs,

the membrane is highly disrupted (Figures 3.40–3.42).

The number of peptides interacting with hydrophobic lipid tails has grown com-

pared to the 10 peptide system (Figures 3.29 and 3.43). Again, we calculated the

distances between the relevant AMPs’ residues and the bottom leaflet headgroups (Fig-

ures 3.31, 3.32 and 3.44 and section 3.3.4). The number of peptides that are involved
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Figure 3.36: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 15 Kassinatuerin 1 molecules (run 1). Top left panel:
lipid tails shown from above (tails corresponding to the top leaflet are shown in pur-
ple). Top right panel: lipid tails shown from below (tails corresponding to the bottom
leaflet are shown in blue). Bottom left panel: System showing peptides and the top
leaflet of the membrane from above. Bottom right panel: corresponding thickness
heatmap, top view. Negatively charged PGR headgroups are shown in yellow, and
neutral PE headgroups are shown in orange. Peptides are shown as blue ribbons, and
the surface of atoms that are in close proximity to the membrane is shown shaded. All
of the panels are orientated so that the x and y coordinates correspond to the heatmap
of membrane thickness. Heatmaps were generated by calculating distances of the
headgroup P atoms, and in case of headgroup separation the membrane thickness
might have lower values than shown. Figures 3.37 and 3.38 follow the same format.



CHAPTER 3. MOLECULAR DYNAMICS OF SELECTED AMPS 123

Figure 3.37: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 15 Kassinatuerin 1 molecules (run 2).

in contacts with the tails is still not uniform throughout the triplicates. Observing

only the last 200 ns of the simulation runs (i.e. frames 40 000 – 50 000), there are

five peptides with contact values above 0.1, and only two for the remaining two runs.

For those peptides, we have calculated the distance of each residue from the head-

groups of the bottom leaflet for the last 200 ns of runs. From Figures 3.44–3.46 we can

conclude there is no preference towards the N-terminus, the middle of the peptide or

the C-terminus upon burial of amino acids. However, the residues buried deepest are

always hydrophobic, as expected. Corresponding plots for peptides that were consid-

ered to have low number of contacts with the lipid tails can be found in Section A.2.2.



124 3.3. RESULTS AND DISCUSSION

Figure 3.38: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 15 Kassinatuerin 1 molecules (run 3).
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Figure 3.39:
Interdigitation: width of over-
lap and fraction of mass over-
lap of lipid tails for sys-
tem with 15 Kassinatuerin 1
molecules.
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Figure 3.40: System with 15 Kassinatuerin 1 molecules (run 1): view from all four
sides. Asymmetric ripples can be observed in the panels on the right, as well as
hydrophobic shielding of the peptides. PA and OL tails corresponding to the top
leaflet are shown in purple, and the ones corresponding to the bottom leaflet are shown
in blue. Negatively charged PGR headgroups are shown in yellow, and neutral PE
headgroups are shown in orange. Straight blue lines mark edges of the periodic box.
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Figure 3.41: System with 15 Kassinatuerin 1 molecules (run 2): view from all four
sides. PA and OL tails corresponding to the top leaflet are shown in purple, and the
ones corresponding to the bottom leaflet are shown in blue. Negatively charged PGR
headgroups are shown in yellow, and neutral PE headgroups are shown in orange.
Straight blue lines mark edges of the periodic box.
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Figure 3.42: System with 15 Kassinatuerin 1 molecules (run 3): view from all four
sides. PA and OL tails corresponding to the top leaflet are shown in purple, and the
ones corresponding to the bottom leaflet are shown in blue. Negatively charged PGR
headgroups are shown in yellow, and neutral PE headgroups are shown in orange.
Straight blue lines mark edges of the periodic box.
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Figure 3.43:
Number of contacts of AMP
atoms with lipid tails atoms for
system with 15 Kassinatuerin
1 molecules.
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Figure 3.44: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 15 Kassinatuerin 1 molecules, run 1). Darker colours
indicate deeper burial of residues.
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Figure 3.44 continued.
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Figure 3.45: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 15 Kassinatuerin 1 molecules, run 2). Darker colours
indicate deeper burial of residues.
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Figure 3.46: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 15 Kassinatuerin 1 molecules, run 3). Darker colours
indicate deeper burial of residues.
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Odorranain M1 (10 AMPs)

Odorranain M1 (ATAVDFGPHGLLPIRPIRIRPLCGKDKS) is an amphibian AMP

that is 28 residues long and carries a total charge of +3: it contains two positively

charged residues, and two negatively charged aspartic acid residues [131]. Negatively

charged side chains are distributed asymmetrically (Figure 3.47). We have found Odor-

ranain M1 to have a β-hairpin structure (Figure 3.2B). A system containing bacterial

inner membrane model and 10 molecules of Odorranain M1 peptide was simulated for

1 µs, run in triplicates.

Figure 3.47: Electrostatics of Odorranain M1
[160].

For all runs, the peptides are observed

binding to the surface within the first

~30 ns as large oligomers. This is fol-

lowed by further oligomerisation, and by

the 100 ns mark, one single large de-

camer is formed.

Figure 3.48 shows the AMPs have

mainly coil/turn/β-strand secondary

structure in the presence of the mem-

brane. The secondary structure is similar

to the one shown in the oligomerisation

study in Figure 3.12, with a slightly

higher percentage of the β-strand structure. The number of contacts of AMPs with PE

and PGR headgroups per PE/PGR atom indicates the preference of Odorranain M1 to

bind the negatively charged PGR headgroups in two out of three runs (Figure 3.49). In

all triplicates, increased membrane curvature is seen. This is supported by Figure 3.50,

that show changes in minimal and maximal membrane thickness, as well as in

thickness heatmaps in Figures 3.51–3.53. The change in membrane thickness is

significantly more prominent than in the case of Kassinatuerin 1 peptide discussed in

the previous two sections. The membrane thickening and thinning are two effects seen

simultaneously.
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Odorranain M1 (10 AMPs)

Figure 3.48: Secondary structure of Odorranain M1 (10 AMPs) in membrane envi-
ronment for three runs, starting from frame 40 000, i.e. the last 200 ns.

In all three runs (Figures 3.51–3.53), peptides are found to form a large decamer.

In the first and the second run, a large proportion of this oligomer can found in the

area where the membrane is thin, while a smaller proportion is found in the thicker

area. In the third run, a smaller part of the oligomer coincides with the membrane

thinning area. No significant headgroup separation is observed, and peptides are only

minimally embedding in the headgroup region. The membrane is thinnest at areas with

prominent interdigitation (Figure 3.51, top panels), and during all three simulation

runs, the interdigitation is mainly seen so that both top and bottom leaflet tails are

packed evenly.

Another effect seen throughout the course of our triplicate simulation runs are bi-

layer formations that highly resemble the asymmetric ripples and gel phase simultane-

ously (Figure 3.26) [231].

A high increase in membrane interdigitation (Figure 3.54 and top panels in Fig-

ures 3.51–3.53) in all the runs supports the observed change from gel phase to asym-

metric ripples. Interestingly, the interdigitation values at the third run does not reach

its maximum value by the end of the simulation run. Another interesting phenomenon

is coexistence of asymmetric ripples with (tilted) gel phase (Figure 3.55). Maximal

membrane curvature can be observed in the X plane shown in Figure 3.55C, with vis-

ible properties of asymmetric ripples such as in the representation in Figure 3.55D.

Figure 3.55A is a cross section of the thinnest part of the ripple, in the Y plane, and

also has properties of asymmetric ripple phase, only with less prominent membrane
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Figure 3.49:
Number of AMPs contacts with
PE and PGR headgroups per
number of headgroup atoms for
system with 10 Odorranain M1
molecules.
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Figure 3.50:
Minimal and maximal mem-
brane thickness for system with
10 Odorranain M1 molecules.
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Figure 3.51: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 10 Odorranain M1 molecules (run 1). Top left panel:
lipid tails shown from above (tails corresponding to the top leaflet are shown in pur-
ple). Top right panel: lipid tails shown from below (tails corresponding to the bottom
leaflet are shown in blue). Bottom left panel: System showing peptides and the top
leaflet of the membrane from above. Bottom right panel: corresponding thickness
heatmap, top view. Negatively charged PGR headgroups are shown in yellow, and
neutral PE headgroups are shown in orange. Peptides are shown as blue ribbons, and
the surface of atoms that are in close proximity to the membrane is shown shaded. All
of the panels are orientated so that the x and y coordinates correspond to the heatmap
of membrane thickness. Heatmaps were generated by calculating distances of the
headgroup P atoms, and in case of headgroup separation the membrane thickness
might have lower values than shown. Figures 3.52 and 3.53 follow the same format.
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Figure 3.52: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 10 Odorranain M1 molecules (run 2).

curvature. However, a cross section of the thickest part of the ripple, also in the Y

plane, is in a tilted gel phase (Figure 3.55B). Coexistence of gel and ripple phases has

been demonstrated before, but not in POPE:POPG or similar bilayers [235, 236, 237].

Interestingly, only slight headgroup separation was observed for all three systems

and peptides were not seen to embed in the headgroup region, which can be confirmed

from low number of contacts between peptides and the PA and OL lipid tail atoms (Fig-

ure 3.56). Distances between the AMPs’ residues and the bottom leaflet headgroups

can be found in Section A.2.3.
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Figure 3.53: Interdigitation and position of peptides relative to membrane thickness
at the last frame of system with 10 Odorranain M1 molecules (run 3).
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Figure 3.54:
Interdigitation: width of over-
lap and fraction of mass over-
lap of lipid tails for sys-
tem with 10 Odorranain M1
molecules.
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Figure 3.55: System with 10 Odorranain M1 molecules: A, Asymmetric ripples (X
plane) – maximal curvature for three runs. B, Cross section at point of maximal
membrane thickness for three runs (Y plane). PA and OL tails corresponding to the
top leaflet are shown in purple, and the ones corresponding to the bottom leaflet are
shown in blue. Negatively charged PGR headgroups are shown in yellow, and neutral
PE headgroups are shown in orange. Straight blue lines mark edges of the periodic
box.
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Figure 3.56:
Number of contacts of AMP
atoms with lipid tails atoms for
system with 10 Odorranain M1
molecules.



144 3.3. RESULTS AND DISCUSSION

Membrane in water (control)

We simulated the control system for 100 ns, as the changes induced by the peptides

in the peptide-membrane system can already be observed at this time. No signs of rip-

ples or extensive interdigitation or membrane curvature were observed for the control

system. Figure 3.57 shows the control system minimal and maximal membrane thick-

ness, interdigitation, and thickness heatmap compared to the first run of Kassinatuerin

1 10 peptide-membrane system. There is a notable difference in maximal membrane

thickness (top panels), where this maximal value for the control system is around 10 Å

higher than in the peptide-membrane system. The difference in minimal thickness

is not as pronounced, as the value is 5 Å higher than in the peptide-membrane sys-

tem. The fraction of atoms in contact with the opposing leaflet (middle panels) for

the control system is ~8–10% lower than for the peptide-membrane system. All this

indicates that the peptide has a genuine effect on the membrane, and is best seen in

the heatmaps in the bottom two panels of Figure 3.57. The dark area in the control

system heatmap can be linked with the slight drop of minimal membrane thickness

values in the top left panel, and is very likely to be an effect of inherent membrane

flexibility. It should also be noted from Figure 3.57 that the size of simulation box

is ~10% smaller for the control system at the 100 ns mark. The starting membrane

model is always identical when setting up the system, therefore the starting box size

always has the same length and width: 9.2 nm × 9.2 nm. In the control system, during

the first 50 ns, the membrane goes through a phase change from liquid to gel phase,

and this results in reduction of membrane dimensions from 9.2 nm × 9.2 nm × 12 nm

to 8.1 nm × 8.0 nm × 15.1 nm. When peptides are included in the system, the phase

change still occurs, but the box remains similar in size. After 100 ns for both Kassinat-

uerin 1 (10 AMPs, run1) and Odorranain M1 (10 AMPs, run1) systems, the box size

changes from 9.2 nm × 9.2 nm × 12.5 nm to 9 nm × 9 nm × 12.5 nm. By the end of

the simulation time at 1 µs, box dimensions do not change. This indicates that pep-

tide inclusion in the system prevents the reduction of membrane surface that would

normally occur without the peptides.
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Figure 3.57: Minimal and maximal membrane thickness, interdigitation, and
membrane thickness heatmap of membrane only system (control) compared to a 10
peptide-membrane system for Kassinatuerin 1 (run 1, 1 µs). Only values for the last
50 ns are shown. The heatmaps show membrane thickness of the two systems at
100 ns.
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3.4 Conclusions

It is important to note that, with the exception of experimentally solved structures

of Rattusin and Lacticin Q, no studies have been previously made on selected peptides

interacting with the membrane model.

It is likely that the distribution of charges along the peptide plays a key role in its

ability to oligomerise and to interact and penetrate the membrane. Kassinatuerin 1,

which has a more even distribution of charged side chains, clearly appears to carpet

the membrane while Odorranain M1 with a more asymmetric distribution appears to

interact preferentially with the C-terminal region (this contains the maximal charges),

while the N-terminal region is engaged in hydrophobic interactions with other peptide

molecules.

When the peptides make ionic interactions between their positively charged side

chains and the lipid phospho groups, this makes it easier for the hydrophobic side

chains to burrow in towards the hydrophobic lipids. As the positive charges neutralise

the negative charge on the top of the membrane, this results in the low dielectric interior

of the membrane enabling strong interactions between the positive charges and the

negative charges on the bottom leaflet thus resulting in thinning. Given the distributed

effects of these charge fields, the membrane thinning is also spread out and is not just

localised to the region of the peptides.

These findings suggest the following scenario: it is likely that a monomer or an

oligomer is electrostatically steered to the membrane, neutralises some of the negative

charge and then burrows in through its hydrophobic amino acids with the pull of the

negative charges on the opposite leaflet driving the peptide through the membrane. A

similar scenario is likely for aggregates of peptides. Simulations of β-hairpin Prote-

grin 1 peptide showed that, unlike the smaller oligomers, the decamer is not able to

insert into membrane [78]. Based on this, we can speculate that the large Odorranain

1 oligomer can take much longer to diffuse through but will be more likely to per-

turb the membrane. Membrane charge neutralisation with increasing concentration of

Crotalicidin (Ctn), a cathelicidin-related peptide from the venom of a South American
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rattlesnake, has been seen for E. coli and Pseudomonas aeruginosa [238]. The peptide

was found to neutralise negatively charged lipoteichoic acid (LTA) at the membrane

surface of Gram-positive bacteria and negatively charged lipopolysaccharide (LPS) on

Gram-negatives. It was also shown that Ctn shows weak affinity for neutral membranes

and high affinity for negatively charged membranes, which are not only characteristic

of bacteria but also of cancerous cells [239]; while the affinity for negatively charged

membranes is high, the nature of the phospholipids is also a determinant and future

simulations can explore such variations.

PGLa, an α-helical peptide of 21 amino acids (GMASKAGAIAGKIAKVALKAL-

NH2) from the Magainin family, as well as Gramicidin S peptide have been observed

to lie flat on the membrane at low concentrations, but to insert into the membrane as

an oligomer at high concentrations [240, 241]. While lipid destabilisation or/and de-

fects in packing are seen in our simulations, as has been seen experimentally [242],

ruptures of membranes as seen in scanning electron micrographs will probably require

much longer timescales of simulations or employing coarse-grained MD simulations.

The study of Crotalicidin [238] did show that while increasing concentrations of the

peptide resulted in charge neutralisation of E. coli and P. aeruginosa, this occurred

at concentrations lower than the minimum required to kill bacteria. Together, these

studies and some insights from our simulations suggest that peptides initially are elec-

trostatically steered towards the negatively charged membranes and accumulate. Then,

due to mechanisms that are yet to be discovered, entry and crossing of the lipid bilayer

ensues followed by cellular death. Clearly in the future, longer simulations of peptide

aggregates constrained by data on the sizes of the aggregates e.g. studying trimers only

will hopefully unravel the mechanisms of permeation and cell death.





Chapter 4

Predicting AMPs through Machine

Learning

In this chapter, a comprehensive model to classify between datasets of heteroge-

neous AMPs and non-AMPs is created, using a number of structure- and sequence-

derived features. The key idea was that more information was coded in structural 3D

features than in sequence-derived ones. All possible combinations of 3 structural fea-

tures were probed, the same for sequence features, and lastly, a combination of both.

4.1 Computational background theory

4.1.1 Support Vector Classifier

Support Vector Machine (SVM) is a supervised machine learning algorithm which

is commonly used for classification problems. Input data (X) and corresponding output

variables (Y) are provided to the algorithm, which then learns from the training dataset

(this is called a supervised learning process). In a special case with two linearly sepa-

rable output variables, the algorithm is referred to as Support Vector Classifier (SVC).

Let us assume there are two classes of data plotted in two dimensions (Figure 4.1,

left panel). This data is linearly separable, and there are infinite possible lines that can

be drawn to separate it, but an optimal decision boundary should be found (Figure 4.1,
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Figure 4.1: SVC example.

green line, also called a hyperplane), that is orientated so that it is in the middle of the

two classes. The optimal separating hyperplane should maximally separate the classes,

so that it maximises the distance between the hyperplane and margins (the margins are

shown as dashed lines in Figure 4.1). In p dimensions, a hyperplane can be defined as

[243]:

β0 + β1X1 + ...+ βpXp = 0. (4.1)

The points on either side of the hyperplane satisfy the condition:

β0 + β1X1 + ...+ βpXp 6= 0. (4.2)

The training data matrix with n observations in space with p dimensions contains ele-

ments:

x1 =


x11

...

x1p

 , ..., xn =


xn1

...

xnp

 . (4.3)

Let us say there are two classes only: y1, ..., yn ∈ {−1, 1}. The goal is to train a

classifier on a training set that will be able to correctly classify the test data. Let us
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first label all the red points as yi = 1 class and all the blue ones as yi = −1 class. The

separating hyperplane then satisfies the conditions:

β0 + β1xi1 + ...+ βpxip > 0 if yi = 1, and (4.4)

β0 + β1xi1 + ...+ βpxip < 0 if yi = −1. (4.5)

Also: yi(β0 + β1xi1 + ...+ βpxip) > 0, ∀i = 1, ..., n. (4.6)

A test observation x∗ can be classified based on f(x∗) = β0 + β1x
∗
1 + ... + βpx

∗
p. The

observation will be assigned to class 1 if f(x∗) is positive, and -1 if negative. The

larger the magnitude of f(x∗), the further away x∗ lies from the hyperplane.

The margin can be defined as the smallest distance between the observations and

the hyperplane. The points equidistant from the hyperplane that lie along the margins

are called support vectors. The hyperplane depends on these vectors only, and not

on the other observations. Therefore, changing the two-dimensional position of any

support vector will change the optimal hyperplane (Figure 4.1), but the hyperplane

stays intact if other observations are changed (assuming that the new position is not

within the margin boundary). The optimal margin is the solution of the optimisation

problem:

we want to maximise the width of the margin M: max
β0,...,βp,M

M, (4.7)

subject to
p∑
j=1

β2
j = 1, (4.8)

yi(β0 + β1xi1 + ...+ βpxip) ≥M, ∀i = 1, ..., n. (4.9)

The last two conditions ensure that all observations are on the correct side of the hy-

perplane, and at least a distance M from the hyperplane. The optimisation problem

optimises β0, ..., βp to maximise the margin width M .

In cases when classes are not exactly separable, the generalised approach, called

soft margin classifier, is used. Here, a hyperplane that does not perfectly separate

the two classes is considered in the interest of robustness, as we want to avoid the
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classifier being sensitive to a change in single observation. This approach allows some

observations to be on the wrong side of the margin or even hyperplane, while most

observations are on the correct side. Here, the optimisation is slightly different:

max
β0,...,βp,ε1,...,n,M

M, (4.10)

subject to
p∑
j=1

β2
j = 1, (4.11)

yi(β0 + β1xi1 + ...+ βpxip) ≥M(1− εi), (4.12)

εi ≥ 0,
n∑
i=1

εi ≤ C, (4.13)

if εi = 0, then the ith observation is on the correct side of the margin, εi > 0 means the

observation is on the wrong side of the margin, and εi > 1 means that the observation

is on the wrong side of the hyperplane; and C is a non-negative tuning parameter

that determines the severity and number of violations that are tolerated. The C value

is proportional to the tolerance and, consequently, to the margin width. The support

vectors are observations that lie on the margin, or are found on the wrong side of the

margin. It is important to note that C here is inversely proportional to the penalty

parameter C in the Results and Discussion section: the small penalty parameter value

used in the code will result in a wider margin.

The solution to this optimisation problem (Equations (4.10)–(4.13)) depends only

on the inner products of the observations, and not on the observations themselves:

f(x) = β0 +
∑
i∈S

αi〈x, xi〉. (4.14)

In evaluation of function f(x), the inner product between all pairs of training points is

calculated. In order to estimate αi, ..., αn and β0, only inner products between all pairs

of support vectors are needed, as αi is non-zero for support vectors only. If, instead of

the inner product 〈x, xi〉 = 〈xi, xi′〉, we use a generalisation K(xi, xi′), where K is a
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function (kernel):

K(xi, xi′) =

p∑
j=1

xijxi′j, (4.15)

we can obtain a linear kernel, and the f(x) is:

f(x) = β0 +
∑
i∈S

αiK(x, xi), (4.16)

4.1.2 Introducing tools used to calculate the features

The efficacy of AMPs is dependent on a delicate balance of a number of features

[226]. Both AMPs and membranes are amphipathic, so high membrane affinity of

AMPs can be expected. In most cases, one face of AMPs is cationic and the other

one is hydrophobic. The cationic residues then neutralise the negatively charged

headgroups, while the hydrophobic face penetrates into the hydrophobic tail region.

Hydrophobicity and charge distribution are the two most important features driving

the antimicrobial activity [244]. Structurally, hydrophobicity can be described

through hydrophobic moment. The dipole moment can be used to describe the

charge distribution. Also, it is possible to calculate the solvent accessible surface

of hydrophobic/charged patches/residues. Aromatic Trp, Tyr and Phe residues are

shown to disrupt the packed lipid chains with their bulky side chains [32], and a

structural alternative to simply counting them would be calculating their solvent

accessible surface. Another important feature is peptide self-aggregation. AMPs are

known to insert into the membrane as oligomers at high concentrations [240, 241].

Oligomers are mandatory for formation of pores, and can lead to more effective

membrane disruption compared to the monomeric peptide [245]. High numbers

of cationic residues can, however, inhibit the oligomerisation due to electrostatic

repulsion between AMP molecules [19]. Another characteristic of AMPs is that they

are generally smaller in size than the non-AMPs (left and right panels in Figure 4.3),

and here it is important to eliminate this bias by matching the distributions. It is also
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known that, for example, many AMPs increase in helical content in the presence of a

membrane [246].

Aggregation features were obtained from TANGO and AGGRESCAN servers

[247, 248]. TANGO was built on experimental data and identifies the β-aggregating

regions taking protein stability and physico-chemical conditions into account. AG-

GRESCAN is based on individual aggregation propensities of natural amino acids.

The data was derived from experimental results of an in vivo system using β-amyloid

peptide. Different aggregation profiles can then be constructed for polypeptides,

and aggregation "hot spots" are detected. The approach detects the presence of "hot

spots" which have been already validated experimentally in the literature and provides

insights into the effect of disease-linked mutations in these polypeptides. Molecular

weight was calculated from Sequence Manipulation Suite server [249]. Solvent

accessible surface (SASA) and SASA-related features such as hydrophobic/aromatic

SASA were calculated, using a local 2.0.4 version of DSSP was used [109, 110].

DSSP was used for calculation of regular secondary structure. By identifying patterns

of hydrogen bonds between the backbone carbonyl and amide groups, DSSP detects

the secondary structure. Residues forming positive or negative patches were obtained

from the BindUP server [250] that looks for adjacent points on the protein surface

that meet a given electrostatic potential cutoff. Absolute average potential energy

on the surface of the protein, length of the 3D hydrophobic moment, and total

surface area were obtained by running the local version of the 3D-HM software

[251, 252, 160, 253]. The solvent accessible surface is triangularised, and electrostatic

potential is calculated on each vertex using a solvent dielectric constant for the

aqueous environment. Parts of the surface that have an absolute electric potential

greater than the average absolute surface potential are considered as polar, otherwise

they are considered as non-polar. 3D hydrophobic moment is defined as a vector

pointing away from the most polar surface area, reflecting the distribution of polar

patches. Dipole moment was calculated using a bespoke Python script [254]. Quilt

v.1.1 was used locally in order to identify residues involved in the largest hydrophobic
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patch [255]. Quilt detects adjacent segments of carbon and sulphur atoms’ surface of

arbitrary size and shape, and only the largest, most significant patches are reported.

