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Lay Abstract

The work in this thesis describes the development and use of computational methods to design
and predict the structure of stapled peptides. Peptides, like insulin, can be used as drugs to treat
various diseases. However, peptides can be quite easily degraded in the blood by proteases,
which can act like scissors cutting the bonds between the amino acids, allowing peptides to be
cleared by the kidneys. Peptides also generally need to be injected (e. g. insulin) as they are
not able to cross the gastrointestinal wall before being digested. Adding staples to peptides
is an emerging technology to enhance the pharmacological properties of peptides, making
peptides more stable and thus more efficient as drugs. Some stapled peptides might even be
taken orally.

In the stapling technique, unnatural amino acids are included in the peptide sequence.
Through various types of chemical reactions, the side chains of two specific unnatural amino
acids are linked and act as a brace. Such staples reduce the flexibility of the peptide by con-
straining it into a certain shape. Introducing staples can sometimes reduce the effectiveness of
proteases or/and produce peptides that binds to their target with more affinity, making them
more active. It is thought that the fact a peptide adopts a certain shape, and in particular a
helix shape, plays a large part in its enhanced properties. However not every stapled peptide
forms a helix, thus being able to predict the peptide structure, could potentially help to design
such peptides. Given the small set of available data, machine learning methods cannot be
employed because they require large amounts of data to be trained efficiently. Thus, ab-initio
method, that predicts secondary structures without prior knowledge must be employed and
Molecular Dynamic (MD) simulations have been proven useful in different reported studies.

MD simulation is a technique which uses Newton’s classical equations of motion to sim-
ulate the motions of atoms in large molecules, and it can be applied to proteins and peptides.
Following the many successes of MD to design ligands for proteins, the goal of this project
is to validate the utility of MD for the prediction of stapled peptides structure. However MD
relies on the use of forcefields in which every molecule and amino acid is described using
pre-established parameters. As stapled peptide technology is recent, there are no available
parameter set for the unnatural amino acids used to introduce the staples into peptides. In this
work, we implemented a method to facilitate the calculation these parameter sets for unnatu-
ral amino acids. We then produced parameter sets for the unnatural amino acids commonly
used in staple chemistry which had also to be compatible with the existing sets of parameters
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for natural amino acids.
To predict the conformation of peptides, MD methods that sample a large number of

conformations must be employed, thus in this work we implemented a Solute Tempering ap-
proach. Solute tempering is a form of MD, where several simulations are run in parallel, with
some of these simulations being progressively heated. Using this method facilitates the obser-
vation of structured and unstructured conformations in peptides. From our MD simulations
we have many snapshots of the peptide and we can deduce which conformations occur more
often, which in turn can be linked to the conformation of the peptide.

When designing a molecule or peptide which can bind to the surface of a protein, it might
block its interaction with other proteins. This is a desirable effect if a biomolecule is malfunc-
tioning, or, if altering the function will have some therapeutic effect.

One main goal of computer-aided drug design is to find compounds which bind into a
specific binding site, through design and computational screening. Here we developed tools to
design sequences to bind stapled peptides to these proteins, and build computational models.

We designed peptides to target the ’spike protein’, present at the surface of the SARS-
CoV-2 virions, which is responsible for the on-going COVID-19 pandemic. By designing
a peptide able to bind to this protein and by using fluorophores in the peptide sequence, it
allows, in theory, an easy detection of the virus in patient samples (e. g. saliva...), making
the diagnosis of COVID-19 cheaper and more rapid. These design strategies were then tested
through MD. By simulating a peptide bound to a protein active site, insights into the strength
of its interaction with the protein can be gained, by measuring relevant quantities, such as
distance variations between the receptor and peptide atoms, interactions between the peptide
and protein atoms. Values to quantify the conformational changes of the peptide bound and the
dissociation of the peptides are also useful. Over a hundred sequence variations of peptides
sequences were performed, thus producing a large amount of data. Using PCA (Principal
component analysis) reduces the complexity of looking at each variable separately in the data
set and also produces more relevant descriptors. PCA implements a linear combination of
variables into a fewer number of ”collective variables” and help the analysis of large numbers
of simulations.

IL-1R is a protein implicated in inflammatory response. We used tools to design stapled
peptides using different type of chemistry. We then used free Energy methods, in which
the binding energy is quantified via MD. The Free Energies can be related to a compound
affinity. And used the simulation to select the most stable design in-silico. After synthesising
the peptides and testing them against IL-1R we compared in-vitro and in-silico affinity values
of stapled peptides. Here we report the development of stapled peptides able to bind to the
IL-1R protein with a better affinity in cell assay, than any reported peptides for this protein.

In this workwe thus explored a number ofMDmethods to design and predict the properties
of stapled peptides.

iv



v

Scientific environment

The author has carried out the research reported in this dissertation at the Research Group
of the Professor Alison Hulme (LaMoRe), Department of Chemistry, Edinburgh, UK and at
UCB, Slough, UK.

We thank Medical Research Scotland (Studentship to MTJB, ref PhD-1042-2016) and
UCB for funding.



vi Scientific environment

vi



vii

Acknowledgements

First, I would like to express my gratitude to my supervisors. I would like to thank Prof.
Alison Hulme for her patience, support and insightful suggestions and Dr. Julien Michel, for
his guidance and advice. I would like to thank Dr. James O’Connell for his help, input and
suggestions on the project. I would like to extend my sincere gratitude to Dr. Terry Baker,
who, although no longer with us, continues to inspire future generations of scientists by his
wisdom and dedication to science.

I would also like to thank everyone at UCB for their warm welcome during my placements,
and I am especially grateful to Dr. Melanie Wong and Martin Domville for their technical
support and their patient explanations. I would also like to thank Dr. Ben Cossins, who
introduced me to molecular dynamics and encouraged me to start a PhD in the first place. He
also gave me substantial advice during this project.

From the University of Edinburgh, I would like to thank Prof. Manfred Auer and Dr.
Paul Barlow for their collaboration on the COVID-19 project. Also, many thanks to Dr. Phan
Nhan who developed a CONA assay, to test some of our hypotheses.

I would like to thank all present and past members of the Hulme and Michel groups who
have helped me on the project, in particular, Fergus, Richard, Toni, Salome, Jordi, Alan and
Stefano. In addition, I would like to thank Lisa, Maria, Edith and Sally for their friendship,
and for making the chemistry lab and computational office nice places to work.

I would like to thankmy flatmates Ritumba, Jarvi, Stefanie, Angelo and Errikos for keeping
me sane and making our flat a cosy and social place to come home to. I would like to thank
my friends Amaëlle, Anne, Blandine for checking in on me, and for taking my mind away
from my PhD at times. Thanks to Lana, Tiem and Scottie for the board games nights. Also,
a big thank you to all the members of the MDCC for the lovely Sunday morning cycling rides
(and coffees breaks!) over the last year.

Je voudrais remercier ma famille. Et en particulier je voudrais remercier ma mère, qui,
certainement, est ma plus grande supportrice et admiratrice. Merci pour ton soutien continu
et infaillible durant ces trois dernières decenies. Last but not least I would like to thank my
partner Seppe for his incredible support. You have tolerated many of my periods of doubts
and stress during my PhD and the writing of the thesis. I am not sure how I would have went
through without you. Nogmaals bedankt.



viii Acknowledgements

viii



ix

Abstract

Interest in the development of peptide-based therapeutics has increased in recent years, mainly
due to the relatively low toxicity of both the peptides and their metabolites, and the ready avail-
ability of building blocks and ease of synthesis, which allows for facile structural variation.
Peptide binding sites generally provide larger contact surfaces than small molecules, and some-
times more exposed interaction sites, making the regulation of large protein-protein interfaces
(PPIs) possible. However, in contrast to antibodies and other proteins, in most cases natural
short peptides (10 to 20-mers) do not retain a stable secondary conformation, which can lead
to a decreased affinity. Indeed, most of the peptide drugs that have reached the market are
exceptions, with the ability to retain a compact, stable conformation (for example macrocyclic
peptides or peptides stabilised with disulphides bridges). Thus, constrained peptides, which
are forced to retain a rigid conformation, might be better candidates for protein binding. ‘Sta-
pling’ peptides can induce an α-helical structure by introducing ’stapled’ residues acting as
a synthetic brace, holding two residues of adjacent helix-turns close together. Interest in the
development of stapled peptides has markedly increased over the last decade, due to early suc-
cesses and the increasing availability of staple precursors. The handful of successful strategies
to design these novel peptides that have already emerged are discussed in Chapter 1, together
with significant examples that have influenced research in the field.

Among computer-aided drug design techniques, Molecular Dynamics (MD) simulations
and associated methods have earned increased attention within the pharmaceutical sector due
to improvements made in the last decades. However, there are still limitations to the use of
these methods for peptide development and design, due to the lack of protocols for using
unnatural amino acids in MD workflows. In this thesis, MD simulations are used to design
peptides containing non-proteinogenic amino acids and assess their properties. In Chapter
2, the fundamental principles of computational chemistry and MD used in this project are
introduced.

Chapter 3 describes the development of a pipeline to generate and validate parameter
sets automatically, which can be applied in MD simulations for modelling unnatural amino
acids commonly used in staple chemistry. The parameters were found to be in good agree-
ment with quantum mechanics data and fully compatible with the AMBER14SB forcefield.
The unnatural amino acids also reproduced the behaviour of natural amino acids in terms
of psi/phi distribution. In Chapter 4, these parameters were integrated into a custom solute
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tempering protocol to sample the conformational space of stapled peptides. This method was
benchmarked against the more ‘traditional’ T-REMD and was found to be computationally
less intensive while producing similar sampling. A set of well-documented stapled peptides,
based on a helical peptide from the tumour suppressor protein p53, which binds the negative
regulatorMDM2, was used to probe the accuracy of theMD simulations. It was found that the
experimentally determined helical content of these stapled peptides, reported in the literature,
could be successfully reproduced.

This first validation of the new forcefields for stapled residues, allowed the development of
a computational platform to design helical peptides from known PPIs called ‘Stapline’. This
pipeline extracts key binding interactions of known protein binders and builds models that
replicate these interactions using the side chains of stapled helical peptides. The application of
the ‘Stapline’ platform to the in-silico design of two classes of stapled peptides that selectively
recognise the receptor binding domain of the “Spike” protein on the SARS-CoV-2 virus is
described in Chapter 5. The work was extended to a third class of stapled peptides, using
studies of coil systems to design peptides to the tail of the Spike protein. The binding affinity
of these fluorescent, stapled peptides to the SARS-CoV-2 virus were assessed against known
Spike-protein binding peptides in biophysical assays.

This ‘Stapline’ procedure was then integrated into a second peptide design workflow to
optimise the binding selectivity of IL1-R inhibitors as described in Chapter 6. IL1-R is a pro-
tein involved in many diseases including rheumatoid arthritis, as it is one of the key proteins
in the inflammatory pathway. Peptide inhibitors of the IL-R1/IL-1 interaction developed to
date have nanomolar potency but have short half-life. Thus, there is a need for new peptides
with improved drug-like properties. Following MD simulations, a MMPBSA (Molecular Me-
chanics Poisson-Boltzmann Surface Area) andMMGBSA (Molecular Mechanics Generalised
Born Surface Area) protocol was employed. The efficiency of this protocol in assessing the
binding of the peptides to their target, as well as predicting their interactions was evaluated.
By combining MD descriptors to quantify peptide stability and relative free energy of binding
obtained from MMPBSA and MMGBSA, we suggested favourable stapled peptide designs.
A selection of highest-ranked stapled peptide inhibitors were characterised using biophysical
techniques, including FRET, Biacore and a cell-based assay, leading to the successful identi-
fication of novel potent binders.

x
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1
Stapled Peptide Design Strategies

1.1 Introduction
Despite heavy investment in the early 21st century, a number of challenges have stalled the
development of marketable peptide therapeutic drugs. As a consequence, between 2003
and 2019 only 13 synthetic peptide drugs reached the European market.[1] But with 140
peptides in clinical development in 2019,[2] interest in this class of therapeutics is clearly
growing and constrained peptide technologies have attracted attention from larger pharma-
ceutical companies as well as academic laboratories and smaller start-ups.[3] Short peptides
with natural amino-acids usually have poor drug-like properties since they frequently have
high conformational variability, low cell penetration, and undergo rapid proteolysis; whilst
longer peptides can be challenging both to produce and deliver in cells. Some of the ear-
liest peptide drugs developed over 50 years ago, were natural hormones such as insulin,[4]
erythropoietin,[5] oxytocin,[6] secretin[7] and calcitonin,[8] which all have comparatively
high molecular masses (3 – 7 kDa). However, shorter peptides were also marketed during
the same period; including vasopressin,[9] a natural 10-mer peptide hormone. Notably the
first seven FDA-approved peptidic drugs (Insulin, Adrenocorticotropic hormone, Calcitonin,
Oxytocin, Vasopressin, Octreotide and Leuprorelin)[10] all had a stabilised, or constrained,
secondary structure, which is linked to improved resistance to proteolysis. Thus stabilisation
of secondary structure, be it through the introduction of non-peptidic fragments, backbone
modifications, or unnatural amino acids to the sequence has been a prominent feature of pep-
tide drug development since the 1990’s. Stapled peptides, whereby cross-linking of two or
more side-chains is carried out via chemical synthesis, generally have a more compact struc-
ture, enhanced cell penetration, and are more resistant to proteolysis.[11–13] Moreover, their
metabolites are relatively safe,[14] and recent studies suggest that stapled peptides offer an ad-
vantage over traditional drugs by averting the development of drug resistance.[11, 15] Hence
stapled peptides have predictably sparked a growing interest from the scientific community
since the early 2000’s and have emerged as a potential new class of drugs. A 2019 review by
Ali et al. found 78 stapled peptides where structural information has been submitted to the
protein databank (PDB),[16] of which 55 also had binding affinity reported.[16] In parallel,
the chemistry landscape for stapled peptides is continuously diversifying with a dozen “novel”
linker chemistries reported in publications in 2019.[17–20] In some instances, only very sub-
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tle differences in the staple chemistry, or stereochemistry, trigger a significant change in the
binding affinity, the pharmaceutical profile of the peptide, or give added functionality.[21–
27] Despite multiple publications and reviews describing reliable methods for the synthesis
of stapled peptides[28–33] and the commercialisation of the most common unnatural amino
acids, their synthesis remains costly and until a few years ago, non-automated. Consequently,
the synthesis and screening of stapled peptides has usually been restricted to a few dozen pep-
tides, limiting access to extensive libraries. Stabilized peptide scaffolds sit at the interface of
biologics and small-molecule drugs, and guidance for their development can be found in both
fields. In this Chapter, we focus on the successful approaches that have been published for
the design of stapled peptides that inhibit specific PPIs, and do not cover the design of stapled
peptides that act as antimicrobial peptides (AMPs). Since many stapled peptides are designed
to inhibit intracellular PPIs, they necessarily share common features with another class of pep-
tide therapeutic, the cell-penetrating peptides (CPPs).[15, 18, 34–39] We cover some of the
notable strategies that have been used to optimise the pharmacokinetic properties of stapled
peptides sequences, enhance their activity and reduce their proteolysis. But whilst we have
focussed this Chapter on these enhancements, as with other drug classes, in some cases more
‘classical approaches’ might provide a better alternative to stapling.[40, 41] Rather than high-
lighting solely standard PPI targets (e.g. p53-MDM2/MDMX[42–46] BCL9/β -catenin;[47]
BCL-2(BAX)/BCL-XL,[48] HIV gp41/10E8 antibody,[49] LEDGF-p75/HIV-IN[50]), we
have included a broad range of examples from the very recent literature to show how widely
peptide stapling is being adopted.

1.2 Defining the Primary Sequence

Cell signalling is achieved principally through a cascade of protein-protein interactions that as-
semble functionally related proteins into complexes, activating signal transduction pathways.
The protein interaction network of an organism, or interactome, generally gives a better in-
dication of its biological complexity than its genome. In 2017, Hutlin et al. estimated the
number of candidate interactions in the human interactome as 56,000; [51] specificity at the
binding interface is thus essential to ensure cell functionality. As for natural peptides, the
specificity of stapled peptides is largely ensured by the choice of the amino acids interfacing
with the target protein. The synthetic landscape is vast: using the 20 natural amino acids to
build peptides of up to five residues gives over three million possible sequences. The synthesis
of stapled peptides is more challenging than linear peptides, as they often contain unnatural
amino acid (uAA) residues that are not biosynthesised by bacteria, and can be costly to pre-
pare. In this section, we have analysed recent successes in the design of stapled peptides to
identify specific techniques used for their primary sequence optimisation.

2
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1.2.1 Natural peptide interaction sequences

Figure 1.1: Approaches to defining the primary sequence of stapled peptides. A Starting from a
natural peptide interaction sequence. B Excising a helical fragment from a protein-protein interface.
C Developing stapled peptide sequences using screening. D Computational design of stapled peptide
primary sequences.

Starting from a lead peptide with poor pharmacokinetics and improving its properties by
using stapling techniques is the most obvious route to advance the development of peptide
therapeutics. Multiple successful examples have been reported in which stapling has been
achieved across a variety of secondary structures such as helical peptides, beta-hairpins, and
‘extended’ peptides.

Figure 1.2: Peptide conformations constrained by stapling. a. (i) Crystal structure of HIF-1α (blue)
binding to p300 (green); (ii) Model of a stapled peptide (blue) derived from HIF-1α binding to p300
(green) reproducing similar contacts. Reproduced from reference [52] under Creative Commons Li-
cence CC-BY. b. Crystal structure of an extended stapled peptide (orange) derived from the HNF1β
NLS peptide which binds to mImportin α1. Reproduced from reference [53] under Creative Com-
mons Licence CC-BY.

In 2017, Wu et al. investigated the cell penetrant helical peptide, melittin.[? ] Melittin is
a naturally occurring peptide from honeybee venom that has been found to inhibit the prolif-
eration of hepatocellular carcinoma (HCC) cancerous cells. Wu et al. prepared a library of
stapled peptides by truncation and optimisation of the staple position and length, using Ver-
dine’s ring-closing metathesis method for all-hydrocarbon staple production.[54] The stapled
peptides only differed by their sequence length, the residues replaced by the staple, and the
length of the staple linker. Some of the stapled peptides exhibit enhanced binding affinity

3
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and significantly improved resistance to proteolysis over the parent peptide. The enhanced
helicity of a stapled peptide in solution often promotes its activity; stapled peptides based on
the sequence of helical, estrogen receptor (ER) coactivator peptides, show a marked increase
in helicity and enhanced Kd relative to the initial peptide whilst retaining an almost iden-
tical binding mode.58 The HIF-1α/p300 PPI plays a key role in tumour metabolism. The
HIF-1α peptide is a 40-mer containing 3 α-helical segments each of which binds p300 at
a specific site. By focusing on the largest helical segment, and using a dibromomaleimide
stapling strategy, a competitive binder of the HIF-1α peptide with increased helicity in the
bound state was reported (Figure 1.2.a).[52] Non-helical stapled peptides targeting nuclear
PPIs have also been developed in recent papers. Wiedmann et al.[53] used peptides based on
an HNF1β NLS sequence developed in the 1990’s by Lin et al.[55] and “double click” CuACC
staple chemistry,[56–58] to produce a series of constrained extended stapled peptides (Figure
1.2.b). Initial bis-triazole stapled peptides had reduced binding affinity for their protein target
relative to the peptide lead. After further optimisation of the linker length, a stapled peptide
with an equivalent low micromolar Kd was generated. Crucially, cell penetration was only
observed for the stapled peptide. McGrath et al. have designed a constrained peptide that
binds to the WDR domain of Transducin-like Enhancer (TLE). The design was based on a
peptide derived from a transcription factor binding partner.[59] Stapling this short peptide was
achieved by linking the indole moiety of the N-terminal tryptophan to the C-terminal proline
via ring-closing metathesis. X-ray analysis showed that the binding mode was almost identical
to that of the initial peptide with an approximately 6-fold higher affinity of the stapled peptide
over its acyclic counterpart.[55]

1.2.2 Excision of a helical fragment from a protein-protein interface

Frequently structural data for a PPI implicated in a disease is available, but no peptide binders
have been reported. If the binding interface includes one short contiguous protein segment,
this becomes a convenient starting point for the development of a therapeutic peptide. If the
secondary structure of the interacting protein segment promotes the positioning of the PPI
interacting residues, peptide stapling is most likely to reproduce the native contacts. Indeed,
McWhinnie et al. have reported three hydrocarbon-stapled peptide series which reproduce the
secondary structure of the native protein they were extracted from (αSyn, CKS1 and CK1α)
with high fidelity, whereas the unstapled natural sequences displayed almost no secondary
structure content (Figure 1.3.a).[60] Similarly, Wang et al. have isolated a minimum helical
motif from the coiled-coil region identified in the crystal structure of the respiratory syncy-
tial virus fusion (RSV-F) protein,[61] and then enhanced the helicity of this initial peptide
sequence using computational mutagenesis and all-hydrocarbon peptide stapling, achieving a
corresponding two-fold improvement in binding affinity.

Successful examples of a peptide excision strategy applied to the generation of all-

4
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Figure 1.3: Excision strategies in the design of stapled peptides. a. NMR Structures of three stapled
peptides derived from (A) αSyn (purple), (B) Cks1 (orange) and (C) CK1α (blue) aligned with their
initial protein segment (green). PDB codes 1XQ8, 2AST and 1CK1. Reproduced with permission
from reference [60]. b Design of a stapled peptide (orange) from the excision of the junction domain
of Plasmodium falciparum Calcium-Dependent Protein Kinase 1 (orange) in a catalytically inactive
state. Calmodulin-like domain and kinase domain shown in blue and gray respectively. PDB code
3KU2. Reproduced with permission from reference [62].

hydrocarbon stapled peptides include: stapled peptides which block the helix-helix interfaces
found in the coiled-coil region of the gp41 protein with potent anti-viral activity against HIV-
1;[63] stapled peptides which mimic the junction domain of Plasmodium falciparum calcium-
dependent protein kinase 1 (PfCDPK1) (Figure 1.3.b) to disrupt J-domain binding and pro-
vide allosteric inhibition of PfCDPK1 activity, blocking malarial parasite development;[62]
stapled peptides extracted from the dimerization interface of bone morphogenetic protein-2
(BMP-2) which is a possible target for bone repair therapies;[64] stapled peptides which target
the nuclear transcription factor NF-Y, a therapeutic target implicated in various diseases such
as cancers and neurodegeneration.[65] Clearly, the success of these strategies has relied on
the availability of crystallographic data and amino acid building blocks to readily synthesise
stapled peptide sequences.

1.2.3 Stapled peptide sequences from biological screening
Until very recently, many popular biological approaches used for the development of peptide
therapeutic leads (e.g. phage display,[66] ribosome display,[67] mRNA-display,[68] bacte-
rial or yeast surface display[69]) could not be applied to the development of stapled peptides
due to the need to incorporate unnatural amino acids, and stapling reaction protocols harm-
ful to bacteria or phages. Instead, such screening methodologies are used to identify initial
peptide leads that are then optimised into stapled variants. To illustrate, Achek et al. discov-
ered the first peptide inhibitor of TLR4, a key target for the treatment of rheumatoid arthritis,
using phage display techniques and lactam stapling which increased the helicity of the initial

5
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peptide and improved its IC50 two-fold over its unstapled variant.[70] Developments in sta-
pling methodologies now allow biological screening to be applied to stapled peptides, where
the staple is introduced through cysteine alkylation. In this instance, no uAA incorporation is
required, and the cross-linking reaction can be conducted under mild, dilute conditions that
are not deleterious to phages. Using a phage library based on the axin α-helix (Figure 1.4.a),
Diderich et al. were able to generate a cysteine-stapled peptide PPI inhibitor for β -catenin
which showed nanomolar activity in a fluorescence polarization competition assay.[71] Using
the same approach with biphenyl linkers, Anananuchatkul et al. produced micromolar binders
of Galectin-3.[72] The cysteine alkylation approach has been extended to the incorporation of
α-methyl substituted cysteine using a strategy based on the mRNA display of peptides (Figure
1.4.b). This uAA has been shown to increase the helical propensity of the cysteine-stapled
peptide, giving similar properties to related all-hydrocarbon stapled peptides with α-methyl
substitution.[73] Since mRNA display can create libraries that are several orders of magni-
tude larger than on-bead or phage display libraries, this could be a very powerful strategy for
the generation of new stapled peptide leads.

Figure 1.4: Adapting biological methods to the rapid screening of stapled peptides. a. cysteine
crosslinking stapling procedure allows phage display screening of stapled peptides without the need
for uAA incorporation. Reproduced with permission from reference [71]. b. The display of peptides
incorporating α-methyl substituted cysteine on mRNA allows screening of large libraries of stapled
peptides. Reproduced from reference [73] under Creative Commons Licence CC-BY-NC.

1.2.4 Computational design of stapled peptide sequences
Analysis of structures of protein-peptide complexes derived from X-ray diffracted crystals,
NMR measurements or MD simulations is another effective approach to design of stapled
peptide sequences (Figure 1.1.d). The most straightforward analyses rely on interactive 3D
visualisation of structures using popular molecular graphics software such as as Pymol.[74]
The position and spacing of hydrogen bonds and hydrophobic contacts at a binding interface
allow key residues to be inferred. When multiple structures of related peptides are avail-
able it may be possible to deduce conformational changes that occur upon binding linear se-
quences to direct staple optimisation.[75, 76] A complementary computational approach to
this structure-based design of stapled peptides involves extracting functionally significant pat-
terns from the sequences of naturally occurring peptides and re-using these leads to design de

6
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novo peptides. This type of bioinformatics approach requires large databases of peptides with
known activity and consequently has not yet played a major role in stapled peptide design,
owing to the comparatively small number of such datasets in the literature. Howerer, fast and
reliable methods such as AGADIR[77] could potentially be used prior to the introduction of
staples to enhance the overall propensity of a peptide sequence to fold into an α-helix.[78]
The reader is directed to an extended review of AMP databases and data mining by Porto et
al. for further details.[79] MD simulations enhance structure-based visualisation methods for
peptide design by providing information about molecular flexibility, and estimates of bind-
ing energetics. MD simulations may be used on their own, but also in conjunction with other
computational methods, such as free energy calculations, metadynamics, steered MD, parallel
MD, and other methods which overcome limitations inherent to Boltzmann sampling.[80–85]
In theory, any MD method for the design of peptides could be adapted to stapled peptides.
However, a major limitation currently is the availability of high quality parameter sets to
model the energetics of unnatural amino acids. To date, only a few MD methods have been
applied to stapled peptides. Fragment-based approaches, such as those applied to the devel-
opment of small molecule binders and to predicting binding pockets, have been successfully
transposed to the design of stapled peptides by Tan et al. who used a fragment screen on
MDM2 to optimise the placement of both aromatic and staple residues in their peptide lead
(Figure 1.5.a).[86] TheMELD accelerated sampling technique, which uses a Hamiltonian and
temperature replica exchange approach, accurately predict binding poses of stapled peptides
where key interactions are known, and also predicts the binding energy of peptides (Figure
1.5.b).[87, 88] Free energy perturbations (FEP) can be used to improve a given sequence; typ-
ically a virtual alanine scan is conducted and the free energy is computed to measure the effect
of changes,[89] or to enhance the binding properties of the peptide.[90] Despite advances in
FEP methods for macrocycles,[91, 92] application of this method to stapled peptides could
suffer from complications if the mutations occurred at the staple residues. As an example,
Valiente et al. describe the use of FEP methods for sequence selection, combined with um-
brella sampling calculations to estimate binding free energies of the modelled stapled-peptides
the target receptor BCLXl.[93] The binding energy between a peptide and protein can also
be estimated with the Molecular Mechanics/Poisson Boltzmann Surface Area (MM/PBSA)
or Molecular Mechanics/Generalized Born Surface Area (MM/GBSA) methods.[94] In these
methods, molecular dynamics simulations of the receptor-ligand complex in explicit, or im-
plicit, solvent are run to calculate the free energy of solvation of the complex. A few examples
of application ofMM/GBSA to stapled peptides have been reported, which helped understand
the role of hydration and flexibility in stapled-peptide binding.[44, 95–97]

Using docking algorithms to predict specific binding poses for large ligands and peptides
is more challenging than for typical drug-like small molecules. Firstly, the PPI binding sur-
face is usually larger and lacking in distinct features, with more hydrophobic contacts than
binding pockets for small molecules.[90] Secondly, the conformational landscape of peptides

7
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Figure 1.5: Adapting computational methods to the study of stapled peptides. A Location of fragments
observed in MD simulations (orange) shows the initial hotspots used for the design of a stapled peptide.
Reproduced with permission from reference [86]. B MELD sampling swaps two states: peptide A
bound to the target with B in an unbound reference state (left); and peptide B bound with A in a
reference state (right). The ratio of populations in the two states relates to the free energy difference
ΔGMELD. Reproduced with permission from reference [87]. C Peptide docking software, such as
CABS-dock, shows that the peptide (blue) docks in the original binding site (purple). Reproduced
from reference [98] under Creative Commons Licence CC-BY.

is broader due to the large number of backbone and side-chain torsional degrees of freedoms
that typically exceeds the sampling capabilities of most docking algorithms. Several meth-
ods have been designed to overcome the difficulties arising from docking peptides, such as
allowing side-chain flexibility, or rearrangement, during docking.[83] In practice the more
effective docking protocols for peptides are based on protein docking algorithms rather than
small molecule docking algorithms. Applications of docking algorythms include publications
by Ciemny et al. who successfully modelled the flexible regions during p53 peptide binding to
the MDM2 protein receptor, using the CABS-dock method which accommodates large-scale
structural rearrangements (Figure 1.5C);[98] and Tiwari et al. who successfully modelled
docking of the p53-activating peptide ATSP-7041 to albumin,[35] using the protein-protein
docking program ATTRACT.[44, 99]

1.2.5 Analysis of the primary sequences of PDB-deposited stapled pep-
tides

An analysis of crystallographic data for protein-bound stapled peptides allows several con-
clusions to be drawn regarding their primary sequences. The comparatively high content of
unnatural amino acids reflects the relatively short length of stapled-peptide sequences (12-
20 residues) that incorporate one, or sometimes two, staples (Figure 1.6). Previous analysis
of protein-protein interactions found that hotspots are enriched in tryptophan, arginine, and
tyrosines compared to the rest of the protein.[100] Positively charged amino acid residues
are over-represented in bound stapled peptides (Figure 1.6.B), consistent with their introduc-
tion to enhance solubility,[101–103] and cell-permeability. However, as noted by Bird et
al.,[104] an important balance must be struck between achieving cellular uptake by stapled
peptides, whilst avoiding membrane disruption. Tryptophan, which seems to enhance cellular
uptake through favourable membrane interactions,[105–107] and also promotes helicity,[108]

8
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Figure 1.6: Analysis of the primary amino acid sequences of stapled peptides targeting PPIs (see
ESI). (A) Amino acid distribution in bound stapled peptides from 63 structures in the PDB (Table
A.2). (B) Occurrence of amino acid residues in stapled peptides normalized to their natural abundance
in proteins.

is over-represented in stapled peptides in the PDB compared to its natural abundance in pro-
teins. Other values are consistent with amino acids identified as either inducing (leucine)[109]
or breaking (glycine, proline, aspartate, threonine, glutamate) helicity.[110, 111]

1.3 Selection and placement of the staple residues
The selection and placement of the staple in stapled peptides requires many considerations,
including how to stabilise a desired secondary structure,[112] whilst retaining sufficient flex-
ibility to allow binding; how to retain, or even enhance, biological activity through protein-
staple interactions; and how to influence the activity of the stapled peptide by enhancing cell
penetration. Typically these parameters are explored sequentially and as for natural pep-
tides, libraries of stapled peptides can be constituted and scanned against the target protein
via different detection methods (PCR, ELISA, NMR HSQC).[113] For example, Araghi et
al. optimised the sequence of MS1, a native peptide binding to Mcl-1, by first introducing an
RCM staple which gave a two-fold improvement in binding affinity.[114, 115] A library of
hundreds of stapled peptides was then generated, which focussed on amino acid mutations at
key positions using natural and unnatural amino acids; fluorescence-based on-bead screening
was used for hit detection.[115]

1.3.1 Stabilising secondary structure
The α-helix is a common motif in protein-protein recognition. A survey of the Protein Data
Bank conducted in 2009, suggested that 62% of protein complexes (out of 9,339) present α-
helical content at their interfaces, and that less than 2% of the studied cases could be targetable

9
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using a small molecule strategy.[116]α-helical peptides, and helical peptidesmimetics present
some of the most attractive alternative approaches for the design of biological tools and ther-
apeutics. Staple chemistries which favour α-helicity are ones which link residues spaced by
one or more turns of the helix (3/4 residues for one turn, 7 residues for two turns, 11 residues
for 3 turns). Due to the increasing popularity of this strategy, stapling chemistries that give
rise to α-helices have been extensively reviewed in recent years.[16, 58, 117–122] They can
be grouped into one-and two-component strategies depending on whether the staple is formed
using an external cross-linking agent or not. One-component strategies using natural amino
acids consist mostly of lactam bridge formation, whilst those employing uAAs are dominated
by all-hydrocarbon staples generated by RCM reactions between two alkene side-chains and
“click” staples generated through CuAAC reactions between azide and alkyne side-chains, or
thiol-ene reactions between thiol and alkene side-chains. Two-component strategies tend to
rely on cross-linking two natural cysteine residues with a bifunctional linker, or on the use of
double-click reactions coupling across two azide-containing uAAs. Over 75% of α-helical
stapled peptides in the PDB have a clear ‘hydrophobic moment’ with one helical face enriched
in hydrophobic residues and one face enriched in hydrophilic residues (Table A.2).

The introduction of a staple generally improves the therapeutic properties of individual
peptides as well as their helicity, but increased helicity does not necessarily correlate with ei-
ther an increase in binding affinity or in cell permeability.[123–126] Sim et al. demonstrated
that a staple could change the dynamics of peptide-protein interactions not only through con-
straining the conformation of the peptide but also by altering the hydration properties.[127]
In their computational study of the interactions of a stapled peptide with MDM2, they deter-
mined that a hydrophobic staple creates a confined space between the protein and the staple
that traps waters, thus decreasing the ‘dewetting’ barrier of the binding event. However, there
are only a very few studies in which the effect of different staple chemistries on helicity have
been explored (e.g. de Araujo et al.,[128] Tian et al.[129]), with most studies to date based
on the preferred stapling methodology of the chemist generating the peptide. Thus, it is not
yet possible to conclude which is the “best” staple for stabilising the structure of α-helical
peptides. Whilst most staple chemistries have been optimised for helical peptides, some other
motifs have been explored. For example, a series of stapled tankyrase inhibitors have been
generated based upon a published 10 amino acid sequence; the most potent stapled peptide
was shown to bind through the same key interacting residues, with a β -hairpin secondary
structure.[97] Loops are another structural feature that can easily be achieved by multivalent
linkers by thio-alkylation of cysteine residues as described by Brown et al.[130] and Tim-
merman et al.[131] No specific residue spacing is required and loops of different sizes can
be obtained with this method; multi-functional cysteine cross-linkers permit the formation of
multiple loops. Peptides in loop conformations display a larger and more complex contact area
with the protein, and usually, the linker interacts directly with the protein surface.[97, 132]

10
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1.3.2 Optimising biological activity
In general, the first step in optimising stapled peptides for a macromolecular target is the iden-
tification of appropriate sites for the incorporation of the non-natural amino acids used to form
the cross-link. This is usually achieved by studying crystallographic, NMR or computational
structural data; residues that are not involved in target recognition can be selected as poten-
tial sites for staple positioning, typically with i,i+3; i,i+4; or i,i+7 spacing depending on the
staple chemistry to be employed. Biological or computational alanine scanning is frequently
used to determine how to minimise the effect of introducing a staple on the desired biological
activity.[96, 115, 133] Residues are successively mutated to alanine, and the residues confer-
ring the least loss of activity upon mutation are chosen for the placement of staple residues.
The length of linker used for the stapling process may be adjusted to match the optimum spac-
ing identified by such scanning methods (e.g. stapling across residues spaced at i,i+7 rather
than i,i+4).[41, 89, 134, 135]

Lau et al. investigated the p53/MDM2 interaction with peptides constrained using a dou-
ble click staple chemistry. Variations in the staple position and length were explored with
a library of 24 peptides and a competitive fluorescence anisotropy assay to detect peptide
binding.[136] Correspondingly, Lalonde et al. scanned all possible lactam staple positions
(i,i+4 and i,i+7) on a series of ghrelin peptides; testing their affinity for the growth hor-
mone secretagogue receptor type 1a (GHS-R1a) to determine their potential use as imaging
probes.[137] Examination of deposited stapled peptide sequences in the PDB (Table A.2)
suggests there is no inherently preferred position for the staple in the overall amino acid se-
quence. Another design consideration is matching the hydrophobicity of the staple to the
protein interface. If the protein interface presents an extended, open hydrophobic surface, en-
ergetically favourable contacts with the staple may be possible. This situation is particularly
favourable for all-hydrocarbon staples formed through RCM. The estrogen receptor (ER) has
an extensive hydrophobic binding interface, permitting hydrophobic interactions between the
all-hydrocarbon staple of stapled SRC2-BCP1 peptide with the protein (Table 1.1, PDB code
5WGQ).[12] Similarly it was shown for the non-helical stapled bicyclic peptide Grb7-B4 bind-
ing to the Grb7-SH2 subdomain that interactions between the RCM staple and protein were
required for high-affinity binding (Table 1.1, PDB code 5EEQ).[132] However, staple-protein
hydrophobic contacts have been observed in other types of stapled peptides, e.g. to staples
formed using a two-component double strain-promoted cyclisation with a cyclodiyne cross-
linker which also have a large hydrophobic contact surface (Table 1.1, PDB code 5AFG).[138]
In contrast, if the binding surface of the protein is narrower, or cleft-like, the staple may be di-
rected towards the solvent. The binding interface of nuclear receptor coactivator 1 (NCOA1)
has a more restricted surface and the hydrophobic staple of a stapled peptide derived from its
binding partner YL-2 directly faces the solvent (Table 1.1, PDB code 5Y7W).[139]

11
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Table 1.1: Examples of stapled-peptide protein interactions. Protein-peptide interaction PDB Code
Staple Staple interaction with protein surface Staple angle

1.3.3 Analysis of the primary sequences of PDB-deposited stapled pep-
tides

An analysis of crystal structures in the PDB (Table A.2) indicates that staples can adopt a broad
range of orientations towards the protein surface or solvent (Figure 1.7.a). The most frequent
depositions arise from the use of all hydrocarbon staples at either i,i+4 or i,i+7 spacing (red
and blue points, Figure 1.7.a). The surface area of the protein in contact with the stapled
peptide varies from 700 Å2 to 3000 Å2, with an average value of 1550 Å2. The mean value
for the surface hydrophobicity was found to be close to zero, indicating that stapled peptides
can bind both polar and hydrophobic surfaces. The staple angle (θ ) is defined as the angle from
the centre of mass of the peptide, to two points representing the centre of mass of the protein,
and the centre of mass of the staple residues (when all three are translated into the same plane
as shown in Figure 1.7.b). This angle is thus an approximation of the angle between the side-
chain of the stapled residues and a normal vector to the surface of the protein. In the dataset
θ varies between 40° and 180°, with an average value of 103°. A weak correlation (0.34) is
observed between this staple angle and the hydrophobicity of the protein surface to which it is
bound. This relatively modest correlation is in part due to the difficulty in comparing bound

12
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Figure 1.7: Analysis of the staple angle θ for 42 protein-bound, stapled peptide structures found in
the PDB (see ESI). A Plot of staple angle θ against the protein surface hydrophobicity with staple
residues coloured by staple type. Surface hydrophobicity was calculated using the solvent-accessible
surface area (SASA) of each amino acid present at the binding surface, multiplied by its Eisenberg
value (Table A.1)[140] divided by the total area of the binding surface. More positive values denote
more hydrophobic interfaces. Staple angle θ was calculated by translation (black arrows) of the centre
of mass of the protein (blue sphere) and the centre of mass of the staple residues (yellow sphere) to
the plane defined by the vector of the helix (red/green axis) and the centre of mass of the helix (green
sphere). Illustrated for PDB structure 3MK8 in B (i) and (ii).

stapled peptides, where proteins wrap around the stapled peptides differently, with one, two, or
sometimes even three, interfaces with the stapled peptide. Thus the angle of the staple residues
to the protein surface is not always directly equivalent to the angle made by the centre of mass
of the staple residues to the centre of mass of the protein used in this analysis. Nevertheless,
there is a trend which indicates that for all staple chemistries, the more hydrophobic the PPI
surface is, the more the staple will tend to lean towards it (low θ ) and the more polar the
surface, the more the staple will be oriented away from it (high θ ). Overall this indicates
that consideration of the protein surface hydrophobicity may be a useful strategy in general,
but detailed investigation of specific binding site features remains important to guide staple
placement.

13
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1.3.4 Ranking cell penetration by staple chemistry
In their study, Lau et al. developed helical peptides with nanomolar affinity to MDM2 us-
ing an i,i+7 double-click stapling technique. However, some of the most potent binders of
MDM2 were found to be inactive in a p53 reporter cellular assay due to poor uptake.[136]
Only a few studies have directly compared the effects of different types of staple chemistry on
similar sequences, therefore it is difficult to generalise about the impact of staples on factors
such as helicity, or cell uptake.[29] Maximising helicity has been one of the principal aims
of many chemical studies, but it has been shown that flexibility in macrocyclic structures is
often critical in allowing a peptide to cross the cellular lipid membrane.[141] To compare the
effect of staple chemistries, Araujo et al. studied the stapling of a penta-alanine peptide and
concluded that a lactam bridge leads to the most helical peptides, followed by hydrocarbon
and triazole staples.[128] Tian et al. also concluded that for a 12-mer peptide sequence in
an aqueous solution, the highest helicity was observed for lactam and all-hydrocarbon stapled
peptides followed by triazole stapled peptides, while the helicity of a m-xylene bridged peptide
was only increased by 10 % over the natural sequence.[129] But notably they discovered that
the highest cell permeability was recorded for all-hydrocarbon and perfluorobenzene stapled
peptides, which also have the highest hydrophobicity; a result which was consistent across four
cell lines tested. Muppidi et al. used a series of aryl and vinylaryl groups to cross link i,i+7
cysteine residues by alkylation; they also found a correlation between cell permeability and
hydrophobicity.[142] Finally, Nielsen et al. found that whilst orally bioavailable cyclic pep-
tides frequently violate the “Rule of 5” for small molecules with aMW>500, their lipophilicity
still tends to conform, with values in the range LogP = 0 to 5.147

1.4 Adding functionality to stapled peptides
Functionality may be readily added to stapled peptides through the addition of further residues
to the primary sequence. For example, Dougherty et al. have shown that the addition of cell-
penetrating peptide (CPP) sequences, can be used to enhance the cellular uptake of stapled
peptides.[143] Addition of a cyclic CPP to the C-terminus of a stapled peptide which binds
MDM2, resulted in improved cytosolic delivery and cellular EC50 values equivalent to the
small molecule inhibitor, nutlin 3a. Alternatively, the addition of E3 ligase targeting pep-
tide sequences to stapled peptides has been explored by Jiang et al., in the construction of
a proteolysis-targeting chimera (PROTAC).[144] TD-PERM, a stapled peptide with proven
activity against Estrogen Receptor α (ERα), was linked to a pentapeptide which binds the Von
Hippel−Lindau (VHL) E3 ligase. The resultant hetero bi-functional TD-PROTAC induced
degradation of ERα in a proteasome-dependent manner inhibited the proliferation of ERα-
positive breast cancer cells and led to tumour regression in an MCF-7 mouse xenograft model.
Successful strategies for functionalising the staple component of a stapled peptide require
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1.4 Adding functionality to stapled peptides 15

chemistry which is orthogonal to that of the peptide. It is generally easier to introduce addi-
tional functionality to staples formed using a bi-component strategy (cysteine cross-linking,
double CuAAC etc.) than their mono-component counterparts (all-hydrocarbon RCM, mono
CuAAC etc.). Staple functionalisation may be used to add functional groups to track, or
solubilise, the stapled peptide (Figure 1.8.a); to modulate the activity of the stapled peptide
(1.8.b); or to polymerise the peptide, giving rise to multivalent species (Figure 1.8.c).

Figure 1.8: Adding functionality to the stapled peptide. A Attachment of functional groups. B Mod-
ulation of stapled peptide function. C Stapled peptide polymerisation.

1.4.1 Attachment of functional groups
Fluorescence is often used to follow the uptake of peptides into cell and tissues and a range
of methods have been developed to attach fluorescent probes to peptides.[145] However, it
has been shown than the fluorescent moiety itself can induce changes in peptide uptake.[146]
Todorovic et al. have developed a one-pot stapling strategy which couples a cysteine and an
amine-terminated amino acid in the presence of ortho-phthalaldehydes forming an isoindole-
bridged peptide which is inherently fluorescent (Figure 1.9.a).[20] Functionalisation is not
limited to fluorescence, and Wu et al., describe a library of functionalised dialkynyl link-
ers compatible with double CuAAC stapling of peptides (Figure 1.9.b); these include linkers
with additional non-peptidic polyamines and nuclear targeting peptides.[? ] It was shown
that in vitro binding affinity for MDM2 was not significantly affected by the linker chem-
istry; but positively charged residues enhanced both cellular uptake and target engagement in
cell reporter assays. Two different approaches to modifying the pharmacokinetics of stapled
peptides through staple PEG-ylation have been explored. Xiao et al. used a one-component
strategy to explore the effects of PEG-ylation on the conformational stability of the β -sheet
WWdomain, using amino acids containing both PEGmotifs and an alkene function and RCM
to cross-link the staple.[147] In contrast, Tian et al. used a bis-cysteine alkylation strategy and
a linker containing the PEG motif to probe the dual agonist activity of a series of stapled pep-
tides against GLP-1R and GCGR (Figure 1.9.c).[148] A large selection of chemistries have
been adapted to peptides and allow some modulation for specific added functionality. Vasco
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16 1. Stapled Peptide Design Strategies

et al. developed an Ugi reaction operating on modified side-chains can both stabilize an α-
turn and introduce N-functionalization on the lactam bridge (Figure 1.9.d).[149] Assem et al.
reported the chemical linking of thiol by acetone further functionalised on the ketone moiety
with diverse molecular tags by oxime ligation (Figure 1.9.e).[150] In addition to stabilizing
helical structures, this functionalisation provide opportunities to improve both peptide-target
interactions and other peptide properties.

