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Graphitic nanoflakes modulate the structure and
binding of human amylin†

Alexa Kamboukos, a Billy J. Williams-Noonan,a,b Patrick Charchar, a

Irene Yarovsky a and Nevena Todorova *a

Human amylin is an inherently disordered protein whose ability to form amyloid fibrils is linked to the

onset of type II diabetes. Graphitic nanomaterials have potential in managing amyloid diseases as they can

disrupt protein aggregation processes in biological settings, but optimising these materials to prevent

fibrillation is challenging. Here, we employ bias-exchange molecular dynamics simulations to systemati-

cally study the structure and adsorption preferences of amylin on graphitic nanoflakes that vary in their

physical dimensions and surface functionalisation. Our findings reveal that nanoflake size and surface oxi-

dation both influence the structure and adsorption preferences of amylin. The purely hydrophobic sub-

strate of pristine graphene (PG) nanoflakes encourages non-specific protein adsorption, leading to unrest-

ricted lateral mobility once amylin adheres to the surface. Particularly on larger PG nanoflakes, this

induces structural changes in amylin that may promote fibril formation, such as the loss of native helical

content and an increase in β-sheet character. In contrast, oxidised graphene nanoflakes form hydrogen

bonds between surface oxygen sites and amylin, and as such restricting protein mobility. Reduced gra-

phene oxide (rGO) flakes, featuring lower amounts of surface oxidation, are amphiphilic and exhibit sub-

stantial regions of bare carbon which promote protein binding and reduced conformational flexibility,

leading to conservation of the native structure of amylin. In comparison, graphene oxide (GO) nanoflakes,

which are predominantly hydrophilic and have a high degree of surface oxidation, facilitate considerable

protein structural variability, resulting in substantial contact area between the protein and GO, and sub-

sequent protein unfolding. Our results indicate that tailoring the size, oxygen concentration and surface

patterning of graphitic nanoflakes can lead to specific and robust protein binding, ultimately influencing

the likelihood of fibril formation. These atomistic insights provide key design considerations for the devel-

opment of graphitic nanoflakes that can modulate protein aggregation by sequestering protein monomers

in the biological environment and inhibit conformational changes linked to amyloid fibril formation.

1. Introduction

Human islet amyloid polypeptide (amylin) is a 37-residue
inherently disordered peptide (IDP) hormone that is co-
secreted with insulin in pancreatic β-cells, with biological sig-
nificance in blood glucose regulation. Under certain pathologi-
cal conditions, the functional form of amylin is prone to
abnormal unfolding and aggregation, leading to the formation
of insoluble amyloid fibrils,1,2 a process linked to β-cell dys-
function and the onset of type II diabetes (T2D).3,4 Structural
characterisation of the early and later stages of amyloid fibril
formation is important for developing targeted strategies for

the treatment and/or prevention of T2D and many other debili-
tating amyloid-related diseases.5,6 Extensive experimental and
computational studies have aided in structurally characterising
amylin in its native, aqueous state. The conformational prefer-
ences of amylin in solution show a predominant α-helix in the
N-terminal residues 5–20, and a less structured C-terminus
involving turns and coiled motifs.7–9 Amyloid fibril formation
involves the self-association of misfolded amylin monomers,
leading to β-sheet rich oligomers, protofibrils and finally
mature fibrils. Due to the disordered nature of amylin, it is
unclear which specific residues are most influential in
amyloid formation, emphasising the need for further struc-
tural characterisations. While residues 20–29 are traditionally
known to form β-sheet structures that template peptide–
peptide association,10–12 other studies identify amyloidogenic
regions with β-sheet propensity that spans across residues
8–20 and 30–37.13,14 Membrane insertion of amylin fibrils and
intermediate oligomers is linked to membrane disruption and
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toxic effects due to pancreatic β-cell dysfunction and
death.15,16 Currently, there are limited therapeutic strategies to
prevent and/or reverse protein aggregation, prompting urgency
for the design of therapeutic agents capable of intervening at
different stages of the fibril formation pathway.

In recent years, there has been a growing interest in explor-
ing the influence of graphitic nanoparticles (NPs) within bio-
logical environments, particularly in their potential role in
modulating amyloid diseases.17–19 Pristine graphene (PG) is a
two-dimensional (2D) layer of covalently bonded aromatic sp2

carbon with excellent thermal stability, electrical conductivity,
and mechanical strength, but is insoluble in aqueous media
due to its high hydrophobicity. Surface modifications on PG
can impart biorelevant attributes such as improved solubility,
dispersibility, biocompatibility, and low cytotoxicity. Through
surface oxidation, PG becomes a hydrophilic graphene deriva-
tive known as graphene oxide (GO). Compared to PG, the
chemical heterogeneity of GO enhances its dispersibility and
stability in biological environments, while the introduction of
oxygenated functional groups facilitates selective hydrogen
bonding with biomolecules. Subsequent chemical reduction of
GO decreases the surface oxygen concentration to produce
reduced graphene oxide (rGO), a more hydrophobic but still
soluble GO derivative. The advantageous chemical, mechani-
cal, and physical properties of GO and rGO make them promi-
nent materials for the development of biomedical devices.
Experimental evidence suggests that these graphitic NPs may
be beneficial in modulating the process of amyloid fibril
formation.20–22

Research efforts investigating the influence of carbon NPs
on amylin aggregation have highlighted the potential of these
emerging NPs to interfere with amyloid formation and act as
therapeutic agents for managing T2D (see ref. 17 and refer-
ences therein). Guo et al. showed that graphene and single-
walled carbon nanotubes (SWCNTs) can impede the early stages
of amylin aggregation via strong protein–substrate binding and
preventing β-sheet formation, whereas highly curved fullerene
(C60) NPs were found to inhibit β-sheet formation to a lesser
extent.23 Others reported that GO can lower amylin aggregation
and protect β-cells,24 graphene quantum dots (GQDs) can
supress amylin fibrillation,25 and fluorine functionalised GQDs
can inhibit fibril formation through stabilising the native struc-
ture of amylin to prevent the development of β-sheets.26 Despite
these research advancements, few studies probe the influence
GO has on amylin aggregation due to the infancy of its
discovery.24,27,28 Improving the design of GO-based therapeutic
agents requires careful consideration into how amylin aggrega-
tion is influenced by GO surface attributes (e.g., size, functiona-
lisation, curvature and charge), as these properties are well-
known to dictate the fibril-promoting or inhibiting action of
NPs.29 Atomically resolved structures of amylin interacting with
GO-based nanosurfaces are therefore necessary to assist the
design of novel biomedical devices, with applications including
drug delivery, biosensing, and therapeutics.30,31

Recent advancements in computational power have broad-
ened the scope of atomistic simulation techniques capable of

investigating the dynamic behaviour of proteins interfaced
with (in)organic surfaces to support, rationalise, and comp-
lement experimental findings.32–34 Previous computational
modelling studies investigating amylin in the presence of pris-
tine carbonaceous NPs have provided insights into the struc-
ture and binding of amylin onto hydrophobic surfaces. Studies
investigating the adsorption behaviour of short C-terminal
amylin peptide fragments (NFGAILS) onto PG with sheet sizes
of approximately 4–5 nm found amylin fragments lie flat on
PG with all residues tightly adsorbed, while hydrophobic and
aromatic stacking interactions with the surface drive the
peptide adsorption.23,35 PG surface-mediated adsorption also
promoted coiled peptide structures.23 Overall, PG bound
amylin exhibited fewer β-rich structures when compared
against in-solution structures, due to strong adsorption onto
the surface, and this was also shown for SWCNTs.23 Molecular
dynamics (MD) simulations of amylin dimers on C60 showed
that dimers mostly adopt disordered coil structures with a low
propensity of short β-sheet components. Helical regions were
identified to span across residues 4–36, with residues 5–7 con-
taining the highest helical propensity.36 Similar to amylin frag-
ments adsorbed to PG,23,35 the presence of C60 facilitated aro-
matic stacking and hydrophobic interactions, as well as
cation–π interactions between charged Arg11 and aromatic
rings on C60.