4.1.3 Performance scores

In this chapter, five performance scores were calculated for each SVC model: accu-

racy, precision, recall, F1 score, and area under receiver operating characteristic (ROC)

curve [256]. These are defined as shown in Equations (4.17), (4.18) and (4.20), and

involve calculation of true positives (TP), true negatives (TN), false positives (FP), and

false negatives (FN).

accuracy =
TP + TN

P +N
=

TP + TN

TP + FP + TN + FN
(4.17)

Precision is also called positive predictive rate:

precision =
TP

TP + FP
(4.18)

Recall is also called sensitivity, or true positive rate (TPR):

recall =
TP

P
=

TP

TP + FN
(4.19)

F1 score is the harmonic mean of precision and recall, so it takes both precision and

recall into account:

F1 = 2 · precision · recall
precision+ recall

(4.20)

Receiver operating characteristic curve is created by plotting recall (TPR) against the

false positive rate (FPR) at various threshold settings. False positive rate is defined as:

FPR =
FP

N
=

FP

TN + FP
(4.21)
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Let us assume we have two normal distributions of the same feature, one for AMPs,

one for non-AMPs. The closer the means and the larger the variance, the greater the

degree of overlap in the distributions. For each threshold value controlling the number

of points labelled true or false (yellow line in Figure 4.2 [257]), the TPR and FPR

values are different. By plotting the TPR and FPR values for all thresholds, we obtain

the ROC curve (green line in Figure 4.2). In case of no false positives and no false

negatives, the curve is going through point (0,1) in the upper left corner: this is called

a perfect classification. The area under the ROC curve (roc_auc) score is a measure of

classification quality.

Figure 4.2: ROC curve [257].

4.2 Methods

4.2.1 Assembling and processing the AMPs and non-AMPs

datasets

AMP sequences and their corresponding PDB IDs were collected from the APD3

database on 8 December 2017 [221, 108]. The sequences were compared to the PDB

fasta entries, and only sequences from the PDB meeting any of the following criteria

were taken forward: 1) exact sequence matches, 2) sequences differing in less than 3
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residues, and 3) permutated sequences, with priority given to the PDB fasta entries.

Sequences longer than 20 or shorter than 120 amino acids, as well as the redundant

ones were removed. AMP structures for which the tools listed in the next section

failed to produce a result were omitted.

Non-AMP sequences were collected from the PDB50 database and AMPs (PDB

IDs from the APD3) were eliminated. Sequences longer than 20 or shorter than 120

amino acids, as well as the redundant ones were removed. In order to filter out non-

AMPs with low quality structures, fasta sequences from the PDB were compared to

the UniProt entries [105]. First, UniProt search was run using the following keywords:

database:(type:pdb) fragment:no length:[20 TO 120] method:xray AND reviewed:yes,

and the results were downloaded in an XML format. The dataset was then filtered

using a bespoke Python script, so that only the sequences/structures meeting the fol-

lowing criteria were taken forward: 1) we allowed the UniProt sequence to differ in 3

or less residues from the PDB one 2) only X-ray structures were considered 3) resolu-

tion value was <3 Å 4) in case of multiple PDB entries for the identical sequence, the

PDB ID with higher resolution was taken forward. PDB IDs that were listed as trans-

membrane proteins in the PDBTM database were removed [258]. In order to make the

final number of non-AMPs comparable to the number of AMPs, CD-HIT was used so

that the resulting set had shared pairwise sequence identity of no more than 80% [102].

Since AMPs are known to be of smaller size, the distribution of sequence sizes in the

larger, non-AMPs set was corrected in a following manner:

1) A total of eight bins were created, containing non-AMPs of sizes 20–33, 34–47,

48–61, 62–75, 76–89, 90–103, 104–117, and >118

2) The first two bins already contained the number of non-AMPs that was smaller

than the corresponding AMPs bins

3) For the other bins, another run of CD-HIT was performed, with -c flag value set

to 0.4

4) Additional reduction of sequences was made so that:
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a) PDB chains containing only naturally occurring amino acids in the model were

kept

b) The sequence was between 20 and 120 naturally occurring amino acids in

length

c) There was no more than 3 amino acids difference in size between the sequence

and the structure

d) From here, sequences were selected using the bash shuf command so that the

each bin contains the same number of sequences as the corresponding AMPs

bin.

Again, non-AMP structures for which the tools listed in the next section failed were

omitted.

4.2.2 Features considered

We initially started with 39 features, extracted from sequence and 3D models. A

total of 19 sequence based features were used:

1. Sequence length (seq_len)

2. Total charge (Qtot)

3. Number of positively charged residues (Qpos)

4. Number of negatively charged residues (Qneg)

5. Number of hydrophobic residues (Nhphobic)

6. Number of aromatic residues (Naromatic)

7. Number of polar residues (Npolar)

8. Hydrophobic:polar ratio (h:p)

9. Aggregation feature from TANGO server (AggTango)

10–18. 9 aggregation features from AGGRESCAN server (a3vSA, nHS, NnHS, AAT,

THSA, TA, AATr, THSAr, Na4vSS)

19. molecular weight (mol_w)
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Twenty structure based features were used:

1. Solvent accessible surface (SASA) of the largest positively charged patch

(QposP1)

2. SASA of the second largest positively charged patch (QposP2)

3. SASA of the third largest positively charged patch (QposP3)

4. Sum of SASA of the three largest positively charged patches (QposP)

5. SASA of the largest negatively charged patch (QnegP1)

6. SASA of the second largest negatively charged patch (QnegP2)

7. SASA of the third largest negatively charged patch (QnegP3)

8. Sum of SASA of the three largest negatively charged patches (QnegP)

9. Average absolute potential energy on the surface of the peptide

(Avg_abs_Epot_surf)

10. Length of the 3D hydrophobic moment vector (HM)

11. Length of the 3D dipole moment vector (DM)

12. Angle between the 3D hydrophobic moment vector and 3D dipole moment vec-

tor (HM_DM)

13. Total surface area (surf)

14. Solvent accessible surface area (sasa)

15. SASA of hydrophobic residues (h_sasa)

16. SASA of aromatic residues (a_sasa)

17. Percentage of SASA of hydrophobic residues (h_sasa%)

18. Percentage of SASA of aromatic residues (a_sasa%)

19. Percentage of regular secondary structure (SS%)

20. Area of the largest hydrophobic patch (h_patch)
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4.2.3 Cleaning and splitting the data

Data was normalised to mean = 0 and variance = 1. In order to avoid size bias,

we removed sequence length (seq_len), molecular weight (mol_w) and 13 features

that correlated with the former with Pearson correlation coefficient >0.4, namely surf,

Naromatic, h_sasa%, Qpos, QnegP, THSA, Npolar, AAT, sasa, Qneg, nHS, QnegP1,

and Nhphobic. Consequently, the final number of features used was 24, out of which

15 were structure based and 9 were sequence based. The random seed used throughout

the code was selected in the following manner. Seeds ranging from 1 to 100 were used

to perform a stratified split so that the training and test data was split in a ratio 70:30%.

For each seed, we ran a Mann-Whitney U test on the 24 features and checked that:

1) there was no significant difference between the feature distributions of the training

and the test set for the AMPs, and 2) there was no significant difference between the

feature distributions of the training and the test set for the non-AMPs. Seeds that

satisfied the p >0.05 for all 24 features (on both AMPs and non-AMPs classes), were

collected, and a single seed was picked randomly from this set. The selected random

seed was 19. This way we ensured that the training and test data come from the same

distribution, which is a critical assumption when building a learning model for future

prediction of unseen data (test set).

4.2.4 Training and testing models

A grid-search was performed on selected features of the training set using a 10-fold

cross-validation. class_weight parameter was set to balanced in order to adjust

weights of the non-AMP and AMP classes, and avoid model being more sensitive to

the class with more data points. Linear kernel was considered only since it allows for

retrieval of the feature importance coefficients. C parameter values considered were

0.001 to 100 in 10-fold intervals. Accuracy, precision, recall, F1 and roc_auc values

were inspected when selecting parameter values, with priority given to roc_auc values.

F1 scores were inspected in case of a roc_auc tie, since this score balances precision

and recall. Redundancy feature elimination with 10-fold cross validation (RFECV)
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was performed in order to optimise roc_auc value, and retrieve the corresponding fea-

tures used in the optimised model. Then, all possible 3-feature models were taken and

a grid search with 10-fold validation was performed for each model to challenge the

results of the automated RFECV process. Evaluation was performed on the test set

using the best models. The entire process was done for structural features, sequence

features, and a combination of both.

4.3 Results and Discussion

The initial number of non-AMPs was 1569, and following the procedure described

in the Methods, this number was reduced to a final total of 83 non-AMPs. Overall 146

AMPs were taken forward. The distributions in Figure 4.3 show the bias in sequence

length – AMPs are generally smaller in size than non-AMPs, and it was not possible

to collect a higher number of smaller non-AMP structures.

The total number of peptides was 229. By utilising stratified split using a 70%:30%

ratio, training set resulted in 102 AMPs and 58 non-AMPs (160 peptides in total), and

test set resulted in 44 AMPs and 25 non-AMPs (69 peptides in total). In both training

and test set, the ratio of AMPs vs. non-AMPs was 64%:36%.

Figure 4.3: Peptide distributions for initial set of non-AMPs, final set of non-AMPs
and final set of AMPs.
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Correlations of all features are shown as a heatmap in Figure 4.4, and distributions

of features for entire dataset, training, and test set can be found in Figures 4.5 and 4.6.
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Figure 4.4: Correlation heatmap for all features.
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Figure 4.5: Distributions of structural features of AMPs and non-AMPs for the entire
dataset (left column), training set (middle column) and test set (right column).
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Figure 4.6: Distributions of sequence features of AMPs and non-AMPs for the entire
dataset (left column), training set (middle column) and test set (right column).

4.3.1 Sequence features model

Redundancy feature elimination with 10-fold cross validation (RFECV) returned a

linear kernel model in which eight features were found to give optimal roc_auc value

in combination with C = 0.01. The corresponding features and their coefficients, as

well as the performance scores can be found in Table 4.1, and the roc_auc scores for

different number of features are shown in Figure 4.7. Removing features one by one

based on RFECV iterative calculation of features importance does not necessarily give

optimal results. The weight of each feature is determined by how well the feature

agrees with all the other features selected, and in this way, if some of the features are
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Figure 4.7: RFECV results with optimised roc_auc for sequence features only.

dropped too early, the high performing ones do not get the chance to be combined

together in a simpler model.

To challenge the results of this automated process, and in an attempt to further

reduce the number of features in our model, we decided to take all possible 3-feature

models and perform a grid search with a 10-fold validation, keeping the linear kernel

and using the C values as described in the Methods. The highest value of roc_auc

obtained was 0.802 (Table 4.2), which was even higher than for the 8-features RFECV

model. A single feature (Qtot) was present in both models. The best model for Qtot

feature alone yielded in 0.77 roc_auc, 0.75 accuracy, 0.776 precision, 0.854 recall,

and 0.809 F1 value (C = 0.01), and when Qtot was excluded from the initial set of

features, the best model had 0.698 roc_auc (C = 10, features: AggTango, TA, and

AATr). Both sequence-based models were evaluated on the test set, despite the high

correlation of AATr and Na4vSS features in the second one (Figure 4.8 and Table 4.2

and Figure 4.4).
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Table 4.1: RFECV results with optimised roc_auc for
sequence features only.

Feature Feature importance

Qtot 0.42

AggTango -0.178

a3vSA 0.137

NnHS 0.152

TA 0.134

AATr -0.045

THSAr -0.0367

Na4vSS 0.148

Score Score value

roc_auc 0.778 ± 0.073

accuracy 0.731 ± 0.067

precision 0.772 ± 0.049

recall 0.813 ± 0.073

F1 0.789 ± 0.058
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Figure 4.8: The best two models containing sequence features only (training set).
The boxes were rotated so that the plane is shown as a line.
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4.3.2 Structural features model

For structure-based features, RFECV returned a linear kernel model in which eight

features were found to give optimal roc_auc value in combination with C = 0.01. The

corresponding features and their coefficients, as well as the performance scores can be

found in Table 4.3, and the roc_auc scores for different number of features are shown

in Figure 4.9.

Figure 4.9: RFECV results with optimised roc_auc for structural features only.

Again, in order to simplify the model, we took all possible 3-feature models and

performed a grid search with a 10-fold validation. Kernel was set to linear and the C

values were as described in Methods. The three models with highest roc_auc value

(Table 4.4) show that these values are comparable to the RFECV ones in Table 4.3:

therefore it is possible to simplify the model without any drop in performance values.

There was no correlation between the features in any of the models (Table 4.4 and Fig-

ure 4.4). Interestingly, all of the models included the Avg_abs_Epot_surf feature. The

best model for Avg_abs_Epot_surf feature yielded in 0.73 roc_auc, 0.706 accuracy,

0.718 precision, 0.891 recall, and 0.794 F1 score (C = 0.01). The best triplet model

when Avg_abs_Epot_surf was excluded from the initial set of features had the high-

est roc_auc value of 0.805 (C = 0.001, features: a_sasa%, HM_DM, and h_patch).
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We selected the first two structure-based models from Table 4.4 for evaluation on the

test set (Figure 4.10). The third model was dropped due to a larger mismatch in score

values (substantially lower scores for precision and accuracy).

Comparison of performance scores in Tables 4.2 and 4.4 shows that structural fea-

tures are better in classifying AMPs from non-AMPs than sequence-based features.

This is not surprising: for example, in the previous chapter we observed that the distri-

bution of charge can have an impact on interactions with model membrane, and in this

chapter sizes of positively charged patches, that can be linked with charge distribution,

are shown to be one of the important features in classifying AMPs from non-AMPs.

Table 4.3: RFECV results with optimised roc_auc for
structural features only.

Feature Feature importance

QposP1 0.212

QposP 0.229

QnegP2 -0.116

QnegP3 -0.189

Avg_abs_Epot_surf -0.337

a_sasa% 0.117

HM_DM 0.278

h_patch -0.193

Score Score value

roc_auc 0.863 ± 0.042

accuracy 0.806 ± 0.037

precision 0.852 ± 0.035

recall 0.852 ± 0.063

F1 0.844 ± 0.033
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Figure 4.10: The best two models containing structural features only (training set).
The boxes were rotated so that the plane is shown as a line.
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4.3.3 Models with structural and sequence features combined

In this section, we tried a combination of structural and sequence features to see if

we can get better performance than with structure-based models. RFECV returned a

model in which nine features were found to give optimal roc_auc value in combination

with C = 0.01. The corresponding features and their coefficients, as well as the

performance scores can be found in Table 4.5, and the roc_auc scores for different

number of features are shown in Figure 4.11. Interestingly, out of nine features, only

two were sequence-based. Also, seven of the features listed are those contained in our

best models in the previous two sections.

Figure 4.11: RFECV results with optimised roc_auc for structural and sequence fea-
tures.

Again, we performed a grid search with a 10-fold validation on all possible 3-

feature models (linear kernel and the C values as described in the Methods). Mod-

els with the highest roc_auc value (Table 4.6) show performance scores higher than

obtained for structure-based models and ~10% higher than the ones reported for the

9-feature RFECV model (Table 4.5). There was no significant correlation between

the features in any of the models (Table 4.6 and Figure 4.4). All of the models had

Avg_abs_Epot_surf as one of the features: this feature is also listed as most important
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in Table 4.5. The best two models were selected for evaluation on the test set (Fig-

ure 4.12 and Table 4.6).

Table 4.5: RFECV results with optimised roc_auc for
structural and sequence features.

Feature Feature importance

QposP1 0.168

QposP 0.187

QnegP3 -0.144

Avg_ab_Epot_surf -0.333

a_sasa% 0.124

HM_DM 0.218

h_patch -0.217

Qtot 0.204

NnHS 0.147

Score Score value

roc_auc 0.878 ± 0.043

accuracy 0.812 ± 0.033

precision 0.862 ± 0.032

recall 0.853 ± 0.069

F1 0.847 ± 0.033
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ing set). The boxes were rotated so that the plane is shown as a line.
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4.4 Conclusions

With the exception of a few studies [92], the majority of methods use a binary clas-

sification, where peptides can be classified as ’AMPs’ or ’non-AMPs’. To date, most

of the literature reports on predicting AMPs and their activity based on sequence-based

features, employing different approaches such as Quantitative Structure-Activity Rela-

tionship (QSAR), Regression Models and Machine Learning techniques such as Arti-

ficial Neural Network (ANN), Support Vector Machine (SVM), Random Forests (RF)

and Hidden Markov Models (HMM) [82, 85]. Only a small number of studies have

focused on 3D structural features, such as the study on five β-hairpins by Edwards et

al. [93]. The main reason for this was probably the limited number of experimentally

solved structures. With regards to prediction of activity, the problem is two-fold: not

only is there a lack of structural information, but the protocols for estimating the min-

imal inhibitory concentration values have changed over years, so the data available is

not consistent. This is one of the reasons why we decided to work on the likely easier

task of classification, but using a set of highly diverse AMPs/non-AMPs. Recently,

a study based on 3D structural features of peptides was published [94]: SVM was

employed to train a model, starting with 86 non-redundant AMPs and 86 non-AMPs.

The authors do not clearly specify the final number of features used, which means that

the number of features could have been as high as the number of structures itself, if

not higher. Another issue is that, even though it is discussed that the potential energy

descriptors were best linked to the activity, these are related to non-comprehensive

energy terms. For example, the best features were ones such as out of plane potential

energy, angle bend potential energy, and bond stretch potential energy. Here, it is im-

portant to notice that in this study, molecular dynamics has been performed on AMP

structures only. Therefore, there are almost certainly multiple old NMR structures that

might have low resolutions. This could have then caused the difference between the

AMPs and non-AMPs in the out of plane potential energy, as only AMP structures

were minimised and sampled. Another issue is that the non-AMPs were substantially

longer than the AMPs, so there was a bias in size.
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In this work, we decided to explore a simple model with a maximum of three

features. The size distributions of AMPs and non-AMPs were matched. The initial

set of features were selected so that they were robust to structural variations arising

from lower resolution data of some older structures. Average absolute potential en-

ergy mapped on the surface was shown to be of substantially greater importance than

the other structure-based features. Another important feature was the size of largest

hydrophobic patch. From sequence features, the most important feature was the total

charge. The features used were comprehensive and reflected the general properties that

are usually studied when designing AMPs [224, 225, 226, 227, 228].

Currently the best state-of-the-art deep learning sequence-based model is capable

of classifying AMPs from non-AMPs report roc_auc, recall and accuracy of 0.965,

0.899 and 0.91 on the test set, respectively [95]. In the study, the methodology was

overall well-thought, from selecting the sequences, to the matching distributions of

lengths of AMPs and non-AMPs. Even though the performance is slightly better than

those of the 3-feature models presented in this work (roc_auc, recall and accuracy

of 0.906, 0.91 and 0.913 for the best model on the testing set, respectively), deep

learning models are complex and the features are difficult to extract. Our approach

has the advantage of being much more comprehensive and straightforward, although

it requires knowledge of the 3D structure, which can easily be obtained, in favourable

cases, with ab initio modelling. Additionally, in previous sections we have shown that

the structural features rather than the sequence features are the ones predominantly

driving the successful model building with their high feature importance scores. The

outlook of this work could be in the direction of applying deep learning to feature sets

in which sequence and structural characteristics are both represented, in order to get

an even better performance.
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Conclusions

Several problems were addressed in this thesis. Our lack of understanding of de-

tailed mechanisms of action is the main obstacle in developing AMP drugs [56]. Struc-

tural information is the basis for predicting AMPs’ interactions with membranes and

eventually solving the modes of action puzzle. However, only about 10% of AMPs

have experimentally solved structures [221]. AMP sequences are extremely diverse

due to their co-evolution with pathogens, and rapid evolution of AMP genes. Because

of this diversity, and a lag in pace of structural determination compared to the se-

quence identification, the number of available templates for homology modelling is

limited, and evolutionary relationships between targets and templates are often difficult

to discern. In addition, homology modelling is unsuitable for AMPs that have novel

folds. In order to scan through the structural universe for such AMP structures, we

performed a large scale ab initio modelling exercise with Rosetta [99]. In this work,

we elucidated folds of 184 AMPs that are between 20 and 120 residues long. The

validity of the modelling was supported by benchmarking against known AMP struc-

tures, and Molecular Dynamics experiments. Rosetta models were then compared to

PDB entries [108], sometimes revealing similarities, at other times novel folds. Two of

the peptides whose models matched known folds are Lebocin Peptide 1A (LP1A) and

Odorranain M1, predicted to form β-hairpins but which, interestingly, lack intramolec-

ular disulphide bonds, cation-π or aromatic interactions that generally stabilise such
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AMP structures. Other examples with fold matches in the PDB include Ponericin

Q42, Latarcin 4a, Kassinatuerin 1, Ceratotoxin D, and CPF-B1 peptide, which have

α-helical folds, as well as mixed αβ folds of human Histatin 2 peptide and Garvicin

A which are, to the best of our knowledge, the first linear αββ fold AMPs lacking in-

tramolecular disulphide bonds. In addition to fold matches of experimentally derived

structures, unique folds were also obtained, namely for Microcin M and Ipomicin.

We expected to find stronger links between our modelled AMPs and the fold

matches, such as similarities in hydrophobic patches and electrostatics. However,

AMPs seem to be so diverse, that possession of a similar fold is not necessarily

accompanied by similar physical characteristics. This was also shown by the example

of v-shaped helical AMPs, where molecular hydrophobic potential (MHP) plots did

not prove to be successful in sorting peptides into different mechanism bins. This was

additionally aggravated by the lack of information on modes of action of our modelled

peptides.

Disulphide bond prediction, potentially of great value to guide the ab initio mod-

elling, was benchmarked on structures that were found to be structural homologues

of our modelled AMPs. Of three disulphide prediction algorithms benchmarked,

DISULFIND had the best results, but the prediction results were shown not to be reli-

able, and there were no cases where at least two programs agreed on all disulphides in

the assembled peptides set. Therefore, AMPs were modelled with all DiS possibilities

where this was feasible, i.e. for peptides containing four or less cysteine residues, and

peptides containing five or more Cys were modelled without any constraints. Overall,

the results of the disulphide prediction benchmarking yielded surprisingly bad results,

compared to what was reported. This was probably due to the sets the models were

trained and tested on, which were not comprehensive enough for the problem. There is

certainly enough data to develop an AMP specific disulphide bond prediction model:

currently, 192 AMP PDB models containing two or more Cys are available, most of

which have 4, 6 and 8 Cys residues (149 structures). Such study could facilitate future

AMPs ab initio modelling attempts.
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As mentioned earlier, Rosetta ab initio modelling was benchmarked on fold

matches of modelled peptides, both with and without including the disulphide

connectivity information. Including disulphide connectivity information was found

to be unimportant for the performance of modelling. A threshold for the size of the

largest cluster of 25% of the the total number of successfully modelled structures was

shown to be a good value for identifying the correctly predicted folds.

Since March 2015, when 2131 sequences were collected from the UniProt and

APD2, the number of identified AMPs has increased to 3014 in the APD3 alone

(September 2018) [105, 47]. Other than this, and newer versions of HHpred and

Rosetta fragment databases, not much has changed, so replicating the study would

likely give similar results [103, 99]. PEP-FOLD or QUARK could have been used in-

stead of Rosetta, however, PEP-FOLD is limited to only 50 amino acid residues, none

of them are optimised for disulphide bonds, and they are both online servers, making

them unsuitable for large scale studies [179, 121].

In the next chapter, we performed Molecular Dynamics on a selection of non-

modified AMPs highly active against multiple pathogens. The stability of the AMPs

and their fold matches was studied in explicit solvent. All AMPs were stable except for

the N-terminal helix of Kassinatuerin 1 peptide, which quickly unfolded. Oligomeri-

sation study was performed as peptides are known to self-aggregate before reaching

the membrane surface. The secondary structures of stability and oligomerisation stud-

ies were in good agreement, but numbers of oligomers observed was not consistent

throughout the three runs for each peptide. Latarcin 4a, Ceratotoxin D and Rattusin had

preference in forming smaller oligomers. Next, we ran 1 µs MD simulations of two

peptides, namely Kassinatuerin 1 and Odorranain M1, in a membrane environment.

