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Peptide binding to a graphene sheet is studied by a coarse-grained approach. All-atom molecular
dynamics (MD) is used to assess the adsorption energy (e.g. binding) of each amino acid with graphene.
The relative adsorption energy of each residue is normalized to describe its coarse-grained interactions
with graphene which is used as an input to a phenomenological interaction in an all-residue coarse-
grained (ARCG) representation of the peptide chain. Large scale Monte Carlo (MC) simulations are
performed to study the stability of peptides (P1: 'H->S—>S—*Y—"W-Y-"ASFN-"N-""K—'T and
P2: '"E-?P-*L—*Q-°L-°K-"M) binding to a graphene sheet as a function of temperature. A number of
local and global physical quantities are analyzed including mobility and substrate-in-contact profiles of
each residue, density profiles, root mean square displacement of the center of mass of each peptide and
its radius of gyration. We find that P1 has a higher probability of binding to a graphene sheet than P2
supported by both local and global physical quantities. All residues of P1 can bind to the graphene
sheet at low temperatures; however, three residues *Y—"W-°Y seem to anchor it most strongly at higher

temperatures, which is consistent with an all-atom MD simulation.

1. Introduction

Fabrication of multifunctional materials with optimal character-
istics via directed assembly of biofunctionalized nanoparticles has
become a subject of immense interest in recent years' due in part
to advances in manipulating structures at nano scales. Peptides are
some of the most versatile functionalizing agents with their prolific
conformational response and selective binding characteristics.
Therefore, identifying peptides that can selectively bind to desir-
able nano-particles™™ (e.g., gold, palladium, clay platelets, ezc.),
including graphitic surfaces,'" has become one of the major thrusts
in designing materials with desirable characteristics; the list of
references is too long to cite all here. Kim et al.® have recently found
that peptides P1: "H-2S-3S—*YSW-SY-"A-_S8FN-1°N-!K-1?T
and P2: 'E-*P’L-*Q-°"L-°K-"M bind selectively to graphene
surfaces and edges, which is critical in modulating both the
mechanical as well as electronic transport properties of graphene.
They have argued that the noncovalent selective binding of peptide
to a planar surface or edge of graphene is due to — stacking or
electrostatic interaction. Such a distinction at the atomic scale was
feasible by computer simulation only using an all-atomic model.*'!
We would like to extend the computer simulation study further on
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a large scale using a coarse-grained Monte Carlo (MC) simulation
with an input from the all-atom molecular dynamics (MD) study at
small scales. Our primary goal is to assess the relative binding of
peptides P1 and P2, identify the underlying residues that anchor
the binding, and evaluate its stability with respect to temperature at
equilibrium.

Peptides are assembled from a set of amino acids tethered
together in a chain via peptide (covalent) bonds. Twenty amino
acids (AAs) constitute the basic building blocks of peptides,
which range from a molar mass of 75 DA (10 atoms) to 204 DA
(27 atoms) with key elements carbon, hydrogen, oxygen, and
nitrogen. Each amino acid is characterized by its unique side
chain along with an amine and carboxylic acid groups. The
degrees of freedom (torsional, covalent elastic bonds, trans-
lational) associated with atoms in each amino acid and its
assembly in a peptide chain spans a vast conformational phase
space. Scanning such a huge set of conformations that charac-
terize specific equilibrium structures requires time steps generally
not accessible in all-atom computational modeling? particularly
in monitoring the large scale structural changes and relaxation of
large peptides in appropriate environments. Self and directed
assembly of peptides, peptide binding to substrates including bio-
functionalization of nano particles, and protein folding in a
range of solvent environments may involve multiscale relaxa-
tions. Large scale (spatial and temporal) investigation of such
complex systems is generally not amenable to computational
approaches with atomic resolution. Therefore, some degree of
approximation with a lower resolution description is necessary in
almost all computer simulation modeling.
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Reducing the degrees of freedom while preserving the perti-
nent features of peptides on a large scale is one of the primary
objectives in coarse-graining mechanisms. Enormous efforts33!
have been directed towards developing coarse-grained models
using both Monte Carlo and molecular dynamics methods.
Designing appropriate force fields has been one of the major
efforts in MD studies.'®' Because of the ingenuity of such
approaches in preserving the pertinent features, remarkable
success is achieved in addressing a number of issues in bio-
macromolecular assembly. It involves a variety of mechanisms
such as setting parameters for an effective residue-residue
interaction to achieve conformational relaxation into the native
configuration of a protein via a reduced model,*® representing
several atomic units of a residue by an effective potential with
specific constraints in united residue descriptions,'® force
matching to minimize the difference between atomic and pre-
dicted effective forces,* and so on. For example, using a
coarse-grained molecular dynamics simulation, Sorensen et al.*®
have examined the assembly of amylin peptides and shown that
the “protofibrils are not formed independently in solution but are
subunits of the larger growing fibril.” They have pointed out the
limitations underlying the coarse-grained approaches, namely
the time scale is too large to cover the entire relaxation and
assembly processes even using the CG models despite the struc-
tural constraints and approximate force field.