Figure 1.9: Attachment of functional groups using: A. an isoindole bridging group; B double CuAAC
stapling; C bis-cysteine alkylation; D an Ugi multicomponent reaction; and E acetone crosslinking with
oxime functionalisation.

1.4.2 Modulation of stapled peptide function
The helicity of stapled peptides can be made photoswitchable by incorporating a photo-
isomerisable group into the staple itself. UV or visible light irradiation enables both spatial and
temporal control in investigating the effects of helicity on, for example, target binding.[151]
Brendenbeck et al. reported the first azobenzene-based photoswitchable stapled peptide,[152]
in which the central azobenzene linker was coupled to i,i+7 spaced cysteine residues via two
2-iodoacetamide groups. In a related approach, Hoppmann et al. developed a photoswitch-
able azo-benzene based click amino acid which could be incorporated into peptide sequences
and stapled to a cysteine residue at the i+4 position using thiol-ene chemistry.[153] In an al-
ternative approach to photoswitching, Madden et al. developed a non-reversible staple which
can be formed in situ by a nitrile imine-mediated cycloaddition reaction when peptides are
irradiated at 302 nm.[154] The benzyl-pyrazole group produced by this stapling process is
fluorescent which allows it to be tracked in cells.[154]
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1.4.3 Stapled peptide oligo-/polymerisation

Oligo-/polymerisation enhances the protease resistance of stapled peptides and provides mul-
tivalent interactions; hence several different strategies have been reported. Tran et al. have
developed a CuAAC-based polymerisation approach in which 1,3,5-triethynylbenzene is used
to staple across i,i+7 spaced azido residues on the peptide. This leaves a further alkyne on the
staple which can be dimerised using a bis-azido linker and a second CuACC reaction.[155] In
an alternative approach, Lee et al. have developed a ‘stapling polymerisation’ procedure which
allows the synthesis of multimers with 3-16 embedded helical peptides.[156] Acryloyl groups
were added to the side-chains of lysine residues at i,i+7 positions in the peptide sequence and
free radical polymerisation was achieved in the presence of acrylamide monomer.

1.5 Enhancing therapeutic delivery

The four main routes of drug administration are oral, intravenous and subcutaneous injection,
and transdermal delivery (Figure 1.10). Oral and transdermal delivery are often considered as
the best routes of administration as they are painless, non-invasive and do not require trained
medical personnel.[157] Most peptide therapeutics are subject to rapid proteolysis, which ex-
plains their generally poor pharmacokinetics; proteases are found throughout the body, but
mostly in the gastrointestinal (GI) tract, liver, kidneys, and blood.[122] Major contributors
to metabolism (e.g. trypsin and chymotrypsin) generally hydrolyse peptide bonds between
specific amino acids; thus to improve short half-lives mutation and/or rearrangement of the
primary amino acid sequence can be performed to avoid protease-cleavage sites. Kim et al.
introduced single amino acid substitutions in GNU derivatives and produced AMPs resistant
to proteases.[158] Tools such as Pepcutter,[159] which uses the initial sequence and a library
of the most common proteases and their associated cleavage sites to predict the susceptibility
of a peptide towards hydrolysis, can be used to optimise the primary sequence. Constraining
a peptide through stapling has been shown to enhance the stability of peptides towards pro-
teolysis in several studies.[160, 161] A second challenge for hydrophilic peptide therapeutics
is rapid renal clearance from the blood, which prevents efficient uptake in tissues. Binding
to albumin and other proteins reduces renal filtration, and peptide conjugation to PEG, or a
lipophilic moiety, can also improve serum half-life. Pessi et al. produced a doubly lactam-
bridged stapled peptide conjugated to cholesterol which acts as fusion inhibitor for the Ebola
virus;[162] they reported an extended serum half-life for the cholesterol-conjugated peptide
allowing daily dosing. Finally, the amino acid sequence of a peptide affects its propensity to
aggregate, to form either amorphous or amyloid-like fibrils; a number of programmes are now
available to predict this, based on contributing factors such as hydrophobicity, charge state,
and β -sheet forming propensity. [163–166]
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18 1. Stapled Peptide Design Strategies

Figure 1.10: Barriers to the therapeutic delivery of stapled peptides. A Peptides administered orally
are subject to low pH and degradation by proteases; B Peptides administered intravenously appear
as a high initial burst, but are subject to degradation by serum proteases. C Peptides administered
transdermally must pass multiple layers of the epithelium.

1.5.1 Oral delivery
Oral delivery is the most frequently employed drug delivery mode, but it is also the most
challenging for peptides (Figure 1.10.a). Under the acidic conditions of the GI tract (as
low as pH 1.0 – 3.0) some amino acids form by-products, for example cysteine, methion-
ine and tryptophan are all susceptible to oxidation. Substitution of these sensitive amino
acids (e.g. norleucine for methionine, and serine for cysteine) can increase peptide stability
whilst retaining activity. N-terminal glutamine is also unstable at low pH and replacing this
amino acid, or using an acetate capping group, can prevent its cyclisation.[167, 168] Orally
available peptides drugs have on average 8.7 HBA and 4.5 HBD;[169] it is thought that the
highly acidic conditions of the GI tract disrupt backbone hydrogen bonding, destabilizing he-
lical and beta-sheet conformations and making peptides more susceptible to proteases. The
number of rotatable bonds in a peptide is also inversely correlated with oral bioavailabil-
ity and most successful orally-available peptides marketed to date are cyclic peptides (e.g.
cyclosporine).[170, 171] In the case of stapled peptides, the improved stability arising from
side-chain cross-linking can enable absorption, as seen with a 36-residue double-stapled pep-
tide following oral gavage.[172] Finally, enhanced lipophilicity can be used to increase the
half-lives of peptides; fatty acid conjugation of GLP-1 analogues has been shown to increase
their half-life from 10-12 h to days.[138]

As a second challenge, the gut epithelium is composed of multiple layers of cells and mu-
cus, which the peptide therapeutic must cross. Four modes of transport are available: passive
diffusion through the cells (transcellular) and through intercellular junctions (paracellular); by
endocytosis followed by endosomal release; or by receptor-mediated mechanisms.[173] Pep-
tides with MW>700 Da have only limited paracellular permeation in intestinal epithelia,[174,
175] and an upper limit to permeation has been suggested as MW 3.5 kDa by Rubas et
al.[176, 177] However, Ji et al. have reported the oral absorption of a 5.3 kDa cyclotide
targeting intracellular MDM2.[178] The doses used in this study were high (40 mg/kg), and
the peptide was administered in 5% dextrose, which is known to enhance intestinal perme-
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1.5 Enhancing therapeutic delivery 19

ability; but evidence of activity after oral administration against this intracellular target was
reported. The MW of current oral peptide therapeutics is typically around 800 Da and does
not generally exceed 2000 Da.[169]

1.5.2 Intravenous and subcutaneous injection
Intravenous or subcutaneous injections currently represent the main delivery method for pep-
tide therapeutics.[179] Drugs injected intravenously have a high initial bioavailability (Figure
1.10.b) as this is defined as the proportion of a drug that is available in the bloodstream. Sub-
cutaneous injection does lead to a slightly greater variability in bioavailability, since peptides
with a higher molecular weight have been linked to a greater absorption by the lymphatic sys-
tem rather than the blood.[180] Overall, the most notable limitation of these delivery methods
is the initial ‘burst’ encountered when the peptide is injected, which is followed by the rapid
degradation of peptide.

1.5.3 Transdermal delivery
Transdermal applications include topical (skin), buccal (mouth), corneal and intranasal deliv-
ery; as for oral administration, one of the major challenges is transport of the stapled peptide
through multiple layers of cells (Figure 1.10.c). Enhanced cell penetration often increases
trans epithelial bioavailability.[175, 181] Some transdermal drugs such as cortisone, or anti-
inflammatory drugs are limited to a local distribution usually for skin or tissue-related condi-
tions. However there are many cases where application of a drug to the skin have been proven
efficient for systemic delivery (nicotine, oestrogen). Despite typically low absorption, dermal
administration avoids the first-pass liver metabolism that occurs for oral drugs. The stratum
corneum, constituting the top layer of the skin limits the transdermal absorption of polar
and large peptides.[182, 183] The lipid structure of the stratum corneum can be disrupted
by natural peptides (e.g. magainin) when these are applied in combination with a surfac-
tant chemical enhancer leading to enhanced skin permeation.[183] Several hundred peptides
that enhance the skin permeability of drugs are collated in the database TopicalPdb.[184]
Among the reported sequences, arginine and lysine combined with lipophilic natural and
unnatural amino acids are found extensively. Chemical modifications of peptides, such
as the addition of lipophilic moieties, have also been shown to increase stability and skin
permeability.[162, 185, 186]

Transmucosal nasal drug delivery has also emerged as an important field in drug delivery
technology due to the high vascularity and large surface area, which enable drug uptake.[175]
Intranasal delivery can allow the absorption of peptides of up to 2 kDa without absorption
enhancers, and peptides of 2-6 kDa with absorption enhancers.[187] Peptides can also be
used as modulators to facilitate the uptake of drugs; in general, cell penetrant peptides dis-
play excellent absorption.[188] Peptide drugs on the market using intranasal delivery include
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desmopressin, a cyclic peptide used to treat diabetes insipidus. However, intranasal delivery
is not appropriate for the treatment of infants, for whom alternative delivery methods, such as
buccal delivery, must be sought.[189] Although stapled peptides have not yet entered clinical
trials using intranasal delivery, several stapled peptides have shown efficacy in mouse mod-
els. Gaillard et al. reported a double-stapled RSV peptide, which disrupts viral cell entry and
significantly decreases pulmonary infection in mice following intranasal delivery.[41]

1.6 Conclusion
This chapter has focused on the many considerations required for the design of biologically
active stapled peptides, drawing from the extensive recent literature, and from analysis of PDB
deposited structures containing protein-bound stapled peptides. The growing recognition of
the utility of stapled peptides is fuelling the development of bespoke computational tools,
synthesis procedures and biological assays, that are accelerating their adoption as a research
tool. With dozens of new publications every month from research groups across the world, and
several stapled peptides entering clinical trials, there is ample evidence that stapled peptide
technologies will play an increasingly important role in pharmaceutical applications.
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2
From Quantum Mechanics to Molecular
Dynamics, Applications of Molecular

Dynamics to Peptide Folding

2.1 Quantum Mechanics. Basis and Approximations in
the SCF method.

Quantum Mechanics (QM) methods refers to a set of methods that provides a description of
the physical properties of molecules at the scale of atoms and subatomic particles. In QM,
energy, momentum, angular momentum, and other quantities of a system are restricted to
discrete values, that satisfy the electronic Schrödinger equation (Equation 2.1). This equation
allows the calculation of the potential energy surface of a particle.

Ĥ |Ψ⟩= E|Ψ⟩ (2.1)

Equation 2.1 is the time independent Schrödinger equation, where Ψ is the state vector of
the quantum system, and Ĥ the Hamiltonian operator which can be an observable (mass, posi-
tion or velocity) or an eigenvalue. E is the energy of the system. Using the time-independent
Schrödinger equation enables the use of simpler wave-functions. Generally, the real wave
function of a system is too complex to be calculated directly, but wave functions can form
standing waves, called stationary states, which are a quantum states with all observables in-
dependent of time. The self-consistent field method (SCF) is a method which permits the
determination of the the wave function and the energy of a quantum many-body system in
a stationary state. In this method an initial Hamiltonian is approximated. The Hartree-Fock
(HF) method, which is a SCF method relies on several approximations:

• The Born–Oppenheimer approximation is assumed: the molecular orbital approxima-
tion which stipulates that electron movement can be studied separately to the nuclei
movement.

• The electronic Hamiltonian is expressed as a sum of the one-electron Hamiltonian, and
the overall wave-function is a product of one-electron wave-functions.
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• The mean-field approximation is used. In a multi-body system an averaged spin is cal-
culated and used instead of calculating the pairwise interactions of each particle spin
separately. The Hamiltonian each particle is simplified using the mean-field term. This
method allows both Coulomb and Fermi electron-electron correlations to be accounted
for using the same level of complexity as for particle in gas phase, or non-interacting
particle.

• Each energy eigenfunction is assumed to be described by a single Slater determinant.
And the variational solution is assumed to be a linear combination of a finite number of
basis functions.

Most theories in classical physics can be derived from QM, often relying on a number of
approximations, that allow the study of macro-scaled systems, such as proteins. In Molecular
Dynamics, potential energies are analytically calculated by the derivation of values obtained
from Quantum Mechanics. Although more accurate basis sets have been developed, Hartree-
Fock is still widely used for the parameterisation of molecules. Basis set are set of functions
used to represent the electronic wave function in the Hartree–Fockmethod. Multiple basis sets
can be used, such as the STO basis sets, the Pople basis sets, the correlation-consistent basis
sets. In the Pople basis set ’6-31G*’, 6 is the number of primitive Gaussian functions used to
represent the wave function of the core electrons, and ’31’ indicates that the valence orbitals
are composed of two basis functions each, the first one composed of a linear combination of
3 primitive Gaussian functions, the other one composed of one primitive Gaussian function.
Interestingly Kuyper et al. suggested that the HF/6-31G* “over-polarises” bond dipoles in gas
phase, and the resulting charge distribution approximates the atom polarisation occurring in
an aqueous phase. These potential energies have been found to reproduce the relative free
energies of solvation found experimentally.[190] Ever since, the mainstream versions of the
AMBER forcefield have been consistently derived from the Hartree Fock method, using the
6-31G* basis set.[191, 192] In this work we used the HF/6-31G* basis set, (Chapter 3), to
derive forcefield parameters, for consistency and compatibility within the current forcefields.

2.2 Principles of Molecular Dynamics
Molecular Dynamics (MD) simulations represent a class of established computer methods
to assess molecular properties. In large and complex bio-molecules, such as proteins, sev-
eral phenomena can be studied using MD, such as loop motions, the opening of cavities,
the stability of inter-molecular interactions, or the interactions of the system with solvent
molecules.[193–195] Other common usages of MD include the derivation of kinetic and ther-
modynamic properties for free energy estimations, (e.g. of a conformational change or upon
binding of a ligand)[196] and the generation of conformational ensembles distributed accord-
ing to statistical distribution functions.[197] In this Section we present the principles of MD
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simulations and forcefields.
MD methods rely on the Born Oppenheimer approximation of the Schrödinger’s equation

which separates vibrational, rotational and electronic energies. MolecularMechanics calculate
the motions and energy of molecules based on nuclear coordinates only, as electrons are not
considered explicitly. MD relies on the assumption that the nuclei of atoms are heavier, move
slower and that electrons can, in effect, adjust instantly to any nuclei movement. Thus in MD
each atom (or group of atoms in coarse models) is modelled as a single particle. AMD system
consists of a set of particles that move through space in response to their interaction which
each other. In the simulated system, every particle is given a velocity, mass and position. This
allows to compute a potential energy surface. In Molecular Mechanics an analytical, simpli-
fied representation of the inter-atomic energies is used, called forcefield. The potential energy
of a MD system is attributed using the forcefield parameters and a set of spatial coordinates.
The basic functional form of potential energy in MD includes bonded terms for interactions
of atoms linked by covalent bonds and non-bonded terms (also termed non-covalent) that
describe the long-range electrostatic and van der Waals forces. In a forcefield-based MD sim-
ulation, the movement of atoms is constrained to replicate the natural behaviour of molecules,
and these rules are defined by the forcefields (see Section 2.3). Thus MD rely heavily on the
correct parameterisation of the forcefields.

The most common class of forcefields are the non-polarisable forcefields which are also
called additive forcefields. Given their relative performance and accuracy, they have been used
prominently for the last 40 years. In this thesis, only additive forcefields have been exploited.
As a very brief mention, two main other classes of forcefields currently show promising de-
velopments. Polarisable forcefields are adapted to the simulation of metal complexes and the
exploration of electrostatics (e.g. electric fields). However, they require much more com-
puting time to simulate a similar size system than additive forcefields.[198] More recently,
machine learning forcefields have made some considerable improvements, but they are still
limited to relatively small systems, and more systematic validation is needed for them to be
used routinely for simulating bio-molecules.[199]

Molecular dynamics is a deterministic technique: the evolution of a simulated system in
time is, in principle, completely governed by the given initial atomic coordinates and velocities.
However, in practice two simulations will most often diverge and produce different outcomes.
This is due to two principal phenomenons. The first being that several algorithms used in MD
simulations rely on the generation of random numbers (e. g. in the generation of the initial
atoms velocities, the Monte Carlo barostats and Anderson thermostats), this could potentially
result in different trajectories. However, the generation of these ’random’ numbers is generally
achieved using random number generators derived from cryptography applications. A key (a
seed) turns a highly regular counter into a reproducible stream of random numbers.[200]
This makes it possible to quickly set the counter in the random engine based, e.g. on the
time-step and atom index, and obtain the same random numbers stream, but in practice this
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sequence is also dependent on the processor used for the simulation, thus the stream will
only be reproduced if ran on a computer with an identical processor and operating system.
The second aspect of the non-reproducibility in MD simulations, results from the sequential
round-off of errors during the integration of the system. For longer simulations, successive
small differences during the integration step will lead to diverging simulations, and ultimately
to chaotic behaviors. Some MD engine can use double precision, (which double the length of
float numbers) to counteract this effect in part.

2.2.1 Integrators
Particles inMD followNewton’s equations of motion to model to the fullest extent the physical
movements of atoms and molecules, giving a view of the dynamic “evolution” of the system.
Newton’s second law links the acceleration and the forces exerted on a particle as seen in
Equation 2.2

ai =− Fi

mi
(2.2)

In equation 2.2, Fi being the forces applied into the particle i and mi being the mass of the
particle.

Numerous algorithms exist for integrating the equations of motion. Many of these are
finite difference methods in which the integration is partitioned into small steps. Each step
is separated in time by a specific period called time-step. An initial configuration of the bio-
molecule or system under study defines the positions of each particle. The Verlet algorithm is
the most commonly used algorithm to integrate Newton equations. Even if more sophisticated
algorithms have been developed since, Verlet algorithms are still widely used and are generally
sufficient to produce acceptable motions. The algorithm considers that the positions of the
particles in the system can be approximated by a Taylor series:

ri(t +δ t) = ri(t)+ vi(t)δ t +
ai(t)

2
δ t2 +Oδ t3 (2.3)

Where ri vi, and ai denote the i−th particle’s position, its velocity, and its acceleration. t is
the time, and δ t is the time-step and Oδ t3 is the rest of the Taylor serie, which is neglected.
Similarly, positions for time t − δ t can then be defined as:

ri(t −δ t) = ri(t)− vi(t)δ t +
ai(t)

2
δ t2 +Oδ t3 (2.4)

The summation of Equations 2.3 and 2.4 gives :

ri(t +δ t) = ri(t −δ t)+2ri(t)+ai(t)δ t2 +Oδ t3 (2.5)

In Equation 2.5, we can observe that the position of the atoms at time t + δ t, can easily
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be deduced from their acceleration and their positions at time t - δ t and t. Thus, combining
equations 2.2 and 2.5 connects the forces applied to a system and themovement of its particles.

2.2.2 Time-step selection

A straightforward approach to decrease the computational cost of a MD simulation is to in-
crease the time-step, therefore reducing the number of integrations needed to simulate mo-
tions over the same duration. However the time-step δ t must be selected carefully. Long time-
steps allow ’faster’ MD, but also provide numerical instabilities. If the time-step is longer than
the timescale of the fastest motion, the energy of the system will not be conserved. The vibra-
tional time period associated with the stretching of the bond between carbon and hydrogen
might become smaller than the time-step, which is a major issue when calculating hydrogen
positioning. Typically time-steps need to be approximatly ten times smaller than the fastest
frequency for expansions, for atom positions to be reasonably accurate. Constraining the vi-
bration of carbon-hydrogen bond lengths is usually employed to counterbalance this effect.
Constraints can also be applied on all bonds to permit the use of even longer time-steps. The
application of angle constraints may permit a further small increase in the time-step but is
generally not recommended. SHAKE, and LINCS algorithms are among the most popular
methods for constraining bonds.[201, 202]

Usually, hydrogen mass re-partition (HMR) or virtual interaction sites (Vsites) are used
with larger time-steps. The method of hydrogen mass re-partitioning (HMR) is a potentially
useful tool for accelerating MD simulations. By re-partitioning the mass of heavy atoms into
the bonded hydrogen atoms, the highest-frequency motions of the macromolecule under study
are slowed down, thus allowing the simulation’s time-step to increase by up to 2 fs. An alter-
native method is to use so-called virtual interaction sites in conjunction with bond constraints.
Here, the masses, charges, and velocities of the hydrogen atoms are redistributed to the ad-
jacent heavy atoms. Integration of the equations of motion is performed based on the heavy
atoms alone. Only after the positions of the heavy atoms have been updated are the hydrogen
positions determined from the positions of the bonded heavy atoms.

2.2.3 Building the unit cell: Ensembles and Periodic Boundary Condi-
tions

A thermodynamic system has several variables that describe its macroscopic states, such as the
number of particles, volume, temperature, pressure, and total energy. Ensembles are artificial
constructs fixing some of these variables while leaving others free to fluctuate. Usually, in MD
the number of particles is fixed, and the three commonly used ensembles are described below.
The constant-energy, constant-volume ensemble (NVE), is known as the micro-canonical en-
semble. As its name suggests, the total energy of the system is fixed as well as its volume. It
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is the easiest system to implement, but in practice, a constant energy ensemble does not relate
to many real systems as energy is normally exchanged extrinsically. The canonical, constant-
volume, constant-temperature, ensemble (NVT) allows control over both the temperature and
volume. The unit cell vectors are fixed and the pressure can vary. The constant-temperature,
constant-pressure ensemble (NPT) allows control over both the temperature and pressure.
The unit cell vectors can change, and the pressure is maintained by adjusting the volume of
the system. The pressure is controlled by a barostat. Multiple barostat algorithms exist, such
as the Berendsen[203] and Anderson algorithms.[204] The NPT ensemble is the closest to
experimental procedures.

Boundary conditions are used to define the borders of simulated system. They refer to
the properties of the unit cell edges, upon interaction with the simulated system. Usually,
for the simulations of bio-molecules in water or solvent, periodic boundary conditions (PBC)
are implemented. With PBC, the surface of the unit cell is removed, assuming a continuous
ensemble of identical replicas of the unit cells. In this system, an atom crossing the surface of
a unit cell will be transposed to the opposite face assuring the modelling of an ‘infinite’ system.

2.3 Molecular dynamics forcefields: The case of the AM-
BER forcefield

The basic functional form of potential energy in molecular mechanics additive forcefields in-
cludes a sum (Equation 2.6) of bonded and non-bonded terms. The bonded terms describe
interactions between pairs of atoms linked by covalent bonds, as well as angles and dihe-
drals. Non-bonded (non-covalent) terms describe electrostatic and Lennard-Jones energies,
and a term for long-range interactions is usually added (PME or RF). Each type of potential
is decomposed and summed individually.

Vsystem =Vbonded +Vnon−bonded +Vlong−range (2.6)

Different additive forcefields use slightly different descriptors, the sections below are based on
the AMBER forcefield formalism.

2.3.1 Non-bonded interactions

Vnon−bonded = ∑
pairs

VLennardJones + ∑
pairs

VElectrostatic (2.7)

The sum of two different energetic potentials, namely the steric (Lennard-Jones) potential and
the electrostatic (Coulombic) potential describe the interactions between non-bonded atoms
(Equation 2.7).
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Lennard-Jones potential

The Lennard-Jones potential is a simplified model that describes the essential interaction be-
tween two atoms: Two interacting particles repel each other at very close distances, attract
each other at a moderate distance, and do not interact at infinite distance.

N−1

∑
j=1

N

∑
i= j+1

[
Ai j

(
ri j,m

ri j

)12

−2Bi j

(
ri j,m

ri j

)6]
(2.8)

Equation 2.8 refers to the form of the Lennard-Jones potential, used in the AMBERmolecular
forcefield. Ai, j and Bi, j depend on the atom type, and ri j is the distance between the atoms
i and j. This potential has a minimum for an optimal inter-atomic distance rm,i j where the
energy is at its minimum. After a certain atomic distance, the energy becomes asymptotic to
the x-axis (Figure 2.1).

The Lennard-Jones potential is a pair potential, meaning that this potential is calculated
between a pair of atoms. Ai, j and Bi, j can also be expressed as function of ε (kcal.mol1) and σ
(Å) using the relationship in Equation 2.9, where ε is the depth of the potential ’well’ (usually
referred to as ’dispersion energy’, and σ is the distance at which the particle-particle potential
energy is zero (often referred to as ’size of the particle’). The Lennard-Jones potential has its
minimum at a distance of r = rm = 21/6σ , where the potential energy has the value V =−ε .

A = 4εi jσ12
i j , B = 4εi jσ6

i j (2.9)

In AMBER forcefields atoms are given an atom type by taking into account their element,
their hybridisation state and the atoms they are bonded to (e.g. sp3 carbon in an aliphatic
chain, sp2 aromatic carbon ...). When building the model, εi j and σi j, which are the values
between two atoms with different atom types, are deduced from the values of εii and σii, which
are the values between two atoms with the same atom type. Lorentzt-Bertelot combining rules
(Equations 2.10 and 2.11) are used to generate these parameters. AMBER then converts these
ε and σ values into values of A and B prior to the simulation (Equation 2.9).

σi j =
σii +σ j j

2
(2.10)

εi j =
√

εiiε j j (2.11)

The Lennard-Jones potential as shown in Equation 2.8 is calculated for atoms separated by
three or more covalent bonds. For pairs of atoms separated by three covalent bonds (so-called
1,4-interactions), the steric energy is frequently divided by two, and a dihedral torsional term
is added. The latter will be described in Section 2.3.2
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Coulombic potential

As for the Lennard-Jones energy, the electrostatic potential is calculated between charged
atoms separated by at least three covalent bonds. The potential is given by the Coulombic
term (Equation 2.12).

N−1

∑
j=1

N

∑
i= j+1

qiq j

4πε0ri j
(2.12)

In Equation 2.12, N is the total number of pairs of non-covalent covalent atoms (spaced
by at least two covalent bonds) in the system, qi and q j are the partial atomic charges of the
atoms i and j. ε0 is the permittivity in vacuum, and ri j is the distance between the two atoms
i and j. For additive forcefields, the partial charges are kept constant and are determined by
the forcefield parameters set.

Long range interactions

Figure 2.1: a. Representation of the pair list, cut-off and switch distances, b. Lennard Jones Potential
with application of a switchdist and cutoff: the potential energy is smoothly bring to zero (dashed line)
between the switchdist and the cutoff.

A non-bonded term is, in principle, calculated for all pairs of atoms. However, for sys-
tems with a large number of atoms, this is too computationally demanding. As non-bonded
interactions become negligible with larger inter-atomic distances, Verlet lists and cut-offs are
generally introduced to improve performance. Only pairs of atoms within a certain pair list
distance are included in the Verlet list and will be considered for the calculation of the non-
bonded interactions. A number of pairwise interactions are further excluded from the Verlet
list using a cut-off. Above this cut-off distance, the non-bonded interactions are considered to
be negligible and thus set to zero. To reduce abrupt energy changes near the cut-off distance,
in some instances, a switching distance (‘switchdist’) is introduced, (Figure 2.1) to smoothly
reduce the interaction to zero before the cut-off is reached. As the atoms move during the
simulation, the Verlet list is updated after a certain number of MD steps (usually 5-10).
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The treatment of the Coulombic term at long distances is less straightforward, as electro-
static interactions decay slowly compared to dispersive interactions. Different methods can
be applied, such as the Particle Mesh Ewald (PME) or the Reaction Field method. In the
PME method, electrostatics are treated differently depending on whether they occur at longer
or shorter distances. While the short-range interactions are calculated with the direct summa-
tion, the longer-range distances are calculated using a summation in Fourier space. PME is a
method that allows the approximation of this Ewald sum to be made numerically.

Elong(r) = ∑kUlong(k)|p(k)|2 (2.13)

In Equation 2.13, representing the long range interactions, U is the Fourier transform of
the potential and p(k) is the Fourier transform of the charge density.

2.3.2 Bonded interactions
The bonded interactions are a combination of four terms:

Vbonded =Vbond +Vangle +Vdihedral +Vimproper (2.14)

They describe bond elongations, angle deformations and periodic and improper dihedral
torsion angles.

Bond stretching term

The energy of a covalent bond between two atoms is calculated by analogy with a harmonic
oscillator (Hooke’s law) (Equation 2.15).

Vbonds = ∑
i∈bonds

kbi(li − l0
i )

2 (2.15)

In this equation, li is the distance between two atoms, l0
i n is the equilibrium distance and kbi

n is the force constant. The forcefield bonds parameters are predetermined for different atom
types. Two terms are used in the bond potential: kbi and l0

i for each atom.

Bond-angle bending

The bending potential captures the energy of the angle deformation between three covalent
atoms i, j and k. Similarly to the bonded term, the bond-angle term is also calculated as an
anharmonic potential penalising bond angles deviating from the equilibrium value θ 0

i :

Vangle = ∑
i∈angles

kai(θi −θ 0
i )

2 (2.16)
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In Equation 2.16, θ refers to the angle between three atoms, where θ 0
i is the reference

angle where the energy is at its lowest, and ki
a is the associated force constant.

Dihedral term

The third energy term concerns the dihedral angle of two planes defined by three covalent
bonds and involving four atoms. The corresponding potential is defined as a truncated Fourier
series expansion around the equilibrium dihedral angle (Pitzer’s potential):

∑
i∈torsions

∑
n

1
2

V n
i [1+ cos(nωi − γi)] (2.17)

Each Fourier series in Equation 2.17 represents a dihedral angle, where n is the order,
Vi,n the dihedral energy at its highest value, γ the phase and ω the dihedral angle between the
four atoms. A similar equation is used to calculate the energetic contribution of the improper
dihedral angle potential.

In the recent version of the AMBER forcefield (AMBER19SB),[205] a new term was
introduced to correct the torsional energy profile of backbone atoms. While the torsional
energies in the side-chains are still calculated using the Pitzer potential, the backbone torsional
energies are obtained through the use of corrections maps (CMAP) This approach is very
similar to the CMAPs which have been used in the CHARMM forcefield for a longer period
of time (CHARM22 and CHARM36).[206] In AMBER19SB ψ and ϕ torsion terms are
calculated via the CMAP term corresponding to their residue. As a side note, the Pitzer
potential is still present for these torsions, but the V n

i are set to zero. CMAP correspond to a
3D energy surface function of the ψ and ϕ angle values. The energy of a given ϕ ,ψ couple is
obtained by extrapolation. In Figure 2.2.a, the correctionmap of Leucine in the AMBER19SB
is plotted. CMAPs are amino-acids specific, and the arginine and leucine CMAPs have been
extracted from a topology file parameterised using AMBER19SB forcefield and compared in
Figure 2.2.b.i and ii.
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Figure 2.2: a. 3D plot of the Leucine CMAP (AMBERSS19SB forcefield) b. Comparison of the
CMAPs of i. Arginine and ii. Leucine
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2.4 Secondary structure prediction of bio-molecules
Secondary structure prediction is an important field of research. Initially, secondary structure
prediction algorithms were developed to model missing parts in protein crystal structures.
More recently, they have been applied to the prediction of peptide conformations. There
have been a growing interest in the use of peptide therapeutics, so an accurate prediction of
their secondary structure is useful as it is directly linked with their biological properties. Two
main categories of prediction methods are currently in use: knowledge-based methods and
physics-based methods.

2.4.1 Knowledge-based methods

One approach to predict peptide secondary structure relies on a statistical approach based on
the calculation of propensities of each residue to form an α-helix or β -strand. This idea was
initiated by the work of Chou and Fasman in the 70s and had a very low accuracy (around 50
%).[207] Amino acid residues appear with different frequencies in bio-molecules. ’Secondary
structure potentials’ are derived from residue frequencies in the structural elements of known
structures. These ’secondary structure potentials’ (e.g. α-helix, or coil forming potential) are
then assigned to the residues of a sequence to deduce its secondary structure.[207–209] This
method was improved by Deleage et. al by assigning first the secondary structure class (e.g.,
all-α , all-β ), followed by further refinement using specific parameters dependent on the given
secondary structure class.[210, 211]

Other methods are based on the observation that polar and apolar residues frequently form
a periodic pattern.[212] For example, alternation of polar and apolar residues often indicates
that β -strands are formed. Foremost the hydrophobic residues on one side of a β -strand inter-
act with the other hydrophobic residues located in the core of the protein, while the residues
forming a hydrophilic side are facing the solvent. Likewise, apolar residues in every third or
fourth position suggest the presence of an α-helix, where the apolar side of the helix is facing
the hydrophobic core of the protein. However, these secondary structure predictins prefer-
ences are not strong enough on a single residue level. The occurrence of a pattern comprising
several residues preferring one type of secondary structure element suggests the formation of
such structures.[213] The accuracy of prediction methods on peptide sequences is about 65%.
Since these predictions are performed using single residues or small segments, the effect of
long-range interactions is often ignored. Neglecting long-range interactions is often consid-
ered as a limiting factor of the accuracy of secondary structure prediction methods.[214]

Machine learning-based approaches, which learn “by examples”, have shown unprece-
dented success for the prediction of secondary structures. With the expansion of crystallo-
graphic structures available in the last 30 years, notably in the Protein Data Bank (PDB),
diverse implementations of machine learning algorithms have been reported, including Neu-
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ral Networks,[215] Hidden Markov Models,[216] and Support Vector Machines.[217] Hid-
den Markov models were one of the first methods to appear and use predicted local struc-
tures for fold recognition. The essential principle is to create a model that satisfies the most
observed behaviour of an amino acid considering the adjacent residues.[218] The Garnier–
Osguthorpe–Robson (GOR) method considers windows of 17 positions and compiles the ex-
pected conformation of an amino acid, including its 16 neighbouring residues (8 in each di-
rection). Probability functions are built to yield the final state assignment of the secondary
structure for the sequence. The most successful approaches using Hidden Markov Models
achieve an accuracy ranging from 63% to 71% when predicting secondary structure.[160] In
neural networks, each ‘neuron’ receives many simultaneous inputs and computes a weighted
sum to assign the prediction. The weights are adjusted based on training data sets, which
can include features such as packing patterns, or long range effects of residues spaced fur-
ther along in the sequence.[219, 220] The most accurate neural methods achieve a prediction
accuracy of around 72 %. Support-vector machines are supervised machine learning models
and are another promising approach to predict the secondary structure of bio-molecules.[221]

Since the 1990s, several databases have been produced to gather information on peptides,
such as their helicity and cell penetration. Recent examples of such databases include StraPep,
a database for bioactive peptides;[222] SATPdb, a database for therapeutic peptides;[223]
Neuropep, a database for neuropeptides;[117] and CPPsite, a database for cell-penetrating
peptides.[36] The main limitation of empirical methods is that they rely on previous knowl-
edge available in these databases. Hence, they are not suited to predict the secondary struc-
ture of sequences containing unnatural amino acids, for which only limited data is available.
Hybrid approaches such as PEPstrMOD couple results from machine learning methods with
molecular dynamics.[224] Based firstly on a knowledge-based estimation of the propensity of
a peptide to form an α-helix, a refinement is made using a forcefield. This approach has seen
promising results when applied to D-amino acids, cyclic peptides, and peptides with variable
capping groups.

2.4.2 Physics-based methods

Physics-based methods attempt to predict the most prevalent secondary structure for any given
amino acid sequence by simulating a physical model. MD-based methods are especially pop-
ular, as they allow a realistic consideration of experimental variables such as pressure and
temperature, as well as solvation. In principle, MD methods can be adapted for ab-initio
prediction of protein structures by sampling several folding events of a peptide chain from a
random coil. In practice, however, a plain MD simulation may struggle to reach timescales
of microseconds or longer that are necessary to observe significant conformational changes
in peptides.
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Sampling issues in MD and advanced Molecular Dynamics methods

Convergence to equilibrium is an essential requirement for molecular simulation outputs to be
accurate and reproducible. Yet testing for convergence is challenging, especially in instances
where kinetic trapping and the consequent plateauing of ensemble quantities can falsely sug-
gest premature equilibrium. To study MD with atomistic detail, femtoseconds time-steps are
needed during the simulations. However, many problems in biochemistry involve events that
only spontaneously occur after a nanosecond or even a millisecond, and when these events
do occur, they are often rapid. MD simulations are efficient at conserving energy. Thus, if a
conformational change requires non-stable intermediate conformations, the system might get
trapped within a local minimum, and the observed states are thus likely to be highly dependent
on the initial system. A collective variable (CV) is a low dimension variable that describes a
conformational change or motion of interest. Multiple flavours of CVs can be used, and some-
times combined, to describe a motion. They can be as trivial as interatomic distances, angles
or torsion, to more sophisticated variables such as a root mean square deviation, contact maps,
and path collective variables. Figure 2.3 shows a hypothetical system energy landscape. Using
an unbiased MD only a small range of conformations depending on the initial conformation
can be explored and sampled, and a large number of conformations will not be represented in
the trajectory obtained through MD.

Figure 2.3: (Theoretical) conformational landscape of a biosystem: energy profile against a reaction
coordinate or collective variable (CV): only a small portion of the energy landscape is explored with
MD

Therefore, methods sometimes referred to as biased molecular dynamics which can cross
energetic barriers have been implemented. Generally, these methods aim to lower energetic
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barriers so they can be crossed in order to explore more of the conformational landscape.[225]
A few MD techniques that have proven popular in the prediction of the secondary structure
of peptides are presented below.

Umbrella Sampling

In this MD technique, reaction coordinates define different states along the path character-
ising a conformational change. In a general umbrella sampling procedure, multiple windows
are set with initial structures using different reaction coordinate values. A bias potential is ap-
plied to each window according to a harmonic (or adaptive) bias function.[226] The bias will
constrain the system to sample a narrow window along the reaction coordinate, ensuring that
the potential energy distribution overlaps between adjacent windows. Some post-processing
methods such as the weighted histogram analysis method (WHAM) can recover the unbiased,
free energy.[227]

Metadynamics

Figure 2.4: Energetic profile during a Metadynamics run: energy Gaussians (blue spheres) are added
during the simulation ’filling’ the energy profile

Meta-dynamics (MetaD) was originally developed by Parrinello and co-workers[228] to
enhance the sampling of rare events. In MetaD simulations, an external history-dependent
bias potential is imposed on the system during the simulation. Gaussian repulsive potentials
centred on sampled values of the collective variables are deposited at regular intervals. As
these potentials accumulates, the energy in the most explored region of the conformational
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space raises, to encourage the system to visit configurations that have not already been sam-
pled. The free energy of each region can be recovered as the sum of Gaussian added along
the collective variable space is recorded (Figure 2.4). In theory, the user can use as many col-
lective variables as desired, but in practice, one, two or three collective variables are usually
employed.

Accelerated molecular dynamics

Figure 2.5: Energetic profile during an accelerated MD run: Boost potentials are added when energy
falls below a threshold.

Accelerated molecular dynamics (aMD) is an enhanced-sampling method that improves
conformational space sampling by reducing energy barriers separating different states of a
system. One of the main advantages in comparison with other methods is that no collective
variable or reaction coordinate is necessary. In aMD, the potential energy landscape is altered
by adding a bias potential to the true potential such that the escape rates from potential energy
wells are enhanced. The bias is applied for conformations with the lowest potential energy.
The potential energy landscape is modified by raising energy wells that are below a certain
threshold level while leaving those above this level unaffected (Figure 2.5). In the original
form of aMD, when the system potential energy falls below a threshold energy, E, a boost
potential is added. As a result, barriers separating adjacent energy basins are reduced, allowing
the system to sample conformational space that cannot be easily accessed in a classical MD
simulation.
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Replica exchange simulations

Figure 2.6: Energetic profile of parallel simulations during T-REMD: The energy profile is flattened
with highest temperatures.

REMD simulations have shown to achieve effective sampling of systems that have a free
energy landscape with many local minima. It has especially been shown to be potent in de-
scribing the folding of multiple protein systems.[229–231] By using more ‘excited’ thermo-
dynamic states, the energetic profile will remain the same, except that the energy barriers will
’flatten’ and be lower to cross (Figure 2.6), allowing the system to diffuse more easily from
one state to another. The idea of parallel tempering is to run MD simulations that belong to
different thermodynamic states, in parallel. More details about this method will be given in
Chapter 4. REMD can be implemented in multiple and flexible ways. The most-reported im-
plementation and earliest implementation are temperature replica exchange molecular dynam-
ics (T-REMD) simulations which have shown efficacy for predicting the folding of peptides
because they do not require prior knowledge of the folded state of the peptide. Even though
T-REMD is computationally demanding, it has demonstrated flexibility in the setup as well as
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a good sampling for rare events.[219] With this method, various thermodynamic quantities
can be retrieved as a function of temperature. Other implementations of REMD exist, such
as Hamiltonian Replica exchanges (H-REMD). Examples of H-REMD include Solute tem-
pering, SWISH (Sampling Water Interfaces through Scaled Hamiltonians) and REMD with
adaptive dihedral torsion scaling. [232–234] In general, because each replica can be simulated
using its own processor, the various REMD methods are well suited for running on parallel
computers.

2.4.3 Forcefield performance for the folding of peptides

Forcefields are the principal component of MD simulations, and despite more than 60 years of
work in this field, they are still under constant improvement. The most frequently employed
forcefields are GROMOS,[235] CHARMM,[236] OPLS,[237] and AMBER,[191]. Each of
them exists in different versions and variants, as they have been corrected and improved mul-
tiple times. The AMBER forcefield for the natural amino acids was developed and published
in 1986 (FF86) and was since revised several times.[238–243]. The addition of improved
protein backbone parameters led to the creation of AMBER FF99SB, and the subsequent im-
provement of side-chain torsion potentials resulted in AMBER FF99SB-ILDN. Force fields
optimised against NMR data are AMBER FF99SB∗, CHARMM22∗ and CHARMM36. This
section focuses on relevant peptide simulation studies carried out with diverse forcefields. For
the sake of brevity and owing to their relevance to the work in this thesis, only explicit sol-
vent simulation studies from the last 10 years are covered. The papers will be discussed in a
chronological manner.

Lange et al. (2010) compared microsecond long simulations of ubiquitin and the gb3
domain of Protein G for 6 different forcefields (AMBER03, AMBER99SB, OPLS/AA,
CHARMM22, GROMOS43a1, GROMOS53a6) to NMR data.[244] Large differences in
sampling were observed. They reported that simulations longer than 100 ns had an increased
probability of sampling non-native conformational states using the AMBER03 and GROMOS
forcefields. Hydrogen bonds were also found to be weaker than in experimental results. From
the tested forcefields, AMBER99SB was the best at reproducing the experimental data.

Lindorff-Larsen et. al (2010) tested 8 forcefields (AMBER99SB-ILDN, AMBER99SB-
ILDN, AMBER03, AMBER03∗, OPLSAA, CHARMM22, CHARMM27, CHARMM22∗)
on two peptides (AAQAA)3 and CLN025, a 10-mer peptide.[241] Then in 2012 they com-
pared the agreement of these forcefields to NMR data and circular dichroism, modeling
ubiquitin, the gb3 protein and the FiP35 WW domain. They reported FF99SB∗-ILDN and
CHARMM22∗ to be better at stabilising the native structures over the other forcefields for
both studies. In agreement with these studies, Piana et al. also concluded that FF99SB∗-
ILDN and CHARMM22∗ stabilise the native structures of the villin protein over the other
forcefields.[245]
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Cino et al. (2012) compared microsecond long MD simulations of Nrf2, a β -hairpin
forming peptide, starting from an extended structure and using ten different forcefields
(AMBER99SB-ILDN, AMBER FF99SB∗-ILDN, AMBER99SB, AMBER99SB∗, AM-
BER03, AMBER03∗, GROMOS96 43a1p, GROMOS96 53a6, CHARMM27, and OPLS-
AA/L).[246] OPLS-AA and (to a lesser extent) CHARMM-27 did not fold the peptide into
a hairpin. In contrast, AMBER FF99SB∗-ILDN, GROMOS96-43a1p, and GROMOS96-
53a6 simulations yielded hairpin signatures throughout large parts of the trajectories. Over-
all, GROMOS (both 53a6 and 43a1p) performed the best, with GROMOS 43a1p giving the
lowest RMSD to the NMR structures. They also analysed the trajectories using DSSP and
Cα–Cα contact maps. Interestingly, they noticed a different behaviour between capped and
uncapped versions of the Nrf2 peptide using the tested AMBER forcefields. Experimentally,
capping groups at the N-terminus were shown to have a modest stabilising effect on helical
conformations (acetyl capping group having the largest effect), while capping groups at the
C-terminus have little effect on the overall helical propensity.[? ]

Beauchamp et al. (2012) published an extensive study of 524NMR experimental measure-
ments and compared these to simulations using 9 AMBER forcefields variants (AMBER96,
AMBER99, AMBER03, AMBER03∗, AMBER03w, AMBER99SB∗, AMBER99SB-
ILDN, AMBER99SB-ILDN-phi, AMBER99SB-ILDN-NMR), the CHARMM forcefield
(CHARMM27) and the OPLSAA forcefield.[247] They used 5 different solvent models
(GBSA, TIP3P, SPC/E, TIP4P-EW, TIP4P/05). The dataset comprised simulations of dipep-
tides, tripeptides, tetra-alanine, and ubiquitin. AMBER96, AMBER99 and OPLS-AA per-
formed the worst, while AMBER99SB-ILDN-phi, FF99SB-ILDN-NMR gave the closest re-
sults to the NMR data, followed by AMBER99SB-ILDN. They also reported that the explicit
solvent models (TIP3P, SPC/E, TIP4P-EW, andTIP4P/2005) outperformed the implicit sol-
vent model GBSA. However, each water model performed differently for each forcefield.
Although the differences between the explicit solvent models are small, TIP4P-EW generally
performed the best, especially for FF99SB variants.