For Kassinatuerin 1, the number of peptides was increased from 10 to 15 half-way

through the simulations, in order to search for any concentration-dependent changes.

Significant membrane curvature, thinning and disruption were observed in the presence

of AMPs, as well as interdigitation, headgroup separation and asymmetric ripples. To



182

the best of our knowledge, this is the first time AMPs have been observed to induce

ripples in a POPE:POPG model membrane, or a mixture of similar lipids.

We suspect that the distribution of charges along the peptide is important for ability

to oligomerise and penetrate the membrane. For Odorranain M1, which has an asym-

metric charge distribution, the positively charged part of the molecule was seen neu-

tralising the negatively charged headgroups, without any headgroup separation, likely

due to the formation of large oligomers, as previously shown for Protegrin 1 peptide

[78]. Simultaneously, the non-charged part of the peptide is involved in hydrophobic

interactions with other peptide molecules. The observations for Kassinatuerin 1 were

different: oligomers formed were smaller, and the even distribution of charge allowed

entire molecules to lie on the membrane surface. Hydrophobic side chains were ob-

served burrowing and making contacts with hydrophobic lipids. Membrane thinning

and interdigitation observed for both peptides has a similar cause: by neutralising the

negative charge on the top leaflet, the membrane becomes slightly polarised, result-

ing in positive peptide charges being pulled towards the negative charges on the lower

leaflet. While lipid destabilisation or/and defects in packing are seen in our simula-

tions, observation of pores presumably requires much longer timescales of simulations.

Concentration-controlled simulations, similar to experiments done on Protegrin 1 [78],

as well as longer timescales or coarse-grained MD simulations could lead to a better

insight into the mechanisms of action of AMPs.

In the fourth chapter, the support vector classifier (SVC) method was used in order

to develop a comprehensive model that can classify between AMPs and non-AMPs. To

date, the vast majority of studies have attempted to predict AMPs based on sequence

features, while there is a lack of studies of structural-based ones, most likely due to

paucity of structural data. In addition, the absence of comprehensive negative data

(peptides shown not to have antimicrobial activity), can result in weakening the pre-

dictive power of these models [95]. When selecting our datasets, we checked that the

distributions of AMPs and non-AMPs were similar, and that the initial set of features

were robust to structural variations arising from lower resolution data of some older
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structures. Upon splitting the data, we assured to put a constraint in terms of Mann-

Whitney U test, so that the distributions of AMP (and non-AMP) features would not

be too dissimilar in the training and the test set.

To the best of our knowledge, to date, poor attempts have been made in developing

a comprehensive model based on 3D structures [94], and the main focus has been on

sequence parameters. The methods used, such as deep learning, which gave the best

results so far, can be very complex and obscure. In order to obtain a simpler, more com-

prehensive model, we used SVC with no more than three features (structural, sequence

or combined). The test set performance scores of our best model were comparable to

state-of-the-art sequence-based models: values of ~91% were obtained roc_auc, recall

and accuracy. The most important features were found to be related to electrostatic,

hydrophobic and aggregation properties, namely average absolute potential energy on

the surface, the size of largest hydrophobic patch, the size of the largest positively

charged patch, and the total charge of the molecule. Such classifier as the one reported

in this work can be used as a first step in the rational design of AMPs. Unfortunately,

regression models are next to impossible to develop, due to inconsistent protocols for

measuring the activity experimentally. Nevertheless, our model is a step forward in

our understanding of the delicate balance of features responsible for the antimicrobial

activity of not only helical or β-hairpin structures, but all AMP folds.
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Figure A.1: Stability of fold matches. Secondary structure analysis for BTD-2
(2LYE), Tachyplesin I (1WO1), RTD-1 (2LYF), Retrocyclin-2 (2LZI), Mytilin B
(2EEM), Termicin (1MM0), Eurocin (2LT8), AgaDef peptide (2NY8), Fowlicidin-
1 (2AMN), Maximin 4 (2MHW) and Latarcin 2a (2G9P) starting from experimental
PDB structures in explicit water (100 ns, triplicates). Residue numbers are shown on
Y axis (top to bottom), while frames are shown on X axis. Colours: green - turn, yel-
low - β-strands, golden - isolated bridge, pink - α-helix, blue - 310 helix, red - π-helix,
white - coil. Simulations were performed as described in Materials and Methods and
the secondary structure analysis was performed using VMD and STRIDE.
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A.2 Membrane interactions

A.2.1 Kassinatuerin 1 (10 AMPs)

Run 1

Figure A.2: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Kassinatuerin 1 molecules, run 1). Darker colours
indicate deeper burial of residues.
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Run 2

Figure A.3: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Kassinatuerin 1 molecules, run 2). Darker colours
indicate deeper burial of residues.
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Run 3

Figure A.4: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Kassinatuerin 1 molecules, run 3). Darker colours
indicate deeper burial of residues.
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A.2.2 Kassinatuerin 1 (15 AMPs)

Run 1

Figure A.5: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 15 Kassinatuerin 1 molecules, run 1). Darker colours
indicate deeper burial of residues.
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Run 2

Figure A.6: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 15 Kassinatuerin 1 molecules, run 2). Darker colours
indicate deeper burial of residues.
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Run 3

Figure A.7: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 15 Kassinatuerin 1 molecules, run 3). Darker colours
indicate deeper burial of residues.



216 A.2. MEMBRANE INTERACTIONS



APPENDIX A. 217



218 A.2. MEMBRANE INTERACTIONS



APPENDIX A. 219



220 A.2. MEMBRANE INTERACTIONS



APPENDIX A. 221



222 A.2. MEMBRANE INTERACTIONS

A.2.3 Odorranain M1 (10 AMPs)

Run 1

Figure A.8: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Odorranain M1 molecules, run 1). Darker colours
indicate deeper burial of residues.
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Run 2

Figure A.9: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Odorranain M1 molecules, run 2). Darker colours
indicate deeper burial of residues.
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Run 3

Figure A.10: Distance of each residue from the headgroups of the bottom leaflet for
AMPs with high number of contacts with lipid tails, starting from frame 40 000 (i.e.
the last 200 ns; system with 10 Odorranain M1 molecules, run 3). Darker colours
indicate deeper burial of residues.
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Abstract
Antimicrobial resistance within a wide range of infectious agents is a severe and growing public

health threat. Antimicrobial peptides (AMPs) are among the leading alternatives to current antibiot-

ics, exhibiting broad spectrum activity. Their activity is determined by numerous properties such as

cationic charge, amphipathicity, size, and amino acid composition. Currently, only around 10% of

known AMP sequences have experimentally solved structures. To improve our understanding of

the AMP structural universe we have carried out large scale ab initio 3D modeling of structurally

uncharacterized AMPs that revealed similarities between predicted folds of the modeled sequen-

ces and structures of characterized AMPs. Two of the peptides whose models matched known

folds are Lebocin Peptide 1A (LP1A) and Odorranain M, predicted to form b-hairpins but, interest-

ingly, to lack the intramolecular disulfide bonds, cation-p or aromatic interactions that generally

stabilize such AMP structures. Other examples include Ponericin Q42, Latarcin 4a, Kassinatuerin 1,

Ceratotoxin D, and CPF-B1 peptide, which have a-helical folds, as well as mixed ab folds of

human Histatin 2 peptide and Garvicin A which are, to the best of our knowledge, the first linear

abb fold AMPs lacking intramolecular disulfide bonds. In addition to fold matches to experimen-

tally derived structures, unique folds were also obtained, namely for Microcin M and Ipomicin.

These results help in understanding the range of protein scaffolds that naturally bear antimicrobial

activity and may facilitate protein design efforts towards better AMPs.

K E YWORD S

ab initio modeling, antimicrobial peptide, antimicrobial resistance, protein structure-function, struc-

ture prediction

1 | INTRODUCTION

Antimicrobial resistance within a wide range of infectious agents is a

severe and growing public threat.1 A 2013 report from the American

Centers for Disease Control estimated that over 23 000 deaths and

more than 2 million cases of infections were caused by drug-resistant

bacteria in the USA alone in 2013.2 Antimicrobial proteins and peptides

are among the leading alternatives to current antibiotics, exhibiting

activity against a wide variety of bacteria and other microbes3 and are

of particular interest since they have maintained their effectiveness

over hundreds of millions of years demonstrating that definitive resist-

ance to them is not readily acquired by bacteria. Proteins with antimi-

crobial activity typically contain fewer than 200 residues, with most

much shorter—12–100 residues—and hence are commonly known as

antimicrobial peptides (AMPs).4,5 They are produced by the immune

systems of species from all domains of life. Most of them are cationic

at physiological pH, with net positive charge ranging from 12 to 19,

and hydrophobic with an amphipathic structure.6 Another property
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important in targeting bacterial membranes is amino acid composition.

Trp residues are frequently found in AMPs and multiple studies have

highlighted their importance in interactions with biological membranes.

Peptides containing only Arg and Trp residues can be highly antimicro-

bial.7 Trp residues are critical for anchoring and insertion of peptides

into the membrane8,9 and their removal can have drastic effects on the

antimicrobial activity of peptides.10 Simulations have been used exten-

sively to probe these interactions.11 Trp is stabilized by hydrogen bond

interactions with water molecules and headgroups at the interface.12,13

However, the Trp residues can equally easily lie inside the membranes

where their bulky sidechains can disrupt the packed lipid chains.8 Simi-

lar behavior is also seen for Tyr and to some extent for Phe side

chains.14,15 It is common to see the insertion of Trp residues in efforts

to design AMPs.16,17

AMPs can contain secondary structures of all kinds—helices,

b-sheets, extended, and loop regions. Generally, AMPs can be divided

in 4 structural groups: a, b, ab, and non-ab.18 The most abundant

structural group of AMPs are amphipathic a-helices, followed by ab

and all-b structures.19,20 Aside from short, linear a-helical peptides,

more complex all-a folds have also been found. These include helix

hairpins and helical bundles, commonly found in class II bacteriocins

such as the well-known food preservative nisin. AMPs with ab struc-

ture often have disulfide bonds, such as those seen in plant defensins’

cysteine-stabilized ab (CSab) motif. All-b AMPs have structures com-

prised of multiple b-strands, for instance a simple b-hairpin stabilized

by a circular backbone and disulfide bonds (as seen in u-defensins of

non-human primates) or the cysteine-stabilized triple-stranded b-sheet

seen in human defensins. Unlike conventional antibiotics, which gener-

ally target metabolic enzymes, AMPs act mainly by membrane-

targeting mechanisms and are selective due to the difference in charge

of prokaryotic and eukaryotic cell membranes. Furthermore, AMPs

have faster antimicrobial activity than conventional antibiotics.21,22

Generally speaking, AMPs can be divided into two mechanistic classes:

membrane disruptive and non-membrane disruptive (acting on intracel-

lular targets). Disruption of the negatively charged prokaryotic mem-

brane is the predominant mode of action of AMPs, with three main

mechanisms proposed: the barrel stave, toroidal, and carpet model.23,24

AMPs have therapeutic potential as bioactive coatings for needles,

catheters, implants, surgical tools, bandages, and even contact lenses.

However, only a few have been approved for clinical use, and only for

topical application, mainly due to their toxic properties.25,26 The main

difficulty in AMP drug development is our lack of understanding of

modes of action.27 The availability of structural information is crucial in

facilitating AMP design efforts to predict, understand and implement

knowledge-based enhancement of activities yet the pace of structural

determination lags far behind AMP discovery: currently, there are over

2000 AMP sequences known, but only about 10% of them are struc-

turally characterized. Researchers have used different methods in order

to optimize antimicrobial activity on known protein scaffolds. Quantita-

tive structure-activity relationship (QSAR), Regression models and

Machine Learning approaches such as Artificial Neural Network (ANN),

Support Vector Machine (SVM), Random Forests (RF) and Hidden Mar-

kov Models (HMM) are some of the approaches employed.28,29 How-

ever, most of these studies are sequence-based, and design efforts

based on the structural properties of more complex folds, such as stud-

ies on b-hairpins by Edwards et al.30 or Yang et al.,31 are less common.

Notably, sequence information on its own is not sufficient to determine

relevant properties of folds, such as the amphipathicity or dipole

moment of the molecule.

Due to coevolution with pathogens, AMP sequences are excep-

tionally diverse.32 AMP genes have been found to evolve rapidly in

both vertebrates and invertebrates as a result of rapid gene duplication,

diversification, and positive selection. This has been documented for

mammal, bird, amphibian, and insect AMPs. Positive selection in AMPs

seems to be highest immediately after gene duplication, although there

could be a limit on observing high number of nonsynonymous substitu-

tions in distantly related sequences.33 It is known that AMP and

immune genes evolve much faster than non-immune genes34,35 with

other work showing that AMPs can evolve 3 times faster than other

proteins.36 Due to this rapid evolution, reconstruction of the evolution-

ary history of AMPs can be a challenging task.37 Moreover, this limits

the possibilities and scope of homology modeling that can be per-

formed for known sequences: not only is the number of available tem-

plates limited (see above) but evolutionary relationships between

targets and templates are often hard to discern. In such cases, where

no experimentally solved homologous structures exist, or exist but can-

not be identified, models have to be constructed from scratch by per-

forming ab initio modeling. Successful ab initio modeling of proteins

without structurally characterized homologs with RMSD values around

2–5 Å has been reported for sequences shorter than 100–120

residues,38–40 with the most recent CASP free modeling experiments

showing this limitation to be at 150 residues.41,42 AMPs are generally

small in size which makes them particularly suitable for ab initio model-

ing. Furthermore, they often contain disulfide bonds which, if their con-

nectivity can be predicted, provide valuable additional data to guide

modeling. Most often, cysteines in extracellular proteins come in even

numbers.43 In an overview of disulfide-containing AMPs, Lehrer44 dis-

cusses peptides with intermolecular as well as intramolecular disulfide

bonds. AMPs with one cysteine are quite rare and have been found to

form hetero- or homodimers. While redox status is known to have an

effect on antimicrobial activity,45,46 Lehrer’s overview44 does not give

examples of AMPs containing two reduced cysteines. Interestingly,

when its cysteines are reduced by the host, human antimicrobial pep-

tide b-defensin 1 shows increased activity.46

Here, we carry out a large scale ab initio modeling of the structures

of structurally uncharacterized AMPs with Rosetta47 aiming to improve

our understanding of the AMP structural universe. Although it is well-

known that membrane-active AMPs can undergo structural changes

when adopting a functional conformation at the membrane,48 predic-

tion of structures in aqueous solution can be expected to illuminate

non-obvious evolutionary relationships and shed light on structural

determinants of initial membrane interaction. We assembled a protocol

to create a representative set of AMP sequences which have no pre-

dicted homologs of known 3D structure, and predicted disulfide bonds

in order to facilitate their modeling. Following ab initio modeling, we

tested their stability, compared their 3D structures against character-

ized AMPs and found fold matches as well as several unique folds.
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2 | MATERIALS AND METHODS

2.1 | Sequence assembling and processing

Sequences longer than 20 and shorter than 120 amino acids were col-

lected from UniProt49 and APD219 on 17 March 2015. APD2 was cho-

sen from the several AMP databases available since it is manually

curated, and comparatively large and up-to-date. The UniProt release

at the time was 2015_03. Sequence redundancy was reduced to a

threshold of 45% using CD-HIT50 and its global alignment option.

HHpred51 was used to detect sequences with structurally characterized

homologs in the PDB70 database as at 6 September 2014. PDB70 is a

version of PDB that is redundancy-reduced to 70% sequence iden-

tity.52 Upon inspection of the results, three conditions were required

to be satisfied before a given AMP would be considered to have a

homolog: (1) HHpred fold match probability higher than 90%, (2) align-

ment coverage of query sequence higher than 40%, and (3) absence of

any mismatch greater than 2-fold in length of query and hit. Sequences

with >35% residues with a IUpred53 score of 0.5 or above were con-

sidered to be intrinsically disordered AMPs. Since ab initio modeling is

not suitable for these proteins, they were not considered further.

2.2 | Disulfide prediction, ab initio modeling, ab initio

benchmarking and clustering

Disulfide bond predictions were made using Disulfind, Dianna, and

Dinosolve.54–56 Disulfind and Dianna were run at their respective serv-

ers while Dinosolve was run locally (and used the nr database57 from

17 March 2015 and PSI-BLAST v.2.2.2658). Consensus predictions

deriving from 2 independent methods were obtained: there were no

cases where all three programs agreed on all disulfides. For AMPs with

2 cysteines, it was assumed that the disulfide bond exists.44 For those

AMPs with 3 or 4 cysteines, we ran Rosetta47 modeling with all possi-

ble combinations. AMPs with 5 and more cysteines were run with any

consensus and without disulfide constraints. It should be noted, how-

ever, that although intermolecular disulfide bonds in AMPs are consid-

ered to be rare,59 peptides with odd number of cysteines, could form

dimers or oligomerize, such as recently seen in rodent a-defensin-

related AMPs.60

Ab initio modeling of 184 AMPs was performed with Rosetta soft-

ware using the fix_disulf and relax flags. Use of the nohoms flag

to exclude homologous fragments was unnecessary since modeling

was only done for targets which HHpred bore no obvious homology

with PDB entries. Where an AMP target contained a modified amino-

acid, it was modeled using the natural, unmodified version. Where the

predicted structure for such an AMP proved to be of interest, the likely

consequences of the unmodeled modification were considered later.

For each AMP, 1000 models were made. Models defined as successful

by Rosetta (meaning they passed the filters that eliminate models with

non-protein like features) were clustered into 10 groups using SPICKER

v. 2.061 in order to identify the likely near-native structure for each

AMP. Larger and more homogeneous clusters indicate more reliable

fold candidates. We performed Rosetta benchmarking on AMPs of

known structure (fold matches of our modeled AMPs, see Tables S1-S3

and Figures S1-S3) to detect a threshold value for cluster size to refer

to when inspecting our models. For the benchmarking, the nohoms

flag was used when running Rosetta in order to exclude fragments

from the target and homologous structures. We chose to include mod-

eled structures where the largest cluster size was at least 25% of the

total number of successfully modeled structures. However, structures

with lower percentages were scrutinized and considered if the cent-

roids of three largest clusters had similar folds (Figures S4-S7).

2.3 | Fold matching and visual representation of

matches

We assembled a database of experimentally solved AMP structures to

compare models against. To ensure that we collected as many struc-

tures as possible, PDB codes were collected from both APD2 and Uni-

Prot in the following manner: first, an APD2 (March 2015) search was

run with filter Original Location: PDB, which resulted in 229 PDB entries.

Then, a UniProt (April 2015) search was run with keywords keyword:

“Antimicrobial [KW-0929]” annotation:(type:peptide) database:(type:pdb).

The results of this run were additionally filtered: only one PDB structure

was taken for each UniProt entry, prioritized such that: (1) an X-ray

structure was chosen if possible, (2) the X-ray structure with the highest

resolution and matching start and end positions, compared to the AMP,

was used, (3) if an X-ray structure was not available, the first NMR

structure to match the start and end residue was chosen, and (4) the

first chain was chosen. Structures with non-matching start and end resi-

dues were omitted if the mismatch was greater than 5 amino acids.

For each modeled AMP, a structure similarity search was carried

out with GESAMT62 to compare the three largest clusters’ centroid

models against the local database of AMP experimental structures. The

results were then filtered so that only those modeled structures meet-

ing all of the following conditions were left: (1) Q-score (a measure of

structural similarity ranging from 0 to 1)�0.3, (2) query (AMP model)

sequence length<1.5 3 match (experimental structure) sequence

length, that is, query can’t be more than 50% larger than match, (3)

match sequence length <1.5 3 model sequence length, that is, match

cannot be more than 50% larger than query, and (4) number of aligned

residues �0.7 3 query sequence length, that is, the alignment covers

at least 70% of the query. Additionally, after filtering out results, fold

matches were inspected manually: a model was considered to have a

fold match if the number and type of secondary structure elements

was similar. Ab initio models with tertiary structure matching at least

one of the top 3 filtered fold matches were considered further.

In order to visualize the structural similarity, GESAMT was run in

all-vs-all fashion on a set of AMPs from the PDB90 and matching mod-

eled structures. The resulting similarity matrix was used as input for

CLANS software63 to cluster the structures. The CLANS software was

used to visualize clusters of modeled structures of AMPs and the

matching folds in the PDB,52 56 structures in total. 100 152 rounds of

convex clustering using a value of 0.4 for standard deviation cutoff and

requiring a minimum of 2 sequences per cluster initially clustered 49

out of 56 structures into eight clusters.
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Since GESAMT employs a topology-dependent algorithm we addi-

tionally used the topology-independent superposition method CLICK

to search AMP models not matching by GESAMT against the same

local database of experimentally determined AMP structures.64 Again

the results were filtered so that the query couldn’t be more than 50%

larger than the match, and the match could not be more than 50%

larger than query. For models where no matches with AMPs were

found, we ran additional CLICK database search on all protein chains

from the PDB90 (not just AMP structures) and filtered results again in

a similar manner, after which matches with Z-score values higher than

3 were taken forward. In cases where all of the Z-score values were

lower than this threshold, we lowered this value to 2. Finally, all of the

matches that were left after the filtering were visually inspected.

2.4 | Stability of peptides

Molecular Dynamics (MD) simulations were performed using the

AMBER package and AMBER FF14SB force field.65,66 Simulations with

explicit solvent were performed using TIP3P water molecules with a

12 Å buffer between peptide atoms and the edge of a rectangular box.

For each simulation, 10 000 steps of minimization were performed,

with the first 5 000 using the steepest descent algorithm followed by

5 000 steps of conjugate gradient. The system was heated to 300 K in

two steps; first heating from 0 to 100 K for 5 ps followed by heating

from 100 to 300 K for another 100 ps, both using the Langevin ther-

mostat. In the production step, we simulated the system at 300 K and

1 atm using the Berendsen barostat for 100 ns. Simulations with

implicit solvent were run for 1 ms. All simulations were run in triplicate.

For the last 50 ns of each simulation, structural alignment was per-

formed on Ca atoms of residues that formed regular secondary struc-

ture in the Rosetta model. RMSD clustering was carried out using

MMTSB Tool Set based on those Ca atoms.67 The structure closest to

the centroid model was taken as a representative for each highly popu-

lated cluster.

3 | RESULTS AND DISCUSSION

In order to select and process AMPs, a workflow was implemented

(Figure 1) to collect a non-redundant set of AMP sequences, eliminat-

ing those whose fold could be reliably inferred by homology detection

and those predicted to be largely intrinsically disordered. Ab initio mod-

eling of the resulting set, with or without predicted disulfide bonding

as an additional constraint, was carried out using Rosetta. Clustering of

the results determined candidate fold predictions, which were then

compared to known AMP structures. Due to evolutionary constraints,

protein folds can remain conserved even when there is an apparent

lack of homology.68 Similarity between our models and known AMP

structures could therefore result from distant, unsuspected homology.

Similar folds can also arise as a product of convergent evolution; the

best example among AMPs are defensins, which are taxonomically

widespread over insects, mammals and plants,69,70 and are found to

adopt a variety of folds such as b-sheets (triple-stranded b-sheet of

Human Neutrophil a-defensin HNP-3 is an example), cyclic backbone

FIGURE 1 Bioinformatics pipeline used in this work. It leads from
searches of sequence databases through representative set of
structurally obscure AMPs to fold predictions and matches [Color
figure can be viewed at wileyonlinelibrary.com]
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b-hairpins (u-defensins), and cysteine-stabilized ab (CSab) fold (com-

monly found in plants, fungi, and invertebrates). Indeed we found likely

examples of both divergent and convergent evolution, as well as novel

folds, strongly predicted, not hitherto associated with AMP activity.

After collecting AMPs from APD219 and UniProt,49 elimination of

identical sequences resulted in an initial count of 2131. CD-HIT50 was

used to further reduce this number and create a representative set

with shared pairwise sequence identity of no more than 45%. 585

AMPs were then analyzed with HHpred51 in order to discard AMPs

with possible structural homologs, which left us with 235 peptides (see

Methods for criteria). Furthermore, intrinsically disordered sequences

were discarded and disulfide bridges were predicted in those peptides

containing three or more cysteines. We proceeded with Rosetta ab ini-

tio modeling for 184 peptides, after which clustering of successful

models was performed. Finally, a GESAMT62 database structural simi-

larity search was run on centroid models of three largest clusters for

each AMP in order to obtain fold matches with experimental structures

of AMPs from the PDB database.52

Psipred secondary structure prediction for 184 AMPs predicted

50.54% of peptides to have all-a structure, 33.7% to have mixed a and

b, 15.22% to have all-b structure, and 0.54% to adopt a coil conforma-

tion.71 Our set of 184 sequences contains some peptides with more

than one pair of cysteines. For this subset, modeling was undertaken

with different combinations of disulfides (see Methods), so that the

overall number of modeling attempts grew from 184 to 216.