Simulation studies investigating the binding of amylin to
oxidised carbon and other hydrophilic NPs have also facili-
tated understanding into the influence of surface hydrophili-
city on amylin structure and interactions. In a combined
experimental and simulation study, GO of ∼3–4 nm in size was
found to diminish amylin’s α-helicity by approximately half of
its initial helical content.24 Similarly, α-helical content
reduction and associated coil increase was observed during
the adsorption of amylin onto other types of oxidised carbon
NPs.25,36–38 Compared to amylin in solution, β-sheet formation
decreased when adsorbed onto functionalised carbon
NPs,36–38 consistent with PG.23 The inclusion of oxygen con-
taining functional groups on pristine carbon NPs introduces
opportunities for hydrogen bonding and electrostatic inter-
actions in addition to inherent aromatic stacking and hydro-
phobic carbon-based interactions.24,25,36–38 The accumulative
effect of these interactions was shown by simulation to induce
wrapping of monomeric amylin around 3.6 nm hydroxylated
GDQs, leading to complete reduction of ordered protein sec-
ondary structure.25 Similarly, an MD study of amylin
monomer/fibril adsorption onto citrate-capped gold (Au) NPs
revealed distinct binding behaviours. The C-terminal adsorp-
tion onto bare Au regions partially unfolded the C-terminal
α-helix, while N-terminal adsorption onto hydrophilic citrate
regions stabilised the N-terminal helix through electrostatic
interactions between charged residues and the anionic citrate
layer.39

The above examples show that atomistic MD simulations
can complement and explain experimental data by providing
fundamental insights into the binding behaviour of amyloido-
genic proteins on NPs. However, using computational model-
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ling to accurately describe complex systems with many degrees
of freedom in all-atom detail requires substantial statistical
sampling of the potential energy landscape to correctly eluci-
date structural, kinetic, and thermodynamic information. In
“brute force” or spontaneous molecular dynamics (SPON-MD)
simulations, a common bottleneck is the prohibitive compu-
tational costs associated with adequately sampling confor-
mational transitions across high energy barriers within reason-
able timescales.40,41 It is therefore common in protein simu-
lations, and especially for IDPs, to apply enhanced sampling
techniques in order to overcome the energy barriers between
states and accelerate conformational sampling.42 Variations of
enhanced sampling algorithms capable of bypassing high
energy barriers and accessing longer timescales are becoming
increasingly present in the field. These techniques include,
but are not limited to, umbrella sampling,43 replica exchange-
molecular dynamics (REMD,44 or REST45/REST246) and meta-
dynamics (MetaD).47,48 MetaD has been extensively applied to
study peptide/surface binding phenomena, with its implemen-
tation to model bio–nano systems forecasted to steadily
increase.49 In this approach, small repulsive Gaussian poten-
tials are added along a predefined collective variable (CV) at
defined time increments within the simulation. This tech-
nique reduces the dimensionality of the system to accelerate
the transition between states. The history-dependent nature of
the bias penalises the re-entry into previously sampled CV
space (conformations). Within the MetaD variant methods, the
bias-exchange (BE-MetaD)50 approach involves running repli-
cate simulations at the same temperature on different CVs,
with an optional neutral replica (no bias). BE-MetaD circum-
vents the high computational cost of needing to compute
many CVs with standard MetaD. Studies have shown the
superior performance of MetaD compared to SPON-MD and
other sampling methods when modelling the conformational
preferences of proteins in solution, including IDPs, and
specifically, amylin.50–53 However, applications of MetaD to
study the adsorption of amyloidogenic proteins such as
amylin onto surfaces/interfaces have been limited.

In this work, we apply BE-MetaD simulations to study the
adsorption and structure of monomeric amylin onto graphitic
nanoflakes (NFs) varying in size (3, 5 and 7 nm) and degree of
surface functionalisation (PG, rGO, GO). This research builds
upon previous work by Peng et al.9 which benchmarked all-
atom forcefields and conformational sampling methods for
modelling monomeric amylin in-solution and found
CHARMM22* forcefield provided results most aggregable with
experimental findings. In another preceding study, Peng
et al.54 modelled graphitic NFs varying in size and surface oxi-
dation in aqueous medium to understand the influence of the
NF chemical composition on its curvature, surface roughness
and hydration properties in solution, mimicking the biological
environment. Following the previous works,9,54 here we explore
the interactions between amylin and the graphitic NFs varying
in size and oxidation to provide mechanistic insights into tai-
loring graphitic NF design to optimise the binding preferences
of amylin.

2. Methodology
2.1 System and simulation details

To explore the interaction of graphitic nanoflakes with amylin,
we employed water-equilibrated nanoflake models from our
previous work54 based on pristine graphene (PG) nanoflakes of
sizes 3 × 3 nm2, 5 × 5 nm2, and 7 × 7 nm2. A symmetrical
square shape for the graphene nanoflakes was used to simplify
the geometry and facilitate direct size comparison. This nano-
flake shape is commonly used in MD simulations to study the
fundamental behaviours of the material and its interactions
with biomolecules.24,54–56 Functional groups (hydroxyl, epoxy,
and carboxyl) were randomly distributed on each PG surface to
generate graphene oxide (GO) and reduced graphene oxide
(rGO) nanoflake models, following the chemical composition
described in experimental literature.57 In all models, unfunc-
tionalised carbon atoms on the flake edges were capped with
hydrogen atoms. The carbon-to-oxygen (C : O) ratio of GO and
rGO was maintained at 5 : 1 and 10 : 1, respectively, to be con-
sistent with experimental ratios.58,59 In total, we investigated
nine graphitic NF models, labelled PG3, PG5, PG7, rGO3,
rGO5, rGO7, GO3, GO5 and GO7, based on their surface size
(3, 5 and 7 nm) and oxidation degree (PG, rGO and GO)
(Fig. S1b†).

Using BIOVIA Materials Studio60 and Visual Molecular
Dynamics (VMD)61 programs, each amylin–NF complex was
constructed by adding an amylin monomer to the periodic
simulation cell of the various water-equilibrated NF structures.
The initial configuration of amylin was taken as the most pre-
ferred (sampled) conformation of amylin in solution, as deter-
mined in our previous study.9 This conformation comprises a
predominant N-terminal α-helix and a disordered C-terminus
involving turns and coiled motifs (Fig. S1a†). Amylin was
placed at a minimum nearest atom distance of 0.8–1 nm from
the basal plane of the NF surfaces, and randomly rotated to
generate distinct starting orientations. The amylin–NF com-
plexes were centred in periodic cubic unit-cells to allow at least
1.2 nm separation from the box edge. Each simulation box was
solvated with ∼1 g cm−3 water, a 0.15 mol L−1 NaCl salt con-
centration to mimic physiological conditions, and additional
Na+ and Cl− counterions to achieve charge neutrality. The net
charge of amylin and the graphitic NFs was consistent with
our preceding studies.9,54 The charge of amylin was +2, and
the partial atomic charges of GO were determined using the
QEq algorithm62 based on the experimental zeta-potential of
GO at neutral pH (−44 mV),63 resulting in a total surface
charge of −0.04e nm−2. The rGO NFs were modelled as neutral
particles due to their significantly lower zeta-potential and
carbon-to-oxygen ratio compared to GO,63 and the need for the
NF to have a whole charge value for system charge neutraliz-
ation. The PG NFs were also modelled as neutral particles for
similar reasons. A total of nine amylin–NF complexes were
generated.