Henriques et al. (2015) reported that eight forcefields (AMBER9915, AM-
BER99SB,AMBER99SB-ILDN,AMBERFF99SB-NMR,AMBER99SB∗ andAMBER03∗,
CHARMM22, and CHARMM36) were unable to reproduce the secondary structure of the
largely disordered peptide, Histatin 5.[248] Moreover, they report that the forcefields used
in these simulations exhibit considerable bias towards overly compact conformational ensem-
bles (which were also found to differ between each forcefields) and favour certain secondary
structure motifs (which was also found to be forcefield dependent). Finally, they emphasised
on discrepancies observed between water models. The forcefield parameters derive from the
study of structured proteins, which are mostly globular and compact, and exhibit a preference
for helical structures. The authors suggest that these forcefields have been designed to sta-
bilise helical structures, hindering their transferability to studying more unstructured entities
by restricting their natural, highly flexible character.
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Robustelli et al. (2018) developed a new implementation of the AMBER99SB-
ILDN called AMBER99SB-disp and compared it to AMBER and CHARMM variants
(AMBER99SB∗-ILDN, CHARMM22∗, CHARMM36m, AMBER03ws, AMBER99SB-
UCB, AMBER99SB-ILDN).[249] They tested the forcefields with different water models.
An extensive range of ordered and disordered proteins was used as test systems. The force-
fields produced results in good agreement with experiments in many cases, but the simulations
of the disordered proteins led to less reproducible results. The new AMBER99SB-disp force-
field yielded the best forcefield score. However, six of the systems simulated by the various
forcefields for comparison were also used for training of AMBER99SB-disp, which could have
provided an unfair advantage. For folded peptides, all but AMBER03ws performed well, with
no significant score differences. For disordered proteins, AMBER99SB-disp, AMBER99SB-
ILDN/TIP4P and CHARMM36m outperformed the other forcefields.

Gao et al. (2017) studied the folding of α-helical and β -hairpin peptides using differ-
ent AMBER forcefields on α-helical and β -hairpin peptides.[250] Eight AMBER force-
fields were compared (AMBER03, AMBER99SB, AMBER99SB-ILDN, AMBER99SB,
AMBER12SB, AMBER14SB, and AMBER14-ipq, AMBER99SB-NMR) and used REMD
to accelerate the sampling, starting with linear conformation and tweaking the temperature
scale. For peptide 219M (an α-helical peptide), AMBER03, AMBER99SB-NMR, AM-
BER12SB, and AMBER14SB forcefields sampled more folded states than the other three
forcefields. For 1LE1 (a β hairpin peptide), using the AMBER14ipq and AMBER99SB-
ILDN forcefields, more beta-sheet propensity was observed, while the other forcefields mainly
sampled extended or random coils for this peptide, and using the AMBER12SB forcefield,
even α-helical fragments were detected in place of β -sheets. Their conclusion was that the
lack of a polarisation effect was the limiting factor in those forcefields for reproducing or-
dered secondary structures. AMBER99SB-NMR had the best performance among the seven
common AMBER forcefields with the lowest RMSD to NMR structures and the highest prob-
ability of native hydrogen bonds.

Finally a recent paper from Tian et al. (2019) compared the AMBER14SB forcefield
with the most recent version AMBER19SB forcefield. They compared the propensity of he-
licity of residues in MD simulations and in NMR.[205] They reported a better correlation
of helicity per residue using AMBER19SB in conjunction with the OPC water model, while
AMBER14SB gave a better reproducibility of the helical propensity when used with the OPC
water model (Figure 2.7).

In conclusion, the accuracy of the MD forcefields has increased significantly over the 10
last years and older forcefields are now obsolete. The accuracy of a forcefield varies depend-
ing on the system under study, and the water model can impact the results significantly. A
large amount of development that recently went into AMBER makes the forcefield a good
choice. It is noteworthy that none of the above forcefields was found to be particularly good at
predicting the conformation of largely disordered systems. In Chapter 3 we present a bespoke
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Figure 2.7: Helical propensity Agreement between NMR and molecular dynamics, Reproduced with
permission from Tian et al.[205]

protocol for de novo parameter generation for unnatural amino acids which is compatible with
AMBER14SB and later tested with the AMBER19SB forcefield.
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3
Development of a Forcefield

Parameterisation Protocol for non
Proteogenic Amino-acids

3.1 Determination of forcefield parameters
Current molecular dynamic simulation methods primarily rely on empirical potential energy
functions (forcefields) to evaluate the potential energy of bio-molecules. Therefore an accurate
description of the energetic properties of the molecules is crucial to enable the computation of
physical quantities in good agreement with experimental data and the observation of molecular
processes.

The AMBER family of forcefields contains parameters for all-natural amino acids. How-
ever, parameters for amino acid modifications found in proteins and peptides are lacking from
the general forcefields. This includes covalent binders, oxidation and cyclisation of natural
amino acids and unnatural amino acids. Consequently, many groups have developed ’add-
on’ parameter sets that can be combined with default forcefield parameter sets to simulate
non-natural amino acids. To the best of our knowledge, to date, no AMBER compatible sta-
pled peptides library add-on forcefield has been published. A non-exhaustive list of add-on
forcefields compatible with the AMBER forcefields includes :

• AMBERDYE, a forcefield add-on for dyes commonly used in labelling
experiments.[251]

• SWISSSidechains, a forcefield add-on for some of the most common unnatural amino
acids.[252]

• Forcefield-PTM, a forcefield add-on for post-translational amino acid
modifications.[253]

• Forcefield-NCAA, a forcefield add-on for unnatural amino acids found in complement
inhibitors of the compstatin family.[254]

• Phenylalanine and Tyrosine Derivatives add-on forcefield.[255]
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• Azido and alkynyl containing amino-acids forcefield.[256].

In Chapter 2, Section 2.3, we described the different terms and parameters of the AM-
BER forcefield. Historically several methods have been used to parameterise molecules for
MD. The bond (and respectively angle) parameter is expressed with a distance (respectively
angle), corresponding to the relaxed distance (respectively angle) between two (respectively
three) atoms and a harmonic potential, which translate the energy necessary to stretch or com-
press the bond (or angle) from its optimum value. As an example, for the AMBER94 force-
field, equilibrium distances and angle for the bonds and angles were obtained by averaging
bonds distances and angles measured in protein X-ray crystallography structures. Harmonic
force constants were computed from QM vibrational analyses.[257] The Lennard-Jones pa-
rameters were derived from Monte-Carlo liquid simulations by adjusting the Lennard-Jones
parameters of simple molecules such as methane, ethane, propane and butane to reproduce
the densities and enthalpies of vaporisation of these liquids.[257] Parameters for the bonded
and Lennard-Jones interactions have been fairly conserved until the most recent versions of
the AMBER forcefield.[205, 257] Atomic partial charges were calculated through Quantum
Mechanics (QM) by fitting the (gas phase) electrostatic potential, calculated at the HF 6-31G*
level. Indubitably, the torsional terms have been through the most refinements over the differ-
ent versions of the forcefields. Different data-sets and methodologies for the parameterisation
of the dihedral terms have been developed over time. In AMBER94, the torsion parameters
were obtained by fitting against energetic profiles from QM calculations for a small number
of low-energy conformations of glycine and alanine dipeptides.[257] In AMBER96, identical
parameters were used initially for the ϕ and ψ dihedral terms, and these were then empirically
adjusted to reproduce the energy difference between extended and constrained α-helical ener-
gies for alanine tetrapeptides. AMBER99SB reflects another attempt at refitting backbone di-
hedral parameters by including eleven representative structures of alanine tetrapeptides along
with alanine dipeptides.[192] AMBER99SB-ILDN is a variant of the AMBER99SB force-
field where NMR data has been used to refine the torsional term of the backbone to NMR
data.[241] Therefore, in this work, parameterisation of the dihedral terms has been given the
most attention.

Figure 3.1: General pipeline for de novo parameterisation of amino acids

In this work, Lennard-Jones, bond and angle parameters for unnatural amino acids were
extracted from the GAFF2 forcefield. This is justified by the observation that very few changes
in these terms have been made in the recent iterations of the AMBER forcefields. Given the
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relatively small amount of experimental data for stapled peptides, we focused on producing
data sets from quantum mechanics to fit the remaining partial charges and torsional (dihe-
dral and improper) terms. Figure 3.1 describes the different steps of our parameterisation
protocol. The first stage is to produce a number of conformations and to derive the atomic
partial charges; details of the protocol are given in section 3.2.1. The second stage produces
Lennard-Jones parameters and bonds and angles parameters, as briefly described in section
3.3; this is trivially achieved by using tools already available. Finally, we developed a method
for the parameterisation of torsional angles, which required a carefully generated set of con-
formations. The generation of those conformers and the dihedral fitting is described in section
3.4.

3.2 Derivation of atomic partial charges
For biomolecular additive non-polarisable forcefields, the most commonly used charge de-
termination methods are based on fitting the electrostatic potential (ESP). Other variations
include bond charge increments[258] and electro-negativity equalisation methods.[259]

3.2.1 The ESP method
In the AMBER forcefield, the partial charges are summed through a Coulombic potential (as
described in Chapter 2 Section 2.3.1). Difficulties in determining such charges arise from the
fact that they are not observable and are dependent on a given conformation. In non-polarisable
forcefields, it is required that these charges are time and conformation independent, which is
an approximation.

ESP calculations require the conduction of quantum mechanics (QM) calculations of the
electronic environment of the molecule. A preliminary geometry optimisation operated by
QM calculations allows the system to be as close as possible to a low energy conformation
to limit artefacts due to a high energy conformation. Then the map of electrostatic potential
(MEP) is computed: during the calculation of the MEP, a virtual unit charge, generally pos-
itive, is placed at a certain distance from the molecule. The electrostatic potential is defined
by the interaction (or perturbation) energy between the charge and the molecule. This calcu-
lation is performed many times around the molecule, and the electrostatic potentials are then
assembled to produce a 3D map of the electrostatic potential, the MEP. The last step is to
fit the molecule in this ’electronic shape’ and assign the partial charges which reproduce this
shape at best.

Limitations of ESP

The standard ESP charges derivation method has several shortcomings. First, Williams et al.
studied the variation of ESP charges calculated for an alanine dipeptide using 12 different
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conformations.[260] The partial charges generated by these conformations varied consider-
ably. Second the charges of “buried” atoms are statistically under-represented, as MEP points
must lie outside the molecular van derWaals (vdW) surface. Thus, buried atoms (such as qua-
ternary carbon atoms) are not represented by a significant number of MEP points. In contrast,
atoms at the molecular surface contribute to a more substantial number of MEP points. Third,
equivalent atoms (e.g. the hydrogens of a methyl group, or atoms in symmetric groups) might
be given different partial charges values, which is only relevant for the specific conformation
used for the calculation.

3.2.2 The Restrained Electrostatic Potential (RESP)
Bayly et al. developed the RESP (restrained ESP-fit) charge model.[261] The RESP model
involves a chi-square of the charges to the electrostatic potential (ESP, χ2

ESP), but with the
addition of hyperbolic restraints on charges for equivalent atoms (χ2

restrain).

χ2
RESP = χ2

ESP +χ2
restrain (3.1)

with
χ2

restrain = a ∑
natoms

(
√
(q2

i +b2)−b (3.2)

b determines the tightness of the hyperbola around its minimum and a is the weight factor
for the strength of the restraint function. Charge values are fitted to reproduce the MEP,
but these restraints serve to re-evaluate the charges of buried atoms without impacting the
fit. The statistically defined charges are only negligibly affected by the restraint. In contrast,
atoms with fewer MEP points are restrained toward a null partial charge, reducing unintended
artefacts. RESP charges determination lead to smaller variations of the charge among related
functional groups. RESP charges are used in all contemporary AMBER forcefields. The final
RESPmodel is produced via a two-stage fit, with the first stage recovering equivalent atoms by
molecular symmetry (e.g. C1 and C3 in propane) and the second stage needed to fit equivalent
charges on hydrogen atoms.

3.2.3 The Restrained Electrostatic Potential (RESP) using multiple
conformations

Atoms being polarisable, partial charges are dependent on the conformation chosen for
the RESP calculation and this has an impact on the final partial charge values. Multi-
conformational approaches can be used to tackle this issue. Multiple RESP charge estimations
are produced and averaged. This approach has been described by Dupreadeau et al.,[262] but
was only available via the pyR.E.D web-server, which was down from October 2018 to June
2019. In this work, we implemented our own RESP derivation protocol relying on different
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conformations of the molecule.

3.2.4 In-house implementation of a multi-conformation RESP

Implementation

Figure 3.2: Pipeline followed by the multi-RESP.py script

We ran parallel RESP derivations of multiple conformations of the molecule. The re-
sulting partial charges were then merged to reduce the error linked with the choice of the
conformation given as input. In the multi-RESP implementation, the user provides an input
file, containing a certain number of conformers, which can be generated independently or
using the script provided. Of note, capping groups are used during QM calculations to avoid
’halved’ molecular bonds and to mimic adjacent amino acids. The capping groups acetyl at
the N-terminal and methyl-amine at the C-terminal were used. After QM, the capping groups
are removed, and any non-integral residual partial charge is redistributed evenly over all re-
maining atoms. Typically, this residual charge does not exceed 0.05 e as seen in Figure 3.3.
Stapled residues were parameterised using two residues chemically bound by their side-chain
and two backbone fragments (Figure 3.3). For two charge estimation repeats using two sets
of 50 conformations, discrepancies of around 0.05 e are observed. Thus charges are rounded
after two digits. The script returns a forcefield library file which can be used directly to setup
MD simulations. The multi-RESP implementation can found on github : michellab/Stapline
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Figure 3.3: Partial charges calculated for (2R,11R,Z)-2,11-diacetamido-N1,N12-dimethyldodec-6-
enediamide a. Structure and the stapled residues produced as well as the capping groups are highlighted
b. Partial charges including capping groups c. Partial charges of the capping group are set to zeros,
and residual charges are distributed to all atoms of the residues. d. Final fragment kept for building
the library.

All intermediate stages were scripted so the user could run the multi-RESP on one line;
the script directly returned a .lib file and could thus be used directly in simulation, with generic
torsion terms from the General AMBER forcefield (GAFF2). Atoms are renamed to follow
the AMBER forcefield naming formalism.

Practical Considerations

The pipeline developed here not only produced a RESP fit, but also produced AMBER com-
patible libraries for the amino acid, (given the user provides the Cα atom of the amino acid).
These forcefield add-ons are meant to be combined with the AMBER general forcefield. Thus
it is important to follow the nomenclature of this forcefield. All amino acids of the AMBER
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force-field have integer charges (-1, 0 or +1). Hence any combination of amino acids will
always result in an integer charge. Net charges are usually neutralised with counter-ions in an
explicit solvent system. This is particularly important as the Ewald method used to compute
electric fields will only converge if the net electric charge of the system is zero.

When sidechains atoms are absent of an input file, they will be added automatically by tleap
(AmberTools),[263] which is a powerful software to prepare simulations. We took advantage
of that feature extensively in the rest of our work to introduce stapled residues in our designs.
However, the software does not rely on a library of rotamers and uses a single representative
side-chain conformation. We prepared libraries with sidechains as extended as possible to
produce the least clashes when added into a peptide.

Comparison of our in-house multi-resp with pyR.E.D

The pyR.E.D server is a reference for calculating RESP charges on multiple
conformations.[262] We compared the partial charges obtained with our method with
partial charges obtained using the pyR.E.D server. In both cases, the same basis set and
level of theory were used. Of note, our implementation differs slightly from the R.E.D
implementation. In our approach, the charges are computed from separate RESP and
subsequently averaged. We compared two RESP runs using the RED server, and a run
obtained using our method, to determine an acceptable root main square (RMS) value
between two consecutive runs. For each run, we used an independently generated conformer
set of 20 conformations of pentenyl-alanine. We also compared the effect of the Cα
stereochemistry on (S)-pentenyl-alanine and (R)-pentenyl-alanine partial charges. Thus six
independent runs were compared. RMS were calculated pairwise between the runs (Table
3.1). As seen in Table 3.1, RMS values between two runs on the R.E.D server can result in
partial charge variations of up to 3.1 e. In comparison, the RMS values between our in-house
implementation and the R.E.D yielded differences of up to 3.4 e. Thus the difference
between the partial charges generated with our approach was similar to the difference
between two consecutive runs on the R.E.D server. The partial charges computed with our
approach yielded similar results to the ones of the R.E.D server.

Moreover, the partial charges between the (R) and (S) enantiomers were also found to be
comparable, as the RMS between the (R) and (S) enantiomers using our in-house approach
yielded a RMS of 1.2 e (and 1.9 e and 1.4 e for the R.E.D server) which is lower than the
RMS obtained between two consecutive runs of the R enantiomer on the R.E.D server (3.1 e)
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RED charges deriv in-house
(S)-2 (R)-1 (R)-2 (S)-3 (R)-3

RED charges deriv
(S)-1 1.3 1.9 1.2 1.6 2.2
(S)-2 2.1 1.4 1.2 1.3
(R)-1 3.1 2.1 1.8
(R)-2 1.4 1.5

in-house (R)-2 1.2

Table 3.1: RMS (in e, elementary charge) between partial charges of 2-acetamido-N-methylhept-6-
enamide calculated for different runs, using the (S) and (R) enantiomers using the R.E.D. server (runs
(S)-1 (S)-2 (R)-1 (R)-2), and our in-house implementation (runs (S)-3 (R)-3)

Determining the number of conformer needed to achieve a sufficient sampling

Figure 3.4: Variation of the partial charges when increasing the number of conformers in RESP
calculations. Partial charge RMS values were calculated using three consecutive runs obtained by our
in-house approach, and compared pairwise. (S)-2 vs (S)-1: RMS between (S)-pentenyl-alanine, run 1
and (S)-pentenyl-alanine, run 2; (R)-2 vs (S)-1: RMS between (R)-2 : (R)-pentenyl-alanine, run 1 , vs
(S)-pentenyl-alanine, run 2;

We ran the multi-RESP pipeline for a number of different conformers to generate the
partial charge of the dimerised (S)-pentenyl-alanine and (R)-pentenyl-alanine. A RMS value
was calculated by comparing the partial charges values for each atom, aiming to understand
if lower variations of the partial charges could be achieved between consecutive runs by using
more conformers. Rdkit was used to generate the conformer sets. We used two independent
runs using (S)-pentenyl-alanine, and one run using (R)-pentenyl-alanineglycine for this study.
The MEP calculations were conducted for the 300 conformations using Gaussian09.[264]

Above 40 conformers, a drop of RMS from 1.3 e to around 0.6 e is achieved (Figure
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3.4). However, above 60 conformers the RMS between the consecutive runs is not reduced
any further. Thus using between 40 to 60 conformers is an adequate number to calculate the
partial charge of the molecules. This study also reiterates the fact that (R) and (S) enantiomers
have similar partials charges as the RMS between the (R) and (S) conformers is similar to the
RMS between two runs using the (S) conformer, for any number of conformations. Unless
otherwise stated 50 conformers where used for every other molecule. (S) and (R) conformers
where given the same partial charges, to allow the use of the enantiomers interchangeably,
without introducing residual charges.

3.3 Determination of Bond and Angle parameters
In the AMBER forcefield, only a small number of bonds are present : 29 bond types are de-
fined for the 20 natural amino acids. As an example every sp3 − sp3 carbon-cabon uses a
relaxed distance of 1.52 Å and a harmonic constant of 310 kcal.mol−1.Å−2. Similar obser-
vations are made for the angle parameters, with only 99 different types of angle within the 21
natural amino acids (e.g. sp3-sp3 carbon-carbon bond has a relaxed angle of 109.50° and a
force constant of 50 kcal.mol−1). Noteworthy, the general AMBER forcefield only contains
chemical groups present in natural amino acids. As an example, non-aromatic alkenes, which
are present in RCM staple chemistry or the triazole group present in click chemistry staples,
are not represented in the general forcefield. We thus used GAFF2 (generalised AMBER
forcefield) to attribute bond and angle parameters as it contains more varied chemical groups
such as heteroaromatic and alkyne functions.[242] AmberTools possess a module, parmchk2,
to automatically assign bond and angle parameters to the molecule of interest.[263]

3.4 Determination of parameters for dihedrals

3.4.1 Introduction
Dihedral torsion parameters require careful optimisation as small changes can significantly
influence conformational preferences of proteins and oligonucleotides.[192, 265–267]. The
use of different versions of the AMBER forcefield result in very different helical propensities
in MD simulations (see Chapter 2, Section 2.4.3). At the start of the project, the program
Paramfit,[268] developed by Betz et al. appeared very promising for the parametrisation of
the dihedrals for our stapled residues library. We thus implemented a systematic and semi-
automated protocol relying on Paramfit. We noticed long calculation times to obtain dihedral
parameters. We also observed that poor parameters were occasionally produced by this ap-
proach (some of the results obtained using this approach will be presented in section 3.4.4).
This motivated us to develop our own approach, shown in section 3.4.6. Our protocol pro-
duces more robust and accurate fits than Paramfit, with the additional benefit of faster runtime
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execution. The backbone dihedral parameters were improved by initialising the calculations
with the parameters of the GAFF2 forcefield and fitting to potential energies determined by
quantum chemistry calculations using a least-square approach. Molecular dynamics simula-
tions were subsequently performed to determine the preferred backbone conformations and
compare them with the proteogenic amino-acids.

3.4.2 Dihedral fitting
In a forcefield, the change in potential energy upon rotation of a dihedral angle is depen-
dent on non-bonded interactions and an additional bonded-term dependent on the four atoms
connected in the dihedral bond.

Vdihedral =
1
2 ∑

i∈torsions
V1−4(non−bonded) + ∑

i∈torsions
∑
n

1
2

V n
i [1+ cos(nωi − γi)] (3.3)

In AMBER forcefields, Equation 3.3 is used to calculate the potential energy of a dihedral
torsion in a molecule. Two terms contribute to this energy. The first term is the non-bonded
term, V1−4, which is defined by the Lennard-Jones and Coulomb energies, and in our protocol
no partial charge adjustment wasmade at this stage. In the AMBER forcefield, the non-bonded
energies calculated between atoms (1-4) of the dihedral angle term are halved. The second
term, the bonded energy of a dihedral angle, is parameterised using a Fourier series. Each
Fourier term is defined by : a force constant, V n

i ; a multiplicity, n and a phase shift γi. For
bonded dihedral terms, in the AMBER forcefield, the force constant of a given Fourier term
generally has a value between 0.00 and 25.00 kJ.mol−1. The phase shift values is either 0 or
180°. The multiplicity determines how many terms will be used for each dihedral. Usually,
in the AMBER forcefield 1, 2 or 3 Fourier terms are used for each torsion with multiplicity
values of 1, 2, 3, 4 or 6. As an example, a torsion with two sp3 − sp3 central atoms generally
has two Fourier terms with multiplicity values of 1 and 3, while a torsion with a central bond
comprising sp3 − sp2 hybridised atoms generally has 1 or 2 Fourier terms with multiplicity
values of 1 and 2 (or 4).

3.4.3 Least square fitting method principle
A mathematical procedure for finding a function that best fits a given set of points is to min-
imise the sum of the squares of the offsets of the points from the function (sometimes called
target or objective function). For the non-linear fitting, several iterations are needed to find
the parameters minimising this sum. In general, several refinement cycles are required to
obtain best-fit parameter values. Importantly, initial values can have an impact on the final
set of parameters as poor initial values can result in the iterative least-squares refinement to
converge to a local minimum. The objective function should return the Chi function, which
corresponds to the difference between the data and model. The chi-square (χ2) is often de-
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fined as seen in equation 3.4. Weighting factors can also be applied to minimise the effect of
outliers in the data set.

χ2 =
N

∑
i
[
(ydata

i − ymodel
i )2

w2
i

] (3.4)

3.4.4 Paramfit approach
Paramfit was developed for the parameterisation of molecules, the method relies on a least
square method to fit the parameters.[268] The function to minimise is the sum of differences
between MM single point energies and QM energies for each conformation is presented in
Equation 3.5.

f (N,EQM,K) =
orders

∑
n

[(EMM(i)−EQM(i)+K)2] (3.5)

With EQM and EMM being respectively the quantum and molecular dynamic energies. K
is a constant to compensate for differences in the relative energy values between the quantum
mechanics calculations and the Molecular dynamic calculations. A dihedral fitting problem
usually possesses many variable in comparison to a typical use case of the least square method.
Indeed, the number of terms per torsion is rather large: with one carbon-carbon bond, consid-
ering all bonds are saturated, the dihedral term is composed of 9 ’torsions’ (4 atoms linked),
each consisting of several terms; one per order (usually 1 to 3 orders). Paramfit implements a
genetic and simplex algorithm for the convergence of the least square fitting method. The sim-
plex method is one of the most versatile methods used for least-square fitting, and it is still the
standard method employed for many optimisation problems. After the objective function is
defined, the set of rules to apply to the system is translated into linear functions following cer-
tain rules called slack variables. These variables define the boundary of the search area. The
method starts from an extreme point of that boundary. Next, a test determines whether that
extreme point is optimal. If the test is not passed, an adjacent extreme point is sought along
an edge in the direction for which the value of the objective function increases at the fastest
rate; a new extreme point is reached. The sequence described is then repeated. Termination
occurs when an optimal extreme point is found. The main advantage is a fast convergence
rate as the method typically converges on the optimal solution in a number of steps that is
only a small multiple of the number of extreme points. However, the simplex algorithm is
not very efficient for systems having a lot of local minima, as it will converge to the closest,
being thus highly dependent on the initial set of parameters. In order to cover more search
space, Paramfit implements a hybrid genetic algorithm to conduct the minimisation, with re-
finement using a simplex algorithm to accelerate convergence. A genetic algorithm is used
to generate multiple solutions on the energy landscape. The genetic algorithm is a procedure
inspired by biological evolution. First, an initial number (population) of parameter sets are
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generated. Parameters in each set are changed (’mutated’) at random in a specific range of
the initial parameters. The sets are then ranked according to their performance on the fitness
function. ’Mutations’ that improve the fit are retained. For recombination, two sets of param-
eters (’parents’) are chosen uniquely from the selection pool and are combined in one of two
ways, selected at random. Then recombination with other beneficial parameters occurs before
a new round of mutations is introduced in the population. Successive generations are gener-
ated until an optimum is reached. Convergence is reached when the best fitness within the
population remains unchanged for a threshold number of generations. Paramfit implements a
hybrid genetic algorithm, where once the best fitness remains unchanged from one generation
to the next using the genetic algorithm, a simplex algorithm is run. In their paper Betz et al.
[268] concluded that their algorithm could find local minima in poorly sampled landscapes
and was also able to recover parameters used in the ff99SB forcefield.

3.4.5 Paramfit wrapper
A wrapper script was written to facilitate and automate the use of Paramfit. Paramfit requires
specific input files to specify the torsion to be optimised and the parameters of the fit. Wewrote
a script that recognises the torsions in a residues (PSI, PHI, CHI1, CHI2, CHI3...), given the
Cα is correctly labelled by the user. The script then produces a conformational scan around
each bond: each bond of the backbone is rotated using a given angle step within 360 degrees,
and produces the Paramfit input files. Input files for Gaussian09 are auto-generated for each
conformer. The QM energy of each conformer is then computed and the conformations are
optimised, with the positions of the heavy atoms in the dihedral of interest kept constant.
The QM outputs are parsed directly by the script, and Paramfit is used to produce a set of
torsional energy parameters for the torsion of interest. We found that Paramfit performed
better if relatively good parameters were used in the input topology. As non-aromatic alkene
(present in the RCM staples) parameters are found in the GAFF2 forcefield, we used the
GAFF2 forcefield parameters in the input.

Results

Overall we found that the MM values obtained using the GAFF2 forcefield parameters offer
generally a pertinent energy profile when compared to the QM values. It allowed us to assess
if Paramfit produced a pragmatic improvement over these parameters. A set of quantum me-
chanical energies for different conformers was generated for each torsion of the molecule of
interest. We used the genetic algorithm and subsequently the simplex algorithm implemented
in Paramfit to refine those parameters. However, the results obtained with this method were
unsatisfactory. For instance, Figure 3.5 shows a case where Paramfit produces erratic param-
eters for the CHI3 torsion. The MM profile of the CHI3 torsion is around 5-fold the energy
found using QM or MM with the GAFF2 parameters. To overcome this problem, we devel-
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oped a ‘hybrid’ set of parameters (Figure 3.5), where Paramfit parameters were adopted only
if they offered an improved fitting against the QM energy profiles, in comparison to the MM
values obtained with the GAFF2 parameters. This approach provided a MM energy profile
closer to the QM data even if some discrepancies in the energetic profile were observed. We
can see in Figure 3.5 the MM values obtained with our hybrid method gives a better fit when
compared with GAFF2 parameters.

Figure 3.5: Fitted parameters by torsion for the pentenyl glycine residue (stapled) the blue curve
represents the QMdata used for the fit of the new parameter (light blue); Non-fitted GAFF2 parameters
are found in orange; Hybrid parameters are a set partially taken from newly optimised parameters and
GAFF2 parameters (green)

However, this hybrid approach was relatively slow, with 10 to 54 hours needed for the
fitting of each parameters (using a 24-core workstation); usually, after the QM energies were
obtained, the fitting would take two days to complete for all of the torsions, but in some
instances, convergence was not reached after a few days of refinement, and the values obtained
showed large discrepancies with QM data.

A major bottleneck of this approach is that Paramfit calculates the least square to quantum
data using single-point energies. That means that all MM energies are computed for each QM
point at each iteration of the least square. This slows down the process in two ways. Firstly
calculating single point energies for a relatively large number of conformations is a costly
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operation. Isolating one single point energy calculation on Paramfit is arduous. Using Sire,
another MM engine supporting AMBER topologies, we calculated that one MM single point
energy required an average of 0.4 seconds. A part of this execution time is used to load
topologies and coordinates from a file, and a lower time should be expected when in this run
iteratively. However a non-negligible time should be expected on each refinement of Paramfit
to calculate single point energies. Calculating a large number of single points slows down this
approach independently of the algorithm chosen for convergence. The second reason is that
fitting to single points energies does complicate the convergence as a discrete function is used.

Besides the performance issues, we had several concerns using the results obtained from
the Paramfit optimisation procedure. First, the absolute values returned by Paramfit for the
dihedral amplitude term could be 10 to 50 higher than GAFF2. Second, some of the cal-
culated values were negatives. Negative values are technically acceptable, but no negative
dihedral amplitude terms are found in the AMBER forcefield. Large amplitude values are
more problematic because they may lead to poor torsional energies for conformations not
present in the training set. In Figure 3.6.a, we compared the QM energy profile and the MM
energy profiles using parameters obtained from Paramfit and using GAFF2 parameters for the
(S)-penthenyl-alanine molecule. Paramfit produces a tight fit of the rotamer of the CHI1 tor-
sion used to generate the parameters (training data set). However, using another conformation
of the molecule and calculating the single-point energies of the same torsion with different
rotamers, we observe significant differences in the profile using the parameters produced by
the latter fitting, as seen in Figure 3.6.b. For some conformations, energies greater than to 22
kcal.mol−1 were obtained for several conformations of this torsion, which is 2.3 the maximum
energy obtained in QM.
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Figure 3.6: Comparison of MM energies calculated with Paramfit and GAFF2 parameters and QM
energy for (S)-pentenylalanine (stapled) a. Using the set of conformations used during the fitting (train-
ing dataset) : a good fit is obtained. b. using an independent set of conformations (untrained dataset)
: large discrepancies are observed with energy jumps.

3.4.6 A custom dihedral parameterisation protocol
Following the setbacks encountered whilst using Paramfit, we decided to build an in-house
unnatural amino-acid parameterisation tool. Our approach relies on the least-square fitting
method, isolating each dihedral one by one in a sequential manner. The number of required
QM data points are similar to Paramfit. In our method, the single point energy for each torsion
is calculated only once as our algorithm fit the forcefield parameters directly to an energy
profile obtained via quantum mechanics. Single point energies are calculated at the start of
the optimisation. The bonded and non-bonded MM energy components are determined and
subtracted from the QM energy so that the residual energy is fitted using the dihedral MM
equation. The energy resulting from the difference between the total QM energy and the MM
non-bonded energy is referred as ’QM torsional energy’ for simplification in the next section.
In comparison with Paramfit, fittings made directly on the dihedral term, whereas Paramfit
performs the fit on discrete values of single point energies.

Theoretical details of the parameterisation strategy

The dihedral parameterisation of the amino acids has been performed using a least-squared-fit
method. For each dihedral, 36 conformations spaced by 10 degrees were produced, covering
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a full rotation around the two central atoms of the considered torsion. Afterwards, the QM
energy of each conformation is computed with a rigid or flexible scan, (the difference will be
discussed in the next section). The MM energy is computed using the partial charges obtained
with themulti-RESP procedure, Lennard-Jones and bonded terms from theGAFF2 forcefield.
The amplitude terms of the dihedral angle describing the torsions to be optimised are set to
zero. This MM energy is subtracted from the QM energy to give the QM dihedral energy,
which will be used to fit the data.

EMMdihedral(i) =
d

∑
i

orders

∑
n

Ai,n(1+ cos(niθi +ϕ)+K) (3.6)

The objective function for the fit is presented in Equation 3.6, where d is the number of
the different dihedral types involved in the torsion (up to 9), orders is the maximum order of
each dihedral, θ is the dihedral angle and ϕ the phase. Similarly to Paramfit, K is a constant
to compensate for differences in the relative energy values between the quantum mechanics
calculations and the Molecular dynamic calculations. It is added to the function as only the
energy variation in the dihedral term is considered here. This constant is similar to the K
constant also found in Paramfit and has the same function. Ai,n is the dihedral energy barrier
for a given dihedral term and order. In the AMBER forcefield, this barrier is positive for
all natural amino acids present in the forcefield. ϕ is the phase that is equal to 0 or π . In
theory, we could fit directly to this function. However, this equation produces a large number
of parameters. Additionally, the phase terms are not continuous in AMBER forcefields (either
180 or 0 degrees). Instead, looking at equally spaced torsions around one bond, we can thus
derive Equation 3.6. Following the same notation, Equation 3.6 thus becomes

÷ddθEMMdihedral(i) =
d

∑
i

orders

∑
n

−ni.Ai,n ÷ddθEMMdihedral(i) = sin(niθn,i +ϕn,i)) (3.7)

Depending on the value of ϕ Equation 3.7 can be simplified to

d

∑
i

orders

∑
n

−ni.ai,n sin(nθi)) (3.8)

with

ai,n =

+Ai,n, if ϕi = 0
−Ai,n, if ϕi = π

(3.9)

Using the Equation 3.8 as the target for the least squares method requires fewer variables
than 3.6 and enforce adoption of discrete phase values. The least squares fitting approachmust
use continuous parameters in order to converge. In our approach, the parameters are fitted on
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the derivative function of the dihedral energy, to allow the use of continuous parameters.
The main limitation of this approach was that continuous dihedral profiles need to be

obtained. The derivation of the energy is more prone to be erroneous when high energy con-
formations are derived. Procedures used to produce relevant energies profiles will be detailed
in the following section.

Figure 3.7: Dihedral parameter fitting. Fit (red line) obtained using the leastsquare method on the
QM energy derivative (black crosses) and b. MM energy (red line) using the parameters obtained with
the QM data (black crosses)

In Figure 3.7.a we can see an example of dihedral parameters fitted against the derivative
of the energy. The target Function is reported in Equation 3.8. The phases ϕ for each term
was then retrieved using equation 3.9. For this example, the dihedral term was then calculated
using conformations upon a 360° rotation of the central atoms and plotted against the QM data
(converted to kcal). Overall the plotting the dihedral derived against the QM energy produced
a satisfactory fit to the original QM data, and the fitting calculations were short, at generally
less than 10 s per dihedral.

Rigid potential energy surface scan

A rigid potential energy scan has a few advantages. Rigid Potential energy surface (PES) scans
are much faster to run than relaxed PES scans. Once a preliminary geometry optimisation is
conducted, no further geometry optimisation is necessary which reduces the computational
cost and limits convergence failures. Another advantage of not performing individual opti-
misation, is that all atom bond distances and angles are strictly identical during the QM scan.
Thus the MM bonded terms for bonds and angles will remain constant allowing the energy
variations induced by the dihedral bond rotation to be better isolated. However, care needs
to be taken when choosing the initial conformation, as in most cases, taking a random con-
formation and rotating one of its dihedral bonds leads to steric clashes and the generation
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of high energy conformations. In Figure 3.8 we can see an example of clashes found in the
structure of pentenyl alanine upon rotation of the chi1 dihedral bond. While the energy profile
returned by the QM calculation does not have sudden rise, high MM energy is calculated upon
rotation around the dihedral, with energies peaking around 300 kcal.mol−1, and attributed to
non-bonded interactions upon decomposition of this energy using Sire. Obviously this is not
a relevant energy profile to fit parameters to, as it features very improbable molecular states.
Usually the energies of lower states are more relevant as they will constitute most of the states
sampled during a MD simulation.

Figure 3.8: Clashes observed for conformations around the CHI1 torsion of (S)-pentenylalanine when
a random conformation is chosen and no optimisation is used during QM

Generation of low energy rotamers

One of the main difficulties in this method was the generation of low energy conformers whilst
rotating a dihedral. A first solution was to check the energy of the rotamers generated before
running the QM calculations and to discard series where clashes occurred upon rotation. This
additional step generally led to smoother energy profiles. It should be noted that a relatively
large number of initial conformations need to be produced at first (3000 conformers) for the
molecule of interest. For each of the 36 structures generated during the dihedral rotation (one
structure every 10°) we checked if any clashes were detected (using a van der Walls radii
distance based approach).

In Figure 3.9 the energy profiles upon rotation of the dihedral bonds of (S)-pentenyl alanine
are reported. Sampling among the lower energy conformations leads to smoother rigid PES
profiles, providing smooth energy surfaces for the fitting of the dihedral.
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Figure 3.9: QM and MM energies using rigid PES scans around the different torsions of pentenyl
alanine a. Phi angle, b. Chi2 angle, c. Chi3 angle, d. Psi angle, e. Chi1 angle.

Flexible potential energy surface scan

When computing flexible potential energy surfaces, the geometry of the structure is optimised
for each conformation either independently, or sequentially. During the optimisation all de-
grees of freedom are allowed, except for the atoms participating in the dihedral torsion of
interest, which are frozen. The dihedral torsion is varied in 10° increments. Flexible potential
energy scans lead to longer QM calculation times (around 2 to 18 hours per conformation for
a 32 atom molecule).

In Figure 3.10.a we can see that freezing a dihedral angle while optimising the geometry
of the rest of the molecule does not always produce relevant energy profiles if the scan is
performed in independent runs (one per dihedral angle). Optimising the structure for each
conformation independently also leads to large discrepancies in the positions of atoms. In
Figure 3.10.a, The non-bonded MM energy is non-continuous due to the variety of confor-
mations. Removing this MM energy from the PES produces a jump in the resulting ’QM
dihedral energy’ (at 200°). This leads to a dihedral energy profile that cannot be fitted using
the dihedral term.

In Figure 3.10.b the molecule was optimised sequentially, using the scan method imple-
mented in Gaussian. During the scan large conformational changes during optimisation can
lead to abrupt energy drops, leading to artefacts in the energy profile. But overall this profile
is in better accordance with the AMBER forcefield. Furthermore these conformational rear-
rangements can easily be identified as they produce drops in the energy, and the energy profile
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Figure 3.10: PES of the Phi angle in pentenyl alanine,. a. The structures have been optimised in-
dependently (separate QM runs) b. The structures have been optimised sequentially (one QM run).
The orange arrow indicates a major conformational rearrangement of the structure leading to a lower
energy conformation.

can be corrected. Generally these drops vary from 2 to 6 kcal.mol−1. This last approach has
been the approach used for the parameterisation of the residue library presented in Section
3.5.

3.4.7 Performing the fit on multiple conformations of the molecule

Once theMM bonded energy was removed from the QM energy, discrepancies were observed
among the profiles for the same torsion. Thus, in this implementation, we decided for each
torsion to run more than one PES scans and combine those scans during the fitting.

The script fits the dihedral term using Equation 3.6, and the dihedral angle values of the
molecule (calculated once during the fit) to several torsional QM energies. This approach
overall led to energetic profiles closer to the ones found in general forcefields. In Figure 3.11
the MM torsion profiles using the GAFF2 parameter and the parameters obtained with our
approach are compared to the QM profiles for the pentenyl-glycine residue. In Figure 3.7, the
QM energy attributed to the dihedral energy (QMtotal−energy - MMnonbonded−energy) is deduced
by subtracting the non bonded MM energy to the QM energy. To visualise how the fitting
process performed we plotted theMM energy profile, using the optimised dihedral parameters
and the GAFF2 parameters against the QM energy profiles (Figure 3.11). By comparing the
energy differences between a set of five QM torsion profile to their MM dihedral profiles, for
the pentenyl-glycine residue, the rms was 5.6 kcal.mol−1 for GAFF2 and 3.6 kcal.mol−1 for
our in-house approach, which thus offer an improvement when compared to the general force
field.
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Figure 3.11: Comparison of QM energy with the MM energy using in-house parameter are repre-
sented in blue and GAFF2 parameters are represented in red

Additional remarks about the implementation

The main script, ‘dihedral-fitting.py’, first analyses the molecule and deduces the torsion
names, using the atoms names present in the mol2 file. It then generates a series of low energy
conformers starting from the input conformations given in input and produces the input files
for Gaussian09, using the scan function within Gaussian.

Once all Gaussian calculations are run, energies and stationary coordinates are extracted
from the output files. Stationary structures from the Gaussian09 output file are used to cal-
culate MM single point energies. Topology files are prepared where dihedral energies for the
torsion are set to zero. Then using the software mdtraj, angles for every four atom combination
are retrieved and using Equation 3.7 as the target function, the least square fit is conducted.

The number of dihedral terms used was based on the nature of the dihedral to fit. Dihedrals
with two central sp3 carbons were fit with 3 terms of order 1, 2, and 3. Planar dihedral (e.g.
amide group, alkene, aromatics) were fit with 3 terms of order 1, 2 and 4. To perform the
least square fit method, we used the lmfit python library from the python3 package.

The variation of energy observed in the QM profile not only depends on torsional param-
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eters but also on the non-bonded interactions ( bonds, angles and every other dihedral were
kept constant). Fitting the dihedral torsion directly to the QM energies would lead to over-
estimating the dihedral energies. Therefore, single-point energy calculations were performed
using Sire to subtract non-bonded energies from the total energies before fit.[269] Clashes
were determined by computing inter-atomic distances and applying atomic element-specific
cutoffs. Conformers with one or more interatomic distances under a cutoff were discarded.
The general pipeline is presented in Figure 3.12

Figure 3.12: A general pipeline used for the parameterisation of the dihedral angle.

3.5 Building a library of stapled residues
A library of stapled peptides residues was prepared using the forcefield development pipeline
presented in this Chapter (Figure 3.14), The parameters for these uAAs are readily available
on Github. This library comprises the most commonly used staple chemistries, and includes :

• Ring Closing Metathesis (RCM) staple residues (non stapled) : (S)-4-pentenyl)glycine
(RCM-S-G), (R)-4-pentenyl)glycine (RCM-R-G) (Figures 3.13.a and 3.14.a).

• Ring Closing Metathesis (RCM) staple residues (stapled) (Figures 3.13.a and
3.14.a): (S)-4-pentenyl)glycine (RCM-S-G), (R)-4-pentenyl)glycine (RCM-R-G), (S)-
4-pentenyl)alanine (RCM-S-A), (R)-4-pentenyl)glycine (RCM-R-A).

• CuAAC CLICK residues : the triazole is formed during the CLICK reaction of propar-
gylglycine and Lys-N3 (Figures 3.13.b and 3.14.b).
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• Cysteine Cross-linked residues (CYS). The xylene staple is formed during the alkylation
of cysteine residues withmeta-methylxylene (CYS-M) and para-methylxylene (CYS-P)
(Figures 3.13.c and 3.14.c).

Figure 3.13: Most commonly used stapled chemistries : a. RCM staple chemistry, b. click staple
chemistry, c. cysteine cross linking chemistry

3.5.1 Backbone conformational preferences of the parameterised
residues

To validate the reliability of the parameters generated, MetaD (Metadynamics) simulations
were carried out to establish the backbone conformational preference of the residues in our
library. MetaD is an established MD method that allows the rapid exploration of free energy
surfaces using collective variables (Chapter 2, Section 2.4.2). The present simulations used the
backbone ϕ andψ torsion angles as collective variables. Thewell-temperedMetaD variant was
used, meaning that the Gaussian potentials added become smaller with time. Post-processing
of the deposited potentials allows reconstruction of the free energy surface as a function of
the collective variables to produce a Ramachandran plot.

For natural amino acids, Ramachandran plots may be estimated from statistical analyses
of protein structure databases. Such analysis is not possible for non-standard amino acids
owing to the lack of experimental structural data. However, we can compare the Ramachan-
dran plots of the de-novo parameterised amino-acids with the amino acids from the AMBER
forcefield. For amino acids made of linear alkyl chains, it is reasonable to expect a profile
comparable to common amino acids (Proline and Glycine excepted). Vitalini et al. al.[270]
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Figure 3.14: Stapled residues parameterised in this work by staple chemistry a. RCM chemistry b.
click staple chemistry, c. cysteine cross linking chemistry

have tested the AMBER forcefield for different amino acids and report that computed Ra-
machandran plots were in agreement with crystallographic data. Dominant features of the
free energy surface for monosubstituted amino acids include a large basin around phi-psi val-
ues of 60°/160° (corresponding to β -sheet regions), another basin is located near phi-psi val-
ues of 60°-0° (corresponding to right-handed helices), and a smaller basin near phi-psi values
of 60°-60° (corresponding to left-handed helices)(Figure 3.15). Most natural amino-acids
(except glycine and proline) have similar Ramachandran plots (Figure 3.15 a. b. and c.)