Computing limitations (both temporal and spatial) are
extensively discussed® in polymers particularly in complex
polymer systems.**3* It is not feasible to cover complete polymer
chain dynamics (e.g., Rouse, reptation, post-reptation, diffusion
from short to long time dynamics of chains in an idealized dense
melt). One can hardly approach reptation from short time Rouse
dynamics.** Thus, reaching the long time diffusion from short
time relaxation is out of the question by off-lattice MD simula-
tions even with the coarse-grained (bead—spring) model. Such a
long relaxation time for polymer chains in the melt is not
accessible by MD simulations due to excessively large degrees of
freedom in the continuum (off-lattice) space. The bond-fluctua-
tion description of the polymer chain®*%¢ on a discrete lattice with
reduced but ample degrees of freedom has become a method of
choice for such large scale simulations to study complex
macromolecular systems.?*3* We have already adopted such
methods in studying the global properties of proteins'”'® and
peptide binding to specific substrates.”*-*”-*¥ In this article, we
would like to develop it further with input from an all-atom MD
simulation. A peptide can be represented by a chain of coarse-
grained nodes where each node represents an amino acid. In
addition to ignoring the structural details of amino acids, one of
the main issues remaining is how to capture the specificity of the
amino acid in its representative node, particularly its interaction
with the underlying matrix (graphene). Obviously it depends on
the issues to be addressed, for example, the binding of peptides
P1 and P2 to a graphene sheet examined here.

The computer simulation is carried out in two steps (bottom-
up): (i) consider the binding of each amino acid (a free residue)
with the graphene sheet analogous to a recent study by Feng
et al.*® on a gold substrate. This will entail performing large-scale
simulations with all-atom details of each amino acid and evalu-
ating its binding energy with graphene. This step captures the
atomic scale details of the amino acid by the ensemble averaging

of its equilibrium structures; the binding energy of an amino acid
in equilibrium constitutes its interaction strength with the
substrate. (ii) The binding energy of each amino acid is then used
as an input to an interaction potential between the coarse-
grained peptide node (residue) and the graphene sheet. Simula-
tions with the coarse-grained peptide chain are then carried out
for a sufficiently long time to find the relative binding of the
peptides and identify the residues that are most likely to anchor
them. To assure that the results obtained for the binding of
peptides from the coarse-grained approach are reliable, we
carried out simulation for a simplified system first, such as a
peptide chain in a simulation box with a graphene sheet by the
all-atom approach and see if the same results are recovered by the
coarse-grained model. In the following we describe the all-atom
procedure and how its results are used in our coarse-grained
approach. Large scale results are presented in the subsequent
section followed by a summary and conclusion.

2. All-atom approach

Using an all-atom representation of the amino acids, molecular
dynamics (MD) simulations were performed to estimate the
relative binding of all twenty amino acids to a graphene sheet.
The relative binding affinity is quantified by the adsorption
energy. Here we define the adsorption energy as the minimum
interaction energy between an amino acid and a model graphene
sheet after the system is equilibrated. Since a neutral rigid gra-
phene sheet was used in our calculations, the interaction energy
only accounts for the van der Waals potential energy between an
amino acid and the model graphene sheet.