Simulations were conducted using the GROMACS
(2020.3)64,65 software and the PLUMED v266 plugin. The
CHARMM22* forcefield, CGenFF67,68 parameters for the gra-
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phitic NFs, and TIP3P water,69 were used throughout as pre-
viously benchmarked for modelling amylin and graphitic NF
structures in solution.9,54 The Verlet cutoff scheme was used
for neighbour searching as well as the particle mesh Ewald
(PME) summation70 for calculating long-range electrostatic
interactions. PME order was set to 4 and a grid FFT spacing of
0.16. van der Waals and short-range electrostatics were cut-off
at a value of 1.4 nm. Constant temperature of 300 K was
achieved by using the v-rescale method using τT = 0.1 ps.71

Constant pressure was achieved by coupling the system to a
Parrinello–Rahman barostat72 with an isotropic pressure treat-
ment, compressibility of 4.5 × 10−5, coupling constant of
2.0 ps and reference pressure of 1.0 bar. The LINCS algor-
ithm73 was applied to constrain all bond lengths to their
respective equilibrium values, allowing for a simulation time-
step of 2 fs. Prior to molecular dynamics, each complex was
subjected to energy minimisation using the steepest descent
algorithm. Initially, the peptide and the nanoflake were posi-
tion restrained during a 2 ns solvent equilibration at constant
temperature and volume (NVT ensemble). Position restraints
were then removed to allow the protein and nanoflakes to
freely diffuse in the simulation cell and the amylin–NF
systems were subjected to well-tempered BE-MetaD50,74 at a
constant temperature and pressure (NPT ensemble).

Three collective variables were used in the BE-MetaD simu-
lations to bias the amylin–NF complexes. These CVs included:
amylin radius of gyration (CV1); amylin-to-NF centre of mass
(COM) distance (CV2); and the orientation angle of amylin
relative to the NF, defined as the angle between the COMs of
the NF, amylin N-terminal residue, and C-terminal residue
(CV3) (Fig. S2†). The final replicate was unbiased and used for
all analysis. The CVs were chosen to account for the confor-
mation of amylin (CV1), the binding pathway between amylin
and the NF (CV2), and the binding orientation (CV3). A
Gaussian hill height of 1 kJ mol−1 was deposited every 2500
timesteps, with a bias factor of 40. An exchange between repli-
cates was attempted every 2.5 ps. Full parameters of Gaussian
width for CV1–3 are described in ESI (Table S1†).

Variations in the system free energy were calculated using a
systematic approach to establish convergence (Fig. S6†). This
approach involved extracting the free energy surface (FES) for
each CV for increasing increments of 100 timesteps by inte-
grating hill height using the sum_hills function in PLUMED.
Only low-energy structures from the FES with an energy below
3 kT from the lowest energy state (minimum) were considered
to be biologically relevant, representing approximately 95% of
the observed phase space in an unbiased distribution. Full
details describing convergence results are provided in the
ESI.†

Data analysis was performed on the same length of simu-
lation time for each of the amylin–NF complexes to maintain
consistency across all systems. The final 650 ns of the
unbiased BE-MetaD simulations was used for analysis, with
structures outputted at a frequency of 1 frame every 4 ps, pro-
ducing a total of 5.85 μs of BE-MetaD simulation data across
all systems.

Comparative spontaneous MD simulations (SPON-MD) were
also conducted to evaluate the sampling efficiency of the
BE-MetaD method for modelling protein–nanoparticle com-
plexes. The SPON-MD simulations were performed using iden-
tical starting amylin–NF complexes as the BE-MetaD simu-
lations, along with additional amylin–NF starting structures
that feature alternative initial orientations of amylin relative to
the NF. The two sets of independent SPON-MD simulations
were combined to produce an ensemble trajectory (2 μs) for
each amylin–NF system. Further details of the SPON-MD simu-
lation approach and results are presented in the ESI.†

2.2 Analysis details

To investigate the NF surface-adsorbed behaviour of amylin,
we filtered the total ensemble of simulated frames into either
adsorbed or desorbed states based on the geometric criterion of
any amylin atom being within 0.4 nm of any NF atom. This
distance cut-off is in line with previous modelling studies that
developed ways to classify the adsorbed states of proteins on
surfaces.75–77 Analysis was performed using standard
GROMACS, VMD, and PLUMED analysis tools on all recorded
adsorbed states, and separately, on the most frequently
sampled (low energy) states. This approach enabled a more
comprehensive understanding of the binding mechanisms
and interactions of amylin with NFs of varying size and degree
of oxidation. The conformational variance of surface-adsorbed
amylin was investigated using RMSD cluster analysis. The
contact probability of amylin on each NF atom was used to
generate contact maps illustrating the probability of each NF
atom being in contact with amylin. Two-dimensional free
energy maps based on the amylin radius of gyration and
amylin–NF contact area were created to understand the confor-
mational free energy landscape of amylin adsorbed onto the
graphitic NFs. RMSD cluster analysis and secondary structure
analysis was performed on the identified low energy confor-
mations (hotspot regions) in the 2D free energy maps. The
driving forces of amylin adsorption onto the graphitic NFs
were examined by calculating the minimum distance of indi-
vidual protein residues to the NF atoms as well as analysing
hydrogen bond formation between amylin and the oxidised
NFs. Further analysis details are outlined in the ESI.†

3. Results and discussion
3.1 Amylin–PG

The PG NFs simulations offer valuable insights into the struc-
ture and binding of amylin on hydrophobic graphitic surfaces.
We utilise backbone RMSD cluster analysis to categorise the
amylin–NF structures sampled in the simulations, grouping
similar surface-bound amylin conformations and separating
distinct conformations into different clusters. The results
reveal a high degree of conformational diversity in amylin
upon adsorption (less than 0.4 nm) onto PG NFs, as indicated
by the large number of low population clusters shown in
Fig. 1a. This conformational diversity is more pronounced as
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NF size increases, suggesting backbone fluctuations increase
in the presence of larger PG particles. We also generated 2D
contact probability maps to determine the location of amylin
when adsorbed onto the NFs. The contact maps demonstrate
that the likelihood of surface-bound amylin being anchored to
a single location on PG decreases as the NF size increases, sup-
porting the trend that amylin is more conformationally
dynamic when adsorbed onto larger PG NFs (Fig. 1b). Amylin
is found to preferentially interact with the central planar
regions of the NFs and tends to avoid the hydrogen-terminated
edges and corners of the PG flakes. This may be due to the
increased NF curvature of the graphene edges restricting
binding compared to the planar central NF region.54,78 In the
time-evolved SPON-MD simulations of the amylin–PG systems,
there is no distinct binding location of amylin on the NFs,
further indicating the protein remains dynamic upon adsorp-
tion (Fig. S9†). These findings suggest that PG surfaces encou-
rage non-specific protein adsorption, leading to high protein

mobility and lateral diffusion, which is most significant on the
larger PG surfaces. In the context of fibrillation, surfaces that
induce considerable translational mobility have been
suggested to facilitate the assembly of monomers into aggre-
gates by allowing the peptides to diffuse along the surface and
attach to fibril ends.79–81

To explore the relationship between protein shape/compact-
ness (amylin radius of gyration) and the extent of protein
adsorption onto the PG NFs (amylin–NF contact area), we
utilise 2D free energy maps. The maps show that irrespective
of NF size, amylin adsorption onto PG is characterised by a
single high-density ‘hotspot’ (containing low energy amylin
conformations) (Fig. 1d). On larger NFs, the amylin radius of
gyration and amylin–NF contact area both increased,
suggesting stronger protein–NF interactions and more confor-
mational restructuring.