Figure 3.16 shows that the Ramachandran plots produced with the new forcefield param-
eters are very similar to those of natural amino acids described by the AMBER forcefield for
the monosubstitued amino acids (Figure 3.15). It is unsurprising that Ramachandran plots
resemble the Ramachandran plots of the natural amino acid as the geometry at the Cα is
similar. The residues with (R) stereochemistry are symmetric to the residues with (S) stere-
ochemistry (Figure 3.14 a and b / c and d). Howerer, since Pentenyl alanines residues have
a disubstituted Cα (RCM-S-A, RCM-R-A in Figure 3.14 a) the Ramachandran plots are
slightly different (Figure 3.16.e), exhibiting some central symmetry for both stereochemistry.
In this Ramachandran plot, only two main low energy region are present. One low energy re-
gion correspond to the the Cα region. For the monosubsitued amino-acids the RMS between
the surface energies were calculated, as seen in Table 3.2. Even if paramfit performed slightly
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Figure 3.15: Ramachandran plots for residues alanine, cysteine, methionine, glycine and proline. Re-
produced with permission from [270]

better for one of the residues ((S)-pentenyl alanine (stapled) with a RMS of 27.2 (kcal) against
28.7 (kcal)), the lowest RMS between de de-novo parameterised residues is observed for the
in-house approach (22.1 kcal vs. 92.3 kcal and 25.4 kcal vs 45 kcal).

Table 3.2: RMS (kcal) between parameters generated with paramfit and alanine (AMBER14SB) (col-
umn Paramfit) and between parameters generated with in-house parameters and alanine (column In-
house)

RMS (kcal) (PARAMFIT) RMS (kcal) (In-house)
(S)-pentenyl alanine (unstapled) 45.4 25.4
(R)-pentenyl alanine (stapled) 92.3 22.1
(S)-pentenyl alanine (stapled) 27.2 28.7
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Figure 3.16: Ramachandran plots obtained by 200 ns metadynamic for the de-novo parameterised
stapled residues : a. (S) pentenyl glycine(unstapled) b. (R) pentenyl glycine(unstapled) c. (S)pentenyl
glycine (stapled) d. (S)pentenyl alanine (stapled) e. (S)pentenyl alanine (stapled), f. Click (triazole)
(azido-lysine), i. Click (triazole) (proparglycine), g. cysteine meta-benzene, h. cysteine para-benzene,
k. alanine (for comparison)(AMBERFF14SB)

3.6 Conclusion
This work has focused on the development of a pipeline for the parameterisation of unnatural
amino acids. The resulting pipeline featured a high degree of automation and was shown to
produce parameters more rapidly than the alternative Paramfit software, during the fitting of
the parameters to the QM data. Our RESP protocol is a portable protocol to calculate RESP
on multiple conformations and the partial charges obtained with this method are in accord
with the partial charges obtained with the R.E.D server partial charges. Our results indicate
that GAFF2 parameters were often able to reproduce QM torsional energy profiles reason-
ably well, and can constitute a first rapid approximation of the dihedral parameters. However
some discrepancies can be observed when molecules parameterised with the GAFF2 param-
eters are compared with QM. In this work, we built a pipeline able to improve these dihedral
parameters, and our bespoke parameters improved the fit with QM data. MD simulations
performed with the resulting parameter sets indicate backbone conformational preferences in
broad agreement with canonical amino acids for unnatural amino acids monosubstituted atCα .
In contrast, disubstituted unnatural amino acids show significantly different conformational
preferences, which is to be expected.
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3.7 Methods

Conformer generation

RDkit was used to generate a range of conformers for a given input structure.[271] The con-
formers generated using RDkit produces a diverse range of plausible conformations. Other
software to produce the conformers such as balloon and frog2 were tested but the molecular
geometry of alkene, alkyne and amide groups were not always respecting the basic Valence
shell electron pair repulsion (VSEPR) rules.[272, 273]

Meta-dynamic simulations

Metadynamics simulations were run using AMBER20 and plumed software. Simulations were
prepared using AmberTools. All input solutes were solvated in a box extending at least 10
nm away from the solute’s edges. Energy minimisation was carried out with 1000 steepest
descent steps. The temperature was then increased to 300 K using a 200 ps NVT simulation.
The pressure was next equilibrated using a 200 ns NPT simulation. Production simulations
were run for 500 ns at 300K and 1 bar using the Berendsen thermostat and a V-scale barostat.
Metadynamics Gaussians were deposited along the phi and psi angles every 500 timesteps
with height equal to 1.2 kJ/mol and width 0.35 rad for both CVs. Hills were summed and
plotted to give Ramachandran plots.
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4
Pipeline for the Secondary Structure
Prediction of Helical Stapled Peptides

4.1 Introduction
In Chapter 1 we discussed how the staple position, as well as the chemical nature of the sta-
ple, has a dramatic impact on the helicity of a peptide. More intriguingly, recent studies
highlighted that the stereochemistry of the Cα significantly affects the overall helicity, and
variations in secondary structure are also induced by the sequence alone.[60] Bioinformatics
methodologies to predict the secondary structure of peptides are well established, but only for
sequences that contain proteinogenic side-chains. There is currently no data-driven method-
ology to predict the secondary structure preference of stapled peptides owing to a dearth of
experimental data. To address this gap, we implemented an ab-initio structure prediction
method. Our approach features parallel MD simulations to predict the helicity of a given sta-
pled peptide sequence. In general, because replicas can be spread among separate computer
processing units (CPU or GPU), the various REMD methods are well suited for running on
parallel computers. Initially, we used temperature Replica Exchange Molecular Dynamics
simulations (T-REMD) as some successes have been reported using this method to reproduce
the helicity of unstapled peptides.

In the first part of this project, we hypothesised that implementing a TFE/water solvent
model, based on the TFE model published by Vymetal et al. to the AMBER forcefield would
allow experimental measurements to be reproduced more accurately.[274] After discussing
the principle of REMD simulations, our solute tempering implementation will be discussed.
Then the REMD and REST methods will be compared for sampling of the peptide Cks1, a
natural peptide. Finally, the results on helicity prediction for the p53 peptide targetingMDMX
using the solute tempering method will be presented.

4.1.1 Principles of REMD
Replica exchange molecular dynamics (REMD) is an established simulation methodology that
has been used to study peptide and protein folding mechanisms.[229–231] In REMD, a set
of MD simulations (replicas) of the same system are carried out in parallel (synchronously or
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asynchronously). Whilst in molecular dynamic (MD), simulations can sometimes be ‘trapped’
in local minima when the energy barrier to other conformations is too high, in REMD, even
if a trajectory is temporarily trapped in a local minimum, the system can escape from this
minimum via an exchange with a higher temperature simulation. When the temperature in-
creases, the potential energy profiles ‘flatten’, and the energetic barriers lower. (see Chapter
2, Section 2.4.2)

Usually, REMD simulations include a Markov chain Monte Carlo algorithm that attempts
to exchange neighbouring trajectories at a regular time interval. Instead of swapping two sim-
ulations, one at a very low thermodynamic state and the other at a high thermodynamic state,
exchanges are made between an ensemble of simulations with a lower temperature differ-
ence between each other to allow a potential energy overlap between replicas. If the overall
potential energy of a replica in a more thermodynamically excited state (‘higher replica’) is
lower than the overall potential energy of a replica in a less exited thermodynamic state (‘lower
replica’), the exchange is accepted. To permit further exchange between replicas that possess
higher and lower potential energy, a Metropolis Factor is implemented to allow exchanges
with a probability proportional to the energy difference between two replicas. The average
probability of exchange (⟨P(T1 ↔ T2)⟩) between any two neighboring temperatures over the
entire simulation is dependent on the energy distribution, U1 and U2 (equation 4.1).

⟨P(T1 ↔ T2)⟩=
∫ −∞

+∞
P(T1 ↔ T2)ρU1−U2(u)du =

∫ −∞

0
eCuρU1−U2(u)du+

∫ 0

+∞
ρU1−U2(u)du

(4.1)
In Equation 4.1, ρU1−U2 is the probability of having a certain energy difference between the

two replicas. Considering the Gaussian distribution of the energy, with σ1, σ2 and µ1, µ2 being
respectively the averages and standard deviations of the energy distribution of the simulated
system. For a system in equilibrium, the average energy depends linearly on the temperature
as well as the number of atoms in the simulated system. A large difference in temperature
implies large differences in the potential energies of the simulations to be exchanged, and
thus less probability of ’successful’ exchanges between simulations. The rate of successful
exchanges refers to the number of total accepted exchanges in comparison to the total number
of attempts and is a relatively important variable in REMD. In order to make REMD efficient,
a certain rate of successful exchanges (or rate of exchanges) must be achieved.

Pi, j = min(1,exp[(βiβ j)(E jEi)]) (4.2)

Literature suggests that a exchange rate between 0.3 and 0.6 is a good range for an exchange
aptempts every 10 ps.[275] If the exchange rate is below that range, sampling will not be
efficient, and the REMD would be equivalent to parallel MDs using different thermostats. If
the exchange rate is too high, the efficiency is not optimal either, as systems might not be
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able to stabilise their conformation at lower temperatures or explore different conformations
at higher temperatures. In addition fewer replicas could be used to to cover the same range
of temperature. The temperature scale having a direct impact on the energy of each replica,
it also has a direct impact on the probability of exchange. The probability of exchange for a
tempered replica simulation can be simplified as seen in equation 4.2.

REMD can be implemented in multiple and flexible ways. Tempered-REMD (T-REMD)
is a form of REMD where the individual replicas are simulated at different temperatures.
T-REMD simulations have been frequently used to study the preferred conformations of pep-
tides and proteins.[276] The ease with which coordinates between replicas may be exchanged
is related to the fluctuations of the potential energy between the replicas. This REMD imple-
mentation tends to require a large number of replicas. Indeed, the standard deviation of the
energy is typically linearly related to the square root of the number of degrees of freedom in
the system. The degree of freedom (noted Nd f ) is dependent on the number of atoms and the
number of constraints and virtual sites in the system, as seen in Equation 4.3.

Nd f = 9Nwater−molecules +3Nprotein−atoms −Nc −Nv (4.3)

In Equation 4.3, Nwater−molecules represents the number of water molecules, Nprotein−atoms

represents the number of protein atoms. Nc represents the number of virtual sites and Nv

represents the number of constrained internal degrees of freedoms. In explicit solvent sim-
ulations a large number of water molecules are required to solvate a typical bio-molecule.
An increase in temperature increases the potential energy of the system, this leads to large
fluctuations in the total potential energy, especially because of the increased number of water
molecules. Consequently, replicas need to have similar temperatures for their exchange to be
accepted. T-REMD simulations require a large amount of computing resources, typically 40
to 100 simulations must be used, to allow overlap in energy distribution.

4.1.2 The solute tempering method
Hamiltonian replica exchange molecular dynamics (H-REMD) simulations are REMD simu-
lations where replicas differ by their Hamiltonian. Here the term Hamiltonian differs slightly
of the Quantum Mechanic definition as the term Hamiltonian refers to a scaling of the po-
tential energies of the atoms of a system. H-REMD is said to be a more efficient alternative
over T-REMD, allowing the sampling of systems using fewer replicas by only exciting a re-
strained number of atoms in the system, in contrast to T-REMD where the higher thermostat
excites every atom uniformly. H-REMD can be implemented in multiple and flexible ways.
A REST2 implementation will be discussed in this chapter.[277] The premise of solute tem-
pering is that only the solute (the protein in a bio-molecular system) needs to be heated across
replicas (Figure 4.1). As a result, the overall potential energy of the system does not increase
between replicas. Thus, compared to REMD, fewer intermediate replicas are needed between
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74 4. Pipeline for the Secondary Structure Prediction of Helical Stapled Peptides

the highest and lowest replicas to keep the energy potential distributions of the simulations in
a range where the REMD exchange rate is efficient.

REST1 and REST2 methodologies

The original RESTmethod, which will be referenced as ’REST1’ for clarity, was developed by
Lui et. al,[232] and involves both a thermostat and a Hamiltonian scaling. The whole system
is heated uniformly using a thermostat, including the solvent molecules. The energy of the
solvent atoms is then reduced (atoms are ’cooled down’) by increasing their Hamiltonian (an
increase in the Hamiltonian of an atom decreases its energy) (Figure 4.1).

Vtotal =Vprotein−protein +

√
T
T0

×Vprotein−solvent +
T
T0

×Vsolvent−solvent (4.4)

In Equation 4.4, T0 refers to the ’target’ temperature, of unbiaised temperature and T to
the temperature of the replica. Vtotal refers to the potential energy of the system,Vprotein−protein

refers to the energy between protein atoms,Vprotein−solvent refers to the energy between solvent
and solute atoms and Vsolvent−solvent between solvent atoms. Thus different factors are applied
for protein-protein interactions and solvent-protein interactions, while interaction between
solvent atoms are not scaled.

Vtotal =
T0

T
×Vprotein−protein +

√
T0

T
×Vprotein−solvent +Vsolvent−solvent (4.5)

In REST2, developed by Wang et. al [278] all simulations use the same thermostat, and
only the Hamiltonian of the solute atoms are affected. In Equation 4.5, T0 refers to the ’target’
temperature, in our case 290 K, and T to the temperature of the replica. Vtotal refers to the
potential energy of the whole system, Vprotein−solvent to the energy between solvent and solute
atoms and between solvent atoms and Vsolvent−solvent to the potential energy between solute
atoms. Equation 4.5 shows that the protein-protein interactions are scaled more significantly
than the protein-solvent interactions.

The potential energies described in the previous equations (Vprotein−protein, Vprotein−solvent ,
Vsolvent−solvent) can further be decomposed as the sum of the Coulomb, Lennard Jones and
bonded interactions. REST2 was used in this work, and an implemetntation for AMBER is
available on github (michellab/Stapline), compatible with the AMBER14SB (and previous
versions) and AMBER19SB forcefields. Only a NAMD implementation was available at the
time of study.[279]

4.1.3 Implementation of the REST2 method for AMBER
To scale the simulations according to Equation 4.5 we modified the forcefield parameters in
the input topologies prior to running MD simulations. A Python script library was written to
manipulate the AMBER topology files (relying on parmed).[280]
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Figure 4.1: Overview of the solute tempering simulations: Only the atoms of the solute (protein) are
heated up, in comparison to a standard T-REMD where both protein and solvent are heated up: less
replicas are needed in the solute tempering method

Equation 4.5 shows that inter-molecular Coulombic interactions are differently scaled de-
pending on whether they occur between pairs of solute atoms or solute-solvent atoms. If f is
the scaling factor (with f = T

T0
), for a given replica. The Coulomb interaction between a pair

of atoms i,j is given by Equation 4.6.

Ecoulomb =
qiq j

4πε0ri j
(4.6)

Thus if the protein partial charges are scaled by a factor √ f :

qi,scalled =
√

f qi, (4.7)

E protein−protein, scaled
electrostatic =

√
f qi

√
f q j

4πε0ri j
= f qiq j4πε0ri j = f E protein−protein

electrostatic (4.8)

then, the electrostatic potential between protein and solvent becomes

E protein−solvent, scaled
electrostatic =

qi,scaledq j

4πε0ri j
=
√

f ∗
qiq j

4πε0ri j
=
√

f E protein−solvent
electrostatic (4.9)

Thus scaling the partial charges of the protein atoms by √
f allows a simple scale of the

electrostatic energy according to Equation 4.5. However, for charged solutes, scaling the
partial charges leads to introduction of a net residual charge in the system. Since simulations
of electroneutral systems are preferable, the residual charges are re-distributed over all ions
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76 4. Pipeline for the Secondary Structure Prediction of Helical Stapled Peptides

of the opposite charge present in the system.
Similarly, protein-protein Lennard-Jones interactions must be scaled by a factor f while

protein-solvent atoms are scaled by a factor √ f . The AMBER forcefield implementation
relies on the Lorentz-Bertelot combination rules (Chapter 2, Section 2.3.1, Equation 2.10).
The sigma and epsilon parameters defined to calculate the Lennard-Jones parameters for a
given heterogeneous atom pair are directly calculated using a combination of the sigma and
epsilon of a homogeneous atom pair. The σ value corresponds to the distance the force takes
effect, thus the σ value was left unaffected. The Lennard-Jones interactions are scaled by
changing the value of the ε parameter of only the protein atoms, by the factor f . Indeed for
Lennard-Jones interactions between two protein atoms, following the Lorentz-Bertelot-rules:

ε protein−protein, scaled
i j =

√
f εii. f ε j j = f

√σii.σ j j = f ε protein−protein
i j (4.10)

and for interactions involving one protein atom and one solvent atom:

ε protein−solvent, scaled
i j =

√
f σii.σ j j =

√
f
√σii.σ j j =

√
f εi jε protein−solvent

i j (4.11)

VLJ(r) = 4εi j

[(σi j

r

)12
−
(σi j

r

)6
]

(4.12)

With the Lennard-Jones potential written as a function of εi, j and σi, j, this potential is directly
proportional to εi, j. Thus the Lennard-Jones potential is correctly scaled according to Equation
4.5 by scaling the protein atoms ε by the factor f .

The scaling of bonded interactions is even more straightforward as, by definition, no inter-
molecular interactions exist. Thus for the protein bonded interactions, for the bonds and
angles, the equilibrium distance and angle values are left while the harmonic restraints are
scaled. For dihedrals, the scaling factor is applied to the dihedral barriers, leaving phases and
multiplicity untouched. Improper dihedrals are treated analogously to proper dihedrals.

Cmaps are potential energy surfaces tabulated at different discrete values. A Cmap value
for a given pair of ϕ and ψ angles is determined by interpolation of the closest values in the
map. The Cmap term is an energy and can be scaled by scaling every tabulated value of the
energy surface in the topology file by the factor f . The parmed module does not yet possess
the functionality to modify Cmaps, thus a parser for the AMBER topology was implemented,
to scale the Cmaps fields. In Figure 4.2 we can see that applying scaling on the Cmap values
flattens the surface of alanine Cmap uniformly.
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Figure 4.2: a. Alanine Cmap, no scaling applied, b. Alanine Cmap, scaling of 0.5 applied

4.1.4 Test implementation using alanine dipeptide
Our implementation was tested initially on a solvated alanine dipeptide. We used single point
energy values, which are a snapshot of the potential energy for one structure of a parameterised
molecule. We used the same coordinates to measure the single points, to better compare the
parameter scaling. In Table 4.1 the ’expected’ values were calculated as 0.6 times the potential
energy for the protein-protein interaction and

√
0.6 for the protein solvent interaction. Every

scaled term was in agreement with the expected value for this term, and no discrepancies were
observed. Thus our implementation produces the expected behaviour.
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78 4. Pipeline for the Secondary Structure Prediction of Helical Stapled Peptides

Table 4.1: a. System Studied: Alanine di-peptide in a TIP3P water box (410 water molecules). b.
Single point energy decomposition of the scaled topology.

4.1.5 Validation of a trifluoroethanol model for aqueous simulations

Motivation

Alcohols have been shown to denature proteins by destabilising their tertiary structure.[281]
This destabilisation is accompanied by stabilisation of secondary structure motifs. Fluori-
nated alcohols in particular 2,2,2-trifluoroethanol (TFE) and hexafluoroisopropanol (HFIF)
are known to stabilise α-helices.[282–284] TFE typically increases the helical content of a
peptide sequence by 25 to 60%.[283] Consequently, TFE and HFIF are among the most fre-
quently used co-solvents for peptides helicity determination in experimental studies (NMR,
CD). However, the molecular properties underlying peptide folding remain unclear. Some
studies using molecular dynamics suggest that the stabilising effect of TFE is due to preferen-
tial aggregation of TFE molecules around the peptides.[285] This coating would displace wa-
ter, and the resulting low dielectric environment would favour the formation of intra-peptide
hydrogen bonds. Because TFE interacts only weakly with non-polar residues, hydrophobic
interactions within the peptides are not disrupted. Therefore, TFE promotes stability rather
than inducing denaturation. A TFE/water mixture would enhance helix folding by decreasing
the initial barrier for helix nucleation and reducing the energetic cost for extension of the helix;
however, the origin of this mechanism is not completely understood. Vymetal et al. recently
developed a trifluoroethanol model compatible with the AMBER forcefield and demonstrated
on two model peptides (AK-17 and the antimicrobial peptide HAL-1) that TFE selectively
increased the propensity for α-helix-like conformation of backbone torsion.[274, 286] A non-
complete coating of the peptide by the TFE molecules was observed in their simulations,
disrupting the local water molecular network. Disruption of this network could lead to an
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increase in the intramolecular peptide interactions and to an enhanced secondary structure
formation.

Model validation

Vymetal et al. reported parameters for their TFE model in a GROMACS compatible
format.[274] These parameters were converted into AMBER input files for compatibility with
the rest of our H-REMD pipeline. We carried out a thorough validation study to ensure that
the conversion was correct and that the simulated properties in TFE reproduced experimen-
tal values. Density, temperature and energies did not show any unexpected large variations
over time during the simulation. The first 10 ns were removed from analyses to allow for
equilibration. Properties such as the density of pure TFE and mixtures, the proportion of the
gauche and trans population in pure TFE, excess enthalpy of mixing and excess enthalpy of
vaporisation of TFE/water mixtures were calculated.

The density of a solvent box is a good indicator of the quality of the parameters. Both in
experiments and in the simulations, the density decreases at increased temperatures, which is
a property of liquid phases. The boiling point of TFE is 347.1 K. Using the TIP4P/ew water
model, data from the simulation was found to be in accordance with the physical values in the
temperature range 290-350K (Figure 4.3).[287, 288]
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Figure 4.3: Density of TFE and TFE model vs temperature

Further validation of the accuracy of the parameters was obtained from the trans/gauche
equilibrium of the O-H bond in TFE. Figure 4.4 shows the probability distribution of the
different TFE conformations. The trans conformation is driven by steric repulsions between
the hydrogen and the fluorine, while in the gauche conformation, weak hydrogen bond inter-
actions occur with the fluorine atoms and stabilise this conformation. The population of the
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80 4. Pipeline for the Secondary Structure Prediction of Helical Stapled Peptides

Figure 4.4: a. Gauche and trans conformations of TFE ; b. Distribution of gauche/trans conformations
for the OH bond obtained during MDsimulations

C-C-O-H angle was estimated to be 39.7 % (± 2 %) for the simulation compared to 39.9
% for the literature and 40 for the experimental value (Figure 4.4). From these results, we
can assume that the behaviour of the TFE molecules is in accordance with experimental data
(Figure 4.4).

The enthalpy of vaporisation represents the amount of energy that must be transferred to
a liquid substance to transform a quantity of that substance into a gas.

∆Hvap = Epotential/(Nmolecules)−ET FE(g) (4.13)

Equation 4.13 was used for the calculation of the Enthalpy of vaporisation. Epotential represents
the total potential energy of the system. The Enthalpy of vaporisation was calculated at 300
K. A simulation of a molecule of TFE in a vacuum was performed to enable calculation of the
second term. With a box containing 2500 molecules of TFE ∆Hvap was found to be of -44.2
± 0.3 J.K−1.mol−1 which is in good agreement with both experiment (44.554 J.K−1.mol−1

± 0.8) and previous work by Vymetal et al. (44.310 J.K−1.mol−1)(Figure 4.6).[274, 288]
The excess volume of mixing ( ∆Vmix and excess enthalpy of mixing ∆Hmix were calculated

using Equations 4.14 and 4.15.

∆Hmix = ⟨Umix⟩− xT FE⟨UT FE⟩+ xwater⟨Uwater⟩ (4.14)
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Vmix =
xT FEMT FE + xwatMwat

dmix
− (

xT FEMT FE
dT FE

+
xwatMwat

dwat
) (4.15)

Where xT FE , xwater, MT FE , Mwater, dmix, dT FE , dwater, Umix, UT FE , Uwater represent respec-
tively the molar fraction of TFE, the molar fraction of water, the molecular weight of TFE,
the molecular weight of water, the density of the mixture, the density of TFE, the density of
water, the enthalpy of the system and the calculated enthalpy. For TFE fractions between 0
and 0.6, values of excess volume and values of excess energy of mixing are in accordance
with literature values (Figure 4.5).[288]
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Figure 4.5: Excess volume of mixing of the TFE model. a. Reproduced with permission Vymetal et
al.[274] b. Excess volume of mixing in AMBER simulations using Vymetal et al. model, converted to
AMBER and the TIP4P/ew water model.
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Figure 4.6: Excess enthalpy of mixing of the TFE model. a. Reproduced with permission Vymetal et
al.[274] b. Excess enthalpie of mixing in AMBER simulations using Vymetal et al. model, converted
to AMBER and the TIP4P/ew water model.

Overall the TFEmodel adapted from the work of Vymetal et al. was judged to be adequate
to conduct MD simulations using the TIP4P/ew water model.
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4.2 Comparison of T-REMD and REST2
The REMD and REST2 methodologies were tested on a short fragment of the Cks1 peptide
in a TIP4Pew/TFE (75/25 %) solvent, using the TFE model presented in the previous section.
REMD simulation were run using GROMACS and the REST2 simulation were run with AM-
BER. The objectives were to assess whether the two methodologies gave similar results, in
term of sampling and helicity, and whether REST2 is more efficient than T-REMD, in terms
of compute time.

4.2.1 Energy distributions and walk over replicas
As stated in Section 4.1.1, the exchange rate is an important variable in REMD and depends
directly on the energy distribution overlap between replicas. For each methodology, replicas
were generated to span temperatures ranging from 300 K to 600 K. For T-REMD simula-
tions the temperature spacing between replicas was determined using the web tool developed
by Patricksson et al.[289] For the REST simulations, replica’s hamiltonians were evenly dis-
tributed between 1 and 0.5 (a scaling factor of 0.5 corresponds to doubling the temperature of
the thermostat). The distributions of potential energy in the different replicas were plotted af-
ter running each replica for a duration of 500 ps, without exchange. A further 1 ns simulation,
with exchanges, was run to determine the probability of exchange.

96 replicas were used for the T-REMD simulation to achieve a significant overlap of po-
tential energy distributions (Figure 4.7), and the average exchange rate was 31 %. REST2
simulation, with only 8 replicas achieved an average exchange rate of 29%. Thus the REST2
simulation gave a similar exchange rate to the T-REMD, while minimising the number of
replicas.

The next stage was to assess how the replicas explored the ladder of excited states. The
diffusion of replicas wasmonitored across the temperature ladder. In Figure 4.8, the T-REMD
protocol the ’first’ replica (the one starting with an unbiased state) explores the full ladder,
after being limited to the 30 lowest temperatures for the first 40 ns. In the REST2 protocol the
replica rapidly diffuses across the ladder multiple times as the ladder only comprises 8 replicas.
This also suggests that the REST2 protocol is more efficient, the replicas more rapidly explore
the full Hamiltonian ladder.
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Figure 4.7: Energy distribution of the replicas for the CKS1 peptide. a. REMD replicas for temper-
atures from 300 K to 400 K b. REST replica for Hamiltonian ranging from 1 to 0.5.

Figure 4.8: a. Walk of first replica in the REMD simulation. b. Walk of the first replicas in the REST
simulation.
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4.2.2 Melting curves of peptides

Figure 4.9: Cks1 peptide ’melting curve’. a. Helical propensity of the REMD replicas (over 50 ns).
b. Helical propensity of the REST replicas (over 300 ns).

The helical propensity of the Cks1 peptide was plotted for each replica. The ’melting
curves’ obtained does not aim to correlate to experimental data. In the case of the REST
simulation, more variations in the helicity of the peptides are observed, as 96 replicas of a 50
ns trajectory are used when plotting the melting curve. In the case of the REST simulation,
only 8 replicas are used, using a 300 ns simulations, producing a ’smoother’ curve (Figure 4.9).
The propensity of helical content decreases with higher temperatures, which is in accordance
with the expected experimental property of peptides. We note that the range of simulated
temperatures (300-600K) is much larger than the one usually found in experiments. The
general shape of the REMD plot is in accordance with the work of Feng et al. [290] while
the curve of the solute tempering simulation differs, presenting a convex shape (Figure 4.9
b) Both helical contents of replicas at temperature 300 K are in accordance (35 % for the
REMD and 41 % for REST). It is a reasonable assumption that neither of these curves reflect
the actual experimental melting curve of the peptides, since higher energy replicas are used
to increase peptide sampling. The helical propensity of the biased replicas (all replicas beside
the lowest replicas) is not related to the actual helicity at the simulated temperatures.

4.2.3 Comparison of conformational sampling
A 50 ns simulation was used for REMD and a 300 ns was used for REST2. The Kmeans
algorithm was used to cluster the trajectory of each replica using 15 clusters, with a sliding 5
ns window. The backbone RMSD was used as the clustering metric.

We studied how the size of the largest cluster evolves over time, during 5 ns windows,
using 15 clusters. In general the largest cluster is populated similarly across the temperature
ladder ( around 20 % ) for both protocols (Figure 4.10). There is however one exception, in
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the REST2 simulation, the population of the largest cluster increases gradually after 150 ns.
No REMD simulations with similar runtimes could be achieved with the computing resources
at our disposal, so it cannot be concluded that a similar trend would be observed in REMD
after 150 ns. The increase of the size of the dominant cluster could suggest that the simulation
converge toward one structure for the lower replica.

In the first 50 ns we can see that the size of the biggest cluster is similar for both protocols.
Thus these protocols achieve similar sampling.

Figure 4.10: Percentage of the largest cluster for the a. REMD simualtion, b. REST simulation

4.2.4 Benchmark comparison between REST and REMD
Clusters presenting less than 20 GPU running in parallel are fairly common at the time of
writing, thus running solute tempered simulations using GPU resources is possible. Simula-
tions presented in this work were run using GTX980 and GTX1080 Nvidia GPUs and the
AMBER20 MD software. Simulations speed ranged from 250-300 ns/day. In contrast the
T-REMD simulations presented in this work were run on the ARCHER facilities composed
of 8-core Xeon E5-2650 v2 (Ivy Bridge) series CPU, using GROMACS-16 and one CPU
per parallel simulation and simulations speed ranged from 13-40 ns/day The ten-fold speed
difference is mainly due to using GPU code, which was enabled by using less replicas.

4.3 Application of solute tempering to predict the helicity
of MDMX peptides

Stapled peptides for the protein murine double minute X and 2 (MDMX and MDM2) have
been widely studied in the field. The stapled α-helical peptides were designed to compete
with the p53 tumour suppressor protein in binding MDMX. The disruption of this interac-
tion offers a means to restore the the action of p53 and ultimately induce apoptosis of tumor
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cells. Notably, theMDMX inhibitor ALRN-6924 was the first stapled peptide to enter clinical
trials.[291] Another stapled peptide, ATSP-7041,[45] binds both MDM2, and MDMX with
nanomolar affinities ( Kd=0.9/6.8 nM ), and shows submicromolar cellular activity in cancer
cell lines. ATSP-7041 is highly specific and possesses favourable pharmacokinetic and tissue
distribution properties.[27, 45, 292]

The reported MDMX stapled peptides are generally designed starting from the sequence
of the p53 trans-activation domain that binds the protein MDMX, introducing mutations and
selecting sites for introducing a given staple. Here we compare our helicity predictions with
CD measurements from Bernal et al. to assess the validity of our predictions.[293].

We have performed all-atom explicit solvent molecular dynamics simulations for six pep-
tides and the sequences tested are presented in Table 4.2. We chose to simulate the peptides
using a cis sterochemistry for the staple double bond. We selected helical (e.g. Cis-p53-SAH-
8) and non helical peptides (e.g. cis-p53-SAH-3) to test if the solute tempering simulations
could predict the large differences in their helicity observed experimentally upon modification
of staple positioning, and single amino-acid mutations.

Table 4.2: Sequences of the p53 derived stapled peptides tested in this work

4.3.1 Determination of the helical content of the peptides
We tested several versions of AMBER forcefields to compare their influence on the overall
helicity of the peptides. Specifically, we tested the AMBER14SB/TIP3P, the AMBER14SB-
so/TIP3P, and the AMBER19SB/OPC forcefields. AMBER14SB-so combines optimised
side-chain parameters reported in AMBER14 with backbone parameters fromAMBER99SB.
This forcefield has been reported to be better suited to modeling peptides.[294] AMBER19SB
is the newest AMBER forcefield which includes Cmap correction terms and has been shown
to be better at reproducing the helical propensities of natural amino acids.[295] Experimental
data were obtained in PBS solution with a pH 7.4.[293] To be closer to these experimental
data, and because the TFE model has only be tested with the TIP4P/ew it was not used for
modelling the MDMX peptides.

The overall helicity was computed over the whole sequence using the DSSP algorithm. In
Table 4.3 the helicity for the lowest temperature replicas is reported. For each simulation, two
repeats were performed to assess the reproducibility of the REST2 protocol.

86



4.3 Application of solute tempering to predict the helicity of MDMX peptides 87

exp. helicity AMBERSB14 AMBERSB14-so AMBERSB19
WT 11 % 35/42 % 20/21 % 25/16 %
Cis-p53-SAH-3 14 % 10/05 % 49/35 % 15/25 %
Cis-p53-SAH-8 85 % 40/45 % 40/36 % 62/53 %

Table 4.3: Helical propensity of p53 derived stapled peptides. Experimental helical propensity re-
trieves from Bernal et al. publication.[293] The values of two independent REST2 runs are reported
using AMBER14SB, AMBER14SB-so and AMBER19SB forcefields.

The reported helicity figures are from the last 200 ns of a 300 ns simulation. Capping
groups were not included for the calculation of the overall average helicity. The initial input
structures used across the temperature ladder consisted of helical and non-helical conforma-
tions (see Methods).

The protocol is fairly reproducible, with helicity values reproducible to within ca. 10%.
Interestingly there are significant variations in helicity between different forcefields. Of the
three forcefields tested, AMBER19SB is the most consistent with experimental values, pre-
dicting cis-SAH-p53-8 to have the highest helicity at (62/53 %) AMBER14SB-so predicted
higher helicity for the stapled peptides but did not predict significant helicity difference be-
tween the two stapled peptides. AMBERSB14 was found to over-stabilise the helicity of the
WT sequence. We therefore chose to continue this study using the AMBER19SB forcefield.
We ran further REST2 simulations on cis-p53-SAH-6, cis-p53-SAH-7 and cis-p53-SAH-8A.

exp. helicity [293] AMBER19 number of
folding events

WT 11 % 25/16 % 70/55
Cis-p53-SAH-3 14 % 15/25 % 19/12
Cis-p53-SAH-6 14 % 2 % 20
Cis-p53-SAH-7 36 % 52 % 31
Cis-p53-SAH-8 85 % 62/53 % 72/35
Cis-p53-SAH-8A 39% 10 % 4

Table 4.4: Helical propensity of p53 derived stapled peptides for 1 or 2 independent Solute tempering
runs using the AMBER19SB forcefield, and the number of observed folding events.

The number of folding events is the number of times the helicity of the peptide changes
from values lower than 10 % to values higher than 80 %, or drops from an helicity higher than
80 % to less than 10 %. It is calculated on all (eight) trajectories, after processing continuous
simulations. Having a high number of folding events ensures that the peptide samples multiple
conformations, and that the helical propensity does not depend on the helical propensity of
the initial structures. The number of folding events can be very variable (Table 4.4). The low
number of folding events for cis-SAH-p53-8A suggests that the calculated helical propensity
may not be reliable. Nonetheless, the significant decrease of helicity in is-p53-SAH-8A in
comparison with cis-p53-SAH-8 is reproduced by the simulations.
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4.3.2 Comparison with circular dichroism experiments

Figure 4.11: a. Circular dichroism spectra calculated using the software SESCA,[296] using 50 snap-
shots along the trajectory produced during REST2 simulations b. Experimental circular dichroism.
Reproduced with permission from Bernal et. al [293] form the American Chemical Society (2007).

The helicity deduced from a CD spectrum depends on a broad range of parameters. A
common approach is to deduce the helicity of a peptide from the intensity of the CD spec-
trum measured at 210 nm, but measurements at 180 nm are also reported. Temperature
during the experiment can change the peptide helicity, as well as peptide concentration, salt,
and solvent. Circular dichroism spectra for the conformations observed in the simulations
were computed using the software SECSA (Structure-Based Empirical Spectrum Calcula-
tion Algorithm )[296] which allows the use of multiple snapshots. The secondary structure
classification of SESCA is much more complex (8 types) than that used by DSSP. SESCA
also includes the side-chain contributions, as aromatic residues can slightly impact the circular
dichroism spectra curves. Thus we aimed to compare the experimental helicity, measured by
circular dichroism (CD) measurements of p53 stapled peptides in aqueous solution with the
results of the MD simulations. 50 snapshots taken at regular interval in the unbiased replica
trajectory (discarding the first 100 ns of the simulation) were used to generate the CD spec-
tra, using SESCA. When compared to the experimental CD spectra, the spectra calculated
with SESCA from the simulations are mainly in agreement. Primarily, unfolded and helical
peptides can be clearly distinguished. Indeed using CD, the helical structures present char-
acteristic lower values at 210 and 230 nm while unstructured peptides present lower values
around 200 nm. The SAH-p53-8 peptide, is also predicted to be the most helical peptide
of the series using the REST2 protocol, which is the case experimentally. However, the he-
licity obtained in the simulations does not finely correlate with the circular dichroism spectra
observed experimentally for each peptide and discrepancies appears in the ranking of the pep-
tides by their helicity between the simulated and experimental values. We note that for the
other helical peptides, the helical propensity is over estimated using REST2, for this series of
peptides.
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4.3.3 Conclusions and future directions
In summary, after establishing rapidly that T-REMD simulations were computationally too
demanding to be run routinely without access to significant high-performance computing fa-
cilities, we implemented a REST2 methodology for AMBER simulations. Our implemen-
tation provides a generic and flexible interface for applying the REST2 method to a variety
of biomolecular simulations and is compatible with the most recent AMBER forcefields. In
comparison with T-REMD, the number of replicas used in REST2 simulations can be reduced
by 4- to 5-fold without affecting the conformational sampling efficiency. We compared thor-
oughly conformational ensembles of the Cks1 peptide generated with both methodologies,
showing good agreement between the two protocols. Our study should encourage the wider
use of the REST2 methodology for peptide folding simulations. The solute tempering method
is a reproducible rapidly converging method and is shown in this work to produce a sampling
comparable to the one obtained in REMD. We have further used our REST2 implementa-
tion to study variations in helical propensities across a series of stapled peptides derived from
the p53 trans-activation domain. The helical propensities of the peptides tested initially were
reasonably reproducible (within 10 %). Significant variation in helicity was observed when
changing the forcefield, with AMBER19SB/OPC performing the best. In general, stapled
p53 peptides were predicted to have a higher α-helical content than the WT p53 peptide, as
confirmed with experimental CD measurements. The relative α-helical propensity of most
peptides in our simulations was found to be in good qualitative agreement with experimental
measurements when compared with Bernal et al.[297] However, the DSSP algorithm some-
times misses helical looking structures, and we noticed that some of the helical structures
formed by the stapled peptides were somewhat distorted from the ideal α-helix geometry. We
have also adapted Vymetal et al. TFE model for AMBER simulations, however this model is
only compatible with the TIP4P/ew model, and, after testing different forcefields, we noticed
significant variations in the helicity, induced by the choice of the forcefield. Thus this TFE
model could not be used in the latter part of the project.

These positive results on the stapled p53 peptides have to be placed in context; other test
systems were evaluated (not presented in this work) where the helicity of the stapled peptides
could not be reproduced with REST2. Although very promising, the strong influence of the
forcefields and conditions (water model, use of co-solvent), currently limits the use of such
methods for the ab-initio prediction of the secondary structure of stapled peptides.
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4.4 Methods

4.4.1 Validation of a water/TFE solvent model

A cubic box of 43 nm3 containing 2000 TFE molecules was built. The first minimisation of
close contacts was performed (3500 steps of steepest descent), the temperature was linearly
increased over 400 ps from 50 K to 298 K in the NVT ensemble using a Berendsen ther-
mostat. Next, the volume of the box was equilibrated under constant pressure over a 300 ps
long simulation using a V-scale temperature scale, a 2-fs time-step and a Berendsen barostat.
Throughout all pre-equilibration stages, the temperature was controlled by using a Langevin
thermostat with a collision frequency of 3 ps1, long-range electrostatics were treated using
particle mesh Ewald summation, a cut-off of 4 Å was applied to all non-bonded interactions.
The production runs consisted of 50 ns long simulations using a time-step of 2 fs at 300 K. Pe-
riodic boundary conditions (PBC) were used along with a Verlet cut-off scheme. The LINCS
algorithm was applied to hydrogen bonds.

Seven different water TIP4P/ew/TFE mixtures were prepared by mixing a pre-calculated
number of TFE molecules on preequilibrated TIP4P/ew water boxes. Composition of the
TFE/water boxes for each simulation is given in Table 4.5.

Fraction of TFE N of molecule of water N of molecule of TFE
0.0365 137 3616
0.0661 230 3249
0.113 352 2763
0.13 390 2608
0.188 501 2163
0.519 846 784
0.645 915 503
0.773 970 285

Table 4.5: Composition of the TFE/water boxes for each simulation

The vacuum simulation was parametrised with a timestep of 1 fs. The hydrogen bonds
were constrained using LINC. The simulation was run for 1 ns.

On a trajectory containing 500 molecules, the dihedral angle C-C-O-H distribution of the
TFEwas computed over time using a python script using theMDTrajmodule. Angles between
-120° and 120° were considered as gauche conformation, while angles outside this range were
considered as trans. The angles were summed to obtain a distribution, and the integral was
obtained to give the ratio of cis/trans conformation.
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4.4.2 REMD simulations

4.4.3 Solute tempering simulations
A total of 8 replicas were used with linear scaling factors ∈ [0,5; 1]. An in-house python script
was used to produce the topology files for the simulations. The user can directly produce the
sequence of the peptide as an input. The peptide will be built by calling tleap in background.
Alternatively the user can provide an AMBER topology file. Simulations were conducted us-
ing either AMBER14SB and explicit solvent TIP4P/ew or AMBER19SB and the OPC water
model. A helical configuration of the peptide was prepared. After 500 steps of steepest de-
scent, a 20 ns pre-equilibration, was run. Then system was ’melted’ at 500K using NVT for
100 ns to produce a conformational sampling of the peptide. Random frames of the system
were taken from the latter simulation as input for the REST protocol. 100 ns of NVT equi-
libration were ran before the 300 ns production was carried out. Neighbouring replicas were
subject to exchange at every 500 MD steps (10 ps). The simulations were performed under
NVT (constant pressure at 1 bar and constant temperature) ensembles and periodic boundary
conditions. The temperature was controlled using the V-rescale algorithm.

4.4.4 Helicity measurements
Helicity measurements were obtained using the DSSP module of mdtraj using an in-house
script. Secondary structure was assigned for all frames of the simulation and the number of
helical assignments was averaged over the length of the peptides. The percentage helicity
was obtained by dividing the number of helical content by the total number of residues in the
sequence.

The software SESCA [296] was used to generate the circular dichroism plots.
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5
Development of Stapled Peptides for the

Detection of SARS-CoV-2

5.1 Introduction

In December 2019, a novel coronavirus was discovered in Wuhan, China. This virus has
since spread rapidly across the world and is still an ongoing threat to numerous regions. This
novel virus was named severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), and
the resulting disease was named COVID-19. Given the current state of the pandemic, con-
tinued COVID-19 outbreaks are expected. Therefore, it is crucial to have a full toolbox of
treatment and diagnostic tools to address the pandemic.[298–300] Cheap, rapid, sensitive and
portable SARS-CoV-2 diagnostics are crucial to monitor the ongoing pandemic and prevent
transmission. PCR detection tests in which the DNA in a sample is amplified and sequenced
are slow and expensive, but rely on a fairly sensitive method. In comparison, antibody tests
are relatively cheap but lack sensitivity, especially in the early stages of infection.[301]

Here we report the computer-aided design of SARS-CoV-2 spike protein-peptide binders
for use as cell-permeable optical probes in molecular imaging studies. Such molecules could
form the basis of inexpensive point-of-care diagnostic kits, be used to study the life cycle of
SARS-CoV-2 in real-time, and potentially be developed further as antiviral agents. Stapled
peptides can be designed and produced more rapidly than typical drug-like small molecules,
and in comparison to traditional peptides, they can achieve higher bio-availability, owing to
their increased cell permeability and metabolic stability. They also offer a modular scaffold
that can be further functionalised for diagnostic or imaging purposes via, for instance, incor-
poration of fluorescent dyes. Such fluorescent peptides could be used in an aerosol to detect
the virus on contaminated surfaces or in clinical samples like nasal or throat swaps.

In this work, we produced full length glycosylated spike protein simulations by combin-
ing several structural models and glycosylation studies, available at the time of this project
(Section 5.3). We used these glycosylated MD simulations to determine the targetable sites
on the protein surface, by studying the sugar coverage at these sites. We then developed three
methods to design stapled peptides targeting the spike protein of SARS-CoV-2, the key entry
protein to the host cell.
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The first approach, which was simultaneously explored by other groups,[302, 303] relies
on excising a segment of the spike protein binding partner, the human ACE2 protein. A novel
method for introducing targeted mutations and adding stapled residues to the initial sequence
was explored. PCA (PCA) was also applied to assess the stability of the peptides in MD
simulations (Section 5.4).

The second approach, relies on designing de novo peptides using known binders of the
spike protein. This approach is completely novel and aimed at building helical stapled pep-
tides from non-helical residues involved in known PPI (PPI) between the spike protein and
antibodies (section 5.5).

