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Abstract
This thesis demonstrates how molecular dynamics simulations can be used
to efficiently sample the conformational ensembles of cyclic peptides and through
the use of systematic studies, begin to elucidate their sequence–structure
relationships. Cyclic peptides are a unique class of molecules, with many
interesting properties. However, the robust application of cyclic peptides is
currently limited by our inability to predict their 3D structures a priori and our
poor understanding of their sequence–structure relationships.
After an introduction in Chapter 1, Chapter 2 describes the development of
an enhanced sampling method tailored to cyclic peptides. This methodology
works by exploiting the essential coupled two dihedral angle changes that cyclic
peptides undergo during conformational switches. Chapter 3 describes the use of
our enhanced sampling method to perform systematic studies of cyclic
pentapeptides. First, we elucidate the structural preferences of all 20 natural
amino acids within a cyclic pentapeptide template. Then we determine
cooperative effects of neighboring residues to determine key sequence–structure
relationships, ultimately culminating in the design and experimental verification
of a well-structured cyclic pentapeptide in aqueous solution. Chapter 4 describes
the systematic study of simple cyclic hexapeptides, wherein several general rules
and interesting observations are established. In this Chapter another wellstructured sequence in aqueous solution is identified and its conformation is
verified experimentally. Chapter 5 describes ongoing work where systematic
studies of cyclic octapeptides are performed. Within this work a potentially well-
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structured sequence is identified and its robustness as a template for further design
is explored.
Lastly, in Chapter 6, I will provide a short introduction to a separate
project on glycopeptides, and describe computational work towards the design of
stable α-helical glycosylation sites using both bioinformatics and molecular
dynamics simulations.
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1.1 Introduction to Properties of Cyclic Peptides
Cyclic peptides (CPs) are a unique class of molecules with interesting
properties. Notably, CPs have been shown to self-assemble into nanotubes,1-2
form complexes with metals,3-4 modulate protein–protein interactions with high
affinity and specificity,5-8 and act as potent antimicrobial peptides.9-13 However,
though design strategies of CPs for applications such as nanotube self-assembly
are known,14 the rational design of CPs to modulate protein–protein interactions
or act as antimicrobial peptides is severely limited, with many of the currently
studied CPs being derived from natural products or their derivatives.15-16
Consequently, the full potential of CPs remains underexplored, restricted by our
inability to predict their structures de novo and our poor understanding of their
sequence–structure relationships.15, 17
In general, peptide-based therapeutics can be very advantageous, since
their enzymatic degradation results in biogenic, nontoxic molecules which can be
easily excreted or further used in metabolism.18-19 A caveat, however, is that
linear peptides get degraded rapidly in vivo, possibly being destroyed before they
reach their target. By cyclizing those linear peptides one can significantly increase
their biostability against proteolysis.20-22 When designing CPs for therapeutic
interventions, various cyclization strategies are available, including head-to-tail,23
side-chain to side-chain,24-25 and side-chain to terminus bonding (Figure 1.1).18, 26
Additionally, one can incorporate multiple cyclizations, generating bicyclic
peptides, tricyclic peptides, etc., to provide additional restraints to further rigidify
the peptide and possibly provide greater complexity of design space.27-29
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Figure 1.1: Different modes of cyclization for peptides including head-to-tail
(blue), side-chain to side-chain (green), head-to-side-chain (orange), and sidechain-to-tail (red).
Furthermore, non-canonical amino acids such as, D-amino acids, β-amino acids,
N-methylated residues, and various non-natural amino acids can be implemented
to further optimize CP properties.

1.2 Experimental Design of Cyclic Peptides
Experimental design approaches for CPs often utilize non-canonical amino
acids alongside the various cyclization strategies. A notable example of a CP
design and redesign came soon after the discovery that an RGD motif was
sufficient to bind to integrin αVβ3.30-34 Integrins are heterodimeric (having one α
and one β subunit) cell surface receptors, important in many cell–cell and cell–
extracellular matrix interactions.35-37 Integrins are also associated with the
initiation and progression of various diseases such as tumor metastasis, viral
infections, and osteoporosis.38 Studies have shown that many integrins recognize
the RGD motif, and that it is possible for integrins to discriminate among RGD
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motifs depending on the secondary structure environment they are in.39 Therefore,
it was hypothesized that integrins have a conformation-dependent recognition of
the RGD motif, where the distinct conformations of the RGD sequence are
important.
Kessler et al. investigated the preferred conformations required for
recognition of RGD by various integrins using cyclic penta- and hexapeptides
containing the RGD sequence.40-41 In these systematic studies, they synthesized a
series of cyclic penta and hexapeptides with sequences derived from cyclo(RGDFV) and cyclo-(RGDFVA), respectively, and observed how a single Damino acid substitution affects conformation and biological activity of these
cyclic penta and hexapeptides. They found that cyclo-(RGDfV) (lowercase letters
indicate D-amino acids) was selective towards integrin αVβ3 (an integrin
implicated in human tumor metastasis), and had a 1000 times higher activity for
αVβ3 than a linear reference peptide.40-42 Conversely, a cyclic hexapeptide of a
similar sequence (RGDfVA) had 3–5 times lower activity when compared to the
linear reference peptide.40-41
Using cyclo-(RGDfV) as a template, various other modifications,
including

thioamide

substitution,43

incorporation

of

turn

mimetics,44

glycosylation,45 synthesis of retro-inverso analogues,46 and N-methylation,47 were
investigated to optimize selectivity, activity, and bioavailability. Overall, Nmethylation was found to be the most advantageous modification to the parent
sequence, cyclo-(RGDfV). With the use of an N-methyl scan, it was found that
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Figure 1.2: Cyclo-(RGDfV) bound to integrin αVβ3 (PDBID = 1L5G).
Lowercase and underlined letters indicate D-amino acids and N-methylated
amino acids, respectively. Integrin αVβ3 (gray) is represented using a surface
model and cyclo-(RGDfV) (green) is shown in licorice.
cyclo-(RGDfV) (where an underline indicates an N-methylated residue) had four
times higher activity for αVβ3 than cyclo-(RGDfV) (Figure 1.2).47
N-methylation has also been used as a means to improve the
bioavailability of CPs. For example, CPs like the previously mentioned RGD
motif,48 somatostatin,49 and the melanocortin50 family of peptides all exhibited
improved bioavailability upon N-methylation. Several systematic studies,
performed by Lokey and Jacobson, found that N-methylation may increase
membrane permeability by stabilizing intramolecular hydrogen bonds while in the
membrane environment.51-53 Their results also showed that the placement and
extent of the N-methylation can have a drastic effect on the membrane
permeability of the CP.
Another design strategy for CPs is incorporation of β-amino acids. Pavone
et al. incorporated β-alanines into several cyclic tetra-, penta- and hexa-peptides
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Figure
1.3:
Schematic
representation of a C10-like
structure
of
β-Alanine2
containing
tetrapeptide.
Adapted from Ref 54.
	
  
to investigate its effects on the conformational preferences for CPs of various
size.54-61 By combining cyclization with β-amino acids, their goals were to: (1)
restrict the allowed conformational space of flexible linear peptides, thus
designing well-structured CPs, and (2) provide strategies to force the remaining αamino acids into desired β- and γ-turns. In studies of cyclic tetrapeptides, for
example, they found that placement of two β-alanines next to one another formed
a ten atom ring stabilized by a hydrogen bond (Figure 1.3). This arrangement
allowed the remaining two α-amino acids to form β-turn structures.54
Characterization of their model peptide, cyclo-(PFAβAβ) (where Aβ = β-alanine),
showed that it was indeed well-structured, with a type I β-turn at 1PF2. They also
performed a small systematic study on cyclic tetrapeptides with the general
sequence cyclo-(AβPAβX), where X was Pro, Val, Ile, Phe or Ala.56-57 It was
found that, although not all sequences were well-structured, the ones that were
generally formed inverse γ-turns (γʹ′) at the α-amino acid residues. Pavone et al.
performed

similar

hexapeptides.55,
	
  

58-61

studies

on

β-alanine

containing

cyclic penta-

and

Ultimately they found that the strategic placement of β7	
  

Figure 1.4: Representative structures for a cyclic penta (A) and hexapeptide
(B). (C) Ideal dihedral angles, representative structures and hydrogen bond
patterns for the four types of β-turns and four types of tight turns.
alanine within cyclic tetra-, penta-, and hexapeptides can significantly alter the
CPs conformation. Therefore, the use of β-amino acids could be a novel
molecular tool for the design of CPs with specific β- and γ-turn types.
Lastly, several general rules and interesting observations have been
elucidated from experimental studies of CPs. For example, cyclic pentapeptides
commonly form structures consisting of a β-turn and a tight turn opposite the βturn (Figures 1.4A and C). Depending on the turn combination, the cyclic
pentapeptide will form either one or two intra-peptide hydrogen bonds.18, 41, 62-67
In addition, systematic studies have shown that cyclic pentapeptides containing
one D- and four L-amino acids prefer a conformation with a type IIʹ′ β-turn + a
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γ/αR tight turn.63, 66-68 For these sequences, the D-amino acid is always at the i+1
position of the type IIʹ′ β-turn. Cyclic hexapeptides, on the other hand, generally
form structures consisting of two β-turns at the opposite ends with two intrapeptide hydrogen bonds (Figures 1.4B and C).11, 69-97 Gierasch et al. performed a
systematic study of cyclic hexapeptides and developed a set of “rules”, correlating
amino acid sequence to a preferred β-turn type.81 In this study the sequence used
was cyclo-(XPXXPX), where X was chosen from Gly, L/D-Ala, L/D-Phe or L/DVal in various combinations. From their experiments, three “rules” were
established: (1) CPs containing PG or Px (lowercase letters indicate D-amino
acids) formed type II β-turns, (2) CPs containing GPX, where X ≠ L-Val, formed
type I β-turns, and (3) CPs containing GPV or xPX formed type IIʹ′ β-turns.
Similar observations to (1) have also been made for cyclic pentapeptides, where
sequences containing PG or Px adopt a type II β-turn at those residues, and the
tight turn can be tuned based on the identity and chirality of the rest of the
sequence.98-104 For example, cyclo-(GPfGA), cyclo-(GPfGV), cyclo-(GPaGF),
and cyclo-(GPfGa) all form type II β-turns at 2Px3, but form tight turns at residue
five of αL, αR, γʹ′, and γ, respectively.102

1.3 Experimental Challenges in Cyclic Peptide Design
Though strides have been made in experimentally designing CPs,
formidable challenges still remain, with arguably the most significant challenge
being our poor understanding of their sequence–structure relationships in aqueous
solution. Much of the current experimental structural information for short CPs
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(penta- to octapeptides) comes from either X-ray crystal structures62, 75-76, 78-80, 8384, 86, 88-90, 92, 94-96, 100-101, 105-129

or NMR structures in organic solvent.40, 63, 66, 68, 72-74,

77, 81, 87, 91, 93, 96, 102, 104, 106-115, 130-153

However, the usefulness of such information

for predicting structures of CPs in aqueous solution is limited. X-ray crystal
structures, for example, lack dynamics, providing only a single representation
among a possible ensemble of structures. Additionally, there is no guarantee that
the conformations a CP adopts in organic solvent will remain the same in aqueous
solution. In fact, NMR studies show that CPs often adopt multiple poorly
populated conformations, existing as structural ensembles rather than one
dominant structure.72,

77, 82-83, 102, 154-160

Unfortunately, there are currently no

experimental methods capable of characterizing every conformation in a
structural ensemble.161-163 Therefore, to experimentally establish valid sequence–
structure relationships for CPs in aqueous solution, hundreds of different
sequences would first need to be synthesized and characterized. Then, for the rare
instances where a well-structured CP is indeed discovered, investigations of how
CP sequence controls structure could be performed. To experimentally generate
and rigorously characterize such vast and synthetically challenging CP libraries
would be inefficient, time consuming, and costly. In this respect, computational
simulations are uniquely suited to aid in developing sequence–structure
relationships of CPs, as well as designing CPs to adopt desired structures.
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1.4 Computational Methods and Challenges for Cyclic Peptide Design
Computationally there are various methods for the design and
optimization of CPs, including generating CP libraries for virtual screening,164-169
using fragment-based algorithms for structure prediction,170-179 algorithms to
predict

membrane

permeability,51,

180

and

molecular

dynamics

(MD)

simulations.181-189 Virtual screening of CP libraries is an efficient method to
explore sequence space and identify potential high-affinity binders. However,
virtual screening methods lack the ability to describe CP–solvent interactions,
which have been shown to play crucial roles in the structures CPs adopt.109, 190-194
Furthermore, the behaviors of CPs are drastically different from that of linear
peptides and proteins. Due to their constrained nature, CPs often adopt noncanonical ϕ/ψ angles, making structure prediction based on linear peptide
databases challenging. Similar to virtual screening methods, fragment-based
algorithms lack the capability to describe CP–solvent interactions. Also, most of
the current fragment-based algorithms that support CP structure prediction have
limitations on the size, cyclization method and/or residue types used.171, 174-179 MD
simulations, on the other hand, are capable of treating explicit CP–solvent
interactions and have recently been used in structure prediction of CPs.195-196
Therefore, throughout this dissertation, I focus on the use of MD simulations to
perform systematic studies of CPs and elucidate their sequence–structure
relationships.
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1.5 Challenges in Molecular Dynamics Simulations
The ability to efficiently sample the structural ensemble of any given
cyclic peptide (CP) is a unique challenge. For small CPs (≤ 8 residues), ring strain
makes conformational sampling difficult, as there are often high free energy
barriers between conformations. Larger CPs have their own sampling challenges,
as their free energy landscapes tend to be vast, making efficient sampling
difficult.85, 197 In addition, to accurately model a CP’s structure, explicit solvent
simulations must be performed. Both experimental and computational studies
have shown that CP–solvent interactions can play a crucial role in determining
peptide configurations.109,

190-194

For example, Sander et al. showed that they

could alter the preferred β-turn type adopted by a cyclic tetrapeptide simply by
tuning the polarity of the solvent.193 Unfortunately, the difficulty in efficiently
sampling CP structural ensembles, and the requirement of using explicit solvent
for accurate structure predictions, makes performing conventional MD
simulations at 300 K unfeasible. For example, Figure 1.5 shows the backbone ϕ
and ψ dihedral angle trajectories along each residue of a cyclic octapeptide,
simulated for 1 µs, using conventional MD with explicit solvent. Throughout this
long MD simulation, which took 4 days to run using 1 compute node, there were
barely any conformational changes observed. This suggests that conventional MD
at 300 K was insufficient to sample the structural ensemble of the simulated
cyclic octapeptide. Instead, to characterize the structural ensembles of CPs more
efficiently in explicit solvent, enhanced sampling techniques are needed. In
Chapter 2 I describe the development of an efficient computational method that
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Figure 1.5: Trajectories of ϕ (in red) and ψ (in blue) from MD simulations of
cyclo-(VVVrVVIG). D-amino acids are indicated with lowercase letters.
exploits the essential transitional motions that CPs undergo. The use of this
method allowed for rapid characterization of CP structural ensembles, with the
inclusion of explicit solvent.
In Chapters 3, 4, and 5 I describe computational systematic studies of
cyclic penta-, hexa-, and octapeptides respectively. In Chapter 3, a systematic
study was performed on a template cyclic pentapeptide sequence, cyclo(XAAAA), where X can be any of the 20 natural amino acids. From this study the
preferences of the 20 natural amino acids within a cyclic pentapeptide were
elucidating. Next we performed a systematic study on the cyclic pentapeptide
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sequence, cyclo-(XYAAA), where X/Y are a subset of the 20 natural amino acids.
Using cyclo-(XYAAA) pentapeptides cooperative effects of neighboring residues
were investigated, ultimately culminating in a well-structured sequence in
aqueous solution. In Chapter 4, systematic studies of simple cyclic hexapeptides
were performed, where several general rules and interesting observations were
made. Within this study another well-structured sequence in aqueous solution was
identified, and its robustness as a template for further design was explored.
Lastly, in Chapter 5, I describe an ongoing systematic study of cyclic
octapeptides, where a potentially well-structured sequence was identified and its
sequence–structure relationship was investigated.

1.6 Conclusions
The full potential of CPs remains underexplored, limited by our current
inability to fully predict their 3D structures as well as our poor understanding of
their sequence–structure relationships. In this dissertation I describe the
development of a computational method tailored to cyclic peptides to efficiently
sample their structural ensembles, and the use of that method to perform
systematic studies of small cyclic peptides.
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Chapter 2:
Development of an Efficient Computational Method for
Conformational Sampling of Cyclic Peptides
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2.1 Introduction
To address the challenge of efficiently sampling the conformational
ensembles of cyclic peptides (CP) in explicit solvent (described in Section 1.5),
various enhanced sampling methods have been developed.1-5 One example of an
enhanced sampling technique that has been used to model CP structural
ensembles is replica exchange molecular dynamics (REMD).6-11 REMD is a
technique where a series of non-interacting replicas of the system are simulated in
parallel at different temperatures. At regular time intervals attempts are made to
exchange the configuration of neighboring replicas using a Metropolis criterion
with an acceptance probability:
1
1
− 𝑘 𝑇 − 𝑘 𝑇 (𝑈! − 𝑈! )
! !
! !
𝑝 𝑖   →   𝑗 =   min 1, 𝑒

(2.1)

where i and j are replicas, kB is the Boltzmann constant, T is temperature and U is
the potential energy. REMD exploits the fact that higher temperature replicas can
overcome energy barriers more easily than lower temperature replicas. Therefore,
the more efficient sampling in the higher temperature replicas enhances the less
efficient sampling in the lower temperature replicas (Figure 2.1). One caveat to
REMD is that the temperature spacing between adjacent replicas must be
decreased as the number of degrees of freedom of the system increases. Close
temperature spacing between adjacent replicas is necessary to allow proper energy
overlap for suitable exchanges. This means that the larger one’s system is, the
more replicas are needed to maintain an efficient exchange probability. The
REMD method is also non-specific, enhancing the sampling of all degrees of
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Figure 2.1: Replica-exchange molecular dynamics method. At regular time
intervals attempts are made to exchange the configuration of neighboring
replicas. The more efficient sampling of higher temperature replicas enhances
the less efficient sampling of lower temperature replicas.
freedom. This can be beneficial for systems where the identity of the slow degrees
of freedom are unknown, but can become very computationally intensive as
system sizes grow. On the other hand, if specific degrees of freedom for which the
system is struggling to overcome can be identified, then metadynamics (META)
simulations provide a much more efficient way to enhance conformational
sampling.
In a META simulation, the system is biased along a one-dimensional
reaction coordinate, often called a collective variable (CV).3-4 Throughout the
simulation, history-dependent repulsive Gaussian hills are added along the CV
until its effective free energy profile is flat, allowing for full sampling within the
CV’s free energy space. Once the effective free energy is converged, the
underlying free energy profile can be obtained by summing over all of the
Gaussian hills deposited:
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𝑉 𝑥, 𝑡 =    −
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! ! !!

𝑤𝑒

!

(!!!(! ! ))!
!! !

(2.2)

where x is the CV, x(tʹ′) is the location of the Gaussian hill deposited at tʹ′, and w
and σ are the height and width of the Gaussian hills, respectively (Figure 2.2).
For systems where multiple slow degrees of freedom need to be overcome, biasexchange META (BE-META) simulations can be performed. In BE-META,
multiple META simulations are performed simultaneously, each biased along a
different CV. At regular time intervals exchanges between replicas are attempted,
allowing each individual replica to be enhanced via the assistance of all other
replicas. BE-META can be an incredibly useful technique if the appropriate CV’s
to describe the system are chosen.12 However, BE-META is inefficient if the
CV’s chosen do not target the slow degrees of freedom that the system is

Figure 2.2: Metadynamics method. Repulsive Gaussian hills are added
throughout the simulation until the effective free energy profile is flat. Once
flat the sum of all the Gaussians deposited can be inverted to give the
underlying free energy profile.
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struggling to overcome.13 Another caveat of BE-META is that the biased
trajectories produced are in non-equilibrium since biasing potentials are added
constantly during the simulations, meaning they cannot be utilized directly for
calculating the equilibrium properties of the simulated system. Therefore, in order
to obtain an unbiased structural ensemble one can either perform a Boltzmann
reweighting of the biased trajectories,14 or neutral (non-biased) replicas need to be
added and analyzed. Both META and BE-META methods have previously been
used to model CP structural ensembles.8, 15-17
In a seminal study performed in our lab, Dr. Hongtao Yu utilized both
REMD and BE-META methods to elucidate the structural ensemble of a cyclic
octapeptide, cyclo-(YNPFEEGG), under various force fields.16 In this study, Dr.
Yu found that when REMD was used in combination with the force field
Amber99SB-ILDN,18 it was difficult to reach convergence, and the simulations
remained unconverged even after 300 ns of simulation (taking >5 days to run
using 21 compute nodes) (Figure 2.3). Instead, BE-META was shown to
outperform REMD, converging within 300 ns, using fewer computational
resources (taking 4 days to run using 9 compute nodes). In this study the CVs
chosen for BE-META simulations of cyclo-(YNPFEEGG) were ϕ, ψ, and χ
dihedral angles. Given a CP’s constrained nature the use of backbone and side
chain dihedral angles as CVs is intuitive. However, do they actually capture the
slowest degrees of freedom of the system, i.e. how the CP transitions from one
conformation to another? Our hypothesis was that by studying the way in which
flexible CPs switch conformation we could greatly improve the choice of our CVs
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Figure 2.3: Trajectories of ϕ (in red) and ψ (in blue) from REMD simulations
of cyclo-(YNPFEEGG) starting from two different initial structures (S1 and
S2). Adopted from Ref 16.
	