The reliability of the adsorption energy calculations depends
on force fields as demonstrated by Collier et al* Since the
commonly used force fields are developed in aqueous solution,
their transferability to interfacial interaction is questionable.*!*?
However, two recent molecular dynamics simulations®** have
shown that Amber force field ff99SB can be used to reproduce
the secondary structures of peptides comparable to experimental
measurements when the peptides are adsorbed on a graphene
sheet. The predicted peptide secondary structures correspond to
the minimum interaction energy (adsorption energy). Therefore
we employed Amber force field ff99SB to calculate the adsorp-
tion energy of the 20 amino acids on a graphene sheet as an input
to large scale coarse-grained Monte Carlo simulations.

The model graphene sheet is of the size 5 nm x 5 nm. The
surface carbons of the graphene sheet are modeled as sp2 hybrids
while the unsaturated carbon atoms on the edges are terminated
with hydrogen atoms. The center of mass of the backbone atoms
of an amino acid is initially located at 1 nm above the graphene
ribbon center using an in-house developed code (Fig. 1). To
avoid forming a possible salt bridge between the termini, each
residue is capped using acetyl (ACE) and amine (NME) groups.
When it is necessary, Na* or Cl~ ions are added to neutralize the
system. For each amino acid, ten independent simulations were
performed using different initial atomic velocities in vacuum
phase using NAMD software.** Each simulation equilibrated for
40 ns. The adsorption energy for each amino acid was obtained
using the last 1000 snapshots taken every 10 ps along each of the
ten trajectories. The obtained adsorption energy in vacuum
phase is listed in the third column in Table 1 and shown in Fig. 2.
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Fig. 1 The initial configuration of an amino acid above a graphene
ribbon.

Since only van der Waals interaction is included in the calcu-
lated adsorption energy, all the calculated adsorption energies
are negative. The calculated adsorption energies show that the
first six strong binders are TRP (—23.4 kcal mol™"), TYR (—20.3
keal mol 1), ARG (—19.3 kcal mol '), PHE (—18.1 kcal mol 1),
HIS (—17.0 kcal mol™"), and LYS (—15.5 kcal mol™"). The
predicted binding order TRP > TYR > PHE > HIS is consistent
with the prediction of the density functional theory for the
relative binding of these amino acids to graphene with binding
energies of 9.7 kcal mol™! (tryptophan), 7.1 kcal mol~' (tyro-
sine), 5.8 kcal mol~! (phenylalanine), and 4.8 kcal mol™" (histi-
dine).** The relative binding affinity has also been verified by
experiments.*® Therefore it is reasonable to use these data further
in coarse-grained Monte Carlo simulations.

To test the water effect, the equilibrated systems with
minimum interaction energy were solvated in water. Water
molecules surround the system extending 1.2 nm away from the
solute in all three dimensions. After minimization and gradually
heating the system up to 300 K, 40 ns equilibration was per-
formed in an NVT ensemble using 3-D periodic boundary
conditions. The particle-mesh Ewald (PME) method was used
for the long-range electrostatic interaction calculations. A

Table 1 Amino acids with their hydropathy index (hydrophobic (H),
polar (P), and electrostatic (E) groups), adsorption energy (AE) and its
normalized values

AE (MD) (kcal mol™)