The final approach was based on the observation that two domains of the spike protein,
the heptad repeat regions (HR), form coiled-coil-like structures in the pre-fusion and the post-
fusion conformations of the protein. This last approach aimed at designing peptides binding
to the HR2 domain in the pre-fusion conformation of the spike protein, to form a hexameric
coiled-coil (section 5.6). Tools specially designed for building and characterisation of coiled-
coils, such as ISAMBARD were used.[304]

5.1.1 SARS-CoV-2 virus

Figure 5.1: a. First electron microscope image of the novel SARS-CoV-2 (named 2019-CoV
in the initial publication) by Jiang et. al Reproduced with permission from The Lancet (License
5182430651367) b. SARS-CoV-2 model. Dark blue: membrane lipids; turquoise: spike glycopro-
teins (with glycosylation highlighted in orange); red: E proteins, green: M proteins. Figure repro-
duced in agreement with the license terms CC BY-SA 4.0/Wikimedia Commons. Authors: Alexey
Solodovnikov, Valeria Arkhipova

SARS-CoV-2 is the seventh β -CoV known to infect humans. Jiang et al. were the first
to image viral particles causing COVID-19, using electron microscopy, (Figure 5.1.a),[305]
before Zhu et al. identified and characterised SARS-CoV-2.[306] The viral genome was se-
quenced, showing that this new virus was 75 to 80% identical to SARS-CoV and 50% identical
to MERS-CoV. Most of the proteins encoded by SARS-CoV-2 are of a similar length to the
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corresponding proteins in SARS-CoV, but SARS-CoV-2 was found to be even more closely
related to several bat coronaviruses (RaTG13, RmYN02, ZC45 and ZXC21) as well as one
coronavirus found in pangolins.[306] CoVs are characterised by their ’crown-like’ appearance
due to the presence of large transmembrane proteins, the spike proteins on the virion surface.
(Figures 5.1.a and b)

5.1.2 Spike protein structure
Spike proteins are conserved to varying degrees across the Coronaviridae family, proving their
crucial role in the initial recognition of the host cell and later fusion of the virus membrane
with the host cell. The spike protein of SARS-CoV-2 shares more than 90% amino acid iden-
tity with SARS-CoV.[307] Spike proteins are class I fusion proteins containing 1273 amino
acids, which assemble into trimers. Before fusion, each trimer can be divided into three main
structural domains, referenced as the head, the stalk and cytoplasmic tail (CT). (Figure 5.2)
The spike protein can also be decomposed into an N-terminus S1 domain and a C-terminus
S2 domain. These domains are separated by a furin cleavage site (Figure 5.2). The S1 domain
is mainly responsible for primary receptor recognition and binding, while the S2 domain is
mainly responsible for anchorage and fusion with the host membrane.[308–310]

Figure 5.2: Representation of the different structural domains, head, stalk, transmembrane and cy-
toplasmic tail, in relation to the sequence. The different domains have been colored similarly in the
structure and sequence.
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Figure 5.3: Role of ACE (PDB 4APH) and ACE2 (PDB 1R42) in the conversion of Angiotensin
peptides.

5.1.3 ACE2 the main spike protein partner

Similarly to SARS-CoV, ACE2 was the first characterised binder of SARS-CoV-2 spike pro-
tein. Crystal structures were rapidly published which gave insight into the PPI between these
proteins, further proving the recognition and binding of the spike protein with the ACE2 pro-
tein.

ACE2 is expressed by human host cells in various tissues. In the respiratory system, ACE2
is found in type I and type II alveolar epithelial cells in normal lungs and is more abundantly
expressed in lungs with fibrotic activity. Furthermore, ACE2 is present in nasal and oral mu-
cosa and the nasopharynx, in enterocyte cells (found in all parts of the small intestine), in the
basal cell layer of the epidermis (skin tissues), in endothelial cells and in the membrane of fat
cells surrounding various organs.[311] ACE2 is homologous to ACE, both of which are cen-
tral enzymes in the Renin-Angiotensin Aldosterone System (RAAS). The RAAS is a crucial
regulator of systemic blood pressure and has a role in multiple organs. After conversion of the
angiotensinogen peptide to angiotensin I by renin, ACE is responsible for the conversion of
angiotensin I (a 9-mer peptide) (Figure 5.3) to angiotensin II (an 8-mer peptide). In the lung,
angiotensin II influences the pathogenesis of lung injury. Increasing ACE and angiotensin II
levels leads to pulmonary hypertension, sarcoidosis, idiopathic pulmonary fibrosis, and acute
respiratory distress syndrome. ACE2 acts as a counter-regulatory mechanism by converting
angiotensin II to angiotensin(1-7) ((a 7-mer peptide). It has been suggested that the spike pro-
tein binding to the ACE2 receptor deregulates the RAAS system, as similar lung lesions have
been observed in COVID-19 patients and in patients presenting with ACE2 knock-out.[312]
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5.1.4 The ACE2 - spike protein PPI

Figure 5.4: Amino acid mutations on the SARS-CoV and SARS-CoV-2 PPIs surfaces with ACE2
a. SARS-CoV bound to ACE2, (PDB 6ACK), b. SARS-CoV-2 bound to ACE2 (6M0J); The spike
protein RBDs are represented in green with mutations highlighted in orange, ACE2 is represented in
yellow

SARS-CoV-2 binds to the ACE2 protein with a protein-protein contact area of only 255.0
Å2.[313] The spike protein mainly interacts with one helical segment of ACE2, the α1-helix
(residues 19-40) (Figure 5.4). Structural analysis of the hACE2-spike complex (PDB 6M0J,
6M17) reveals that a total of fifteen residues in the hACE2 RBM motif are in contact with
the spike protein, of which ten are from the α1-helix one from the α2-helix (residues 56-
83), and the other four from the adjacent β3-/β4-strands (residues 347-360) and random coil
(residues 323-325). The backbone alignment between SARS-CoV and SARS-CoV-2 RBDs
is high, but the binding site of SARS-CoV-2 presents several mutations when compared to
SARS-CoV (Figure 5.4), and only a quarter of the PPI interactions are shared with SARS-
CoV. The main interfacing positions in the external sub-domain of SARS-CoV are residues
Leu472, Arg479, and Tyr487. In SARS-CoV2, these interactions are replicated in SARS-
CoV-2 through residues Leu455, Phe486, Gln493, Asn501, and Tyr505.[314] The mutations
of these key residues (Leu472, Phe486)(Figure 5.4) might be responsible for the higher affinity
of SARS-CoV-2 for ACE2 when compared with SARS-CoV, which could be an aspect of the
higher virulence of SARS-CoV-2. SARS-CoV-2 RBD binds to ACE2 with µmolar affinities
(IC50 value of 3.8 µM and KD value between 30 and 50 nM),[315] which is 5– to 10-fold
lower than that of SARS-CoV RBD (KD value between 180 and 400 nM).

97



98 5. Development of Stapled Peptides for the Detection of SARS-CoV-2

5.1.5 Conformational change of the Spike protein upon binding with
ACE2

Figure 5.5: Overlap of the spike protein in the closed (6ZGG) and opened conformation (6ZGE). The
”closed” conformation is represented in grey with the RBM in orange and the opened conformation is
represented in blue with the RBM in red a. Head domain of the spike protein b. zoom-in: the RBD
movement is highlighted with a green arrow, c. top view of the spike protein in the closed conformation
d. top view of the spike in the opened conformation.

The RBD domain of the pre-fusion spike protein of SARS-CoV undergoes a significant
conformational change from a “closed” state to an “opened” state (Figure 5.5.a and .b). In
the ’closed’ conformation the three RBM motifs of the spike are inaccessible. (Figure 5.5.c)
The RBD position and orientation is altered through a ’hinge’ movement in the 329-336 and
522-529 loops. In the ’opened’ conformation, the orientation of the RBM changes and be-
comes accessible, allowing the binding with hACE2 (Figure 5.5.d).[316, 317] Different rates
for this conformational change to occur have been reported in the literature and the values
reported vary significantly. Some studies report that 30 % of the spike proteins on the virion
surface present at least one RBD in upright position while other studies report values of over
60 %.[317–323]

5.1.6 Other spike protein receptors
The exclusive interaction of the SARS-CoV-2 spike glycoprotein with ACE2 might not be
enough to explain the ‘cytokine storm’ experienced by more severe case patients. The bind-
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ing of SARS-CoV-2 with additional receptors could compound inflammation and cytokine
release, leading to the severe inflammation observed in COVID-19 patients.

Amraie et al. suggested that the Myeloid C-lectin like receptor (CLRs) could serve as
alternative receptors to hACE2 in non-susceptible cells,[324] but other studies did not report
similar results.[325] The interactions of SARS-CoV-2 with CTLs and ensuing endocytosis
by resident innate immune cells offers a possible mechanism for asymptomatic COVID-19
clinical manifestation as a result of decreasing the number of free SARS-CoV-2 virions to
interact with ACE2.

It is also strongly suspected that SARS-CoV-2 virions interact with integrins through a
conserved RGD motif (Arg403-Gly404-Asp405), identified in all SARS-CoV-2 sequence
variants of the spike protein. The exact location of the binding site for integrins varies but
remains in the proximity of the ACE2 binding site.[326] This RGD motif is also present
in many proteins and peptides interacting with integrins.[326] Interestingly, the RGD motif
is absent in SARS-CoV could explain the higher virulence of SARS-CoV-2, especially in
tissues where ACE2 levels are low. Although the induction of angiogenesis is most often
associated with the action of vascular endothelial growth factor (VEGF), at least six integrins,
αVβ3, αVβ5, α5β1, α2β1, αVβ1 and α1β1, have been implicated as contributors. If the
spike protein of SARS-CoV-2 exhibits affinity for integrins, it may cause dysregulation of
angiogenesis, leading to the observed lung injuries in COVID-19 patients.

Other proteins such as Tolls receptors, GRP78, LOX-1 have been reported to inter-
act with SARS-CoV-2 proteins and are linked to potentially facilitating its cell binding and
infectivity.[327] However, their exact roles are still under investigation.[308] No Crystal struc-
tures of the spike protein in complex with any of these secondary receptors have been yet
published.

5.1.7 Cell entry mechanism

After binding to the ACE2 protein, the first stage of virus cell entry is mediated by a series of
proteolytic cleavages. SARS-CoV-2 possess a cleavage site in the S2 domain site (S2’)(Figure
5.2). Transmembrane protease, serine 2 (TMPRSS2), belongs to the serine protease family
and has been found to enhance the uptake of the virus by cleaving the protein in this second
cleavage site.[309] Intriguingly, SARS-CoV-2 possesses a poly-basic cleavage site (RRAR),
absent from SARS-CoV-1. This site (S1/S2) is present in other coronaviruses, with a slightly
different motif. It has been proven that this specific motif could lead to a more efficient
cleavage by furin which might, in turn, lead to a facilitated fusion with cell membranes.[328]
Bestle et. al have reported that the cleavage at both sites, S2’ and S1/S2, is indispensable
for fusion to occur.[329] The role of the cleavage sites is to prime the spike protein, which
induce the dissociation of the three S1 sub-units from the spike. Other non-essential proteases
have been shown to promote the cell entry of the virus by cleaving part of the spike protein.
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One example is Neuropilin-1 (NRP1), which is a membrane-bound co-receptor to a tyrosine
kinase. The binding site of Neuropilin-1 has been identified in the vicinity of the S1/S2
cleavage site.[330] Neuropilin-1 has been found to increase the viral entry of SARS-CoV-2
into the host cells, especially in the presence of ACE2 and TMPRSS2.[331, 332] However,
the exact molecular mechanism of the NRP1-mediated effect on SARS-CoV-2 infectivity has
not yet been fully elucidated.

Figure 5.6: The different stages of the virus fusion with the human cell membrane a. Approach of
the virus with to membrane; b. Binding of the S1 domain to the ACE2 receptor, c. Cleavage of the
S1 domain, d. Conformational rearrangement of the HR2 domain and anchorage of the FP domain in
the membrane, e. Second conformational rearrangement, virion and human cell membrane are brought
closer f. S2 domain in post-fusion conformation, and creation of a pore, entry of virion geneticmaterial.

After recognition of the spike protein and the ACE2 on the host cells (Figure 5.6.a and
b the S1 domain detaches from the S2 domain,5.6.c and the remaining S2 trimer undergoes
a series of conformational rearrangements to trigger membrane fusion between the host cell
membrane and the viral envelope (Figure 5.6.d-f).[333] The fusion peptide (FP), located at
the extremity of the S2’ cleavage site, is a fairly conserved hydrophobic sequence present in
multiple CoVs, which role is to anchor it to the host membrane. In the pre-fusion conforma-
tion, three long helices in the spike head protect the fusion peptide by burying it inside the
spike protein head, almost at the interface between the three monomers. During fusion, an
unstructured linker becomes helical, inducing the formation of a helical segment in the N-
terminus. In this pre-hairpin conformation, the fusion peptide is propelled towards the target
membrane where it penetrates, anchoring the viral membrane to the target cell membrane.
Then the HR1 domain rearranges itself with the trimeric coiled-coil HR2 domain to form a
six-helix bundle. In the resulting conformation, the transmembrane domain and the fusion
peptide anchored into the target membrane are brought in close proximity until the viral and
cell membranes merge together.[306, 334, 335] This route might not be the only route of en-
try of the virus and Tang et al. have described a late ‘endosomal route’ where the virus enters
the cell by endocytosis, after ACE2 binding.[335]
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5.1.8 Sugar composition of the spike protein

Elucidating the glycosylation of the spike protein and its variations across cell lines is essential
for the development of binders and vaccines. Sequence analysis of the SARS-CoV-2 spike
protein shows 22 possible N-linked glycosylation sites and four possible O-linked glycosylation
sites. But the detection of these sites does not mean that there will be a glycan attached to
each site. Usually, the sugar composition is determined by MS analysis, after digestion of the
protein of interest into peptide fragments, where the peptides segments produced still carry the
glycans. Studies on the glycosylation of the SARS-CoV-2 protein have yielded different results
for the occupancy and composition of glycans. It is known that various external parameters
impact glycomic analyses, resulting in differences in sugar composition. Determining with
certainty the glycosylation of a protein is challenging as glycan synthesis is highly variable and
dependent on the type of cell used to express the proteins as well as cell culture conditions.
Most of the studies on SARS-CoV-2 were performed with recombinant proteins, and different
cell lines can result in major changes in sugar composition. The media and other conditions
used to grow the cells expressing the protein can also affect the results, resulting in diverging
sugar compositions in the published studies.[336] It is also highly suspected that the sugar
composition varies between individual human hosts.

Walls et al. were the first to resolve 16 of the glycosylation sites using cryo-EM.[316]
Watanabe et al. proved that all 22 sites were glycosylated, using a site-specific MS
approach.[337] They also analysed the glycosylation pattern of these 22 sites. They found that
two sites (Asn234 and Asn709) are principally oligomannose-type. A mixture of more pro-
cessed oligomannose and complex-type glycans was reported for the Asn61, Asn122, Asn603,
Asn717, Asn801, and Asn1074 sites. The remaining glycosylation sites carry even more com-
plex glycans. Zhao et al. also reported similar results.[338] Lenza et al. characterised the
glycan structures of the N-linked glycans in the RBD using NMR spectroscopy, which in
contrast to MS, avoids sample digestion.[339] In their work, novel glycan motifs were iden-
tified and the importance of N-acetylgalactosylation and hyper-fucosylation at the terminal
chains of the RBD N-glycans was uncovered. However, in contrast to these compelling re-
sults for N-glycosylation, varying compositions for the O-linked glycosylation sites have been
reported. Several groups have reported different O-linked glycosylation patterns for the spike
protein. Shajahan et al. reported a high level of O-glycosylation of S1 and S2 when expressed
independently and detected O-glycosylation at sites Thr323 and Ser325 on the S1 subunit
of the spike protein.[340] However, two additional publications reported a low occupancy
at most O-glycosylation sites using the spike trimer in the analysis,[337, 338] while Sanda
et al. reported an O-linked glycosylation site close to the furin cleavage site. In addition,
they identified another eight O-glycopeptides.[341] More recent work by Yao et al. charac-
terised the spike protein sugar composition using the native virus, which was isolated from
a patient.[342] The authors found that the virus exhibited lower levels of oligomannose-type
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glycosylation compared with the other studies.

5.1.9 Roles of glycosylation

Figure 5.7: The different roles of the spike protein glycosylation

A key structural feature of the spike protein is its extensive glycosylation. This coverage
is though to have multiple functions for the virus. N-glycans expressed on the viral envelope
glycoproteins fulfil diverse biological roles, as seen in Figure 5.7 One primary function of
this glycosylation is to ensure the protein correct folding and priming by host proteases.[316]
(Figure 5.7.a). Another more contested role is to facilitate the navigation of the virus in the
mucus of the respiratory and gastrointestinal tracts (5.7.b). This function is more hypothetical:
the mucus is known to offer a protective barrier againstMERS-CoV infection, but these results
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have not been reproduced with SARS-CoV-2 virions.[343] Cho et al. suggested that although
glycosylation patterns in the SARS-CoV-2 S1 glycoprotein are more complex than those in
SARS-CoV and MERS-CoV, the sugar coverage of the virion proteins is similar and cannot
directly the observed difference in contamination rates.[344]

Amore widely corroborated function of spike protein glycosylation is the initial viral dock-
ing: the initial approach could be mediated by the interaction of specific N-glycan epitopes
with sialylated glycans present on the cell membrane.[124, 345–347] The presence of only
these sialic acids would not be enough for cell fusion, as protein receptors are necessary for
virus entry, but the presence of sialic acids would facilitate the fusion by providing a weak
adherence for the virus to the cell surface (Figure 5.7.d). This hypothesis has been proved by
experimental assay: on cultivated human cells where sialic acids are absent, the virus entry
is 60-fold lower than on cells displaying sialic acids. Variability of expression of sialic acids
exists between individuals and could be one of the explanations for the difference in response
to infection observed between patients.[348]

As reported in the previous section, the SARS-CoV-2 spike protein contains a unique
furin cleavage site regulating the activation of the S protein (T678). A study shows that the O-
glycosylation site near the furin cleavage site increases viral infectivity and syncytia formation
by decreasing furin cleavage.[341, 349] This glycosylation is mediated by specific members
of the GALNT enzyme, a human glycosyltransferase (Figure 5.7.c).

The most widely described role for glycosylation is to provide a highly dense coating of the
protein surface (Figure 5.7.e). Complex carbohydrates on viral proteins constitute a perfect
camouflage to evade the immune system as antibodies bind protein surface. The sugar forms
a barrier, limiting access to the protein surfaces. However, SARS-CoV viruses are not the
most densely covered virus. HIV-1 represents an extreme case of sugar shielding where the
weight of the sugars accounts for 50% of the mass of the HIV spike protein mass. In contrast,
β -coronaviruses are not shielded as effectively against the immune system, but this shielding
still restrains the accessibility of the protein surface and thus the number of possible protein
interaction sites with antibodies.[336]

5.2 Prospects for using peptides to detect SARS-CoV-2
SARS-CoV-2 affects different tissues, but the most life-threatening conditions are in patients
whose lung tissues are infected [350]. Antibodies, small molecules and peptides possess dif-
ferent sizes and physical properties, leading to different possible administration routes and
applications. The high selectivity of peptides combined with their safety and tolerability en-
ables their translation into clinical applications. Importantly, degradation pathways are often
predictable. The ease of peptide synthesis means that they can be rapidly made using varied
sequences. Antiviral peptides have been developed for diverse viruses. An example of a suc-
cessful antiviral peptide in a clinical application is the anti-HIV peptide T20 (Enfuvirtide),
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proving the efficacy of peptides for the treatment of infectious diseases.[351]

5.2.1 Efficacy of current diagnosis tools
In their review published in May 2020, Jarom et al. analysed and compared the results of 25
different studies on SARS-CoV-2 detection methods.[352] For the RT-PCR tests the authors
disclose a sensitivity of 87.8% and a specificity ranging from 92.9 to 100 % among studies.
The authors also warned about the lack of consistent references among the studies, which could
offset these values. We found no evidence of previous work on the development of optical
probes for the detection of COVID-19. Optical probes are interesting as they have multiple
uses, such as histological staining, surface detection, or sample detection. Their application
might facilitate the setting of such detection methods in larger scales, making them cheaper,
and applicable in more settings than other detection methods.

5.2.2 Peptides for virus detection on surfaces
Current methods for COVID-19 detection combines an enzyme-linked immunosorbent assay
(ELISA) or a reverse-transcription polymerase chain reaction (RT-PCR) with immunofluo-
rescence. RT-PCR is currently the gold standard for SARS-CoV-2 detection, but this method
is a multi-step technique that involves purification, nucleic acid amplification, and fluorescence
detection. Imaging methods for the detection of virusesinclude computed tomography(CT),
single-photon emission computed tomography (SPECT), and positron emission tomography
(PET). These methods have low resolution and are costly. Although recently CT has been
used for virus diagnosis, it usually can only detect signs of virus infection in tissues. (i.e.,
lung lesions, pneumonia). Optical biosensors could present an appealing alternative method
for virus detection on surfaces.

5.2.3 Peptides for diagnosis
Linear and cyclic peptides have been used for the in vivo detection of numerous conditions,
including cancer,[353, 354] arthritis[355] and viral infections.[356, 357]. One limitation is
that a strong affinity is usually required and small ligands with low affinity are not suitable for
this approach, even with high specificity.[358] The use of optical biosensors to be used as
point-of-care (POC) diagnostic tools, offer the advantage of low costs test manufacturing, and
no expensive analysis equipment.

A few studies have proposed peptides as diagnostic agents. For example, antimicro-
bial peptides have been used to detect Shiga toxin-producing Escherichia coli bacteria; and
troponin I-specific peptides have been developed to detect heart disease by phage-display,
and enzyme-linked immunosorbent assay (ELISA) [357] Colour wide-field fluorescence en-
doscopy is an emerging technology to detect and appreciate the spread of lung diseases.[359]
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Fluorescent peptides could allow the staining of the affected lung tissues after infection by the
virus. In April 2020, the University of Edinburgh launched its own research plateform, the
QMRI COVID-related Research Hub (QCH) has been established as a rapid response to the
current global COVID-19 pandemic,. The QMRI integrates the Edinburgh Royal Infirmary,
the University of Edinburgh’s College of Medicine and Veterinary Medicine, and the Centre
for Inflammation Research (CIR) with NHS Lothian. Discussions with QCH leaders identi-
fied fluorescent peptides as a development opportunity and this project was done in relation
with the QMRI.

5.2.4 Peptides reported to bind the spike protein
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Targeted domain Name Sequence derived from Helicity IC50 ( micro M ) Kd / nM Sequence Ref
HR1 EK1 HR2 (HCoV-OC43) 15.8 SLDQINVTFLDLEYEMKKLEEAIKKLEESYIDLKEL Xia et al. 2020 [360]
HR1 EK1-C4 HR2 (HCoV-OC43) 1.3 Ac-SLDQINVTFLDLEYEMKKLEEAIKKLEESYIDLKELGSGSG- Xia et al. 2020 [360]

amino-PEG3-acetyl-Cys(chol-oxycarbonylmethyl
HR1 2019-nCoV-HR2P HR2 (1150-1185) (SARS-CoV-2) 0.19 DISGINASVVNIQKEIDRLNEVAKNLNESLIDLQEL Xia et al. 2020 [360]
HR1 SARSHRC-PEG4-chol HR2 (1150-1185) (SARS-CoV-2) 0.01 DISGINASWNIQKEIDRLNEVAKNLNESLIDLQEL -PEG4-chol de Vries et al. 2020 [361]
HR1 [SARSHRC-PEG4]2-chol HR2 (1150-1185) (SARS-CoV-2) 0.003 [DISGINASWNIQKEIDRLNEVAKNLNESLIDLQEL -PEG4]2-chol de Vries et al. 2020 [361]
HR1 IPB01 HR2 (1162-1205) (SARS-CoV-2) 59 1.022 ISGINASVVNIQKEIDRLNEVAKNLNESLIDLQEL Zhu et al. 2020 [362]
HR1 IPB02 HR2 (1162-1205) (SARS-CoV-2) 60 0.08 ISGINASVVNIQKEIDRLNEVAKNLNESLIDLQELK(Chol) Zhu et al. 2020 [362]
HR1 IPB03 HR2 (1162-1205) (SARS-CoV-2) 50 0.015 INASVVNIQKEIDRLNEVAKNLNESLIDLQELK(Chol) Zhu et al. 2020 [362]
HR1 IPB04 HR2 (1162-1205) (SARS-CoV-2) 60 0.033 SVVNIQKEIDRLNEVAKNLNESLIDLQELK(Chol) Zhu et al. 2020 [362]
HR1 IPB07 HR2 (1162-1205) (SARS-CoV-2) 55 0.017 IDRLNEVAKNLNESLIDLQELKYEQYIK(Chol) Zhu et al. 2020 [362]
HR1 SARS-CoV-2 HRC lipopeptide HR2 (1168 to 1203) SARS-CoV-2 0.01 DISGINASVVNIQKEIDRLNEVAKNLNESLIDLQELGSGC(Chol) Outlaw et al. 2020 [363]
RBD SBP1 ACE2-(Helix 1)-(24-52) IEEQAKTFLDKFNHEAEDLFYQS Zhang et Aal 2020 [303]
RBD NYBSP-1 ACE2-(Helix 1)-(24-52) 94 4.1 AcTIEEQAKTXLDKXNHEAEDLFYQXSLAXWN-NH2 staples in i/i+4 i/i+4 Curreli et al. 2020 [364]
RBD NYBSP-2 ACE2-(Helix 1)-(24-52) 61 2.9 AcTIEEQZKTFLDKXNHEAEDLZYQSSLAXWN-NH2 staples in i/i+4 i/i+4 Curreli et al. 2020 [364]
RBD NYBSP-3 ACE2-(Helix 1)-(24-52) 50 12.9 AcTIEEQAKTXLDKXNHEAEDLZYQSSLAXWN-NH2 staples in i/i+4 i/i+4 Curreli et al. 2020 [364]
RBD NYBSP-4 ACE2-(Helix 1)-(24-52) 80 1.97 AcTIEEQZKTFLDKXNHEAEDLZYQXSLAXWN-NH2 staples in i/i+4 i/i+4 Curreli et al. 2020 [364]
RBD NYBSC-5 ACE2-(Helix 1)-(24-52) 19 >30 AcTIEEQAKTFLDKFNHEAEDLFYQSSLAXWN-NH2 Curreli et al. 2020 [364]
RBD P7 ACE2-(Helix 1)-(24-52) 63 7/6.8 SALEEQYKTFLDKFLHELEDLLYQLALAL-NH2 Karoyan et Al. 2020 [365]
RBD P8 ACE2-(Helix 1)-(24-52) 70 15 0.8/0.09 SALEEQLKTFLDKFMHELEDLLYQLAL-NH2 Karoyan et Al. 2020 [365]
RBD P9 ACE2-(Helix 1)-(24-52) 53 < 1 0.3/0.07 SALEEQYKTFLDKFMHELEDLLYQLSL-NH2 Karoyan et Al. 2020 [365]
RBD P10 ACE2-(Helix 1)-(24-52) 56 < 1 0.06/0.09 SALEEQYKTFLDKFMHELEDLLYQLAL-NH2 Karoyan et Al. 2020 [365]
RBD hACE2(21-55)A36K-F40E ACE2(21-55). (Helix 1) 52 2.1 3.6 IEEQAKTFLDKFNHEKEDLEYQSSLASWNYNTNIT Maas et al. 2021 [315]
RBD hACE2(21-55)F32K-A36E ACE2(21-55) < 38 28.4 IEEQAKTFLDKFNHEEEDLFYQSSLASWNYNTNIT Maas et al. 2021 [315]
RBD hACE2(21-55)F28K-F32E < 38 46.8 IEEQAKTKLDKENHEAEDLFYQSSLASWNYNTNIT Maas et al. 2021 [315]
RBD AHB1 de-novo design (mini protein) 60 0.035 DEDLEELERLYRKAEEVAKEAKDASRRGDDERAKEQMERAMRLFDQVFELAQELQ

EKQTDGNRQKATHLDKAVKEAADELYQRVRELEEQVMHVLDQVSELAHELLHKLTG
EELERAAYFNWWATEMMLELIKSDDEREIREIEEEARRILEHLEELARK Cao et al. 2020 [366]

RBD AHB2 de-novo design (mini protein) 60 0.0155 ELEEQVMHVLDQVSELAHELLHKLTGEELERAAYFNWWATEMMLELIKSDDEREIR Cao et al. 2020 [366]
EIEEEARRILEHLEELARK

RBD LCB1 de-novo design (mini protein) 60 23.54 10−6 DKEWILQKIYEIMRLLDELGHAEASMRVSDLIYEFMKKGDERLLEEAERLLEEVER Cao et al. 2020 [366]
RBD LCB3 de-novo design (mini protein) 60 48.1 10−6 NDDELHMLMTDLVYEALHFAKDEEIKKRVFQLFELADK Cao et al. 2020 [366]
RBD 1 nRNA display 550 (YNVYELRQSVWVHIVRC)-NH2 Norman et al. 2021 [367]
RBD 2 nRNA display 120 (YSLIYWYGQLRHVSRGC)-NH2 Norman et al. 2021 [367]
RBD 3 nRNA display 93 (YSIVYIKGEVRFVGRGC)-NH2 Norman et al. 2021 [367]
RBD 4 nRNA display 15 (yKAGVVYGYNAWIRC)-NH2 Norman et al. 2021 [367]
RBD 5 nRNA display 76 (yRIVILSGSRVC)VCC-NH2 Norman et al. 2021 [367]
RBD 6 nRNA display 130 (yYFDVLLWKAISC)-NH2 Norman et al. 2021 [367]
RBD SAP-1 ACE2-(Helix 1)-(27-42) 2.39 0.53 TFLDKFNHEAEDLFYQ Larue et al. 2020 [368]
RBD SAP-2 ACE2-(Helix 1)-(37-45) 3.72 10.7 EDLFYQSSL Larue et al. 2021 [368]
RBD SAP-3 ACE2-(Helix 3)-(79-85) >7.5 LAQMYPL Larue et al. 2022 [368]
RBD SAP-4 ACE2-(Helix 11)-(352-359) >7.5 GKGDFRIL Larue et al. 2023 [368]
RBD SAP-5 ACE2-(Helix 1)-(24-36) >7.5 QAKTFLDKFNHEA Larue et al. 2024 [368]
RBD SAP-6 ACE2-(Helix 1)-(37-42) 1.9 1.36 EDLFYQ Larue et al. 2025 [368]
α5β1 integrin ATN-161 fibronectin Ac-PHSCN-NH2 Beddingfield et al. 2020 [369]

Table 5.1: Sequences and affinity of peptides reported to bind the SARS-CoV-2 spike protein.
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Several groups have been working on developing peptides to mimic the ACE2 binding
mode, using the α1 helix sequence. Among the different studies, Curreli et al. designed
stapled peptides based on ACE2. [364] They used a lactam staple to constrain the peptide
and managed to produce peptides with an enhanced helicity content (from 50 to 95 % helical
content) compared to the unstapled variant (19% helical content) and a binding affinity in the
micromolar range.

It is hypothesised that SARS-CoV-2 spike protein binds to both hACE2 and α5β1. An ap-
proach followed by Beddingfield et al. was thus to disrupt this interaction using a peptide, and
one of their designs, ATN-161, was shown to disrupt SARS-CoV-2 infection in vitro.[369]
Treatment using ATN-161 increased cell viability in the presence of SARS-CoV-2 and de-
creased cytopathic effects associated with a viral infection. However, the binding site could
not be identified, and three potential binding sites could be involved. ATN-161 was found to
potentially bind the integrin α5β1 ectodomain near the RGDmotif, blocking integrin binding
to the spike protein. Another plausible site was the interface between the ACE2 and the spike
RBD, potentially affecting the binding of RBD with ACE2.

Another class of inhibitory peptides are the spike protein fusion blockers. Several in-
hibitory peptides binding to the HR domain of different Coronaviridae viruses, have been
identified, showing activities in the nanomolar to low micromolar range: HCoV-229E,[370]
SARS-CoV,[371–373] and MERS-CoV [374, 375]. The S2 subunits of SARS-CoV and
SARS-CoV-2 are highly conserved; they possess 92.6% overall identity for the HR1 region
and 100% for the HR2 region. Thus, peptides derived from SARS-CoV HR2 might also in-
hibit SARS-CoV-2. The fusion blocker peptides usually bind to the HR1 domain to inhibit
the fusion process. Such examples include EK1, 2019-nCoV-HR2P and IPB-01, which in-
hibit SARS-CoV-2 with IC50 values of 2.5 µM, 0.98 µM and 22 µM, respectively. Notably
EK1, which targets the HR1 domain of several other human coronaviruses, including SARS-
CoV and MERS-CoV displays potent prophylactic and therapeutic activity against MERS-
CoV and HCoV-OC43 infections in vivo, and intranasal application in mice shows promising
results.[376] Furthermore, EK1 shows only low immunogenicity and toxicity in vivo and was
the first broadly active HR-targeting inhibitor against coronaviruses in vivo.[360] Derivatives
of EK1 have exhibited promising binding activity as reported by the work of Xia et al.[360]
EK1C4 is 19 to 190-fold more potent than EK1 against several coronaviruses and inhibits
infection of TMRPSS2 negative Vero E6 cells by SARS-CoV-2 with an IC50 of 37 nM.[360]
EK1 and EK1C4 were both tested against HCoV-OC43 in vivo and show prophylactic activity
as well as therapeutic efficacy when applied intranasally to mice, with better stability, antivi-
ral activity and half-life in the case of EK1C4. Zhu et al.[362] modified the peptide IPB-01
by adding a cholesterol group to its C-terminus (IPB-02), which reduces IC50 values against
SARS-CoV-2 and SARS-CoV pseudoparticles to 0.08 µM and 0.25 µM respectively. De
Vries et al. [361] reported the optimisation of 2019-nCoV-HRP2, varying only by a single
amino acid from the initial sequence, and used PEGylation, lipidation and dimerisation, to en-
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hance the drug-like properties of the peptide. The authors confirmed the observation that the
fusion inhibiting peptide [SARSHRC-PEG4]2-chol was highly active on TMPRSS2 positive
cells with an IC50 as low as 3.8 nM. Most notably, intranasal application in ferrets protected
them from viral transmission when co-housed with other SARS-CoV-2 infected ferrets. Al-
together, these studies show that targeting the HR1 domain by peptides derived from the HR2
region is a promising strategy for generating fusion inhibitors against many class I fusion pro-
tein viruses, including SARS-CoV-2. The high HR homology in coronaviruses allowed the
production of the broadly active and potent fusion inhibitor EK1C4 for the potential treatment
of infection by different coronaviruses including SARS-CoV-2.

Other targets relevant to the fusion peptide have also been highlighted. Membrane inter-
actions, especially those involving the fusion peptide (FP), could be important for viral fusion
and thus represent potential antiviral targets. Five peptides analogous to the HR regions were
tested for inhibition of SARS-CoV entry. The most potent inhibition of SARS-CoV-1 plaque
formation was found for WW-III and WW-IV with IC50 values between 2 and 4 µM. Both
peptides are derived from the loop domain between HR1 and HR2, and the authors speculate
that they might sterically hinder the extension of the FP or block the fusion process.[377]
However, at the time of writing, no peptide interfering with the FP region in the cell mem-
brane have yet been reported as active for SARS-CoV-2.

Numerous other computational approaches to design have been reported for producing
better spike protein binders but these are often not backed up with experimental data. As an
example, Huang et al.[378] designed peptides to block association of the SARS-CoV-2 spike
protein with humanACE2, using their in-house EvoEF2 scoring. Roughly, their method relies
on specific mutations of the ACE2 sequence to measure changes in the energy of binding.
Another example is the work of Han et al. [379] who form mini proteins between the α
helical scaffolds of ACE2 at the PPI. Their study suggests a much bigger segment than this
more structured version of the ACE2-helix1 (residues 30-45) peptide would be necessary to
bind to the spike protein.

These approaches targeting the SARS-CoV-2 protein contrast that of Li et al.[380], who
have also developed fluorescent peptides for the diagnosis of COVID-19 in blood serum. Their
method is based on detecting Monoclonal Antibodies (MAbs) generated by the immune re-
sponse against SARS-CoV-2 by producing peptides derived from SARS-CoV-2 protein frag-
ments, which bind specifically and selectively to human SARS-CoV-2 mAbs. They identified
eight peptides derived from the spike protein that showed potential for development of a di-
agnostic tool. However, this detection approach requires that an effective immune response
in the patient has been triggered after infection.

108



5.3 Study of full length spike protein simulations 109

5.3 Study of full length spike protein simulations

5.3.1 Model building

At the beginning of our study, no MD simulations of the glycosylated spike protein had been
made available. The DE Shaw Research group was the first to publish open-access simulations
of the spike protein,[381] however, these trajectories did not include the HR2 domain. We
also noted a few issues affecting the CoV-2 spike protein in these MD trajectories, probably
deriving from the initial structures used. For example, in DESRES-ANTON-11021566, the
starting model for the “closed” trajectory, the presence of a few cis peptide bonds in each chain
of the protein was observed (His245-Arg246, Arg246-Ser247 and Ser640-Asn641, Gln853-
Lys854). The His245-Arg246 peptide bond in chain B flipped to a trans conformation in the
course of the simulation, but the other bonds remained in their cis conformations. Any atom-
istic simulation starting structure should be a low-energy, representative conformation of the
protein studied. However, structural data deposited in the PDB data bank are usually imper-
fect, as some uncertainty in local coordinates, often in flexible regions, is expected. Local
conformation errors like these may lead to subtle biases throughout the simulation trajectory,
adding more problematic conformational misrepresentations and biasing the simulation in un-
predictable ways. The cis peptide bond can, for example, prevent the formation of any stable
secondary structure by introducing a kink in a loop. Regions modelled as coils are generally
more likely to be further away from a low energy structure, primarily if this domain was re-
ported to be structured in other models. Comparison of the structure with its electron density
map can also pinpoint areas where the resolution of the structure is low.

In this work, both the opened and closed conformations were modelled. The models were
built using two structures (opened and closed) of the full length spike protein provided by the
Amaro group [382]. When building the opened conformation model, it was noticed that a
loop in the RBD interacting region (residues 673 to 686) was modelled as a coil, and twelve
residues of this loop were missing from the original crystal structure used to produce this
model (PDB 6VSB). Only four could be inserted in the space left in the cryo-EM structure.
Furthermore, the secondary structure of other RBD domains in the closed conformation and
the RBD bound to ACE2 (6M0J) presented a β -sheet secondary structure for this loop. The
conformation of this region is thus likely to be erroneous in the provided model. The structure
of the spike protein RBD domain of PDB 6M0J, refined by Croll et. al matched the electron
density of 6VSB,[383] and grafting this refined 6M0J structure into the structure provided
by the Amaro group seemed to produce a more relevant model. No other modification on
the protein was made for the opened model, and the closed model was used directly. The
sugar composition was deduced by combining the results of two studies on the glycosylation
patterns of the spike protein.[382, 384] and can be found in Appendix 5.12. The sugars were
built de novo using the doglycan tool.[385] Scripts and input files to build the sugars have been
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made available on github (michellab/Stapline) The spike protein was simulated with the S1/S2
cleavage site open, as the furin cleavage site (residues 682-685, RRAR) has been shown to be
essential for infection of human lung cells [310].

As the simulations aimed to understand the target-able domain of the spike protein, the
lipid membrane was not modelled; the TM domain was thus discarded, as solvating this highly
hydrophobic domain could result in simulation artefacts. After identifying some unfolding
events at the truncated C-terminus, in some preliminary simulations, a 10-residue segment of
the transmembrane domain was included in the simulations. The Cα atoms of this segment
were restrained in an attempt to mimic the restraints resulting from a membrane an the spike
protein (Figure 5.8). Restraining forces (5000 kcal.nm−1) were applied on the X, Y and Z-
axis, to mimic the lipid forces in this region.

Figure 5.8: Spike protein structure used for the simulations: the different chains are highlighted in
grey scale and the atoms restrained during the simulation are represented with blue spheres.

5.3.2 Backbone flexibility
To visualise flexible regions in the SARS-CoV-2 spike protein, the root-mean-square fluctua-
tions (RMSF) of the protein backbone were calculated. These RMSF studies can give a good
idea of the stability of the targeted domains (Figure 5.9). Unsurprisingly, the most flexible
regions of the protein were found to be in in loop regions. The NTD domain contains the
most flexible segment of the spike protein, in its solvent-exposed loops. The 665-666 cleav-
age site is also a very flexible area. We noted the presence of a few domains where the RMSF
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Figure 5.9: Study of the RMSF of the spike protein to find area with low fluctuation during a 200 ns
simulation. RMSF of the three chains of the spike protein. The curve is coloured by the spike protein
domains.

is lower and would favour the binding of ligands (Figure 5.9). Overall the RBD domain is the
region with the lowest RMSF, whilst short sections of the NTD region, as well as the HR2
domain, have a lower RMSF. In the simulation, structured domains in both the NTD regions
were stable, the peaks of RMSF observed in the NTD region (around residues 1-30 and 180-
300, Figure 5.9) correspond to unstructured regions of this domain. The RMSF values in
the ACE2 binding site (residues 437-508) are among the lowest values of the spike protein
backbone, which validate the fact, that generally the binding sites are in the most rigid part of
the protein. Notably the plausible binding site of integrin (residues 400-410) was also found
to display low RMSF values.

During the simulation, the ’tail’ region (residues 1010-1220) of the spike protein was found
to be very flexible, whilst the head region tilted up to 30°. Figure 5.10 shows the distribution
of the angle adopted by the head spike with the tail in the simulation. Mostly this angle
was around 13° but went up to 20° during the simulation. Sikora et al. independently revealed
significant head tilting associated with flexing of the HR2 domain in the tail of the spike protein
in simulation, which is thus consistent with our observations.[386] These observations are also
in accordancewith Cryo-EMobservations which revealed that the spike protein structure could
tilt by up to 60°.[322] However the lower values found in our simulations may reflect a more
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Figure 5.10: Distribution of the angle between the head of the spike protein and the tail a. Measured
angle b. Obtained distribution in a 200 ns simulation

limited sampling, as the simulations were only conducted for 200 ns.

5.3.3 Sugar coverage of the spike protein and peptide design
Study of the coverage of the sugars was conducted to identify areas which might be targeted
on the spike protein due to the absence of the protein ’sugar coat’. As anticipated, the sugar
coverage of the spike protein varies by domain (Figure 5.11). The S1 domain is overall more
densely coated by sugars in comparison to the S2 domain. However in the open conformation,
the S1 domain is more exposed, especially around the RBM motif when compared to the
closed conformation. This sugar analysis is particularly useful in determining new possible
binding sites. In general, the S2 domain appears to be a more target-able surface, offering less
sugar coverage. The HR2 domain, in particular, offers 25 % exposed surface, in comparison
to the 8-15 % free surface of the S1 domain. Moreover, a small area on the HR2 domain,
between residues 1176 and 1196 has been found to be mostly uncovered while the rest of the
stalk was found highly glycosylated. Work published at the time of our study is in agreement
with these observations.[382, 384]
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Figure 5.11: a. Sugar coverage of the spike protein per domain (using a 1.4 Å radii probe), b. Glyco-
sylated spike protein coloured by domains, the sugars are represented in grey c. spike protein sequence
with the domains coured to match those in part b.

5.4 Design of peptides mimicking the ACE2 binding

5.4.1 Objectives
The analysis of the ACE2 PPI (Section 5.1.4) suggests that the ACE2-spike protein interaction
is mediated primarily by interactions between the α1-helix of ACE2 (residues 20-45) and the
globular RBMdomain of the spike protein. This observation provides an initial helical scaffold
for the design of peptides. We hypothesised that with somemodifications, including mutations
to enhance the binding affinity and the addition of staples to maintain helicity, the α1-helix
would inhibit the ACE2 binding to the spike protein. Usually, shorter peptides do not remain
helical; however, shorter stapled peptides taken from longer helical motifs have been shown
to conserve their secondary structure.[60] We used different sections of the α1-helix of the
ACE2 protein, to produce peptide scaffolds with different lengths; smaller peptide scaffolds
comprise 15 amino acids of the α1-helix, while the longer peptides scaffold comprises the
full α1-helix (33 a.a.).

Whilst numerous groups are currently working on producing enhanced binders for the
spike protein using the α1-helix of ACE2; a novel approach to induce mutations in the se-
quence was explored in this work. When triggered, the immune system produces antibodies,
which specifically recognise a pathogen, generally a protein. In the case of SARS-CoV-2, spe-
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cific antibodies to the spike protein have been isolated from recovering patients. Nanobodies
and antibodies have also been identified by the immunisation of animals. Engineered antibody
mimetics and antigen-binding fragments (Fab) have also been reported. Thus at the time of
our study, multiple antibodies, antibody mimetics, Fab and nanobody structures were avail-
able in the PDB. The umbrella term Antibody-like (Ab-like) will be used to refer to this range
of antigen binder molecules in this Chapter. We chose to use the information arising from
the binding of Ab-like molecules to the ACE2-RBD to propose mutations to the α1-helix
peptide scaffold. The peptide side-chains were modified using the side-chains of the Ab-like
molecules interacting with the same spike RBD amino acids to build more potent α-helical
peptides.

5.4.2 Preliminary results

In 2020, numerous groups worked on developing peptides to inhibit the binding of the spike
protein human cell receptors, using the ACE2 α1-helix segment (Table 5.1). We based our
approach on one of the first papers published at the time. Zhang et al excised the α1-helix
of ACE2 from residue 21 to residue 36 to test if the resulting peptide would bind the spike
protein.[303] No mutations were introduced to the peptide sequence. They initially reported
mM binding; however, they subsequently revised their paper, and the ACE2 derived peptide
was later shown not to bind the spike protein.[302, 303] Based on the version of this paper,
we initially thought that this sequence was binding to the spike protein and could be improved
through the addition of staple residues and targeted mutations. With insight, the latter cor-
rection to reporting only a weak binding could have been anticipated from our first 200 ns
simulation of this segment. Starting from a model of the peptide bound to the spike receptor
(using PDB 6M0J) and truncating the ACE2 protein, the simulation rapidly showed insta-
bilities in the binding of the peptide, and dissociation was observed in the peptide termini
(mainly the C-terminus) after only 50 ns. The peptide started to rotate on itself after 120
ns, and residues facing the solvent in the initial conformation interacted with the RBD of the
spike protein after only 80 ns of the simulation. Most significantly after 160 ns the peptide
did not remain bound to the spike protein during our simulations. We hypothesised that this
was partially triggered by the hydrophobic nature of the residues facing the solvent, as these
amino acids started to interact with the RBD. These hydrophobic residues at the solvent sur-
face of the peptide are buried inside the ACE2 protein in the ACE2/RBD complex (Phe28,
Phe32, Phe40, Leu29). These residues were thus mutated to more polar serine residues in
a second simulation, which appeared to improve the stability of the peptide in our simula-
tion time scale (200 ns) as no rotation of the peptide was observed. However, it seemed
clear that peptides needed some improvement in their sequences, as both head and tail were
found to dissociate from the receptor. As seen in Figure 5.12, the extremities of the peptide
are subject to unbinding with higher RMSD observed in these regions. Part of the peptide
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at the C-terminus had no adherence to the spike receptor (Figure 5.12) Retrospectively, we
can conclude that this observed dissociation was in complete accordance with the low affinity
observed in experiments.[302, 303] .