  
and in turn significantly enhance the efficiency of our conformational sampling.
In this Chapter, we use long conventional MD simulations to show that several
CPs, cyclo-(GGGGGG), cyclo-(AAAAAA), and cyclo-(YNPFEEGG), switch
conformations via coupled two-dihedral angle changes. With this understanding,
we improve the CVs used in our BE-META simulations, leading to rapidly
converging structural ensembles for our CP systems.19
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2.2 Methods
2.2.1 Model Peptides
Initial structures of all CPs, cyclo-(GGGGGG), cyclo-(AAAAAA), and
cyclo-(YNPFEEGG), were built from scratch using the Chimera molecular
modeling package.20 Head-to-tail cyclization of each peptide was performed by
linking the N- and C-terminal residues of the linear peptides, followed by energy
minimization. To monitor convergence, two different initial structures were
prepared for each CP (hereafter referred to as S1 and S2). Convergence is
achieved when the simulations beginning from the two different initial structures
provide similar structural ensembles.
2.2.2 Molecular Dynamics Simulations
Starting from initial structures S1 and S2, MD simulations were performed
using the GROMACS 4.6.7 suite.21 Each initial structure was solvated using preequilibrated water molecules. The box dimensions were chosen such that the
minimum distance between the box walls and any atom of the CP was 1.0 nm.
Counter ions were added as necessary to neutralize charge. The entire system was
then energy minimized using the steepest descent algorithm to remove any bad
contacts. Next, four short equilibration steps were performed. Steps one and two
of equilibration consisted of a 50 ps NVT (isochoric-isothermal) simulation at 300
K and a 50 ps NPT (isobaric-isothermal) simulation at 300 K and 1 bar,
respectively. All peptide heavy atoms were restrained in these steps via a
harmonic potential with a force constant of 1,000 kJ∙mol-1 ∙nm-2 in order to
equilibrate the solvent molecules and adjust the system density. Steps three and
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four of the equilibration consisted of a 100 ps NVT simulation at 300 K and a 100
ps NPT simulation at 300 K and 1 bar, respectively. These steps were performed
without any restraints to equilibrate the entire system. All production runs were
performed using an NPT ensemble at a temperature of 300 K and pressure of 1
bar. The V-rescale thermostat was used to maintain temperature, with a coupling
time constant of 0.1 ps.22 To avoid the “hot solvent-cold solute” problem, the CP
and solvent molecules were coupled to separate thermostats.23-24 The Berendsen
barostat25 was used to maintain pressure, with a coupling time constant of 2.0 ps
and isothermal compressibility of 4.5 × 10-5 bar -1. The leapfrog algorithm with an
integration time step of 2 fs was used to evolve the dynamics of the system. The
LINCS algorithm26 was used to constrain all peptide hydrogen bonds to their
equilibrium values. All non-bonded interactions (electrostatics and van der Waals)
as well as neighbor searching were truncated at 1.0 nm. Long-range electrostatics
beyond 1.0 nm were calculated using the particle mesh Ewald (PME) method27
with a Fourier spacing of 0.12 nm and an interpolation order of 4. To account for
truncation of Lennard-Jones interactions, a long-range analytic dispersion
correction was applied to both energy and pressure. Simulation trajectories were
saved every 1 ps for further analysis.
2.2.3 BE-META Simulations Using Individual Dihedrals as CVs
All BE-META simulations were performed using the PLUMED 2 plugin28
for GROMACS. For CPs cyclo-(GGGGGG) and cyclo-(AAAAAA) the backbone
ϕ/ψ dihedral angles were chosen as CVs (a total of 12 CVs for each CP). For
cyclo-(YNPFEEGG), the φ/ψ/χ angles of Tyr1, Asn2, Phe4, Glu5, Glu6, and the ψ
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angle of Pro3 were chosen as CVs (a total of 18 CVs).16 Replica exchange
attempts occurred every 5 ps for cyclo-(GGGGGG) and cyclo-(AAAAAA) and
every 1 ps for cyclo-(YNPFEEGG). Gaussian hills of height 0.1 kJ mol-1 and
width 0.314 rad were added every 4 ps. Simulation trajectories were saved every
1 ps.
2.2.4 BE-2D-META Simulations Using Coupled Dihedral Angles as CVs
In BE-META simulations targeting coupled dihedral angles, each replica
was biased along two CVs simultaneously (hereafter referred to as BE-2D-META
simulations). Using this scheme, two types of 2D biases were applied to the CPs.
1) Coupled backbone ϕ/ψ dihedral angles of each residue (ϕi × ψi) were biased. 2)
The coupled backbone dihedral angles ψ of a residue and ϕ of the following
residue (ψi × ϕi+1) were biased. Therefore, there were a total of 12 CVs (6 for ϕi ×
ψi and 6 for ψi × ϕi+1) for cyclo-(GGGGGG) and cyclo-(AAAAAA), and a total of
16 CVs (8 for ϕi × ψi and 8 for ψi × ϕi+1) for cyclo-(YNPFEEGG). In BE-2DMETA simulations, five additional neutral replicas were added for analysis of the
unbiased structural ensembles. All other parameters (hill height, hill width,
deposition time, and exchange attempts) were the same as in section 2.2.3.
2.2.5 Boltzmann Reweighting of BE-META Trajectories
In BE-META simulations, biasing potentials are constantly added,
meaning that the systems are in nonequilibrium.14 To allow for the calculation of
equilibrium properties of the simulated systems, we must perform a Boltzmann
reweighting on the biased trajectories. To do so we used the algorithm:
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𝑝!!

!∆!! (!!! )
=    𝑒 !! !

(2.3)

where 𝑠!! is the value of CV i in frame k, ΔGi is the free energy profile along CV i
(where the minimum free energy value has been shifted to 0), kB is the Boltzmann
constant, and T is the temperature. In this method we also calculated ρ, which is a
random number between 0 and 1 and if 𝑝!! ≥ ρ, then frame k in replica i was kept;
otherwise, that frame was discarded.
2.2.6 Reordering Degenerate Sequences
For

the

homogeneous

sequences

cyclo-(GGGGGG)

and

cyclo-

(AAAAAA) each residue is degenerate. Therefore, before any structural ensemble
analysis can be done, we needed to take that degeneracy into account. In our
scheme we used backbone root-mean-squared deviation (RMSD) values to a
reference structure to reorder residue indices. First, the backbone ϕ/ψ dihedral
angles for the entire trajectory were calculated (either Boltzmann reweighted
trajectories or in the case of the BE-2D-META simulations, the raw neutral
replicas). Next, as these are homogeneous cyclic hexapeptides, there are six
possible ways that the residue indices can be assigned for every frame. For all six
cyclic permutations the RMSD to a reference frame was calculated, and the
permutation with the lowest RMSD was used to reassign the residue indices.
2.2.7 Principal Component and Cluster Analysis
We performed dihedral principal component analysis (dPCA)29-30 and a
density peak-based cluster analysis31 to characterize the structural ensembles and
quantify the populations of each cluster for both the reweighted BE-META
trajectories and the raw neutral replicas of the BE-2D-META simulations. For
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dPCA the ϕ/ψ dihedral angles of all residues were used. During clustering, the 2D
principal subspace along PC1 and PC2 was divided into 200 × 200 grids. Cluster
analysis was only performed on the grids with data populations larger than 0.1.
By summing the data populations of the grids for each state, populations were
calculated.
2.2.8 Convergence Analysis
To monitor convergence between S1 and S2 for each simulation we
calculated the overlap of probability density with the final converged reference
results as a function of time. The normalized integrated product (NIP) of the
population densities in the 2D principal subspace is calculated as:
NIP =   

2Σ! 𝜌! 𝜌!,!"#
!
Σ! 𝜌!! +    Σ! 𝜌!,!"#

(2.4)

where ρi and ρi,ref are the population density of grid point i and its reference value,
respectively.8 The NIP value ranges from 0 (no overlap) to 1 (perfect overlap) and
the summation is over all grid points in the principal subspace. In this study the
reference used in each simulation is the populated density calculated from the last
100 ns of the trajectory.
2.2.9 Characterizing β-Turn Types
To characterize the specific β-turn types our CPs adopted we first
calculated the backbone ϕ/ψ dihedral angles of the full trajectories. A particular βturn type was assigned to two consecutive residues if both residues had ϕ/ψ
dihedral angles within 30° of the ideal value for a given type of β-turn. For each
frame all possible pairs of consecutive residues were tested for the presence of a
β-turn.
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2.2.10 Force Field
The force field and water model chosen for this study were RSFF132 and
TIP4P-EW,33 respectively. RSFF1 is a residue specific force field parameterized
utilizing the protein coil library. We hypothesized that a residue specific force
field would be advantageous for CP simulations because CPs are generally small
and only consist of a few types of amino acids. Therefore, an accurate description
of each amino acid individually is crucial. In addition, RSFF1 was shown in a
previous study to describe the structural ensemble of cyclo-(YNPFEEGG) the
best.16

2.3 Cyclic Hexapeptide as a Model System
To understand how CPs switch conformations we chose the model system
cyclo-(GGGGGG).19 An all glycine cyclic hexapeptide was chosen for two
reasons: (1) glycine is the smallest and most flexible amino acid. We
hypothesized that due to glycine’s flexibility cyclo-(GGGGGG) would rapidly
change conformations even when performing conventional MD simulations. (2)
All trans cyclic hexapeptides generally adopt two β-turns stabilized by
intramolecular hydrogen bonds.34-63 Therefore, if cyclic hexapeptides generally
adopt two β-turns, and there are four common β-turn types (Figures 1.4B and C),
we predicted that cyclo-(GGGGGG) would form a total of 10 different turn
combinations (Figure 2.4). Experimentally, several combinations of β-turns have
already been observed within cyclic hexapeptides including (1) a type I β-turn + a
type I β-turn;63 (2) I + II;45, 61 (3) I + Iʹ′;35, 41 (4) I + IIʹ′;48, 56 (5) II + II;42, 44 (6) II +
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Figure 2.4: All 10 possible two-turn combinations for cyclic hexapeptides.
Adopted from Ref 19.
	
  
IIʹ′;56 (7) IIʹ′ + IIʹ′.64 It is possible that the experimental absence of the three
remaining β-turn combinations II + Iʹ′, Iʹ′ + Iʹ′, and Iʹ′ + IIʹ′ is due to how few cyclic
hexapeptides have been successfully characterized, or that the populations of
those turn combinations are very low within the CPs structural ensemble.
2.4 Structural Characterization of Cyclo-(GGGGGG)
We began this study by simulating cyclo-(GGGGGG) for 1 µs using
conventional MD. Within the long MD simulation we observed many
conformational changes (Figure 2.5A). However, before analyzing the
mechanisms of those conformational changes we needed to be certain that the
system was properly converged. Therefore, 300 ns BE-META simulations of
cyclo-(GGGGGG) were also run as a comparison. Figure 2.5B shows that all four
sets of simulations (S1 and S2 from MD and BE-META) have very similar
structural ensembles, suggesting that there were enough conformational switches
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in the 1 µs MD simulation to provide sufficient sampling of the conformational
space.
Next we performed dPCA, projecting the MD results along the three

Figure 2.5: (A) Trajectories of ϕ (in red) and ψ (in blue) from MD simulations
of cyclo-(GGGGGG) starting from two different initial structures (S1 and S2).
(B) Conformational density profiles from dPCA analysis, as a function of the
first two principal components (top) and their corresponding cluster
populations (bottom) from 1 µs MD simulations (50–1000 ns used for analysis)
and 300 ns BE-META simulations (200-300 ns used for analysis). PCA
analysis was performed on all four systems simultaneously. Adopted from Ref
19.
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Figure 2.6: (A) Conformational density profiles from dPCA analysis, as a
function of the first three principal components (top) and their corresponding
cluster populations (bottom) from a 1 µs MD simulation (50-1000 ns used for
analysis). For this analysis the 3D principal subspace was divided into 100 x
100 x 100 grids and cluster analysis was performed only on grids with data
populations larger than 0.02. Clusters are numbered from most populated to
least populated. (B) Ramachandran plots for each cluster, with accompanying
β-turn types and populations. Boxes around residues are colored by β-turn type
(type I, Iʹ′, II, and IIʹ′ β-turns are colored red, orange, green, and blue
respectively). Adopted from Ref 19.
largest principal components, as well as cluster analysis (Figure 2.6A). By
analyzing the Ramachandran plots of each cluster we indeed observe all 10
possible β-turn combinations in the simulation of cyclo-(GGGGGG) (Figure
2.6B). The top cluster of cyclo-(GGGGGG), a type I β-turn + type Iʹ′ β-turn
(32.5%), is also consistent with the experimentally observed X-ray analysis.34
This is an additional validation that the force field chosen is appropriate.

	
  

49	
  

2.5 Conformational Dynamics of Cyclo-(GGGGGG)
Using the β-turn analysis described in section 2.2.9 Julia Rogers was able
to identify residues at each frame of the simulation that had β-turn(s). By studying
various transitions between conformations with different combinations of β-turns
we found that cyclo-(GGGGGG) switches conformation via two distinct
pathways: (1) the transition from one β-turn type to a different β-turn type is
localized to the same two residues (blue boxes in Figure 2.7A and 2.7B). (2) The

Figure 2.7: (A) Examples of the two pathways identified for conformational
switches: in-position change of β-turn type (blue boxes) and shifted-position
change of β-turn type (red boxes). β-turn types I, Iʹ′, II, and IIʹ′ are colored red,
orange, green, and blue respectively. Structural examples of cyclo-(GGGGGG)
from pathway #1 (in-position) and pathway #2 (shifted-position) are shown in
(B) and (C), respectively. Analysis and generation of figures performed by
Julia Rogers. Adopted from Ref 19.
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transition from one β-turn type to a different β-turn type involves a shifting of
residues (red boxes in Figure 2.7A and 2.7C). In the simulation of cyclo(GGGGGG) we found that transitions via pathway #1 occur approximately four
times more often than pathway #2.
We also observed that pathway #1 (in-position changes) generally
involves switching of Iʹ′ ó II, I ó IIʹ′, I ó II, and Iʹ′ ó IIʹ′. By analyzing pathway
#1 more closely we found that there are two different mechanisms for how
dihedral angles change during conformational switches. In the first mechanism a
large change in the ϕ and ψ angles of one residue occur, while all other residues
remain relatively constant. In Figure 2.8A, we show an example of mechanism 1
(coupled ϕ and ψ dihedral angle changes) from pathway #1 (in-position change of
β-turn type), where residues 1 and 2 switch from a type I β-turn to a type IIʹ′ βturn. By studying which dihedral angles changed most during that conformational
switch we found that ϕ1 and ψ1 had coupled dihedral angle changes around 100°.
Mechanism 1 generally accounts for conformational switches of Iʹ′ ó II and I ó
IIʹ′ (Figure 2.8B). In Figure 2.8C, we show an example of mechanism 2 (coupled
dihedral angle changes of ψ of one residue and ϕ of the next residue) from
pathway #1, where residues 4 and 5 switch from a type IIʹ′ β-turn to a type Iʹ′ βturn. In mechanism 2 we found that it was large coupled dihedral angle changes
of ψ4 and ϕ5 that controlled the conformational switch. This mechanism generally
accounts for conformational switches of I ó II and Iʹ′ ó IIʹ′ (Figure 2.8D).
Throughout our analysis we found that for cyclo-(GGGGGG) mechanism 1
(coupled ϕ and ψ dihedral angle changes) occurred ten times more often then
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mechanism 2 (coupled dihedral angle changes of ψ of one residue and ϕ of the
next residue).

Figure 2.8: Examples of conformational switches via pathway #1, highlighting
the two different switching mechanisms. (A) Example of mechanism 1
(coupled ϕ and ψ dihedral angle changes) from pathway #1 (in-position change
of β-turn type). Residues 1 and 2 switch from a type I β-turn to a type IIʹ′ β-turn
(top panel). Large coupled ϕ1 and ψ1 dihedral angle changes enable the
conversion between β-turn types (bottom panel). (B) Typical β-turn type
transitions observed in mechanism 1; the ϕ and ψ dihedral angles of the same
residue change simultaneously. (C) Example of mechanism 2 (coupled
dihedral angle changes of ψ of one residue and ϕ of the next residue) from
pathway #1. Residues 4 and 5 switch from a type IIʹ′ β-turn to a type Iʹ′ β-turn
(top panel). Large coupled ψ4 and ϕ5 dihedral angle changes enable the
conversion between β-turn types (bottom panel). (D) Typical β-turn types
transitions observed in mechanism 2; the ψ dihedral angle of one residue and
the ϕ dihedral angle of the next residue change simultaneously. Analysis and
generation of figures performed by Julia Rogers. Adopted from Ref 19.
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In pathway #2 (shifted-position changes), conformational switches take
longer to complete compared to in pathway #1 and the patters of dihedral angle
changes are more complex. For example, in Figure 2.9A we show that a type II β-

Figure 2.9: Examples of conformational switches of cyclo-(GGGGGG) via
pathway #2 (shifted-position change of β-turn type ). (A) A type II β-turn + a
type II β-turn at residues 1 and 2 and residues 4 and 5 switch to a type Iʹ′ β-turn
+ a type Iʹ′ β-turn at residues 2 and 3 and residues 5 and 6. Coupled dihedral
angles of ψ of one residue and ϕ of the next residue enable the conversion
between β-turn types. For example, ψ6 and ϕ1 change by approximately 100°
simultaneously at ~646.28 ns. (B) A type IIʹ′ β-turn + a type IIʹ′ β-turn at
residues 2 and 3 and residues 5 and 6 switch to a type I β-turn + a type I β-turn
at residues 1 and 2 and residues 4 and 5. Coupled dihedral angles of ψ of one
residue and ϕ of the next residue enable the conversion between β-turn types.
For example, ψ4 and ϕ5 change by approximately 90–100° simultaneously at
~328.925 ns. Analysis and generation of figures performed by Julia Rogers.
Adopted from Ref 19.
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turn + a type II β-turn at residues 1 and 2 and residues 4 and 5 switch to a type Iʹ′
β-turn + a type Iʹ′ β-turn at residues 2 and 3 and residues 5 and 6. This switching
occurs primarily due to the large coupled dihedral angle changes of ψ6 and ϕ1,

Figure 2.10: Examples of coupled two-dihedral switches of cyclo-(GGGGGG)
using (A-C) Amber99sb + TIP3P, and (D-F) Charmm27 + TIP3P. In each
example the results of β-turn analysis are shown above results for the degree of
dihedral angle change. (A, D) Conformational changes occur via pathway #1
(in-position switching), mechanism 1 (coupled ϕi and ψi dihedral angle
changes). (B, E) Conformational changes occur via pathway #1 (in-position
switching), mechanism 2 (coupled ψi and ϕi+1 dihedral angle changes). (C, F)
Conformational changes occur via pathway #2 (shifted-position switching),
mechanism 2 (coupled ψi and ϕi+1 dihedral angle changes). β-turn types I, Iʹ′, II,
and IIʹ′ are colored red, orange, green, and blue respectively. Analysis and
generation of figures performed by Julia Rogers. Adopted from Ref 19.
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though various dihedral angles needed to adjust throughout the switching process
(from ~646.26 ns to ~646.28 ns). By studying the conformational switches of
cyclo-(GGGGGG) in pathway #2 we found that the bottleneck lies in the coupled
dihedral angle changes of ψ of one residue and ϕ of the next residue (Figure 2.9).
Using the RSFF1 force field for long MD simulations of cyclo(GGGGGG) we found that conformational switches occurred via coupled twodihedral angle changes of either ϕi and ψi or ψi and ϕi+1. To assure that these
mechanisms were not in some way induced by the force field we also simulated
cyclo-(GGGGGG) using two additional force fields, Amber99sb65 + TIP3P66 and
Charmm2767 + TIP3P66 (Figure 2.10). These results suggest that the coupled
dihedral angle changes cyclo-(GGGGGG) undergoes to switch conformations are
a feature of CPs in general, and not an artifact of the force field used.

2.6

Conformational

Dynamics

of

Cyclo-(AAAAAA)

and

Cyclo-

(YNPFEEGG)
Next, we tested to see if the observed mechanisms for conformational
switching of cyclo-(GGGGGG) (coupled ϕi and ψi dihedral changes or coupled ψi
and ϕi+1 dihedral changes) were true for other, more complex CP systems. We
began with a homogenous cyclic hexapeptide composed of the simplest all Lamino acid, Alanine, to give cyclo-(AAAAAA).
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Figure 2.11: Examples of coupled two-dihedral switches of cyclo(AAAAAA). In each example the results of β-turn analysis are shown above
results for the degree of dihedral angle change. (A) Conformational changes
occur via pathway #1 (in-position switching), mechanism 1 (coupled ϕi and ψi
dihedral angle changes). (B) Conformational changes occur via pathway #1
(in-position switching), mechanism 2 (coupled ψi and ϕi+1 dihedral angle
changes). (C) Conformational changes occur via pathway #2 (shifted-position
switching), mechanism 2 (coupled ψi and ϕi+1 dihedral angle changes). β-turn
types I, Iʹ′, II, and IIʹ′ are colored red, orange, green, and blue respectively.
Analysis and generation of figures performed by Julia Rogers. Adopted from
Ref 19.
Figure 2.11 shows that cyclo-(AAAAAA) also switches conformation via
coupled two-dihedral angle changes. Throughout the long MD simulation (1.5 µs
total), both pathways and mechanisms are observed. To validate that these
mechanisms for conformational switching are not cyclic hexapeptide specific we
also tested a cyclic octapeptide, cyclo-(YNPFEEGG). Since cyclic octapeptides
do not merely form conformations consisting of two β-turns, we first performed
dPCA followed by cluster analysis of the MD results, and used the resulting
cluster definitions to assign cyclo-(YNPFEEGG) conformational states. Similarly
to cyclo-(GGGGGG) and cyclo-(AAAAAA), we observed coupled two-dihedral
angle changes when cyclo-(YNPFEEGG) switched conformational states (Figure
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2.12). We also analyzed whether χ dihedral angles were linked to conformational
state changes and found no large χ angle changes during conformational switches.

2.7 Comparison of BE-META and BE-2D-META Simulations
From the data gathered in these conventional MD simulations we

Figure 2.12: Examples of coupled two-dihedral switches of cyclo(YNPFEEGG). (A) Changes in conformational state following mechanism 1
(coupled ϕi and ψi dihedral angle changes). A change from state 9 to state 7
(top) occurs via large coupled ϕ7 and ψ7 dihedral angle changes (bottom). (B)
Ramachandran plots for the backbone dihedral angles of the two states
involved in the conformational switch (states 9 and 7). The black box indicates
which residue(s) are undergoing the highest degree of change. (C) Changes in
conformational state following mechanism 2 (coupled ψi and ϕi+1 dihedral
angle changes). A change from state 4 to state 3 (top) occurs via large coupled
ψ6 and ϕ7 dihedral angle changes (bottom). (B) Ramachandran plots for the
backbone dihedral angles of the two states involved in the conformational
switch (states 4 and 3). The black box indicates which residue(s) are
undergoing the highest degree of change. Adopted from Ref 19.
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developed a new set of CVs for BE-META simulations to enhance the
conformational sampling of CPs. In our new BE-2D-META simulations, each CV
is biased along two dimensions simultaneously. For each simulation we have 2D
CVs biasing the backbone ϕ and ψ of each residue (mechanism 1), and 2D CVs
biasing the ψ of one residue and the ϕ of the next residue (mechanism 2).
To test the efficiency of this new method, we began with simulating cyclo(AAAAAA). We performed long conventional MD simulations, BE-META
simulations biasing the 12 backbone dihedral angles independently, and BE-2DMETA simulations with 6 CVs biasing (ϕi × ψi) and 6 CVs biasing (ψi × ϕi+1).
Figure 2.13A shows that even after 1.5 µs of conventional MD simulations, we
were unable to obtain a converged structural ensemble for cyclo-(AAAAAA).
These results are a good example of why efficient enhanced sampling techniques
for CPs are so crucial. In Figure 2.13B-C, we show how the structural ensembles
of initial structures S1 and S2 change with time, and highlight the top three cluster
populations throughout. In our BE-META simulations we obtained a converged
structural ensemble after 400 ns (Figure 2.13B), whereas in BE-2D-META
simulations we obtained converged results within the first 150 ns (Figure 2.13C).
The enhancement of convergence using the BE-2D-META method is also shown
in the NIP plots (Figure 2.13D).
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Figure 2.13: Conformational density profiles as a function of the first two
largest principal components of cyclo-(AAAAAA). (A) 1.5 µs conventional
MD simulations (50–1,500 ns used for analysis), (B) 400 ns BE-META
simulations and (C) 400 ns BE-2D-META simulations. In A–C the three most
populated clusters for S1 and S2 are shown in red (most populated), green
(second most populated), and blue (third most populated). S1 and S2 denote
two different initial structures. (D) Normalized integrated product showing the
overlap between the density profile and the converged result at different
simulation times. Adopted from Ref 19.