Amino acid H/P/E  Vacuum Water Difference Normalized
Ile (I): H; 4.5 —14.1 —-13.3 0.8 —0.567
Val (V): H, 4.2 —12.2 —-11.7 0.5 —0.519
Leu (L): Hj 3.8 —14.2 —-13.5 0.7 —0.599
Phe (F): Hy 2.8 —18.1 —18.4 0.3 —0.701
Cys (C): Hs 2.5 —11.5 —-11.2 0.3 —0.487
Met (M): Hg 1.9 —15.2 —-154 0.2 —0.626
Ala (A): H; 1.8 -9.3 -9.0 0.3 —0.380
Gly (G):Hg —04 -7.8 =77 0.1 —0.348
Thr (T): P, -0.7 —-12.0 —12.0 0.0 —0.497
Ser (S): P, —-0.8 -10.7 —-104 0.3 —0.412
Trp (W): P, -0.9 —23.4 —-23.6 0.2 —1.000
Tyr (Y): Py —-1.3 -20.3 —-189 14 —0.856
Pro (P): Ps -1.6 —-12.0 —-11.5 0.5 —0.460
His (H): Py -3.2 -17.0 -159 1.1 —0.759
Gln (Q): P4 -3.5 —15.3 —16.1 0.8 —0.658
Asn (N): Pg -3.5 —13.2 —-13.6 04 —0.588
Asp (D): E; -3.5 —-12.2 —-11.2 1.0 —0.497
Glu (E): E, -3.5 —134 —15.1 1.7 —0.561
Lys (K): E3 -39 —15.5 -16.5 1.0 —0.572
Arg (R): E4 —4.5 -19.3 -20.1 0.8 —0.690

smooth switching function was used to truncate the van der
Waals potential energy smoothly at the cutoff distance of 1.2 nm
and switch distance of 1.0 nm. As in the vacuum phase, the
adsorption energy was calculated using the last 1000 snapshots
taken every 10 ps along each of the ten trajectories. The calcu-
lated adsorption energy in the water phase is listed in the fourth
column in Table 1. The difference of all the calculated adsorption
energies between those in-vacuum and in-water is less than 1.5
kcal mol~!. This implies that the van der Waals interaction is the
dominant force for the adsorption. The last column of the table is
the relative adsorption energy normalized by the largest value in
the table.

It is worth exploring the binding of peptides P1 and P2 by all-
atom MD simulation first. The structures of P1 and P2 predicted
by Kim et al.® were used as initial structures in this study. Each
peptide (P1 and P2) was manually placed at five different starting
positions relative to the rigid 5 x 5 nm graphene sheet: one close
to the zigzag edge, one close to the arm chair edge, one close to
the surface, and one at a distance away from the surface. Each
simulation system consists of a peptide, a graphene sheet and
necessary neutralization ions. Fig. 3 shows the five starting
positions of P2 in five different simulation settings as an example.
For each system, we performed 2 independent MD simulations
using different initial velocities. Each simulation was done for
100 ns. 1000 trajectory snapshots taken every 10 ps in the last 10
ns were used to calculate the interaction energy between an
individual residue and the graphene sheet. The calculated
adsorption energies are shown in Fig. 4. The strong binding

Adsorption Energy (kcal/mol)

-20-

o5l 0 1
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Residue Number

Fig. 2 Adsorption energy of each amino acid:
2VAL 4R SCOMA-SG-OT- 1511 W_ 12y _B3p_I4H_15Q_16N_17p_
BE 19K 2R from all-atom MD simulation (Table 1).

<

Fig. 3 Overlap view of initial configurations of P2 peptide in five
simulations.
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Fig. 4 The interaction energies (kcal mol™') of individual residues with the graphene sheet (binding energy) of peptides PI
(‘H-28-3S-*YSW-Y-7A-SFN-1"N-""K-'?T) and P2 (‘"E-*P-’L-*Q-"L-°K-"M).

residues are *Y-"W-°Y---8F for P1 as clearly seen in Fig. 4. This
is in agreement with the results from Kim et al.® in explicit water
simulation and Rajesh er al* in density functional theory
calculation. This is not surprising because pi—pi interaction can
be resolved in vacuum phase. For P2, there is no strong binding
motif to the surface. This is again in agreement with Kim et al.’s
observation that P2 prefers to bind to the edge due to electro-
static interaction.®

3. All-residue coarse-grained approach

As mentioned above, a peptide is described by a set of nodes
tethered together via peptide (covalent) bonds, where a node
represents an amino acid. The peptide Pl
("H-2S-38Y"W-SY-"ASFN-1"N-""K-'°T) is a chain of
twelve nodes and P2 (‘\E->P-’L-*Q-°L-°K-"M) is a chain of
seven nodes. The internal structure of the amino acid is ignored
but its unique characteristics are captured by specific coarse-
grained interaction(s) (as follows).