Secondary structure analysis of amylin’s low energy states
demonstrates adsorption onto PG leads to a loss of native

Fig. 1 Amylin conformational preferences and contacts with pristine graphene. (a) Total number of unique surface-bound amylin conformations
identified by RMSD backbone cluster analysis from the amylin–PG simulations. (b) Contact probability maps showing the relative proportion of simu-
lation time each PG atom maintains close association (less than 0.4 nm) with amylin. The probability values are coloured with a perceptually linear,
sequential colour scale to identify the dynamics of amylin adsorption and persistent binding locations. (c) Average percentage of amylin adopting
different type of secondary structure within the hotspot regions with errorbars representing standard deviation. The average secondary structure of
amylin in-solution9 is provided in white bars for reference. (d) Amylin–PG free energy maps showing the relationship between amylin radius gyration
and amylin–NF contact area. The blue highlight corresponds to the lowest energy hotspot region. Inset images illustrate representative structures
from the given hotspots, as determined by RMSD backbone cluster analysis, and are coloured based on their typical secondary structure features:
coils (white), turns (cyan), α-helix (magenta), 310-helix (violet), extended conformation (yellow), and isolated bridge (orange). Solvent hidden for
clarity.
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helical content and the emergence of β-like character (Fig. 1c).
Relative to the solution state,9 the number of helical residues
in PG-adsorbed amylin significantly decreases as the particle
size increases. This reduction is ∼40% for both PG3 and PG5,
and ∼90% for PG7. The low energy conformations of amylin–
PG5 and amylin–PG7 demonstrate adsorption onto larger PG
substrates facilitates protein unfolding and extension over the
surface (Fig. 1d and 2d). In contrast, on the smaller PG3 flake,
amylin adsorption and structural extension are less prominent
(Fig. 1d and 2c). These findings are qualitatively in agreement
with previous studies that report helical disruption or absence
following the adsorption of amylin onto graphitic NPs, such as
PG23,35 and C60,

36 as well as other studies that show a corre-
lation between graphene size increase and protein unfolding
(or helix reduction).82,83 While amylin on PG3 and PG5 NFs
features negligible isolated β-bridge structures (Fig. 1c and
S15†), amylin on PG7 exhibits extended β-sheet conformations
formed across C-terminal residues 15–30, with a turn present
between residues 20–24 (Fig. 1 and S15†). Collectively, the

results of RMSD clustering and secondary structure analysis
(Fig. 1a and c) indicate that adsorbed amylin undergoes
greater backbone fluctuations and conformational changes on
the larger PG7 surface, including complete loss of helical
elements and the formation of β-sheet structures. In contrast,
when amylin is adsorbed on PG5, only partial helical loss is
observed, and there are no residues in β-sheet conformation.
The different conformational preferences may be related to the
variation in size and curvature of the PG NFs, whereby the
larger size and increased curvature of PG754 compared to
PG5 helps facilitate a more substantive surface diffusion and
conformational changes of amylin. Similar β-rich confor-
mations induced by PG7 NF, termed ‘β-hairpins’, have been
extensively observed during simulations of full-length amylin
in solution,8,9,84–87 and are proposed to accelerate fibril for-
mation via templating of the flat β-hairpin segments. As such,
we postulate that the increased β-rich conformations induced
by PG7 NF may indicate a propensity for larger PG flakes to
nucleate fibril formation. This is in line with previous experi-

Fig. 2 Specific interactions between amylin and pristine graphene. (a) Average minimum distances measured between individual amylin residues
and the PG3, PG5, and PG7 surfaces. Calculated on the lowest energy states of each system (shown in Fig. 1), with errorbars representing standard
deviation. Shaded grey on the plot is used to indicate residue–NF contacts, defined as distances less than 0.4 nm. Residue numbers are coloured by
sidechain physicochemical properties: dark red – charged (Lys and Arg); light red – hydrophilic (Asn, Thr, Gln, His, Ser and Cys); light grey – hydro-
phobic (Ala, Leu, Val, Gly and Ile); and dark grey – aromatic (Phe and Tyr). (b)–(d). Representative snapshots that highlight favourable amylin–PG
interactions. The amylin backbone is shown in cyan cartoon representation, residue sidechains are drawn in licorice atomic detail and coloured
based on their properties (i.e., charged, hydrophilic, hydrophobic, and aromatic), and graphene carbon atoms are shown in grey with either space-
filling (b) or licorice (c and d) representations. Water and ions are hidden for clarity. (b) Top-view of amylin–PG5 showing residues within 0.4 nm of
the NF. (c), (d). Side-view of amylin interacting with PG3 and PG5, emphasising the orientation of aromatic residues relative to the substrates.
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ments and simulations that demonstrated the presence of gra-
phene or graphite can both stabilise and promote β-sheet
structures in other peptides.77,88–90 Recently, it was also
demonstrated that β-sheet-featuring amyloid forms on surfaces
when proteins with α-helices unfold following interfacial
adhesion.91

The minimum distance between individual protein residues
to the NF provides information about the driving forces
behind amylin adsorption on the PG NFs (Fig. 2a). Analysis of
the low energy states of amylin adsorbed onto the PG NFs
reveals that numerous residues across the protein exhibit
direct contact (<0.4 nm) with the substrate, consistent with
previous studies23,35,92 (Fig. 2a). Regardless of the physico-
chemical properties of their sidechains (hydrophobic, hydro-
philic, or charged), all types of residues favourably interact
with PG, suggesting there is non-specific surface adsorption.
This observation aligns with other studies that also show gra-
phene interacts strongly with all naturally occurring amino
acids.93,94 As the PG NF size increases, more protein residues
are in contact with the NF and these contacts become more
stable (Fig. 2a). Aromatic residues (Phe15, Phe23 and Tyr37)
preferentially interact with the PG surface, however, the larger
5 and 7 nm NFs better facilitate the planar arrangement of aro-
matic residues, guided by π–π stacking interactions (Fig. 2b
and d). This type of aromatic stacking encourages sidechain
extension over the PG surface, contributing to amylin unfold-
ing. In comparison, the limited surface area for aromatic and
other contacts on PG3 impedes amylin structural rearrange-
ments and results in the protein adopting more compact con-
figurations (Fig. 2c). Fig. 2a also shows that Phe15 is at a closer
distance to PG5 than PG7. This finding is due to amylin adopt-
ing extended β-sheet conformations spanning residues 15–30
on PG7, causing residues 14–20 to be positioned farther from
the surface compared to residues not in a β-sheet confor-
mation, such as those observed on PG5 (Fig. 1c and d).