In addition to cyclo-(AAAAAA), we tested our new BE-2D-META
method on cyclo-(YNPFEEGG). In the BE-META simulations we biased the
φ/ψ/χ angles of Tyr1, Asn2, Phe4, Glu5, Glu6, and the ψ angle of Pro3 (a total of 18
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CVs). In the BE-2D-META simulations we used 8 CVs biasing (ϕi × ψi) and 8
CVs biasing (ψi × ϕi+1) (a total of 16 CVs). We found that the BE-2D-META
method greatly enhanced the convergence time for cyclo-(YNPFEEGG) when
compared to our BE-META method (Figure 2.14). Simulations starting from the
initial structure S2 converge rapidly using both BE-META and BE-2D-META
methods, whereas simulations starting from the initial structure S1 converge more
slowly. Using the BE-META method, comparing the structural ensembles of S1
and S2 throughout the simulation, convergence is not reached until approximately
350 ns. Then from 300–500 ns the populations of the top cluster start to converge,

Figure 2.14: Conformational density profiles as a function of the first two
largest principal components of cyclo-(YNPFEEGG). (A) 500 ns BE-META
simulations and (B) 500 ns BE-2D-META simulations (in 100 ns increments).
In A and B the most populated cluster for S1 and S2 is shown in red. S1 and
S2 denote two different initial structures. (C) Normalized integrated product
showing the overlap between the density profile and the converged result at
different simulation times. Adopted from Ref 19.
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though there is still some variability from 400–500 ns (Figure 2.14A). On the
other hand, using the BE-2D-META method, convergence of the structural
ensembles for S1 and S2 is reached within 200 ns, and their top clusters begin to
converge after 100 ns and remain similar throughout the simulation (Figure
2.14B). The enhancement of convergence using the BE-2D-META method is also
shown in the NIP plots (Figure 2.14C).

2.8 Conclusions
In this Chapter, we investigated how small CPs switch conformations. We
found that conformational switches occur via two distinct mechanisms, either by
coupled ϕ and ψ dihedral angle changes of the same residue (ϕi × ψi), or by
coupled dihedral angle changes of ψ of one residue and ϕ of the next residue (ψi ×
ϕi+1). We showed that these mechanisms are inherent to the motion of a CP and
not specific to the force field chosen, and that they occur in CPs of different size
and amino acid compositions. Using META with new 2D CVs that targeted these
essential transitional motions, we were able to greatly improve our
conformational sampling for CPs.
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Chapter 3:
Designing a Well-Structured Cyclic Pentapeptide
Through Systematic Studies
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3.1 Introduction
Experimental studies of cyclic pentapeptides, like those described in
Section 1.2, have revealed several general observations and rules for design. For
example, cyclic pentapeptides are typically observed to form structures of a β-turn
plus a tight turn opposite the β-turn, where there are four common types of both
β-turns and tight turns (Figure 3.1).1-8 Another general observation was that
incorporation of a D-amino acid, Pro, or a combination of the two, into cyclic
pentapeptides could induce a stable conformation.2-3,

6-7, 9-16

Yet despite these

studies, there is still very little known about the sequence–structure relationships
of cyclic pentapeptides, especially for those that contain no D-amino acids or Pro
residues.
In this Chapter we use a highly efficient enhanced sampling method
(method development described in Chapter 2) to perform systematic studies of
cyclic pentapeptides. By simulating and analyzing the structural ensembles of >
70 head-to-tail cyclized pentapeptides, we were able to elucidate their individual
sequence–structure relationships. Combining and analyzing all of the data from
our simulations allowed us to design a new, well-structured cyclic peptide (CP).

Figure 3.1: Ideal dihedral angles, representative structures, and hydrogen bond
patterns for the four types of β-turns and four types of tight turns.
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Synthesis and NMR characterization of the newly designed CP showed that it was
remarkably well-structured in aqueous solution. All nuclear Overhauser effect
(NOE) distances and J-coupling constants were fully consistent with the
simulation prediction. Additionally, simulated annealing using the NMR data
produced structures very similar to the predicted structure, with low average
backbone root-mean-squared deviation (RMSD) values.
3.2 Methods
3.2.1 Model Peptides
In this study a total of 73 model CPs were used: cyclo-(GGGGG), cyclo(XAAAA), where X was any of the 20 natural amino acids, cyclo-(XYAAA),
where X/Y was G, A, V, F, R, D, N or S, cyclo-(GFSEV), cyclo-(GNSAV), and
cyclo-(GNSRV). All CPs were prepared as described in Section 2.2.1.
3.2.2 Bias-Exchange Metadynamics Simulations
All BE-META simulations were performed as described in Section 2.2.4
using simulation parameters as described in Section 2.2.2. Gaussian hills of height
0.1 kJ mol-1 and width 0.314 rad were added every 4 ps. Replica exchange
attempts occurred every 5 ps and simulation trajectories were saved every 1 ps.
For analysis of an unbiased structural ensemble, five neutral (unbiased) replicas
were added. All cluster populations and standard deviations were calculated from
the five neutral replicas.
3.2.3 Principal Component and Cluster Analysis
All dihedral principal component analysis (dPCA) and cluster analysis
was performed as described in Section 2.2.7, with one minor change. In this
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study, during cluster analysis, the principal subspace along the first three largest
principal components (PC1, PC2, and PC3) was divided into 50×50×50 grids. In
Chapter 2, the principal subspace along PC1 and PC2 were used, divided into
200×200 grids.
For any homogeneous CP systems, for example cyclo-G5, an additional
reordering step was performed prior to dPCA as described in Section 2.2.6.
Convergence of all systems was monitored as described in Section 2.2.8.
3.2.4 Cut-off Turn Type Analysis
All cut-off turn type analysis was performed as described in Section 2.2.9
where turns were identified if the ϕ/ψ dihedral angles were within 35° of the ideal
values for a specific type of turn. In this Chapter the cut-off turn type analysis was
used to identify all 16 turn combinations from simulations of cyclo-(GGGGG).
Similarly, this analysis was used to compare all 16 types of turn combinations in
the cyclo-(XAAAA) and cyclo-(XYAAA) pentapeptides, as cluster analysis failed
to identify turns with very low populations.
3.2.5 Logo Plot for X in Cyclo-(XAAAA)
To determine the most probable amino acid at each position of a particular
turn combination, we weighted X in cyclo-(XAAAA) using the following scheme.
Using cut-off turn type analysis, we determined the population of the amino acid
X, when X ≠ A, for each of the five locations within a given turn combination.
For the homogenous CP cyclo-(AAAAA), all amino acids are degenerate, and
therefore the population was divided by five for the associated position in the logo
plot.
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3.2.6 Neighbor Analysis for XY in Cyclo-(XYAAA)
To determine the best sequence for a given turn combination, we assigned
a score to every sequence (7 amino acids for 5 residues = 16,807 sequences or 8
amino acids for 5 residues = 32,768 sequences) using the following scheme. We
first broke down our cyclic pentapeptide sequences into five nearest neighbor
pairs. For example, a general sequence of cyclo-(XYZIJ), with a specific β-turn at
residues XY and a specific tight turn at residue I would be broken down as XY,
YZ, ZI, IJ, JX. Then the score for cyclo-(XYZIJ) to adopt a type IIʹ′ β-turn at 1XY2
and an αR turn at I4, for example, was calculated as follows. Using the cut-off
based turn analysis, we analyzed the structural ensemble of cyclo-(XYAAA) to
identify the population of cyclo-(XYAAA) that adopts a type IIʹ′ β-turn at 1XY2
and an αR turn at A4. We then would repeat this process for cyclo-(AYZAA) to
identify the population of cyclo-(AYZAA) that adopts a type IIʹ′ β-turn at 1AY2
and an αR turn at A4, and for cyclo-(AAZIA) to identify the population of cyclo(AAZIA) that adopts a type IIʹ′ β-turn at 1AA2 and an αR turn at I4, etc. From the
five populations, where each pair is located at the desired location of the target
turn combination, the overall score was calculated. Neighbor analysis was first
performed using pairs from cyclo-(XYAAA), where X/Y were G, V, F, R, D, N
and S. Since A was our filler amino acid, all pairs including A were weighted.
The scores for XA and AX pairs were based on the cyclo-(XAAAA) structural
ensembles. The score for AA was taken from cyclo-(AAAAA), and due to its
degeneracy, the population was divided by five to ensure proper normalization.
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3.2.7 Thermodynamics Decomposition
Thermodynamics decomposition analysis was performed to better
understand the origin of structural preferences of each CP. ΔG between clusters
was calculated using the ratios of their populations via the Boltzmann equation.
Next, ΔG was separated into ΔH and ΔS, where ΔH was estimated using the
difference in potential energies between clusters and ΔS was estimated using the
equation ΔS = (ΔH – ΔG)/T. ΔH was then further decomposed into peptide in
vacuum (Δ𝐻!!"# ) and the rest (ΔHrest), by calculating the potential energy of each
group, peptide and solvent/ions (Note that counter ions were only present when
necessary).17 The peptide enthalpy in vacuum was also decomposed based on (1)
!"#$%

bonded interactions, i.e. bonds (Δ𝐻!!"#$ ), angles (Δ𝐻!
!"#.

(Δ𝐻!!"#. ), and improper dihedrals (Δ𝐻!

), proper dihedrals

), and (2) nonbonded interactions, i.e.
!!(!"!!,!)

Lennard-Jones (Δ𝐻!!" ), and short-range plus 1,4 electrostatics (Δ𝐻!

). ΔS

was further decomposed into peptide configurational entropy (Δ 𝑆!!"#$ ) and
solvation entropy (ΔSw). Δ𝑆!!"#$ was estimated using the maximum information
spanning tree (MIST) algorithm18-20 and ΔSw was calculated via ΔSw = ΔS –
Δ𝑆!!"#$ .
3.2.8 Experimental Synthesis, Cyclization, and Characterization
Synthesis, cyclization, and purification of cyclo-(GNSRV) was performed
by Peng Dai, from Dr. Bradley Pentelute’s lab at the Massachusetts Institute of
Technology. All NMR characterization of cyclo-(GNSRV) was performed by
Ashleigh Cummings, from Dr. Joshua Kritzer’s lab at Tufts University.

	
  

74	
  

3.2.9 Simulated Annealing Using NOE and J-Coupling Restraints
Simulated annealing was used to calculate structures of cyclo-(GNSRV)
based on experimental NOE distances and J-coupling (3J-NH,CHα ) results. All
NOE distances and J-coupling constants were provided by Ashleigh Cummings,
from Dr. Joshua Kritzer’s lab at Tufts University. Throughout the simulated
annealing protocol, NOE-based distance restraints were applied to the peptide
with a force constant of 1,000 kJ∙mol-1∙nm-2. Additionally, ϕ dihedral restraints,
estimated from J-coupling constants, were placed on Ser3, Arg4, and Val5 with a
force constant of 1,000 kJ∙mol-1∙rad-2. For Ser3, Arg4, and Val5 the ϕ dihedral
angles were set to –120 ± 30°, –60 ± 30°, and –120 ± 30°, respectively.21-22 First,
two different initial structures, S1 and S2, for cyclo-(GNSRV) were energy
minimized in vacuum. Next, beginning from the minimized structure, 100 replicas
were produced with different initial velocities, and each replica was annealed
from 300 K to 800 K in vacuum for 200 ps in an NVT ensemble (isochoricisothermal). After annealing, each replica was solvated using pre-equilibrated
water molecules. The box dimensions were chosen such that the minimum
distance between the box walls and any atom of the CP was 1.0 nm. Counter ions
were added as necessary to neutralize charge. The entire system was then energy
minimized using the steepest descent algorithm to remove any bad contacts. Next,
the system underwent a 500 ps NVT equilibration 300 K. Lastly, the system was
annealed from 300 K to 500 K and then subsequently down to 5 K over 1 ns in an
NPT ensemble (isobaric-isothermal). The temperature was regulated using the Vrescale thermostat, with a coupling time constant of 0.1 ps.23 The pressure was
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regulated using the Berendsen barostat,24 with a coupling time constant of 2.0 ps
and isothermal compressibility of 4.5 × 10-5 bar -1. The leapfrog algorithm with an
integration time step of 2 fs was used to evolve the dynamics of the system. The
LINCS algorithm25 was used to constrain all peptide hydrogen bonds to their
equilibrium values. For vacuum simulation steps, all non-bonded (electrostatics
and van der Waals) interaction cutoffs were set to 999.0 nm, and the neighbor list
was only constructed once and never updated. For simulation steps in solvent, all
non-bonded interactions as well as neighbor searching were truncated at 1.0 nm.
Long-range electrostatics beyond 1.0 nm were calculated using the particle mesh
Ewald (PME) method26 with a Fourier spacing of 0.12 nm and an interpolation
order of 4. To account for truncation of Lennard-Jones interactions, a long-range
analytic dispersion correction was applied to both energy and pressure. After all
simulation steps, the final frames from each of the 100 trajectories were used to
calculate NOE distance and J-coupling constant violations, as well as backbone
RMSD to the predicted structure.
3.2.10 Force Field
The force field and water model chosen for this study were RSFF227 and
TIP3P,28 respectively. RSFF2 is a residue specific force field parameterized
utilizing the protein coil library, and in a recent study, was shown to accurately
recapitulate the X-ray crystal structures of several CPs with low backbone
RMSDs (< 1.0 Å).29
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3.3 Mapping the Conformational Space of Cyclo-(GGGGG)
As mentioned in Section 3.1, cyclic pentapeptides generally form
structures consisting of a β-turn plus a tight turn opposite the β-turn. By following
this proposed scheme, with the knowledge that there are four common types of βturns and four common types of tight turns (Figure 3.1), a total of 16 possible
turn combinations can be adopted by cyclic pentapeptides. We began this study
by performing BE-META simulations of cyclo-(GGGGG), to map out the
conformational space allowed for cyclic pentapeptides. Much like in Section 2.3,
cyclo-(GGGGG) was chosen as our model system due to the flexibility of Gly.
We found that all 16 possible turn combinations were indeed observed (Figure
3.2), with the most populated conformation being a type II β-turn + an αL tight
turn (14.7±0.6%). Since Gly is an achiral amino acid, we also found that the
mirror image turn combination to the top cluster, IIʹ′+αR, had a similar population.

Figure 3.2: Representative structures with cluster populations for the 16
possible turn combinations from BE-META simulations of cyclo-(GGGGG).
Type I, Iʹ′, II, and IIʹ′ β-turns are colored red, orange, green, and blue,
respectively. Tight turns γ, γʹ′, αR, and αL are colored cyan, magenta, cream,
and brown, respectively.
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In fact, in our simulations, each turn combination had a mirror image with similar
populations (Figure 3.2).
Among the 16 turn combinations formed by cyclo-(GGGGG), clusters
with αR/αL tight turns (top row of Figure 3.2) were more favorable than clusters
with γ/γʹ′ tight turns (bottom row of Figure 3.2). To elucidate where the structural
preferences for cyclo-(GGGGG) originate from we performed thermodynamic
decomposition on the 16 clusters (Table 3.1). Clusters 1 and 2 had approximately
the same thermodynamics, which is consistent with the fact that they are mirror
images of one another (II+αL and IIʹ′+αR). For clusters 3 and 4 (I+αR and Iʹ′+αL),
they both had more favorable solvation enthalpy compared to the top clusters, but
very unfavorable peptide enthalpy. Breaking down the peptide enthalpy further,
we found that clusters 3 and 4 were unfavorable mainly due to coulomb
interactions, angles, and dihedrals. Clusters 5 and 6 (IIʹ′+αL and II+αR) were also
disfavored relative to the top clusters (II+αL and IIʹ′+αR) due to peptide enthalpy,
primarily arising from unfavorable coulomb interactions and dihedrals. The least
populated clusters involving αR/αL tight turns, I+αL and Iʹ′+αR (clusters 7 and 8),
had unfavorable angles and dihedrals compared to the top clusters.
Clusters 9–16 all formed γ/γʹ′ tight turns as opposed to αR/αL tight turns.
All clusters containing γ/γʹ′ tight turns formed two intra-peptide hydrogen bonds,
and therefore had more favorable peptide coulomb interactions compared to the
top clusters. However, clusters 9–16 were disfavored overall due to unfavorable
solvation enthalpy, as well as unfavorable peptide angle and dihedral enthalpies.
Deconvoluting the thermodynamics of cyclo-(GGGGG) has highlighted the
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Table 3.1: Thermodynamic decomposition of cyclo-(GGGGG). Type I, Iʹ′, II,
and IIʹ′ β-turns are colored red, orange, green, and blue, respectively. Tight
turns γ, γʹ′, αR, and αL are colored cyan, magenta, cream, and brown,
respectively. All thermodynamic terms are defined in Section 3.2.7. Results
obtained using cut-off turn analysis (Section 3.2.4). Figure generated by Diana
Slough.
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impact that solvation can have on the structural preferences of a CP, and
demonstrates the necessity for explicit solvent simulations.

3.4 Mapping the Conformational Space of Cyclo-(AAAAA)
To map the conformational space available for a chiral cyclic
pentapeptide, we performed BE-META simulations of cyclo-(AAAAA). Cyclo(AAAAA) was chosen because Ala is the simplest L-amino acid. We
hypothesized that turn combinations with αR turns would be favored over those
with αL turns, based on the ϕ/ψ preferences of L-amino acids. We found that
within the top four most populated clusters of cyclo-(AAAAA), all clusters did
indeed contain an αR tight turn (Figure 3.3). Much like with cyclo-(GGGGG),

Figure 3.3: Populations, representative structures, and Ramachandran plots for
the top four clusters of cyclo-(AAAAA). Type II β, IIʹ′ β, and αR turns shown in
the representative structures and boxed in the Ramachandran plots in green,
blue, and cream, respectively. Distorted type I and Iʹ′ β-turns are boxed with
dashes in the Ramachandran plots and colored red and orange, respectively.
Figure generated by Diana Slough.
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IIʹ′+αR was the most favorable turn combination, with a population of 52.9±0.7%.
The second most populated cluster (30.6±0.8%) was a distorted type I β-turn + αR
tight turn (distorted turns are indicated with dashed boxes in Figure 3.3). This
distorted type I β-turn had dihedral angles similar to those for an ideal type I βturn, but deviation in the ψ angle of the i+2 residue inhibited the necessary
hydrogen bond formation.
Thermodynamic decomposition of cyclo-(AAAAA) showed that the
second most populated cluster (distorted I+αR) had particularly unfavorable
peptide coulomb interactions and dihedrals as well as unfavorable solvation
entropy, compared to the top cluster (Table 3.2). Conformations of the third and
fourth most populated clusters were II+αR and a distorted Iʹ′+αR, respectively. The
top cluster (IIʹ′+αR) was favored over clusters 3 and 4 primarily due to peptide
configurational entropy. Additionally, decomposition of the peptide enthalpy for
clusters 3 and 4 showed that they both had unfavorable coulomb interactions and
cluster 4 (distorted Iʹ′+αR) also had unfavorable angles. Interestingly, though the

Table 3.2: Thermodynamic decomposition of cyclo-(AAAAA). Type I, Iʹ′, II,
and IIʹ′ β-turns are colored red, orange, green, and blue, respectively and
distorted β-turns are underlined. The tight turn αR is colored cream. All
thermodynamic terms are defined in Section 3.2.7. Figure generated by Diana
Slough.
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factors that stabilize the top clusters of cyclo-(GGGGG) and cyclo-(AAAAA)
differ, the preferred order of the αR-containing clusters remained the same.
Overall, we found that the most populated cluster of cyclo-(GGGGG), and
its mirror image counterpart, were favored over the other clusters due to either
peptide (clusters 3–8) or solvation enthalpy (clusters 9–16). On the other hand, the
most populated cluster of cyclo-(AAAAA) was favored over the others due to
either configurational (clusters 3 and 4) or solvation entropy (cluster 2). These
thermodynamic decomposition results provide another example of why explicit
solvent simulations are necessary to accurately describe CP systems. Without the
use of explicit solvent we would lack the ability to fully characterize the complex
balance between peptide enthalpy, solvation enthalpy, and entropy for these
simple cyclic pentapeptides.