The reliability of our models was assessed based on the size of the

largest cluster, and using the results of a benchmarking exercise in

which structurally characterized AMPs were modeled ab initio (see

Tables S1-S3 and Figures S1-S3). This revealed that, even without the

use of disulfide contact information, the largest cluster usually pre-

dicted the fold correctly. Furthermore, the isolated failure (1CZ6) was

distinguished by smaller largest cluster size. Where the largest cluster

size exceeded 25% of the total models, that cluster always had the cor-

rect fold and so this was the major criterion used to judge the modeling

results. Among 216 modeling runs, 48% of peptides had largest cluster

containing less than 25% of the total number of successful models,

20% of peptides between 25 and 39% of the total, 10% of peptides

between 40 and 49% and 22% had largest cluster containing between

50 and 100% of the total number of successful models (Figure 2). All-a

structures were predominant in the most reliably modeled categories

(Figure 2). This meant that, initially, 52% of structures were taken as

reliable. Where the largest cluster was not larger than 25%, a compari-

son of the top, second and third largest cluster centroids was carried

out. In two cases where these matched visually, the prediction was also

considered of interest.

3.1 | Visual representation of fold matches

Modeled structures that matched AMP folds in the PDB were clustered

using CLANS63 in a semi-automated manner along with the corre-

sponding fold matches (31 models and 25 fold matches making a total

of 56 structures). Several modes of clustering were trialled but none

proved capable of results that were fully in accord with expert assign-

ment based on visual examination. For example, proteins with mixed

ab topologies sometimes allied more closely with b-hairpins, through a

good fit of that portion, rather than with proteins with the same ab

overall topology but more poorly matching b-structure. Therefore,

some manual (re)assignments were made to fine-tune an initial cluster-

ing of 8 groups for presentation purposes (Figure S8) and for discussion

below. Three clusters contained b-hairpins and were combined and

joined with a single modeled b-hairpin structure (Odorranain M1,

AP01300)72 left unassigned by the original clustering. One experimen-

tal structure (Mytilin B, PDB code 2EEM)52 from this group was reas-

signed to a group of two combined clusters containing abb folds

joined by two modeled structures left unassigned, one abb (Garvicin A,

AP02402)73 the other bab (Rattusin, AP02178).74 Four helix hairpins

that were left unassigned, namely experimental structures of Sublancin

168 (PDB code 2MIJ), Thurincin H (2LBZ), Thuricin CD (2L9X), and

EcAMP1 (2L2R),52 were joined with two clusters containing a contin-

uum of v-shaped, helix-kink-helix and helix hairpin structures. As a

result, the structures were finally clustered into the four groups shown

in Figure S8: (1) v-shaped, helix-kink-helix and helix hairpins which

form a continuum of structures shown in red, (2) abb folds and bab

folds shown in blue, (3) b-hairpins shown in magenta, and (4) helix bun-

dles shown in green. These groups contain 32, 10, 11, and 3 structures,

respectively. In Figure S8, structures with greater similarity (higher Q-

scores) are positioned at shorter separations. We next discuss the

results in each fold family.

3.2 | Fold matches

All the fold matches shown here had a Q-score �0.3 and were addi-

tionally manually screened so that matches were considered only when

the AMP model and the experimentally determined matching structure

were not too dissimilar in length and aligned over a majority of the

model structure (see Methods).

FIGURE 2 Distribution of modeling jobs per number of successful
models contained in the largest cluster. Percentage of modelling
jobs with largest cluster containing 0–24%, 25–39%, 40–49%, and
50–100% of the total number of successful models is shown in
columns, while colors represent different fold classes [Color figure
can be viewed at wileyonlinelibrary.com]
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3.2.1 | Helix bundles

A single confidently modeled AMP, the bacteriocin Lacticin Q,75,76 was

predicted to fold as a helix bundle. Its ab initio modeling resulted in a

large cluster comprising more than 30% of the successfully modeled

structures, and suggested the presence of four helices, spanning resi-

dues 2–14, 16–25, 28–35, and 38–49, respectively. PSIPRED structure

prediction for Lacticin Q identified two helices (residues 4–13 and 38–

49) with high scores; and moderately high helical propensity for the

other two helices predicted by Rosetta. GESAMT resulted in only two

fold matches for our modeled structure of Lacticin Q with our local

AMP structure database: Enterocins 7A and 7B,77 both also bacterio-

cins. The fold matches had Q-scores of 0.589 and 0.558, RMSD values

of 1.8 and 1.9 Å on Ca atoms, and sequence identities of 16% and

17% for Enterocins 7A and 7B, respectively. Similarly, the Dali server78

gave Z scores of 4.4 and 4.2, a slightly higher RMSD of 1.9 and 2.3 Å

on Ca atoms and sequence identities of 16% and 19% for Enterocins

7A and 7B, respectively.

Bacteriocins are antimicrobial peptides synthesized by the ribo-

somes of a variety of bacteria (both Gram-positive and Gram-nega-

tive).79 Cotter et al.80 categorized bacteriocins into three classes: class

I, also known as lantibiotics, are post-translationally modified peptides

containing amino acids called lanthionines; class II are a heterogeneous

group of small heat-stable non-lanthionine containing peptides which

may have disulfide/thioether bonds; and class III are large, heat-labile,

lytic proteins called bacteriolysins.18 Lacticin Q belongs to class II and

shows selectivity for Gram-positive bacteria at the strain level suggest-

ing that membrane lipid composition might not be the only determinant

of its antimicrobial activity. It is also known that the peptide causes

accumulation of hydroxyl radicals.81

It has been suggested that circular bacteriocins share a common

overall structural motif of a saposin fold, that is, four helices surround-

ing a hydrophobic core, regardless of low shared sequence identity82

and our results are consistent with this (Figure 3). Tryptophan residues

are known to be involved in protein folding as well as to have a tend-

ency for burial at the bilayer interface.83,84 Another common feature of

circular and leaderless bacteriocins is the presence of solvent-exposed

tyrosine or tryptophan residues that are likely to facilitate membrane

penetration.85 A comparison of the modeled structure of Lacticin Q

with the NMR structure of Enterocin 7A showed that the aromatic side

chains located at different positions in the sequences were seen at

structurally equivalent locations in the two structures. Out of three sur-

face tryptophans in Enterocin 7A, two, namely W13 and W31, are in

close proximity and have the same orientation as seen for W23 and

W32, respectively, in Lacticin Q. Strikingly, these Trp pairs are found in

corresponding positions in 3D space despite not aligning in the

structure-based sequence alignment (Figure 3). Although Lohans

et al.77 had tentatively proposed a relationship between Lacticin Q and

Enterocins 7A and 7B, based on weak sequence similarity in the N-

and C-terminal helical regions, the striking structural similarity and

structural correspondence between likely functional aromatic residues

are strongly indicative of homology over the whole protein despite the

low overall degree of sequence identity.

Lacticin Q shows selective antimicrobial activity against various

Gram-positive bacteria. It is frequently compared to another class II

FIGURE 3 Alignments of modeled Lacticin Q and experimental structure of Enterocin 7A. A, GESAMT structure-based sequence alignment.
H above and below indicates helical residues. Symbols indicate identity (*) through decreasing levels of similarity (1, 5, –, :) to dissimilarity
(.). B, The modeled structure of Lacticin Q is shown in green, aligned with the experimental structure of Enterocin 7A (PDB code 2M5Z)
shown in cyan. N termini indicated with letter N. C, Rotated view with aromatic residues shown in stick representation. Trp residues are
labeled. Figure created in PyMol
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bacteriocin, nisin, for its nanomolar range antimicrobial activity, pore

size and ATP efflux.75,76,81,86 However, compared to nisin, lacticin Q is

a leaderless bacteriocin—the peptide is synthesized without the N-

terminal leader sequence that is otherwise removed when exporting

from cells.76,77 Lacticin Q, Enterocin 7A and 7B are unmodified leader-

less N-formylated bacteriocins that adopt helical conformations in solu-

tion. They all have an overall net charge of 16 which induces binding

to negatively charged lipids although a comparison of the electrostatic

properties of the Lacticin Q model and Enterocin crystal structures

shows no strong similarity (not shown). The authors suggest a huge

toroidal pore (HTP) model as the antimicrobial mechanism of Lacticin

Q, followed by lipid flip-flop and translocation of the peptide to the

inner membrane leaflet.76,77

While this manuscript was in preparation, an NMR study of the

Lacticin Q structure was published by Acedo et al.87 The RMSD of the

Ca atoms between our model and the NMR structure is 2.69 Å, while

RMSD values of the Ca atoms between structures obtained with MD

and the NMR structure range from 2.97 to 4.57 Å (Figure S9). The

NMR model experimentally validates our model.

3.2.2 | b-hairpins

Three confidently modeled AMPs, Lebocin Peptide 1A,88 Odorranain

M172 and Silkworm 001 (unpublished; APD identifier 01974), were

predicted to fold as b-hairpins (Table 1). The three models resulted in

large clusters of 50%, 29%, and 38% of the successfully modeled struc-

tures, respectively, and their reliability was further tested by running

100 ns simulations in explicit solvent and performing clustering as

described in Methods section. Structure representatives of highly

populated clusters superimposed in Figure S10 show the stability of

modeled folds in solvent.

With the reliability of our models confirmed, we compared their

properties with those of the fold matches (Table 1), and other AMPs

with experimentally determined hairpin structures. The simplest

b-sheet structure is the b-hairpin fold, a structure comprised of two

anti-parallel b-strands and a b-turn. Fold matches in this group have

specific structural features stabilizing the structures such as disulfide

bonds or aromatic residues, the latter being necessary for aromatic

stacking or cation-p interactions. Examples of b-hairpins include both

u-defensins and structures with linear backbones, such as protegrins,

thanatin, gomesin, tachyplesins, polyphemusins, and arenicins.89

Among the PDB fold matches to these 3 peptides, we find three

u-defensins: BTD-2, RTD-1, and HTD2 (Retrocyclin-2).90 These are

backbone cyclic b-hairpin AMPs containing three parallel disulfide bonds

also known as the cystine ladder motif. A study on 18 residue long

BTD-2 u-defensin analogues by Conibear et al.90 showed that a cyclic

backbone appears to be essential for membrane activity resulting in anti-

bacterial effects, as was also reported earlier by Tang et al.91 for RTD-1

u-defensin. However, the disulfide bonds have been shown to be essen-

tial for stability of these AMPs, as well as for resistance to the action of

proteolytic enzymes.90,92 Disulfides can be either essential and dispensa-

ble for the activity of b-hairpins: Protegrin-1 was as active in linear form

as in cyclic,93,94 while reducing disulfides in Arenicin-1 led to decreased

activity.95 Interestingly, it has been shown by Ma et al.96 that disulfides

were not only dispensable for Thanatin activity and toxicity, but that the

secondary structure was maintained in their absence as well.

The other fold matches are b-hairpins with linear backbones:

Androctonin (PDB code 1CZ6), Tachyplesin I (1WO1) and pLR

(2M3N).52 Androctonin and Tachyplesin I show sequence similarities

and both contain two disulfide bonds with the same connectivity: 1–4,

2–3. Even though they are both active against Gram-positive and

Gram-negative bacteria, Hetru et al.97 suggest that a proper compari-

son of their modes of action cannot be made due to the different num-

ber of residues separating the cysteines. While Matsuzaki et al.98

hypothesized that Tachyplesin I forms anion-selective pores and trans-

locates, Androctonin seems to act via a detergent-like mechanism.97

pLR b-hairpin fold match is a peptide with a linear backbone which has

one disulfide and flexible terminal regions. It is likely that, as with other

peptides, pLR forms oligomers in solution whose large size prevents

effective traversing of the membrane in Gram-negatives.99

A recent review by Panteleev et al.89 classified b-hairpins into sub-

groups by the number of disulfides but did not report any AMPs with-

out this feature. Interestingly, none of our modeled structures contain

intramolecular disulfides (Figure 4)—they are the first reported

b-hairpins lacking disulfide bonds. Although a Conibear et al. study90

on BTD-2 cyclic hairpin analogues speculates that the absence of disul-

fide bonds places a limit on the lengths of b-hairpin structures, our

models suggest otherwise. Tachyplesin analogs including replacements

TABLE 1 Fold match results for b-hairpin modeled AMPs

Modeled AMP and the
corresponding APD2 IDs C1 size % Fold matches

Fold matches’ corresponding
PDB and APD2/UniProt IDs Identity %

Lebocin Peptide 1A (AP00030) 50 RTD-1
BTD-2
Retrocyclin-2

2LYF_A, AP00445
2LYE_A, AP00156
2LZI_A, AP01208

11
6
0

Odorranain M1 (AP01300) 29 Androctonin 1CZ6_A, AP00153 5

Silkworm 001 (AP01974)a 38 BTD-2pLR
Tachyplesin I

2LYE_A, AP00156
2M3N_A, Q90WP7
1WO1_A, AP00214

6
0
13

Identity percentages were obtained through GESAMT. C1 size %—size of the largest cluster compared to the overall number of models.
aData unpublished.
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of Cys residues with Tyr, Phe, or Ala maintain the fold as a result of

aromatic stacking,100 but our peptides are not spatially constrained by

aromatic interactions either.

In order to assess how unusual the absence of disulfides in an

AMP b-hairpin is, the PDB was mined using the mmCIF Keyword

Search (Classification) “antimicrobial” and the hits were scanned visually

for structural similarity. Shown in Figures S10D and S10E are 2 “b

hairpin-like” AMPs that were found: entries 2LM8 (Cysteine Deleted

analog of b-hairpin AMP Tachyplesin I in LPS, CDT-LPS)101 and 2MQ4

(R11 peptide bound to LPS).102 Both AMPs are of synthetic origin and

very short, with 13 and 11 residues, respectively. CDT-LPS retains a

b-hairpin-like structure due to cation-p interactions between residues

W2 and R11, but such interactions are not present in our modeled

AMPs. RR11 is an N-terminal truncated variant of Cys deleted

protegrin-1, CDP-1. Both CDT-LPS and R11 are largely unstructured

when free in aqueous solutions. NMR experiments of CDP-1 bound to

LPS showed aromatic interactions. While the structure of RR11 bound

to LPS somewhat resembles our b-hairpins, it lacks the characteristic

hydrogen bonds to form the overall b-hairpin structure and is almost

half the size of our modeled b-hairpins.

Since there are no intramolecular disulfides, cation-p or aromatic

interactions to keep these structures stable, we looked for hydrogen

bonds in the set of trajectory snapshots on which RMSD clustering

was performed. Our Rosetta model of Lebocin Peptide 1A88 showed

two b-strands extending from residues 7 to 10 and 14 to 17. This fea-

ture was commonly present during the trajectory. For example, two

hydrogen bonds between residues Phe8 and Thr16 were present

�81% and �63% of the time. Similarly, the Odorranain M1 hairpin72

has residues 2–4 and 14–16 in the b-strand conformation. Here, two

hydrogen bonds between Ala3 and Arg15 were present �75% and

�53% of the time. Finally, the Silkworm 001 AMP (unpublished; APD

identifier 01974) Rosetta model showed two b-strands extending from

residues 8 to 11 and from 14 to 17. Two hydrogen bonds between Ile9

and Tyr16 were present �95% and �86% of the time, and two hydro-

gen bonds between Ala11 and Tyr14 were present �76% and �74%

of the time. Together, these findings suggest that LP1A and

Odorranain-M1 are the first b-hairpin folds lacking intramolecular disul-

fide bonds, cation-p or aromatic interactions reported so far, stable

only due to hydrogen bonding.

Although the b-fold and charge both appear to be key determi-

nants of antimicrobial activity, their relative importance is not clear. For

example, Mohanram and Bhattacharjya102 associate the loss of charge

associated with truncating the RGGR N-terminus in RR11 with the

attenuation of activity rather than the loss of b-strands. However,

Mani et al.103 find for Protegrin-1 mutants that the b-hairpin fold is

more important for activity than the cationicity.

Experimental structures of CDT-LPS and R11 peptides both have

significant positive charge spatially arranged on one face of the mole-

cule (Figures S11A and S11B). However, this feature was not seen in

our modeled peptides. Silkworm 001 has a single negative charge at its

C-terminus tail, and the overall charge of the molecule is zero. Odorra-

nain M1 and Lebocin 1A are positively charged but, in contrast to the

crystal structures, cluster positively charged residues (4 of 5 or 3 of 5,

respectively) at one end, toward the bottom in the orientation shown

in Figures S11C and S11D. However, it must be noted that these

regions are very flexible and are therefore less reliably predicted.

FIGURE 4 Rosetta models of AMPs aligned with their fold matches. A, Lebocin Peptide 1A (green) vs. RTD-1 (PDB code 2LYF, shown in
cyan), BTD-2 (2LYE, magenta), and Retrocyclin 2 (2LZI, purple), B, Odorranain M1 (green) vs. Androctonin (1CZ6, cyan), and C, Silkworm
001 vs. BTD-2 (2LYE, cyan), pLR (2M3N, magenta) and Tachyplesin I (1WO1, purple). Disulfide bonds are shown as sticks in blue, pink, and
purple, respectively. Alignments were made in GESAMT. b-hairpin-like structures shown in ribbon representation: D, CDT-LPS peptide
(2LM8) featuring cation-p interaction between Trp2 and Arg11 (shown as sticks) and E, R11 peptide bound to LPS (2MQ4) with putative
hydrogen bond within the b-turn. b-turns are shown in blue [Color figure can be viewed at wileyonlinelibrary.com]
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Finally, Panteleev et al.89 report that among several insect AMPs,

only 1 was found to adopt a b-hairpin conformation. This was Thana-

tin, derived from the spined soldier bug Podisus maculiventris. Here, we

predict that both insect peptides, Lebocin Peptide 1A (LP1A) and Silk-

worm 001, are also b-hairpins.

3.2.3 | abb and bab folds

This group contains three confidently modeled AMPs. Human Histatin

2104 and Garvicin A73 were predicted to have abb folds, while for Rat-

tusin,74 a bab fold was predicted. The first largest cluster for Human

Histatin 2 peptide contained 35.4% of the total number of models but

fold matches were found for the centroid structures of the second and

the third largest clusters only. Nevertheless, the centroid structure of

the largest cluster is highly similar to that of the second, and since the

third cluster centroid has particularly pronounced secondary structure

elements, this model was taken forward as a representative structure

(Figure S4). Garvicin A modeling resulted in a small top cluster relative

to the number of successfully modeled structures, and Rattusin fold

was on the lower limit of 25% (Table 2, see Methods). Upon inspection

of centroids of the remaining two largest clusters for Garvicin A and

Rattusin, we found that these models displayed similar structures, con-

firming their reliability. In addition, we tested the stability of our mod-

eled Rattusin fold by running 100 ns Molecular Dynamics simulations

in explicit solvent and performing clustering as described in Methods

section. Structure representatives of highly populated clusters superim-

posed are shown in Figure S12.

Human Histatin 2, similar to its fold matches Termicin (PDB code

1MM0) and AgaDef (2NY8) (Figure 5A),52 shows antifungal activity.

However, unlike the modeled peptide, its fold matches have three

disulfide bonds: starting from the N-terminus, the first one is formed

between the helix and first b-strand Cys residues, and the second and

the third disulfide bonds are formed between the helix and second

b-strand Cys residues.

The second modeled structure in this group is Rattusin, an

a-defensin-related peptide with 5 cysteines. The peptide was modeled

without disulfide constraints as there was no consensus on connectiv-

ity (see Methods). Here, we predict a bab fold which matches the abb

folds such as found in Palicourein (1R1F) and Cycloviolacin (1NBJ),

AMPs with circular backbones, as well as Charybdotoxin (2CRD), a

gamma-motif peptide targeting K1 channels (Figure 5B).

Disulfide bonds formed by Rattusin have been a subject of dis-

cussion. Whilst the newest NMR study by Min et al.60 shows

refolded Rattusin forming homodimers, each protomer being a

b-hairpin, stabilized by five intermolecular disulfide bonds, Patil

et al.74 suggested that an odd number of cysteines may result in a

fraction of Rattusin peptide forming dimers or multimers, which can

TABLE 2 Fold match results for abb and bab AMPs

Modeled AMP and the corresponding
APD2 or UniProt IDs C1 size % Fold matches

Fold matches’ corresponding
PDB and APD2/UniProt IDs Identity %

Human Histatin 2 (AP00799) 8a Mytilin B
Termicin
AgaDef

2EEM_A, AP00333
1MM0_A, AP00403
2NY8_A, AP01363

8
4
0

Rattusin (AP02178)b 25 Palicourein
Charybdotoxin
Cycloviolacin

1R1F_A, AP01034
2CRD_A, AP00437
1NBJ_A, AP01035

0
11
14

Garvicin A (AP02402) 17 Mytilin B
Termicin
Eurocin

2EEM_A, AP00333
1MM0_A, AP00403
2LT8_A, AP02119

6
0
9

Identity percentages were obtained through GESAMT. C1 size %—size of the largest cluster compared to the overall number of models.
aC3 size %.
bModeled structure matching an experimental structure with different topology.

FIGURE 5 Rosetta models aligned with their fold matches. A, Human Histatin 2 peptide (green) aligned with Mytilin B (PDB code 2EEM,

shown in cyan), Termicin (1MM0, magenta) and AgaDef peptide (2NY8, purple), B, Rattusin (green) aligned with Palicourein (PDB code
1R1F, shown in cyan), Charybdotoxin (2CRD, magenta), and Cycloviolacin (1NBJ, purple) peptides, and C, Garvicin A (green) aligned with
Mytilin B (2EEM, cyan), Termicin (1MM0, magenta), and Eurocin (2LT8, purple) peptide. Disulfide bonds are shown as sticks in blue, pink,
and purple, respectively. Alignments were made in GESAMT [Color figure can be viewed at wileyonlinelibrary.com]
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in turn enhance its antibacterial effects. However, the peptide

remains active even with the disulfides reduced, justifying a predic-

tion of monomeric structure as performed here. It is well known that

disulfide reduction can have a wide spectrum of effects from

enhancement to total loss of activity (as seen in a and b-defensins,

and u-defensins, respectively), alteration of selectivity (as seen in

cryptidin-related sequences) and so forth.46,74,91,105

Class II bacteriocins are a heterogeneous group of small heat-

stable non-lanthionine containing peptides. One of the four modeled

abb folds with positive fold matches in the PDB was Garvicin A73 iso-

lated from Lactococcus garvieae, a class II bacteriocin. Although model-

ing produced a comparatively small largest cluster, the largest four

clusters contained the same overall fold and exhibited pairwise RMSD

on Ca atoms of 2.5 Å at most (Figure S5). These considerations suggest

a reliably predicted fold. Garvicin A shares a similar fold with several

cysteine-rich proteins and defensins, namely Mytilin B (PDB code

2EEM), Termicin (1MM0), Eurocin (2LT8), DEF-AAA (2NY8), Micasin

(2LR5), and MGD-1 (1FJN) (Figure 5C).

Compared to Garvicin A, which is active only against L. garvieae

strains, its fold matches are active against a wide spectrum of Gram-

positive, Gram-negative bacteria and fungi. Interestingly, while Garvicin A

has no cysteine residues, its matches are cysteine-rich peptides with 3 or

4 disulfide bonds stabilizing the structures. We mined the PDB with

mmCIF Keyword Search (Classification) “antimicrobial” to see whether

there was an abb fold entry that didn’t contain disulfides. Out of 339

structures, there was only one abb AMP without disulfide bonds, namely

Subtilisin A (1PXQ). This structure has a cyclized peptide backbone (with

an amide between the N- and C-termini) and D-amino acids which have

unusual sulfur to Ca cross-links. This suggests that Garvicin A and Human

Histatin 2 are the first linear abb fold AMPs lacking disulfide bonds.

3.2.4 | Helix-break-helix and helix-kink-helix continuum

By far the largest group of folds obtained was a continuum of v-

shaped, helix-turn-helix and helix hairpins (Figure 6 and Table 3).

Attempts to consistently subdivide these into separate helix-break-

helix (containing helix-hairpins and v-shaped structures) and helix-kink-

helix groups (Figure 6), were unsuccessful.

