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ABSTRACT: Despite the ubiquity of nanoparticles in modern
materials research, computational scientists are often forced to choose
between simulations featuring detailed models of only a few
nanoparticles or simplified models with many nanoparticles. Herein,
we present a coarse-grained model for amorphous silica nanoparticles
with parameters derived via potential matching to atomistic nano-
particle data, thus enabling large-scale simulations of realistic models of
silica nanoparticles. Interaction parameters are optimized to match a
range of nanoparticle diameters in order to increase transferability with
nanoparticle size. Analytical functions are determined such that
interaction parameters can be obtained for nanoparticles with arbitrary
coarse-grained fidelity. The procedure is shown to be extensible to the
derivation of cross-interaction parameters between coarse-grained
nanoparticles and other moieties and validated for systems of grafted nanoparticles. The optimization procedure used is
available as an open-source Python package and should be readily extensible to models of non-silica nanoparticles.

■ INTRODUCTION

Molecular simulations have played a critical role in providing
an understanding of a wide range of phenomena related to
nanoparticle systems,1−11 with a large body of literature
focused on the behavior of nanoparticles with oligomer/
polymer coatings.2,11−30 While systems can be examined with
atomistic-level detail for very small nanoparticles, for example,
molecular nanoparticles such as silsesquioxanes,31−34 detailed
atomistic simulations of even moderately sized systems
become difficult, and even impractical, as nanoparticle size
increases. In practice, atomistic simulations for even relatively
small diameters (e.g., 5−10 nm) have been typically limited to
a single or pair of nanoparticles due to the large number of
atoms required to model these systems (e.g., ∼35,000 atoms
for a nanoparticle of 10 nm diameter), especially when
including solvent and/or coatings.2,24 As a result, non-
atomistic, coarse-grained (CG) models have been widely
used to access the larger system sizes and longer time scales
required to better understand nanoparticle behavior and more
directly compare with experiment.
Many of the CG models used for nanoparticles are generic,

often featuring simple functional forms, such as the Lennard-
Jones (LJ) or square-well potentials, to model the interactions
between nanoparticle cores or between subunits that describe a
nanoparticle (e.g., beads used to construct generic rod-like,35,36

cubic nanoparticles,37 or spherical shells38). Often, these
parameters are not tuned to experimental or atomistic data,
and so the models are instead utilized to gather qualitative

relationships between nanoparticle properties/behavior and
features of the interactions (e.g., the depth of the potential
well). While generic models are often highly effective at
capturing such phenomenological behavior,3,9,10,21,22 more
specific models that attempt to recoup details of the underlying
nanoparticle chemistry may be needed to more directly and
accurately capture experimental behavior.
Although few models exist in the literature, several different

approaches have been considered for developing chemically
specific CG nanoparticle models. For example, accurate single-
site CG C60 nanoparticle models have been constructed based
on integrating the interactions between the underlying atoms
in the nanoparticles, as in the work of Girifalco et al.,39 and
through the use of a force-matching comparison with atomistic
molecular dynamics (MD) simulations, as in the work of
Izvekov et al.40 However, in single-site nanoparticle models,
interactions are typically not transferable between different
sizes, and thus a unique set of interactions must be derived for
each nanoparticle size studied, including cross-interactions
with solvent species and coatings. CG nanoparticles can also be
constructed of smaller pseudoatoms (i.e., CG beads) with
intermediate fidelity between all-atom and single-site models.
Chan et al. developed a CG model of a polyoligomeric
silsesquioxane (POSS) nanocube, including interactions with
oligomer coatings, using the iterative Boltzmann inversion
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method.41 The silsesquioxane cube was represented by eight
pseudoatoms (each pseudoatom represented a Si atom and
half of each of the three O atoms it was bonded to), where the
interactions of the pseudoatoms were optimized to match the
radial distribution functions derived from corresponding
atomistic simulations of POSS nanocubes. While this CG
POSS nanocube model would likely be transferable to systems
with other oligomer coatings, it is unclear whether the
pseudoatoms in the nanocube could be effectively transferred
to other silica nanoparticles, since the underlying chemical
structure would be different (i.e., each Si in a POSS has three
bonds with O, while most Si atoms in amorphous silica have
four bonds with O) and the fact that the iterative Boltzmann
inversion method often leads to potentials that are state/
system specific.42 Other approaches have specifically been
designed to enable size-transferability, such that the underlying
pseudoatoms do not need to change if the nanoparticle size is
changed. For example, Lee and Hua developed a model for
silica nanoparticles whereby nanoparticles were constructed of
smaller CG pseudoatoms representing Si6O12 subunits.43

Si6O12 clusters were chosen by Lee and Hua as they were
found to best reproduce the density and heat capacity of
amorphous silica when considering a range of SinO2n
substructures. The CG pseudoatom interactions were modeled
using the LJ potential, optimized to reproduce the radial
distribution function of a bulk atomistic simulation of Si6O12.
While this approach yielded a CG model that could be
transferred to different sized, and even different shaped,
nanoparticles without rederivation, the CG nanoparticles were
not directly validated to reproduce the energetic interactions
between atomistically detailed amorphous silica nanoparticles.
Additionally, in the approach of Lee and Hua, the fidelity of
the pseudoatoms was fixed, which may impose practical limits
on the maximum size of the nanoparticles that can be
considered, as large nanoparticles would still feature a large
number of interaction sites that could make their study
computationally infeasible, even with a CG model.
Given the ubiquity of nanoparticles in experiment, it is of