We consider the peptide chains and the graphene sheet on a
cubic lattice. A node occupies a cube (eight lattice sites) and the
bond length between consecutive nodes can vary (fluctuate)
between 2 and /10 in units of lattice constant. The bond fluc-
tuation description on a cubic lattice is known®? to incorporate
ample degrees of freedom while enhancing the computational
efficiency. Such bond fluctuation methods are extensively used in
investigating the structure and dynamics of complex polymer
systems, multi-component nano-composites,”” and protein
chains.'”!® Each node of the peptide chains interacts with the
neighboring nodes and the substrate (graphene) sites with a
generalized Lennard-Jones potential,

o 12 . 6
|€ij’<7ij) +€ij<a) :|,Vij<rc (1)

where rjj is the distance between the residues at sites i and j,
e = +/8 is the range of interaction and ¢ = 1 in units of lattice
constant. The potential strength e;; (a measure of the depth) is
unique for the interaction of each residue (node) with the
substrate and residue-residue interactions pair with appropriate
positive (repulsive) and negative (attractive) values. Since we are
focused on the binding of peptides to graphene, the interaction
between each residue (node) of the peptide and the substrate is

Uj =

critical. We use the binding energy of each residue (Table 1)
evaluated from an all-atom simulation as an input where ¢;; is the
normalized interaction strength.

Specificity of residue-residue interaction is captured via a
generalized interaction strength’ based on the hydrophobic,
polar, and electrostatic characteristics weighted by its hydrop-
athy index (Table 1). The interactions between polar—polar (epp)
and polar—electrostatic (epg) residue groups are epp = epg = —0.2
while the interactions between the electrostatic residues are
epor2 = €g3p3 = 0.1 and egop3 = —0.4, which are then weighted via
the hydropathy index (Table 1); these values are selected based
on our previous investigations.” At dilute concentrations of
peptides, however, the residue-graphene interactions are more
important in assessing the binding than the residue-residue
interactions. As pointed out above, our goal is to identify the
residues that anchor the binding of peptides P1 and P2 to the
graphene sheet.

The graphene sheet is placed at the center. Peptide chains with
a concentration C,, are randomly distributed in the simulation
box initially. The Metropolis algorithm is used to move each
tethered residue (node) randomly as follows.” A residue at a site
i is selected randomly to move to a randomly selected neigh-
boring lattice site j. As long as the excluded volume constraints
and the limitations on changes in the covalent bond length are
satisfied, the residue is moved from site i to site j with the
Boltzmann probability exp(—AE;/T), where AEj; is the change
in energy between its new (Ej) and old (Ej) configurations
AE;j = Ej — Ej and T is the temperature in reduced units of the
Boltzmann constant and the energy (e;). Attempts to move each
residue once defines a unit Monte Carlo step (MCS). Parameters
and variables (e.g., interaction energy, time) are generally in
arbitrary units for identifying the trends, ie., the changes in
variation of the observables. The order of magnitude of these
parameters (e.g., energy, time) in a realistic unit can be estimated
from the units of the all-atom simulations. Note that the equi-
librium values of the adsorption (binding) energy of each residue
from the all-atom approach are used here as an input (see above).
Therefore, the relaxation time required for an amino acid to
reach equilibrium can be considered as a unit for time. The
maximum value of the adsorption energy, the normalizing factor
in the all-atom approach (see Table 1), can be a unit for energy.
Thus, the MCS time step ¢ is of the order of magnitude ¢ x (time
required to relax a residue = 40 ns) and the binding energy is
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scaled by the normalized factor (18.7 kcal mol™). In order to
identify the relative binding, it is easier to work with the arbitrary
unit (in the following) to monitor the variations of the physical
quantities.