The BE-MetaD simulation results presented in Fig. 1 and 2
are in general agreement with the SPON-MD simulation find-
ings (Fig. S9 and S10†). The results from the different simu-
lation methods showed common trends, such as enhanced
amylin conformational mobility, reduced helical content, and
increased surface adsorption, as a function of increasing PG
NF size. However, the preferred (hotspot) surface-bound
amylin conformations attained from the two simulation
methods showed nuanced differences in their secondary struc-
tures. The SPON-MD simulations sampled protein states with,
on average, approximately more than double the helical
content compared to the BE-MetaD hotspots. Notably, the
SPON-MD amylin–PG3 and amylin–PG5 simulations exhibited
conformations with higher helical residue content than native
amylin due to an additional C-terminal helix being formed by
residues 21–36 (Fig. S16†). Further, the SPON-MD low energy
structures for amylin bound to PG7 showed negligible β-rich
character (Fig. S9†), in contrast to the BE-MetaD simulations
where amylin featured β-sheet characteristics in approximately
14% of its residues (Fig. 1). These conformational variations
quantitatively manifest as differences in the minimum dis-

tance of protein residues to PG obtained by the different simu-
lation methods (Fig. 2a and S10†). These findings indicate that
SPON-MD leads to amylin being kinetically trapped in states
exhibiting more helical structures compared to BE-MetaD.
Furthermore, for all amylin–PG NF systems, BE-MetaD notice-
ably explores a larger region of phase space compared to the
SPON-MD ensemble generated within the simulation time-
frames, as indicated by the free energy maps (Fig. S9†).
Previous MD simulation studies involving protein–surface
interactions have highlighted the challenges in effectively
sampling processes such as helical breakdown, α-helix to
β-sheet transitions, and protein movement across structured
water layer for complete adsorption, when relying solely on
SPON-MD.95–97 The differences found between the two applied
methodologies may also be associated to the different cut-off
values used for calculating van der Waals and electrostatics
(see ESI†). Despite these variabilities, the observed amylin–NF
interactions in both simulation methods were qualitatively
similar, as expected from simulations employing the same
forcefield.

Overall, based on the above simulation results, we postulate
that larger PG NFs (>5 nm) may be capable of nucleating and
accelerating the formation of amyloid fibrils on the surface.
The potential fibril-accelerating capacity of these surfaces is
ascribed to the extensive and planar surface providing an ideal
binding substrate for peptides, promoting lateral diffusion,
and facilitating the adoption of fibril-prone elongated and
β-rich structures. Consequently, our results suggest larger PG
NFs have a superior capacity to serve as templates that mediate
peptide self-assembly and fibrillation. In contrast, smaller PG
NFs (e.g., PG3) have a reduced surface area that is expected to
limit the adsorption and assembly of peptides on the surface.
While biological application of PG NFs is limited by their low
solubility, these simulation findings indicate the potential for
utilising larger PG surfaces to fabricate well-structured protein
assemblies and functional amyloid fibres for the development
of bio-inspired materials.49

3.2 Amylin–rGO

Through studying the adsorption of amylin on rGO NFs, we
investigate the effect of low surface oxidation (C : O ratio of
10 : 1) on the structure and binding properties of amylin.
Compared to the amylin–PG simulations, rGO significantly
reduces the conformational dynamics of surface-bound
amylin, with less than half the number of unique rGO-bound
amylin conformations identified by RMSD clustering (Fig. 1a
and 3a). This suggests backbone fluctuations are decreased
when the graphene surface is functionalised. Moreover, unlike
PG where amylin’s conformational diversity systematically
increases with NF size (Fig. 1a), backbone fluctuations are less
impacted by rGO NF size (Fig. 3a). The 3 nm and 5 nm
amylin–rGO simulations produce a comparable number of
RMSD clusters, thus having a similar influence on the confor-
mational dynamics of surface–bound amylin, while the 7 nm
rGO NF increases the number of backbone conformations by
ca. 30% (Fig. 3a). Contact maps showing the probability each
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NF atom has for being in contact (less than 0.4 nm) with
amylin demonstrate that the decreased backbone flexibility is
caused by directed binding of amylin on rGO (Fig. 3b). The
inclusion of oxygenated functional groups on the surface
increases the probability for contact between specific atoms/
regions of the NF and amylin. For example, amylin is found to
exhibit more edge contacts on rGO NFs than on PG NFs,
largely facilitated through surface–amylin hydrogen bonding
(described below). The consequence of specific surface sites
on rGO is a more laterally restricted amylin binding with
reduced translational mobility. The increased translational
mobility of amylin adsorbed on the PG NFs compared to the
oxidised NFs may also be related to the lower surface rough-
ness of the pristine surfaces due to the absence of functional
groups, as quantified in the previous study.54 Surfaces that
facilitate monomer adsorption and entrapment while inhibit-
ing the lateral diffusion of peptides along the surface are
believed to discourage peptide assembly.79–81

The 2D free energy maps correlating the amylin radius gyra-
tion and amylin–NF contact area provide understanding into
the adsorbed conformations of amylin on rGO NFs (Fig. 3d).

Compared to the amylin–PG simulations of equal NF size, the
amylin–rGO simulations sample adsorbed states that have a
lower amylin–NF contact area, emphasising that the adsorp-
tion onto rGO results in more stringent protein binding
(Fig. 1d and 3d). Furthermore, while the amylin–PG free
energy maps converge to one main hotspot region (Fig. 1d),
amylin–rGO adsorption has a more complex 2D free energy
landscape with multiple distinct low energy states (Fig. 3d).
The rGO maps reveal that amylin prefers to adsorb with a
larger amylin–NF contact area on the rGO5 NF compared to
the rGO3 and rGO7 NFs, potentially suggesting the intermedi-
ate-sized NF is most conducive for strong adhesion. The larger
rGO5 contact area is also consistent with the atomic contact
probability depicted in Fig. 3b being more widespread on
rGO5, and may explain the fewer backbone fluctuations when
amylin is bound to rGO5 due to stronger anchoring inhibiting
protein dynamics (Fig. 3a).

Exploring the interaction of amylin with rGO NFs in more
detail reveals patterns in protein structure and potential impli-
cations for fibril inhibition. In the most stable states of amylin
adsorbed onto rGO3 and rGO7 (hotspots rGO3h1 and rGO7h1),

Fig. 3 Amylin conformational preferences and contacts with reduced graphene oxide. (a) Total number of unique surface-bound amylin confor-
mations identified by RMSD backbone cluster analysis from the amylin–rGO simulations. (b) Contact probability maps showing the relative pro-
portion of simulation time each rGO atom maintains close association (less than 0.4 nm) with amylin. (c) Average percentage of amylin adopting
different type of secondary structure within the hotspot regions with errorbars representing standard deviation. The average secondary structure of
amylin in-solution9 is provided in white bars for reference. (d) Amylin–rGO free energy maps showing the relationship between amylin radius gyra-
tion and amylin–NF contact area. Hotspots (h) are sequentially labelled numerically based on their free energy and the blue highlight corresponds to
the lowest energy hotspot region.
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the middle residues 5–19 of amylin are least likely to make
surface contact (Fig. 4a). The minimal binding of these resi-
dues helps to preserve amylin’s solution-state helical structure
and even promotes an increase in the helical content on rGO7
(Fig. 3c and S17†). On rGO5, closer contacts are formed
between amylin’s central residues and the NF (hotspot
rGO5h1), leading to a ∼15% reduction in the native helical
content of amylin (Fig. 3c and S17†). Interestingly, rGO3 pro-
motes a less populated, ancillary hotspot (rGO3h2) where struc-
tures exhibit lower helical content and a persistent, though
singular, isolated β-bridge linking Leu12 to Asn35 (Fig. 3c and
S17†). For all other hotspots, amylin’s adsorption results in
low energy conformations devoid of β-character (Fig. 3d and
S17†), consistent with previous studies.23,36–38 It is noteworthy
to emphasise that the 7 nm rGO NF does not induce
β-conformations, whereas the same size PG promotes extended
β-sheet conformations. Compared to the amylin–PG simu-
lations (Fig. 1c), our results show that rGO more effectively

maintains helices, inhibits protein extension, and prevents
β-sheet formation on the NFs (Fig. 3c). Given that graphene
with a low level of surface oxidation slows down the rate of
amylin unfolding, it can be suggested that rGO may potentially
serve as a fibril inhibitor.29