3.5 Elucidating Structural Preferences of Each Amino Acid With Simulations
of Cyclo-(XAAAA)
To identify how different amino acid identities affect CP structural
preferences, we performed BE-META simulations of cyclo-(XAAAA), where X
was any of the 20 natural amino acids. The population and turn combination of
the top three most populated clusters for each of the 20 sequences are shown in
Table 3.3. By analyzing all of the turn combinations that these 20 sequences
adopt, we found that the IIʹ′+αR combination dominated, with a population of
approximately 75% (Figure 3.4A). The second most populated cluster (~14%)
was a distorted I+αR. Figure 3.4A shows that the addition of a single X residue to
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Table 3.3: Populations and turn combinations are shown for the top three most
populated clusters. Type I, Iʹ′, II, and IIʹ′ β-turns are colored red, orange, green,
and blue, respectively and distorted β-turns are underlined. The tight turn αR is
colored cream.
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Figure 3.4: (A) Populations of 16 turn combinations from simulations of
cyclo-(XAAAA). Results obtained using cut-off turn analysis (Section 3.2.4).
(B) Populations and representative structures of the three most populated
clusters of cyclo-(VAAAA), cyclo-(NAAAA), and cyclo-(SAAAA). Type IIʹ′
β-turn and αR turn are shown and their locations in the sequences are
highlighted in blue and cream, respectively. The location of the distorted type I
β-turn in the sequences is highlighted in red and underlined.
the cyclo-(AAAAA) sequence generally widened the gap between the IIʹ′+αR and
distorted I+αR combinations, compared to cyclo-(AAAAA) (Figure 3.3).
Although the IIʹ′+αR combination was by far the most observed for all 20
sequences, the locations of the type IIʹ′ β-turn and αR turn varied (Table 3.3 and
Figure 3.4B). Typically, the X in cyclo-(XAAAA) was either in the i+1 position
of the type IIʹ′ β-turn, or at the i position, immediately before the type IIʹ′ β-turn.
Interestingly, the top three clusters for most of the XAAAA sequences contain
only type IIʹ′ β-turns or distorted type I β-turns, at various positions (Table 3.3).
Several representative structures for cyclo-(VAAAA), cyclo-(NAAAA), and
cyclo-(SAAAA) are shown in Figure 3.4B. For each of these three sequences, the
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three most populated clusters formed either a type IIʹ′ β-turn or a distorted type I
β-turn. The only sequences with non-distorted type I/Iʹ′ β-turns contain either a
Gly or Pro residue. We hypothesize that the flexibility of Gly, or the rigidity of
Pro are what allow for the proper hydrogen bond orientation in these CPs.
By combining the results from all 20 XAAAA sequences, we constructed
a logo plot showing the preferences of each amino acid in the IIʹ′+αR turn
combination (Figure 3.5). We hypothesized that by combining the most probable
amino acid at every position from our logo plot, we would produce a wellstructured CP that adopted IIʹ′+αR. Using BE-META, we simulated the sequence
cyclo-(GFSEV). We found that the most populated cluster (55%) was indeed the

Figure 3.5: Logo plot for cyclo-(XAAAA) with the IIʹ′+αR turn combination.
Type IIʹ′ β-turn and αR turn are colored blue and cream, respectively. Results
obtained using cut-off turn analysis (Section 3.2.4).
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Figure 3.6: Populations, representative structures, and Ramachandran plots for
the top three clusters of cyclo-(GFSEV). Type I and IIʹ′ β-turns are boxed in red
and blue, respectively and distorted β-turns are show with dashed boxes. Tight
turns γ and αR are boxed in cyan and cream, respectively.
IIʹ′+αR turn combination, with the type IIʹ′ β-turn at 1GF2 and the αR tight turn at E4
(Figure 3.6). However, this population was not significantly increased from the
top cluster of the original cyclo-(AAAAA) (53%). This result suggests that the
structural preferences of the 20 amino acids within cyclo-(XAAAA) are not
necessarily additive. It also implies that neighboring residues could have a
significant affect on the structural preferences of one another.

3.6 Structural Ensembles of Cyclo-(XYAAA) Reveal Cooperative Effects
Between Neighboring Amino Acids
To investigate how neighboring residues affect a CPs structural ensemble,
Diana Slough performed BE-META simulations of cyclo-(XYAAA), where X/Y
was G, A, V, F, R, D, N or S. These eight amino acids were chosen as a
representative subSection of the 20 natural amino acids. The population and turn

	
  

86	
  

combination of the top three most populated clusters for each of the 56 sequences
are shown in Table 3.4. Much like with cyclo-(XAAAA) sequences, most
XYAAA sequences formed a αR tight turn, which is consistent with the ϕ/ψ
preferences for L-amino acids. However, with some XY combinations, the γ tight
turn was preferred. For example, the most populated cluster of cyclo-(RVAAA)
forms a type IIʹ′ β-turn at 3AA4 and the αR tight turn at R1. In the second cluster, a
type IIʹ′ β-turn is again formed at 3AA4, but now with a γ tight turn at R1.
Comparing all 16 types of turn combinations, we found that IIʹ′+αR was the
most prevalent, occurring in the most populated cluster for 49/56 sequences.
However, similarly to cyclo-(XAAAA), the turn locations varied depending on
the sequences. For example, the most populated clusters of NGAAA, NVAAA,
and NRAAA formed IIʹ′ β-turns at

2

GA3,

3

AA4, and

1

NR2, respectively.

Furthermore, there were numerous sequences where the location of IIʹ′+αR varied
within the top three clusters. For example, in the sequence FNAAA, the top three
clusters all formed IIʹ′+αR, but with the IIʹ′ β-turn at 2NA3, 1FN2, and 5AF1,
respectively. Though the IIʹ′+αR turn combination was by far the most prevalent, a
number of sequences also formed a distorted I+αR. In fact, the top clusters of
FDAAA and RDAAA, for example, both formed distorted type I β-turns at 5AF1
and 5AR1, respectively. Interestingly, sequences with D in the X/Y position had
the highest propensity to form a distorted type I β-turn, with 50% of the
configurations in the top three clusters for DXAAA forming that turn type. The
turn combination Iʹ′+αR was also seen, and always involved a Gly residue.
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Table 3.4: Populations and turn combinations are shown for the top three most
populated clusters. Type I, Iʹ′, II, and IIʹ′ β-turns are colored red, orange, green,
and blue, respectively and distorted β-turns are underlined. The tight turns γ
and αR colored cyan and cream, respectively. Figure generated by Diana
Slough.
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Figure 3.7: Neighbor score analysis without inclusion of Ala predicted cyclo(GNSRV) to have the highest preference to adopt a IIʹ′+αR turn combination.
(Top) IIʹ′+αR turn combination for cyclo-(GNSRV) and five parent sequences:
cyclo-(GNAAA), cyclo-(ANSAA), cyclo-(AANRA), cyclo-(AAARV), and
cyclo-(GAAAV). Neighbor pairs are bolded, and type IIʹ′ β-turn and αR tight
turn are colored in blue and cream, respectively. (Bottom) Neighbor scores,
which were calculated from using cut-off analysis for the corresponding IIʹ′+αR
turn combination. Figure generated by Diana Slough.

For example, the most populated clusters of GGAAA and DGAAA both formed a
Iʹ′ β-turn at 5AG1 and 5DG1, respectively.
3.7 Rational Design of Well-Structured CPs
In order to design a well-structure CP, we developed a scoring function
based on the populations from the structural ensemble results of cyclo-(XYAAA).
The scoring function combined the structural preferences of each neighboring pair
(XY, YZ, etc.) in a cyclic pentapeptide cyclo-(XYZIJ) for a specific conformation
(see Section 3.2.6). We first analyzed the structural preferences and developed
scoring functions for XY pairs, where X/Y was G, V, F, R, D, N or S (16,807
total sequences). We initially omitted Ala in this analysis, as it was our common
filler residue for the XYAAA simulations. Among all of the sequences, cyclo(GNSRV) received the highest score (1.287) for the IIʹ′+αR turn combination
(Figure 3.7 and highlighted in blue in Figure 3.8). In comparison, highlighted in
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Figure 3.8: Distribution of scores for a IIʹ′+αR turn combination from all
32,768 sequences of cyclo-(XYZIJ), where X/Y/Z/I/J were G, A, V, F, R, D, N
or S. Well-structured CPs cyclo-(GNSRV) and cyclo-(GNSAV) and their
associated scores are highlighted in blue. Cyclo-(GFSDV), the proxy of cyclo(GFSEV), from cyclo-(XAAAA) simulations, and its score are highlighted in
red. Figure generated by Diana Slough.
red in Figure 3.8 is cyclo-(GFSDV), the closest proxy to cyclo-(GFSEV),
identified from the cyclo-(XAAAA) simulations. Cyclo-(GFSDV) ranked number
277 among all of the sequences, with a score of 1.051. From BE-META
simulations, we found that cyclo-(GNSRV) was indeed well-structured, with the
most populated cluster (67%) forming a type IIʹ′ β-turn at 1GN2 and a αR turn at
R4, as predicted. The three most populated clusters of cyclo-(GNSRV) are shown
in Figure 3.9.
Next, we devised a scoring function for Ala, using the structural
preferences of AA in cyclo-(AAAAA) and XA and AX in cyclo-(XAAAA).
Using neighbor analysis, and the appropriate weighting for Ala (see Section
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Figure 3.9: Populations, representative structures, and Ramachandran plots for
the top three clusters of cyclo-(GNSRV). Type IIʹ′ β-turns are boxed in blue.
Tight turns γ and αR are boxed in cyan and cream, respectively. Figure
generated by Diana Slough.
3.2.6), we scored all 32,768 sequences for the IIʹ′+αR turn combination (Figure
3.8). Of all 32,768 sequences, cyclo-(GNSAV) received the highest score (1.402,
highlighted in blue in Figure 3.8). By performing BE-META simulations, we
found that cyclo-(GNSAV) was indeed well-structured, with the most populated
cluster (73%) forming a type IIʹ′ β-turn at 1GN2 and a αR turn at A4, as predicted.
We also performed thermodynamic decomposition analysis on cyclo(GNSRV) as well as its five parent XYAAA sequences to better understand why
it was well-structured (Table 3.5). First, we compared the location of the turns in
cyclo-(GNSRV) to the location of the turns in the five parent sequences. Cyclo(GNAAA), cyclo-(AAARV), and cyclo-(GAAAV), all had the IIʹ′+αR turn
combination in the same location as for cyclo-(GNSRV). However, the proper
IIʹ′+αR turn combination for cyclo-(ANSAA) and cyclo-(AASRA) were found in
clusters 3 and 2, respectively. Next, comparing the thermodynamics of cyclo-
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Table 3.5: Thermodynamic decomposition for (A) cyclo-(GNSRV), (B) cyclo(GNAAA), (C) cyclo-ANSAA, (D) cyclo-(AASRA), (E) cyclo-AAARV), and
(F) cyclo-(GAAAV). Type I, Iʹ′, and IIʹ′ β-turns are colored red, orange, and
blue, respectively and distorted β-turns are underlined. Tight turns γ and αR are
colored cyan and cream, respectively. In B–F, arrows indicate the turn
combination that is at the same location as in cyclo-(GNSRV). For A–B and
E–F, boxes indicate factors that stabilize the most populated cluster. In C–D,
the factors that stabilize the most populated cluster are ambiguous, with error
bars larger than the average. All thermodynamic terms are defined in Section
3.2.7. Figure generated by Diana Slough.
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(GNSRV) to the five parent sequences, we found that numerous factors were
involved in the stabilization of the most populated cluster, and that these factors
were generally consistent between the parent sequences and cyclo-(GNSRV). For
example, the most populated cluster of cyclo-(GNSRV) formed a IIʹ′+αR, and the
second most populated cluster formed a IIʹ′+γ. The same is also true for parent
sequences cyclo-(AAARV) and cyclo-(GAAAV). Additionally, for all three of
these sequences the most populated cluster is stabilized over the second cluster
due to enthalpy. Specifically, even though the second cluster for these sequences
(IIʹ′+γ) has more favorable peptide electrostatics (due to the γ-turn allowing for
two intra-peptide hydrogen bonds to form), it has poor dihedrals, and far more
unfavorable solvation enthalpy compared to the most populated cluster. From our
thermodynamic analysis we also found that the most populated cluster of cyclo(GNSRV) was both enthalpically and entropically more stable than clusters 2 and
3. This characteristic of cyclo-(GNSRV) distinguishes it from any of the five
parent sequences, whose most populated clusters were stabilized by either
enthalpy or entropy alone.

3.8 Experimental Validation of Simulated Results
To test our prediction, we chose to have cyclo-(GNSRV) synthesized and
its structure characterized in aqueous solution via NMR. Synthesis and NMR
characterization were performed by Peng Dai, from Dr. Bradley Pentelute’s lab at
MIT and Ashleigh Cummings, from Dr. Joshua Kritzer’s lab at Tufts University,
respectively. We selected cyclo-(GNSRV) over cyclo-(GNSAV) because we
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predicted the Arg would help with water solubility. The 1D spectrum and 2D
spectra from ROESY and TOCSY experiments showed that overall, protons had
unique, well-resolved and well-dispersed chemical shifts, consistent with a single
predominant structure (Figure 3.10B). In addition, several observed NOEs lend
support that cyclo-(GNSRV) indeed forms a IIʹ′+αR turn combination, with a type

Figure 3.10: (A) Most populated conformation of cyclo-(GNSRV) from BEMETA simulations. Type IIʹ′ β-turn and αR tight turn colored blue and cream,
respectively. (B) Fingerprint region of the 2D spectra for cyclo-(GNSRV),
with TOCSY peaks shown in blue and ROESY peaks shown in red. 1D spectra
correspond to the HN region (top) and Hα region (side). (C) NOEs for cyclo(GNSRV). (D) J-coupling values and associated torsional restraints for cyclo(GNSRV). Torsional restraints could only be estimated for J-coupling values <
5 Hz (–60±30°) or > 8 Hz (–120±30°).21-22 The peptide was dissolved in
H2O:D2O (90:10) at a concentration of approximately 3.5 mM. 1D and 2D 1H
NMR spectra were recorded on a Bruker 500 MHz spectrometer at 290 K.
Figure A generated by Diana Slough. Figures B–D generated by Ashleigh
Cummings from Dr. Joshua Kritzer’s Lab at Tufts University.
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IIʹ′ β-turn at 1GN2 and a αR turn at A4, as predicted. For example, the strong NOE
observed between Asn2(HN) and Ser3(HN) provides strong support of a type II/IIʹ′
β-turn, rather than a type I/Iʹ′ β-turn (Figure 3.10C). For type I/Iʹ′ β-turns, the HN
proton distances between the i+1 and i+2 residues and the i+2 and i+3 residues
are both small (< 3 Å). However, for type II/IIʹ′ β-turns, only the HN proton
distance between the i+2 and i+3 residues is small (< 3 Å) (Figure 3.11).
Therefore, the lack of a strong NOE peak between Gly1(HN) and Ser3(HN), is
evidence of a type II/IIʹ′ β-turn. Similarly, we observed a strong NOE between
Arg4(HN) and Val5(HN), which supports the existence of a αR/αL tight turn
centered around Arg4, rather than a γ/γʹ′ tight turn. For tight turns, only the αR/αL
turns have an HN proton distance between the i+1 and i+2 residues that is small (<
3 Å). For γ/γʹ′ turns, since the peptide bond between the i+1 and i+2 residues is
flipped, the HN proton distance is significantly longer (> 3 Å) (Figure 3.11).
Based on J-coupling values, we ultimately determined that the tight turn around

Figure 3.11: Ideal β-turns and tight turns with HN–HN distances.
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Arg4 was a αR rather than a αL (Figure 3.10D). The estimated J-coupling value
for the ϕ dihedral angle of Arg4 was –60 ± 30°, which is consistent with the ϕ for
a αR turn. Similarly, the ϕ angles for Ser3 and Val5 were both estimated to be –120
± 30° from J-coupling values, which are also in agreement with the predicted
structure (Figure 3.10D and Figure 3.9).

3.9 Simulated Annealing Using NOE Restraints and J-Coupling Constants
Using the experimental NOE distances as well as ϕ angles estimated from
J-coupling values we performed annealing simulations to generate structures for
cyclo-(GNSRV). From the structures generated in these simulations (for details
see Section 3.2.9), as well as 100 structures randomly sampled from the most
populated cluster of BE-META simulations, we calculated violations and
backbone RMSD values (Figure 3.12). We found that the 100 structures
randomly sampled from the most populated cluster of cyclo-(GNSRV) from BEMETA simulations had very few NOE violations and almost no ϕ angle
violations. The only observed NOE violations were within the side chain of Arg4,
where 42% of structures had a violation between Arg4(Hα) and Arg4(Hδ) protons
and 1% of structures had a violation between Arg4(Hε) and Arg4(Hβ) protons
(Figure 3.12A). Structures obtained from simulated annealing, starting from two
different initial configurations (S1 and S2), were very similar to those from the
most populated cluster of cyclo-(GNSRV). For each of the simulated annealing
structures (100 total structures for both S1 and S2), we calculated a backbone
RMSD to the predicted structure. Average backbone RMSD values for S1 and S2

	
  

96	
  

Figure 3.12: (A) An overlay of 100 structures extracted from the most
populated cluster of cyclo-(GNSRV) from BE-META simulations. For each
structure, NOE distance violations as well as J-coupling violations were
calculated and are shown in accompanying tables. An overlay of 100 structures
from simulated annealing, beginning from initial structures (B) S1 and (C) S2,
with accompanying average backbone RMSD to the predicted structure. For
each structure, NOE distance violations as well as J-coupling violations were
calculated and are shown in accompanying tables. For NOE distance
violations, a “#” symbol indicates ambiguous hydrogens. In these instances, all
permutations of the interaction were calculated and the best fit was chosen.
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were 0.21±0.10 Å and 0.32±0.19 Å, respectively (Figure 3.12B–C). Structures
obtained from simulated annealing also had very few NOE violations and almost
no ϕ angle violations. The most frequently observed violation was again within
the side chain of Arg4, where 42% of S1 structures and 50% of S2 structures had a
violation between Arg4(Hα) and Arg4(Hδ) protons. All other violations calculated
for S1 and S2 occurred in ≤ 5% of the structures. The results from simulated
annealing, using experimental NOE distances as well as ϕ angles estimated from
J-coupling values as constraints, indicate that cyclo-(GNSRV) is indeed wellstructured. The low average backbone RMSD values, calculated from S1 and S2
structures, show that only one dominant structure was produced. Additionally, by
calculating NOE and ϕ angle violations we showed that the experimental results
are consistent with cyclo-(GNSRV) having a IIʹ′+αR turn combination, as
predicted.

3.10 Conclusions
In this Chapter, we utilized an efficient enhanced sampling method,
tailored to CPs, to perform a systematic study of cyclic pentapeptides. We found
that neighboring residues have a large impact on the structural preferences of
cyclic pentapeptides. By combining all of our structural ensemble data, we
developed a scoring function, which enabled us to design well-structured CPs.
One of the highest scoring sequences, cyclo-(GNSRV), was indeed predicted to
be well-structured from BE-META simulations, and experimental verification of
cyclo-(GNSRV) in aqueous solution fully corroborated the simulated results.
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Importantly, this designed CP sequence is well-structured despite lacking any Pro
residues, which is a common strategy to stabilize turn structures as mentioned in
Section 1.2.
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Chapter 4:
Systematic Studies of Cyclic Hexapeptides

Reproduced in part with permission from:
McHugh, S. M.; Yu, H.; Slough, D. P.; Lin, Y.-S.
Mapping the Sequence–Structure Relationships
of Simple Cyclic Hexapeptides
Phys. Chem. Chem. Phys. 2017, 19, 3315
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4.1 Introduction
Experimental systematic studies of cyclic hexapeptides, like those
described in Section 1.2, have elucidated several general observations and rules
for design. For example, cyclic hexapeptides often adopt conformations with two
β-turns opposite one another, allowing for two intra-peptide hydrogen bonds to be
formed by the remaining non-turning residues (see Table 4.1C for common βturn types).1-30 In addition, Gierasch et al. developed a set of rules to predict
which β-turn types would be formed based on the positioning of Pro residues and
D-amino

acids.13 However, despite these systematic studies, there is still very little

known about the sequence–structure relationships of cyclic hexapeptides, making
de novo structure prediction challenging.
In this Chapter, we perform a systematic study on cyclo-(GnA6–n) and
cyclo-(GnV6–n) hexapeptides to elucidate their sequence–structure relationships.31
From these simulations, several general rules and interesting observations are
reported, and a well-structured sequence, cyclo-(VVGGVG), is identified. NMR
characterization and annealing simulations show that cyclo-(VVGGVG) is indeed
well-structured, with a conformation that matches the simulation prediction.
Lastly, an additional systematic study is performed on cyclo-(VVGGVG) to
investigate its robustness as a template for further design.
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4.2 Methods
4.2.1 Model Peptides
Systematic studies were used to explore the sequence–structure
relationships for two cyclic hexapeptide systems. Starting with an all-Gly cyclic
hexapeptide, cyclo-G6, we systematically replaced Gly residues with Ala and
characterized the structural ensembles of different variants of cyclo-(GnA6–n). We
also performed an analogous study on cyclo-(GnV6–n) hexapeptides to study the
effects of having a larger side chain. All model peptides were prepared as
described in Section 2.2.1.
4.2.2 Bias-Exchange Metadynamics Simulations
All BE-META simulations were performed as described in Section 2.2.4
using simulation parameters as described in Section 2.2.2. Gaussian hills of height
0.1 kJ∙mol–1 and width 0.314 rad were added every 4 ps. Replica exchange
attempts occurred every 5 ps and simulation trajectories were saved every 1 ps.
For analysis of an unbiased structural ensemble, five neutral (unbiased) replicas
were added. All cluster populations and standard errors of the mean were
calculated from the five neutral replicas.
4.2.3 Principal Component and Cluster Analysis
All dihedral principal component analysis (dPCA) and cluster analysis
were performed as described in Section 2.2.7, with one minor change. In this
study, during cluster analysis, the principal subspace along the first three largest
principal components (PC1, PC2, and PC3) was divided into 50×50×50 grids. In
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Chapter 2, the principal subspace along PC1 and PC2 were used, divided into
200×200 grids.
For any CP systems with sequence symmetry, for example cyclo-G6 or
cyclo-(AGGAGG), an additional reordering step was performed prior to dPCA as
described in Section 2.2.6. Convergence of all systems was monitored as
described in Section 2.2.8.
4.2.4 Thermodynamics Decomposition
Thermodynamic decomposition results were obtained as described in
Section 3.2.7.
4.2.5 Experimental Synthesis, Cyclization, and Characterization
Synthesis, cyclization, and purification of cyclo-(VVGGVG) was
performed by Peng Dai, from Dr. Bradley Pentelute’s lab at the Massachusetts
Institute of Technology. All NMR characterization of cyclo-(VVGGVG) was
performed by Ashleigh Cummings, from Dr. Joshua Kritzer’s lab at Tufts
University.
4.2.6 Simulated Annealing Using NOE and J-Coupling Restraints
A simulated annealing protocol for cyclo-(VVGGVG) was performed as
described in Section 3.2.9. All NOE distances and J-coupling (3J-NH,CHα) constants
were provided by Ashleigh Cummings, from Dr. Joshua Kritzer’s lab at Tufts
University. For cyclo-(VVGGVG), ϕ dihedral restraints, estimated from Jcoupling constants, were placed on Val2 and Val5 with ϕ dihedral angles set to –
60 ± 30° and –120 ± 30°, respectively.32-33
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4.2.7 Force Field
The force field and water model used in this study were RSFF234 +
TIP3P35, as described in Section 3.2.10.