We consider dilute concentrations of peptides (C, = 0.001,
0.002) to avoid interpeptide clustering and to allow peptide
binding to be more visible. The graphene sheet is fixed but the
residues and therefore peptides execute their stochastic motion.
Simulations are performed for a sufficiently long time to assess
the probability of adsorption of peptides P1 and P2 to the gra-
phene sheet. We know from all-atom simulations (section 2) that
interaction between each amino acid (node) and the graphene is
attractive. Therefore, each node of both peptides can bind to
graphene in an appropriate span of time at least at low temper-
atures. On the other hand, peptides can be desorbed (unbind) on
raising the temperature to a sufficiently high value. In order to
distinguish relative binding of P1 and P2, we need to vary
temperature systematically and analyze the snapshots and data
for the physical quantities accordingly. We have examined a
number of local and global physical quantities such as binding
energy of each residue in each peptide, its mobility profiles,
binding profiles (i.e., the number of graphene sites around each
residue), variation of the root mean square (RMS) displacement
of the center of mass of each peptide and the radius of gyration
with the time steps. The simulations are carried out for a million
time steps with 100 independent samples to evaluate these
quantities. Qualitative behavior of peptide binding remains
unaffected by the sample size; data presented here are generated
on a 100 lattice with a 24” sheet at the center.

4. Results and discussion

Using the bottom-up coarse-grained procedure described above,
simulations are carried out for a million time steps on a 100°
lattice at temperatures 7 = 0.01-0.04 with the graphene sheet
immersed in a dilute solution of peptides (C}, = 0.001). During
the course of simulations, stochastic motion of peptide chains
and residues, conformational fluctuations, binding and
unbinding are monitored via animations at each temperature.
Fig. 5 shows typical snapshots at the end of a million time steps
at different temperatures. Visual inspections of these snapshots
(along with animations) show that all peptides (P1 and P2) in
each sample bind to the graphene sheet at the low temperature
T = 0.01. Raising the temperature leads to a decrease in binding
of both peptides with almost no binding at high temperatures.
However, binding of peptide P1 is sustained more than that of P2
at higher temperatures (e.g., T = 0.03).

Fig. 5 Snapshots of peptides and the graphene sheet at the end of 10°
time steps on a 100* lattice at temperatures 7' = 0.01, 0.02, 0.03, and 0.04
from left to right with peptides P1 (top row) and P2 (bottom row).
Residues (nodes) within the range of interaction of the sheet are shown as
spheres and those beyond the range but part of the chains are not shown
for clarity. In color: red, golden, and blue refer to hydrophobic, polar,
and electrostatic residues, respectively (see Table 1).

The stochastic dynamics of a free chain or a particle in an
asymptotic time limit is diffusive. As the residues (and therefore
peptides) execute their stochastic movements and bind to the
graphene sheet, their motion is expected to slow down from its
diffusive dynamics (before binding). The global dynamics of
peptide chains can be identified from the dependence of the root
mean square displacement of its center of mass (R.) on the time
steps (¢), i.e., R, o ¢’ with the exponent v = % for diffusion.
Variation of the RMS displacement of the center of mass (R.) of
peptides with the time steps is presented in Fig. 6. From the R.
versus t plot on the log-log scale, we see that both peptides (P1 and
P2) continue to diffuse at a high temperature (7 = 0.04). On
lowering the temperature (7= 0.01, 0.02), peptides still diffuse for
upto s = 10° steps until they bind to the graphene sheet. Asa result
peptides slow down and the variation of R, tapers off in the long
(asymptotic) time limit. This shows that simulations should be
carried out for a million time steps to identify the binding of
peptides to the graphene sheet. At a high temperature (7= 0.04),
peptides do not bind despite being in contact with the graphene
sheet for a long time. In the log scale, it is difficult to distinguish
which peptide, P1 or P2, slows down more (as a result of its
binding) in a long time at low temperatures. However, the varia-
tion of R, with ¢ plot on a normal scale (see the inset figure) shows
that P1 tends to move slower than P2 which implies that P1 has a
higher probability of binding to the graphene sheet than P2.