On rGO7, less populated but still stable states (i.e., ancillary
hotspot rGO7h2) are observed that are predominantly unfolded
or denatured, likely due to their more stable adsorption on the
NFs (Fig. S22†). Previous studies have shown that the adsorp-
tion of amylin and amyloid-β to functionalised carbon-based
NPs can induce a higher degree of protein adsorption, result-
ing in complete helical breakdown.25,98 When multiple
peptide units were introduced, strong protein binding to the
oxidised carbon-based NPs was found to hinder and disrupt
the intra- and inter-chain interactions necessary for protein
aggregation.24,25 Other studies examining the influence of GO
size on amyloid-β fibrillation have demonstrated that larger
GO sizes more effectively reduce fibrillation by facilitating

Fig. 4 Specific interactions between amylin and reduced graphene oxide. (a) Average minimum distances measured between individual amylin resi-
dues and the rGO3, rGO5, and rGO7 surfaces, with errorbars representing standard deviation. Shaded grey on the plot is used to indicate residue–
NF contacts, defined as distances less than 0.4 nm. Residue numbers are coloured by sidechain physicochemical properties. (b) Probability distri-
bution of hydrogen bonds formed between amylin and rGO in the amylin–rGO hotspots. (c) and (d). Representative snapshots that highlight favour-
able amylin–rGO interactions. The amylin residue sidechains are drawn in licorice atomic detail and coloured based on their properties. (c) Top-view
of amylin–rGO7 showing residues within 0.4 nm of the NF. (d) Side-view of amylin interacting with rGO3, emphasising the orientation of aromatic
residues relative to the substrate.
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enhanced monomer trapping and stronger interactions with
peptides, leading to the suppression of β-sheet secondary
structures and discouragement of peptide–peptide
interactions.21,99 In light of these previous works, our simu-
lation results propose that larger rGO NF sizes (>5 nm) are
potentially more effective in preventing fibril formation com-
pared to smaller rGO3 NFs.

To examine the factors influencing amylin adsorption onto
rGO NFs, we monitored distances between protein residues
and the surfaces, the formation of amylin–NF hydrogen
bonds, and water structuring, using the low energy amylin con-
formations identified earlier (Fig. 4). The presence of oxyge-
nated functional groups on rGO introduces the opportunity for
amylin to form hydrogen bonds with the graphitic surfaces
(Fig. 4b). Amylin residues also competitively interact with the
hydrophilic and hydrophobic regions on the rGO substrates.
Analogous to the amylin–PG simulations, aromatic residues
(Phe15, Phe23 and Tyr37) favourably interact with exposed
carbon patches via π–π stacking (Fig. 4a, c and d). Water mole-
cules are observed to structure around the NF oxygenated func-
tional groups, leaving unfunctionalised graphene regions de-
hydrated (Fig. S21†). The considerable area of exposed carbon
patches, due to both fewer oxygenated functional groups and
lower surface hydration, encourages more protein residues to
adhere to the bare carbon compared to the oxygenated regions
of the NFs. These protein–surface binding trends are high-
lighted in the representative amylin–rGO7 conformation
shown in Fig. 4c. In this low energy state, the charged Lys1
residue can be seen forming persistent (electrostatic) contacts
with an oxygen-rich NF region, while aromatic/hydrophobic
residues Phe23, Ile26 and Leu27 interact with exposed gra-
phene regions. Hydrophilic residues competitively interact
with both the oxygen and carbon atoms of the NF (Fig. 4c).
The comparison of amylin binding on PG and rGO suggests
that the interactions with both oxygen-rich and carbon-rich
regions of the substrate work synergistically to decrease the
conformational flexibility and lateral mobility of amylin upon
rGO adsorption. This is likely because the sidechains of
adsorbed residues are more effectively ‘locked’ in position on
the amphiphilic rGO surface.

The BE-MetaD simulation results shown in Fig. 3 and 4 are
mostly consistent with our SPON-MD simulations (Fig. S11
and S12†). Both simulation methods showed similar amylin–
rGO interactions, a reduction in amylin conformational mobi-
lity, and some common low energy surface-bound amylin con-
formations. The preferred amylin conformations sampled by
SPON-MD on rGO5 and rGO7 exhibit negligible reduction in
helical content relative to native amylin in-solution. In the
SPON-MD simulations of amylin binding to rGO5 and rGO7,
some less populated low energy states are sampled that are
predominantly unfolded due to extensive protein adsorption
(SPON-MD hotspots rGO5h2 and rGO7h2 in Fig. S11 and S22†).
Denatured states also emerge in the BE-MetaD simulations of
amylin on rGO7 (i.e., hotspot rGO7h2 in Fig. 3), further con-
firming the ability of larger rGO NFs to strongly bind amylin
and unfold its secondary structure. There are some notable

differences in the amylin–rGO binding between the simulation
methods. The contact probability maps generated from the
SPON-MD simulations (Fig. S11b†) show amylin explores
different, less localised, positions on the rGO NFs compared to
the BE-MetaD simulations. This contrasting behaviour orig-
inates from the two independent SPON-MD trajectories, each
with a unique initial orientation of amylin relative to the NF,
exploring different areas of the conformational free-energy
landscape of amylin. In the rGO5 and rGO7 SPON-MD simu-
lations, one simulation trajectory conserved more of the native
structure of amylin, while the other led to helical breakdown
and increased protein–NP interactions. In SPON-MD, the
initial orientation and randomised atomic velocities of the
protein can bias simulation evolution. Additionally, given the
heterogenous distribution of oxygen on the rGO surface, the
specific location where amylin adsorbs on the NF impacts the
protein–surface interactions and conformational changes that
transpire. Other MD simulation studies exploring protein–gra-
phene interactions also report that initial protein orientation
influences protein adsorption, further emphasising the chal-
lenge and complexity in modelling protein–surface
interactions.77,88 Our simulations highlight the advantages of
running MD simulations with diverse initial protein orien-
tations in protein–NP systems that feature heterogenous sur-
faces, to circumvent insufficient sampling where proteins
adsorb and remain trapped at specific locations on the
surface. However, in practice, this approach requires substan-
tial computational time and resources, especially when using
enhanced sampling techniques such as BE-MetaD. Despite
these challenges, our RMSD clustering results and the 2D free
energy maps (Fig. 3 and S11†) show that BE-MetaD with a
single initial protein orientation provided an appreciable
improvement in conformational sampling relative to
SPON-MD.

In summary, compared to the PG surfaces of equal sizes,
rGO substrates may inhibit protein aggregation due to their
amphiphilic nature, which decreases protein mobility and
restricts protein unfolding. We find that larger rGO sizes
(>5 nm) in particular, may be more effective fibril inhibitors,
owing to their enhanced ability to prevent β-sheet secondary
structures and facilitate more stable adsorption. We hypoth-
esise that oxidised graphitic surfaces could effectively seques-
ter protein monomers from solution and anchor the absorbed
monomers in place, thereby preventing the assembly of
peptide monomers into larger fibrillar aggregates.

3.3 Amylin–GO

Finally, we simulated amylin adsorption on GO NFs that had a
high surface oxygen concentration (C : O ratio of 5 : 1, twice the
oxygenation on rGO). RMSD cluster analysis of amylin on GO,
showed an approximate 10–100% increase in the number of
unique structures relative to the simulations of amylin on
equivalent sizes of rGO NF (Fig. 3a and 5a). This implies that
the amylin backbone is more conformationally dynamic when
the graphitic surface is more oxidised, but not quite as
dynamic as on pristine graphene surfaces (Fig. 1a). These find-
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ings are consistent with previous computational modelling
studies that note GO promotes more structural and/or confor-
mational transitions in lysozyme and Aβ monomers compared
to rGO.100,101 In the context of GO size, our results show an
increase in NF size leads to a reduction in total number of
unique amylin conformations (Fig. 5a), suggesting that larger
GO NFs discourage protein mobility.