For all of the structures in this group, the largest cluster contained

high percentages of the total number of models, except for Andropin

and Hymenochirin 2B. For these two peptides, we inspected the cent-

roid structures of the remaining two largest clusters and found them to

be similar to the largest cluster’s centroid, which gave us confidence

that all folds are modeled correctly. The stability of selected folds was

tested by running 100 ns simulations in explicit solvent and performing

clustering as described in Methods. Structure representatives of highly

populated clusters superimposed are shown in Figure 7.

All of the peptides were modeled as monomers, including Cyn-

thaurin peptide, which contains a single cysteine residue.106 Cynthaurin

is believed to predominantly form homodimers: however, both mono-

mer and dimer are active against bacteria, whilst the monomer is non-

hemolytic. Cynthaurin, along with Ponericin Q42107, Ceratotoxin D,108

and CPF-B1 peptides,109 shown in Figures 7A, 7D, and 7E, respec-

tively, has a helix-hairpin fold. Although the orientation of helices fluc-

tuated somewhat, they were stable throughout the simulation (Figure

7). Latarcin 4a110 (Figure 7B) showed 2 stable conformations, a single

a-helix and a helix-break-helix fold. Interestingly, the short N-terminus

helix of Kassinatuerin 1 peptide111 (Figure 7C) rapidly unfolded in solu-

tion, while the C-terminal helix remained stable.

Helix-hairpins are formed by two antiparallel a-helices connected

by a loop (Figure 6A). The helices interact through hydrophobic side-

chain interactions at the interface. V-shaped structures can be defined

as either: (1) two non-parallel a-helices whose angles intersect at

angles from around 458 to 1208 connected with a loop region (Figure

6B, bottom panel) or (2) a helical structure extending throughout the

peptide but containing a kink. Usually, cationic peptides longer than

�20 amino acids contain a flexible hinge in the middle part promoted

by helix-breaking residues such as glycine and/or proline.112

FIGURE 6 Simple helical folds. A, Helix-hairpins Ceratotoxin D
and its fold match Thurincin H (PDB code 2LBZ), B, Helix-kink-
helix Hymenochirin 2B and its v-shaped helix-break-helix fold
match Latarcin 2a (PDB code 2G9P). Modeled structures are shown
in green and the corresponding fold matches are shown in cyan
[Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 7 Stability of helical folds. A, Ponericin Q42, B, Latarcin
4a, C, Kassinatuerin 1, D, Ceratotoxin D, and E, CPF-B1 peptide.
Structure representatives of the last 50 ns of triplicate experiments
are shown superimposed and color coded from N (blue) to C termi-
nus (red). Rosetta model is shown in grey. Structures were aligned
with Theseus [Color figure can be viewed at wileyonlinelibrary.
com]
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TABLE 3 Fold match results for helix-break-helix and helix-kink-helix continuum of structures

Modeled AMP and the corresponding
APD2 or UniProt IDs C1 size % Fold matches

Fold matches’ corresponding
PDB and APD2/UniProt IDs Identity %

Citropin 2.1.3. (AP00639) 46 EcAMP1
Thuricin CD
Sublancin 168
Maximin 4

2L2R_A, AP01760
2L9X_A, AP01570
2MIJ_A, AP01606
2MHW_A, AP00061

12
8
4
5

Grammistin Gs A (P69845) 52 Maximin 4
Ltc2a

2MHW_A, AP00061
2G9P_A, AP01011

12
4

Andropin (Q8WSV4) 17 EcAMP1
Sublancin 168
Thuricin CDhIAPP

2L2R_A, AP01760
2MIJ_A, AP01606
2L9X_A, AP01570
2L86_A, AP02196

0
4
4
3

Casocidin I (P02663) 27 Thurincin H
EcAMP1

2LBZ_A, AP02394
2L2R_A, AP01760

7
0

Dermaseptin 8 (P84928) 65 Thuricin CD
EcAMP1

2L9X_A, AP01570
2L2R_A, AP01760

15
0

Ctri10033 (P0DME4) 69 Ltc2a
Maximin 4
Fowlicidin 1

2G9P_A, AP01011
2MHW_A, AP00061
2AMN_A, AP00557

0
10
13

Ponericin Q42 (AP02435) 29 Thuricin CD
EcAMP1
Maximin 4

2L9X_A, AP01570
2L2R_A, AP01760
2MHW_A, AP00061

4
4
15

Latarcin 4a (AP01014) 56 Ltc2a
Fowlicidin 1
Maximin 4

2G9P_A, AP01011
2AMN_A, AP00557
2MHW_A, AP00061

22
8
6

RV 23 (AP01264) 78 Ltc2a
Maximin 4

2G9P_A, AP01011
2MHW_A, AP00061

20
11

Lycotoxin I (AP00516) 91 EcAMP1
Ltc2a
Maximin 4

2L2R_A, AP01760
2G9P_A, AP01011
2MHW_A, AP00061

4
20
14

Kassinatuerin 1 (AP00556) 64 Maximin 4
Thurincin H

2MHW_A, AP00061
2LBZ_A, AP02394

6
0

Ceratotoxin D (AP00417) 65 Thurincin H
Sublancin 168
Thuricin CD
EcAMP1

2LBZ_A, AP02394
2MIJ_A, AP01606
2L9X_A, AP01570
2L2R_A, AP01760

0
0
8
3

Pilosulin 5 monomer (AP00893) 88 Thurincin H
Sublancin 168
EcAMP1hIAPP

2LBZ_A, AP02394
2MIJ_A, AP01606
2L2R_A, AP01760
2L86_A, AP02196

4
4
3
3

Hymenochirin 2B (AP01965) 24 Ltc2a
Fowlicidin 1hIAPP
Pardaxin P4

2G9P_A, AP01011
2AMN_A, AP00557
2L86_A, AP02196
1XC0, AP00644

33
19
8
27

Clavaspirin (AP00502) 65 Fowlicidin 1
Maximin 4
Ltc2a

2AMN_A, AP00557
2MHW_A, AP00061
2G9P_A, AP01011

20
15
18

Cryptonin (AP00722) 87 Maximin 4
Ltc2a
Fowlicidin 1

2MHW_A, AP00061
2G9P_A, AP01011
2AMN_A, AP00557

17
25
10

Ocellatin 4 (AP00894) 98 Maximin 4
Thuricin CD
Ltc2a
Fowlicidin 1

2MHW_A, AP00061
2L9X_A, AP01570
2G9P_A, AP01011
2AMN_A, AP00557

15
11
6
20

Grammistin Pp 3 (P69847) 55 Ltc2a
Maximin 4
Fowlicidin 1
Pardaxin P4

2G9P_A, AP01011
2MHW_A, AP00061
2AMN_A, AP00557
1XC0, AP00644

14
13
21
9

(Continues)
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It has been speculated that v-shaped helix-break-helix structures

with strongly amphiphilic a-helix at the N-terminus only are likely to be

functional through the carpet mechanism, while structures with N- and

C- termini that are both strongly amphiphilic are more likely to act via

the pore-forming mechanism. For the first set, helix-break-helix AMPs

with a hydrophobic gradient spanning from N- to C-terminus, it has

been suggested that the amphipathic N-terminal helix is responsible for

interaction with the membrane, while the C terminus, because of its

lack of amphipathicity, lies on the membrane and only has a minimal

interaction with it.112 For this particular type of structures, Dubovskii

et al.112 proposed molecular hydrophobic potential (MHP) plots to be

effective in sorting structures by mechanism. However, due to a lack of

experimental data on structure and mechanisms of action of helix-kink-

helix peptides, this method has not been particularly useful in gaining a

clear picture for our modeled peptides and, for now, the structure-

function relationship for these AMPs remains unclear.

3.3 | Potential novel AMP folds

The results discussed hitherto relate to fold matches between the

AMPs we modeled and others of already determined structures. This

revealed cases of likely cryptic homology, such as between Lacticin Q87

and Enterocins 7A and 7B,77 as well examples of recurrent simple folds

that are more likely to be examples of structural analogy: a b-hairpin

Lebocin Peptide 1A from a moth Manduca sexta88 and u-defensins

BTD-2, RTD-2, and Retrocyclin-2 from baboon90 would be likely exam-

ples. However, it is unlikely that currently determined AMP structures

sample all naturally existing AMP fold space. We therefore examined

results that appeared reliable, that is, with a large cluster of similar

models and which represented well-packed protein structures, includ-

ing considering whether they resembled any known folds (not just

AMPs) in a topology-independent fashion that could be seen using the

CLICK structure database search algorithm.64 Here they are dealt with

according to broad fold class and their specificities compared to those

of AMPs with similar folds.

3.3.1 | All-b folds

A total of three all-b folds modeled (Figure 8) were scanned for fold

matches using CLICK database search. The first, Cypemycin113 (Figure

8A) is a bacteriocin active against Gram-positive bacteria. Although it

has no lanthionine bridges present, it has some of the structural fea-

tures of lantibiotics such as dehydrated amino acids, two L-allo-isoleu-

cines, and a modified C-terminal D-cysteine that forms a ring structure

with an L-cysteine. Only the disulfide bond constraint, set for the two

cysteine residues, was included in our model. Since the two modeled

isoleucines (which were modeled as the closest available representation

of L-allo-isoleucine) are solvent exposed, and the D-cysteine is the

TABLE 3 (Continued)

Modeled AMP and the corresponding
APD2 or UniProt IDs C1 size % Fold matches

Fold matches’ corresponding
PDB and APD2/UniProt IDs Identity %

CPF B1 (AP01622) 65 Maximin 4
Thuricin CD
Fowlicidin 1hIAPP

2MHW_A, AP00061
2L9X_A, AP01570
2AMN_A, AP00557
2L86_A, AP02196

23
4
10
4

Cynthaurin monomer (AP00510) 70 EcAMP1 2L2R_A, AP01760 4

Dinoponeratoxin Dq 3104 (C0HJH7) 57 Ltc2a
Thuricin CDhIAPP

2G9P_A, AP01011
2L9X_A, AP01570
2L86_A, AP02196

10
11
9

Oreoch 3 (AP2140) 42 Maximin 4
EcAMP1

2MHW_A, AP00061
2L2R_A, AP01760

4
12

Ranatuerin 4 (AP00117) 61 Maximin 4
Ltc2a
Fowlicidin 1

2MHW_A, AP00061
2G9P_A, AP01011
2AMN_A, AP00557

13
11
15

U4N938a 60 Thuricin CD
Sublancin 168
EcAMP1

2L9X_A, AP01570
2MIJ_A, AP01606
2L2R_A, AP01760

0
21
19

Identity percentages were obtained through GESAMT. C1 size %—size of the largest cluster compared to the overall number of models.
aDisulfide connectivity known.

FIGURE 8 Plausible all-b folds. A, Cypemycin (AP01632, C1%
49.0, disulfide bond formed by Cys19 and Cys22), B, Scolopendin
1 (AP02453, C1% 24.2), C, Microcin M (AP01230, C1% 15.5).
Structures were color-coded from N-terminus (blue) to C-terminus
(red). Disulfide bonds are shown in magenta. C1%—size of the larg-
est cluster compared to the overall number of models [Color figure
can be viewed at wileyonlinelibrary.com]
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terminal residue, we expect these modifications to have limited effect

on the overall tertiary structure. The largest cluster of Cypemycin pep-

tide contained 49% of the overall number of modeled structures. The

centroid structure (Figure 8A) matched other b-hairpin AMPs such as

Protegrin-2 (PDB code 2MUH), Tachyplesin I (1WO1, and wild-type

1MA2), u-defensin HTD-2 (2LZI), Thanatin (8TFV) and Polyphemusin I

peptide (1RKK), which are all, with the exception of antiviral HTD-2,

active against both Gram-positives and Gram-negatives.52 Due to strict

thresholds upon filtering GESAMT results, b-hairpin top results such as

Tachyplesin I (1WO1), Cyclic L27-11 (2M7I) and Retrocyclin-2 (2LZI)

were filtered out and so were not considered with the other b-hairpin

matches above.

Scolopendin 1114 (Figure 8B) was found to have a fold similar to

bovine neutrophil b-defensin 12 (PDB code 1BNB), chicken AvBD2

defensin (2LG5), human a-defensin HNP1 (3GNY), as well as

Spheniscin-2 (1UT3) and Tricyclon A (1YP8). The largest cluster con-

tained 24.2% of the overall number of models. Scolopendin 1 is active

against a wide spectrum of Gram-positive and Gram-negative bacteria,

as well as fungi, and in Candida albicans it was shown to induce reactive

oxygen species (ROS) accumulation. With the exception of antiviral,

negatively charged Tricyclon A, all of the fold matches exhibit activity

against Gram-positives and Gram-negatives.

Microcin M115,116 (Figure 8C) is a class IIb microcin, which contains

a siderophore moiety C-terminal post-translational modification, that

enables the uptake of peptide but was not included in our modeling.

The largest cluster contained 15.5% of the overall number of modeled

structures. It predicts Microcin M to contain a four-stranded b-sheet

but no fold matches with known AMP structures or structures from

the PDB90 were found.

3.3.2 | Mixed ab folds

Upon performing CLICK database search, five mixed ab folds were

found to have fold matches that met the size and Z-score criteria (see

Methods). The first, Propionicin-F117 (Figure 9A) is an unmodified,

heat-stable, negatively charged bacteriocin with a bba fold. Although

only 17.9% successfully modeled structures were clustered into the

largest cluster, this peptide matched many abb folds, such as mussel

Mytilin (PDB code 2EEM), Plectasin (1ZFU), Termicin (1MM0), Cg-Def

defensin (2B68), Micasin (2LR5), and Eurocin (2LT8). Interestingly, only

a single bba fold was found among the filtered results, namely Leuco-

cin A (1CW6).52 However, the short b-sheet does not pack against the

helix in the same way as seen in our Rosetta model, leading to a much

more elongated structure. In contrast, the topologically-distinct abb

folds share a similar mode of interaction between helix and b-sheet as

Propionicin-F suggesting that they may be structural analogues. Like

many bacteriocins, Propionicin-F has a nanomolar activity against

strains of its producer organism, Propionibacterium freudenreichii.

ABP-118a118 shown in Figure 9B is a type IIb, unmodified, heat-

stable bacteriocin, active against both Gram-positives and Gram-

negatives. These bacteriocins are comprised of two peptide chains, and

the overall activity is obtained by the complementary activity of the

two peptides. Interestingly, the a component inhibits bacterial growth

on its own, and while the b component has no activity, it complements

the activity of the a chain.118 Here, we modeled the a chain, with

disulfide bond connectivity predicted to be Cys6-Cys44. 26% of suc-

cessfully modeled structures were clustered in the top cluster. Its pre-

dicted abb fold matches several AMPs, all containing multiple disulfide

bonds: Termicin (1MM0), Beta-purothionin (1BHP) and and Viscotoxin

A3 (1ED0). The latter two peptides show activity against Gram-

positives, Gram-negatives and fungi, while Termicin is active against

Gram-positive bacteria and fungi.

Mutacin IV119 (Figure 9C) shows activity against the Mitis group of

oral streptococci. The peptide was thought to be a type IIb bacterio-

cin,119 but this has not been demonstrated unambiguously.120 We

have found the A chain of Mutacin IV to match Mytilin (PDB code

2EEM) and Termicin (1MM0), as well as the Mediterranean mussel

defensin MGD-1 (1FJN) AMP. The disulfide connectivity for Mutacin

IV A was predicted to be Cys14-Cys34 and largest cluster contained

20.2% of the successfully modeled structures.

This group also contains more complex folds, such as chain A Blp1

peptide—another type IIb bacteriocin (Figure 9D). The highly populated

largest cluster (28.1% of models) obtained with disulfide connectivity

Cys2-Cys63 suggests a successful fold prediction, but it gave no fold

matches with AMPs. A CLICK database search against the PDB90

FIGURE 9 Plausible mixed ab folds. A, Propionicin-F (Q6E3K9,
C1% 17.9), B, ABP-118a (AP01172, C1% 26.0, disulfide bond con-
nectivity was predicted to be Cys6-Cys44), C, Mutacin IV chain A
(AP01174, C1% 20.2, disulfide bond connectivity was predicted to
be Cys14-Cys34), D, Blp1 chain A (AP01995, C1% 28.1, disulfide
bond connectivity was predicted to be Cys2-Cys63), and E, Ipomi-
cin (AP01604, C1% 8.48, disulfide bond connectivity was predicted
to be Cys32-Cys63). Structures were color-coded from N-terminus
(blue) to C-terminus (red). Disulfide bonds are shown in magenta.
C1%—size of the largest cluster compared to the overall number of
models [Color figure can be viewed at wileyonlinelibrary.com]
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database revealed similarity with Pseudopilin GspI, a chain from entero-

toxigenic Escherichia coli secretion system (PDB code 3CI0, chain I),121

supporting the biophysical plausibility of our modeled fold. However,

the two are likely to have evolved independently: Pseudopilins are part

of the type 2 secretion system found in Gram-negative bacteria, and

GspI is known to be located at the pseudopilus base, interacting with

the inner membrane components,122 while Blp1 AMP is produced by

the human oral strain Lactobacillus salivarius and is active against Gram-

positive bacteria.

Our most complex fold, Ipomicin peptide (Figure 9E), is active

against strains of the producer organism, Streptomyces ipomoeae. With

its six secondary structure elements it did not match any known AMP

folds. Although only 8.48% of successfully modeled structures were

clustered in the top cluster, results of CLICK database search ran on

structures from the PDB90 database revealed striking similarity to 2

known folds: BRICHOS domain of Lung Surfactant Protein C (2YAD)

and an Uracil-DNA glycosylase protein (1UGI). Both of these are topo-

logically different from Ipomicin, yet the secondary structure elements

are positioned in a similar manner (Figure 10). We suggest that this

packing is favorable, irrespective of the topological connection of the

secondary structure elements, supporting the reliability of the Ipomicin

fold prediction. This in turn suggests that the Ipomicin fold prediction

adds a new and relatively complex architecture to the array of folds

sampled by AMPs.

3.3.3 | All-a folds

Overall ten all-a folds modeled (Figure 11) were scanned for fold

matches using the CLICK database search, and only one was found to

have fold matches, namely Vejovine peptide123 (Figure 11I). The largest

cluster contained 18.9% of the total number of models, and the top

three clusters all showed similar structure, supporting the reliability of

the model.

Vejovine peptide, found in scorpion venom of Vaejovis mexicanus,

is active against Gram-negative bacteria and hemolytic to human eryth-

rocytes. The peptide is helical in 60% TFE, and the first 8 residues at

N-terminus are crucial for its activity.123 Our Rosetta model suggests a

structure containing four helices spanning residues 2–14, 17–38, 42–

47, and 50–58, respectively. Neither GESAMT nor CLICK database

searches against characterized AMPs returned results. However, an

acyl carrier protein fold from Thermus thermophilus, with similar topol-

ogy, was found to match Vejovine peptide through CLICK database

search against PDB90 (Figure 12B).

FIGURE 10 Ipomicin and its topologically distinct fold matches
aligned. A, Ipomicin peptide (AP01604), B, BRICHOS domain of
Lung Surfactant Protein C (PDB code 2YAD), and C, Uracil-DNA
glycosylase protein (1UGI). Structures were color-coded from N-
terminus (blue) to C-terminus (red) [Color figure can be viewed at
wileyonlinelibrary.com]

FIGURE 11 Plausible all-a folds. A, Pilosulin 1 (AP00535, C1%
26.2), B, Mutacin BHT-B (AP02251, C1% 40.8), C, PAMP
(AP01600, C1% 28.0, disulfide bond connectivity was predicted to
be Cys12-Cys37 and Cys29-Cys60), D, Perinerin (AP01235, C1%
31.1, disulfide bond connectivity was predicted to be Cys13-Cys44
and Cys16-Cys49), E, Perinerin with disulfide bond connectivity
Cys13-Cys49 and Cys16-Cys44 and C1% 25.4, F, Halocin C8
(AP01193, C1% 21.3), G, BP100_gtag (C1% 43.1), H, Oxyopinin 1
(AP00772, C1% 44.8), I, Vejovine (AP01753, C1% 18.9), and J, Closti-
cin 574 (AP00768, C1% 37.6, disulfide bond connectivity was pre-
dicted to be Cys9-Cys81). Structures were color-coded from N-
terminus (blue) to C-terminus (red). Disulfide bonds are shown in
magenta. C1%—size of the largest cluster compared to the overall
number of models [Color figure can be viewed at wileyonlinelibrary.
com]

FIGURE 12 Vejovine and its topologically similar fold match from
CLICK. A, Vejovine peptide and B, T. thermophilus acyl carrier
protein (1X3O), color coded from N (blue) to C terminus (red)
[Color figure can be viewed at wileyonlinelibrary.com]
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4 | CONCLUSIONS

We have modeled the structures of a large set of previously structur-

ally uncharacterized AMPs using a variety of computational methods to

ensure robustness. The set was obtained from the APD2 database and

a literature search, and contained 184 sequences of between 20 and

120 residues. The validity of the ab initio modeling was supported by

both benchmarking against known AMP structures and fold stability

testing using Molecular Dynamics experiments.

The newly mapped structural landscape reveals AMPs with similar-

ities to existing folds across different classes, and also predicts new

folds for several AMPs. So, for example, familiar a-helical folds were

predicted for Ponericin Q42, Latarcin 4a, Kassinatuerin 1, Ceratotoxin

D, and CPF-B1 peptide and b-hairpins for Lebocin Peptide 1A (LP1A),

Odorranain M1, and Silkworm 001. Interestingly, LP1A and amphibian

Odorranain-M1 are the first b-hairpin folds lacking intramolecular disul-

fide bonds, cation-p or aromatic interactions reported so far, stable only

due to hydrogen bonding. Until now, tigerinins, which adopt a beta-turn

fold due to a disulfide bridge between two cysteine residues forming a

nonapeptide ring, were the only examples of non-helical amphibian anti-

microbial peptides. Moreover, a single insect-derived b-hairpin AMP

has been reported so far, and we predicted that both insect peptides,

Lebocin Peptide 1A (LP1A), and Silkworm 001, are b-hairpins. Examples

of mixed ab folds are Garvicin A and Human Histatin 2, which contain

no disulfide bonds, usually found in such AMPs as part of the cysteine-

stabilized ab (CSab) motif, making the modeled peptides the first linear

abb fold AMPs lacking intramolecular disulfide bonds. Novel folds were

predicted for Microcin M and Ipomicin, the latter resembling the BRI-

CHOS domain of Lung Surfactant Protein C, but with different topology

between the secondary structure elements. These findings expand our

knowledge of the AMP structural universe and may contribute to the

structure-based development of more potent AMPs.

ACKNOWLEDGMENT

We acknowledge BMSI (A*STAR) and National Supercomputing Cen-

ter Singapore for computational support.

ORCID

Daniel J. Rigden http://orcid.org/0000-0002-7565-8937

REFERENCES

[1] World Health Organization. Antimicrobial Resistance: Global

Report on Surveillance [Internet]. World Health Organization;

2014. http://apps.who.int/iris/bitstream/10665/112642/1/

9789241564748_eng.pdf?ua51[TQ1]

[2] Centers for Disease Control and Prevention. Antibiotic Resistance

Threats in the United States, 2013 [Internet]. Centers for Disease

Control and Prevention; 2013. https://www.cdc.gov/drugresist-

ance/threat-report-2013/pdf/ar-threats-2013-508.pdf

[3] Narayana JL, Chen J-Y. Antimicrobial peptides: possible anti-

infective agents. Peptides. 2015;72:88–94.

[4] Moreno-Habel DA, Biglang-Awa IM, Dulce A, Luu DD, Garcia P,

Weers PMM. Inactivation of the budded virus of Autographa

californica M nucleopolyhedrovirus by gloverin. J Invertebr Pathol.

2012;110(1):92–101.

[5] Sang Y, Blecha F. Antimicrobial peptides and bacteriocins: alternatives

to traditional antibiotics. Anim Health Res Rev. 2008;9(02):227–235.

[6] Teixeira V, Feio MJ, Bastos M. Role of lipids in the interaction of

antimicrobial peptides with membranes. Prog Lipid Res. 2012;51(2):

149–177.

[7] Li J, Koh J-J, Liu S, Lakshminarayanan R, Verma CS, Beuerman

RW. Membrane active antimicrobial peptides: translating mechanis-

tic insights to design. Front Neurosci. 2017;11:73

[8] Yau WM, Wimley WC, Gawrisch K, White SH. The preference of

tryptophan for membrane interfaces. Biochemistry. 1998;37(42):

14713–14718.