The interaction energy and adsorption energy of free residues
are already evaluated using all-atom simulations (eqn (1), Fig. 2,
Table 1) as well as a part of the peptide (Fig. 4). When a set of
residues are tethered together in a peptide chain (P1 and P2), the
energy of a peptide is not necessarily the sum of energies of its
individual residues in their free state. In fact the energy of a
peptide chain depends on its conformation and sequence. Thus,
the total energy of a residue in a chain can differ from that in its
free state (Fig. 2 and 4). Interaction of each residue along with the
steric constraints imposed by peptide bonds is very important in
controlling the conformation of the peptide chain. We evaluate
the average energy E,, (sum of residue-residue and residue—sheet)
of each residue in steady-state equilibrium in our coarse-grained
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approach in both peptide chains (P1 and P2) at 7= 0.01-0.04. We
find that the residues '°N and '*T in peptide P1 have the lowest
energy; the residue with the lowest energy in P2 is °P. The energy of
these residues decreases with increasing temperature, which
implies that the equilibrium conformations of peptides are more
stable at higher temperatures. It is, however, not feasible to
identify residues that can bind to the graphene sheet from these
datasets. In the following we describe the mobility and substrate-
in-contact profiles which suggest that these low energy residues do
not anchor as much as others in binding the peptides.
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Let us look at the relative mobility of each residue. The
average number of successful moves per unit time step of each
residue is defined as a measure of its mobility. The mobility of
each residue (M,) in both peptides P1 and P2 is presented in
Fig. 7 at temperatures 7 = 0.01-0.04. Apart from the end resi-
dues (which are less constrained by the covalent bonds than the
interior residues), the mobility of residues in P2 is generally
higher than that in P1. We know that the mobility of a residue
decreases upon its binding to the graphene sheet. The lower
mobility of residues (in P1 compared to P2) implies a higher
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probability of its binding. As expected, the mobility of the resi-
dues increases with increasing temperature.

The average number of graphene constituents (N,) around
each residue within the range of interaction in the steady-state
equilibrium is a measure of its binding probability, i.e., the larger
the number of substrate sites to be adsorbed, the stronger the
binding. The substrate-in-contact (V) profiles of residues in both
peptides are presented in Fig. 8 at temperatures 7= 0.01-0.04.
We know that the graphene substrate attracts each residue in
both peptides, some more than others (see Fig. 2, Table 1).
Therefore almost all residues are expected to be adsorbed onto
the graphene sheet at low temperatures (7 = 0.01, 0.02) which is
clearly seen in Fig. 7 (also in snapshots, Fig. 3 and animations).
The difference in adsorption of residues in these peptides
becomes apparent on raising the temperature to 7 = 0.03 where
the number of substrate-in-contact N, of residues in Pl is

substantially (two to four times) higher than that in P2. One may
immediately draw the conclusion that P1 is likely to bind to the
graphene sheet more strongly than P2. The trend for the differ-
ence in adsorption continues on further increasing the tempera-
ture although residues in both peptides become more desorbed.
All residues in P1 can bind to the graphene sheet with about the
same strength; three residues, YW-°Y, seem to anchor it most
strongly. These findings are consistent with the estimates of their
binding energies in the all-atom simulation (Fig. 4).