4.3 Structural Ensembles of Cyclo-(GnA6–n)
As mentioned in Section 4.1, cyclic hexapeptides generally form
structures consisting of two β-turns at the opposite ends with two intra-peptide
hydrogen bonds.1-30 Table 4.1A summarizes the populations and β-turns observed
in the most populated conformations adopted by the cyclo-(GnA6–n) peptides.
Indeed, the most populated conformation of cyclo-G6 as well as the 13 other
cyclo-(GnA6–n) peptides (numbered A–1 to A–13 in Table 4.1A) all adopted
conformations that consisted of two β-turns. For example, both cyclo-G6 (Figure

Table 4.1: (A) GnA6–n and (B) GnV6–n cyclic hexapeptides. Populations and
turn types are shown for the most populated conformation of each sequence.
Residues forming type I, Iʹ′, II, and IIʹ′ β-turns are colored red, orange, green,
and blue, respectively. Residues forming γ turns are colored in cyan. (C) Ideal
dihedral angles for the four types of β-turns and γ-turn. Adopted from Ref 31.
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Figure 4.1: Populations, representative structures, and Ramachandran plots for
the top three clusters of cyclo-G6. Type I, Iʹ′, II, and IIʹ′ β-turns are shown in the
representative structures and boxed in the Ramachandran plots in red, orange,
green, and blue, respectively. Adopted from Ref 31.
4.1) and cyclo-(AAGAGG) (A–6) adopted most populated conformations with βturn combinations of type I + type Iʹ′, which is consistent with the experimental Xray crystal structures obtained for these two CPs.1, 8 In addition, the X-ray crystal
structure for cyclo-(AAGGAG) (A–7) showed a conformation consisting of a type
I β-turn + a type IIʹ′ β-turn,8 which in our simulation was the third most populated
conformation (8.0 ± 0.1%). Our results in Table 4.1A are also consistent with the
general observation that CPs tend to adopt multiple conformations in solution.4, 9,
14-15, 36-43

Our simulations of cyclo-(GnA6–n) form structural ensembles with the

most populated conformations typically around 15–40%.
One interesting observation from these data was that as more Ala residues
were added into the sequences, the occurrence of type Iʹ′ β-turns disappeared and
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type I and II β-turns became more prevalent. The disappearance of type Iʹ′ β-turns
with the addition of more L-amino acids is to be expected. Both of the ideal ϕi+1
and ϕi+2 dihedral angles for a type Iʹ′ β-turn are in the positive ϕ region of the
Ramachandran plot, which is normally unfavorable for L-amino acids (Table
4.1C). It was also observed that residues AG were generally associated with type
I and II β-turns, whereas residues GA were generally associated with type I and IIʹ′
β-turns. This observation is consistent with the ϕ/ψ preferences for Ala, preferring
to have ϕ angles in the negative ϕ region of the Ramachandran plot (Table 4.1C).
Although residues AA were more likely to form type I β-turns, we found that the
most populated conformation of cyclo-A6 (A–13), adopted two type II β-turns.
Suggesting that the rationales for CPs adopting certain conformations are more
intricate than simply following ϕ/ψ preferences of individual residues.
Another interesting observation was that β-turn combinations of I + I or Iʹ′
+ Iʹ′ were never highly populated (Table 4.1), which is consistent with how
infrequently those turn combinations are seen in experimental studies of cyclic
hexapeptides (one I + I29 and no Iʹ′ + Iʹ′).1-16, 18-30, 44 For cyclo-G6, we showed
previously (Chapter 2) that all ten possible two β-turn combinations were formed
and that combinations of I + I or Iʹ′ + Iʹ′ had the lowest populations. In this study,
we used cyclo-G6 again to rationalize these observations by investigating intrapeptide Coulomb interactions (Figure 4.2). We found that β-turn combinations of
I + I (or Iʹ′ + Iʹ′ since Gly is achiral and the energetics for I + I and Iʹ′ + Iʹ′ are the
same) resulted in strong Coulombic repulsions between the two non-turning
residues (Figure 4.2J). For β-turn combinations of I + I the bridging C==O bonds
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Figure 4.2: Structure and Coulombic interaction (kJ/mol) between C==O and
NH of the two non-turning residues (residues 3 and 6) for configurations with
β-turn combinations (A) I + Iʹ′, (B) II + Iʹ′, (C) I + IIʹ′, (D) II + IIʹ′, (E) Iʹ′ + IIʹ′,
(F) I + II, (G) II + II, (H) IIʹ′ + IIʹ′, (I) Iʹ′ + Iʹ′, and (J) I + I in cyclo-G6. The
C==O bonds of the two non-turning residues point towards different sides of
the CP plane in A–D, but towards the same side in E–J. Interactions found in
the accompanying tables are highlighted by black lines on the representative
structures. For configurations E and G–J individual clusters were not found,
due to their low populations within the structural ensemble of cyclo-G6.
Instead, structures containing turns whose dihedrals were within 30° of the
ideal value for a given type of β-turn were extracted from the neutral replicas
of the BE-META simulations and analyzed. Adopted from Ref 31.
pointed towards the same side of the CP plane (both C==O3 and C==O6 pointing
into the page in Figure 4.2J). Similar Coulombic repulsions were also observed
in β-turn combinations Iʹ′ + IIʹ′, I + II, II + II, IIʹ′+IIʹ′, and Iʹ′ + Iʹ′ (Figures 4.2E–I,
respectively). β-turn combinations I + I and Iʹ′ + Iʹ′ had the strongest Coulomb
repulsions because type I/Iʹ′ β-turns are more narrow than type II/IIʹ′ β-turns. In
contrast, conformations with β-turn combinations I + Iʹ′, II + Iʹ′, I + IIʹ′, and II + IIʹ′
(Figures 4.2A–D, respectively) all had reduced Coulomb repulsions between
bridging C==O bonds. For these β-turn combinations one of the bridging C==O
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pointed out of the page while the other one pointed into the page, reducing
Coulomb repulsions. These observations suggest that if one were trying to design
a cyclic hexapeptide with, for example, a type I β-turn at residues X1X2 in the
sequence cyclo-(X1X2X3X4X5X6), then amino acids having a strong tendency to
form a type I β-turn at residues X4X5 should be avoided.
Next, we performed thermodynamic decomposition analysis on the cyclo(GnA6–n) peptides to identify the origins of their structural preferences. Overall,
our results indicated that there was no universal dominating factor controlling the
structural preferences of CPs. For example, the most populated conformation for
cyclo-G6 and cyclo-(AGGGGG) (A–1 in Table 4.1A), was preferred over the
others primarily due to enthalpy. On the other hand, the most populated
conformation for cyclo-(AAAGAG) (A–10) and cyclo-(AAGGGG) (A–2) was
preferred over the others due to entropy (Table 4.2). Furthermore, though both
cyclo-G6 and cyclo-(AGGGGG) (A–1) had most populated states that were
enthalpically more favorable than their other clusters, the origins of that favorable
Table 4.2: Thermodynamics decomposition for (A) cyclo-G6, (B) cyclo(AGGGGG) (A–1), (C) cyclo-(AAAGAG) (A–10), and (D) cyclo-(AAGGGG)
(A–2). Type I, Iʹ′, II, and IIʹ′ β-turns are colored red, orange, green, and blue,
respectively. Boxes indicate factors that stabilize the most populated cluster
over others. All thermodynamic terms are defined in Section 3.2.7. Adapted
from Ref 31.
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ΔH differed. For cyclo-G6 the most populated state was favored over the second
state primarily due to intra-peptide enthalpy, specifically from Coulombic
interactions, whereas the most populated state of cyclo-(AGGGGG) was favored
over the second most populated state primarily due to solvation enthalpy (Table
4.2A–B and Figure 4.3A–B). A similar observation was made for cyclo(AAAGAG) (A–10) and cyclo-(AAGGGG) (A–2). Both CPs had most populated

Figure 4.3: (A) Representative structure showing intra-peptide interactions in
the most populated conformation of cyclo-G6. This conformation also has
favorable interactions between the N–H groups of residues 1 and 2, as well as
residues 4 and 5. (B) Peptide–water interactions in the top cluster of cyclo(AGGGGG) (A–1). (C) Overlay of 100 structures in the most populated cluster
(left) and second most populated cluster (right) of cyclo-(AAAGAG) (A–10).
(D) Snapshots of water molecular arrangement (top) and water density map
(bottom; iso-value 0.4) of the most populated cluster (left) and second most
populated cluster (right) of cyclo-(AAGGGG) (A–2). Type I, Iʹ′, II, and IIʹ′ βturns are colored red, orange, green, and blue, respectively. Adopted from Ref
31.
	
  

112	
  

states that were favored over the others due to entropy. However, where the most
populated state of cyclo-(AAAGAG) was favored over the others due to
configurational entropy, for cyclo-(AAGGGG) favorable ΔS resulted from
solvation entropy (Table 4.2C–D and Figure 4.3C–D). These observations
highlight the fact that conformational preferences of CPs result from a complex
balance of peptide enthalpy, solvation enthalpy, and entropy, which all must be
accurately described to ensure reliable CP modeling.

4.4 Structural Ensembles of Cyclo-(GnV6–n)
To investigate effects of a larger side chain, we performed an analogue
systematic study on cyclo-(GnV6–n) cyclic hexapeptides (Table 4.1B). While Ala
is considered to represent residues with long, flexible side chains well, Val has a
bulky side chain in close proximity to the peptide backbone, which may have
particularly significant impacts on CP conformations.45 For cyclo-(GnV6–n)
peptides, as more Val are added, the formation of type Iʹ′ β-turns is observed even
less than for cyclo-(GnA6–n) peptides. Additionally, not all cyclo-(GnV6–n)
peptides adopted most populated conformations consisting of two β-turns. For
example, the most populated conformation of cyclo-(VVVVGG) (V–9) adopted a
γ-turn at Val2, which is in a Val rich region o	
   f the CP, and a type II β-turn at
4

VG5. On several occasions, the most populated conformation contained only one

β-turn, with no intra-peptide hydrogen bond or specific turn type on the opposite
side. For example, the most populated conformation of cyclo-(VVVGVG) (V–10)
contains only one type IIʹ′ β-turn at 4GV5. The lack of two β-turns opposite one
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another most often happened in CPs with three or more Val next to one another
(V–5, V–10, and V–12 in Table 4.1B).
Next, we compared the configurations for the most populated clusters, as
well as the thermodynamic factors that made cluster 1 favored over cluster 2
between all cyclo-(GnA6–n) and cyclo-(GnV6–n) peptides (Table 4.3). We found
that only two CP systems had the same most populated conformation when
changing from Ala to Val (A/V–1 and A/V–7). Cyclo-(AGGGGG) (A–1) and
cyclo-(VGGGGG) (V–1), both had most populated conformations that adopted a
type II β-turn at residues 1–2 and a type Iʹ′ β-turn at residues 4–5. However,
thermodynamic decomposition showed that the top cluster of A–1 was favored
over the second cluster due primarily to solvation enthalpy, whereas the top
cluster of V–1 was favored over the second cluster due primarily to
configurational entropy. The only CP systems between all cyclo-(GnA6–n) and
cyclo-(GnV6–n) peptides to have the same most populated conformation and the
same favorable thermodynamic factors for the top cluster over the second cluster
were cyclo-(AAGGAG) (A–7) and cyclo-(VVGGVG) (V–7). Both A–7 and V–7
had most populated conformations that adopted two type II β-turns at residues 2–
3 and 5–6, as well as both were entropically favored over their second clusters.
For CP systems A/V–5, A/V–8, and A/V–12, we found that their most
populated conformations were similar, but not exactly the same (Table 4.3). For
example, cyclo-(AAAGGG) (A–5) had a most populated conformation that
adopted a type I β-turn at residues 1–2 and a type IIʹ′ β-turn at residues 4–5. On
the other hand, cyclo-(VVVGGG) (V–5) had a most populated conformation that
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Table 4.3: Comparison of the most populated clusters of GnA6–n and GnV6–n
cyclic hexapeptides. Ala and Val CPs that share the same configurations for
the most populated clusters are highlighted by solid boxes; Ala and Val CPs
that have similar configurations for the most populated cluster are highlighted
by dashed boxes. Favorable thermodynamics of cluster 1 relative to cluster 2
were determined first based on overall ΔH vs. ΔS. If cluster 1 had a favorable
ΔH over cluster 2, ΔH was further broken down into ΔHvac and ΔHrest to
identify the source of the favorable ΔH; if cluster 1 had favorable ΔS over
cluster 2, ΔS was further broken down into ΔSconf and ΔSW to identify the
source of the favorable ΔS. Thermodynamics colored in gray are ambiguous,
with errors larger than the average. Residues forming type I, Iʹ′, II, and IIʹ′ βturns are colored red, orange, green, and blue, respectively. All thermodynamic
terms are defined in Section 3.2.7. Adapted from Ref 31.

adopted only a type IIʹ′ β-turn at residues 4–5. Interestingly, both of these CPs had
most populated clusters that were favored over the second cluster due to enthalpy,
and primarily solvation enthalpy. We hypothesize that the steric hindrance within
the Val rich region of V–5 prevents the formation of a β-turn within 1VVV3.
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For cyclo-(AGAGAG) (A–8) and cyclo-(VGVGVG) (V–8), the most
populated conformation of A–8 adopted a type II β-turn at residues 1–2 and a type
IIʹ′ β-turn at residues 4–5, whereas V–8 contained a mix of type II β-turn and γturn + a type IIʹ′ β-turn (Table 4.3). In A–8 the most populated cluster was
favored over the second cluster due to entropy, and primarily configurational
entropy. However, in V–8 it was undetermined why the most populated cluster
was favored over the second because the thermodynamic breakdown was
ambiguous, with error bars larger than the averages. We hypothesize that the
mixture of the type II β-turn and γ-turn leads to the ambiguity in the factors that
stabilized the most populated cluster of V–8 over the second cluster.
The last CP systems to have similar conformations for their top clusters
were cyclo-(AAAAAG) (A–12) and cyclo-(VVVVVG) (V–12) (Table 4.3). In
A–12, the most populated conformation adopted a type I β-turn at residues 2–3
and a type II β-turn at residues 5–6. In V–12, only the type II β-turn at residues 5–
6 was observed, again possibly due to the steric hindrance within the Val rich
region. Though these two CPs had similar most populated conformations, the
thermodynamic factors favoring the top cluster relative to the second were vastly
different. The top cluster of A–12 was favored over the second cluster due to
configurational entropy, whereas the top cluster of V–12 was favored over the
second due primarily to solvation enthalpy. In all other CP systems changing from
Ala to Val drastically affected the conformations of the top clusters, with turn
types and/or locations of turns changing. The direct comparison between all
cyclo-(GnA6–n) and cyclo-(GnV6–n) peptides further demonstrates the need for
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these types of systematic studies. We have shown that the conformations that CPs
adopt result from many factors and slight changes in amino acid sequence can
have complicated effects that might be difficult to predict a priori.
4.5 Well-Structured Sequence Identified from the Systematic Study of Cyclo(GnA6–n) and Cyclo- (GnV6–n) Peptides
From the systematic study of all cyclo-(GnA6–n) and cyclo-(GnV6–n)
peptides we identified one CP with a single highly populated conformation out of
the 27 simulated CPs. Cyclo-(VVGGVG) (V–7) had a most populated
conformation (82%) that adopted two type II β-turns at residues 2–3 and 5–6
(Figure 4.4). Thermodynamic decomposition of the most populated cluster
showed that it was favored over the second cluster due to entropy, and primarily
configurational entropy (Figure 4.4A). In our implementation, we estimate the
configurational entropy using the MIST approximation, which evaluated the
entropies for 3n–6 non-redundant internal coordinates and their mutual
information.46 We found that the configurational entropy for the first cluster was
favored over the second primarily due to its low mutual information.
In addition, the VG motif forming a type II β-turn has been observed
previously in X-ray structures of cyclo-(GTFLYV)25 and cyclo-(PSWLVGS).47
By studying coil residues from 6,178 PDB structures, Wu et al. observed that Val
shows an intrinsic propensity to adopt ϕ/ψ dihedral angles consistent with the
β/PPII region of the Ramachandran plot.48 In particular, they found that Val
preferred the PPI	
   I region when its side chain was in the gauche+ (g+)
configuration and the β region when its side chain was in the gauche– (g–)
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configuration. For a type II β-turn the i+1 dihedral angles (ϕ = –60°, ψ = 120°) are
consistent with the PPII region, which could explain Val’s preference to form a
type II β-turn at VG. In Figure 4.4B, we show that the side chains of Val2 and
Val5 indeed adopt a g+ configuration, consistent with the ϕ/ψ angles being in the
PPII region at those residues. On the other hand, the side chain of Val1 adopts a g–
configuration which is consistent with the β region of the Ramachandran plot.
Furthermore, we found that cyclo-(VGGVGG) (V–4) also adopted two
type II β-turns at 1VG2 and 4VG5. However the most populated cluster for this CP
was only 46%, implying that the Val residue in the non-turning region of cyclo-

Figure 4.4: (A) Thermodynamic decomposition of cyclo-(VVGGVG) (V–7).
Type II and IIʹ′ β-turns are colored green and blue, respectively. Boxes indicate
factors that stabilize the most populated cluster over others. All
thermodynamic terms are defined in Section 3.2.7. (B) Representative structure
of the most populated cluster of V–7 (left) and the corresponding density
profiles for the χ1 angles (N–Cα-Cβ-Cγ1) of the three Val residues. Analysis and
generation of figure performed by Hongtao Yu. Adopted from Ref 31.
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(VVGGVG) (V–7) may play some role in its more stable II + II conformation.

4.6 Experimental Validation of Simulated Results
To test our prediction we chose to have cyclo-(VVGGVG) (V–7)
synthesized and its structure characterized in aqueous solution via NMR.
Synthesis and NMR characterization was performed by Peng Dai, from Dr.
Bradley Pentelute’s lab at MIT, and Ashleigh Cummings, from Dr. Joshua
Kritzer’s lab at Tufts University, respectively. The 1D spectrum and 2D spectra
from ROESY and TOCSY experiments showed that overall, protons had unique,
well-resolved and well-dispersed chemical shifts, consistent with a single
predominant structure (Figure 4.5A). Several observed NOEs lend support that
V–7 indeed forms two type II β-turns at residues 2–3 and 5–6, as predicted. For
example, the strong NOE observed between Gly3(HN) and Gly4(HN), and the lack
of a strong NOE peak between Val2(HN) and Gly3(HN), supports the formation of
a type II/IIʹ′ β-turn, rather than a type I/Iʹ′ β-turn (Figure 4.5B). As shown in
Figure 3.11, for type II/IIʹ′ β-turns, only the HN proton distance between the i+2
and i+3 residues is small (< 3 Å), whereas for type I/Iʹ′ β-turns, the HN proton
distances between the i+1 and i+2 residues and the i+2 and i+3 residues are both
small (< 3 Å). Similarly, the strong NOE observed between Gly6(HN) and
Val1(HN), and the lack of a strong NOE peak between Val5(HN) and Gly6(HN),
supports the formation of a type II/IIʹ′ β-turn, rather than a type I/Iʹ′ β-turn.
In addition to the NOEs found for the predicted structures turning regions,
we observed a strong non-sequential NOE between Gly4(Hα) and Val1(Hγ)
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Figure 4.5: (A) Fingerprint region of the 2D spectra for cyclco-(VVGGVG),
with TOCSY peaks shown in blue and ROESY peaks shown in red. 1D spectra
correspond to the HN region (top) and Hα region (side). (B) Selected NOEs for
cyclo-(VVGGVG) (V–7). (C) J-Coupling values and associated torsional
restraints for V–7. Torsion restraints could only be estimated for J-coupling
values < 5 Hz (–60° ± 30°) or > 8 Hz (–120° ± 30°).32-33 Data generated by
Ashleigh Cummings, from Dr. Joshua Kritzer’s lab at Tufts University.
(Figure 4.5B). This NOE supports the predicted structure, where the non-turning
Val1 side chain is partially hanging over the CP, in close contact with Gly4 Hα’s
(Figure 4.4B).
The ϕ dihedral restraints, estimated from J-Coupling values for V–7 were
partially in support of the predicted structure (Figure 4.5C). The ϕ dihedral angle
restraint, estimated from the J-coupling value for Val2 was –60° ± 30°, which was
consistent with the ϕ for the i+1 residue of a type II β-turn (–60°). On the other
hand, the ϕ dihedral angle restraint, estimated from the J-coupling value for Val5
was –120° ± 30°, which is inconsistent with the ϕ for the i+1 residue of a type II
β-turn (–60°). Therefore, to try and find structures more consistent with the NMR
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data, we performed simulated annealing using the experimental NMR data as
restraints.