[9] Vogel HJ, Schibli DJ, Jing W, Lohmeier-Vogel EM, Epand RF,

Epand RM. Towards a structure-function analysis of bovine lacto-

ferricin and related tryptophan- and arginine-containing peptides.

Biochem Cell Biol. 2002;80(1):49–63.

[10] Fleury Y, Dayem MA, Montagne JJ, et al. Covalent structure, syn-

thesis, and structure-function studies of mesentericin Y 105(37), a

defensive peptide from gram-positive bacteria Leuconostoc mesen-

teroides. J Biol Chem. 1996;271(24):14421–14429.

[11] Shepherd CM, Vogel HJ, Tieleman DP. Interactions of the designed

antimicrobial peptide MB21 and truncated dermaseptin S3 with

lipid bilayers: molecular-dynamics simulations. Biochem J. 2003;370

(1):233–243.

[12] Aliste MP, MacCallum JL, Peter Tieleman D. Molecular dynamics

simulations of pentapeptides at interfaces: salt bridge and cati-

on2p interactions. Biochemistry. 2003;42(30):8976–8987.

[13] Petersen FNR, Jensen MØ, Nielsen CH. Interfacial tryptophan resi-

dues: a role for the cation-pi effect?. Biophys J. 2005;89(6):3985–3996.

[14] Gleason NJ, Vostrikov VV, Greathouse DV, Grant CV, Opella SJ,

Koeppe RE. 2nd,. Tyrosine replacing tryptophan as an anchor in

GWALP peptides. Biochemistry. 2012;51(10):2044–2053.

[15] Sparks KA, Gleason NJ, Gist R, Langston R, Greathouse DV,

Koeppe RE. 2nd,. Comparisons of interfacial Phe, Tyr, and Trp resi-

dues as determinants of orientation and dynamics for GWALP

transmembrane peptides. Biochemistry. 2014;53(22):3637–3645.

[16] Chan DI, Prenner EJ, Vogel HJ. Tryptophan- and arginine-rich anti-

microbial peptides: structures and mechanisms of action. Biochim

Biophys Acta. 2006;1758(9):1184–1202.

[17] Bi X, Wang C, Ma L, Sun Y, Shang D. Investigation of the role of

tryptophan residues in cationic antimicrobial peptides to determine

the mechanism of antimicrobial action. J Appl Microbiol. 2013;115

(3):663–672.

[18] Wang G. Antimicrobial Peptides: Discovery, Design and Novel

Therapeutic Strategies. CABI, Wallingford, UK; 2010:230.

[19] Wang G, Li X, Wang Z. APD2: the updated antimicrobial peptide

database and its application in peptide design. Nucleic Acids Res.

2009;37(Database issue):D933–D937.

[20] Dathe M, Wieprecht T. Structural features of helical antimicrobial

peptides: their potential to modulate activity on model membranes

and biological cells. Biochim Biophys Acta. 1999;1462(1–2):71–87.

[21] Marr AK, Gooderham WJ, Hancock RE. Antibacterial peptides for

therapeutic use: obstacles and realistic outlook. Curr Opin Pharma-

col. 2006;6(5):468–472.

[22] Bai Y, Liu S, Li J, et al. Progressive structuring of a branched anti-

microbial peptide on the path to the inner membrane target. J Biol

Chem. 2012;287(32):26606–26617.

[23] Sani M-A, Separovic F. How membrane-active peptides get into

lipid membranes. Acc Chem Res. 2016;49(6):1130–1138.

562 | KOZIC ET AL.

256 B.1. SUPPORTING PUBLICATION



[24] Gazit E, Miller IR, Biggin PC, Sansom MS, Shai Y. Structure and ori-

entation of the mammalian antibacterial peptide cecropin P1

within phospholipid membranes. J Mol Biol. 1996;258(5):860–870.

[25] Brandenburg KS, Rubinstein I, Sadikot RT, €Ony€uksel H. Polymyxin

B self-associated with phospholipid nanomicelles. Pharm Dev Tech-

nol. 2012;17(6):654–660.

[26] Brooks BD, Brooks AE. Therapeutic strategies to combat antibiotic

resistance. Adv Drug Deliv Rev. 2014;78:14–27.

[27] Wimley WC, Hristova K. Antimicrobial peptides: successes, chal-

lenges and unanswered questions. J Membr Biol. 2011;239(1–2):
27–34.

[28] Kozić M, Vukičević D, Simunić J, et al. Predicting the minimal

inhibitory concentration for antimicrobial peptides with Rana-box

domain. J Chem Inf Model. 2015;55(10):2275–2287.

[29] Fernandes FC, Rigden DJ, Franco OL. Prediction of antimicrobial

peptides based on the adaptive neuro-fuzzy inference system

application. Biopolymers. 2012;98(4):280–287.

[30] Edwards IA, Elliott AG, Kavanagh AM, Zuegg J, Blaskovich MAT,

Cooper MA. Contribution of amphipathicity and hydrophobicity to

the antimicrobial activity and cytotoxicity of b-hairpin peptides.

ACS Infect Dis. 2016;2(6):442–450.

[31] Yang N, Liu X, Teng D, et al. Antibacterial and detoxifying activity

of NZ17074 analogues with multi-layers of selective antimicrobial

actions against Escherichia coli and Salmonella enteritidis. Sci Rep.

2017;7(1):3392.

[32] Tassanakajon A, Somboonwiwat K, Amparyup P. Sequence diver-

sity and evolution of antimicrobial peptides in invertebrates. Dev

Comp Immunol. 2015;48(2):324–341.

[33] Tennessen JA. Molecular evolution of animal antimicrobial pep-

tides: widespread moderate positive selection. J Evol Biol. 2005;18

(6):1387–1394.

[34] Erler S, Lhomme P, Rasmont P, Lattorff HMG. Rapid evolution of

antimicrobial peptide genes in an insect host-social parasite sys-

tem. Infect Genet Evol. 2014;23:129–137.

[35] Lazzaro BP, Clark AG. Rapid evolution of innate immune response

genes. In: Singh RS, Xu J, Kulathinal RJ, eds. Rapidly Evolving Genes

and Genetic Systems. United Kingdom: Oxford University Press,

Oxford; 2012:203–210.

[36] Murphy PM. Molecular mimicry and the generation of host

defense protein diversity. Cell. 1993;72(6):823–826.

[37] Hughes AL. Evolutionary diversification of the mammalian defen-

sins. Cell Mol Life Sci. 1999;56(1–2):94–103.

[38] Klepeis JL, Wei Y, Hecht MH, Floudas CA. Ab initio prediction of

the three-dimensional structure of a de novo designed protein: a

double-blind case study. Proteins. 2004;58(3):560–570.

[39] Wu S, Skolnick J, Zhang Y. Ab initio modeling of small proteins by

iterative TASSER simulations. BMC Biol. 2007;5:17.

[40] Zhang Y. Interplay of I-TASSER and QUARK for template-based

and ab initio protein structure prediction in CASP10. Proteins.

2014;82:175–187.

[41] Zhang W, Yang J, He B, et al. Integration of QUARK and I-TASSER

for Ab initio protein structure prediction in CASP11. Proteins.

2016;84(S1):76–86.

[42] Kinch LN, Li W, Monastyrskyy B, Kryshtafovych A, Grishin NV.

Evaluation of free modeling targets in CASP11 and ROLL. Proteins.

2016;84(S1):51–66.

[43] Petersen MT, Jonson PH, Petersen SB. Amino acid neighbours and

detailed conformational analysis of cysteines in proteins. Protein

Eng. 1999;12(7):535–548.

[44] Lehrer RI. Evolution of antimicrobial peptides: a view from the cystine

chapel. In: Hiemstra PS, Zaat SAJ, eds. Antimicrobial Peptides and

Innate Immunity. Switzerland: Springer Basel; 2012: 1–27.

[45] Andrä J, Hammer MU, Gr€otzinger J, et al. Significance of the cyclic

structure and of arginine residues for the antibacterial activity of

arenicin-1 and its interaction with phospholipid and lipopolysac-

charide model membranes. Biol Chem. 2009;390(4):337–349.

[46] Schroeder BO, Wu Z, Nuding S, et al. Reduction of disulphide

bonds unmasks potent antimicrobial activity of human b-defensin

1. Nature. 2011;469(7330):419–423.

[47] Rohl CA, Strauss CEM, Misura KMS, Baker D. Protein structure

prediction using Rosetta. Methods Enzymol. 2004;383:66–93.

[48] Yeaman MR, Yount NY. Mechanisms of antimicrobial peptide

action and resistance. Pharmacol Rev. 2003;55(1):27–55.

[49] Apweiler R, Bairoch A, Wu CH, et al. UniProt: the Universal Pro-

tein knowledgebase. Nucleic Acids Res. 2004;32(Database issue):

D115–119.

[50] Li W, Godzik A. Cd-hit: a fast program for clustering and compar-

ing large sets of protein or nucleotide sequences. Bioinformatics.

2006;22(13):1658–1659.

[51] Hildebrand A, Remmert M, Biegert A, S€oding J. Fast and accurate

automatic structure prediction with HHpred. Proteins. 2009;77(S9):

128–132.

[52] Berman HM, Westbrook J, Feng Z, et al. The protein data bank.

Nucleic Acids Res. 2000;28(1):235–242.

[53] Doszt�anyi Z, Csizm�ok V, Tompa P, Simon I. The pairwise energy

content estimated from amino acid composition discriminates

between folded and intrinsically unstructured proteins. J Mol Biol.

2005;347(4):827–839.

[54] Ceroni A, Passerini A, Vullo A, Frasconi P. DISULFIND: a disulfide

bonding state and cysteine connectivity prediction server. Nucleic

Acids Res. 2006;34(Web Server):W177–W181.

[55] Ferrè F, Clote P. DiANNA: a web server for disulfide connectivity pre-

diction. Nucleic Acids Res. 2005;33(Web Server issue):W230–W232.

[56] Yaseen A, Li Y. Dinosolve: a protein disulfide bonding prediction

server using context-based features to enhance prediction accu-

racy. BMC Bioinformatics. 2013;14(S13):S9

[57] NCBI Resource Coordinators. Database resources of the National

Center for Biotechnology Information. Nucleic Acids Res. 2015;43

(D1):D6–17.

[58] Altschul SF, Madden TL, Schäffer AA, et al. Gapped BLAST and

PSI-BLAST: a new generation of protein database search programs.

Nucleic Acids Res. 1997;25(17):3389–3402.

[59] Liu SP, Zhou L, Lakshminarayanan R, Beuerman RW. Multivalent

antimicrobial peptides as therapeutics: design principles and struc-

tural diversities. Int J Pept Res Ther. 2010;16(3):199–213.

[60] Min HJ, Yun H, Ji S, et al. Rattusin structure reveals a novel defen-

sin scaffold formed by intermolecular disulfide exchanges. Sci Rep.

2017;7:45282.

[61] Zhang Y, Skolnick J. SPICKER: a clustering approach to identify

near-native protein folds. J Comput Chem. 2004;25(6):865–871.

[62] Krissinel E. Enhanced fold recognition using efficient short frag-

ment clustering. J Mol Biochem. 2012;1(2):76–85.

[63] Frickey T, Lupas A. CLANS: a Java application for visualizing pro-

tein families based on pairwise similarity. Bioinformatics. 2004;20

(18):3702–3704.

[64] Nguyen MN, Tan KP, Madhusudhan MS. CLICK-topology-inde-

pendent comparison of biomolecular 3D structures. Nucleic Acids

Res. 2011;39(Web Server issue):W24–W28.

KOZIC ET AL. | 563

APPENDIX B. 257



[65] Case DA, Babin V, Berryman JT, Betz RM, Cai Q, Cerutti DS, et al.

Amber 14. San Francisco, CA: University of California; 2014.

[66] Maier JA, Martinez C, Kasavajhala K, Wickstrom L, Hauser KE,

Simmerling C. ff14SB: improving the accuracy of protein side chain

and backbone parameters from ff99SB. J Chem Theory Comput.

2015;11(8):3696–3713.

[67] Feig M, Karanicolas J, Brooks CL. 3rd,. MMTSB Tool Set: enhanced

sampling and multiscale modeling methods for applications in

structural biology. J Mol Graph Model. 2004;22(5):377–395.

[68] Whisstock JC, Lesk AM. Prediction of protein function from pro-

tein sequence and structure. Q Rev Biophys. 2003;36(3):307–340.

[69] Broekaert WF, Terras FR, Cammue BP, Osborn RW. Plant defen-

sins: novel antimicrobial peptides as components of the host

defense system. Plant Physiol. 1995;108(4):1353–1358.

[70] Shafee TMA, Lay FT, Hulett MD, Anderson MA. The defensins

consist of two independent, convergent protein superfamilies. Mol

Biol Evol. 2016;33(9):2345–2356.

[71] McGuffin LJ, Bryson K, Jones DT. The PSIPRED protein structure

prediction server. Bioinformatics. 2000;16(4):404–405.

[72] Li J, Xu X, Xu C, et al. Anti-infection peptidomics of amphibian

skin. Mol Cell Proteomics. 2007;6(5):882–894.

[73] Maldonado-Barragan A, Cardenas N, Martinez B, et al. Garvicin A,

a novel class IId bacteriocin from Lactococcus garvieae that inhibits

septum formation in L. garvieae strains. Appl Environ Microbiol.

2013;79(14):4336–4346.

[74] Patil AA, Ouellette AJ, Lu W, Zhang G. Rattusin, an intestinal

a-defensin-related peptide in rats with a unique cysteine spacing

pattern and salt-insensitive antibacterial activities. Antimicrob

Agents Chemother. 2013;57(4):1823–1831.

[75] Fujita K, Ichimasa S, Zendo T, et al. Structural analysis and charac-

terization of lacticin Q, a novel bacteriocin belonging to a new

family of unmodified bacteriocins of Gram-positive bacteria. Appl

Environ Microbiol. 2007;73(9):2871–2877.

[76] Yoneyama F, Imura Y, Ichimasa S, et al. Lacticin Q, a lactococcal

bacteriocin, causes high-level membrane permeability in the

absence of specific receptors. Appl Environ Microbiol. 2009;75(2):

538–541.

[77] Lohans CT, Towle KM, Miskolzie M, et al. Solution structures of

the linear leaderless bacteriocins enterocin 7A and 7B resemble

carnocyclin A, a circular antimicrobial peptide. Biochemistry. 2013;

52(23):3987–3994.

[78] Holm L, Rosenstr€om P. Dali server: conservation mapping in 3D.

Nucleic Acids Res. 2010;38(Web Server issue):W545–W549.

[79] Jack RW, Tagg JR, Ray B. Bacteriocins of Gram-positive bacteria.

Microbiol Rev. 1995;59(2):171–200.

[80] Cotter PD, Hill C, Ross RP. Bacteriocins: developing innate immu-

nity for food. Nat Rev Microbiol. 2005;3(10):777–788.

[81] Li M, Yoneyama F, Toshimitsu N, Zendo T, Nakayama J, Sonomoto

K. Lethal hydroxyl radical accumulation by a lactococcal bacterio-

cin, lacticin Q. Antimicrob Agents Chemother. 2013;57(8):3897–
3902.

[82] Martin-Visscher LA, Gong X, Duszyk M, Vederas JC. The three-

dimensional structure of carnocyclin a reveals that many circular

bacteriocins share a common structural motif. J Biol Chem. 2009;

284(42):28674–28681.

[83] Killian JA, Salemink I, de Planque MR, Lindblom G, Koeppe RE,

2nd, Greathouse DV. Induction of nonbilayer structures in diacyl-

phosphatidylcholine model membranes by transmembrane alpha-

helical peptides: importance of hydrophobic mismatch and pro-

posed role of tryptophans. Biochemistry. 1996;35(3):1037–1045.

[84] de Planque MRR, Bonev BB, Demmers JAA, et al. Interfacial

anchor properties of tryptophan residues in transmembrane pep-

tides can dominate over hydrophobic matching effects in pepti-

de2lipid interactions†. Biochemistry. 2003;42(18):5341–5348.

[85] Towle KM, Vederas JC. Structural features of many circular and

leaderless bacteriocins are similar to those in saposins and

saposin-like peptides. Med Chem Commun. 2017;8(2):276–285.

[86] Yoneyama F, Imura Y, Ohno K, et al. Peptide-lipid huge toroidal

pore, a new antimicrobial mechanism mediated by a lactococcal

bacteriocin, lacticin Q. Antimicrob Agents Chemother. 2009;53(8):

3211–3217.

[87] Acedo JZ, van Belkum MJ, Lohans CT, Towle KM, Miskolzie M,

Vederas JC. Nuclear magnetic resonance solution structures of lac-

ticin Q and aureocin A53 reveal a structural motif conserved

among leaderless bacteriocins with broad-spectrum activity. Bio-

chemistry. 2016;55(4):733–742.

[88] Rayaprolu S, Wang Y, Kanost MR, Hartson S, Jiang H. Functional

analysis of four processing products from multiple precursors

encoded by a lebocin-related gene from Manduca sexta. Dev Comp

Immunol. 2010;34(6):638–647.

[89] Panteleev PV, Bolosov IA, Balandin SV, Ovchinnikova TV. Struc-

ture and biological functions of b-hairpin antimicrobial peptides.

Acta Naturae. 2015;7(1):37–47.

[90] Conibear AC, Johan Rosengren K, Daly NL, Henriques ST, Craik

DJ. The cyclic cystine ladder in u-defensins is important for struc-

ture and stability, but not antibacterial activity. J Biol Chem. 2013;

288(15):10830–10840.

[91] Tang YQ, Yuan J, Osapay G, et al. A cyclic antimicrobial peptide

produced in primate leukocytes by the ligation of two truncated

alpha-defensins. Science. 1999;286(5439):498–502.

[92] Ladenstein R, Ren B. Protein disulfides and protein disulfide oxi-

doreductases in hyperthermophiles. FEBS J. 2006;273(18):4170–
4185.

[93] Mangoni ME, Aumelas A, Charnet P, et al. Change in membrane

permeability induced by protegrin 1: implication of disulphide

bridges for pore formation. FEBS Lett. 1996;383(1–2):93–98.

[94] Dawson RM, Liu C-Q. Disulphide bonds of the peptide protegrin-1

are not essential for antimicrobial activity and haemolytic activity.

Int J Antimicrob Agents. 2010;36(6):579–580.

[95] Lee J-U, Kang D-I, Zhu WL, Shin SY, Hahm K-S, Kim Y. Solution

structures and biological functions of the antimicrobial peptide,

arenicin-1, and its linear derivative. Biopolymers. 2007;88(2):208–216.

[96] Ma B, Niu C, Zhou Y, et al. The disulfide bond of the peptide tha-

natin is dispensible for its antimicrobial activity in vivo and in vitro.

Antimicrob Agents Chemother. 2016;60(7):4283–4289.

[97] Hetru C, Letellier L, Oren Z, Hoffmann JA, Shai Y. Androctonin, a

hydrophilic disulphide-bridged non-haemolytic anti-microbial pep-

tide: a plausible mode of action. Biochem J. 2000;345(3):653–664.

[98] Matsuzaki K, Yoneyama S, Fujii N, et al. Membrane permeabiliza-

tion mechanisms of a cyclic antimicrobial peptide, tachyplesin I,

and its linear analog†. Biochemistry. 1997;36(32):9799–9806.

[99] Mangoni ML, Papo N, Mignogna G, et al. Ranacyclins, a new family

of short cyclic antimicrobial peptides: biological function, mode of

action, and parameters involved in target specificity. Biochemistry.

2003;42(47):14023–14035.

[100] Laederach A, Andreotti AH, Fulton DB. Solution and micelle-

bound structures of tachyplesin I and its active aromatic linear

derivatives. Biochemistry. 2002;41(41):12359–12368.

[101] Saravanan R, Mohanram H, Joshi M, et al. Structure, activity and

interactions of the cysteine deleted analog of tachyplesin-1 with

564 | KOZIC ET AL.

258 B.1. SUPPORTING PUBLICATION



lipopolysaccharide micelle: Mechanistic insights into outer-

membrane permeabilization and endotoxin neutralization. Biochim

Biophys Acta. 2012;1818(7):1613–1624.

[102] Mohanram H, Bhattacharjya S. Cysteine deleted protegrin-1 (CDP-

1): anti-bacterial activity, outer-membrane disruption and selectiv-

ity. Biochim Biophys Acta. 2014;1840(10):3006–3016.

[103] Mani R, Waring AJ, Lehrer RI, Hong M. Membrane-disruptive abil-

ities of beta-hairpin antimicrobial peptides correlate with confor-

mation and activity: a 31P and 1H NMR study. Biochim Biophys

Acta. 2005;1716(1):11–18.

[104] Xu L, Lal K, Pollock JJ. Histatins 2 and 4 are autoproteolytic degra-

dation products of human parotid saliva. Oral Microbiol Immunol.

1992;7(2):127–128.

[105] Wu Z, Hoover DM, Yang D, et al. Engineering disulfide bridges to

dissect antimicrobial and chemotactic activities of human beta-

defensin 3. Proc Natl Acad Sci U S A. 2003;100(15):8880–8885.

[106] Lee IH, Lee YS, Kim CH, et al. Dicynthaurin: an antimicrobial pep-

tide from hemocytes of the solitary tunicate, Halocynthia auran-

tium. Biochim Biophys Acta. 2001;1527(3):141–148.

[107] Pluzhnikov KA, Kozlov SA, Vassilevski AA, Vorontsova OV, Feofa-

nov AV, Grishin EV. Linear antimicrobial peptides from Ectatomma

quadridens ant venom. Biochimie. 2014;107(Pt B):211–215.

[108] Rosetto M, De Filippis T, Manetti AG, Marchini D, Baldari CT, Dal-

lai R. The genes encoding the antibacterial sex-specific peptides

ceratotoxins are clustered in the genome of the medfly Ceratitis

capitata. Insect Biochem Mol Biol. 1997;27(12):1039–1046.

[109] Mechkarska M, Ahmed E, Coquet L, et al. Antimicrobial peptides

with therapeutic potential from skin secretions of the Marsabit

clawed frog Xenopus borealis (Pipidae). Comp Biochem Physiol C

Toxicol Pharmacol. 2010;152(4):467–472.

[110] Kozlov SA, Vassilevski AA, Feofanov AV, Surovoy AY, Karpunin

DV, Grishin EV. Latarcins, antimicrobial and cytolytic peptides

from the venom of the spider Lachesana tarabaevi (Zodariidae) that

exemplify biomolecular diversity. J Biol Chem. 2006;281(30):

20983–20992.

[111] Mattute B, Knoop FC, Conlon JM. Kassinatuerin-1: a peptide with

broad-spectrum antimicrobial activity isolated from the skin of the

hyperoliid frog, Kassina senegalensis. Biochem Biophys Res Commun.

2000;268(2):433–436.

[112] Dubovskii PV, Volynsky PE, Polyansky AA, Chupin VV, Efremov

RG, Arseniev AS. Spatial structure and activity mechanism of a

novel spider antimicrobial peptide. Biochemistry. 2006;45(35):

10759–10767.

[113] Minami Y, Yoshida K-I, Azuma R, et al. Structure of cypemycin, a

new peptide antibiotic. Tetrahedron Lett. 1994;35(43):8001–8004.

[114] Choi H, Hwang J-S, Lee DG. Identification of a novel antimicrobial

peptide, scolopendin 1, derived from centipede Scolopendra subspi-

nipes mutilans and its antifungal mechanism. Insect Mol Biol. 2014;

23(6):788–799.

[115] Duquesne S, Destoumieux-Garz�on D, Peduzzi J, Rebuffat S. Micro-

cins, gene-encoded antibacterial peptides from enterobacteria. Nat

Prod Rep. 2007;24(4):708–734.

[116] Vassiliadis G, Destoumieux-Garz�on D, Lombard C, Rebuffat S,

Peduzzi J. Isolation and characterization of two members of the

siderophore-microcin family, microcins M and H47. Antimicrob

Agents Chemother. 2010;54(1):288–297.

[117] Brede DA, Faye T, Johnsborg O, Odegård I, Nes IF, Holo H.

Molecular and genetic characterization of propionicin F, a bacter-

iocin from Propionibacterium freudenreichii. Appl Environ Microbiol.

2004;70(12):7303–7310.

[118] Flynn S, van Sinderen D, Thornton GM, Holo H, Nes IF, Collins JK.

Characterization of the genetic locus responsible for the produc-

tion of ABP-118, a novel bacteriocin produced by the probiotic

bacterium Lactobacillus salivarius subsp. salivarius UCC118. Micro-

biology. 2002;148(4):973–984.