Density profiles of peptides in the longitudinal (x, z) and
transverse (y, normal to sheet) directions are also analyzed (see
Fig. 9). Density of each component is calculated from the
number of lattice sites occupied by its constituents (P1, P2, or
sheet) divided by the total number of sites (L?) in each plane. It is
difficult to identify which peptide (P1 or P2) binds more to edges
than the surfaces of the graphene sheet due to lack of structural
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profiles. Statistics is the same as in Fig. 7 and 8.
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details at the atomic scale. For example, the visual inspections
with the coarse-grained model (e.g. Fig. 5) do not show such
distinction. Such a distinction between the structures on the
edges and surfaces and associated bonding with the amino acids
can be made using all-atom simulations® with the atomic reso-
lution: P2 as an edge binding peptide versus P1 as the surface
binding peptide. The effect of temperature on the equilibrium
adsorption and desorption can however be verified from the
density profiles (Fig. 9). The density of P2 is more homoge-
neously distributed around the sheet than that of P1 which seems
to be more concentrated around edges at the low temperature
T =0.01 (longitudinal density profile). Since P1 is larger than P2,
adsorption of P1 to the edges may be due to morphological
constraints rather than the interaction with the sheet. Such a
distinction cannot be made from the transverse component of the
density profile (Fig. 9). Raising the temperature leads to
homogenization of peptide distribution around the sheet with
peptide P1 binding more strongly than P2 (transverse density
profile at 7= 0.03, 0.04 in Fig. 9).

We have also examined the effect of temperature on the size of
the peptides as they bind and unbind to the graphene sheet. The
variation of the radius of gyration and its components (see the
ESI, Fig. S1 and S37 for the transverse component in particular)
with the temperature shows how it elongates, a signature of
unbinding, on raising the temperature. The transverse ()
component (normal to the sheet) decays with the time steps
before reaching its steady-state value; the rate of decay increases
on reducing the temperature as their binding. The thermal
response of the radius of gyration of P1 differs from that of P2
(Fig. S2 and S37) which supports our observations discussed
above, i.e., the probability of P1 binding to graphene is higher
than that of P2.

5. Summary and conclusions

A coarse-grained approach with an all-atom to all-residue
description is used in hierarchy to investigate binding of peptides
P1 and P2 to a graphene sheet in asymptotic (long time) equi-
librium. We consider the adsorption (binding) of amino acids
(one at a time) onto a graphene sheet with all-atom details of
each component. Large scale MD simulations are performed to
evaluate the adsorption energy of each amino acid, which is a
measure of binding affinity. The relative binding energy of each
amino acid is then used as an input in a generalized LJ potential
for the all-residue coarse-grained approach. In the coarse-
grained description, a peptide is described by a set of nodes
tethered together via covalent bonds, where a node represents an
amino acid. The internal structure of the amino acid is thus
averaged out in the all-atom approach but its unique charac-
teristics are captured by specific interaction(s) composed from
the all-atom simulations.

We have examined a number of local and global physical
quantities such as binding energy of each residue in each peptide,
mobility profiles, binding profiles (i.e., the number of graphene
sites around each residue), variation of the root mean square
displacement of the center of mass of each peptide and the radius
of gyration with the time steps. We find that at low temperatures
both peptides (P1 and P2) can bind to the graphene sheet and
unbind on raising the temperature with almost no binding at high

temperature as expected. The variation of the RMS displacement
of the peptide R. with the time step ¢ (analysis of a global
quantity) shows that P1 tends to move slower than P2, which
implies that P1 has a higher probability of binding to the gra-
phene sheet than P2. These trends are consistent with the analysis
of other global quantities as well, such as radius of gyration and
density profiles.

Analysis of physical quantities such as mobility and substrate-
in-contact profiles of each residue provides insight into the
binding of residues. We find that all residues are adsorbed onto
the graphene sheet at low temperatures (7 = 0.01, 0.02) as
expected. The difference in adsorption of residues in these
peptides appears on raising the temperature to 7= 0.03 where
the number of substrate-in-contact N, of residues in PI is
substantially (two to four times) higher than that in P2. Thus, P1
is likely to bind more strongly to the graphene sheet than P2. All
residues in P1 can bind to the graphene sheet with similar
strength; however, three residues, YW-9Y, seem to anchor it
most strongly, which is consistent with the all-atom MD
simulations.

A two step hierarchical coarse-grained approach presented
here involves all-atom descriptions with off-lattice MD to
capture small-scale details and are used as an input to all-residue
CGMC on a lattice to span large-scales. Such an approach would
be useful in investigating more complex systems such as a
mixture of protein, membranes, and solvent, a subject of our
ongoing effort.
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