4.7 Simulated Annealing Using NOE Restraints and J-Coupling Constants
Using the experimental NOE distances as well as ϕ angles estimated from
J-coupling values we performed annealing simulations to generate structures for
cyclo-(VVGGVG) (V–7). From the structures generated in these simulations (for
simulation details see Section 3.2.9), as well as 100 randomly sampled structures
from the most populated cluster from our simulations, we calculated violations
and backbone RMSD values (Figure 4.6) to compare which structures are most
consistent with NMR. We found that structures randomly sampled from the most
populated cluster of V–7 from our simulations had very few NOE violations
(Figure 4.6A). The largest violation (10%) was between Val2(HN) and Val1(Hβ),
which most likely occurred due to rotation around the χ1 angle of Val1. The only
other observed violations were intra-residue violations between Val2(HN) and
Val2(Hβ) and Val5(HN) and Val5(Hβ) (7% and 3%, respectively). Unsurprisingly,
the structures randomly sampled from the top cluster of V–7 had very few ϕ angle
violations for Val2 (3%), since the estimated value (–60° ± 30°) was consistent
with the ϕ for the i+1 residue of a type II β-turn (–60° as predicted). On the other
hand, 76% of structures violated the ϕ angle restraint for Val5, which was
estimated to be –120° ± 30°.
Structures obtained from simulated annealing, starting from two different
initial configurations (S1 and S2) were first clustered (as described in Section
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4.2.3), and then violation analysis was performed. From the cluster analysis two
different clusters were obtained for both sets of annealing simulations. The most
populated clusters from simulated annealing initial structures S1 and S2 were
similar to those from the most populated cluster of V–7. For the top clusters of
each of the simulated annealing structures (cluster 1 from S1 = 51% and cluster 1
from S2 = 76%), we calculated a backbone RMSD to the predicted structure.
Average backbone RMSD values for the top clusters of S1 and S2 were 0.39 ±
0.15 Å and 0.41 ± 0.25 Å, respectively (Figure 4.6B–C). Top cluster structures
obtained from simulated annealing also had very few violations, where again the
most frequently observed violation was between Val2(HN) and Val1(Hβ) (29% for
S1 and 32% for S2). Similarly to the structures randomly sampled from the top
cluster of V–7, the most populated clusters of S1 and S2 annealing simulations
had very few ϕ angle violations for Val2, but many ϕ angle violations for Val5.
Interestingly, in the second most populated clusters for S1 and S2 (Figure
4.7) there were very few ϕ angle violations for both Val2 and Val5, but there were
numerous frequently observed NOE violations. One of the most frequently
observed NOE violations within cluster 2 from S1 and S2 was between Gly4(Hα)
and Val1(Hγ) (86% in S1 and 79% in S2), which was shown experimentally to be
a strong NOE (Figure 4.5B). In addition, for the second most populated cluster of
the simulated annealing structures (cluster 2 from S1 = 49% and cluster 2 from S2
= 24%), we calculated a backbone RMSD to the predicted structure. Average
backbone RMSD values for the second clusters of S1 and S2 were 1.42 ± 0.10 Å
and 1.41 ± 0.08 Å, respectively. We hypothesize that the second most populated
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Figure 4.6: (A) An overlay of 100 randomly sampled structures from the most
populated cluster of cyclo-(VVGGVG) (V–7) simulations. For each structure,
NOE distance violations as well as J-coupling violations were calculated and
are shown in accompanying tables. An overlay of 100 structures from the most
populated cluster from simulated annealing, beginning from initial structure
(B) S1 and (C) S2, with accompanying average backbone RMSD to the
predicted structure. For each structure, NOE distance violations as well as Jcoupling violations were calculated and are shown in accompanying tables. For
NOE distance violations a “#” symbol indicates ambiguous hydrogens. In these
instances, all permutations of the interaction were calculated and the best fit
was chosen.
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Figure 4.7: An overlay of 100 structures from the second most populated
cluster of cyclo-(VVGGVG) from simulated annealing, beginning from initial
structures (A) S1 and (B) S2, with accompanying average backbone RMSD to
the predicted structure. For each structure, NOE distance violations as well as
J-coupling violations were calculated and are shown in accompanying tables.
For NOE distance violations a “#” symbol indicates ambiguous hydrogens. In
these instances, all permutations of the interaction were calculated and the best
fit was chosen.
cluster for S1 and S2 comes from the annealing simulations attempting	
  to satisfy
the ϕ angle restraints even at the detriment of violating the NOE restraints.
By calculating NOE and ϕ angle violations for structures randomly
sampled from the top cluster of simulation results, we showed that the
experimental results are consistent with cyclo-(VVGGVG) having two type II βturns at residues 2–3 and 5–6, as predicted. The most populated clusters from
annealing simulations also corroborated these findings.
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4.8 Using Cyclo-(VVGGVG) as a Template for Further Design
After experimental verification for the structure of cyclo-(VVGGVG) (V–
7) we performed additional simulations to investigate its use as a template for
further design. We began by performing an Ala scan to study how a single
substitution would impact cluster populations and turn combinations (Figure
4.8B). For the most part Ala substitutions were well tolerated when Val to Ala
substitutions occurred at positions 2, 5, and 6, with sequences cyclo-(VAGGVG),
cyclo-(VVGGAG), and cyclo-(VVGGVA), respectively. All three of these CPs
formed two type II β-turns at residues 2–3 and 5–6 with high populations (all >
60%). Cyclo-(AVGGVG) and cyclo-(VVAGVG) also formed two type II β-turns
at residues 2–3 and 5–6, but their populations were slightly lower (47% and 34%,
respectively). Interestingly, the replacement of Gly4 in the original sequence with
an Ala, giving cyclo-(VVGAVG), completely changed the positioning and type of
turns adopted. In cyclo-(VVGAVG), the most populated conformation (26%)
formed two type IIʹ′ β-turns at residues 3–4 and 6–1. By adding a side chain to
Gly4, the ability of Val1 to have its side chain χ1 angle be in a g– configuration
(like that of the original V–7 sequence, Figure 4.4B) was disrupted due to steric
interactions.
In addition, we also performed a D-amino acid scan to investigate the
impact of chirality on the turn combinations and cluster populations (Figure
4.8C). Since Gly is achiral, we instead substituted in a D-Ala at those positions,
which we could also compare to our Ala scan results. We began with substitutions
at Gly3 or Gly6 since our hypothesis was that having a D-amino acid in the i+2
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Figure 4.8: (A) Cyclo-(VVGGVG) identified in systematic study of cyclo(GnV6–n) hexapeptides. (B) Ala scan and (C) D-amino acid scan of cyclo(VVGGVG) (V–7). Populations and turn types are shown for the most
populated conformation of each sequence. Residues forming type I, Iʹ′, II, and
IIʹ′ β-turns are colored red, orange, green, and blue, respectively. Populations
colored in green are considered to have substitutions that are well-tolerated,
whereas populations colored in red are considered to have substitutions that are
not well-tolerated.
position of a type II β-turn (ϕi+2 = 80°) would be preferable since the ϕi+2 residue
needs to be in the positive ϕ region of the Ramachandran plot. When substituting
Gly3 or Gly6 with a D-Ala the conformation of the most populated cluster
remained the same compared to the original V–7 (Figure 4.8A). However, the
populations decreased upon either substitution, with the most populated cluster of
cyclo-(VVaGVG) being 70% and the most populated cluster of cyclo-(VVGGVa)
being 53%. We found the largest conformational changes compared to V–7, came
from substituting either of the turning Val residues (Val2 or Val5). The most
populated cluster (29%) of cyclo-(VvGGVG) formed a type IIʹ′ β-turn at residues
2–3 and a type II β-turn at residues 5–6. The most populated cluster (16%) of
cyclo-(VVGGvG) formed a type I β-turn at residues 1–2 and a type Iʹ′ β-turn at
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residues 4–5. These results indicate that altering Val5 may have a larger impact on
the overall conformation and population of the CP than altering Val2. Lastly we
made substitutions to the non-turning residues (Val1 or Gly4). The most populated
cluster of cyclo-(VVGaVG) formed two type II β-turns at residues 2–3 and 5–6,
like the original V–7. However, for cyclo-(VVGaVG) the most populated cluster
was roughly half of that of V–7. With substitutions of Val1 we were able to test
the hypothesis that Val1 plays a role in stabilizing the structure of the original V–
7. By changing Val1 to a D-amino acid the conformation of the top cluster
matched that of the original V–7, but the population was decreased significantly,
from 82% in cyclo-(VVGGVG) to only 15% in cyclo-(vVGGVG).

4.9 Conclusions
In this Chapter, we performed a systematic study of cyclo-(GnA6–n) and
cyclo-(GnV6–n) hexapeptides. Several general rules and interesting observations
were reported and we identified a well-structured sequence, cyclo-(VVGGVG),
from the 27 total CPs simulated. We then verified the structure of cyclo(VVGGVG) using solution NMR. Finally, we investigated the robustness of this
parent sequence to serve as a template for further design.
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Chapter 5:
Systematic Studies of Cyclic Octapeptides
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5.1 Introduction
As cyclic peptides (CP) increase in size, their conformational space and
the number of schemes for intra-peptide hydrogen bonding also increase.1 As
mentioned in Section 1.5, both small and large CPs pose unique difficulties for
efficient conformational sampling. Where ring strain makes conformational
sampling difficult for small CPs, larger CPs tend to have free energy landscapes
that are vast.1-2 Therefore, CPs on the border of small and large (~8–10 residues)
could offer a more easily accessible alternative for CP design. For example,
Kopple et al. performed a systematic study using the cyclic octapeptide cyclo(GPXY)2, where X and Y were L/D-Phe and L/D-Ala, respectively, to investigate
the effects of chirality on CP conformation. They found that if residues X and Y
were the same chirality (either both L- or both D-amino acids), then the cyclic
octapeptide was well-structured. However, if residues X and Y were different
chiralities, then they either could not resolve a defined structure, or got a mixture
of structures.3-5 They also investigated how backbone rigidity impacted whether
or not the CP was well-structured by making the peptide bicyclic (increasing
rigidity),6 or removing one of the Pro residues (decreasing rigidity). 7
Several other cyclic octapeptides have recently been studied and found to have
oral bioavailability and therapeutic properties.8-9
This Chapter represents ongoing work, where we begin by performing a
systematic study of cyclic octapeptides using the sequence GnV8–n. From this
systematic study, a potentially well-structured sequence is identified and
investigations into its use as a template for further design are discussed.
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5.2 Methods
5.2.1 Model Peptides
A systematic study was performed to explore the sequence–structure
relationships for cyclic octapeptide systems. Starting with an all-Gly cyclic
octapeptide, cyclo-G8, we systematically replaced Gly residues with Val and
characterized the structural ensembles of different variants of cyclo-(GnV8–n). All
cyclic octapeptides used were prepared as described in Section 2.2.1.
5.2.2 Bias-Exchange Metadynamics Simulations
All BE-META simulations were performed as described in Section 2.2.4
using simulation parameters as described in Section 2.2.2. Gaussian hills of height
0.1 kJ mol-1 and width 0.314 rad were added every 4 ps. Replica exchange
attempts occurred every 5 ps and simulation trajectories were saved every 1 ps.
For analysis of an unbiased structural ensemble, five neutral (unbiased) replicas
were added.
5.2.3 Principal Component and Cluster Analysis
All dihedral principal component analysis (dPCA) and cluster analysis
was performed as described in Section 2.2.7, with one minor change. In this
study, during cluster analysis, the principal subspace along the first three largest
principal components (PC1, PC2, and PC3) was divided into 50×50×50 grids. In
Chapter 2, the principal subspace along PC1 and PC2 were used, divided into
200×200 grids.
For any CP systems with sequence symmetry, for example cyclo-G8 or
cyclo-(VGGGVGGG), an additional reordering step was performed prior to
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dPCA as described in Section 2.2.6. Convergence of all systems was monitored as
described in Section 2.2.8.
5.2.4 Thermodynamics Decomposition
Thermodynamic decomposition results were obtained as described in
Section 3.2.7.
5.2.5 Force Field
The force field and water model used in this study were RSFF210 +
TIP3P,11 as described in Section 3.2.10.

5.3 Structural Ensembles of Cyclo-(GnV8–n)
Based on the results from our systematic study of cyclic hexapeptides
(Chapter 4), we hypothesized that the more probable way of obtaining another
well-structured CP for cyclic octapeptides would be to use sequences of GnV8–n
rather than GnA8–n. Table 5.1 summarizes the populations and β-turns observed in
the most populated conformations adopted by the cyclo-(GnV8–n) peptides. One
observation from these data was that as more Val residues were added into the
sequences, the occurrence of type Iʹ′ β-turns decline. A similar observation was
made for our cyclic hexapeptide systems (Section 4.3). This decline in type Iʹ′ βturns is intuitive, since both of the ideal ϕi+1 and ϕi+2 angles (60° and 90°,
respectively) for a type Iʹ′ β-turn are in the positive ϕ region of the Ramachandran
plot, which is normally unfavorable for L-amino acids.
Another interesting observation is that 27 out of 36 of the most populated
states in Table 5.1 adopt at least one type II β-turn. However, type IIʹ′ β-turns are
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Table 5.1: GnV8–n cyclic octapeptides. Populations and turn types are shown
for the most populated conformation of each sequence. Type I, Iʹ′, II, and IIʹ′ βturns are colored red, orange, green, and blue, respectively.
	
  

only observed in 4 out of 36 of the most populated states. This is interesting since
type II and IIʹ′ β-turns both have one of their ideal ϕi+1 or ϕi+2 angles in the positive
ϕ region, which is typically unfavorable for L-amino acids. Therefore, why is a
type II β-turn favored so much more than a type IIʹ′ β-turn in these cyclic
octapeptides? The type II β-turns found in Table 5.1 occur predominantly at VG
residues, where Val is at the i+1 position of the turn. For type IIʹ′ β-turns, if a Val
is involved in the turn at all, it is at the i+2 position. The discrepancy in the
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abundance of type II β-turns over type IIʹ′ β-turns can be explained by the natural
ϕ/ψ preference of Val. Val has an intrinsic propensity to adopt ϕ/ψ angles
consistent with the β/PPII region (ϕ range ≈ –75° to –135°; ψ range ≈ 135° to
150°) of the Ramachandran plot.12-13 The ideal ϕ/ψ angles of the i+1 position for a
type II β-turn (ϕi+1 = –60°, ψi+1 = 120°) are consistent with the β/PPII region,
whereas the ϕ/ψ angles of the i+2 position for a type IIʹ′ β-turn (ϕi+2 = –80°, ψi+2 =
0°) are in the α region (ϕ range ≈ –35° to –90°; ψ range ≈ –70° to 15°) of the
Ramachandran plot. Therefore Val is more likely to form a type II β-turn at VG,
rather than a type IIʹ′ β-turn at GV.
Lastly, for several sequences it was observed that there was more than one
β-turn in a span of three residues. For example, in cyclo-(VVGGGGGG) (V–2),
residues 4–6 exhibit type IIʹ′ β-turn character at residues 4 and 5, and type I β-turn
character at residues 5 and 6 (Table 5.1). The same pattern is also observed for
residues 8, 1 and 2. This type of β-turn pattern is possible when the ideal ϕ/ψ
angles for the i+2 residue of the first turn are similar to the ideal ϕ/ψ angles for the
i+1 residue of the second turn. For example, a IIʹ′/I combination is possible, since
the ideal ϕ/ψ angles for the i+2 residue of a type IIʹ′ β-turn are –80° and 0°, and the
ideal ϕ/ψ angles for the i+1 residue of a type I β-turn are –60° and –30°.
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5.4 Well-Structured Sequence Identified from the Systematic Study
Additionally, in this systematic study we identified one CP with a single
highly populated conformation out of the 36 simulated sequences. Cyclo(VVVGVVVG) (V–33) forms two type II β-turns at residues 3–4 and 7–8 with a
population of 81% (Figure 5.1). Figure 5.1 shows the populations, representative
structures, and Ramachandran plots for the three most populated clusters of cyclo(VVVGVVVG). Thermodynamic decomposition showed that the most populated
cluster is favored over the other two due to the peptide enthalpy (Table 5.2).
Breaking down the peptide enthalpy further, we found that the second and third
most populated clusters were unfavorable compared to the top cluster, mainly due

Figure 5.1: Populations, representative structures, and Ramachandran plots for
the top three clusters of cyclo-(VVVGVVVG). Type II β-turns are boxed in
green.
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to Lennard-Jones and coulomb interactions. However, the most populated cluster
had much more unfavorable solvation enthalpy and peptide dihedrals compared to
the other two clusters.
In Figure 5.2A we show a representative snapshot for the most populated
cluster of cyclo-(VVVGVVVG) from two different angles (top and side). In the
top view, we see that the conformation of the most populated cluster exhibits four
intra-peptide hydrogen bonds, involving Val residues 1, 2, 5, and 6 (non-turning
residues). These hydrogen bonds attribute to the top clusters favorable peptide
enthalpy, and more specifically its Coulombic enthalpy. From the side view it is
observed that the most populated cluster has an arced backbone, which could
account for its poor peptide dihedrals from thermodynamics analysis.
Interestingly, we also see the clustering of the side chains of the four non-turning
Val residues (Figure 5.2B), which could contribute to why the most populated
cluster has such unfavorable solvation enthalpy compared to the other two
clusters. The extremely hydrophobic cloud on top, in combination with the four
intra-peptide hydrogen bonds, would provide little opportunity for cyclo-

Table 5.2: Thermodynamics decomposition of cyclo-(VVVGVVVG). Type II
β-turns are colored green. Boxes indicate factors that stabilize the most
populated cluster relative to the others. All thermodynamic terms are defined in
Section 3.2.7.
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Figure 5.2: Representative figures for the most populated cluster of cyclo(VVVGVVVG). (A) Top and side view of the most populated cluster shown in
licorice representation, with dotted lines depicting intra-peptide hydrogen
bonds. (B) Top and side view of the most populated cluster shown in VDW
representation. Type II β-turns are colored green.
(VVVGVVVG) to engage in favorable peptide–solvent interactions.

5.5 Redesign of Well-Structured Sequence for Experimental Verification
Through a collaboration with Dr. Bradley Pentelute’s lab at MIT, we
planned to verify the well-structured simulation prediction via solution NMR.
However, the well-structured sequence cyclo-(VVVGVVVG) predicted from our
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systematic study could pose challenges during structural characterization in
solution NMR. (1) The sequence symmetry could result in overlapping chemical
shifts when NMR characterization is performed, making residue assignments
difficult. (2) The abundance of Val’s suggest that the cyclic peptide would be
insoluble, and thermodynamic decomposition showed the most populated cluster
had

poor

peptide–solvent

interactions,

further

suggesting

that

cyclo-

(VVVGVVVG) might not be soluble in water. (3) The number of Val residues in
general would make residue assignments difficult.
To mitigate the first issue resulting from sequence symmetry, we began by
performing an Ala scan of the first three Val residues to see which residue would
best tolerate the change. BE-META simulations of cyclo-(AVVGVVVG), cyclo(VAVGVVVG), and cyclo-(VVAGVVVG), showed that all three CPs adopted
the same structure as the parent CP (forming two type II β-turns at residues 3–4
and 7–8), with populations of 48%, 44%, and 58%, respectively. Though the
populations for these CPs are significantly lower than that of the original
sequence (82%), cyclo-(VVAGVVVG) appears to tolerate the mutation best.
Therefore to break up the symmetry of the sequence we replaced one of the
turning Val residues with an Ile. We chose Ile as the replacement residue because
Ile is chemically similar to Val and also shows an intrinsic propensity for
adopting ϕ/ψ angles consistent with the β/PPII region of the Ramachandran plot,
to best maintain the designed structure.12-13
Next, to ameliorate any potential solubility issues, we chose to replace the
four non-turning Val residues with Thr. We chose Thr because we hypothesized
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that the hydroxyl group on its side chain would increase solubility, while the side
chains methyl group would still allow for the formation of the hydrophobic patch
observed in the original sequence (Figure 5.2B). We performed BE-META
simulations of cyclo-(TTVGTTVG) and found that its most populated cluster
(19%) formed only one type II β-turn at residues 7–8 (Figure 5.3A). These results
indicate that replacing all of the non-turning residues of the original sequence can
significantly impact the CPs structure and population. Therefore, instead of
replacing all non-turning Val residues with Thr, we tested different combinations.
BE-META simulations of cyclo-(TVVGTVVG) and cyclo-(VTVGVTVG) also
showed that altering the non-turning residues can influence the CPs conformation
and population. For cyclo-(TVVGTVVG), the most populated cluster indeed had
two type II β-turns at residues 3–4 and 7–8, like in the original sequence.
Unfortunately, the most populated cluster was not well-structured, with a
population of only 15% (Figure 5.3B). For cyclo-(VTVGVTVG), the
conformation of the most populated cluster (15%) changed considerably from the
original sequence (Figure 5.3C). Instead of two type II β-turns, cyclo(VTVGVTVG) had two type I β-turns at residues 1–2 and 5–6. These simulation
results show that the non-turning residues in the original sequence, cyclo(VVVGVVVG), greatly impact its conformation and population.
Accordingly, instead of altering the non-turning residues of the original
sequence, we chose to replace one of the turning Gly residues with a D-Arg to
increase solubility. We chose not to replace a turning Val residue (or similarly the
proposed Ile replacement discussed above) because Val is known to have an
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Figure 5.3: Cyclo-(VVVGVVVG) with mutations in the hydrophobic patch
region. Populations and representative figure for the most populated cluster of
(A) cyclo-(TTVGTTVG), (B) cyclo-(TVVGTVVG), and (C) cyclo(VTVGVTVG). Type I and II β-turns are colored red and green, respectively.
	
  
intrinsic propensity for adopting ϕ/ψ angles consistent with the β/PPII region of
the Ramachandran plot (the same region where ideal ϕ/ψ angles for the i+1
residue of a type II β-turn are found). Gly, on the other hand, has no such intrinsic
propensity. In fact, we hypothesized that the replacement of a Gly by a D-amino
acid would actually improve the stability of the type II β-turn observed within the
original sequence. D-amino acids prefer the positive ϕ region of the
Ramachandran plot, which are where the ideal ϕ/ψ angles for the i+2 residue of a
type II β-turn are found (ϕi+2 = 80°, ψi+2 = 0°).
Combining the replacement of one Val by an Ile, and one Gly by a D-Arg,
we performed BE-META simulations on two redesigned CPs, cyclo(VVIrVVVG) and cyclo-(VVVrVVIG). The most populated cluster of cyclo(VVIrVVVG) formed only one type II β-turn at residues 7–8, with a population of
42%. On the other hand, the most populated cluster of cyclo-(VVVrVVIG)
formed two type II β-turns at residues 3–4 and 7–8 with a population of 73%
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(Figure 5.4). Though the most populated cluster of cyclo-(VVVrVVIG) is
slightly lower than that of the original sequence (82%), this CP is asymmetric and
should be more soluble in aqueous solution. Figure 5.4 shows the populations,
representative structures, and Ramachandran plots for the three most populated
clusters of cyclo-(VVVrVVIG). Thermodynamic decomposition showed that the
most populated cluster was entropically favored over cluster 2 due to
configurational entropy (Table 5.3). Interestingly, the most populated cluster was
enthalpically favored over cluster 3, due primarily to solvation enthalpy. The
favorable thermodynamic factors for the most populated clusters of cyclo(VVVGVVVG) and cyclo-(VVVrVVIG) are vastly different. Combining all of
these results shows that small changes to the sequence of a CP can have a drastic
impact on its conformation, population, and which thermodynamic factors will be
favored. Experimental verification for cyclo-(VVVrVVIG) is currently ongoing.
5.6 Design of Unstructured Control Sequence
Alongside the redesigned well-structured CP, we sought to design a
sequence that was as similar as possible to cyclo-(VVVrVVIG), but was predicted
to be unstructured, as a type of control. Ultimately we wanted the designed CP to
(1) be a structural ensemble with multiple small population clusters, rather than
having one dominant conformation, and (2) not exhibit the same turn
combinations at the same residues as cyclo-(VVVrVVIG). In Table 5.4 we show
simulation results for several CPs that we designed, where each CP sequence is
given, as well as the turn types adopted by the most populated cluster and its
respective population.
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Figure 5.4: Populations, representative structures, and Ramachandran plots for
the top three clusters of cyclo-(VVVrVVIG). Type I and II β-turns are boxed
in red and green, respectively.

Table 5.3: Thermodynamics decomposition of cyclo-(VVVrVVIG). Type I and
II β-turns are colored red and green, respectively. Boxes indicate factors that
stabilize the most populated cluster relative to the others. All thermodynamic
terms are defined in Section 3.2.7.
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Table 5.4: Simulation results of unstructured control CPs. Sequences are
shown with type II β-turns and γ-turns are colored green and cyan,
respectively. Turn types and populations are shown for the most populated
clusters.