Figure 5.12: a. ACE2 (residues 21-45) coloured by helix turns, b. RMSD of each helix turn.

5.4.3 Amino acid modifications
The crystal structure of hACE-2 bound to the spike protein (PDB 6M0J) and refined by
the COVID-19 structural task force,[383] was used to produce the peptide scaffold. The
RBD/Ab-like complex structures, available at the time of our work were collected, to intro-
duce mutations in the ACE2 sequence.

27 structures of Ab-like molecules in complex with the spike protein were available at the
time of this work, and all of these Ab-like molecules were bound to the RBD domain. Among
these 27 Ab-like molecules, 11 were found to bind the RBM site and could thus be used to
introduce mutations into the α1-helix peptide sequence (Table 5.2). Based on the results of
the preliminary simulations, the mutations to more polar residues of the hydrophobic residues
at the solvent-exposed interface were maintained to improve the binding.

First, 6 different peptide scaffolds, with different lengths, deriving from the α-1 helix
(residues 21 to 45) were modelled in simulations. Following the results of the preliminary
simulations, the hydrophobic residues facing the solvent were mutated to serine. After se-
lection of the most stable sequences from unstapled peptides (the peptide selection process
will be detailed in Section 5.4.4), staple residues were added. Our approach was to intro-
duce these staple residues in place of residues not implicated in the binding, mostly solvent
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Name PDB entry
CR3022 6YOR [387]
H11-D4 6YZ5 [388]
H11-H4 6ZHD [388]
REGN10933 6XDG [389]
BD23-Fab 7BYR [390]
B38 7BZ5 [391]
MR17-K99Y 7CAN [392]
S309 6WPT [393]
CR3022 7JN5 [391]
CB6 7C01 [394]
VHH-72 6WAQ [395]

Table 5.2: Ab-like molecules binding to the RDB domain at the ACE2 PPI (published before June
2020)

exposed residues, to interfere the least with the binding of the peptide. Between the RBD
region of the spike protein and ACE-2, there are fifteen interactions, including 13 hydro-
gen bonds and two salt–bridge interactions. Out of the 24 amino acid residues, forming the
α-1 helix derived peptide (residues 21 to 45), Gln24, Asp30, Lys31, His34, Glu35, Glu37,
Asp38, Tyr41 and Gln42 interacts with the spike protein RBD. Thus the residues at these
positions were not considered when adding the staples. The spike protein RBD surface pos-
sesses 71 % of hydrophobic residues. In previous work (Chapter 1) we have established a
relation between the hydrophobicity of the receptor surface and the angle which the inserted
staple on the peptide makes with it. The more hydrophobic the receptor interface surface
is, the more the staple leans towards it. Here we suggest that the angle of the staple should
not be directed toward the solvent, but with a 30 to 50° angle with the protein surface. Ten
combinations were found that permit the addition of i, i+ 4 staples according to these ob-
servations: Glu22-Lys26, Ala25-Leu29, Leu28-Phe32, Leu29-Asn33, Phe32-Ala36, Ala36-
Phe40, Arg39-Ser43, Phe40-Ser44, Ser44-Lys47 (the different positions are reported in Fig-
ure 5.13 for clarity). After selecting the most stable stapled peptides in simulations (Section
5.4.4), TAMRA fluorophores were added on the sequence. For each peptide, two additional
simulations were conducted. One adding the TAMRA fluorophore on the C-terminus and one
adding the TAMRA fluorophore at the N-terminus.

After aligning all Ab-like/RBD structures, using the backbone Cα atoms of the RBD
domains, the interacting residues of the Ab-like molecules were defined as the residues pre-
senting apolar contacts (defined as intermolecular carbon-carbon distance within 4 Å) or pre-
senting hydrogen bonds (Baker-Hubbard definition). Mutations were performed based on the
distances between the Ab-like residues Cα-Cβ and the α1-helix residues Cα-Cβ atoms. If
these distance were within a cut-off (3 Å), the mutations were performed. Once added into the
sequence, mutated amino acids underwent a side-chain position adjustment, bringing mutated
side-chains as close as possible to the side-chain position in the Ab-like complex structure.
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Figure 5.13: a. and b. ACE2 bound to the Spike RBD (PDB 6MOJ) the different staples positions
have been highlighted in colours

This was achieved though successive rotations of the side-chain dihedral bonds. In total 50
mutations were found, and by combining single and double mutations, simulations of 120
complexed peptides were ran featuring 80 variations around the α1-helix of ACE2.

5.4.4 Analysis of the trajectories and peptide selection

In a large number of simulations, the α-1 helix-derived peptides did not demonstrate tight
binding to the spike protein and dissociated from the protein, partially or entirely. These pep-
tides were easily classified as non-binders as they could not maintain their interactions during
the 200 ns simulations. Generally, the simulations where the peptide dissociates from the re-
ceptor are easily recognisable by the high RMSD values of the peptide backbone (above 10 Å).
In contrast, peptides with partial dissociation are harder to differentiate using analytic tools,
especially if the peptide re-binds to the spike protein later in the simulation. In other simu-
lations, the peptides rearranged their backbone conformation entirely from the initial binding
mode, and started to interact with a different surface of the RBD. Rarely, the new binding
conformation of the peptide could offer some added interactions, such as a larger contact area;
it also generally led to a loss of helicity. Commonly, we observed that these alternate binding
modes were not replicated were starting from the same initial conformation. These alternate
binding poses were also generally not maintained during the simulations where these confor-
mations when taken as initial starting points. Only a few peptides showed a tighter interaction
with the spike protein epitope and were considered suitable binders. Adding fluorophores to
the sequence also increased the instability of the peptides in some instances, with the fluo-
rophore interacting with the protein. In later designs only the fluorophores at the N-terminus
were modelled.

A group of simulations were manually classified. Peptides were classified into three groups
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based on their visual stability in simulations (Table 5.3).

Category Characteristics
Category I ’Stable’ binders in MD.

Peptides in this Category remained bound to the RBM and
most of initial inter-molecular interactions were conserved.

Category II ’Moderately stable’ binders in MD.
Peptides in this Category remained mostly bound to the RBM.
Dissociation of the tail or head of the peptide, rearrangement of
inter-molecular interactions or partial unfolding of the peptide
could be observed.

Category III ’Unstable binders’ in MD.
Complete dissociation of the peptide, drastic conformational
rearrangements (e. g. unfolding, head to tail bending of the
helical scaffold) or complete unfolding could be observed.

Table 5.3: Categories used when visually classifying the stability of the peptide interactions.

To extract information from a large number of MD trajectories, quantitative descriptors
that describe the quality of binding must be identified. A series of descriptors were computed
for each simulation: the helicity of the peptide, the root mean square deviation (RMSD) of the
peptide backbone, the RMSD of key side-chains, the root mean square fluctuation (RMSF)
of the peptide backbone, the radius of gyration (Rg) of the peptide, the number of hydrogen
bonds, the number of non-polar interactions, the number of conserved hydrogen bonds and
non-polar interactions after 100 and 150 ns. Some descriptors (RMSD, RMSF) are helpful to
discard the weaker binders in simulations. RMSD Values higher than 10 Å generally meant
that the peptides dissociated; RMSF values higher than 5 Å for the temini residues were in-
dicative of their dissociation; but individually, RMS calculations were not sufficient to select
the best binders as some peptides with low RMS values were not found to be stable in simu-
lations. In Figure 5.14 we can see the distribution obtained for the different descriptors using
the visually-assigned categories described in Table 5.3. Generally, descriptor distributions
tend to be narrower for the peptides in Category I, while for peptides in Category III, the dis-
tribution tends to be broader. However, the overlap between descriptors distribution (Figure
5.14) prevented the use of a single descriptor to select stable binders or eliminate unstable
designs the distributions in any one descriptor.
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Figure 5.14: Distribution of different MD descriptors, for the 3 groups obtained by visual ranking of
the simulations. Orange distributions refer to peptides Category I ; green distributions refer to peptides
in Category II peptides; green distributions refer to peptides in Category III

5.4.5 PCA analysis

Given the large number of simulations to analyse, methods highlighting significant collective
phenomena were needed to reduce the dimensionality into fewer components. Here, a PCA
analysis was used to reduce the dimension of the different phenomena observed in simulations.
First we produced components combining the different descriptors (RMSD, RMSF...) using
a small set of simulations ranked visually, using the categories defined in Table 5.3. Then we
used these components to classify the rest of the peptide simulations.

PCA components are linear combinations of the simulation descriptors, where each vari-
able gets a loading. In theory, an infinite number of PCAs would give a perfect separation of
the original variables. The variability of PCA1 and PCA2 shows that one single component
is not sufficient for separating the simulations according their Category (Figures 5.15) and
5.16). Overall, PCA1 and PCA2 reasonably describe the peptides with the first and second
PCA components 57 % and 12 % of the variance, respectively. Thus cumulatively, 69 % of
the variance is described by the two components. A 2D plot of the PCA components obtained
for the simulations (Figure 5.16 shows that the PCA could not produce two components that,
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when used together, were able to eliminate 100 % of peptides in Category III. However, the
analysis did relatively well at getting the peptides in Category I in a relatively narrow area, and
allowed the identification of all binders of the set. When designing a new inhibitor, it is more
crucial not to assign a binder as a non-binder than the reverse because it could potentially
eliminate potential leads. When adding a third PCA component and plotting the simulations
on a 3D plot, simulations were no better separated into the three categories for this data set.
Adding a third vector adds 7 % to the total variance description but did not seem to separate
the simulations in the best binding groups (The 3D plot is reported in appendix). Thus only
two components were used.

Figure 5.15: PCA variances: green peptides in Category I; blue peptides in Category II; red peptides
in Category III

The descriptor factor score in a PCA analysis is the impact or importance of a single
descriptor on the final PCA component. For the Principal Component 1 (PC-1) the eleven
descriptors were found to have similar values of factor score, with absolute values between
0.19 and 0.3. This result reflects the fact that many descriptors need to be used together
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to describe the binding of peptides. One exception was the helicity of the peptide with a
factor score of 0.08 %. Furthermore the factor score was only 0.05 % for the second PCA
component, implying that the peptide helicity was the least impacting descriptor. For PCA2,
the descriptor factors varied much largely with values comprised between 0.05 % and 0.41
%. The eigenvector with the largest factor score was observed for the number of conserved
interactions after 80 ns, which counted for 41 % of the PCA2 factor score.

Figure 5.16: Separation of the peptides, through PCA into; green good binders; blue mid binders; red
weak binders

Generally, for peptides in Category I, PCA component 1 was shown to be <0 and the PCA
component 2 <2 for the best binders (Figure 5.16). Peptides in Category II were also observed
to have a negative PCA component 1, and the second component was found to be in the 0-2
interval. Peptides in Category III were found to be present in a large area but not overly present
for PCA component 1 <0 and PCA component 2 greater than 2. The fact that PCA could not
give a complete separation of the peptides is in part due to the fact that peptides in categories II
and III were not represented by a unique behaviour, as a conformational change, a dissociation
from the receptor, a rotation or translation of the peptide binding, interaction with other parts
of the RBD could, or any combination of these phenomena could led to attribute the peptides
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122 5. Development of Stapled Peptides for the Detection of SARS-CoV-2

to these categories. On the other hand, peptides with stable binding in the simulations had
more stable and reproducible metrics and were thus more easily identifiable; therefore the
area on the PCA graph is much narrower.

A second set of 25 independently ranked peptides was used to determine if using the previ-
ously obtained PCA component could categorise correctly the remaining simulations (Table
5.4). Among these 15 peptides, the three peptides in Category I and the seven peptides in
Category II were correctly identified using the PCA analysis. Thus none of the most stable
binders were incorrectly identified. This result is very positive as our main concern is not to
miss stable binders. That the PCA could recognise peptide in Category II was also a really
positive result, given the fact that more than one behaviour can characterise these peptides.
The prediction accuracy was lower for peptides in Category III as three peptides were not
identified as such. Two of these peptides were classified in Category II, and one in Category
I.

Category I Category II Category III
# of simulations ranked 4 7 14
# of simulation correctly predicted 4 7 12

Table 5.4: Result of the PCA components applied to a independently ranked set of peptides, the
second line refers to the number of simulation correctly attributed to their Category by the PCA

The PCAmethod was also applied to published peptides (Table 5.1). A peptide developed
by Curreli et al. [364] NYBSP-1, with a reported IC50 of 4 µM) and 4 peptides developed
by Karoyan et al. [365] were simulated: P7 (IC50 = 7 µM), P8 (IC50 = 800 nM) P9 (IC50

= 300 nM) and P10 (IC50 = 60 nM). Thses peptides were shown to be fairly stable in the
simulations. Running the PCA analysis, using the same descriptors as precedent placed the
peptides in categories I and II, and corresponded to the visual inspections of these peptides.
Thus the PCA was found to be satisfactory at classifying the simulations.

5.4.6 Peptide selection
Three different design rounds were undertaken. Different staple positions, as well as dye
positions, were also explored (Table 5.5 - peptides ACE-P1 to ACE-P4) Following this first
selection, 30 mutations at seven positions were found through the scanning of the peptides
segment with the known antibody binders. Using the ACE-P1, ACE-P2, ACE-P3, ACE-P4
as scaffold, a total of 4 positions for mutations (introduced using the Ab-like interfaces) were
found beneficial for increasing the stability of the peptides in simulations. Mutations with a
stabilising effect were then combined. The PCA method was applied to the 150+ peptide
simulations. The PCA method selected 30 simulations, where the peptides had more stable
interactions with the ACE2 receptor. These simulations were re-run. Around 45 % of the
selected peptide simulation duplicates showed a difference of binding stability with a lower
ranking in the newer replicas, while 57% showed a behaviour difference with a lower ranking
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in at least one replica. Overall we selected 12 mutations which increased the stability of the
peptides in simulations. A second screen was run by combining the mutations found to in-
crease the peptide stability. The peptides were again chosen through PCA analysis and a final
visualisation of the simulations to ensure the PCA results.

Table 5.5: Sequences of themost stable peptides in simulations. Mutations from theα1-helix sequence
to increase solubility (to serine) have been highlighted in yellow. Mutations introduced from the Ab-
like interface screening have been highlighted in green. S5 residues correspond to the pentenyl alanine
residues and are coloured in red.

Following the first phase of biological assays, another series of longer peptides was devel-
oped. In this peptide series, a longer segment of the ACE2 peptide was chosen to increase the
surface interacting with the peptide. Staple positions were conserved from the shorter peptide
designs. Single mutations were introduced using the Ab-like side-chain, mutations that pro-
duced more stable binders were combined. Overall fewer mutations were found to stabilise
the peptide compared to shorter peptides. Three mutations in the C-terminus were found to
behighly beneficial for the binding of the peptide (Table 5.6).

Table 5.6: Sequences of the most stable peptides in simulations during round 3. Mutation from the α-
helix-1 sequence to increase solubility (to serine) have been highlighted in yellow,Mutations introduced
by the Ab-like interface screening PPI binding have been highlighted in green. S5 residues correspond
to the pentenyl alanine and are coloured in red.

5.5 Targeting the binding sites of antibody-like molecules

5.5.1 Aim
Many publications emerged in 2020-21 using the ACE2 helix-1 domain as a initial scaffold
for peptide design. Here, in contrast, we propose a novel method to design α-helical sta-
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pled peptides from Ab-like paratopes, which are not helical. Peptides are designed such that
they structurally mimic key side-chains interactions of Ab-like molecules bound to the spike
protein. ’Stapline’, a pipeline for the design of stapled peptides, was built to take advantage
of the knowledge of the PPIs of these Ab-like molecules PPI to create de novo binder Ab-
like molecules usually present 1, 2 or 3 loops implicated in the binding motif. The Stapline
protocol allows for the design of peptides presenting similar amino-acid interactions with the
RBD surface, reproducing the side-chain contacts. The method builds peptides into helical
scaffolds which permits the addition of staple residues.

The amino acid composition of the binding surface of peptides, proteins and Ab-like
molecules are remarkably different. Antibody paratopes are rich in aromatic residues such
as tyrosine and tryptophan.[396] It also has been reported that only 12 interacting residue
pairs contribute to over 40% of the interaction energy in antibody-antigen interactions. In
contrast, PPIs use a larger set of amino acids at their binding interfaces.[396, 397] Peptides
usually have a slightly higher number of aromatic residues than proteins at their binding in-
terfaces (Chapter 1). Thus utilising the Ab-like residues instead of a protein segment might
result in more peptides with amino acid combinations closer to the peptides currently being
tested as drug.

5.5.2 Pipeline for building de novo peptides from PPI interactions

Figure 5.17: Binding area of the antibodies with the RBD of the spike protein: the three main PPI
are highlighted with a thicker backbone.

All available crystal structures of antibodies in complex with the spike protein were re-
trieved from the PDB databank, this study took place in June 2020 and since, more antibodies
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structures have been published. At the time of the study, 22 structures of Ab-like molecules
in complex with the spike protein had been published in the PDB, of which 15 were non-
redundant, as some Ab-like molecule structures were present in multiple PDB entries (Table
5.7). Three main interacting sites were found on the RBD to accommodate the binding of Ab-
like molecules. However, he Ab-like molecules were found to predominantly bind the RBM
motif, although their binding modes varied. Two other PPI were found on the RBD, one in
the 366-386 loop and one in the 334-347/353-361 PPI (Figure 5.17). The RBD residues in-
teracting with the most Ab-like side-chains have been highlighted in Figure 5.17 according to
the number of interactions between the RBD and the different Ab-like molecules. The thicker
red regions indicate more interactions while the thinner blue regions indicate no interaction.
Most of the antibodies target the RBMmotif or contiguous areas, while the two other binding
sites had less interactions with Ab-like molecule side-chains.

Antibody name PDB entry reference
CR3022 6W41, 6Z2M_antibody2 [398]
CR3022 Fab 6YLA [387]
S309 6WPS [393]
REGN10933 6XDG_antibody1 [389]
REGN10987 6XDG_antibody2 [389]
H11-D4 6YZ5, 6Z43 [388]
H11-H4 6Z2M_nanobody1 [387]
P2B-2F6 7BWJ [399]
BD23-Fab 7BYR [390]
B38 7BZ5 [391]
MR17-K99Y 7CAN [392]
S309 6WPT [393]]
CB6 7C01 [394]
SR4-1 7C8V,7C8W [400]
VHH-72 6WAQ [395]

Table 5.7: Ab-like structures available at the the time of the study and used for the design of the de
novo peptides binders

The structures of the complexes involving Ab-like molecules were aligned using the back-
bone atoms of the RBD. Interacting side-chains were defined as side-chains forming hydrogen
bonds or non polar contacts between the Ab-like molecules and the spike protein RBD. Non
polar contacts were defined as distances within 4 Å between carbon atoms . (Figure 5.18.a)
Over 150 side-chains interacting with the RBD were extracted from the structures listed in
Table 5.7. To find the amino acids, which would form the scaffold of the de novo peptide,
distances between the Cα of all extracted amino acids were computed. If a distance between
4.8 and 7.2 Å was found in a pair of side-chains, distances between the second amino acid
and every other side-chain were computed. If the distance was again between 4.8 and 7.2 Å
with a third amino acid, the angle between the three Cα atoms was computed and if a value
between 128 and 150° was found the three residues were inserted into an α-helical motif
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Figure 5.18: The steps used to produce de novo peptides from the known Ab-like molecule inter-
actions: a. Side-chain extraction, b. Searching for triplets of reasonably aligned residues triplet, c.
Additional Mutations; d. Changing solvent exposed amino-acids to more polar residues.

(Figure 5.18.b). The two last steps were repeated to also produce scafolds comprising four
Ab-like extracted amino acid side-chains. The three (or four) amino acids were then built
into an α helical peptide segment. Distances of 4.8 and 7.2 Å and angles between 128 and
150 °correspond to distance and angles generally found between residues of successive turn in
α-helical motifs (Figure 5.19). Twenty α-helical peptides scaffolds were modelled using this
approach. And among these peptides, 12 were α-helical peptides where the initial side-chains
were extracted from the same antibody paratope. Over 150 sequence variations around these
scaffolds were tested by introducing mutations: for all alanine residues in the motif, the dis-
tances between theCα and the Ab-like amino acidsCα were computed. For distances less than
2 Å, mutations were introduced (Figure 5.18.c). Solvent exposed residues were then mutated
to more polar residues (Figure 5.18.d). These de novo peptide designs were then ’docked’ into
the structure of the RBD by alignment of the peptide side-chains with the Ab-like side-chain,
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Figure 5.19: a. Sample of distances between Cα of a typical α-helical structure, b. Sample of angles
between Cα of a typical alpha-helical structure.

then a side chain packer, scwrl4, was used on the side-chains of the peptides to provide lower
energy rotamers and minimise clashes in the structure.[401]

Analysis

Similarly to the approach followed for the ACE2-mimics, the binding stability of the peptides
was evaluated through MD. During the MD simulations, most peptides were found to be un-
stable, and dissociations from the receptor were observed. Due to the variety of binding sites
and structures, using a PCA approach was not applicable here. However, some simulation
descriptors, especially the RMSD of Cα , and the RMSD to the original side-chains taken for
the design of these peptides, were particularly good indicators of very weak binders, where
the peptides did not maintain their binding poses. Among the 200+ peptides sequences tested,
only a minimal number of 20 designs were stable in simulations. By re-running these simula-
tions, this list was reduced to less than 10, as the additional simulations did not result in stable
binding. Of note, side-chains from different Ab-like molecules could be used to produce the
peptides; however, in the three final scaffolds selected, the side-chains originated from a single
Ab-like paratope. Eight peptides generated from 3 Ab-like interfaces were found to be the
most stable peptides and are reported in Table 5.8.

Table 5.8: Sequences of the most stable peptides in simulations using the Ab-like PPI approach.
Residues extracted from the Ab-like molecules are coloured in green. S5 residues correspond to the
pentenyl alanine and are coloured in red.

In the final design only three different Ab-like molecules were found to produce the most
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stable designs. In Figures 5.20, 5.21 and 5.22, the designs, generated by this approach and
found to be stable in simulation are represented. The initial Ab-like molecules are also repre-
sented and overlayed with the peptides.

Figure 5.20: De novo designed peptide mimicking the EY6A Fab antibody bound to the RBD domain
(black): the antibody structure (light grey) is overlayed with the peptide (cyan). a. Full view of the
complex. b. Enlargement of the blue square in a.; the Ab-like side-chain are indicated c. axial view of
the peptide, the Ab-like side-chain are indicated

When the antibody EY6A was overlayed with the de novo designed stapled peptide as
shown in Figure 5.20. The stapled helical peptide reproduced four of the antibody interactions:
Tyr104, Tyr101, His100 and Ile102. A good alignment with the original antibody side chain
is obtained. During the simulation, the four side-chains remain fairly stable.
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Figure 5.21: De novo designed peptide mimicking the H11 Fab antibody bound to the RBD (black):
the antibody structure (light grey) is overlayed with the peptide (cyan) a. Full view of the complex. b.
Enlargement of the blue square in a. the Ab-like side-chain are indicated c. Axial view of the peptide;
the Ab-like side-chains are indicated.

When the Fab BD23 was overlayed with the de novo designed stapled peptide ( Figure
5.22), the stapled helical peptide reproduced four of the FAb interactions: the FAb Asp55,
Glu57, Arg59 and Tyr52. A good side-chain aligement is obtained went aligning the structure
of the AB-like complex with the peptide peptide complex.

Finally the antibody EY6A was overlayed with the de novo designed stapled peptide (in
Figure 5.21), again four key antibody side-chain interactions were reproduced using the α-
helical scaffold of the de novo peptide: Ser104, Asn54, Thr30 and Trp105. In the Figure the
stapled helical peptide reproduce three of the antibody interactions.
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Figure 5.22: De novo designed peptide mimicking the BD23 Fab bound to the RBD (black): the Fab
structure (light grey) is overlayed with the peptide (cyan) a. Full view of the complex. b. zoom-in (blue
square in a.) the Ab-like side-chain are indicated c. axial view of the peptide the Ab-like side-chain
are indicated

5.6 Targeting the HR2 domain used a coiled-coil approach

Aims and context

In 1993 and 1994, two groups published groundbreaking peptide designs targeting the HIV
HR domains. These peptides blocked the virus entry into cells.[402, 403] In 2004, the first
peptide treatment for HIV, Enfurvirtine, a peptide targeting the HR region of HIV, was
authorised.[404] Thus developing peptides to block the fusion of viruses spike proteins is
an attractive approach. In section 5.2.4 we reported peptides currently known to bind the
spike protein specifically, and fusion inhibitors are the second most common peptides that
have been developed to target the spike protein, with four different studies reporting peptides
binding to the HR1 domain. In section 5.3.3 the full-length simulation revealed weak spots in
the glycosylated shield around the tail of the spike protein, and a surface on the HR2 domain
that is not entirely covered by sugars was reported. We found that the HR2 domain displays
15 Å2 of solvent accessible area using a probe radius of 1.5 Å. That result was later validated
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by the study of spike simulations conducted by the Amaro group.[382] This surface could
potentially accommodate the binding of a peptide composed of 2.1 heptad repeats, which is
equivalent to 14-16 amino acids and four turns of α-helices. Here we report the design of
peptides aimed at targeting the HR2 domain by forming a hexameric coil with this segment
of the HR2 domain.

Design considerations

The spike protein undergoes large conformational changes during the fusion process. In the
pre-fusion structure, the HR2 domains form a coiled-coil trimer and after fusion a hexam-
eric coiled-coil system is formed. This 6-stranded coiled-coil comprises the HR1 domains,
which form an inner trimer surrounded by a outer trimer formed by the HR2 domains, as
seen in Figure 5.23. Coiled coils interact through specific helix-helix interactions that follow
particular recognition patterns. α-helical peptides can be designed de novo for an optimal and
specific complexation with natural α-helices. Heal et. al developed a graph theory, iSOCKET
to classify coiled-coil systems.[405] Using their method and nomenclature the prefusion coil
is a G7, meaning that each segment possess a Knob-into-hole (KIH) which each other, while
the post fusion coiled-coil structure is a G94, which means that KIH interactions are present
between the each coil of the inner trimer and between coils of the outer trimer and only one
coil each in the inner trimer (Figure 5.23).

Design of peptides targeting the HR2 domain

In this work it was hypothesised that the peptide would bind to the HR2 domain forming
a hexameric construct similar to one found in the post-fusion structure. The G94 construct
can be decomposed into an inner trimer composed of the HR2 domain and an outer trimer
composed of three peptides (Figure 5.24). However the sequence of the internal trimer is not
a perfect repeat (Figure 5.24). Heptad repeats comprise a repetitive heptapeptide abcdefg with
a and d being hydrophobic residues characteristic of the formation of coiled-coil. Coronavirus
spike proteins contain two heptad repeats in their S2 domain, a feature typical of a class I viral
fusion proteins.

Sequence scanning

Our approach was to extract the peptide sequences from the HR1 and HR2 domain. As the
domains HR1 and HR2 domains fold into helical motifs it is likely that the extracted peptides
have a prevalence to forming this secondary structure. Scanning through the sequences, every
12, 13 and 14-mer was extracted from the HR1-HR2 sequence. A rough filtering to match
the residues on HR2 was done according to a set of rules:
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Figure 5.23: a. Spike protein structure in the pre-fusion conformation (left), and in the post-fusion
(right) b. Coil systems: trimer formed by the HR2 domains in pre-fusion (left), hexameric coiled-
coil formed by the HR2 and HR1 domains in post-fusion (right) c. System formed by the coil using
iSOCKET. KIH are represented with red lines. d. sequences of HR1 and HR2.

• For the position a and d, sequences presenting amino acids with smaller side chains at
these positions were preferred.

• Each a and d position was scanned and sequences which would form polar-polar or
hydrophobic-hydrophobic interactions with the corresponding amino acids on the HR2
domain e and g positions were favoured ( Figure 5.25).

• In addition to a/d combinations, residues larger than Ala at the e and g sites of the
peptide influence the state adopted,[406] thus small amino acids side chain at these
positions were favoured.

• For solvent exposed residues (position c, d, e of the heptad repeat) hydrophobic residues
are unfavorable, thus sequences comprising aromatic residues, as well as leucine and
isoleucine were discarded.

132



5.6 Targeting the HR2 domain used a coiled-coil approach 133

A first model was built based on a scaffold generated through the alignment of the pre-
and post-fusion structures. First the HR2 domain in the pre-fusion structure (the full length
spike protein model described in Section 5.3) was aligned with the HR1 central domain in
the post-fusion structure (6XRA). After alignment of the backbone of HR2 to the backbone
of HR1 the RMSD was found to be 2.5 Å, on the segment that is not masked by the sugar.
The HR2 domains of the post-fusion structure served as a scaffold for the peptides, and only
the backbone of the post fusion HR2 domain was kept. Every amino acid of the peptide
was assigned its position following coiled-coil nomenclature (abcdefg). The sequence was
modified using the previously obtained sequences. This aproach was not found to produce
stable designs in MD simulations

Figure 5.24: Extraction of the HR1 and HR2 domain sequences used during peptide scanning.

The second approach relied on the use of ISAMBARD. ISAMBARD has been created
to aid parametric protein design by providing a general strategy for modelling protein coiled-
coils.[304] Similarly to the approach above, truncated 15-mer peptides from the HR1 and
HR2 sequences were generated. A custom class to form this pyramidal G94 coiled-coiled
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Figure 5.25: Evaluation of the sequence of the HR2 domain for coil interaction compatibility. a.
Model used b. sequence of the HR2 domain

was created where the parameters of the inner trimer were independent of the ones in the
outer trimer. ISAMBARD, possess a in-built optimisation procedure, we used the genetic
evolution optimiser in ISAMBARD to fit the parameters for a given sequence. The scoring
metric used was the Mark Levitt’s hydrophobic fitness as well as the RMSD of the resulting
inner trimer coil to the HR2 of the model.

From the 330+ hexameric coiled-coils generated by ISAMBARD, 50models were selected
using structures with the lowest RMSD to the HR2 model, a cut off of less than 10 Åon the α-
helical coil segaments was taken. The basis for this metric was that the peptides binding to the
HR2 domain should not induce a large conformational change. We selected 20 models with
the lowest mark Levitt’s hydrophobic fitness score. The glycosylations site were added into
the the model generated by ISAMBARD. During MD simulations, the models produced with
ISAMBARD gave more stable simulations, probably resulting from lesser sidechain clashes
and better optimisation of the inner trimer radii.

5.6.1 Simulations analysis
To minimise the size of the simulations, only the HR2 domain with glycans at position
Asn1173 and Asn1194 were modeled. Early simulations showed an unfolding of the HR2
domains. Thus harmonic constraints were added on both ends of the HR2 domain to mimic
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Figure 5.26: HR2 domain shown in cyan. The peptides are not represented. Sugars are represented in
grey. The binding areas with low RMSF are represented in green; with high RMSF are represented in
red. Snapshots at 0, 100 and 200 ns are overlayed. a. The HR2 domain is not affected by the binding
of the peptide after 200 ns, b. The HR2 domain is affected by the binding of the peptide after 200 ns.

on one hand the membrane lipids, and at the other end the head of the spike protein. The
Cα of residues 1140 to 1150 and 1450 to 1460 were constrained. Most of the simulations
resulted in the unfolding of the HR2 domain (Figure 5.26.a). In the full length simulation, the
HR2 domain is flexible. In simulations of the the HR2 domain without peptides, the integrity
of this segment was preserved (Figure 5.26.b). Among the 60 HR1/HR2-derived peptides
tested, only two peptides were found not to disrupt the internal trimer and displayed relatively
tight binding poses, in comparison with the other peptides.

More descriptors concerning the integrity of the HR2 domains were used to understand its
stability, such as the RMSD, and helicity of the inner trimer. For RMSD values higher than
25 Å the structure of the HR2 domain was changing drastically (Figure 5.26 a.) Thus simu-
lation with high RMSD value in the HR2 domain were discarded. The design produced with
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ISAMBARDwere found to produce peptides which induced fewer conformational rearrange-
ments in the HR2 domain. The RSMD of the peptide backbone, was in average lower than the
RMSD of the peptides designed with the first approach (9 Å and 15 AA). This is probably due
to the fact, that during the coiled-coil modeling the HR2 domain radii was optimised as well
as the side chains, producing structures closer to a low energy structure. For the remaining
simulations, the stability of the three peptides were taken into account, as sometimes only one
of the three peptides was shown to be unstable, with RMSD higher than 10 AA. The simula-
tion descriptors were calculated for each peptide individually, and the descriptors values were
compared for the three peptides of the same simulation. Simulations featuring at least one
unstable peptide were discarded. The coiled-coil produced with the first approach produced
more diparity between the three peptides of a simulation as the model used does not have
an axial symmetry such as the one found in the model generated with ISAMBARD which
produces ’perfect’ geometrical coiled-coils. The two best peptides are presented in Table 5.9.

Table 5.9: Peptide sequences of the most stable simulations, both sequences result from the coiled-coil
approach

5.7 Detection of peptides
The Auer group (University of Edinburgh) developed a robust high-throughput confo-
cal nano scanning (CONA) approach; previous applications using this assay have been
reported.[407, 408] This assay was adapted to allow the detection of peptides binding to the
full-length SARS-CoV-2 spike protein. The development of this assay for screening was par-
ticularly advantageous as it is not reliant on BSL 3 laboratories required for handling live virus
samples. This technique has previously been shown to detect weak binding (KD values up to
500 µM, allowing effective screening of lead compounds. [408] All experiments presented
in this section have been developed and carried by Dr Nhan Pham (Universtiy of Edinburgh).
This specific method has not been published but is similar to other work published by the Auer
group.[408, 409]

Controls

UPS-confocal fluorescence nanoscanning (UPS-CONA), employs a protein of interest im-
mobilised on a micro-bead and a fluorescently labeled substract which, upon binding to the
protein, is quantitatively detected on the bead periphery by confocal imaging (Figure 5.27).
Upon conjugation to the protein substrate, a fluorescent “ring” will become detectable in the
confocal image plane across the microbeads. (Fig 5.27.b) Images of beads in a 384-well plate,
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Figure 5.27: a. spike protein immobilised on a micro-bead and ACE2 protein and a fluorescent mAb
(green). b. fluorescent “ring” c. confocal image images d. Intensity profiles across beads.

acquired using the confocal scanning microscope Opera™(Perkin Elmer) in brightfield and
in the fluorescence emission channel. The intensity profiles of over 100 beads are generally
analysed and the binding is indicated by a series of fluorescent rings. The intensity of the ring
is indicative of the strength of binding (Figure 5.27.d). A control was conducted using ACE2
and a fluorescent anti-ACE2 antibody to detect substrate binders to the spike protein. Full-
length, His-tagged spike protein (CPPC) was bound to Ni-NTA agarose beads in PBS (pH
7.4). Validation of the CONA assay was achieved through binding ACE-2 to the receptor-
binding domain (RBD) of the spike protein (reported KD = 120 nM) The detection for the
control was indirect as the ACE2 was not labeled and a fluorescent labeled anti-ACE2 was
used. These assay were carried out using an indirect approach, by detection of the fluorescent
tag of an anti-ACE2 (Figure 5.27) .

Beads alone and beads displaying the spike protein at the surface where shown to not have
any fluorescence at 488 nm. (Figure 5.28.a and Figure 5.28.d) A measurement using the anti-
ACE2mAbwith andwithout the spike protein was run to rule out possible non specific binding
to the bead of the anti-ACE2 mAb to the beads or to the spike protein. No fluorescent ring
was detected as the antibody was washed off the plate (Figure 5.28.b and Figure 5.28.e). The
assay was run in the presence of the anti-ACE2 mAb and ACE2 protein to rule out unspecific
binding of ACE2 to the beads (Figures 5.28.c). Finally a positive control in presence of the
spike protein, ACE2 and the anti-ACE2 mAb-Fl was done. Rings with a high intensity were
observed, characteristic of nM binding (Figure5.28.f).
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Figure 5.28: CONA controls: confocal image images of the brightfield (BF) of the beads (top images)
and fluorescence emission channel of the dye at 488 nm (bottom images). a. beads; b. beads and anti-
ACE2-Fl; c. beads ACE2 and anti-ACE2-Fl The assays were performed by Dr Nhan Pham, University
of Edinburgh.

Bead Protein 1 Protein 2 Control for Observation
a x x x Ni-NTA bead fluorescence no fluorescence
b x x anti-ACE2 unspecific binding of anti-ACE2 to beads no fluorescence
c x ACE2 anti-ACE2 unspecific binding of ACE2 to beads no fluorescence
d His-spike x x bead fluorescence no fluorescence
d His-spike x anti-ACE2 unspecific binding anti-ACE2 no fluorescence

to spike protein
f His-spike ACE2 anti-ACE2 Positive control bright rings

Table 5.10: CONA assay controls. a,b,c,d ,e,f refer to Figures 5.28 and 5.29 sub-figures
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Figure 5.29: CONA controls: confocal image images of the brightfield (BF) of the beads (top images)
and fluorescence emission channel of the dye at 488 nm (bottom images). d. beads, His-Spike; e.
beads, His-SPike and anti-ACE2-Fl; f. beads, His-SPike, ACE2 and anti-ACE2-Fl. The assays were
performed by Dr Nhan Pham, University of Edinburgh.
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Measuring the fluorescence of the peptides

Control experiments made use of an indirect detection method, with fluorescently labelled
anti-ACE2. To measure the binding of the peptides a direct binding assay was employed
using TAMRA fluorophores linked to the peptides.
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Peptide Design category Sequence CONA assay result
ACE2-P1 ACE2-mimetic Ac-Lys(5-TAMRA)-S5-EEQ-S5-KTSSDKSNSES-NH2 Kd >500 µ M
ACE2-P2 ACE2-mimetic Ac-Lys(5-TAMRA)-KTS-S5-DKS-S5-SES-NH2 Kd >500 µM
ACE2-P3 ACE2-mimetic Ac-S5-EEQ-S5-KTSSDKSNSE-Lys(5-TAMRA)-NH2 Kd >500 µM
ACE2-P4 ACE2-mimetic Ac-SEEQAKTSSDK-S5-NSE-S5-Lys(5-TAMRA)-NH2 Kd >500 µM
AB-P1 Ab-like-mimetic Ac-DWA-S5-KND-S5-STA-Lys(5-TAMRA)-NH2 Kd >500 µM
AB-P2 Ab-like-mimetic Ac-L-S5-YAD-S5-IKAYHG-Lys(5-TAMRA)-NH2 Uptake by bead
AB-P3 Ab-like-mimetic Ac-S5-YAD-S5-ISKYHAG-Lys(5-TAMRA)-NH2 Uptake by bead
AB-P4 Ab-like-mimetic Ac-LYA-S5-DIS-S5-YHA-Lys(5-TAMRA)-NH2 Uptake by bead
AB-P5 Ab-like-mimetic Ac-L-S5-LAK-S5-SADY-Lys(5-TAMRA)-NH2 Kd >500 µM
AB-P6 Ab-like-mimetic Ac-S5-DSK-S5-YWDSY-Lys(5-TAMRA)-NH2 Aggregation
AB-P7 Ab-like-mimetic Ac-S5-DSK-S5-YTSWM-Lys(5-TAMRA)-NH2 Aggregation
AB-P8 Ab-like-mimetic Ac-S5-DSK-S5-IDWY-Lys(5-TAMRA)-NH2 Aggregation
AB-P9 Ab-like-mimetic Ac-KA-S5-ESK-S5-EYDTR-Lys(5-TAMRA)-NH2 Kd >500 µM
HR-P1 HR2-peptides Ac-IDKQV-S5-EAI-S5-KS-Lys(5-TAMRA)-NH2 Kd >500 µM
HR-P2 HR2-peptides Ac-NAQ-Lys(5-TAMRA)-L-S5-ALV-S5-ALS-NH2 Discussed in text

Table 5.11: Summary of fluorescent, stapled peptides by design category, primary sequence and
CONA assay result.

ACE2 peptides

Four peptides (ACE-P1, ACE-P2, ACE-P3 andACE-P4) (as presented in Table 5.5) designed
after the ACE2 binding motif were tested using CONA assay. For the four tested peptides,
after 15 min of incubation, no sharp ring was seen around the beads. Instead, the peptides
diffused in the media, and the entire channel brightened, as seen in Figure 5.30. Thus no
peptide derived from the ACE2 sequences was found to bind to the spike protein.

This low affinity could be the result of one or more factors. Foremost, it is mainly assumed
and experimentally observed that truncating a segment of protein results in a loss of secondary
structure and thus would produce a less efficient binding. However, work published recently
by the Jamieson group [302] reported that the stapled peptides derived from the truncated
ACE2 (with no mutations) were conserving a high helical propensity. It is probable that the
lower affinity of this segment is not due to a loss of helicity. Furthermore, in the spike protein
crystal structures binding to ACE2 (pdb 6M0J), we can observe that the conformation in
the interacting segment on the ACE2 side is not a perfect helix. The ACE2-21-44 forms
an interrupted helix around residues 30-35 where the helix is bent. This is also observed in
the free form of ACE2 (PDB 1R42) and is not directly linked with the binding event, but
to the ACE2 internal interactions. Circular dichroism of the peptides is not applicable to
observe if the peptide is reproducing this specific conformation, but it is most likely that this
conformation cannot not be replicated by a peptide, as it is most likely induced by the protein
internal forces and folding arrangement. This bent provides a shape complementary with the
spike protein binding domain, and we hypothesise, that if this shape complementary is lost,
the binding is altered. The residue His34, at the centre of the binding area, provide three
hydrogen bonds to the spike amino acids: Asn479 Tyr440 and Asn 479, and without a bend
in the structure of the ACE2 protein, these native contacts would not be reproduced, using a
shorter and straight helical peptide.
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Figure 5.30: CONA assay of the ACE2 peptides mimics. The assays were performed by Dr Nhan
Pham, University of Edinburgh.

Another hypothesis to this low affinity is the relatively small contact area offered by the
α-helix to the spike protein. If the helical segment carries most interactions, a network of
interactions outside this helix has been described between the ACE2 loops 324-326 and 352-
355 and the spike protein RBD loop 499-506. These interactions would not be reproduced
by the extracted helical segment.[410] Furthermore, the ACE2 protein could interact with
the spike protein at other contact points using sugars. A recognition by sugars could be the
first stage of the binding. Further stabilisation could take place during the ACE2 binding
by the sugars. Both the spike protein and the ACE2 receptor are heavily glycosylated, and
several glycosylation sites are near the binding interface. Whereas the focus has been mainly
on amino acid interactions in the ACE2–spike binding interface, the role of glycosylation has
often been underestimated. The ACE2 receptor displays seven N-glycosylation sites (N53,
N90, N103, N322, N432, N546, and N690) and several O-glycosylation sites. The N90 po-
sition might interfere with virus binding and infectivity, which was proved by a recent genetic
and biochemical study [411, 412], showing that mutations of N90, which remove the glyco-
sylation, increase the susceptibility to SARS-CoV-2 infection. With an opposite effect, four
glycosylation sites (N53, N90, N103, and N322) can interact with the spike protein RBD and
stabilise its interaction with ACE2. Two conclusive MD studies corroborate this hypothesis
[413, 414]

A final hypothesis is that ACE2 only binds to the spike protein when the RBD of the spike
is in the upright position. Different studies have reported different kinetic rates and stability
between the conformations, and Amaro et al. in their computational study [382] even reported
that different sugars bound to N234 result in different rates of of the RBD domain between
the up or down position. Binding to a bulkier partner such as a protein in comparison to a
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peptide could potentially change this conformational rate, favouring an open state.

Antibody derived peptides

The CONA assay was used to test the peptides designed from the Ab-like PPI (Figure 5.31).
For the AB-P5 peptide, the CONA-assay did not show any fluorescence at 488nm. Thus these
peptides could directly be identified as a non-binder.

Figure 5.31: CONA assay a. positive control: ACE2/anti-ACE2-fl ; b. AB-P1 peptide, c. AB-P2
peptide. The assays were performed by Dr Nhan Pham, University of Edinburgh.