[119] Qi F, Chen P, Caufield PW. The group I strain of Streptococcus

mutans, UA140, produces both the lantibiotic mutacin I and a non-

lantibiotic bacteriocin, mutacin IV. Appl Environ Microbiol. 2001;67

(1):15–21.

[120] Hale JDF, Ting Y-T, Jack RW, Tagg JR, Heng NCK. Bacteriocin

(mutacin) production by Streptococcus mutans genome sequence ref-

erence strain UA159: elucidation of the antimicrobial repertoire by

genetic dissection. Appl Environ Microbiol. 2005;71(11):7613–7617.

[121] Korotkov KV, Hol WGJ. Structure of the GspK-GspI-GspJ complex

from the enterotoxigenic Escherichia coli type 2 secretion system.

Nat Struct Mol Biol. 2008;15(5):462–468.

[122] Michel GPF, Voulhoux R. The type II secretory system (T2SS) in

Gram-negative bacteria: a molecular nanomachine for secretion of

sec and tat-dependent extracellular proteins. In: Wooldridge K,

editor. Bacterial Secreted Proteins: Secretory Mechanisms and Role in

Pathogenesis. Norfolk, UK: Caister Academic Press; 2009.

[123] Hern�andez-Aponte CA, Silva-Sanchez J, Quintero-Hern�andez V,

et al. Vejovine, a new antibiotic from the scorpion venom of Vaejo-

vis mexicanus. Toxicon. 2011;57(1):84–92.

SUPPORTING INFORMATION

Additional Supporting Information may be found online in the sup-

porting information tab for this article.

How to cite this article: Kozic M, Fox SJ, Thomas JM, Verma

CS, Rigden DJ. Large scale ab initio modeling of structurally

uncharacterized antimicrobial peptides reveals known and novel

folds. Proteins. 2018;86:548–565. https://doi.org/10.1002/prot.

25473

KOZIC ET AL. | 565

APPENDIX B. 259





References

[1] Achtman, M., “How old are bacterial pathogens?,” Proc. Biol. Sci., vol. 283,

Aug. 2016.

[2] of Medicine, I., Microbial Evolution and Co-Adaptation: A Tribute to the Life

and Scientific Legacies of Joshua Lederberg: Workshop Summary. Washington,

DC: The National Academies Press, 2009.

[3] Bennett, J. E., Dolin, R., and Blaser, M. J., Principles and Practice of Infectious

Diseases. Elsevier Health Sciences, Aug. 2014.

[4] Microbiology Society„ “Microbes and the human body – microbes and disease.”

http://microbiologyonline.org/about-microbiology/microbes-and-the-human-

body/microbes-and-disease. Accessed: 2018-8-7.

[5] Silva, M. T., “Classical labeling of bacterial pathogens according to their

lifestyle in the host: inconsistencies and alternatives,” Front. Microbiol., vol. 3,

p. 71, Feb. 2012.

[6] Gest, H., “The discovery of microorganisms by robert hooke and antoni van

leeuwenhoek, fellows of the royal society,” Notes Rec. R. Soc. Lond., vol. 58,

pp. 187–201, May 2004.

[7] Ginglen, J. G. and Doyle, M. Q., “Immunization,” in StatPearls, Treasure Island

(FL): StatPearls Publishing, Nov. 2017.

[8] Chebbo, A., Tan, S., Kassis, C., Tamura, L., and Carlson, R. W., “Maternal

sepsis and septic shock,” Crit. Care Clin., vol. 32, pp. 119–135, Jan. 2016.



262 REFERENCES

[9] Berche, P., “Louis pasteur, from crystals of life to vaccination,” Clin. Microbiol.

Infect., vol. 18 Suppl 5, pp. 1–6, Oct. 2012.

[10] Pearce, J. M. S., “Louis pasteur and rabies: a brief note,” J. Neurol. Neurosurg.

Psychiatry, vol. 73, p. 82, July 2002.

[11] Lister, J., “On the antiseptic principle in the practice of surgery,” Br. Med. J.,

vol. 2, pp. 246–248, Sept. 1867.

[12] Blevins, S. M. and Bronze, M. S., “Robert koch and the ‘golden age’ of bacte-

riology,” Int. J. Infect. Dis., vol. 14, pp. e744–e751, Sept. 2010.

[13] Burnet, F. M., Natural History of Infectious Disease. Cambridge University

Press, 1962.

[14] World Health Organization„ “Antimicrobial resistance: Global report on

surveillance,” tech. rep., World Health Organization, 2014.

[15] Centers for Disease Control and Prevention„ “Antibiotic resistance threats in

the united states, 2013,” tech. rep., Centers for Disease Control and Prevention,

2013.

[16] Zhang, L.-J. and Gallo, R. L., “Antimicrobial peptides,” Curr. Biol., vol. 26,

pp. R14–9, Jan. 2016.

[17] Kon, K., “Kateryna kon’s portfolio on shutterstock.” https://www.shutterstock.

com/g/katerynakon?searchterm=peptidoglycan. Accessed: 2018-9-3.

[18] Meroueh, S. O., Bencze, K. Z., Hesek, D., Lee, M., Fisher, J. F., Stemmler,

T. L., and Mobashery, S., “Three-dimensional structure of the bacterial cell wall

peptidoglycan,” Proc. Natl. Acad. Sci. U. S. A., vol. 103, pp. 4404–4409, Mar.

2006.

[19] Li, J., Koh, J.-J., Liu, S., Lakshminarayanan, R., Verma, C. S., and Beuerman,

R. W., “Membrane active antimicrobial peptides: Translating mechanistic in-

sights to design,” Front. Neurosci., vol. 11, p. 73, Feb. 2017.



REFERENCES 263

[20] Hancock, R. E. and Chapple, D. S., “Peptide antibiotics,” Antimicrob. Agents

Chemother., vol. 43, pp. 1317–1323, June 1999.

[21] Narayana, J. L. and Chen, J.-Y., “Antimicrobial peptides: Possible anti-infective

agents,” Peptides, vol. 72, pp. 88–94, 2015.

[22] Pasupuleti, M., Schmidtchen, A., and Malmsten, M., “Antimicrobial peptides:

key components of the innate immune system,” Crit. Rev. Biotechnol., vol. 32,

pp. 143–171, June 2012.

[23] Tassanakajon, A., Somboonwiwat, K., and Amparyup, P., “Sequence diversity

and evolution of antimicrobial peptides in invertebrates,” Dev. Comp. Immunol.,

vol. 48, pp. 324–341, Feb. 2015.

[24] Hughes, A. L., “Evolutionary diversification of the mammalian defensins,” Cell.

Mol. Life Sci., vol. 56, pp. 94–103, Oct. 1999.

[25] Patil, A., Hughes, A. L., and Zhang, G., “Rapid evolution and diversification of

mammalian alpha-defensins as revealed by comparative analysis of rodent and

primate genes,” Physiol. Genomics, vol. 20, pp. 1–11, Dec. 2004.

[26] Moreno-Habel, D. A., Biglang-awa, I. M., Dulce, A., Luu, D. D., Garcia, P.,

Weers, P. M. M., and Haas-Stapleton, E. J., “Inactivation of the budded virus

of autographa californica M nucleopolyhedrovirus by gloverin,” J. Invertebr.

Pathol., vol. 110, pp. 92–101, May 2012.

[27] Sang, Y. and Blecha, F., “Antimicrobial peptides and bacteriocins: alternatives

to traditional antibiotics,” Anim. Health Res. Rev., vol. 9, pp. 227–235, Dec.

2008.

[28] Teixeira, V., Feio, M. J., and Bastos, M., “Role of lipids in the interaction of an-

timicrobial peptides with membranes,” Prog. Lipid Res., vol. 51, no. 2, pp. 149–

177, 2012.



264 REFERENCES

[29] Strøm, M. B., Rekdal, O., and Svendsen, J. S., “Antimicrobial activity of short

arginine- and tryptophan-rich peptides,” J. Pept. Sci., vol. 8, pp. 431–437, Aug.

2002.

[30] Strøm, M. B., Haug, B. E., Skar, M. L., Stensen, W., Stiberg, T., and Svend-

sen, J. S., “The pharmacophore of short cationic antibacterial peptides,” J. Med.

Chem., vol. 46, pp. 1567–1570, Apr. 2003.

[31] Chan, D. I., Prenner, E. J., and Vogel, H. J., “Tryptophan- and arginine-rich an-

timicrobial peptides: structures and mechanisms of action,” Biochim. Biophys.

Acta, vol. 1758, pp. 1184–1202, Sept. 2006.

[32] Yau, W. M., Wimley, W. C., Gawrisch, K., and White, S. H., “The preference of

tryptophan for membrane interfaces,” Biochemistry, vol. 37, pp. 14713–14718,

Oct. 1998.

[33] Persson, S., Killian, J. A., and Lindblom, G., “Molecular ordering of interfa-

cially localized tryptophan analogs in ester- and ether-lipid bilayers studied by

2H-NMR,” Biophys. J., vol. 75, pp. 1365–1371, Sept. 1998.

[34] Killian, J. A., Salemink, I., de Planque, M. R., Lindblom, G., Koeppe, 2nd,

R. E., and Greathouse, D. V., “Induction of nonbilayer structures in diacylphos-

phatidylcholine model membranes by transmembrane alpha-helical peptides:

importance of hydrophobic mismatch and proposed role of tryptophans,” Bio-

chemistry, vol. 35, pp. 1037–1045, Jan. 1996.

[35] Kourie, J. I. and Shorthouse, A. A., “Properties of cytotoxic peptide-formed ion

channels,” Am. J. Physiol. Cell Physiol., vol. 278, pp. C1063–87, June 2000.

[36] Vogel, H. J., Schibli, D. J., Jing, W., Lohmeier-Vogel, E. M., Epand, R. F., and

Epand, R. M., “Towards a structure-function analysis of bovine lactoferricin

and related tryptophan- and arginine-containing peptides,” Biochem. Cell Biol.,

vol. 80, no. 1, pp. 49–63, 2002.



REFERENCES 265

[37] Fleury, Y., Dayem, M. A., Montagne, J. J., Chaboisseau, E., Le Caer, J. P., Nico-

las, P., and Delfour, A., “Covalent structure, synthesis, and structure-function

studies of mesentericin Y 105(37), a defensive peptide from gram-positive bac-

teria leuconostoc mesenteroides,” J. Biol. Chem., vol. 271, pp. 14421–14429,

June 1996.

[38] Shepherd, C. M., Vogel, H. J., and Tieleman, D. P., “Interactions of the de-

signed antimicrobial peptide MB21 and truncated dermaseptin S3 with lipid

bilayers: molecular-dynamics simulations,” Biochem. J, vol. 370, pp. 233–243,

Feb. 2003.

[39] Aliste, M. P., MacCallum, J. L., and Peter Tieleman, D., “Molecular dynam-

ics simulations of pentapeptides at interfaces: Salt bridge and Cationπ interac-

tions†,” Biochemistry, vol. 42, no. 30, pp. 8976–8987, 2003.

[40] Petersen, F. N. R., Jensen, M. Ø., and Nielsen, C. H., “Interfacial tryptophan

residues: a role for the cation-pi effect?,” Biophys. J., vol. 89, pp. 3985–3996,

Dec. 2005.

[41] Pasupuleti, M., Schmidtchen, A., Chalupka, A., Ringstad, L., and Malmsten,

M., “End-Tagging of Ultra-Short antimicrobial peptides by W/F stretches to

facilitate bacterial killing,” PLoS One, vol. 4, no. 4, p. e5285, 2009.

[42] Gleason, N. J., Vostrikov, V. V., Greathouse, D. V., Grant, C. V., Opella, S. J.,

and Koeppe, 2nd, R. E., “Tyrosine replacing tryptophan as an anchor in GWALP

peptides,” Biochemistry, vol. 51, pp. 2044–2053, Mar. 2012.

[43] Sparks, K. A., Gleason, N. J., Gist, R., Langston, R., Greathouse, D. V., and

Koeppe, 2nd, R. E., “Comparisons of interfacial phe, tyr, and trp residues as de-

terminants of orientation and dynamics for GWALP transmembrane peptides,”

Biochemistry, vol. 53, pp. 3637–3645, June 2014.



266 REFERENCES

[44] Zhao, H. and Kinnunen, P. K. J., “Binding of the antimicrobial peptide tem-

porin L to liposomes assessed by trp fluorescence,” J. Biol. Chem., vol. 277,

pp. 25170–25177, July 2002.

[45] Bi, X., Wang, C., Ma, L., Sun, Y., and Shang, D., “Investigation of the role of

tryptophan residues in cationic antimicrobial peptides to determine the mecha-

nism of antimicrobial action,” J. Appl. Microbiol., vol. 115, pp. 663–672, Sept.

2013.

[46] Wang, G., Antimicrobial Peptides: Discovery, Design and Novel Therapeutic

Strategies. CABI, 2010.

[47] Wang, G., Li, X., and Wang, Z., “APD2: the updated antimicrobial peptide

database and its application in peptide design,” Nucleic Acids Res., vol. 37,

pp. D933–7, Jan. 2009.

[48] Dathe, M. and Wieprecht, T., “Structural features of helical antimicrobial pep-

tides: their potential to modulate activity on model membranes and biological

cells,” Biochim. Biophys. Acta, vol. 1462, pp. 71–87, Dec. 1999.

[49] Marr, A. K., Gooderham, W. J., and Hancock, R. E., “Antibacterial peptides for

therapeutic use: obstacles and realistic outlook,” Curr. Opin. Pharmacol., vol. 6,

pp. 468–472, Oct. 2006.

[50] Bai, Y., Liu, S., Li, J., Lakshminarayanan, R., Sarawathi, P., Tang, C., Ho, D.,

Verma, C., Beuerman, R. W., and Pervushin, K., “Progressive structuring of a

branched antimicrobial peptide on the path to the inner membrane target,” J.

Biol. Chem., vol. 287, pp. 26606–26617, Aug. 2012.

[51] Sani, M.-A. and Separovic, F., “How Membrane-Active peptides get into lipid

membranes,” Acc. Chem. Res., vol. 49, pp. 1130–1138, June 2016.



REFERENCES 267

[52] Gazit, E., Miller, I. R., Biggin, P. C., Sansom, M. S., and Shai, Y., “Structure and

orientation of the mammalian antibacterial peptide cecropin P1 within phospho-

lipid membranes,” J. Mol. Biol., vol. 258, pp. 860–870, May 1996.

[53] Brogden, K. A., “Antimicrobial peptides: pore formers or metabolic inhibitors

in bacteria?,” Nat. Rev. Microbiol., vol. 3, pp. 238–250, Mar. 2005.

[54] Brandenburg, K. S., Rubinstein, I., Sadikot, R. T., and Önyüksel, H.,

“Polymyxin B self-associated with phospholipid nanomicelles,” Pharm. Dev.

Technol., vol. 17, pp. 654–660, Nov. 2012.

[55] Brooks, B. D. and Brooks, A. E., “Therapeutic strategies to combat antibiotic

resistance,” Adv. Drug Deliv. Rev., vol. 78, pp. 14–27, 2014.

[56] Wimley, W. C. and Hristova, K., “Antimicrobial peptides: successes, challenges

and unanswered questions,” J. Membr. Biol., vol. 239, pp. 27–34, Jan. 2011.

[57] Lynn, D. J., Lloyd, A. T., Fares, M. A., and O’Farrelly, C., “Evidence of pos-

itively selected sites in mammalian alpha-defensins,” Mol. Biol. Evol., vol. 21,

pp. 819–827, May 2004.

[58] Lynn, D. J., Higgs, R., Gaines, S., Tierney, J., James, T., Lloyd, A. T., Fares,

M. A., Mulcahy, G., and O’Farrelly, C., “Bioinformatic discovery and initial

characterisation of nine novel antimicrobial peptide genes in the chicken,” Im-

munogenetics, vol. 56, pp. 170–177, June 2004.

[59] Nicolas, P., Vanhoye, D., and Amiche, M., “Molecular strategies in biological

evolution of antimicrobial peptides,” Peptides, vol. 24, pp. 1669–1680, Nov.

2003.

[60] Bulmer, M. S. and Crozier, R. H., “Duplication and diversifying selection

among termite antifungal peptides,” Mol. Biol. Evol., vol. 21, pp. 2256–2264,

Dec. 2004.



268 REFERENCES

[61] Viljakainen, L., Evans, J. D., Hasselmann, M., Rueppell, O., Tingek, S., and

Pamilo, P., “Rapid evolution of immune proteins in social insects,” Mol. Biol.

Evol., vol. 26, pp. 1791–1801, Aug. 2009.

[62] Tennessen, J. A., “Molecular evolution of animal antimicrobial peptides:

widespread moderate positive selection,” J. Evol. Biol., vol. 18, pp. 1387–1394,

Nov. 2005.

[63] Erler, S., Lhomme, P., Rasmont, P., and Lattorff, H. M. G., “Rapid evolution

of antimicrobial peptide genes in an insect host–social parasite system,” Infect.

Genet. Evol., vol. 23, pp. 129–137, 2014.

[64] Lazzaro, B. P. and Clark, A. G., “Rapid evolution of innate immune response

genes,” in Rapidly Evolving Genes and Genetic Systems (Singh, R. S., Xu, J.,

and Kulathinal, R. J., eds.), pp. 203–210, Oxford University Press, Oxford,

2012.

[65] Murphy, P. M., “Molecular mimicry and the generation of host defense protein

diversity,” Cell, vol. 72, pp. 823–826, Mar. 1993.

[66] Klepeis, J. L., Wei, Y., Hecht, M. H., and Floudas, C. A., “Ab initio prediction of

the three-dimensional structure of a de novo designed protein: A double-blind

case study,” Proteins: Struct. Funct. Bioinf., vol. 58, no. 3, pp. 560–570, 2004.

[67] Wu, S., Skolnick, J., and Zhang, Y., “Ab initio modeling of small proteins by

iterative TASSER simulations,” BMC Biol., vol. 5, p. 17, May 2007.

[68] Zhang, Y., “Interplay of I-TASSER and QUARK for template-based and ab ini-

tio protein structure prediction in CASP10,” Proteins, vol. 82 Suppl 2, pp. 175–

187, Feb. 2014.



REFERENCES 269

[69] Zhang, W., Yang, J., He, B., Walker, S. E., Zhang, H., Govindarajoo, B., Vir-

tanen, J., Xue, Z., Shen, H.-B., and Zhang, Y., “Integration of QUARK and I-

TASSER for ab initio protein structure prediction in CASP11,” Proteins, vol. 84

Suppl 1, pp. 76–86, Sept. 2016.

[70] Kinch, L. N., Li, W., Monastyrskyy, B., Kryshtafovych, A., and Grishin, N. V.,

“Evaluation of free modeling targets in CASP11 and ROLL,” Proteins, vol. 84

Suppl 1, pp. 51–66, Sept. 2016.

[71] Petersen, M. T., Jonson, P. H., and Petersen, S. B., “Amino acid neighbours and

detailed conformational analysis of cysteines in proteins,” Protein Eng., vol. 12,

pp. 535–548, July 1999.

[72] Lehrer, R. I., “Evolution of antimicrobial peptides: A view from the cystine

chapel,” in Antimicrobial Peptides and Innate Immunity (Hiemstra, P. S. and

Zaat, S. A. J., eds.), pp. 1–27, Springer Basel, 2012.

[73] Andrä, J., Hammer, M. U., Grötzinger, J., Jakovkin, I., Lindner, B., Vollmer, E.,

Fedders, H., Leippe, M., and Gutsmann, T., “Significance of the cyclic struc-

ture and of arginine residues for the antibacterial activity of arenicin-1 and its

interaction with phospholipid and lipopolysaccharide model membranes,” Biol.

Chem., vol. 390, pp. 337–349, Apr. 2009.

[74] Schroeder, B. O., Wu, Z., Nuding, S., Groscurth, S., Marcinowski, M., Beisner,

J., Buchner, J., Schaller, M., Stange, E. F., and Wehkamp, J., “Reduction of

disulphide bonds unmasks potent antimicrobial activity of human β-defensin

1,” Nature, vol. 469, pp. 419–423, Jan. 2011.

[75] Zhao, L., Cao, Z., Bian, Y., Hu, G., Wang, J., and Zhou, Y., “Molecular dy-

namics simulations of human antimicrobial peptide LL-37 in model POPC and

POPG lipid bilayers,” Int. J. Mol. Sci., vol. 19, Apr. 2018.

[76] Wang, Y., Schlamadinger, D. E., Kim, J. E., and McCammon, J. A., “Com-

parative molecular dynamics simulations of the antimicrobial peptide CM15 in



270 REFERENCES

model lipid bilayers,” Biochim. Biophys. Acta, vol. 1818, pp. 1402–1409, May

2012.

[77] Sahoo, B. R. and Fujiwara, T., “Membrane mediated antimicrobial and anti-

tumor activity of cathelicidin 6: Structural insights from molecular dynamics

simulation on Multi-Microsecond scale,” PLoS One, vol. 11, p. e0158702, July

2016.

[78] Jang, H., Arce, F. T., Mustata, M., Ramachandran, S., Capone, R., Nussinov,

R., and Lal, R., “Antimicrobial protegrin-1 forms amyloid-like fibrils with rapid

kinetics suggesting a functional link,” Biophys. J., vol. 100, pp. 1775–1783, Apr.

2011.

[79] Berglund, N. A., Piggot, T. J., Jefferies, D., Sessions, R. B., Bond, P. J.,

and Khalid, S., “Interaction of the antimicrobial peptide polymyxin B1 with

both membranes of e. coli: a molecular dynamics study,” PLoS Comput. Biol.,

vol. 11, p. e1004180, Apr. 2015.

[80] Ulmschneider, J. P., “Charged antimicrobial peptides can translocate across

membranes without forming channel-like pores,” Biophys. J., vol. 113, pp. 73–

81, July 2017.

[81] Ulmschneider, J. P. and Ulmschneider, M. B., “Molecular dynamics simulations

are redefining our view of peptides interacting with biological membranes,” Acc.

Chem. Res., vol. 51, pp. 1106–1116, May 2018.
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Komiyama, K., and Ōmura, S., “Structure of cypemycin, a new peptide antibi-

otic,” Tetrahedron Lett., vol. 35, no. 43, pp. 8001–8004, 1994.

[169] Choi, H., Hwang, J.-S., and Lee, D. G., “Identification of a novel antimicrobial

peptide, scolopendin 1, derived from centipede scolopendra subspinipes muti-

lans and its antifungal mechanism,” Insect Mol. Biol., vol. 23, pp. 788–799, Dec.

2014.



282 REFERENCES

[170] Duquesne, S., Destoumieux-Garzón, D., Peduzzi, J., and Rebuffat, S., “Mi-

crocins, gene-encoded antibacterial peptides from enterobacteria,” Nat. Prod.

Rep., vol. 24, pp. 708–734, Aug. 2007.

[171] Vassiliadis, G., Destoumieux-Garzón, D., Lombard, C., Rebuffat, S., and Pe-

duzzi, J., “Isolation and characterization of two members of the siderophore-

microcin family, microcins M and H47,” Antimicrob. Agents Chemother.,

vol. 54, pp. 288–297, Jan. 2010.

[172] Brede, D. A., Faye, T., Johnsborg, O., Odegard, I., Nes, I. F., and Holo, H.,

“Molecular and genetic characterization of propionicin f, a bacteriocin from

propionibacterium freudenreichii,” Appl. Environ. Microbiol., vol. 70, no. 12,

pp. 7303–7310, 2004.

[173] Flynn, S., van Sinderen, D., Thornton, G. M., Holo, H., Nes, I. F., and Collins,

J. K., “Characterization of the genetic locus responsible for the production of

ABP-118, a novel bacteriocin produced by the probiotic bacterium lactobacillus

salivarius subsp. salivarius UCC118,” Microbiology, vol. 148, pp. 973–984, Apr.

2002.

[174] Qi, F., Chen, P., and Caufield, P. W., “The group I strain of streptococcus mutans,

UA140, produces both the lantibiotic mutacin I and a nonlantibiotic bacteriocin,

mutacin IV,” Appl. Environ. Microbiol., vol. 67, no. 1, pp. 15–21, 2001.

[175] Hale, J. D. F., Ting, Y.-T., Jack, R. W., Tagg, J. R., and Heng, N. C. K., “Bacteri-

ocin (mutacin) production by streptococcus mutans genome sequence reference

strain UA159: elucidation of the antimicrobial repertoire by genetic dissection,”

Appl. Environ. Microbiol., vol. 71, pp. 7613–7617, Nov. 2005.