For CPs 1–5, the amino acid compositions are exactly the same as for the
well-structured sequence. BE-META simulations show that none of the most
populated states for CPs 1–5 have turn combinations similar to those of cyclo(VVVrVVIG). Additionally, all of the populations for their top clusters are
relatively low. For example, the structure of the top cluster for cyclo(VVVIVGVr) (sequence 4) forms no β-turn types, and has a population of only
7%. The simulation results for sequences 1–5 fulfill both of the criteria we are
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looking for in an unstructured control. However, we hypothesize that solubility of
these CPs could be an issue, since almost all of the hydrophobic residues are next
to one another, instead of broken up. Therefore, we ran additional simulations
where several Ala residues replaced either Val or Ile.
For CPs 6–12, all of the simulation results fulfill our first criteria for an
unstructured control, as none of the top clusters for these sequences were highly
populated. CPs 6–8 all had most populated conformations that formed two type II
β-turns at residues 3–4 and 7–8. Therefore, these CPs failed to satisfy our second
criteria for an unstructured control, as the well-structured sequence, cyclo(VVVrVVIG), also formed two type II β-turns at the same locations. CPs 9–10
also did not satisfy our second criteria as both of these sequences had one type II
β-turn at residues 3–4, similar to the predicted well-structured sequence. CPs 11–
12, on the other hand, had most populated conformations that formed only one
type II β-turn at residues 5–6. Both of these CPs, cyclo-(AVArAAIG) and cyclo(AIArAAVG), also had similar populations for their top clusters of 16% and 15%,
respectively. Therefore, since both CPs fulfilled our two criteria for an
unstructured control, we chose to pursue CP 11 whose sequence was most similar
to our well-structure prediction, cyclo-(AVArAAIG) vs. cyclo-(VVVrVVIG).
Experimental verification for cyclo-(AVArAAIG) is currently ongoing.

5.7 Conclusions
In this Chapter, we performed a systematic study of cyclo-(GnV8-n)
octapeptides. We identified a potentially well-structured sequence, cyclo-
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(VVVGVVVG), from the 36 total CPs simulated. We then rationally redesigned
this sequence to make experimental structural characterization using solution
NMR more feasible. The redesigned CP, cyclo-(VVVrVVIG), no longer has
sequence symmetry and now has an Arg residue to assist with solubility. Lastly,
based on the redesigned sequence, we developed an unstructured control, cyclo(AVArAAIG). Synthesis and structural characterization of cyclo-(VVVrVVIG)
and cyclo-(AVArAAIG) are currently ongoing. This work demonstrates the
usefulness of systematic studies to identify sequence–structure relationships of
cyclic octapeptides for further rational design.
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6.1 Introduction
The use of protein- and peptide-based therapeutics can be very
advantageous, exhibiting qualities such as low toxicity and high selectivity (as
discussed in Section 1.1).1 A caveat to protein- and peptide-based therapeutics is
that they often get degraded rapidly in vivo.2 However, modifications to proteins
and peptides can significantly increase their biostability.3-8 The discussion in
Section 1.1 represents one type of peptide modification (cyclization) that has been
successfully used to ameliorate the instability problem.3-4 In this Chapter, we
discuss glycosylation as another modification that has been used to remedy issues
such as precipitation, aggregation, protease-sensitivity, and chemical and thermal
denaturation.6-13 Unfortunately, the full potential of glycosylation remains
underexplored since the biophysical details underlying their benefits remain
elusive. Elucidation of the exact impacts glycosylations have on protein/peptide
stability and selectivity would enable the robust, rational design of novel
glycoprotein/peptide structures and therapeutics.
Glycosylation of proteins occurs within both the endoplasmic reticulum
and the Golgi apparatus of cells, with one of the most common forms of
glycosylation being N-glycosylation.14-15 N-glycosylation is a co-translational
modification whereby a β-glycosidic bond is formed between the C1 atom of the
core N-acetylglucosamine (GlcNAc) of the conserved saccharide unit and the
nitrogen of an Asn side chain (Table 6.1). However, not all Asn residues within a
protein are able to be glycosylated. The general attachment sequon for Nglycosylation is Asn-X-Thr/Ser, where X may be any amino acid except Pro.16-18

	
  

153	
  

Table 6.1: Structure of an Asn–β1GlcNAc with
the GlcNAc residue shown in purple. Conformers
of each dihedral angle used to create model
glycopeptide structures for steric analysis are
listed. Generation of figure/table performed by
Julia Rogers. Adopted from Ref 13.

Natural glycosylations have several broad impacts on biophysical
properties of proteins such as the biological functions of proteins,19-22 their folding
efficiencies,23-26 structures,27-30 dynamics,31-32 and stabilities.33-36 Extrinsically, Nglycosylation enhances protein folding within the endoplasmic reticulum by
engaging lectin-based chaperone and quality control machineries.22-23,

37

Intrinsically, N-glycosylation can enhance protein folding rate and stability
through, for example, excluded volume effects, hydrophobic effects, and specific
protein–sugar interactions.22, 24, 38-41
One example of the intrinsic effects of N-glycosylation occurs within the
human CD2 protein. The natively N-glycosylated human CD2 protein is stabilized
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Figure 6.1: Human CD2 showing protein–sugar interactions (PDBID 1GYA).
Positive charge of five Lys residues (shown in orange) is stabilized by sugar
moiety (shown in dark gray). Boxed region (enlarged on right) shows
stabilizing interactions between Phe at the i position (green), Asn–GlcNAc at
the i+2 position (dark gray), and Thr at the i+4 position (green).
through essential protein–sugar interactions (Figure 6.1).35,

41

The glycan on

human CD2 interacts with a cluster of five positively charged Lys residues.
Without the glycan, the Coulombic repulsion of the Lys residues destabilizes the
protein and it unfolds.35 In addition, the core GlcNAc residue is attached to an
Asn at the i+2 residue of a type I β-bulge motif. In this position the sugar is
primarily involved in CH-π interactions with a Phe at position i, as well as
forming a compact hydrophobic core with Phe at i, and a Thr at position i+4.
These interactions help to stabilize the β-bulge motif in human CD2 and have
been successfully engineered into non-glycosylated proteins to stabilize β-turns.34,
42-44

N-Linked glycans are most commonly located on turns, bends, and sites of
secondary structure changes,45-48 whereas they are not often observed on α-
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helices. In fact, glycosylation is frequently considered to be helix breaking as the
close proximity of residue side chains in α-helices allows for little tolerance of a
bulky glycan.36, 49-51 For example, Imperiali et al. performed a study using the
bacterial immunity protein Im7 to investigate the stabilizing/destabilizing effects
of glycosylation at various secondary structure motifs.49 They found that Nglycans incorporated into the middle of α-helices was markedly destabilizing,
whereas glycosylation at bends or regions at the termini of helices had no
noticeable negative effects.
Despite the general consensus and studies noted above, there are
nonetheless instances of naturally glycosylated α-helices.45-48 In this Chapter, we
use structural bioinformatics to identify naturally N-glycosylated α-helical sites
and investigate what factors lead to their stability. We identify two unique
conformational modes for the Asn-GlcNAc, characterized by the Asn χ1 dihedral
angles of 300° and 180°. Furthermore, using both steric arguments and biasexchange

metadynamics

(BE-META)

simulations

we

provide

physical

explanations for both conformational modes. Lastly we elucidate interesting
protein–sugar interactions for α-helical N-glycoproteins that utilize each
conformational mode, and provide insights into how N-glycosylated α-helices can
be stabilized.13

6.2 Methods
Julia Rogers, a former undergraduate student in Dr. Yu-Shan Lin’s lab,
performed all bioinformatics and steric analysis (Section 6.2.1 to Section 6.2.6). I
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performed all metadynamics simulations and analysis (Section 6.2.7 to Section
6.2.9)
6.2.1 Glycoprotein Data Set Used in Structural Bioinformatics Analysis
The non-redundant, manually annotated Swiss-Prot sequence database52-53
was used to identify glycoproteins, where glycosylation sites were identified from
a feature line key of ‘CARBOHYD’ excluding sites with the ‘glycation’ modifier
to include only natural glycosylation sites. Swiss-Prot entries were then mapped
to PDB structures.54-55 Within the PDB, CONECT records for a β-glycosidic bond
between Asn and GlcNAc (residue name NAG in the PDB) were used to verify
glycosylation sites. Pdb-care56-57 was used to verify PDBs with unreasonably long
glycosidic bond lengths (>3.5 Å), and those PDBs were subsequently excluded
from further analysis. Additional exclusions from analysis included any PDB sites
lacking atoms from the core GlcNAc or from amino acids within 5 Å of the core
GlcNAc. These exclusions were necessary to ensure accurate evaluations of
interactions between the protein and the core GlcNAc in subsequent analysis.
6.2.2 Redundancy-Weighting of Glycosylation Sites
PDB sites were weighted such that multiple PDB sites identified from the
same Swiss-Prot site were only counted as one glycosylation site in analysis. This
method of weighting is similar to a per-feature weighting scheme developed
previously.58 By computing the weighted count for each individual PDB site, all
possible structures for a given Swiss-Prot site were accurately evaluated without
bias. We note that the total weighted count of PDBs that have a given
characteristic, such as being an N-terminal α-helix or having a –4 Glu–GlcNAc
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interaction, can be a non-whole number because all PDB sites mapped to the same
Swiss-Prot site may not have exactly equivalent structures, and thus each of these
PDB sites may not individually meet the requirements for a given characteristic.
Therefore, the total weighted count of PDB sites with a particular characteristic is
less than or equal to the number of unique, non-redundant glycosylation sites with
that same characteristic.
6.2.3 Determination of Protein Secondary Structure
The secondary structure of each glycoprotein was determined using both
the DSSP59 and STRIDE60 algorithms. For a residue to be considered α-helical it
needed to be classified as α-helical from both DSSP and STRIDE. In this study αhelical glycosylation sites were classified in three ways (Figure 6.2): (1) 9residue α-helices are defined as glycosylation sites on α-helical Asn’s with at least
four additional α-helical residues towards both termini. (2) N-Terminal α-helices
defined as α-helical glycosylation sites with at least four α-helical residues
towards the N-terminus. (3) C-Terminal α-helices defined as α-helical
glycosylation sites with at least four α-helical residues towards the C-terminus.
By definition, if an α-helical glycosylation site is classified as a 9-residue α-helix
then it would also be classified as both an N-terminal and C-terminal α-helix.
6.2.4 Analysis of GlcNAc Orientations
The dihedral angles χ1, χ2, ψN, ϕN, ω2, and ω6 were used to characterize the
orientation of the core N-linked GlcNAc (Table 6.1). Common GlcNAc
orientations were determined using dihedral principal component analysis
(dPCA)61-62 followed by a grid-based density peak-based cluster analysis.63 2D
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Figure 6.2: Representation of (A) N-terminal, (B) 9-residue, and (C) Cterminal α-helix classifications. DSSP and STRIDE secondary structure
assignments are shown below the corresponding structures. Residues classified
as N-terminal, 9-residue, and C-terminal α-helices are colored in red, black,
and blue, respectively. Underlined residues indicate the position of the
glycosylation site. Secondary structure assignments for DSSP: H = α-helix, S =
bend, ~ = unspecified. Secondary structure assignments for STRIDE: H = αhelix, T = turn, C = coil. Analysis and generation of figure performed by Julia
Rogers. Adopted from Ref 13.
dPCA and cluster analysis were used to distinguish common GlcNAc orientations
and to quantify the number of sites with a given GlcNAc orientation. The ring
conformation of GlcNAc was also determined using the Privateer software.64
6.2.5 Evaluation of Protein–Sugar Interactions
GROMACS 4.6.165 was used to evaluate the most favorable protein–sugar
interactions within the α-helical secondary structure. Interaction energies were
calculated between each amino acid with any heavy atom within 3.5 Å of the
heavy atoms of the core GlcNAc. Since PDB structures often lack needed
hydrogens, the PDB structures first had hydrogens added to them, and the
hydrogen positions were energy minimized using the steepest descent algorithm.
The interaction energy between each individual amino acid and the core GlcNAc
was calculated as the difference between the energy of the sugar and amino acid
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dimer and the sum of the individual sugar and amino acid monomers. Parameters
for the energy calculations were derived from the Charmm22* force field66 for the
amino acids, and the Charmm36 force field67 for the sugar. The generalized Born
implicit solvent model with solvent accessible surface area68 was used for account
for solvation effects. Protein–sugar interactions with negative values were
considered as favorable interactions.
6.2.6 Steric Analysis of Model α-Helical Glycopeptides
Ideal α-helices (ϕ = –57°, ψ = –47°) composed of 21 residues with a
central Asn (residue 11) were built using the Chimera molecular modeling
package.69 For comparison, model β-hairpins with a type I β-turn were created.
For β-hairpins, residues 1–9 and 12–21 were built to adopt dihedral angles for an
extended, antiparallel structure (ϕ = –139°, ψ = 135°). The type I β-turn was
positioned at residues 10 and 11 (ϕi+1 = –60°, ψi+1 = –30°, ϕi+2 = –90°, ψi+2 = 0°),
where the i+2 position of the β-turn was a glycosylated Asn. The central Asn
residue was glycosylated with a GlcNAc residue using the Glycam glycoprotein
builder.70 All other residues only had backbone atoms included.
Different glycan orientations were specified by the dihedral angles χ1, χ2,
ψN, ϕN, ω2, and ω6. The values of each dihedral used to generate various model αhelical and β-hairpin glycopeptide structures are given in Table 6.1, with the total
number of combinations being 864. Specific dihedral angles in Table 6.1 were
chosen based on previous bioinformatics and experimental studies.45, 71-76 χ1 and
χ2 values were chosen based on the conformers of Asn observed in rotamer
libraries generated from the PDB.71-74 In these libraries χ1 exhibits distinct
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conformations, whereas the distribution for χ2 is non-distinct, instead it is widely
distributed about the Nt conformer (χ2 = 180°) since it involves the rotation of a
planar amide relative to a tetrahedral Cβ.72, 74 The trans and cis conformers were
used for ψN as it is the dihedral angle that characterizes the amide bond between
Asn and GlcNAc.45,

75

Various values of ϕN were chosen from literature.45,

75

However, conformers of ϕN intermediate between 180° and 300° are likely
preferred for GlcNAc because unfavorable sterics between the N-acetyl group on
the C2 of GlcNAc and the Asn side chain are limited. In fact, a conformer with ϕN
= 240°–300° was previously shown to be the most populated conformation.45, 75
Conformers for ω2 and ω6 were chosen based on previous bioinformatics75 and
experimental results.76 The Chimera Find Clashes program was used to calculate
sterically forbidden conformations with overlap of van der Waals radii, between
the peptide backbone with the Asn side chain and GlcNAc. For comparison, 18
non-glycosylated α-helical and β-hairpin peptides were also built, with all
combinations of χ1 and χ2, and evaluated for clashes between the peptide
backbone and the Asn side chain.
6.2.7 Model Glycopeptides and Molecular Dynamics Simulations Setup
We performed all-atom explicit solvent molecular dynamics (MD)
simulations to examine the conformational preferences of GlcNAc. Three initial
configurations for a model glycopeptide (sequence = AAAAA-AAANAAAAAA-AA; N = Asn–GlcNAc), in α-helix, β-hairpin, and random coil, were
constructed using the Chimera molecular modeling package.69 All glycopeptides
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were N-glycosylated with a GlcNAc residue using the Glycam glycoprotein
builder.70
We also performed all-atom explicit solvent MD simulations of four
model α-helical glycopeptides to examine the energetics of protein–GlcNAc
interactions identified from structural bioinformatics analysis. The four model αhelical glycopeptides were AAAAA-AAANA-AAAAA-AA (N), AAAAEAAANA-AAAAA-AA

(EN),

AAAAA-AAANA-AAEAA-AA

(NE),

and

AAAAE-AAANA-AAEAA-AA (ENE). The initial structures were constructed
using the Chimera molecular modeling package and attachment of GlcNAc was
performed using the Glycam glycoprotein builder.
Molecular dynamics simulations were performed using the GROMACS
4.6.1 suite.65 For all simulations, the Charmm22* force field66 was utilized for the
amino acids, and the Charmm36 force field67 was utilized for the GlcNAc. To
maintain the initial secondary structures of the glycopeptide during the
simulation, a dihedral restraint of 4,184 kJ⋅mol-1⋅rad-2 was used on all backbone
dihedral angles with a maximum allowed angle deviation of 30°. Each initial
glycopeptide structure was first immersed in a 40 Å × 40 Å × 40 Å cubic box
containing pre-equilibrated TIP3P77 water molecules. For simulations of EN, NE
and ENE, minimal numbers of sodium ions were added to neutralize the whole
system. The solvated systems were then energy minimized using the steepest
descent algorithm to remove any bad contacts. Next, the solvated systems
underwent two equilibrations. The first equilibration consisted of a 100 ps NVT
(isochoric–isothermal) simulation at 300 K, and the second consisted of a 100 ps
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NPT (isobaric–isothermal) simulation at 300 K and 1 bar. All production
simulations were performed using an NPT ensemble at 300 K and 1 bar. The Vrescale thermostat78 was coupled to both the glycopeptide and solvent
separately,79-80 using a coupling time constant of 0.1 ps. The pressure was
regulated via the Berendsen barostat81 using a coupling time constant of 2.0 ps
and an isothermal compressibility of 4.5 × 10–5 bar–1. The leapfrog algorithm
using a time step of 2 fs was implemented for dynamics evolution. All bonds
involving hydrogen atoms were constrained using the LINCS algorithm.82 All
neighbor searching, electrostatic interactions and van der Waals interactions were
truncated at 1.0 nm. Long-range electrostatics beyond the cutoff distance were
calculated using the particle mesh Ewald (PME) summation83 with a Fourier
spacing of 0.12 nm and a PME order of 4. A long-range dispersion correction for
energy and pressure was applied to account for the 1.0 nm cutoff of LennardJones interactions.84
6.2.8 Bias-Exchange Metadynamics Simulations
Bias-exchange

metadynamics

(BE-META)

simulations85-86

were

performed to provide efficient conformational sampling for χ1, χ2 and ϕN angles.
All simulations were performed using the PLUMED 287 plugin for GROMACS.
Backbone dihedral restraints were applied throughout the simulations. For each
simulation, a 2D bias was placed on the χ1 and χ2 angles of Asn as well as a 1D
bias on the ϕN of the GlcNAcβ1–Asn linkage. Additionally, for simulations of
model glycopeptides EN, NE, and ENE, a 2D bias was added on the χ1 and χ2
angles for each Glu residue. Gaussian hills were added every 4 ps, with a height
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and width of 0.1 kJ⋅mol–1 and 0.31416 rad, respectively. Exchanges between
replicas were attempted every 5 ps. To obtain the unbiased structural ensemble for
analysis, five neutral replicas (i.e. with no bias) were added. The final simulation
length of all BE-META simulations was 300 ns.
6.2.9 Clustering Based on χ1 Angle and Thermodynamics Decomposition
For each simulation, the last 50 ns of all neutral replicas were clustered
based on the conformer of Asn χ1 dihedral angle. χ1 values of 0°–120°, 120°–
240°, and 240°–360° were assigned to g+, t, and g– conformers, respectively. After
clustering was complete, thermodynamics decomposition was performed as
described in Section 3.2.7.

6.3 Two GlcNAc Orientations are Observed for α-Helical Glycosylation Sites
in the PDB
First, Julia Rogers, an undergraduate at the time in Dr. Yu-Shan Lin’s lab,
performed structural bioinformatics analysis of α-helical glycosylation sites in the
PDB. 3,402 PDB structures were obtained, and 1,961 non-redundant
glycosylation sites with structural information for at least the core GlcNAc of the
glycan were cataloged. Among all of the N-glycosylation sites, 50.0 weighted
PDB sites (consisting of 53 non-redundant sites) were found to form 9-residue αhelices (Figure 6.2B).
Common GlcNAc orientations on 9-residue α-helical glycosylation sites
were characterized by dPCA of all dihedral angles (χ1, χ2, ψN, ϕN, ω2, and ω6) and
subsequent density peak-based clustering (Figure 6.3A). Figure 6.4 shows
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Figure 6.3: Structural bioinformatics analysis of 9-residue α-helical
glycosylation sites in the PDB. (A) Conformational density profiles from
dPCA analysis as a function of the first two principal components and their
corresponding cluster assignments. (B) Alignment of all 9-residue α-helical
glycosylation sites looking down onto the GlcNAc. Structures in clusters 1, 2,
3, and 4 are shown in red, blue, orange, and cyan, respectively. (C) Structure
of each cluster center shown from the side and looking down onto the GlcNAc.
(D) Distributions of χ1, χ2, ψN, ϕN, ω2, and ω6 for each cluster. Analysis and
generation of figures performed by Julia Rogers. Adopted from Ref 13.
dihedral angle distributions for χ1, χ2, ψN, ϕN, ω2, and ω6 from all 9-residue αhelical glycosylation sites in the PDB. From dPCA, four distinct clusters,
characterized by variations in ω6 and χ1, were identified. Differences in ω6
accounted for the widest variance (PC1) and separated clusters 1 and 2 from
clusters 3 and 4. As seen in Table 6.1 the ω6 dihedral angle is responsible for the
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positioning of O6 on GlcNAc and has no connection to the global positioning of
the sugar with respect to the α-helix backbone. Differences in χ1 accounted for the
second widest variance (PC2) and separated clusters 1 and 3 from clusters 2 and
4. Figures 6.3B–C show that differences in χ1 do indeed affect the global
orientation of the sugar, resulting in two unique conformational modes. The first
conformational mode is observed in clusters 1 and 3 (combined population of
52.9% for 9-residue α-helical glycosylation sites) and exhibits a χ1 distribution

Figure 6.4: Distributions of the dihedral angles of χ1, χ2, ψN, ϕN, ω2, and ω6
found on N-terminal, 9-residue, and C-terminal α-helical sites in the PDB. By
definition, α-helical glycosylation sites classified as a 9-residue α-helix would
also be classified both N-terminal and C-terminal α-helices; however, in these
plots, the three categories are shown as mutually exclusive data sets. Analysis
and generation of figure performed by Julia Rogers. Adopted from Ref 13.
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around 300° (the g– conformer). The second conformational mode is observed in
clusters 2 and 4 (combined population of 47.1% for 9-residue α-helical
glycosylation sites) and exhibits a χ1 distribution around 180° (the t conformer).
All other dihedral angles (χ2, ψN, ϕN, and ω2) have similar distributions between
clusters (Figure 6.3D). Interestingly, χ1 = 60° is never observed for 9-residue αhelical glycosylation sites in the PDB. Therefore, we hypothesized that an Asn χ1
= 60° must be sterically forbidden within an α-helical structure.