The peptides AB-P2, AB-P3 and AB-P4 CONA assays were found to have an unexpected
outcome in which the whole beads became brighter rather than just the periphery (Figures
5.31.b and.c and 5.32 .d). Our hypothesis is that these peptides have an affinity with the Ni-
NTA-His-Spike beads and enter inside the beads. The entry of the peptides inside the bead
impede the detection of eventual interactions with the his-Spike protein with these peptides.
Peptides AB-P6, AB-P7 and AB-P8 aggregate onto the surface of Ni-NTA-his-Spike beads
in the assay, which appears as fluorescent rings. However, the rings were discontinuous, and
the bead intensity profile did not reproduce the pattern of a binder, which is abnormal if
the peptides were indeed binding to the spike protein. (Figure 5.34) A negative control was
thus conducted using the Ni-NTA beads without the spike protein. Some fluorescence was
observed in the latter experiment, which confirmed the non-specific interaction of the peptide
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Figure 5.32: CONA assay of d. AB-P3 peptide; e. AB-P4 peptide, f. AB-P5 peptide g. AB-P6
peptide. The assays were performed by Dr Nhan Pham, University

with the beads. Thus the observed fluorescence results from an aggregation of the peptide
at the surface of the beads, and it is unlikely that the peptides have an affinity with the spike
protein.
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Figure 5.33: CONA assay of h. AB-P7 peptide ; i. AB-P8 peptide, j. AB-P9 The assays were
performed by Dr Nhan Pham, University

Figure 5.34: a. CONA assays for a. and d. AB-P6, b. and e. AB-P8, c. and f. AB-P7. a. b. c.
assays in presence of Spike protein ; d. e. f. Negative control without spike protein ; The assays were
performed by Dr Nhan Pham, University of Edinburgh.
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Peptides designed to bind the HR2 region

The HR2-P1 and HR2-P2 peptides were tested using the CONA assay. The HR2-P1 peptide
was not found to have any affinity for the spike protein as no fluorescence was observed. In
contrast, a bright ring was observed for the HR2-P2 peptide. The ring was found to be contin-
uous, and the intensity profile of was found to be closer to the expected intensity of a binder.
However, during the CONA assay, some peptide aggregation was observed in the background
(Figure 5.35). The peptides were designed to form a hexameric coiled-coil, so it is a viable
hypothesis that the peptides were assembling into coiled-coil in the assay without binding to
the spike protein. A negative control was performed, using a Ni-NTA bead carrying no spike
protein. Some intensity was observed in the negative control, however the intensity was lower
than the intensity observed in the assay using the spike protein bound to the beads. While
a weak binding of the peptide HR2-P2 could not totally be ruled out, it was acknowledged
that most of the fluorescence observed was caused by aggregation of the peptide (and possible
formation of coil systems) and non-specific affinity of the peptide for the agarose Ni-NTA
beads.

Figure 5.35: CONA assay using the HR2-P1 and HR2-P2 peptides. The assays were performed by
Dr Nhan Pham, University of Edinburgh.

5.8 Conclusion
Fluorescent stapled-peptides have the potential to offer a complementary tool for early detec-
tion of COVID-19, with multiple applications to be developed. We conducted a study of an
all-atom molecular dynamics simulation of the glycosylated spike protein. As sugars act as a
protective shield against antigens, the analysis of these preliminary simulations permitted us
to focus on “weak spots” in this shield to design our peptides.
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We developed innovative approaches for the design of stapled peptides that were orthog-
onal to other approaches as part of the worldwide efforts of the scientific community led
worldwide in the fight against COVID-19. Force-fields for the peptide staple restraints were
used successfully to design a series of hydrocarbon-constrained fluorescent stapled peptides.
Three series of peptides were modelled (ACE-2 based, antibody-based and stalk-based) and
fluorophore and staple positions optimised computationally. Our aim was the development of
a library of fluorescent, stapled peptides that would bind selectively to the SARS-CoV-2 virus
spike protein to enable detection of the virus in a range of biomedical and clinical settings. To
achieve this, we maximised our use of pre-publication data on the spike protein, exchanged
data with colleagues across the world, and used protein samples from consortia such as the
COVID-19 Protein Production Consortium (CPPC).

Our initial approach to stapled peptide design was based on reports of medium-length
linear peptides derived from ACE2, which demonstrated micromolar affinity binding to the
SARS-CoV-2 RBD. Stapled helices based on this sequence were computed using our in-
house approach, which allowed point mutations in the sequence and variations in the staple
and fluorophore position to be screened in-silico. In a second approach, we built a structural
database of antibodies known to bind to the spike protein; we aligned the spike-binding region
for each crystal structure and then extracted the antibody-binding side-chains. These side-
chains were incorporated into helical peptides, scanned to find those that reproduced the key
interactions. In the third approach to stapled peptide design, we exploited an exposed surface
on the HR2 stalk domain of the spike protein, which our initial simulations had revealed. We
designed peptides that would bind this trimeric coil to form a hexamer, similar to that observed
in post-fusion structures of the spike protein. For each approach, stapled peptides were scored
using MD simulations of binding to the glycosylated spike protein model, and their relative
rankings were used to determine which peptides were synthesised.

A total of 14 stapled peptides were synthesised commercially (Lifetein) based upon our
computational designs, and these were screened against the full-length SARS-CoV-2 spike
protein using the on-bead CONA assay developed in the Auer group laboratories. Antibody-
based and ACE2-based peptides showed either no discernible binding (KD > 500 mM), an
unusually high affinity for the agarose resin, or aggregation in solution with precipitation onto
the surface of the beads to give a false positive readout. Results recently published by the
Jamieson group (Glasgow University) also found a series of ACE-2 based peptides did not
bind to the spike protein.[302]

One stapled peptide that appeared to aggregate in solution nonetheless gave a positive
CONA assay result and could be adapted for further studies. Since the CONA assay proved
robust, sensitive and versatile, this would allow parameters such as peptide dilution, buffer
pH, additives etc., to be optimised to circumvent the aggregation issue. This would allow
to determine whether we have indeed generated a spike-protein specific, fluorescent, stapled
peptide probe that might enable detection of the SARS-CoV-2 virus in a range of biomedical
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and clinical settings.
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5.9 Methods

5.9.1 Full length spike protein simulations
Simulations were ran on different hardware. Computing time were allocated by amazon to run
on AWS, compute time was also allocated by DiRAC and CCP/HECBioSim for this project.

Protein models

Two different models of the spike protein were used.[382, 415] The first model was a ’closed’
model, containing the three RBD in the down positions, the model of the protein atoms was
used directly from the model. The second model was an ’open’ model, with one of the sub-unit
in up position, the model was subsequently modified: The spike protein Cryo-EM structures
did not resolve the 452-492 region in the open (6VYB) or the closed state (6VXX). These
regions were not included in the PDBs in any of the chains. The conformation of the loop
452-492 is in a coil in this model. However, in many crystal structures of the RBD region
(6M0J, 6VW1, 7B3O...), this loop is a β -sheet. In the Figure 5.36 the Amaro model is in
orange and the RBD in complex with ACE2 6M17 is shown in purple. The Figure depicts the
ACE binding interface seen from top.

Figure 5.36: Alignment of the crystal structure 6M0J with thePDB ID 6M17

Furthermore, in the electron density map of the cryo-EM structure used to produce that
initial model, with little to none cryo-Em electron density in this loop, as seen in figure 5.37.
Thus the crystal structure 6M0J was ’grafted’ into the open model. First a 6M0J refined
structure[383] was aligned with the RBD sub-unit in themodel. Residues Cys336 and Cys525,
were chosen to link both structure as these residues carbon alpha had a RMSD below 2 Å.
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Figure 5.37: CryoEM Electron density of the structure (orange), overlayed with the electron density

Both cysteine residues forms dissulfides bonds; residues Cys336 forms a dissulfide bond with
Cys361 while Cys525 forms a dis-sulfide bond with Cys391.

Glycolsylation of the spike protein

The spike protein model was provided using the CHARMM forcefield and offered the sug-
ars already built and parameterised. However, using the amber forcefield in our simulation,
the GLYCAM forcefield is the glycosylation forcefield the most compatible with the protein
forcefield. Sugar monomers are following a different nomenclature in these forcefields; the
sugar were rebuilt from scratch. A consensus in the sugar composition was found between
Grant et al. [336] and Watanabe et al. [337] MS sugar characterisation and is been reported
in Table 5.12

The sugar composition used in our simulations does not differ much from the one found
in Amaro’s group model. The sugars were built using the doglycan tool, and the protein was
parameterised using AMBER12, GLYCAMFF, and TIP3P was used as a water model. Sim-
ulations were run using the GPU build of GROMACS2020

The post-translational glycosylation modification was incorporated into the model.

Simulations

All simulations were performedwithGROMACS16. TheAMBER16 forcefield and theGLY-
CAM forcefield were used to parametrise the full-length spike glycoprotein models. A first
non-solvated steepest descent method was used to minimise the system. The system was then
solvated with TIP3P water molecules (241436 water molecules) and neutralised with 0.3 M
NaCl salt.(1402 Na+, 1366 Cl-). GROMACS16 was used to conduct the simulations.[416]
Stepwise minimisation and equilibration were conducted using barostat with a time constant
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Table 5.12: Sugar composition used in the spike protein model
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of 5 ps. A real-space cut-off of 1.2 nm was utilised to calculate the electrostatic interactions,
while the Van der Waals interactions were truncated at 1.2 nm and the force switch smooth-
ing function applied between 1.0 to 1.2 nm. During the equilibration, the temperature of the
system was gradually increased to 290 K over 500 ps, constrained all covalent bonds with
hydrogen atoms, and an integration time step of 1 fs was used. The integration step was then
raised to 2 fs for a further 200 ps equilibration. For both equilibration stages, the LINCS
algorithm was used to maintain the temperature. For the production stage, the smooth parti-
cle mesh Ewald (PME) method and V-rescale thermostat with a time constant of 1 ps A 2-fs
integration time step was employed during this run. After equilibration, 200 ns production
while the Parrinello-Rahman barostat with a time constant of 5 ps was used to maintain the
pressure. Additional 2000 J/nm2 harmonic restraint were applied on the alpha carbon of the
10 residues of the TM.

5.9.2 Trajectory analysis

Protein and sugar structural properties were analysed using GROMACS, VMD and MDtraj
tools. First the trajectories were aligned and water molecules were removed. using the GRO-
MACS trjconv. The trajectories were visualised using VMD. Solvent-accessible surface area
(SASA) was calculated using VMD with a probe radius of 1.4 Å, in 5 ns snapshot intervals.
Multiple regions were chosen for SASA calculation: RBM (residues 440–508), NTD (residues
13–310) and HR2 (residues 1164 to 1213) As well as the full S1 domain (residues 1 to 685)
and S2 (residues 685 to 1220)

The angle between the head and the tail of the spike protein was determined as the angle
between the center of mass of the ’head’ (residues 1 to 1050), the center of mass of the
residues at the base of the head residues 1090 to 1120) and the center of mass of residues at
the extremity of the modelled TM region (1010 to 1020), and was computed using MDtraj.

5.9.3 MD simulation setup stapled peptides

The use of unnatural amino acids and DYE prevented the use of multiple tools aimed at
peptide/protein modelling, which could not cope with unnatural amino acids. For example
scwrl4 does not support uAAs and removes unknown residues from the initial structure (other
programs fail). In-house scripts to parse PBD and relying on scwrl4 and tleap were used.

These scripts automated our workflow and can be found on github.

ACE2-derived peptides

The glycosylation site 234 was modelled with (see Table 5.12). The PDB structure 6MOJ was
used for the simulations.
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Ab-like mimics peptides

The glycosylation site 234 was modelled (see Table 5.12). Different RBD models were used
(6YZ7, 7BYR, 6Z2M, 6ZCZ, 7C8W, 7C8W, 7C01). Themodels were chosen upon the struc-
ture of which the side-chains were extracted from. All models were truncated from residues
335 and 525 so they had the same number of residues.

HR2 targeting peptides

Models were built using building as follows : Radii of both the inner and outer trimers were
optimised: the radius distance for the inner trimer was initialised to 6.2 Å and left to vary at
± 3 Å during optimisation and the outer trimer was initialised at 13 Å and left to vary at ± 6
Å. The zshift of the outer trimer was left to vary at 4.1 Å. The pitch was optimised between
230 ± 100.

The glycosylation sites 1175 and 1194 were modelled (see Table 5.12). During the sim-
ulation of the HR2 domain restrains of 20000 kcal.nm−1 were imposed on the 10 first Cα
atoms of the C-terminus (residues 1130-1140) and on the 10 last Cα atoms of the N-terminus
(residues 1450-1460)

Simulations

In-silico screening of fluorescent stapled peptides required us to combine four differ-
ent forcefields: the general Amber forcefield (AMBER14SB);[417] the GLYCAM06
sugar forcefield;[418] the AMBER-DYES forcefield;[251] and our in-house stapled-peptide
residues forcefield (Chapter 3). The AMBER forcefields files were subsequently modified,
and some residue names were modified to avoid redundant residues names.

The models were solvated using a TIP3P water model with a 10 Å around the solute.
Counterions were added to the solvent to keep the system neutral. GROMACS20 was used to
carry out the simulations. The geometry of the system was minimised in two steps before MD
simulation was ran. First, the water molecules were refined through 2500 steps of steepest
descent followed by 2500 steps of the conjugate gradient, keeping the protein fixed with a
constraint of 2.0 kcal.mol1.Å−2. The complexes were then relaxed by 5000 cycles of conjugate
gradient minimization. During the simulation, the particle mesh Ewald method was employed
to calculate the long-range electrostatic interactions, while the SHAKE method was applied
to constrain all covalent bonds involving hydrogen atoms to allow the time step of 2 fs. A 10
Å cutoff value was used for the non-bonded interactions. The whole system was then heated
from 0 K to 300 K running 50 ps molecular dynamics simulation with position restraints
at constant volume. An isothermal isobaric ensemble (NPT) simulation was performed for
500 ps to adjust the solvent density followed by 500 ps of constant pressure equilibration at
300 K without constraints to relax the system. The production dynamics at constant pressure

153



154 5. Development of Stapled Peptides for the Detection of SARS-CoV-2

achieved lengths of 200 ns of which snapshots saved at 10 ps intervals were used for further
analysis.

5.9.4 Trajectory analysis
The RMSD of the backbone, the RMSD of the side-chains the RMSF of the peptide Cα were
calculated using MDAnalysis.[419] The helicity was calculated using the DSSP module of
MDtraj[420] by counting the helical assignment of the residues of the peptide and averaging
by the number of residues (removing one residues at the C-terminus and N-terminus). The
number of number of hydrophobic interactions was defined as the carbon-carbon distance
below 4 Å and limited to one between each receptor-peptide pair. The number of hydrogen
bonds was calculated with MDtraj. The number of conserved interactions was calculated as
interactions (either polar either hydrophobic) conserved for 80 % of 20 snapshot spaced by
50 ps.

PCA was achieved using Scikit-learn software,[421] using every descriptors calculated
coordinates as input dimensions.
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6
Development of Stapled Peptides Binding

IL-1R

6.1 Cytokines and Chronic inflammatory response

Inflammatory responses serve to protect the host from infections after an injury occurs. In-
flammation is characterised in the acute phase by an increased blood flow and vascular per-
meability along with the accumulation of fluid, leukocytes, and expression of inflammatory
mediators such as cytokines.[422] Chronic or excess inflammation, lasts longer than the acute
phase (months or sometimes years), and can lead to tissue dysfunction, in turn contributing
to a multitude of chronic diseases such as cancer, dementia, fibromyalgia, diabetes, heart dis-
ease, stroke, liver problems, autoimmune disease such as thyroid disorder, multiple sclerosis,
and rheumatoid arthritis.[423]

The acute and chronic phases of the inflammatory response are characterised by the devel-
opment of specific cellular immune messengers. Many soluble mediators regulate the activa-
tion of cells in the injured tissue (fibroblasts, endothelial cells, tissue macrophages, and mast
cells) and recruit new specialised cells linked with the inflammatory response (neutrophils,
monocytes, lymphocytes and eosinophils). The systemic symptoms of the inflammatory pro-
cess (hypotension, fever, leukocytosis, cachexia) are the result of these mediators. Most cy-
tokines are multifunctional and are involved in extensive networks involving both synergistic
and antagonistic interactions and exhibiting both negative and positive regulatory effects on
various target cells. Their effects can be elicited locally or systemically in an autocrine or
paracrine manner.[423]

IL-1, TNF-α , GM-CSF, IL-6, IL-11, IL-17 and other cytokines are among the pro-
teins involved in the inflammatory response in both the acute and the chronic phase of
inflammation.[423] Figure 6.1 summarises the principal cytokines implicated in the inflam-
matory response, as well as the intracellular pathways. Some of these proteins are of interest
for the treatment of numerous diseases related to an over-regulation of the inflammatory sys-
tem. In particular TNF-α , and IL-1, have elicited interest as they are central and extremely
potent inflammatory mediators.[424, 425] Indeed, they are central cytokines mediating acute
inflammation, and also two of the primary mediators of septic shock.[426, 427] In this work,
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peptides were designed to inhibit the IL-1 pathway by binding to the IL-1 receptor.

Figure 6.1: Principal cytokines implicated in the inflammatory and cellular responses. The major
cytokine families are represented: the type I/II cytokines, the Tumour Necrosis Factor family, the IL-
1 family, the IL-17 cytokines, various growth factors/ cytokines/ hormones binding to the stem cell
factor/receptor tyrosine kinase (STF/RTK) receptors, the transforming growth factor (TGF)-β family
cytokines, and chemokines. When a cytosine binds to its cognate receptor, the receptor becomes
activated, recruiting different pathways, leading the transcription of new proteins in the nucleus. Figure
reproduced and modified with permission from Springer Nature, license number 5173020625236.
Original authors: Schwartz et al[428].

6.1.1 IL-1R1 implications in the inflammatory response
IL-1R is a transmembrane protein which is part of the IL-1 pathway. It is a cytokine receptor
which binds interleukin 1 α and interleukin 1 β (IL-1α and IL-1β ). This binding, in turn
activates the Toll pathway.[422, 429] At least ten forms of the IL-1R1 receptor have been
discovered and are numbered by their chronological characterisation. In this section, only the
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Figure 6.2: IL-1R1 activation and inhibition pathways. a. Action of agonist ligands of IL-1R: When
binding with IL-1R, dimerisation of the receptor occurs, leading to the binding of the MyD88 TIR
domain with the TIR domain of IL-1R1 and to the downstream activation of the NF-κB pathway.
b. When an antagonist binds to IL-1R1 dimerisation with IL-1R3 does not occur and no signal is
transduced. c. When IL-1α or β binds to IL-1R2, no signal is transduced as IL-1R2 does not contain
a TIR domain.

role of type 1, 2 and 3 receptors will be discussed as the other types are not implicated in
IL-1α and IL-1β signal transduction.[430] The type I receptor (IL-1R1, or IL-1R) is a pro-
inflammatory receptor and binds to interleukin-1 α and β (IL-1α and IL-1β ). The functional
domain of the cytosolic component of IL-1R1 is termed the Toll interleukin-1 receptor (TIR)
domain and is involved in mediating interactions with cytosolic proteins. TIR domains are also
present in cytosolic adaptor molecules acting downstream of these receptors and recognition
of TIR domains leads to signal transduction. The activation of IL-1R1, upon binding with
IL-1α (or β ), leads to the stabilisation of a heterodimeric form of the receptor with IL-1R3.
IL-1R3 is an accessory protein and is also called interleukin-1 receptor accessory protein (IL-
1-RAP). IL-1R3 contains a TIR domain but does not bind to IL-1α (or β ). Only when this
dimer is formed will the signal be transduced (Figure 6.2.a).

The type 2 receptor (IL-1R2) acts by tempering the inflammatory response by competing
for IL-1 β binding (Figure 6.2.c). The type 2 receptor closely resembles the type 1 receptor
in the d1/d2/d3 domains but does not contain a TIR domain. Consequently, the signal is abro-
gated upon binding with IL-1-α . The IL-1 receptor antagonist (IL-1Ra) is a known antagonist
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which selectively binds to IL-1R1, and inhibits the formation of the dimer with IL-1R3 (Fig-
ure 6.2.b). IL-1R1 binds IL-1α , IL-1β and IL-1Ra. IL-1R1 has a higher affinity for IL-1β
(Kdissociation = 2.08 nM) than for IL-1α (Kdissociation= 28.5 nM) or IL-1Ra (Kdissociation = 41.6
nM) [431]

While naturally occurring receptor antagonists (such as IL-1Ra) work well at abrogating
IL-1 signaling, an early goal of the field was to discover lower molecular weight antagonists to
IL-1R1 that could be delivered orally.

6.1.2 IL-1R1 structural characteristics and interactions

Structurally, IL-1R1 is composed of an ectodomain which extends in the extracellular space, a
trans-membrane domain and an intracellular domain. The ectodomain of IL-1R1 is composed
of 3 subunits, which are referred to as d1, d2 and d3. Several crystal structures of the IL-1R1
ectodomain bound to different partners have been published in the PDB data bank. These
structures describe the ectodomain only.

• in crystal structure 1ITB, the type-1 interleukin receptor is complexed with interleukin
β .

• in crystal structure 4DEP, the type-1 interleukin receptor forms the signaling complex
by a dimerisation with IL-1-R3, after binding to IL-1β .

• in crystal structure 1IRA, the type-1 interleukin receptor is complexed with IL-1Ra.

• in crystal structure 1G0Y, the type-1 interleukin receptor is complexed with the peptide
inhibitor AF10847.

• in crystal structure 4GAF, EBI-005, a chimera of human IL-1β and IL-1Ra forms a
complex with the type-1 interleukin receptor.

In the IL-1/IL-1R1 complex, IL-1R1 adopts a conformation where the d1 and d2 subunits
are tightly packed against each other and, together, form the main binding interface (PDB
1ITB and Figure 6.3.a). A flexible 6 amino acid linker connects d3 to d2, giving d3 some
mobility to fold towards d1 and d2, thus forming a ’closed’ conformation of the receptor. The
crystal structure also shows d3 in contact with IL-1β forming a second interface (Figure 6.3.a).
IL-1β and IL-1R1 share a contact area of 1755 Å over 47 residues. In the larger interface
with the d1/d2 domain, IL-1β has a contact surface area of approximately 900 Å2 over 24
amino acids with the d1 domain and the d2 domain. In the d3 domain of the receptor, 16
amino acids contribute to the binding. These PPIs are highlighted in Figure 6.4.a.
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Figure 6.3: Binding modes of the ectodomain of IL-1R1 with a. IL-1β (Crystal structure 1ITB) and
b. IL-1β and IL-1R3 (Crystal structure 4DEP)

Figure 6.4: PPIs between IL-1R1, IL-1β and IL-1R3 (Crystal structure 4DEP and 1ITB) a. The 3 PPI
between IL-1β and IL-1R(1) b. The PPI between IL-1R3 and IL-1R1 and the PPI between IL-1R3
and IL-1β

A crystal structure of the dimeric receptor complex (4DEP) shows two additional interac-
tions: one between the d3 domains of both receptors, and a second one between the IL-1R3
d2 subunit and IL-1β (Figures 6.3.b and 6.4.b). The formation of the binary receptor com-
plex is a key step in the initiation of a functioning signaling complex.[432, 433] The binary
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complex is believed to provide a scaffold for the recruitment of cytosolic adaptor proteins
through TIR-domain interactions inside the cell, with dimerisation of the TIR domain of the
receptor to the TIR domain of the adaptor molecules.[434]

Figure 6.5: a. Conformational changes in the d3 domains of IL-1R upon binding with a. IL-1β vs
b. the AF10847 21-mer peptide. (Crystal structures 1ITB (a.) and 1G0Y (b.)). In the peptide bound
structure, the d3 subunit ’clamps’ the peptide

Besides IL-1β , IL-1α and IL-1Ra, the IL-1R1 receptor has been crystallised with a pep-
tide inhibitor, AF10847. The crystal structure, shown in Figure 6.3.b., reveals a large con-
formational change in the d3 domain of IL-1R. The d3 domain swings by 160◦ away from
the position it would occupy when binding IL-1β , and instead wraps around the helical motif
of the peptide entirely. Importantly, this change of conformation makes the dimerisation of
IL-1R1 with IL-1R3 impossible, hence stopping the signal transduction. The surface area
shared by the peptide and IL-1R1 is 1364.0 Å, as calculated with PISA.[313] Comparing the
structures of IL-1R1 bound to Il-1β and bound to AF10847 (Figure 6.3) clearly demonstrates
the flexibility of the d3 domain with respect to the d1/d2 domains.

To summarise, the basic mechanism of signal initiation is a stepwise process. (see Fig-
ure 6.2) Firstly an agonist cytokine (IL-1 α or β ) binds its cognate receptor. Secondly, this
cytokine-receptor complex recruits a secondary receptor forming a dimeric receptor. Finally,
the Toll/IL-1 Receptor (TIR) domains of the two receptors are brought into close proximity,
initiating an NF-κB signal transduction cascade within the cell. Inhibitors, such as IL-1Ra
and AF100847, bind to IL-1R1 and block the dimerisation of the receptor and further signal
transduction.
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6.2 Peptide design Strategy
In this work, the aim was to design stapled peptides, based on the peptide AF10847, for
binding to IL-1R. This might offer a better bio-availability than the lead peptide, together
with a higher - or at least similar - binding affinity.

Figure 6.6: Sequence of the 21-mer peptide AF10847 (Crystal structure 1G0Y) and staple positions
considered a. staple positions on the 21-mer sequence, b. staple positions in context of the crystal
structure (yellow position 1, orange position 2 and green position 3).

In the crystal structure 1G0Y (IL-1R1 complexed with AF10847), residues 6 to 13 at
the centre of the peptide form the only helical segment (Figure 6.6). At the N-terminus, six
amino acids form a coiled conformation with no strong interaction to the receptor. Only a
weak interaction with Phe4 is observable. The backbone between residues 13 and 15 of the
peptide forms an anti-parallel β sheet with the receptor, forming a hydrogen bond between
the two backbones. Generally backbone interactions provide more stability as they bind more
rigid parts of the protein. The residue Tyr13 of the peptide also forms an hydrophobic inter-
action, fitting in a small pocket of the receptor. These observations indicate that this segment
and structure is important for the binding. At the C-terminus, six amino-acids form a coil,
interacting with the protein.

One of the strategies for the placement of the staple was to interfere the least with the
binding conformation of the 21-mer peptide AF10847. The helical segment being only 7
amino acids long drastically restricts the number of possibilities for the placement of a staple.
Considering that staple positions enhancing helical content are found with a i, i+4 spacing or
i, i+7 spacing, choices were limited. Staples geometries requiring a i, i+7 spacing were elimi-
nated, as the helical segment of the peptide is too short to accommodate this staple geometry.
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Furthermore, inserting a staple between Tyr5 and Ser9 was found to introduce large clashes
with IL-1R, and no viable model could be produced. Only three positions were therefore con-
sidered, and these are highlighted in Figure 6.6. The first stapling position is between residues
Trp6 and Asn10, the second between residues Glu7 and Ala11 and the third between residues
Glu8 and Tyr12. All three positions have strengths and weaknesses. For conservation of the
initial charge, the staple in position 1 yields the same net charge as the native peptide, -3, as
no charged residue is removed. The isoelectric point is also unchanged at 0.68. A staple in
position 2 or 3 removes a negative residue (Glutamine in both cases), reducing the net charge
of the peptide to -2. The isoelectric point would be shifted to 0.76 for both positions.

Having in mind conservation of the initial binding position, introducing a staple at position
2 or 3 does not remove any strong interactions, unlike position 1, where the mutation of Trp5
might remove some interactions with d2. In terms of peptide conformation, a staple in posi-
tion 3 might induce helicity in residues adjacent to Tyr12, which might disturb the β -sheet
conformation and interaction of residues Tyr13 and Trp14 observed in the crystal structure
of the 21-mer, which might be detrimental overall. Position 2 is the only position which does
not remove any aromatic amino-acids, which generally induce helicity in the sequence. On
the other hand, a staple should counteract the loss of helicity and some of the added staples
are lipophilic, also balancing the loss of lipophilic residues. Thus from these preliminary
observations and considerations none of these three positions presents a clear advantage or
disadvantage over the others.

Three commonly used staple chemistries have been used for the staples in our studies:
Grubbs ring closing metathesis using S and R pentenyl-alanine; cysteine cross-linked staples
which refers to the formation of thioether bridges via a covalent linkage between Cys and
α-bromo amide side chains, using para and meta bromo methyl xylene; and ’click’ peptides
using alkyne-bearing side chain (proparglycine) and an azidolysine for macrocyclization by
Cu(I)-catalyzed azide–alkyne cyclo-addition (CUACC). These staple chemistries were chosen
because of the availability of the startingmaterials as well as the existence of robust procedures
to synthesise them. The different sequences tested in the molecular dynamic models are listed
in Table 6.1.
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Table 6.1: Peptide sequences modelled in this study, and their respective charges, isoelectric points and
percentage of hydrophobic residues. Isoelectric points were calculated using the pepCalc server.[435]
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6.3 Model validation through molecular dynamics
Peptides were simulated in complex with the IL-1R1 using two models. One model, which
will be referred to as the ’full length model’, comprises the d1/d2 and d3 subunits of IL-
1R1 (Figure 6.7.a). A second model, which will be referred to as the ’truncated model’, only
contains the d1 and d2 subunits (Figure 6.7.b). Two considerations motivated the use of this
truncated model where the d3 domain is removed. The first consideration was that for most of
the simulation, the binding interactions were found to take place with the d1 and d2 domains
in the crystal structure. The second consideration was that the d3 domain is known to display
some conformational heterogeneity, thus it is not clear if d3 is always in a closed conformation
when binding to the peptide. Furthermore the truncated model might actually be closer to the
state of the receptor while binding to the peptide: in our hypothesis the binding of the peptide
is a two-step process where the peptide first binds to the d1/d2 domain, followed by closure
of the d3 domain.

Molecular dynamic simulations were used to confirm some of the preliminary consid-
erations. Starting with the observation of simulations with the full length protein model in
complex with the non-stapled peptide, only small conformational changes were observed in
3 consecutive runs of the molecular dynamic simulations. Some moderate backbone move-
ments were observed in the receptor in the loop 22-28 and the loop 123-132, which form
a ’gateway’ in the cavity formed by the 3 three subunits. Some flexibility was also observed
in the backbone atoms of the receptor in the 116 to 201 segment, which corresponds to the
linker between d2 and d3, but no conformational change in the d3 domain was observed. The
center of mass of d3 was not found to vary significantly within the 500 ns long simulations,
and no conformational change was observed in this region during the 500 ns simulation time.

In term of interactions, the peptide Tyr13 maintained its interaction during simulations as
expected. The N-terminus of the peptide was the region with the most flexibility and did not
display strong interactions with the receptor. Only weak interactions between the peptide and
the d3 domain were observed. When comparing the full model (d1/d2/d3) with the truncated
model (d1/d2), the unstapled peptide adopted a very stable conformation in both models:
only after a certain time (over 250 ns more) the N-terminal segment started showing more
flexibility, while the helical segment of the peptide conserved its secondary structure and
remained in a very stable binding position in the simulations.

Moving on to the simulations of stapled peptides in complex with the full length model,
most of the designs did not lead to any drastic unfolding of IL-1R, meaning that generally
the staple did not add any particular instabilities in the complexes. Also, binding conforma-
tions were conserved for almost all peptides, thus validating the hypothesis that the stapled
peptides can interact with the receptor similarly to the initial unstapled peptide. Mutation of
the residues to stapled residues were found to produce visually relatively stable simulations,
especially in the central helical region of the peptide. In Figure 6.8.a and b the RCM peptide
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Figure 6.7: a. ’full length model ’ (d1/d2/d3) ;b. ’truncated model ’ (d1/d2) The peptide adopts the
same binding pose in both models

is given as an example of a simulation for a staple with low movement observed after 250 ns.
In most cases the staples were not found to directly interact with the receptor. Prior to

the simulations, Tyr6 was identified to contribute strongly to the binding, thus concerns were
raisedwhen adding the staple in position 1 (replacing the residue Tyr6). However, we observed
that modification of this amino acid to a staple residue did not result in a weaker binding for
all staples. For instance, simulations of the peptides with the ring closing metathesis staple in
this position did not show any interaction of the staple with the receptor and conserved their
binding mode. They were found to be relatively stable during the simulations. However, the
peptide CLICK-2-1 containing a triazole ring, and the peptide CYS-P-1 with a xylene staple
adopted different conformations which led the stapled residues to interact with the protein and
the peptide to partially unfold (Figure 6.8.e and f). Using a meta xylene instead of para xylene,
or inversion of the staple residues in the CLICK-1-1 peptide (azidolysine-6 proparglycine-10)
did not introduce the same change of conformation. Stapled peptides carrying a meta-xylene
staple and other stapled peptides with click chemistry did not display a loss of helicity in
other designs (Figure 6.8.c and d). In positions 2 and 3 no specific interactions were found
between the staple and the protein. Thus, interactions between the staple and the protein were
mostly found to be detrimental to the binding of the peptides, as they changed the binding
pose of the peptide. Undesirable variations in the peptide orientation were also observed. For
example, the peptide CLICK-3-1 seemed to adopt a conformation slightly rotated from the
initial binding pose (Figure 6.8.g).
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Figure 6.8: All snapshots have been taken after 250 ns of a 500 ns simulation. The distortion of
peptides CYS-M-1 and CLICK-2-1 is marked with a red arrow. The change of orientation of peptide
CLICK-3-1 is highlighted with a curved arrow.
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6.3.1 Trajectory analysis using trajectory quantitative values

The primary visual inspection of the simulations, gave us some insight into the stability of the
peptides. More in-depth and quantitative analyses were performed in an attempt to quantify
the binding strength of the peptides in the simulations. The distance variations between the
center of mass of the peptide sequences and the center of mass of IL-1R1 suggested that all
peptides were reasonable binders, as no distance variation superior to 10 Å was observed for
any of the peptides, for both models.

Even if a binding energy cannot be deduced from the observation of a MD simulation,
MD simulations provide a wealth of information on the stability of the interactions. Anal-
ysis of the dynamics of the peptide, as well as the conservation of its interactions provide a
good indication of the strength of its binding. The stability of the peptide interactions can be
quantified through trajectory analysis with descriptors such as Root Mean Squared Deviation
(RMSD), Root Mean Squared Fluctuation (RMSF), radius of gyration (Rg) and conservation
of helicity as measured with the Dictionary of Secondary Structure of Proteins (DSSP) as-
signment method. A series of simulation descriptors were thus computed and gave access to
the binding dynamics of the different peptides.

Small backbone RMSD values relative to the starting structures correspond to small con-
formational changes of the peptide. Both the RMSD of the peptide backbone to the crystal
structure and the RMSD of the side chains involved in key interactions were computed. Most
significantly, large differences in RMSD among 3 consecutive runs (greater than 3 times the
standard deviation) were only observed for a few simulations (3 sets in the d1/d2/d3 model and
only 1 in the d1/d2 model), meaning that simulations generally gave reproducible outcomes.
Discrepancies observed in consecutive runs can be a sign of weaker peptide binding. Indeed,
a larger sampling allows to identify unfavourable conformations, as simulations will diverge
from the initial structure. This could also imply a poorer initial model for these simulations,
as starting from a higher energy conformation can lead to diverging simulations. Adding a
staple generally introduces bonds with high energy in the building phase, which need to be
relaxed before MD. Sometimes, the readjustment of out of equilibrium parameters can force
greater conformational changes, which are irreversible in the duration of the simulation.

The RMSD was used to estimate the conservation of the binding pose. As an example the
unstapled peptide trajectory showed a gradual rise of its RMSD to 5 Å with a plateau effect.
The peptide RCM-RS-1 has a significant difference in final RMSD values when compared
to the unstapled peptide (respectively 17 and 5 Å, see Figure 6.9), meaning that RCM-RS-1
settles in a somewhat different binding pose compared to the unstapled 21-mer in the crystal
structure. For each peptide, the RMSD variations for the backbone between three simulation
runs were found to be consistent with each other, with variations between replicate simulations
less than 3 times the standard variation in the first MD run.

The RMSF showed that the head (residues 1-4) and tail (residues 17-21) of the peptides
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were more flexible than the helical core (residues 5-12), which was to be expected from the
visualisation of the simulated system trajectories. RMSF values reflected the fact that the
peptide termini were binding less tightly than the helical core of the peptide (Figure 6.9).

Figure 6.9: RMSD values, RMSF values and radius of gyration during 500 ns simulation for the
unstapled peptide, CLICK-1-2 peptide and 2 unstable peptides, CLICK-2-1 and RCM-RS-1.

The helicity of peptides was calculated by averaging the helicity of all residues over the
trajectory. When comparing the helicity of the stapled peptides with the 21-mer, similar
helical content ranges were obtained. However, the helical propensity of a peptide obtained in
a bound state, in a MD simulation cannot be linked directly to their helical content in solution.
Overall, the helical content in the bound conformation was unaffected by the presence of a
staple as the helicity content was already high in the unstapled peptide and remained mostly
high in the simulations. However, some discrepancies were observed when comparing the
helical propensities obtained in the d1/d2/d3model with the ones obtained in the d1/d2model.
The helicity of the unstapled peptide was found to be 64 % for the d1/d2/d3 model and the
average helicity for the 18 stapled peptides was found to be 61 %. CYS-M-2 had the lowest
helicity of 55 %. For the truncated model simulation the helicity was found to be higher than

168



6.3 Model validation through molecular dynamics 169

for the full model, with 73 % helicity for the unstapled peptide. The peptide RCM-RS-3 was
found to have the highest helicity with an overall helicity of 83%. Lower values of helicity,
especially for the full model, might be caused by the initial clashes with the receptor when the
bulky staple residues are added. This moves the peptide from its initial conformation, which
can perturb the helical composition. Also, staples can sometimes induce a slightly imperfect
α-helix, which is not always captured by the DSSP method.

The radius of gyration (Rg) is defined as the radial distance of the center of mass to a
fixed point. It is a indicator of the spread of the centers of mass of a molecule. The values
of the Rg are not significant for our case use, only the deviations have to be considered. In
the MD trajectories for the 18 stapled peptides, a deviation of +/- 1.5 nm in the Rg was
linked to a change in the peptide orientation. Importantly, this was not always captured by
the RMSD descriptor. To take an example, in CLICK-2-1 simulations where the helical core
was observed to deviate from its initial position, the backbone RMSD of the peptide was
found to be relatively similar to the RMSD in the unstapled peptide simulation, (Figure 6.9).
However, in this case the radius of gyration showed some discrepancies compared to the
unstapled sequence, which reflects the rotation of the peptide. Thus, this observation is useful
when used in conjunction with the RMSD to pick up more subtle changes.

Hydrogen bonds, as well as a distance based of non-polar interactions, were also computed
to understand the link between these interactions and the stability of the peptide. However,
the number of interactions (hydrogen bonds and non-polar interactions) were not found to
vary significantly among the simulations or to give a hint of correlation with the stability of
the peptides. Most simulations scored 18 to 20 stable polar interactions, and generally these
values were repeatedly achieved for replica simulations. Therefore, these descriptors were
not found to be useful for ranking the peptides as there was almost no variation across the
peptides. The different numbers of interactions were found to reflect the staple position (e.g.
mutation of Trp4).

Using different MD descriptors and different IL-1R1 models yielded different peptide
scoring. Peptides with the lowest RMSD for the d1/d2 model were found to be the RCM-SS-
2, CYS-M-3 and the peptides with triazoles, namely CLICK-1-2, CLICK-1-3, CLICK-2-1,
CLICK-2-2, and CLICK-2-3. For the d1/d2/d3 model, RCM-RS-3, CLICK-1-1, CLICK-1-
2, CLICK-1-3 were found to be the peptides with the lowest RMSD. It was found that using
multiple descriptors instead of a single one gave more insight into the viability of the bind-
ing poses. Different performances for the two models were also observed, with the d1/d2/d3
model displaying more problems such as diverging replicates and loss of helicity of the stapled
peptides. This indicates that the truncated model may be better suited for this system.

In Table 6.2, the best ranked peptides for each MD descriptor are shown. Generally,
peptides with the staple in the third position were found to be more unstable, so these peptides
were expected to be lower affinity binders. Overall, peptides with the staple in position 2 were
found to be more stable and thus were expected to be better binders. Peptides with the staple
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Table 6.2: Peptide ranking according to their MD descriptors. Only the five best peptides for each
descriptor have been reported.

in the first position yielded more variability in their binding stability depending on the staple
chemistry. It is important to note that most stapled peptides did not outperform the unstapled
peptide during the MD simulation.

No particular type of chemistry was found to give a general advantage, with cysteine cross
linked peptides, RCM peptides and CLICK peptides reaching the top 5 of peptide ranking
with the lowest RMSD, RMSF and change in Rg in both the truncated and full length model
(see Table 6.2) CLICK peptides were found to produce peptides with a slightly higher helical
content for both models. We selected peptides giving consistent ranking in the truncated and
full model within the descriptors as well as certain peptides displaying unique characteristics
such as RCM-RS-3 with the highest helicity in our simulations.

The list of synthesised peptides is as follows: RCM-SS-1, RCM-SS-2, RCM-SS-3, RCM-
RS-3, CLICK-1-1, CLICK-1-2, CLICK-1-3, CLICK-2-1, CLICK-2-2, CYS-M-2, CYS-M-
1, CYS-P-1 and CYS-P-2. Their synthesis was outsourced to PeptideSynthetics (Fareham,
UK) during the pandemic and tested in a series of Bio-assays.

The binding energies were also computed usingMM/PBSA andMM/GBSA and the results
will be described in depth in section 6.5, where the values will be compared with experimental
data. However the ranking was also found to be dependent on the model (d1/d2 or d1/d2/d3)
and thus this energetic analysis was not directly used for the selection of the peptides. However
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their free binding energy was found to be in the same range or lower that of the unstapled
peptide, so a similar IC50 was expected.

6.4 Bio-assays

6.4.1 FRET assays

FRET assays principle

Figure 6.10: a. Transmission of the FRET signal: The terbium label is in proximity to the AF-647
fluorescent label and the signal is transmitted, then re-emited and detected. b. Inhibition of IL-1R: the
Terbium and AF-647 are too far apart for the energy to be transmitted c. Wavelengths emitted when
the Il-1α/IL-1R1/IL-1R3 complex is formed d. Wavelengths emitted when the complex is not formed.

In a FRET assay, a donor chromophore is excited at a specific wavelength. While coming
back to its low energy state, this chromophore transfers energy to an acceptor chromophore
through non-radiative dipole–dipole coupling. FRET is extremely sensitive to small changes
in distance as the efficiency of this energy transfer is inversely proportional to the sixth power
of the distance between donor and acceptor. Thus, measurements of FRET can be used to
determine if two fluorophores are within a certain distance of each other, and FRET is rou-
tinely applied to measure the binding of ligands to proteins. A simplified mechanism of the
FRET assay is shown in Figure 6.10. Competitive FRET assays were carried out for 13 of
the selected stapled peptides, as well as a positive control[436], to determine their IC50. Both
IL-1R3 and IL-1R1 were present in the assay. The IL-1R3 was labelled with a terbium chelate
and IL-1α was labelled with the Alexa Fluor643 (AF-643) fluorophore.

The assay measures the formation of the IL-1R1/IL-1R3 complex of the receptor upon
IL-1α binding. A homogeneous time-resolved fluorescence (HTRF) was used. HTRF relies
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on the slow emission of the lanthanides which are long-lived luminophores. It allows the mea-
surement to be time resolved, thus removing the interference from the faster emitting buffer
or medium components. Terbium chelates are a widely used as donors. In our assay Alexa-
Fluor-665 (AF-665) was used as acceptor. The intensities at the two emitting wavelengths,
i.e. 620 nm for the terbium emission and 665 nm for the AF-647 emission, are meaured. The
ratio of the intensities is calculated which normalises the difference of emitted wavelengths
between each well and removes interference.

FRET assays results

The dose response curve of the 12 peptides are reported in Figure 6.11.

Figure 6.11: Affinity vs log concentration obtained by FRET assay, a. for the Ring metathesis stapled
peptides, b. for the cysteine crossed-linked stapled peptides and c. for the CLICK stapled peptides

The positive control peptide was used as a positive control for the binding of the de novo
designed peptides. All peptides were found to be active with a 100 % inhibition below 1 mM,
indicating that all peptides were complete competitive inhibitors, except for the RCM-RS-3
which had only 89 % inhibition at the tested concentration of 1 mM. This lower inhibition
was attributed to the range of concentrations used in the assay rather than this peptide being
a partial inhibitor. The steepness of the slope is quantified by the Hill slope. A dose-response
curve with a standard response has a Hill slope of 1.0. The slopes of the curves for the inhi-
bition of IL-1R1 were all found to be between 0.5 and 1.5 which is a satisfactory range and
indicates a ”one peptide to one binding site” competitive binding.

The FRET assay was run 3 times independently and the IC50 values given in Table 6.3
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Table 6.3: Average of the IC₅₀ values obtained in 3 FRET assays (one assay was acquired inde-
pendently by Martin Domville, UCB) with upper and lower confidence limits. IC₅₀ values have been
colored for readability with the highest values in red and lowest values in green. kₒn, kₒff, KD obtained
by a Biacore-SPR assay ran by Dr Bruce Carrington at UCB are also reported.

are the averages of the 3 assays. Overall, peptides stapled using CLICK chemistry displayed
higher affinity than the other staple chemistry types. Only two peptides were found to have
an affinity superior to the 21-mer. CLICK-2-2 had a IC50 of 31 nM which is a 6 fold affinity
increase and CLICK-1-2 had a IC50 of 20 nM which is a 9.1 fold increase when compared
to the unstapled sequence. The IC50 of the CLICK-1-2 is comparable to the IC50 of the
positive control peptide. For CLICK-1-2 and CLICK-2-2 the addition of a staple had a pos-
itive contribution to the affinity of the peptide, when compared with the unstapled peptide.
The RCM-SS-2 had a similar IC50 when compared with the unstapled peptide (238 nM).
For the other peptides however, the affinity of the peptide decreased, and the staples seemed
to contribute slightly negatively (CLICK-1-1 and CLICK-1-3, CYS-P-2, CYS-P-3) or more
negatively (CLICK-2-1, CYS-P-2, RCM-SS-1, RCM-SS-3 and RCM-RS-3) to the binding.
However all the peptides remained competitive binders. The weakest binder is RCM-RS-3
with a 357-fold loss of affinity compared to the unstapled 21-mer peptide. Adding a staple in
position 2 generally resulted in peptides which were better binders than peptides with a staple
in position 1 and 3. KD values obtained from a SPR assay performed by Bruce Carrington at
UCB were in good agreement with the IC50 values obtained in the FRET assay.
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Figure 6.12: a. Cell assay method: After binding of IL-1α (or β) to IL-1R, the NF-κΒ pathway
is activated, releasing SEAP from the cell b. plate obtained with the cell assay: pink, low SEAP
concentration, blue: high SEAP concentration.