[176] Korotkov, K. V. and Hol, W. G. J., “Structure of the GspK-GspI-GspJ complex

from the enterotoxigenic escherichia coli type 2 secretion system,” Nat. Struct.

Mol. Biol., vol. 15, pp. 462–468, May 2008.



REFERENCES 283

[177] Michel, G. P. F. and Voulhoux, R., “The type II secretory system (T2SS) in

gram-negative bacteria: A molecular nanomachine for secretion of sec and Tat-

Dependent extracellular proteins,” in Bacterial Secreted Proteins: Secretory

Mechanisms and Role in Pathogenesis (Wooldridge, K., ed.), Caister Academic

Press, 2009.

[178] Hernández-Aponte, C. A., Silva-Sanchez, J., Quintero-Hernández, V.,

Rodríguez-Romero, A., Balderas, C., Possani, L. D., and Gurrola, G. B., “Ve-

jovine, a new antibiotic from the scorpion venom of vaejovis mexicanus,” Toxi-

con, vol. 57, pp. 84–92, Jan. 2011.

[179] Lamiable, A., Thévenet, P., Rey, J., Vavrusa, M., Derreumaux, P., and Tufféry,

P., “PEP-FOLD3: faster de novo structure prediction for linear peptides in solu-

tion and in complex,” Nucleic Acids Res., vol. 44, pp. W449–54, July 2016.

[180] “PumMa.” http://cbio.bmt.tue.nl/pumma/index.php/Theory/Potentials. Ac-

cessed: 2018-6-28.

[181] Abraham, M. J., Murtola, T., Schulz, R., Páll, S., Smith, J. C., Hess, B., and

Lindahl, E., “GROMACS: High performance molecular simulations through

multi-level parallelism from laptops to supercomputers,” SoftwareX, vol. 1-2,

pp. 19–25, Sept. 2015.

[182] Case, D. A., Babin, V., Berryman, J. T., Betz, R. M., Cai, Q., Cerutti, D. S.,

Cheatham, T. E., III„ Darden, T. A., Duke, R. E., Gohlke, H., Goetz, A. W.,

Gusarov, S., Homeyer, N., Janowski, P., Kaus, J., Kolossváry, I., Kovalenko,

A., Lee, T. S., LeGrand, S., Luchko, T., Luo, R., Madej, B., Merz, K. M.,

Paesani, F., Roe, D. R., Roitberg, A., Sagui, C., Salomon-Ferrer, R., Seabra, G.,

Simmerling, C. L., Smith, W., Swails, J., Walker, R. C., Wang, J., Wolf, R. M.,

Wu, X., and Kollman, P. A., “AMBER 14,” 2014.

[183] Brooks, B. R., Brooks, 3rd, C. L., Mackerell, Jr, A. D., Nilsson, L., Petrella,

R. J., Roux, B., Won, Y., Archontis, G., Bartels, C., Boresch, S., Caflisch, A.,



284 REFERENCES

Caves, L., Cui, Q., Dinner, A. R., Feig, M., Fischer, S., Gao, J., Hodoscek, M.,

Im, W., Kuczera, K., Lazaridis, T., Ma, J., Ovchinnikov, V., Paci, E., Pastor,

R. W., Post, C. B., Pu, J. Z., Schaefer, M., Tidor, B., Venable, R. M., Wood-

cock, H. L., Wu, X., Yang, W., York, D. M., and Karplus, M., “CHARMM: the

biomolecular simulation program,” J. Comput. Chem., vol. 30, pp. 1545–1614,

July 2009.

[184] Cornell, W. D., Cieplak, P., Bayly, C. I., Gould, I. R., Merz, K. M., Ferguson,

D. M., Spellmeyer, D. C., Fox, T., Caldwell, J. W., and Kollman, P. A., “A

second generation force field for the simulation of proteins, nucleic acids, and

organic molecules,” J. Am. Chem. Soc., vol. 117, pp. 5179–5197, May 1995.

[185] Hornak, V., Abel, R., Okur, A., Strockbine, B., Roitberg, A., and Simmerling,

C., “Comparison of multiple amber force fields and development of improved

protein backbone parameters,” Proteins, vol. 65, pp. 712–725, Nov. 2006.

[186] Lindorff-Larsen, K., Piana, S., Palmo, K., Maragakis, P., Klepeis, J. L., Dror,

R. O., and Shaw, D. E., “Improved side-chain torsion potentials for the amber

ff99SB protein force field,” Proteins, vol. 78, pp. 1950–1958, June 2010.

[187] Duan, Y., Wu, C., Chowdhury, S., Lee, M. C., Xiong, G., Zhang, W., Yang, R.,

Cieplak, P., Luo, R., Lee, T., Caldwell, J., Wang, J., and Kollman, P., “A point-

charge force field for molecular mechanics simulations of proteins based on

condensed-phase quantum mechanical calculations,” J. Comput. Chem., vol. 24,

pp. 1999–2012, Dec. 2003.

[188] Maier, J. A., Martinez, C., Kasavajhala, K., Wickstrom, L., Hauser, K. E.,

and Simmerling, C., “ff14SB: Improving the accuracy of protein side chain

and backbone parameters from ff99SB,” J. Chem. Theory Comput., vol. 11,

pp. 3696–3713, Aug. 2015.

[189] MacKerell, A. D., Bashford, D., Bellott, M., Dunbrack, R. L., Evanseck, J. D.,

Field, M. J., Fischer, S., Gao, J., Guo, H., Ha, S., Joseph-McCarthy, D., Kuchnir,



REFERENCES 285

L., Kuczera, K., Lau, F. T., Mattos, C., Michnick, S., Ngo, T., Nguyen, D. T.,

Prodhom, B., Reiher, W. E., Roux, B., Schlenkrich, M., Smith, J. C., Stote, R.,

Straub, J., Watanabe, M., Wiórkiewicz-Kuczera, J., Yin, D., and Karplus, M.,

“All-atom empirical potential for molecular modeling and dynamics studies of

proteins,” J. Phys. Chem. B, vol. 102, pp. 3586–3616, Apr. 1998.

[190] MacKerell, Jr, A. D., Banavali, N., and Foloppe, N., “Development and current

status of the CHARMM force field for nucleic acids,” Biopolymers, vol. 56,

no. 4, pp. 257–265, 2000.

[191] Jorgensen, W. L., Chandrasekhar, J., Madura, J. D., Impey, R. W., and Klein,

M. L., “Comparison of simple potential functions for simulating liquid water,”

J. Chem. Phys., vol. 79, pp. 926–935, July 1983.

[192] Kirschner, K. N., Yongye, A. B., Tschampel, S. M., González-Outeiriño, J.,

Daniels, C. R., Foley, B. L., and Woods, R. J., “GLYCAM06: a generalizable

biomolecular force field. carbohydrates,” J. Comput. Chem., vol. 29, pp. 622–

655, Mar. 2008.

[193] Dickson, C. J., Madej, B. D., Skjevik, A. A., Betz, R. M., Teigen, K., Gould,

I. R., and Walker, R. C., “Lipid14: The amber lipid force field,” J. Chem. Theory

Comput., vol. 10, pp. 865–879, Feb. 2014.

[194] Skjevik, Å. A., Madej, B. D., Walker, R. C., and Teigen, K., “LIPID11: a mod-

ular framework for lipid simulations using amber,” J. Phys. Chem. B, vol. 116,

pp. 11124–11136, Sept. 2012.

[195] Verlet, L., “Computer “experiments” on classical fluids. i. thermodynamical

properties of Lennard-Jones molecules,” Phys. Rev., vol. 159, pp. 98–103, July

1967.

[196] HOCKNEY, and W, R., “The potential calculation and some applications,”

Methods Comput. Phys., vol. 9, p. 136, 1970.



286 REFERENCES

[197] Swope, W. C., Andersen, H. C., Berens, P. H., and Wilson, K. R., “A computer

simulation method for the calculation of equilibrium constants for the formation

of physical clusters of molecules: Application to small water clusters,” J. Chem.

Phys., vol. 76, pp. 637–649, Jan. 1982.

[198] Ryckaert, J.-P., Ciccotti, G., and Berendsen, H. J. C., “Numerical integration

of the cartesian equations of motion of a system with constraints: molecular

dynamics of n-alkanes,” J. Comput. Phys., vol. 23, pp. 327–341, Mar. 1977.

[199] Hess, B., Bekker, H., Berendsen, H. J. C., and Fraaije, J. G., “LINCS: a linear

constraint solver for molecular simulations,” J. Comput. Chem., vol. 18, no. 12,

pp. 1463–1472, 1997.

[200] Mahoney, M. W. and Jorgensen, W. L., “A five-site model for liquid water and

the reproduction of the density anomaly by rigid, nonpolarizable potential func-

tions,” J. Chem. Phys., vol. 112, pp. 8910–8922, May 2000.

[201] Piggot, T. J., Holdbrook, D. A., and Khalid, S., “Electroporation of the e. coli

and s. aureus membranes: molecular dynamics simulations of complex bacterial

membranes,” J. Phys. Chem. B, vol. 115, pp. 13381–13388, Nov. 2011.

[202] Epand, R. F., Savage, P. B., and Epand, R. M., “Bacterial lipid composition and

the antimicrobial efficacy of cationic steroid compounds (ceragenins),” Biochim.

Biophys. Acta, vol. 1768, pp. 2500–2509, Oct. 2007.

[203] Tieleman, D. P., Forrest, L. R., Sansom, M. S., and Berendsen, H. J., “Lipid

properties and the orientation of aromatic residues in OmpF, influenza m2, and

alamethicin systems: molecular dynamics simulations,” Biochemistry, vol. 37,

pp. 17554–17561, Dec. 1998.

[204] Dickey, A. and Faller, R., “Examining the contributions of lipid shape and head-

group charge on bilayer behavior,” Biophys. J., vol. 95, pp. 2636–2646, Sept.

2008.



REFERENCES 287

[205] Adelman, S. A., “Generalized langevin equation approach for atom/solid-

surface scattering: General formulation for classical scattering off harmonic

solids,” J. Chem. Phys., vol. 64, no. 6, p. 2375, 1976.

[206] Bussi, G., Donadio, D., and Parrinello, M., “Canonical sampling through veloc-

ity rescaling,” J. Chem. Phys., vol. 126, p. 014101, Jan. 2007.

[207] Nosé, S., “A unified formulation of the constant temperature molecular dynam-

ics methods,” J. Chem. Phys., vol. 81, pp. 511–519, July 1984.

[208] Hoover, W. G., “Canonical dynamics: Equilibrium phase-space distributions,”

Phys. Rev. A Gen. Phys., vol. 31, pp. 1695–1697, Mar. 1985.

[209] “KALP-15 in DPPC.” http://www.bevanlab.biochem.vt.edu/Pages/Personal/

justin/gmx-tutorials/membrane_protein/07_equil2.html. Accessed: 2018-8-16.

[210] Berendsen, H. J. C., Postma, J. P. M., van Gunsteren, W. F., DiNola, A., and

Haak, J. R., “Molecular dynamics with coupling to an external bath,” J. Chem.

Phys., vol. 81, pp. 3684–3690, Oct. 1984.

[211] Parrinello, M. and Rahman, A., “Polymorphic transitions in single crystals: A

new molecular dynamics method,” J. Appl. Phys., vol. 52, pp. 7182–7190, Dec.

1981.

[212] Essmann, U., Perera, L., Berkowitz, M. L., Darden, T., Lee, H., and Peder-

sen, L. G., “A smooth particle mesh ewald method,” J. Chem. Phys., vol. 103,

pp. 8577–8593, Nov. 1995.

[213] Feig, M., Karanicolas, J., and Brooks, 3rd, C. L., “MMTSB tool set: enhanced

sampling and multiscale modeling methods for applications in structural biol-

ogy,” J. Mol. Graph. Model., vol. 22, pp. 377–395, May 2004.

[214] Frishman, D. and Argos, P., “Knowledge-based protein secondary structure as-

signment,” Proteins, vol. 23, pp. 566–579, Dec. 1995.



288 REFERENCES

[215] Humphrey, W., Dalke, A., and Schulten, K., “VMD: visual molecular dynam-

ics,” J. Mol. Graph., vol. 14, pp. 33–8, 27–8, Feb. 1996.

[216] Wu, E. L., Cheng, X., Jo, S., Rui, H., Song, K. C., Dávila-Contreras, E. M.,

Qi, Y., Lee, J., Monje-Galvan, V., Venable, R. M., Klauda, J. B., and Im, W.,

“CHARMM-GUI membrane builder toward realistic biological membrane sim-

ulations,” J. Comput. Chem., vol. 35, pp. 1997–2004, Oct. 2014.

[217] Dowhan, W., “Molecular basis for membrane phospholipid diversity: Why are

there so many lipids?,” Nov. 2003.

[218] Theobald, D. L. and Steindel, P. A., “Optimal simultaneous superpositioning of

multiple structures with missing data,” Bioinformatics, vol. 28, pp. 1972–1979,

Aug. 2012.

[219] Kozlov, S. A., Vassilevski, A. A., Feofanov, A. V., Surovoy, A. Y., Karpunin,

D. V., and Grishin, E. V., “Latarcins, antimicrobial and cytolytic peptides

from the venom of the spider lachesana tarabaevi (zodariidae) that exemplify

biomolecular diversity,” J. Biol. Chem., vol. 281, pp. 20983–20992, July 2006.

[220] Mattute, B., Knoop, F. C., and Conlon, J. M., “Kassinatuerin-1: a peptide

with broad-spectrum antimicrobial activity isolated from the skin of the hyper-

oliid frog, kassina senegalensis,” Biochem. Biophys. Res. Commun., vol. 268,

pp. 433–436, Feb. 2000.

[221] Wang, G., Li, X., and Wang, Z., “APD3: the antimicrobial peptide database as

a tool for research and education,” Nucleic Acids Res., vol. 44, pp. D1087–93,

Jan. 2016.

[222] Manzini, M. C., Perez, K. R., Riske, K. A., Bozelli, Jr, J. C., Santos, T. L.,

da Silva, M. A., Saraiva, G. K. V., Politi, M. J., Valente, A. P., Almeida, F.

C. L., Chaimovich, H., Rodrigues, M. A., Bemquerer, M. P., Schreier, S., and

Cuccovia, I. M., “Peptide:lipid ratio and membrane surface charge determine



REFERENCES 289

the mechanism of action of the antimicrobial peptide BP100. conformational

and functional studies,” Biochim. Biophys. Acta, vol. 1838, pp. 1985–1999, July

2014.

[223] Conlon, J. M., Abraham, B., Galadari, S., Knoop, F. C., Sonnevend, A.,

and Pál, T., “Antimicrobial and cytolytic properties of the frog skin pep-

tide, kassinatuerin-1 and its L- and d-lysine-substituted derivatives,” Peptides,

vol. 26, pp. 2104–2110, Nov. 2005.

[224] Dathe, M., Nikolenko, H., Meyer, J., Beyermann, M., and Bienert, M., “Opti-

mization of the antimicrobial activity of magainin peptides by modification of

charge,” FEBS Lett., vol. 501, pp. 146–150, July 2001.

[225] Jiang, Z., Vasil, A. I., Hale, J. D., Hancock, R. E. W., Vasil, M. L., and Hodges,

R. S., “Effects of net charge and the number of positively charged residues on the

biological activity of amphipathic alpha-helical cationic antimicrobial peptides,”

Biopolymers, vol. 90, no. 3, pp. 369–383, 2008.

[226] Tossi, A., Sandri, L., and Giangaspero, A., “Amphipathic, alpha-helical antimi-

crobial peptides,” Biopolymers, vol. 55, no. 1, pp. 4–30, 2000.

[227] Scott, M. G., Yan, H., and Hancock, R. E., “Biological properties of structurally

related alpha-helical cationic antimicrobial peptides,” Infect. Immun., vol. 67,

pp. 2005–2009, Apr. 1999.

[228] Tossi, A., Scocchi, M., Skerlavaj, B., and Gennaro, R., “Identification and char-

acterization of a primary antibacterial domain in CAP18, a lipopolysaccharide

binding protein from rabbit leukocytes,” FEBS Lett., vol. 339, pp. 108–112, Feb.

1994.

[229] Glukhov, E., Burrows, L. L., and Deber, C. M., “Membrane interactions of

designed cationic antimicrobial peptides: the two thresholds,” Biopolymers,

vol. 89, pp. 360–371, May 2008.



290 REFERENCES

[230] Chen, Y., Guarnieri, M. T., Vasil, A. I., Vasil, M. L., Mant, C. T., and

Hodges, R. S., “Role of peptide hydrophobicity in the mechanism of action of

alpha-helical antimicrobial peptides,” Antimicrob. Agents Chemother., vol. 51,

pp. 1398–1406, Apr. 2007.

[231] Lenz, O. and Schmid, F., “Structure of symmetric and asymmetric “ripple”

phases in lipid bilayers,” Phys. Rev. Lett., vol. 98, p. 058104, Feb. 2007.

[232] Ravensdale, J., Wong, Z., O’Brien, F., and Gregg, K., “Efficacy of antibacte-

rial peptides against Peptide-Resistant MRSA is restored by permeabilization

of bacteria membranes,” Front. Microbiol., vol. 7, p. 1745, Nov. 2016.

[233] de Vries, A. H., Yefimov, S., Mark, A. E., and Marrink, S. J., “Molecular struc-

ture of the lecithin ripple phase,” Proc. Natl. Acad. Sci. U. S. A., vol. 102,

pp. 5392–5396, Apr. 2005.

[234] Akabori, K., Structure Determination of HIV-1 Tat/Fluid Phase Membranes and

DMPC Ripple Phase Using X-Ray Scattering. Springer, Oct. 2015.

[235] Almeida, C., Lamazière, A., Filleau, A., Corvis, Y., Espeau, P., and Ayala-

Sanmartin, J., “Membrane re-arrangements and rippled phase stabilisation by

the cell penetrating peptide penetratin,” Biochim. Biophys. Acta, vol. 1858,

pp. 2584–2591, Nov. 2016.

[236] Heimburg, T., “A model for the lipid pretransition: coupling of ripple formation

with the chain-melting transition,” Biophys. J., vol. 78, pp. 1154–1165, Mar.

2000.

[237] Rappolt, M., Pabst, G., Rapp, G., Kriechbaum, M., Amenitsch, H., Krenn,

C., Bernstorff, S., and Laggner, P., “New evidence for gel-liquid crystalline

phase coexistence in the ripple phase of phosphatidylcholines,” Eur. Biophys.

J., vol. 29, no. 2, pp. 125–133, 2000.



REFERENCES 291

[238] Pérez-Peinado, C., Dias, S. A., Domingues, M. M., Benfield, A. H., Freire,

J. M., Rádis-Baptista, G., Gaspar, D., Castanho, M. A. R. B., Craik, D. J., Hen-

riques, S. T., Veiga, A. S., and Andreu, D., “Mechanisms of bacterial membrane

permeabilization by crotalicidin (ctn) and its fragment ctn(15-34), antimicrobial

peptides from rattlesnake venom,” J. Biol. Chem., vol. 293, pp. 1536–1549, Feb.

2018.

[239] Falcao, C. B., Pérez-Peinado, C., de la Torre, B. G., Mayol, X., Zamora-

Carreras, H., Jiménez, M. Á., Rádis-Baptista, G., and Andreu, D., “Structural

dissection of crotalicidin, a rattlesnake venom cathelicidin, retrieves a fragment

with antimicrobial and antitumor activity,” J. Med. Chem., vol. 58, pp. 8553–

8563, Nov. 2015.

[240] Afonin, S., Dürr, U. H. N., Wadhwani, P., Salgado, J., and Ulrich, A. S., “Solid

state NMR structure analysis of the antimicrobial peptide gramicidin S in lipid

membranes: Concentration-Dependent re-alignment and Self-Assembly as a β-

Barrel,” in Bioactive Conformation II (Peters, T., ed.), pp. 139–154, Berlin,

Heidelberg: Springer Berlin Heidelberg, 2008.

[241] Afonin, S., Grage, S. L., Ieronimo, M., Wadhwani, P., and Ulrich, A. S.,

“Temperature-dependent transmembrane insertion of the amphiphilic peptide

PGLa in lipid bilayers observed by solid state 19F NMR spectroscopy,” J. Am.

Chem. Soc., vol. 130, pp. 16512–16514, Dec. 2008.

[242] Hartmann, M., Berditsch, M., Hawecker, J., Ardakani, M. F., Gerthsen, D., and

Ulrich, A. S., “Damage of the bacterial cell envelope by antimicrobial peptides

gramicidin S and PGLa as revealed by transmission and scanning electron mi-

croscopy,” Antimicrob. Agents Chemother., vol. 54, pp. 3132–3142, Aug. 2010.

[243] James, G., Witten, D., Hastie, T., and Tibshirani, R., An Introduction to Statisti-

cal Learning: with Applications in R. 2013.



292 REFERENCES

[244] Yin, L. M., Edwards, M. A., Li, J., Yip, C. M., and Deber, C. M., “Roles

of hydrophobicity and charge distribution of cationic antimicrobial peptides in

peptide-membrane interactions,” J. Biol. Chem., vol. 287, pp. 7738–7745, Mar.

2012.

[245] Bonucci, A., Caldaroni, E., Balducci, E., and Pogni, R., “A spectroscopic study

of the aggregation state of the human antimicrobial peptide LL-37 in bacterial

versus host cell model membranes,” Biochemistry, vol. 54, pp. 6760–6768, Nov.

2015.

[246] Zelezetsky, I. and Tossi, A., “Alpha-helical antimicrobial peptides–using a se-

quence template to guide structure-activity relationship studies,” Biochim. Bio-

phys. Acta, vol. 1758, pp. 1436–1449, Sept. 2006.

[247] Fernandez-Escamilla, A.-M., Rousseau, F., Schymkowitz, J., and Serrano, L.,

“Prediction of sequence-dependent and mutational effects on the aggregation of

peptides and proteins,” Nat. Biotechnol., vol. 22, pp. 1302–1306, Oct. 2004.

[248] Conchillo-Solé, O., de Groot, N. S., Avilés, F. X., Vendrell, J., Daura, X., and

Ventura, S., “AGGRESCAN: a server for the prediction and evaluation of “hot

spots” of aggregation in polypeptides,” BMC Bioinformatics, vol. 8, p. 65, Feb.

2007.

[249] Stothard, P., “Sequence manipulation suite: Protein molecular weight.” http:

//www.bioinformatics.org/sms2/protein_mw.html, 2000. Accessed: 2018-9-19.

[250] Paz, I., Kligun, E., Bengad, B., and Mandel-Gutfreund, Y., “BindUP: a web

server for non-homology-based prediction of DNA and RNA binding proteins,”

Nucleic Acids Res., vol. 44, pp. W568–74, July 2016.

[251] Reißer, S., Strandberg, E., Steinbrecher, T., and Ulrich, A. S., “3D hydrophobic

moment vectors as a tool to characterize the surface polarity of amphiphilic

peptides,” Biophys. J., vol. 106, pp. 2385–2394, June 2014.



REFERENCES 293

[252] Dolinsky, T. J., Nielsen, J. E., McCammon, J. A., and Baker, N. A., “PDB2PQR:

an automated pipeline for the setup of Poisson-Boltzmann electrostatics calcu-

lations,” Nucleic Acids Res., vol. 32, pp. W665–7, July 2004.

[253] Decherchi, S. and Rocchia, W., “A general and robust Ray-Casting-Based al-

gorithm for triangulating surfaces at the nanoscale,” PLoS One, vol. 8, no. 4,

p. e59744, 2013.

[254] Ortiz-Lombardia, M., “APBS / re: [apbs-users] calculating dipole moment.”

https://sourceforge.net/p/apbs/mailman/message/6330862/, 2007. Accessed:

2018-9-19.

[255] Lijnzaad, P., Berendsen, H. J., and Argos, P., “A method for detecting

hydrophobic patches on protein surfaces,” Proteins, vol. 26, pp. 192–203, Oct.

1996.

[256] Hanley, J. A. and McNeil, B. J., “The meaning and use of the area under a

receiver operating characteristic (ROC) curve,” Radiology, vol. 143, pp. 29–36,

Apr. 1982.

[257] Rogozhnikov, A., “ROC curve demonstration.” http://arogozhnikov.github.io/

2015/10/05/roc-curve.html. Accessed: 2018-9-18.

[258] Kozma, D., Simon, I., and Tusnády, G. E., “PDBTM: Protein data bank of trans-

membrane proteins after 8 years,” Nucleic Acids Res., vol. 41, pp. D524–9, Jan.

2013.