6.4 GlcNAc Conformational Modes Explained Via Steric Analysis
To test this hypothesis we began with investigating which Asn
conformations were sterically allowed in non-glycosylated α-helices and βhairpins. We built 18 model non-glycosylated α-helices and β-hairpins using all
combinations of χ1 and χ2 dihedral angles (Table 6.1), and evaluated them for
steric clashes. Even without a glycan, we observed that the α-helical peptides had
a restricted subset of conformations due to steric clashes with the peptide
backbone (44% of model α-helices have clashes, Figure 6.5A), which is
consistent with prior work.72 Furthermore, we found that all conformations where
χ1 = 60° for the non-glycosylated α-helices had steric clashes between the Asn
side chain and helix backbone. Non-glycosylated β-hairpins, on the other hand,
exhibited no steric clashes between the Asn side chain and backbone.
Next, we investigated which Asn conformations were sterically allowed in
glycosylated α-helices and β-hairpins. For this study we built a total of 1,728
glycosylated peptides (864 α-helices and 864 β-hairpins). Figures 6.5B–C shows
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Figure 6.5: Results from purely steric clash analysis of model peptides. (A)
Model non-glycosylated peptides with α-helical (left) and β-hairpin (right)
structures grouped according to χ1. Model glycosylated peptides with (B) αhelical and (C) β-hairpin structures grouped according to each of the dihedral
angles χ1, χ2, ψN, ϕN, ω2, and ω6. Analysis and generation of figures performed
by Julia Rogers. Adopted from Ref 13.
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that the addition of a GlcNAc increased the number of conformations with steric
clashes for both α-helices and β-hairpins, compared to non-glycosylated peptides.
Comparing model glycosylated α-helices and β-hairpins, the α-helices had much
fewer allowed conformations than did the β-hairpins (77% of glycosylated αhelices have clashes vs. 46% of glycosylated β-hairpins). These results are
supportive of the general observation that glycosylations are poorly tolerated in αhelices compared to turns and bends. Furthermore, we observed that all α-helical
glycopeptide structures with χ1 = 60° had clashes, 78% of structures with χ1 =
300° had clashes, and 52% of structures with χ1 = 180° had clashes (Figures
6.5B–C). Therefore, as we hypothesized, steric arguments account for the lack of
χ1 = 60° in α-helical glycosylation sites in the PDB. However, purely steric
arguments would predict an Asn χ1 = 180° to be most common for α-helical
glycoproteins, whereas in the PDB we observed a preference of χ1 = 300°.
6.5 Thermodynamic Justification for GlcNAc Preference of Conformational
Mode #1
To expand upon our results from purely steric arguments, and to better
predict GlcNAc orientations within an α-helix, we performed BE-META
simulations of model α-helical, β-hairpin, and random coil glycopeptides in
explicit solvent. Similarly to our steric results, we found that an α-helical
glycopeptide had more limited access to conformations compared to a β-hairpin
or random coil (Figure 6.6). Additionally, for the α-helical glycopeptide, an Asn
χ1 = 60° conformation was highly thermodynamically disfavored, with a
population of only 0.2% (Table 6.2). The most highly populated Asn χ1
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Figure 6.6: Distributions for the dihedral angles χ1, χ2, ψN, ϕN, ω2, and ω6 from
BE-META simulations of the model glycopeptide AAAAA-AAANAAAAAA-AA in α-helical, β-hairpin, and random coil conformations. N
indicates the glycosylated Asn. Adopted from Ref 13.

Table 6.2: Thermodynamic decomposition of the model glycopeptide
AAAAA-AAANA-AAAAA-AA in α-helical conformation. Clustering is
based on the χ1 dihedral angle: χ1 = 240°–360° for cluster 1, χ1 = 120°–240° for
cluster 2, and χ1 = 0°–120° for cluster 3. All thermodynamic terms are defined
in Section 3.2.7. Adopted from Ref 13.
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conformation was at ~300° (62%), which contradicted what our steric analysis
predicted, but agreed with our structural bioinformatics analysis of the PDB.
Thermodynamic decomposition revealed that the most populated Asn χ1
conformer (χ1 = 300°) was favored over the second most populated conformer (χ1
= 180°) due to peptide enthalpy, and primarily from intra-peptide electrostatic
interactions (Table 6.2). The fact that these results do not fully corroborate the
predictions from purely steric arguments is proof that the actual molecular
interactions of these glycopeptides are crucial for explaining their conformational
preferences.
6.6 Glu at the –4 Position is Highly Favored in Glycosylation Sites Adopting
N-Terminal α-Helices
Moving on from investigations of global Asn-GlcNAc conformations, we
next focused our analysis on elucidating protein–sugar interactions that may
stabilize α-helical structure. To do so, we analyzed the PDB for contacts formed
between the sugar and near-sequence residues, which are defined as residues from
position –10 to +10 around the glycosylated Asn at position 0. Our hypothesis
was that protein–sugar interactions would utilize only one of the two
conformational modes we observed, since each mode positions the sugar toward
different termini (mode #1 with χ1 = 300° or mode #2 with χ1 = 180°).
We began by analyzing N-terminal α-helical glycosylation sites (defined
in Section 6.2.2 and shown in Figure 6.2A), to uncover protein–sugar interactions
likely to utilize mode #1. In our data set there were 120.3 weighted PDB
glycosylation sites adopting N-terminal α-helices (129 total non-redundant sites).
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Table 6.3: Natural abundance of each amino acid and their frequency at the ±4
position of all N-glycosylation sites from the Swiss-Prot database, all Nglycosylation sites from the PDB, and N-glycosylation sites that adopt an N/C-terminal α-helix. Analysis and generation of table performed by Julia
Rogers. Adopted from Ref 13.

Since α-helices have an i±4 hydrogen bonding pattern, the residues at the ±4
position to the Asn are aligned on the same side as the sugar, and properly
positioned to interact. Therefore, we first investigated amino acid preferences at
the –4 position relative to the glycosylated Asn.
Table 6.3 shows a contrast between the frequency of observing each of
the 20 natural amino acids at the –4 position in any structure in the Swiss-Prot
database and the PDB and the frequency in N-glycosylated N-terminal α-helical
glycosylation sites in the PDB. By comparing sequence frequencies observed in
the Swiss-Prot database and PDB with known amino acid frequencies we were
able to say that our dataset is free from any significant bias, as all frequencies are
similar. By comparing amino acid preferences for the –4 position we found that
the frequency of Glu was enhanced in α-helical glycosylation sites. Therefore, we
next tested the hypothesis that the enhanced frequency of –4 Glu was due to
favorable Glu–GlcNAc interactions.
From analysis of all possible protein–GlcNAc interactions in N-terminal
α-helical glycosylation sites we found that the GlcNAc interacts with near-
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sequence residues on 47% of N-terminal α-helical glycosylation sites. However,
48% of those interactions also show the GlcNAc having additional interactions
with far-sequence residues, defined as residues outside positions –10 to +10. We
found that interactions at the –4 position were indeed most common, with Glu at –
4 occurring most frequently (Figures 6.7A–B). We hypothesized that a –4 Glu–
GlcNAc interaction alone may help stabilize helicity, since 47% of the –4 Glu–
GlcNAc interactions have that as the only favorable interaction with GlcNAc.
Also, Figure 6.7C shows that –4 Glu–GlcNAc interactions have a distinct
preference for χ1 = 300° (conformational mode #1). This observation supports our
hypothesis that a given protein–sugar interaction will utilize one of the two
conformational modes. Therefore, –4 Glu–GlcNAc interactions may help
maintain α-helical structure N-terminal to the glycosylation site through
conformational mode #1.
Three example structures out of 15.6 weighted PDB glycosylation sites
with favorable –4 Glu–GlcNAc interactions are shown in Figures 6.8A–C. All
three example structures show favorable electrostatic interactions, involving
hydrogen bonding between a carboxylate oxygen of the Glu side chain and the
amide hydrogen of the GlcNAc N-acetyl group. In addition to favorable –4 Glu–
GlcNAc interactions, considerations for design principles to stabilize helices
could be derived from investigating unfavorable –4 Glu–GlcNAc interactions.
Figures 6.8D–F shows three examples out of 5.3 weighted PDB glycosylation
sites with unfavorable –4 Glu–GlcNAc interactions. For instance, in Figure 6.8D
the –4 Glu has a favorable interaction with –1 Arg, rather than with GlcNAc.

	
  

173	
  

Figure 6.7: Number of N-terminal α-helical glycosylation sites with negative
or positive interaction energies according to (A) the sequence position of the
interacting residue and (B) the amino acid at the –4 position. (C) Distribution
of dihedral angles χ1, χ2, ψN, ϕN, ω2, and ω6 for N-terminal α-helical sites with
–4 Glu–GlcNAc interactions. Analysis and generation of figures performed by
Julia Rogers. Adopted from Ref 13.
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Figure 6.8: Examples of N-terminal α-helical glycosylation sites with
favorable –4 Glu–GlcNAc interactions on (A) formylglycine-generating
enzyme (PDB 2AFY), (B) a phytase (PDB 3K4P), and (C) phospholipase Blike protein (PDB 4BWC). Examples of N-terminal α-helical glycosylation
sites with unfavorable –4 Glu–GlcNAc interactions on (D) influenza
haemagglutinin (PDB 3ZNK), (E) α1,2-mannosidase (PDB 1KKT), and (F) Nacetylgalactosamine-4-sulfatase (PDB 1FSU). α-Helical residues from position
–4 to 0 are colored red. Analysis and generation of figures performed by Julia
Rogers. Adopted from Ref 13.
Therefore if one is trying to stabilize an α-helix with –4 Glu–GlcNAc
interactions, then residues such as Arg and Lys should be avoided at –1 or –7
positions to limit competing interactions. In Figures 6.8E–F, far-sequence
residues Trp and Asn, respectively, interaction with GlcNAc. However, these
interactions are specific to the proteins and depend on the proteins tertiary
structure. Therefore, we hypothesize that –4 Glu–GlcNAc interactions still have
greater potential to help stabilize an α-helix since they do not depend on the
tertiary structure of far-sequence residues.
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6.7 Glu at the +4 Position is Favored in Glycosylation Sites Adopting CTerminal α-Helices
Next, we analyzed C-terminal α-helical glycosylation sites (defined in
Section 6.2.2 and shown in Figure 6.2C), to uncover protein–sugar interactions
likely to utilize mode #2. In our data set there were 77.3 weighted PDB
glycosylation sites adopting C-terminal α-helices (82 total non-redundant sites).
Similar to our analysis of N-terminal α-helical glycosylation sites we began by
comparing the occurance of each amino acid in C-terminal α-helical glycosylation
sites to the respective sequence frequency in all protein structures. From this
analysis we found that several amino acids including Ala, Thr, Gln, and Glu all
have enhanced frequencies at the +4 position (Table 6.3). By analyzing all
possible protein–GlcNAc interactions in these C-terminal α-helical glycosylation
sites, we found that GlcNAc interacts with near-sequence residues on 48% of Cterminal α-helical glycosylation sites. However, 40% of those interactions also
show the GlcNAc having additional interactions with far-sequence residues.
Figure 6.9A shows that near-sequence protein–sugar interactions occur most
frequently at either the –4 or +4 position for C-terminal α-helical glycosylation
sites. However, all 15.6 structures (consisting of 26 non-redundant sites) with –4
interactions are also α-helical towards the N-terminus and classified as both 9residue and N-terminal α-helices. Unsurprisingly, the most frequent interactions
C-terminal to the glycosylation site occur at the +4 position, since α-helices have
an i±4 hydrogen bonding pattern. We found that interactions between GlcNAc
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Figure 6.9: Number of C-terminal α-helical glycosylation sites with negative
or positive interaction energies according to (A) the sequence position of the
interacting residue and (B) the amino acid at the +4 position. (C) Distribution
of dihedral angles χ1, χ2, ψN, ϕN, ω2, and ω6 for C-terminal α-helical sites with
+4 Glu–GlcNAc interactions. Analysis and generation of figures performed by
Julia Rogers. Adopted from Ref 13.
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and +4 Glu were most common, followed closely by +4 Thr and Gln (Figure
6.9B). Glu, Thr, and Gln also showed enhancement on C-terminal α-helical
glycosylation sites (Table 6.3). Though Ala showed enhancement on C-terminal
α-helical sites, we found that Ala–GlcNAc interactions do not occur. The
enhancement of Ala in Table 6.3 could instead be due to the intrinsic α-helical
propensity of Ala, rather than any specific interactions.88-89 Though Glu, Thr, and
Gln all have similar frequencies at the +4 position, the +4 Glu–GlcNAc
interaction is more favorable on average. The +4 Glu–GlcNAc interactions have
average interaction energies of –3.2 kcal/mol, whereas +4 Thr– and +4 Gln–
GlcNAc interactions have average energies of –0.6 kcal/mol and –1.6 kcal/mol,
respectively. We hypothesized that a +4 Glu–GlcNAc interaction alone may help
stabilize helicity, since 64% of the +4 Glu–GlcNAc interactions have that as the
only favorable interaction with GlcNAc. All favorable +4 Thr– and +4 Gln–
GlcNAc interactions, on the other hand, showed the GlcNAc also favorably
interacts with at least one additional residue. Therefore, to stabilize an α-helix Cterminal to the glycosylation site, our data suggest that a +4 Glu has the greatest
potential for favorable interactions with the sugar. Figure 6.9C shows that +4
Glu–GlcNAc interactions have a distinct preference for χ1 = 180° (conformational
mode #2).
The interactions observed for +4 Glu–GlcNAc (Figure 6.10) are similar to
those for –4 Glu–GlcNAc (Figures 6.8A–C), where the carboxylate oxygen of
the Glu side chain interacts with the amide hydrogen of the GlcNAc N-acetyl
group. Three example structures with favorable +4 Glu–GlcNAc interactions are
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Figure 6.10: Examples of C-terminal α-helical glycosylation sites with
favorable +4 Glu–GlcNAc interactions on (A) angiotensin-I-converting
enzyme (PDB 2C6N), (B) the α isoform of the human folate receptor (PDB
4LRH), and (C) neprilysin (PDB 1DMT). α-Helical residues from position 0 to
+4 are colored blue. Analysis and generation of figures performed by Julia
Rogers. Adopted from Ref 13.
	
  
shown in Figure 6.10, suggesting that positioning a Glu at the +4 position relative
to an N-linked glycan may be a general strategy for promoting α-helical stability
in glycoproteins.

6.8 –4 Glu–GlcNAc Interactions are Favored Over +4 Glu–GlcNAc
Interactions in Glycoproteins Containing Both
Evaluations of interaction strength for –4 Glu–GlcNAc and +4 Glu–
GlcNAc using an implicit solvent model show that the two are similar. Both
interactions also involve the same GlcNAc moiety (Figures 6.8A–C and 6.10).
However, –4 Glu–GlcNAc and +4 Glu–GlcNAc interactions cannot occur
simultaneously since they both utilize different conformational modes (Figures
6.7C and 6.9C). Since our data set contains significantly more N-terminal αhelical glycosylation sites than C-terminal, we hypothesized that +4 Glu–GlcNAc
interactions may not be as efficient at stabilizing helical structure as –4 Glu–
GlcNAc. From our data we found four glycosylation sites containing both –4 and
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+4 Glu residues, allowing us to directly compare the two potential interactions.
Two of the four sites found had –4 Glu–GlcNAc interactions and had helical
secondary structure, whereas no sites found had +4 Glu–GlcNAc interactions.
Therefore, these results suggest that –4 Glu–GlcNAc interactions are preferred
over +4 Glu–GlcNAc interactions when both are possible.

6.9 Limitations to our Structural Bioinformatics Analysis
For bioinformatics studies, the generality of the results depends largely on
the size of the data set used, as well as if there were any inherent biases. At the
time of accession the number of available glycoprotein structures in the PDB was
3,402. This number pales in comparison to the 105,000+ deposited PDB
structures and does not match the natural frequency of glycosylation. The reason
that so few glycoprotein structures are available could be due to challenges in
experimental characterization. Glycans on natural proteins are often times not
single sugar residues, but complex chains of monosaccharides connected through
various different linkage types. Also the flexibility of glycans can make their
structure characterization difficult using crystallography, which is the method
used to solve the majority of glycoprotein PDB structures.19,

90

Glycoprotein

crystallization, in a manner compatible with structure characterization is an
important potential bias. However, as we have shown in Table 6.3, the
frequencies observed in the Swiss-Prot database and PDB compared with known
amino acid frequencies are all very similar, meaning that our data likely contains
no crystallization biases.
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6.10 BE-META Simulations of ±4 Glu-GlcNAc Interactions in Model αHelical Glycopeptides Support Conclusions from Structural Bioinformatics
Based on our conclusions from structural bioinformatics we performed
BE-META simulations of model α-helical glycopeptides with sequences
including –4 Glu (EN) and +4 Glu (NE). BE-META simulations allowed us to
more rigorously evaluate the energetics of each interaction mode using an explicit
solvent model. In these studies we used simple glycopeptide sequences, consisting
of predominantly Ala residues (other than the Glu and Asn-GlcNAc residues), as
our aim was simply to evaluate potential Glu–GlcNAc interactions for α-helical
glycopeptides. For this reason the natural consensus sequence for N-glycosylation
(NXT/S) was ignored, as +2 Ser or Thr don’t commonly interact with the GlcNAc
in the PDB and chemical synthesis of glycopeptides does not require the natural
consensus sequence.
BE-META simulations of EN showed that the Asn χ1 dihedral angle in the
most populated cluster (76.8%) had a distinct preference for 300° (Figures 6.11
and 6.12). The preference for χ1 = 300° matches to conformational mode #1
adopted by natural α-helical glycosylation sites with –4 Glu–GlcNAc interactions
found in the PDB (Figure 6.7C). Thermodynamics decomposition of EN showed
that the most populated cluster (76.8% with χ1 = 300°) predominated over the
second most populated cluster (23.2% with χ1 = 180°) due to peptide enthalpy.
Breaking down the peptide enthalpy further we observed that the most populated
cluster had more favorable peptide Lennard-Jones and coulombic interactions
compared to the second most populated cluster (Figure 6.11C). In addition,
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Figure 6.11: Results from BE-META simulations of the three model α-helical
glycopeptides. (A) χ1 distributions for model glycopeptides EN (red), NE
(blue), and ENE (black). (B) Structures showing most prominent Glu–GlcNAc
interaction for EN, NE, and ENE. α-Helical residues from –4 to 0 are colored
red on EN and ENE. α-Helical residues from 0 to +4 are colored blue on NE.
(C) Thermodynamic decomposition of the two most populated clusters for
model glycopeptides EN, NE, and ENE. Clustering is based on the χ1 dihedral
angle: χ1 = 240°–360° for cluster 1, and χ1 = 120°–240° for cluster 2. All
thermodynamic terms are defined in Section 3.2.7. Adopted from Ref 13.
interactions between a carboxylate oxygen of the Glu side chain and the amide
hydrogen of the GlcNAc N-acetyl group were observed on 79.3% of structures
with interactions in the most populated cluster (–4 Glu–GlcNAc interactions
occur on 85.2% of the structures within cluster 1) (Figure 6.11B).
BE-META simulations of NE showed that the Asn χ1 dihedral angle in the
most populated cluster (51.6%) had a distinct preference for 300° (Figures 6.11
and 6.12). Thermodynamics decomposition of NE showed that the most
populated cluster (51.6% with χ1 = 300°) predominated over the second most
populated cluster (48.3% with χ1 = 180°) due to solvation enthalpy. Within the
most populated cluster only 0.02% of structures had interactions between the
peptide and sugar. Instead, the sugar was free to interact with solvent. The second
most populated cluster (48.3% with χ1 = 180°) was consistent with mode #2
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Figure 6.12: Distributions of the dihedral angles χ1, χ2, ψN, ϕN, ω2, and ω6 from
BE-META simulations of model glycopeptides EN (red), NE (blue), and ENE
(black) in α-helical conformation. Adopted from Ref 13.
adopted by natural α-helical glycosylation sites with –4 Glu–GlcNAc interactions
found in the PDB (Figure 6.9C). For cluster 2 there were +4 Glu–GlcNAc
interactions observed in 50.9% of structures. However, +4 Glu interacted with the
C3 hydroxyl group of the GlcNAc on 63.2% of these structures (Figure 6.11B)
and interacted with the N-acetyl group of the GlcNAc on only 23% of structures.
The difference between the results from BE-META and those from bioinformatics
could stem from the limited number of C-terminal α-helices available in the PDB.
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We note that, similar to the most populated cluster of EN with –4 Glu–GlcNAc
interactions, the second most populated cluster of NE had more favorable peptide
enthalpy primarily due to electrostatics compared to the most populated cluster
(Figure 6.11C).

6.11 BE-META Simulations of Glycopeptide with Both –4 and +4 Glu Show
–4 Glu-GlcNAc Interactions are Favored
Lastly we performed BE-META simulations of model glycopeptide ENE
to fully test the hypothesis that –4 Glu–GlcNAc interactions are more favorable
than +4 Glu–GlcNAc interactions, as suggested by structural bioinformatics
analysis. We found that the Asn χ1 dihedral angle in the most populated cluster
(71.1%) had a distinct preference for 300° (Figures 6.11 and 6.12). This
preference was the same as for glycopeptide EN, which is consistent with mode
#1 observed on glycoproteins with –4 Glu–GlcNAc interactions in the PDB.
Interactions between the –4 Glu side chain and GlcNAc N-acetyl group were
observed on 74.3% of structures with interactions in the most populated cluster (–
4 Glu–GlcNAc interactions occur on 79.2% of structures in cluster 1) (Figure
6.11B), whereas interactions between the +4 Glu and GlcNAc occured on only
34.4% of the structures in all analyzed clusters. Thermodynamics decomposition
of ENE showed that the most populated cluster (71.1% with χ1 = 300°)
predominated over the second most populated cluster (28.5% with χ1 = 180°) due
to configurational entropy (Figure 6.11C). Thus simulations of ENE corroborate
our hypothesis that –4 Glu–GlcNAc interactions are more favorable than +4 Glu–
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GlcNAc interactions. Additionally, for glycopeptide design the presence of
potentially competing interactions may hinder the utility of –4 Glu–GlcNAc
interactions.

6.12 Conclusions
In this Chapter, we utilized structural bioinformatics to identify two
unique conformational modes for the Asn–GlcNAc, characterized by the Asn χ1
dihedral angle (mode #1 with χ1 = 300° and mode #2 with χ2 = 180°). Using both
steric analysis and BE-META simulations we derived that the two conformational
modes arise from a combination of steric constraints and favorable peptide
enthalpy. Furthermore, from bioinformatics analysis we found that the most
favorable protein–sugar interactions come from –4 Glu–GlcNAc and +4 Glu–
GlcNAc interactions. –4 Glu–GlcNAc interactions utilize conformational mode
#1, whereas +4 Glu–GlcNAc interactions utilize conformational mode #2. Lastly,
using BE-META simulations and thermodynamic decomposition we elucidated
interesting protein–sugar interactions for model glycopeptides EN, NE, and ENE
and showed that there is a preference for –4 Glu–GlcNAc interactions over +4
Glu–GlcNAc interactions. Overall, we found that positioning a Glu at the –4
position in relation to an Asn–GlcNAc, is more promising than a Glu at the +4
position for potentially stabilizing an α-helix.
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