The contact probability maps demonstrate that GO presents
specific surface sites for amylin binding (Fig. 5b), akin to that
on the rGO surfaces (Fig. 3b). Therefore, like rGO, the oxygen
sites on GO reduce the lateral diffusion of surface-bound
amylin to potentially inhibit fibril formation through
monomer adsorption and entrapment.79–81 However, com-
pared to rGO (Fig. 3b), amylin–GO adsorption occurs over a
wider NF surface area with fewer NF atoms having a high
contact probability (Fig. 5b), resulting in amylin being more
conformationally versatile and dynamic on GO. It is worth
mentioning that the time-evolved MD simulations sampled a
few short-lived amylin desorption events near the start of the
simulations on GO3 and GO7 NFs, which may imply a weaker
initial protein binding. The increased oxygenation of GO also

generates a more extensive hydration layer around the NF
(Fig. S21†), in agreement with our previous graphitic NFs
simulations.54 Other modelling studies also consistently
demonstrate that a weaker protein/biomolecule adsorption
occurs on GO compared to more hydrophobic surfaces, likely
due to extensive hydration of the GO substrate.93,101–104 This is
further supported by experimental data of amylin adsorption
onto self-assembled monolayers (SAMs), describing that hydro-
philic-terminated SAMs adsorb monomers weaker than sur-
faces that are more hydrophobic.105

Considering NF size, the contact probability maps demon-
strate amylin interacts with a greater capacity as NF surface
area increases (Fig. 5b). The greater contact area may be associ-
ated to a more stable adsorption of amylin on the larger GO
NFs and may clarify the reduction in protein backbone fluctu-
ations with increasing GO size (Fig. 5a). Chen et al.99 also
found larger GO sizes increased the contact surface area with
Aβ peptides, which in turn resulted in a more effective preven-
tion of fibril formation. We observe that the size of the GO NF
also influences the location of amylin binding on the NF.
While amylin consistently binds to both the central and edge

Fig. 5 Amylin conformational preferences and contacts with graphene oxide. (a) Total number of unique surface-bound amylin conformations
identified by RMSD backbone cluster analysis from the amylin–GO simulations. (b) Contact probability maps showing the relative proportion of
simulation time each GO atom maintains close association (less than 0.4 nm) with amylin. (c) Average percentage of amylin adopting different type
of secondary structure within the hotspot regions with errorbars representing standard deviation. The average secondary structure of amylin in-solu-
tion9 is provided in white bars for reference. (d) Amylin–GO free energy maps showing the relationship between amylin radius gyration and amylin–
NF contact area. Hotspots (h) are sequentially labelled numerically based on their free energy and the blue highlight corresponds to the lowest
energy hotspot region.
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regions of GO, as the GO size decreases, there is a preference
for more edge binding (Fig. 5b). For the small GO3 NF, the
increased NF edge interactions lead to some amylin confor-
mations that wrap around the NF and contact both basal
planes simultaneously (Fig. 6d). A similar ‘wrapped’ confor-
mation of amylin on GO3 has been reported computationally
during the adsorption of amylin onto GQDs of similar
dimensions.25

Consistent with the amylin–rGO free energy maps (Fig. 3d),
the adsorption of amylin on the GO NFs induces a variety of
protein conformations, as demonstrated by the multiple
hotspot regions in the 2D free energy maps (Fig. 5d). Like the
amylin–PG and amylin–rGO systems, contact area increases as
the size of the proximal NF increases, inferring that stronger
protein–NF interactions establish when adsorbed to the larger
GO nanoparticles. Consistent with earlier amylin–GO adsorp-
tion studies,24 we find GO disrupts the structure of amylin’s
helices, leading to a ∼40% reduction in the solution-state
helical content (hotspots GO3h1, GO5h1 and GO7h1). The
remaining helical residues that are preserved are found to have

minimal NF contact (Fig. 6a and S19†). Across all NF sizes,
amylin favourably adsorbs to GO with a higher contact area,
less compact configuration, and a greater helical reduction,
compared to the equivalent sized rGO NFs (Fig. 3c, d and 5c,
d). These simulation findings agree with a recent theoretical
study investigating the adsorption of amyloid-β peptide (Aβ42)
onto carbon nanotubes (CNTs) varying in surface functionali-
sations.98 They documented increased protein-CNT contact
area and protein unfolding on surfaces exhibiting higher levels
of oxidation. Similar to the amylin–rGO simulations and pre-
vious studies,23,36–38 GO does not encourage β-conformations
(Fig. 5c and S19†), but as is the case with rGO, GO NFs may
induce some predominantly unfolded/denatured states. Apart
from the ‘wrapped’ configuration on GO3 mentioned earlier
(Fig. 6d), another conformation is observed on the larger GO7
NF where amylin structurally extends to its limits (hotspots
GO7h2). The larger particle surface area on GO7 accommodates
the elongation of amylin along a single side of the planar
surface (Fig. 5d). While both rGO7 (hotspots rGO7h2) and GO7
(hotspots GO7h2) induced adsorbed states with complete

Fig. 6 Specific interactions between amylin and graphene oxide. (a) Average minimum distances measured between individual amylin residues and
the GO3, GO5, and GO7 surfaces, with errorbars representing standard deviation. Shaded grey on the plot is used to indicate residue–NF contacts,
defined as distances less than 0.4 nm. Residue numbers are coloured by sidechain physicochemical properties. (b) Probability distribution of hydro-
gen bonds formed between amylin and GO in the amylin–GO hotspots. (c) and (d) Representative snapshots that highlight favourable amylin–GO
interactions. The amylin residue sidechains are drawn in licorice atomic detail and coloured based on their properties. (c) Top-view of amylin–GO7
showing residues within 0.4 nm of the NF. (d) Side-view of amylin interacting with GO3, emphasising the orientation of aromatic and charged resi-
dues relative to the substrate.
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helical breakdown, amylin–GO structures are completely
extended across the NF (i.e., less compact) and the loss of
helical character is more pronounced (Fig. 3d and 5d). Our
simulation results corroborate previous studies showing that
the adsorption of amylin onto highly hydrophilic surfaces can
induce extensive protein adsorption and structural
denaturation.25,98,99 These denatured states involve strong
amylin–GO binding, which may disrupt the intra- and inter-
chain interactions needed for protein aggregation.24,25,99

To elucidate the impact of NF oxygen concentration on the
mechanism of amylin adsorption, we again monitored the
minimum distance of protein residues from the surface and
examined the formation of amylin–NF hydrogen bonds
(Fig. 6). As expected, increasing the NF oxygen concentration
(compared to rGO) results in the formation of more amylin–NF
hydrogen bonds (Fig. 4b and 6b). The amylin backbone, along
with the sidechains of hydrophilic and charged residues (i.e.,
Lys1, Thr30, Asn31, and Ser34), demonstrate there is a prefer-
ence for selective hydrogen bonding to the oxygenated func-
tional groups on GO (Fig. 6c). Aromatic residues (Phe23 and
Tyr37) engage in planar π–π stacking on exposed carbon
regions that are surrounded by a boundary of NF oxygen atoms
(Fig. 6a and c), highlighting the preference for graphatic π–π
stacking even at high NF oxygen concentrations. While the
sidechains of bound hydrophobic residues readily align over
carbon regions of the NF, the hydration of the surface
(Fig. S21†) and limited availability of exposed carbon patches
restricts the number of NF carbon–amylin contacts that can
form (Fig. 6c). These binding preferences emphasise that
amylin conformations are governed by the surface nanopat-
terning that emerges from the number and location of oxyge-
nated functional groups on the graphitic nanoflakes. In com-
parison to the rGO surfaces, there is a greater number of NF
oxygen–protein contacts compared to NF carbon–protein con-
tacts. There is also a more prominent hydration layer leaving
fewer unfunctionalised carbon regions exposed (Fig. S21†).
This water structuring around the NF mediates amylin binding
to the GO surface. Overall, the above findings demonstrating
the types of interactions formed between amylin and the oxi-
dised surfaces, such as hydrogen bonding, hydrophobic inter-
actions and aromatic stacking interactions, are in accordance
with previous studies.24,25,36–38 The differences in how specific
amino acids prefer either carbon or oxygen sites on rGO and
GO are in line with the findings of Baweja et al.101 They
reported that the adsorption of Aβ on GO was primarily driven
by electrostatic interactions, whereas adsorption of Aβ on rGO
had contributions from both electrostatic and van der Waals
interactions due to the larger hydrophobic regions of unfunc-
tionalised carbon. Baweja et al. and others, also describe that
the larger carbon areas of rGO promote stronger Aβ monomer
and fibril binding compared to GO.101,106