6.4.2 Cell assays

HEK-Blue™ TNF-α/IL-1β cells were used in this assay. They are commercially available
and routinely used for the detection of TNF-receptor and IL-1 receptor inhibitors. These cells
are engineered to detect the binding of TNF-α and IL-1α (and β ) by monitoring the activation
of the NF-κΒ pathway. (Figure 6.12) They were originally generated by stable transfection
of HEK-293 cells with a secreted embryonic alkaline phosphatase (SEAP) reporter gene and
sold by InvivoGen (San Diego, US).When the IL-1α binds to its receptor, the NF-κΒ pathway
is activated and SEAP is released (Figure 6.13). Secretion of SEAP by HEK-Blue™ TNF-
α/IL-1β cells is specifically induced by the binding of TNF-α and IL-1β (and α) to their
respective receptors. SEAP levels can be readily determined with QUANTI-Blue™, a reagent
that turns purple/blue in the presence of SEAP.

Firstly, none of the peptides was found to be toxic to the cells, by observing the cells
under the microscope after 2 h, 24 h, and 48 h of incubation. This was further confirmed
by a viability test using a Presto-Blue™ test, which uses resazurin. On entering live cells,
the cellular reducing environment reduces resazurin to resorufin, a compound that is red and
highly fluorescent. Viable cells continuously convert resazurin to resorufin, increasing the
overall fluorescence and color of the media surrounding the cells.

The competitive inhibition of IL-1R1 activation by IL-1α and IL-1β was tested at different
incubation times (2 h, 24 h, and 48 h) for the peptides. Similarly to the FRET assay, all
Hill slopes were found to be between 0.5 and 1.5, which indicates a one to one inhibitory
mechanism for the peptides.

The IC50 values of the peptides tested against IL-1α were within 1.7 fold of the IC50 values
of the peptides tested against IL-1β . Thus, the peptides were found to have a similar inhibitory
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effect on IL-1α and IL-1β . The IC50 of the peptides pre-incubated for 2 h were within 3 fold
of the IC50 pre-incubated for 24 h (presented in appendix) against cells stimulated with 8 pM
IL-1α . Thus, generally, the incubation time was not found to have a large impact on the IC50

of the peptides. One exception was CLICK-2-2, which showed an 4.5 fold increase in potency
following 24 h pre-incubation with the cells. Likewise, the IC50 values of the peptides pre-
incubated for 2h were within 3 fold of the IC50 values obtained after pre-incubation for 24h
with cells stimulated with 6 pM IL-1β . All peptides tested remained potent after 24 hours
incubation with cells, before the addition of IL-1α or IL-1β .

In Figure 6.13, peptide dose-response curves are shown for inhibition of IL-1R1 activation
by IL-1β . All curves show the effect of pre-incubating the peptides with the cells for 2 hours,
before the addition of IL-1β . Dose-response curves with longer peptide pre-incubation times
have been reported in appendix.

Figure 6.13: Dose response curves of the cell assay show inhibition of IL-1βbinding to IL-1R, for the
RCM, CYS and CLICK series.

The cysteine cross-linked peptides appeared to have comparable inhibitory activity in the
cell and FRET assays. However an increase of affinity for the peptides with CLICK staple
chemistry in the cell assay, when compared to the FRET assay was observed. Indeed all
CLICK peptides where found to have an enhanced IC50 when compared to the native 21-mer
sequence in the cell assay. CLICK-2-2 and CLICK-1-2 were found to be respectively 16
and 52 fold more potent than the native sequence and respectively 4 and 12 fold more potent
when compared to the positive control peptide. This constitute respectively a 3.4 and 11 fold
increase between the cell and FRET assays. Also, the CLICK-1-1 and CLICK-1-3 peptides
were found to be respectively 2 and 4 fold more potent than the native peptide, while they
were less potent then the 21-mer in the FRET assay. The affinity of the RCM peptides was
also increased in the cell assay when compared to the FRET assay, although not as drastically
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Table 6.4: IC₅₀ values for cell assays n=5 for 2 h assays; n=3 for 24 h assays. A green to red gradient
scale was added for readability. Green highlights low IC₅₀ values while red highlights IC₅₀ values. Three
assays at 2 hours incubation and all assays at 24 hours incubation were run by Dr. Melanie Wong.

as for the CLICK peptides. For example, the affinity of the RCM-SS-2 was found to be 3.5
fold the affinity of the 21-mer WT peptide in the cell assay, while in the FRET assay their
affinities were almost identical.

Many hypothesis can enter into play to explain these observations such as an increase of
helicity of the peptides, which could increase their membrane permeability. The cysteine
cross-linked peptides might also be more cell penetrant due to the large lipophilic group.
Therefore, a diffusion of the peptide inside the cell might have occurred, diminishing the
availability of the peptide for the IL-1R1 trans-membrane receptor. In contrast, RCM-SS-1,
RCM-SS-3 and CLICK-2-2 appeared to be more potent in the cell assay than in the FRET
assay, with CLICK-2-2 being 10 fold more potent in the cell assay than in the FRET assay.

6.5 Comparison of Free energy-basedmethods with exper-
imental assays

Cell-based assays can be considered as complex, as the potency of the peptides is measured
after a multi-step pathway. In contrast, the FRET assay has less variables in the measurement
of the potency of the peptides. Therefore, we only compared the binding energy obtained in
our computational approach with the inhibition percentages obtained with the FRET assays.
Still, the competitive FRET assay required the formation of an equilibrium between (unla-
belled) peptide and labelled IL-1β protein binding to the labelled IL-1R, while in simulations
only the binding of the peptide to IL-1R1 was taken into account. The systems used in MD
simulations are thus much more simplified than the FRET assay, as neither competition with
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Table 6.5: Simulation descriptors obtained for the d1/d2 (truncated) model with peptides ranked by
affinity in the FRET assay.

IL-1α , IL-1β , nor dimerisation with the receptor type 3 was modelled.
Peptides with the highest and lowest helical content during the simulations were not found

to be the best binders (Tables 6.6 and 6.5). CYS-P-2 and CLICK-1-1 have the highest helical
content (both 74 %) in the truncated model, and RCM-RS-3 has the highest helical content
(82 %) in the full length model. Indeed, these peptides where found to have the lowest affinity
in the FRET assay. While an increase in helicity might still have a positive effect on the
binding in this study, peptides with high helicity are often not the best binders, as observed in
other studies.[437, 438] This might indicate that the peptide needs to maintain a part of its
flexibility to facilitate the binding.

The RMSD of the the Cα carbon of the peptides gave a more straightforward indication of
the stability of the peptides. Peptides with high Cα carbon RMSDs (above 4 Å) were found to
be the weaker binders, although lower RMSD values were not always linked with tight binders,
as the RCM-RS-3 peptide had RSMD values below 3 in both models and yielded the lowest
IC50 in the FRET assay. Similar observations were made for RMSF values, where in general
the lower RSMF values were associated with the best binders like CLICK-1-2, CLICK-2-
2, the unstapled peptide, RCM-SS-2 and CYS-P-2, which have RMSF values below 1.2 Å.
However a low RMSF value does not always reflect a good binder. For example, RCM-RS-3
also has a RMSF value of 1.3 Å and binds IL-1R1 with a lower affinity (IC50 value of 66.9
µM) compared to the other peptides. Thus, although all good binders display low RMSF
values, a low RMSF value does not guarantee a binder with a high affinity. In summary the
IC50 of the peptide does not strictly correlate with any RMS descriptor.
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Table 6.6: Simulation descriptors of the d1/d2/d3 (full) model with peptides ranked by affinity in the
FRET assay.

From the analysis of tables 6.6 and 6.5, it would seem that overall both the full and trun-
cated models were able to separate the weak and tight binders, however in the truncated model
the results for the CLICK-1-2 peptides suggest a weaker binding, while the RCM-RS-3 and
CYS-P-2 suggest a stronger binding than what was obtained in the experiments.

It is also important to note that the descriptors values are all in a range suggesting the
peptides are binders. Indeed, the RMSD values are all relatively low in comparison with
those obtained for the peptides designed to bind the SARS-CoV-2 spike protein, which were
described in Chapter 5.

6.5.1 Energetic analysis and comparison with experimental values

Several techniques exist to predict the binding free energies based on MD simulations, includ-
ing free energy perturbation (FEP),[439] thermodynamic integration (TI),[440] molecular
mechanics Poisson–Boltzmann surface area (MM/PBSA) and molecular mechanics general-
ized Born surface area (MM/GBSA) techniques.[94] The overall objective of the MM/PBSA
and MM/GBSA methods is to calculate the free energy difference between two states which
most often represent the bound and unbound state of two solvated molecules or alternatively to
compare the free energy of two different solvated conformations of the same molecule. The
basic theory of the MM-GBSA approach is that the free energy of binding can be obtained
through calculating only the end points of the thermodynamic cycle.

MMPB(GB)SA combines force field based molecular mechanics (MM) with a continuum
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Figure 6.14: Thermodynamic cycle MM/PBSA

model, based on the Poisson–Boltzmann (PB) or generalized Born (GB) equation to handle
electrostatic interactions, and a non-polar solvation energy correlated with solvent accessible
surface area (SA). In principle, the method can be applied to any aqueous binding process:
it is not dependent on assumptions of small (perturbative) differences between two similar
systems. The configurational entropy due to ligand–protein binding can be calculated by a
normal mode (NMODE) method. The MMPB(GB)SA methodology has been applied in
various small molecule–protein systems, including drugs binding to their receptors.[61, 441–
443]

However, in a solvated system the majority of the energy contributions come from solvent-
solvent interactions rather than peptide-protein interactions. The binding energy would be
lower in magnitude than the fluctuation in energy within the solvent.

Evidently from the simplified diagram presented in Figure 6.14, the binding free energy
∆Gbind,solv can be calculated with the equation 6.1:

∆Gsolv,binding = ∆Gvac.,binding +∆Gsolv,complex − (∆Gsolv,ligand +∆Gsolv,receptor) (6.1)

And each term can be estimated as follows:

∆G = ∆GMM +∆GsolT ∆S (6.2)

where ∆GMM is the molecular mechanics free energy, ∆Gsol is the solvation free energy, and
T∆S represents the entropy term. The molecular mechanics energy was calculated by the
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electrostatic and van der Waals interactions, while the solvation free energy was composed of
the polar and the nonpolar contributions: ∆GMM = ∆Gele + ∆Gvdw MM/PBSA methods have
become widely adopted in estimating protein-ligand binding affinities, due to their efficiency
and high correlation with experiments. Both MMPSA and MPBSA calculations were run
using the established standard parameters, except for dielectric constants, as we explored the
impact of using different values of dielectric constants. Several research groups have reported
that a solute dielectric constant higher than that used in molecular dynamics (i.e., 4 instead
of 1) often leads to a better agreement with experimental data.[444–446] MM/PBSA and
MM/GBSA were run on both the truncated and full length model of IL-1R1, and the free
energy of binding obtained by these methods was compared with the experimental IC50 values,
as the ∆G binding should be equal to −RT lnIC50.

Figure 6.15: Δ Ebᵢndᵢng using MM/PBSA vs experimental FRET –pIC₅₀ a. Using the d1/d2 model and
internal dielectric of 2 b. Using the d1/d2 model and internal dielectric of 6.

Table 6.7: Pearson and Kendall-tau coefficient calculated between the experimental and free energy
values for the MMPBSA and MMGBSA for different dielectric constants. The green values refer to
value with a weak correlation according to the Pearson test

The effects of solute dielectric constant in MM/PBSA calculations and standalone
MM/PBSA calculations have been analyzed before. It was shown that a solute dielectric
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constant higher than that used in molecular dynamics (i.e., 4 instead of 1) often leads to bet-
ter agreement with experiment. The highest correlations were observed for both the dielec-
tric constant of 2 and 4.[447] Table 6.7 summarises the performance of the MM/PBSA and
MM/GBSA at predicting the binding of the peptides for both the full model and the truncated
model using different dielectric constants. The Kendall-tau and Pearson coefficients between
the in-silico free energy of binding and FRET assay -pIC50 were used to assess the quality of
the MM/PB(GB)SA models. The detailed data of linear regression, Pearson product-moment
correlation coefficient, and Kendall-tau pair value correlations are summarised in Table 6.7.
∆BindingEnergy was plotted against the FRET pIC50 values for three calculated series (Figure
6.15). The slopes of the linear regressions were found least often close to zeros in the trun-
cated model, meaning that peptides were attributed similar energies of binding.

The MM/PBSA calculations based on the truncated model gave the best predictions in
general. An internal dielectric constant of 2 was found to give the best correlation. These
correlations were found to be weak according to the Pearson coefficient with r2 of 0.63 and
0.43 respectively. The second best model was the truncated model with a constant dielectric of
6, which also yielded a weak correlation with the FRET IC50. For other models, no correlation
was observed.

These observations were in accordance with the work of Wang et al. who reported that
a relatively higher interior dielectric constant was preferred for MM/PBSA to achieve good
predictions for short peptides.[447] In contrast, the MM/GBSA calculations did not show any
correlation and we did not observe any improvement using different dielectric constant.

The Kendall-tau coefficients, which measure the relationship between two rankings,
disprove any correlation for any of the tested models and dielectric constants. Thus the
MMPBSA and MMGBSA can be adequately used to give a prediction of the ∆binding but are
less suited to to produce a suitable ranking of the peptides. The introduction of a higher solute
dielectric constant is a reasonable to account for the screening of electrostatic interactions due
to polarization of electronics in the MM/PBSA method.

The model was found to have an impact on the final results, with the truncated model
having the best correlations in general. This might be related to the fact that the binding is
mediated by the d1 and d2 domains. This work thus illustrate the importance of the model
in the final results. The higher electronic polarisation contributed to give a better fit to the
experiment.

6.6 Conclusion
The goal of this study was to develop stapled peptides capable of inhibiting IL-1R1 signalling.
Stapled peptides were designed based on the crystal structure of a known peptidic inhibitor,
AF100847, in complex with IL-1R. From the crystal structure it became evident that only
3 positions on this 21-mer peptide were available for introducing i, i+4 staples. On these
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positions, RCM, Cysteine cross-linking and CLICK chemistry was used to design 18 stapled
peptides. It was then investigated how adding a staple to the 21-mer peptide would impact
its binding affinity, with a series of molecular dynamics simulations. Two models, d1/d2
and d1/d2/d3, were used to model IL-1R1 in the simulations. For most peptide designs, the
interactions during binding were found to be reasonably conserved in the simulations. Upon
visual inspection of the simulations, the staples did not participate or interfere with the binding,
with the exception of two peptides where the staple introduced conformational changes on
the peptides. Besides a visual inspection of the simulations, the peptide binding poses were
studied using a series of quantitative trajectory descriptors, including RMSD, RMSF, helicity
and Rg. These descriptors proved useful to recognise weaker binders, but could not be used
to efficiently categorise moderate and good binders in-silico. Thirteen stapled peptides were
synthesized and tested with biophysical and cell assays.

Using a FRET assay measuring the interaction between IL-1α and IL-1R, all the peptides
tested were found to be competitive inhibitors of IL-1R. However only three peptides showed
similar or higher affinity for the receptor, than the 21-mer peptide on which they were based.
Especially the CLICK chemistry peptides CLICK-1-2 and CLICK-2-2 performed well in the
assay, with a 6- and 9-fold improvement of the IC50 values compared to the unstapled 21-mer
peptide. Interestingly, CLICK-1-2 and CLICK-2-2 have very similar IC50 values as the posi-
tive control peptide. In a cell assay conducted with HEK cells, the tested peptides displayed no
visible toxicity after 48 hours and were active on the cell receptors. Again, CLICK-1-2 and
CLICK-2-2 performed the best in the assay, even showing better receptor inhibition than the
positive control peptide. As the structure of the positive control peptide is not disclosed, this
difference of affinity cannot be rationalised. While the IC50 values of the unstapled peptides
increased in the cell assay compared to the FRET assay (6-fold for the positive control peptide
and 3-fold for the 21-mer), the IC50 values of the CLICK peptides were virtually identical in
both assays. It should be noted that the IC50 value of the CLICK-2-2 peptide were higher with
prolonged incubation times. For all other peptides, the incubation time did not produce large
IC50 variations. In conclusion, the designed peptides were found to be competitors of both
IL-1α and IL-1β . From the FRET and cell assays, CLICK-2-1 and CLICK-2-2 have been
identified as promising leads for the development of anti-inflammatory drugs. Studying these
peptides in complex with IL-1R1 by X-ray crystallography would be useful to confirm that
they bind in the same conformation as the 21-mer peptide, as expected from the MD simu-
lations. The introduced staple is not expected to have any interaction with the protein based
on the performed simulations, and this could also be verified. Since proteolytic instability
is a critical limitation for peptide-based products, peptide half-life determination would also
provide useful information to assess the pharmacological advantage of using stapled peptides.

Finally, we touched the issue of correlating the results obtained by molecular dynamic
simulation to the biophysical and cell assays. Simulation data display some correlation with
the experimental −pIC50. However the two models (full length and truncated) used in these
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simulations have an impact on the results. We found that some descriptors, such as RMSD of
the peptide backbone, were found to be useful at eliminating some weak binders, as peptides
with high values were generally found to get the lowest −pIC50. However no descriptor that
efficiently ranked the peptides was identified. Using MM/PBSA, the comparison with exper-
iments shows that correlations between experimental −pIC50 and absolute binding affinities
are different between the two models. Using different dielectric constants in the MMPSBA
and MMGBSA calculations also yield different results. It is notable that it is hard to estimate
the energy of binding using the MM/PBSA method, as many molecular mechanisms outside
the simplified molecular dynamic model influence the binding. However we found that using
the truncated model, MMPBSA and a dielectric constant of 2, the estimation of the binding
energy was correlated to the experiment using the Pearson test. This work highlights the fact
that models and parameters are not directly transferable to other peptide/receptor systems and
that any given system would require an adjustment phase, where identifying the best model
to describe the binding requires experimental support. This would allow to identify the best
dielectric constant for MM/(GB)PBSA calculations. However, once the parameters used in
these calculations are refined experimentally, further in-silico work such as the estimation of
the binding energy gain upon mutating the peptide sequence could be made more reliable.
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6.7 Methods

6.7.1 Model building
The peptide/protein complex structures for the IL-1R1 stapled peptides complexes were ob-
tained by modification of the crystal structure with PDB identifier 1G0Y. Stapled residues
were mutated using an in-house script based on AmberTools, using our in-house staple residue
libraries described in Chapter 3. This step generally generates high energy conformations, as
only one side chain rotamer is present (even for the natural amino acids). Thus, atoms of
side chains in stable residues were relaxed using a geometry optimisation. Each peptide was
prepared using the full length model and the truncated model.

6.7.2 MD simulation and trajectory analysis
The PMEMD module of AMBERSB20 with the ff14SB forcefield was used to carry out the
simulations. The system was solvated with water in an octahedron box using the transferable
inter-molecular potential three-point (TIP3P) water model, extending 10 Å in every direction
around the solute. Counter ions were added to the solvent to keep the system neutral. The
geometry of the system was minimised in two steps before the MD simulation was run. First,
the water molecule positions were refined through 2500 steps of steepest descent, followed
by 2500 steps of the conjugate gradient, keeping the protein fixed with a constraint of 2.0
kcal.mol1.Å−2. The IL-1R/peptide complexes were then relaxed by 5000 cycles of steepest
descent and 5000 cycles of conjugate gradient minimisation. During the simulation, the par-
ticle mesh Ewald method was employed to calculate the long-range electrostatic interactions,
while the SHAKE method was applied to constrain all covalent bonds involving hydrogen
atoms to allow the time step of 2 fs. A 10 Å cutoff value was used for the non-bonded in-
teractions. The whole system was then heated from 0 K to 300 K running 50 ps molecular
dynamics simulation with position restraints at constant volume. An isothermal isobaric en-
semble (NPT) simulation was performed for 500 ps to adjust the solvent density followed by
500 ps of constant pressure equilibration at 300 K without constraints to relax the system.
The production dynamics at constant pressure achieved lengths of 500 ns, of which snapshots
saved at 10 ps intervals were used for further analysis.

6.7.3 Trajectory analysis
Trajectories were processed using cpptraj from AmberTools. The Cα of the d1 and d2 sub-
units of IL-1R1 (residues 1 to 199) were used for a global alignment using cpptraj, and periodic
boundary conditions (PBC) were corrected. After globally aligning the structures by their Cα
carbons, changes in the peptide and protein conformations were assessed via K-means clus-
tering of all snapshots to 10 clusters using the pyEMMA Python module. We used the peptide
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backbone atom RMSD as cluster criterion for peptide binding poses. Representative struc-
tures were selected for subsequent visual inspection.

Trajectories were aligned using IL-1R1 Cα . Then a Python script was used on the pre-
aligned trajectories to calculate the different descriptors: MDAnalysis was used to calculate
the root mean square distances (RMSDs) of the peptide backbone and of side chain atoms
in residues Trp6, Glu8, Arn10, Tyr12, Tyr13 and Trp14. RMSF values for the peptide Cα
and the side chains of the key residues were computed separately and averaged on the full
MD trajectory. For the RMSD and RMSF calculations no alignment was used during the
calculation, the calculations relied on the pre-alignment of the d1/d2 subunits. The values
obtained are thus RSMD values of the peptide atoms relative to IL-1R.

The helical content of the peptides was calculated using the MDtraj DSSP assignment
module. Additionally, hydrogen bonding between protein and peptide was characterized using
Mdtraj default criteria for angles and distances. Aminimumoccupancy cut-off of 5.0% for the
analysis of recovered polar contacts was applied. Hydrophobic contact residues were extracted
from the trajectory by applying a maximum distance between heavy atoms of 4.0 Å. Native
contacts were extracted from the equilibrated structure, and were counted if present in 60 %
of the snapshots. Hydrogen bonds were defined by a distance cutoff of 3.2 Å and an angle
cutoff of 120°.

6.7.4 Energetic analysis
Solvation free energies were calculated by either solving the linearised Poisson Boltzman or
Generalized Born equation for each of the three states (this gives the electrostatic contribution
to the solvation free energy). ∆Gvacuum was obtained by calculating the average interaction en-
ergy between receptor and ligand. As the peptides had similar sequences and binding poses,
the normal mode analysis was neglected. The average interaction energies of receptor and
ligand were obtained by performing calculations on an ensemble of snapshots collected from
the molecular dynamics (MD) simulation. 500 ns simulations were performed and snapshots
were extracted every 10 ns and the binding free energies were averaged over the ensemble of
conformers produced. MM/PBSA.py was used to carry out the calculations. The ion concen-
tration was set to 0 in agreement with the simulation set-up. The binding free energies were
then calculated for the 24 complexes in the dataset using a dielectric constant of 1 (default),
2, 4 or 6. The atomic and solvent probe radii were set at 1.4 Å.

FRET assay

Peptides were dissolved in DMSO at 10 mM. From this initial concentration, a 10 point half
log dilution series of the peptides in DMSO was dispensed in a PerkinElmer™ White 384-
well Opti plate (Cat#607290) using a Tecan D300E. A solution containing 10 nM IL-1α-
AF647, 10 nM IL-1R1 and 10 nM IL-1R3-Tb was prepared and 30 µL of this solution was
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added to each well of the Opti plate, resulting in a final peptide dilution series for the assay.
The top peptide concentration was 250 µM for all peptides but CLICK-2-1 and CLICK-2-2,
where the top peptide concentration was 25 µM. The plate was sealed and left to incubate on
a horizontal plate shaker for 23-25 hours while protected from light. Plates were spun down
at 800 g for 2 minutes before being read on a Pherastar FSX Plate Reader (BMG Labtech™)
using the Homogeneous Time Resolved Fluorescence (HTRF) module, with an optical height
of 10.9 mm. The emitting wavelength of the laser was set at 330 nm. A FRET ratio was
generated by normalising the emissions recorded at 620 nm and 665 nm. The percentage
inhibition of the peptide at each concentration point was determined by using equation %in-
hibition = 1 − (Pₒbs − Pmᵢn)/(Pmₐₓ − Pmᵢn), with the values of Pmₐₓ, Pmᵢn, and Pₒbs in the equation
refer to the polarisation of the wells containing the peptides and IL-1R, the polarisation of the
free peptide, and the observed polarisation for the wells containing the inhibitors at a range
of concentrations under the assay conditions. The IC50 of an inhibitor was determined from
the plot of %inhibition against inhibitor concentration analysed using GraphPad Prism 6.0
software using a standard 4-parameter logistics fit plotting FRET ratio against concentration
on a log scale.

Cell assay

HEK-Blue™ TNF-α/IL-1β cells were purchased from InGenVivo (SanDiego). Cells were
frozen at -80 °C. After thawing, cells were maintained in DMEM cell medium containing
4.5 g/L glucose and supplemented with 10% fetal bovine serum and 1% L-glutamine. 35
ml of cells in suspension were incubated at 37 °C in a culture flask (T175), in a 5% CO2-
containing, humidified incubator. The medium was removed and rinsed twice with PBS.
Cells were treated with trypLE™, a cell dissociation agent, and re-suspended in freshmedium.
Cells were then counted and diluted to produce cell suspensions at 5k cells/well (50k cells/ml)
(24 h assay) and 10k cells/well (100k cells/ml) (2 h assay). From the 16 peptide solutions
diluted at 10 mM (except the positive control peptide, diluted at 3 mM) in DMSO, pep-
tides were then progressively diluted to 200 x final concentrations and dispensed into two
PerkinElmer™White 96-well plates to give a 10 point half log dilution with a top concentra-
tion of 6 mM. The controls for this assay consisted of a positive control peptide the AF10847,
a 21-mer peptide known to inhibit IL-1R1 (dilutions starting from 3 µM) for this peptide).
Peptides were then re-diluted into a second PP 384 well plate using 2 µ l of peptide concen-
tration and 78 µ l cell media.

For the 2 h incubation assay, 10 µL of the peptide concentrations plates, 20 µl 10 K/well
HEK cells and 20 µL of 6 pM IL-1β or 8 pM of IL-1α were dispensed into a clear 384
wellT/C plate, and incubated for 2 h at 37 °C 5%CO₂. For the 24h incubation assay, 10 µL
of the peptide concentration plates, 20 µl 5K/well HEK cells and 20 µL of 6 pM IL-1β or 8
pM of IL-1α were dispensed into a clear 384 well T/C plate, and incubated for 24 h at 37 °C.
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Figure 6.16: Methods: Procedure used for the cell assay, created using BioRender™

The plates were further incubated for 20 h at 5%CO₂ and 37 °C.
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Viability assay (PrestoBlueCell™ Viability Reagent)

The plates were copied (18 µ l of each well was transferred into a PP 384 well plate) to conduct
the viability assay. After the PrestoBlue was warmed up at room temperature, 1/10th volume
was added onto the wells. Reading was done at wavelength 580 nm.

Plate reading (QuantiBlue™)

The QuantiBlue reagent and QuantiBlue buffer were mixed at 1:1 and diluted in sterile water
at 2 %. The solution was homogenised using a vortex. A plate was prepared with 180 µ l of
QuantiBlue™solution per well into a flat-bottom 96-well plate and 20 µL of the incubated
plates was added. Plates were incubated for 3 hours before reading. The optical density (OD)
was measured at 625 nm using a the Pherastar FSX(BMG Labtech™) microplate reader.

The IC50 of an inhibitor was determined from the plot of %inhibition against inhibitor
concentration on a log scale, which was analyzed using GraphPad Prism 6.0 software using a
standard 4-parameter logistic fit. The curves of RCM-RS-3, CLICK-2-1, CYS-P-1 and CYS-
M-1 were constrained to 0 and 100% to counter the fact that the peptides did not reach 100
% inhibition at the highest concentration.
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7
Conclusions

With the steady improvement of algorithms and software, and in parallel, the prevailing in-
crease of high-performance computing resources, the use of computational methods such as
Molecular Dynamics is a promising approach to better comprehend protein-protein interfaces,
binding mechanisms, as well as design and predict physical properties of compounds and pep-
tides. This work has explored a wide range of computational methods applied to the design
and properties predictions of stapled peptides.

We developed a new approach to produce molecular dynamics forcefield parameters and
applied this method to produce add-on libraries for stapled peptide residues. Before this work,
no add-on libraries for staple residues had been reported elsewhere. The new set of parameters
reproduced quantum mechanical energy variation among the newly parameterised residues
and have been used to model various stapled peptides in Chapters 3-6. The pipeline can
readily be used to parameterise other stapled residues, which could help the modelling of
novel stapled chemistries. Further work could consider the use of Cmap correction terms in
the pipeline to improve agreement with QM data. Such terms have already been introduced
in the most recent version of the AMBER19SB forcefield.

As seen in Chapter 1, a popular approach for designing a stapled peptide is to excise
an interacting protein motif segment from a known protein-protein interaction to mimic the
original binding mode. For the design to be successful the peptide should readily adopt a con-
formation that resembles the binding mode observed in the protein complex. This is more
readily achieved when the binding motif is enriched in specific secondary structures such as
α-helices or β -strands. Peptides with a high α-helical content have generally been linked
to a better affinity as well as higher cell permeability. Producing peptides that are already
‘pre-folded’ in their binding conformation has also been suggested to reduce binding entropy,
thus increasing affinity and availability. However, factors inducing this helicity are still not
well understood, as adding a staple to a peptide does not systematically increase its helicity.
Data-learning conformation prediction tools for the helicity of stapled peptides have not been
developed as the number of published stapled peptides is still too scarce. In this work, we
thus explored molecular dynamics simulation methods to allow the rapid exploration of the
conformational space of peptides. We implemented a Solute tempered method and used the
established T-REMD method as a reference. The REST2 method implemented was found to
perform well at exploring the conformational space of peptides, as compared to the REMD
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method. It was also shown to be able to reproduce the helicity of the well-described MDMX
peptides with the added advantage of being computationally less demanding. This method
used fewer replicas, thus needed less processor units and could be used on GPU instead of
CPU, which conjointly were the main reasons for this computational gain. The fact that the
REST2 method was able to correctly predict the secondary structure of peptides also demon-
strated the high quality of the forcefield parameters developed for the unnatural amino acids.
It is notable that the Solute tempering method developed in this work is readily applicable to
study other slow occurring conformational changes in proteins.

Targeting PPIs has become an important research area in drug design because PPIs signifi-
cantly expand the target-able space. However, protein-protein interfaces are eminently differ-
ent from classical ligand-binding sites, which can make the development of small molecules
difficult. The most important aim of PPI research is the development and design of novel
PPI inhibitors. In this field, MD has become a prevalent tool as it complements experimental
screening techniques. In combination with other computational techniques, MD simulations
are of great value for the characterisation of protein-protein interfaces, and for detecting and
characterising inter-molecular interactions between a ligand and its binding site. In this work
we aimed to build computational tools to aid the search and validation of peptide binders.
Here we propose tools and insights to design stapled peptides from known peptide binders,
from sequences excised from a protein, from known PPIs and using a coiled-coil approach. In
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MD multiple peptide-protein conformations can be generated and their stability can ranked.
Binding sites on protein surfaces can be characterised in terms of flexibility, and the key in-
teractions between the initial PPI can be identified.

In this work, we attempted to assess the binding of peptides through quantitative mea-
surements in MD simulations. Some descriptors such as RMSD offered valuable insights on
the stability of the models. However, separately these did not yield efficient ranking of the
peptides in simulations. These descriptors needed to be analysed in more global and compre-
hensive ways and tailored analysis methods, using different metrics are required to capture the
observations made fromMD simulations. Molecular dynamics simulations combined with in-
formation theory-based analysis, such as PCA, have provided key insights into the translation
of MD simulation derived quantities (RMSD, RMSF, Rg...) to peptides binding stability.

In Chapter 5 we developed tools to design fluorescent peptides binding to the spike protein,
which could be used as rapid detection agents. As we screened over 200 sequences, the main
issue was the ranking of this large number of simulations. The PCA method successfully sep-
arated the peptides according to observations with all stable peptides being guessed correctly
in the test set. This study provided key insight into descriptors useful for peptide scoring and
the potential of PCA for analysis of a large number of simulations. Howerer CONA assays
suggested that the tested peptides had IC50 higher than 10 µM. Furthermore, some of the tested
peptides displayed an unexplained and unprecedented affinity for the agarose beads used in
the CONA assay.

We designed peptides with enhanced activity against IL-R1. One of these peptides,
CLICK-1-2 demonstrated an IC50 of 20 nM, which is a 9-fold increase in comparison to
the native peptide. Furthermore, these stapled peptides were found to improve the inhibition
of IL-α/IL1-R1 triggered cell response. Five peptides showed a IC50 lower than the wild type
peptide in the cell assay and CLICK-1-2 demonstrated an IC50 of 10 nM, which is 50-fold
lower then the wild type peptide and 10 fold lower than the positive control.

Interestingly, in the simulations of IL-1R1 and the SARS-CoV-2 peptides similar descrip-
tors of the peptide binding were calculated. We noticed that these descriptors displayed less
variability in the IL-1R study than in the spike protein study. For example a descriptor which
was calculated for both systems is the RMSD of the peptide backbone, the standard deviation
for the IL-R1 simulations for this descriptor was only 3 Å vs 7 Å for the spike protein ACE2
derived stapled peptides. This might reflect the fact that all peptides tested against IL-1R
inhibit to some extent the formation of the IL-1R/Il-1α at concentrations < 5µM.

The most accurate ranking of the affinity of the IL1-R1 peptide was obtained using en-
ergetic analysis. We noticed that discrepancies were observed using different models of the
peptide bound to IL-1R and different dielectric constants in MMPBSA andMMGBSA, which
reflects the need to tailor models, methods and parameters for every system studied. However
this setup for IL-1R could readily be used to guide further design improvements of the stapled
peptides through mutations of the native sequence.
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In conclusion, this work was designed to provide tools to facilitate the development of
forcefield parameters for unnatural amino acid and thus extend current molecular dynamic
forcefield libraries, predict secondary structure when ab-initio methods cannot be applied,
and efficiently sample thermodynamically stable conformations for any given peptide. We
also developped tools for peptide design based on protein-protein interfaces with direct appli-
cation for the treatment of rheumatoid arthritis and COVID-19 labelling. We used different
methods to score peptide binding, relying on MD simulation analysis, PCA methods as well
as MM/PB(GB)SA methods.

Future work in this area should aim to extend the forcefield libraries, as well as increasing
the number of models studied in helicity predictions. This will lead to a better understanding
of the specific folding properties of stapled peptides. Further use of the design tools developed
in this project, all made available on github (michellab/stapline), could help the design of new
stapled peptide drug candidates for other PPIs.
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Chapter 1

A.1 Analytical Methods
Analysis for Figure 1.6: The crystal structures of a total of 65 stapled peptides were extracted
from the PDB (as identified in Table A.1). The stapled peptide chains were extracted from
the crystal structures and converted to single-letter code sequences using MDTraj.[420] The
frequency of occurrence of each amino acid was then calculated with an in-house Python
script and was expressed as a percentage of the total number of amino acids in this stapled
peptide database. Analysis for Figure 1.7: The crystal structures of a total of 52 helical stapled
peptides in complex with protein were extracted from the PDB (as identified in Table A.1)
and were analysed in Pymol using an in-house Python script.[74] The stapled-peptide was
removed from the crystal structure, and the amino acid residues at the protein interface were
defined as those with an increase in solvent-accessible surface area (SASA) in comparison
with the original crystal structure. The protein surface hydrophobicity was defined as the sum
of the SASA of each amino acid present at the binding surface multiplied by its Eisenberg
hydrophobicity value (Table A.1 ),144 divided by the total area of the binding surface (Table
A.1). The staple angle was defined as follows: the centre of mass (COM) of the protein, the
COM of the “stapled” residue sidechains, and the COM of the stapled peptide helix were
computed. The COM of the protein and the COM of the stapled residue sidechains were then
projected onto the plane defined by the vector parallel to the peptide helix axis and the COM
of the stapled peptide helix (Figure 1.7B (i)). This step ensured the three COM were placed
in a plane orthogonal to the binding surface. The angle between the “projected” COM of the
protein, the COM of the helix and the “projected” centre of mass of the staple was defined as
the staple angle θ . (Figure 1.7B (ii)).

Table A.1: Eisenberg values

Code Ile Phe Val Leu Trp Met Ala Gly Cys Tyr
Value 0.73 0.61 0.54 0.53 0.37 0.26 0.25 0.16 0.04 0.02

Code Pro Thr Ser His Glu Asn Gln Asp Lys Arg
Value -0.07 -0.18 -0.26 -0.40 -0.62 -0.64 -0.69 -0.72 -1.10 -1.80



Table A.2: Stapled peptides extracted from the PDB

Protein PDB code Peptide name Chemistry Chain in PDB Staple Residue Angle Surface area ReferencePDB Code (°) ( Å2)

MDM2

6H22 28 double-click C,D FL5 80 1665 [23]
6AAW dPMI-δ (5-12) RCM/i,i+7 position B 0EH, MK8 62 717 [448]
6KZU dPMI-δ (1-5,9-12) RCM/i,i+4 position (2 staples) B 2JN,DAL,MK8 170, 160 1058 [449]
3V3B SAH-p53-8 RCM/i,i+7 position C,D MK8 47 1077 [42]
4UMN M06 RCM/i,i+7 position C,D 0EH, MK8 43 2489 [420]
5AFG E1 CuAAC cycloaddition “Click-reaction” B PO7 69 1190 [138]
4UE1 YS-1 Stapled peptide RCM/i,i+4 position G,H,J,F 2JN 62 1730 [86]
4UD7 YS-2 Stapled peptide RCM/i,i+4 position G,H,J,F 2JN 66 1731 [86]
5XXK M011 Stapled peptide RCM/i,i+4 position C,D OEH, 6CW 45 1054 [450]
5VK0 PMI(8,12) thioester X,D,L,F,J,H,T,V 9E7,CYS 120 1224 [380]
5VK1 PMI(4,8) thioester X,D,L,F,J,H,T,V 9E7,CYS 63 1252 [380]

MCL-1/BCL-2

3MK8 MCL-1 SAHBD RCM/i,i+4 position B MK8 82 1199 [451]
5C3F BID-MM RCM/i,i+4 position B NLE 102 1484 [452]
5C3G BIM-MM RCM/i,i+4 position B NLE 143 1329 [452]
5W89 SAH-MS1-18 RCM/i,i+4 position B MK8 57 1544 [116]
5W8F SAH-MS1-14 RCM/i,i+4 position B MK8 71 962 [116]
5WHH D-NA-NOXA SAHB Stapled peptide RCM/i,i+7 position B MK8,0EH 125 1384 [453]

Estrogen receptor

2YJD SP1 RCM/i,i+4 position C,D MK8 66 824 [437]
2YJA SP6 RCM/i,i+4 position A MK8 66 1093 [437]
2LDA SP2 RCM/i,i+4 position A MK8 not in complex not in complex [437]
2LDC SP1 RCM/i,i+4 position A MK8 not in complex not in complex [437]
2LDD SP6 RCM/i,i+4 position A MK8 not in complex not in complex [437]
5DXB SRC2-SP1 RCM/i,i+4 position C,D MK8/66D 80 1140 [454]
5HYR SRC2-SP2 RCM/i,i+4 position G,F 66D,MK8 55 1003 [454]
5DX3 SRC2-SP3 RCM/i,i+4 position C,D 5GM,MK8 57 1294 [454]
5DXE SRC2-SP4 RCM/i,i+4 position C,D MK8 67 1236 [454]
5DXG SRC2-SP5 RCM/i,i+4 position C,D MH8 68 1434 [454]
5WGD SRC2-LP1 RCM/i,i+4 position C,D LYS,ASP 112 1691 [12]
5WGQ SRC2-BCP1 Cross-stitch (olefin & lactam) C,D LYS,ASP, MK8 93,175 1100 [12]
6PIT SRC2-41A lactam D LOU,LYS not helical 730 [455]

Aurora-A 5LXM Stapled TPX2 peptide 10 RCM/i,i+4 position D MK8 135 3602 [456]



Tankyrase-2
5BXO Cp4n2m3 RCM/i,i+4 position C,D ALA,4XP not helical 1280 [97]
5BXU Cp4n4m5 Double-click Cycloaddition reaction/ B ALA,4XP not helical 1279 [97]i,i+4 position

GRb7 5EEL G7-B4 peptide RCM+ Thioether/bicyclic peptide K,G,J,H,L,I SER,73C not helical 59083 [132]
5EEQ G7-B1 peptide RCM+ Thioether/bicyclic peptide K,G,J,H,L,I SER,73C,48V not helical 24441 [132]

β -catenin 4DJS aStAx-35 RCM/i,i+4 position B MK8 176 1582 [457]
hDcn-1 3TDZ Cul1WHB-Dcn1P-stapled Acetyl(5:9 Staple) RCM/i,i+4 position E,F MK8 128 1363 [458]
ks-vFLIP 5LDE spIKKƔ-Stapled peptide RCM/i,i+4 position D 6ZS 101 1202 [459]
human IgG1 Fc 5U66 LH1 Bi-component lactam B 85J,85G 141 1543 [460]
CaV β subunit 5V2P AID-CAP Stapled peptide m-xylyl linker macrocyclization/ i,i+5 position B 8VY,CYS 123 2994 [461]

5V2Q AID-CEN Stapled peptide m-xylyl linker macrocyclization/i,i+4 position B 8VY,CYS 138 1662 [461]
NCOA1 5Y7W YL-2 RCM/i,i+4 position C,D MK8 162 1417 [142]
Ctf4 5NXQ Sld5 CIP A2 Double-click Cycloaddition reaction (CuAAC)/i,i+6 position D,E 9G2,9FZ 175 1478 [462](S. cerevisiae)

HIV-1
4NGH SAH- MPER(671-683KKK)(q)pSer RCM/i,i+4 position C DIV,MK8 122 1573 [463]
4NHC SAH-MPER(671-683KKK)(q) RCM/i,i+4 position C DIV,MK8 123 1575 [463]
4U6G SAH-MPER(662-683KKK)(B,q) RCM/i,i+4 position E,F DIV,MK8 94 1131 [463]
2L6E NYAD-13 RCM/i,i+4 position B MK8 172 1099 [464]

Zebrafish MDM2/X 4N5T ATSP-7041 RCM/i,i+4 position B 0EH, MK8 47 990 [43]
Myo A tail interacting protein (MTIP) 4MZJ pGly[801–805] RCM/i,i+4 position B NLE 60 3339 [465]
(P. falciparum) 4MZK pGly[807-811] RCM/i,i+4 position B NLE 160 2856 [465]

4MZL HSB myoA lactam C,D BUA,ASN 66 2925 [465]

eIF4E

4BEA sTIP-04 Stapled peptide RCM/i,i+4 position B MK8 120 1279 [123]
5ZJY sTIP-05 peptide RCM/i,i+4 position B 2JN 108 1825 [466]
5ZJZ sTIP-07 RCM/i,i+4 position B MK8 123 1763 [466]
5ZK9 sTIP-08 RCM/i,i+4 position B MK8 124 2478 [466]
5ZML sTIP-09 RCM/i,i+4 position B MK8 125 1851 [466]
5ZK5 sTIP-10 RCM/i,i+4 position B MK8 150 1350 [466]
5ZK7 sTIP-14 RCM/i,i+4 position C,D MK8 105 2542 [466]

NF-Y Transcription Factor 6QMQ 2-DN RCM/i,i+4 position C MKD,ABA 149 1441 [466]
6QMS 2-C RCM/i,i+7 position C MKD,J7H 164 1391 [466]

N.A. 4HU6 GCN4-p1 Oxime Cross-Links A,B,C,D UU5,J7H not in complex not in complex [32](Coiled coil)
CK2α/CK2β 6Q4Q CKβ-RAD click C,D HEK not helical 669 [467]
GRb7 5D0J G7-B1 RCM/i,i+4 position L,M SER not helical 30370 [132]

Cullin3 2MYL Cul349-68EN RCM/i,i+4 A MK8 not in complex not in complex [468]position
2MYM Cul349-68LA RCM/i,i+4 position A MK8 not in complex not in complex [468]
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B.1 RESP validation

atom index atom name partial charges R.E.D server S enantiomer R.E.D server R enantiomer In house S enantiomer
1 HE 0.1267 0.1248 0.0679
2 C1 0.8513 0.7545 0.6267
3 O1 -0.6366 -0.5802 -0.5579
4 C2 -0.5144 -0.3726 -0.3704
5 H2 0.1389 0.1053 0.1067
6 H3 0.1389 0.1053 0.1067
7 H4 0.1389 0.1053 0.1067
8 CA -0.0607 0.1139 -0.0231
9 O -0.5895 -0.5561 -0.5855
10 CB -0.0234 0.0157 0.0427
11 C 0.7141 0.604 0.0442
12 N -0.6254 -0.6576 -0.5796
13 CC -0.0232 0.0073 0.0051
14 CD -0.0160 0.0593 0.732
15 CE -0.1056 -0.1328 -0.0836
16 CF -0.4941 -0.4614 -0.4769
17 HA 0.1014 0.0513 0.1038
18 HB1 0.0313 0.003 0.0158
19 HB2 0.0313 0.003 0.0158
20 HC1 0.0271 0.0084 0.0164
21 HD1 0.0479 0.0223 0.0213
22 HC2 0.0271 0.0084 0.0164
23 HD2 0.0479 0.0223 0.0213
24 H 0.3242 0.3264 0.3026
25 N2 -0.5273 -0.5164 -0.5137
26 C10 -0.2388 -0.0708 -0.0715
27 H13 0.3459 0.3005 0.2987
28 H14 0.1243 0.0805 0.0796
29 H15 0.1243 0.0805 0.0796
30 H16 0.1243 0.0805 0.0796
31 HF1 0.1944 0.1827 0.1863
32 HF2 0.1944 0.1827 0.1863

Table B.1: Comparison of partial charges for 2-acetamido-N-methylhept-6-enamide]
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Chapter 5

C.1 FRET assays

Table C.1: IC₅₀ values for the 3 independents FRET assay
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Figure C.1: FRET assay Dose response curve for the n=2

C.2 Cell assays
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Figure C.2: Cell assay dose response curve for Il-1α 24h incubation
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Figure C.3: Cell assay Dose response curve Il-1α 2h incubation
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Chapter 6

D.1 PCA analysis

Figure D.1: PCA analyses for the ACE2 based peptides, using a. 2 components and b 3 components
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