The BE-MetaD (Fig. 5 and 6) and corresponding SPON-MD
(Fig. S13 and S14†) simulations of amylin–GO consistently
showed that larger GO NF sizes generally correlate with
decreased amylin conformational diversity. The RMSD cluster
analysis from the SPON-MD simulations shows a slight devi-

ation from this trend, revealing that there is ∼55% fewer
unique surface-bound amylin conformations on GO5 com-
pared to GO7. However, both GO surfaces larger than 5 nm
still produce significantly fewer amylin conformations than on
GO3. This could suggest undersampling by SPON-MD on GO5,
especially since amylin did not undergo significant confor-
mational changes upon binding, unlike in all the other
amylin–NF simulations (Fig. S8†). Comparing to BE-MetaD,
the SPON-MD simulation of amylin–GO5 and amylin–GO7
systems explored fewer unique amylin backbone confor-
mations, but in the amylin–GO3 system, SPON-MD identified a
threefold increase in the number of RMSD clusters. This
suggests that BE-MetaD more effectively samples amylin
undergoing conformation transitions into low energy adsorbed
states that have a larger amylin–NF contact area (Fig. 5d and
S13†). Although there are subtle differences in the preferred
amylin–GO binding locations between the two methods (e.g.,
amylin wraps around different edges on the GO3 NF,
SPON-MD hotspot GO3h2, Fig. S13†), the SPON-MD simu-
lations generally produce protein states with a smaller amylin–
NF contact area and greater helical content compared to the
BE-MetaD simulations (Fig. S13†). This indicates that
BE-MetaD more effectively explores the adsorption process,
aligning with previous studies demonstrating that enhanced
sampling techniques accelerate the exploration of protein
adsorption, leading to the formation of greater protein–surface
interactions.95,97 While both methods show the majority of low
energy conformations have a negligible presence of β-rich
character (Fig. S13, S19 and S20†), SPON-MD of amylin–GO5
revealed a persistent isolated β-bridge forming between Ala25
and Ser34 (Fig. S19†). This is likely due to amylin forming
fewer interactions on the GO5 NF during the SPON-MD simu-
lations, as previously mentioned. Moreover, the 2D free energy
maps show BE-MetaD explores a larger region of phase space
than SPON-MD for all amylin–GO NF systems (Fig. 5d and
S13†), underscoring the value of BE-MetaD in predicting the
structure and binding of amylin on GO NFs. Discrepancies
between the two methodologies may be associated to the
different cut-off value used for calculating van der Waals and
electrostatics (see ESI†), but reassuringly, similar amylin–NF
interactions were consistently observed by both methods
(Fig. S14†).

There is substantial experimental evidence indicating that
GO NFs inhibit fibril formation.20–22 Our simulations provide
a molecular-level understanding of how oxidised graphitic NFs
might be achieving this inhibition. We propose that larger sur-
faces may potentially prevent fibril formation through two
mechanisms: (1) by sequestering peptide monomers from
solution, thereby decreasing the likelihood of proteins aggre-
gating in solution; and (2) by promoting adsorbed amylin to
adhere with minimal β-sheet secondary structure, which could
deter and disrupt the intra- and inter-chain interactions that
contribute to protein aggregation on surfaces. When consider-
ing the optimal oxidation level for NFs to function as fibril
inhibitors, the simulations suggest that a C : O ratio of 5 : 1
(i.e., GO) might be less effective in preventing fibril formation
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than a 10 : 1 ratio (i.e., rGO). This is indicated by the GO sub-
strates facilitating enhanced amylin conformational dynamics,
increased unfolding, and more significant destruction of sec-
ondary structure compared to rGO surfaces. The simulations
reveal that the conformations of amylin are influenced by
nanopatterning. In contrast to rGO where the large regions of
unfunctionalised carbon effectively ‘locked’ adsorbed amylin
in place, on GO the increased surface oxygen concentration
encourages conformational dynamics and the formation of
amylin–NF hydrogen bonds. This leads to the extension of
amylin over the GO NF surface, in accordance with the oxygen
patterning, and driven by a preference for hydrogen bonding
and aromatic stacking interactions. Therefore, controlling the
size of the hydrophobic/hydrophilic NF regions is critical in
order to exploit the preference for amylin–NF interactions that
preserve the native in-solution structure of amylin. MD simu-
lations have shown nanoscale surface heterogeneity can
dictate the adsorption behaviour of proteins to either promote
or prevent binding based on the matching between the surface
and protein functionality.75,107–109 Recent experimental studies
have highlighted the importance of achieving an appropriate
balance between hydrophilic and hydrophobic domains in
determining the inhibitory effects of engineered nanochaper-
ones against amylin fibrillation.110 Specifically, hydrophobic
domains facilitate the adsorption of amylin monomers, while
hydrophilic domains act as a boundary to prevent self-aggrega-
tion. Our simulation findings support this concept and pre-
vious studies,101 by demonstrating how the oxygen concen-
tration and distribution of GO surfaces may be tailored for
selective and strong binding with amylin to effectively inhibit
amyloid formation.

4. Conclusions

Using atomistic molecular dynamics simulations we explored
the adsorption of amylin on graphitic nanoflakes varying in
size and degree of surface oxidation. We found amylin
adopted a variety of surface-bound conformations depending
on the size and nanopatterns of oxygenated functional groups
on the graphene nanoflakes. The hydrophobic pristine gra-
phene nanoflakes promoted non-specific protein adsorption
resulting in increased protein mobility, especially on the rela-
tively large nanoflakes, over 5 nm. The extent of structural
changes, such as loss of native helical content and β-sheet for-
mation increased with an increase in the nanoflake size. The
oxidised graphitic nanoflakes provided specific binding sites
for hydrogen bonding with amylin. The surface oxygen concen-
tration and nanopatterning were observed to control the
bound conformations of amylin. The higher oxygen concen-
tration on the GO surfaces promoted substantial water struc-
turing and induced conformational dynamics which led to
protein unfolding and partial helical breakdown due to the
extension of the amylin structure over the NF surface. In con-
trast, reduced graphene oxide having substantial number of
bare carbon regions and subsequently lower surface hydration,

promoted reduced protein flexibility and conformational
dynamics, which is important for maintaining the native in-
solution structure of amylin. These results indicate that gra-
phitic nanoflakes can be engineered to effectively sequester
amylin monomers in the biological environment, inhibit con-
formational changes associated with amyloid fibril formation
and ultimately prevent peptide–peptide association. In this
study we demonstrate that tailoring the oxygen concentration
and surface patterning of GO can result in specific and robust
protein binding, influencing the likelihood of fibril formation.
Such molecular insights offer important considerations for the
design of graphitic nanoflakes that can contribute to improved
treatments for amyloid-related disorders.
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