fundamental importance to develop a general approach for the
optimization and validation of size-transferable CG nano-
particle potentials, along with cross-interaction parameters
between nanoparticles and solvent/coating species, where the
fidelity of the CG model can be adjusted. Herein, we introduce
a general approach for the derivation of CG nanoparticles
through the construction of a CG model for amorphous silica
nanoparticles. Interactions are derived directly from all-atom
nanoparticle models via a simplified version of the potential-
matching scheme proposed by Toth,44 and similar to the force-

matching approach taken by Izvekov et al.40 for C60. Rather
than using only a single nanoparticle size to perform the fitting,
parameters are derived such that a single pseudoatom can
simultaneously reproduce the behavior of a range of nano-
particle diameters, with the goal of increasing transferability of
the CG model to different sized nanoparticles. For general
applicability, pseudoatom interaction parameters are fitted to a
Mie potential, allowing the shape and range to be tuned. The
model does not prescribe a specific mapping (i.e., the all-atom
equivalents to the CG beads are intentionally ambiguous), thus
allowing the fidelity of the pseudoatoms to be tuned for the
nanoparticle size of interest (see Figure 1). Furthermore, fits
are applied such that parameters can be derived for
nanoparticle models with arbitrary pseudoatom size and
surface packing. Validation is performed by comparing against
the target data and a range of systems not included in the
optimization including larger nanoparticles, pairs of different
sized nanoparticles, and interactions between spherical nano-
particles and dimers. The same potential-matching approach is
utilized in the derivation of cross-interactions with linear
alkanes, to enable further validation of the approach via the
examination of polymer grafted nanoparticles. This validation
is performed by comparing CG to all-atom models of the
nanoparticles in the polymer grafted systems. The optimization
framework is wrapped into an open-source Python package45

to facilitate usage and extension by interested parties.

■ MODEL AND METHODS

Coarse-Grained Nanoparticle Model. CG nanoparticles
were constructed using mBuild,34 a package within the
Molecular Simulation and Design Framework (MoSDeF).46

The nanoparticle model consists of a spherical shell of
pseudoatoms (i.e., CG beads), similar to the model of Lee
and Hua43 and In’t Veld;38 however, it should be noted that
the pseudoatoms in our model are not defined to have a direct
all-atom equivalent (see Figure 1). A golden section spiral
algorithm is used to distribute these pseudoatoms in a roughly
uniform distribution. Additional details on the golden section
spiral algorithm can be found in the Supporting Information.
The pseudoatom diameter is defined by σb, where σb is also
used in the non-bonded interaction potential (eq 1). Thus, the
model’s resolution can be tuned by altering σb, where larger
values result in a coarser nanoparticle model. The spherical
shell is constructed such that each pseudoatom’s center is
placed at a distance of d ( )1

2 b silicaσ σ[ − + ] from the

nanoparticle center, where d is the diameter of the atomistic
nanoparticle and σsilica = 0.40323 nm is the arithmetic average

Figure 1. Amorphous silica nanoparticles (d = 10 nm) modeled using (a) an all-atom representation (carved as a sphere from an amorphous silica
bulk; silicon is shown in yellow and oxygen in red) and CG representations featuring (b) σb = 1.5 nm, φb = 0.4, (c) σb = 1.5 nm, φb = 0.6, and (d)
σb = 0.5 nm, φb = 0.6 (CG silica beads are shown in orange). The nanoparticles feature particle counts of (a) 34674, (b) 85, (c) 131, and (d) 1441,
respectively. (e) A diagram of the spherical shell cross-section with a width equal to the pseudoatom diameter, σb. The volume fraction of
pseudoatoms within the spherical shell is defined as φb.
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of σSi and σO. This ensures that the van der Waals diameter of
the nanoparticle remains nominally independent of the size of
the pseudoatoms. Pseudoatoms are arranged at fixed values of
φb, where φb represents the volume fraction of pseudoatoms
within the spherical annulus described by (d ± σb)/2, as
depicted in Figure 1d, e. Thus, depending on the specified
value of φb, pseudoatoms may feature a void space between
neighboring beads (small φb, Figure 1b) or overlaps (large φb,
Figure 1c, d).
Interactions involving the pseudoatoms of CG nanoparticles

are governed by a potential with a Mie functional form:
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where the prefactor C relates to the exponents n and m, where

( )( )C n
n m

n
m

m n m/
= −

−
. For interactions between pseudoatoms,

σ in eq 1 is equivalent to σb, while for cross-interactions
between pseudoatoms and other moieties, σ is included in the
optimization. Preliminary work revealed codependency
between the parameters ε, n, and m in eq 1, supporting the
concept of Mie potential degeneracy that has been noted
elsewhere in the literature.47 As such, for all interactions (both
those between pseudoatoms and all cross-interactions), the
value of n has been fixed at 35, which was found to provide
reasonable parameter sets and helps capture the excluded
volume of the nanoparticle core. However, the parameters ε
and m are dependent on the values of σb and φb used to
construct a given nanoparticle. The work herein describes the
optimization of these two parameters, such that the collective
interaction between the pseudoatoms of two nanoparticles
matches data obtained for atomistically detailed nanoparticles.
Atomistic Target Data. Atomistic nanoparticles were

constructed by carving spheres from an amorphous silica bulk.
Bulk amorphous silica was generated using a procedure that
closely mimics the approach of Litton and Garofalini48

however with the ReaxFF force field15 to describe Si and O
interactions,49 as in the work of refs 50 and 51. Briefly, a 5 nm
× 5 nm × 5 nm simulation box was filled with a stoichiometric
mixture of Si and O atoms at a density of 2.2 g/mL and heated
to 10,000 K over 20 ps to obtain a fluid. Stepwise annealing
was performed to cool the system to room temperature,
through 10 ps isothermal-isochoric runs at 8000, 6000, 4000,
3000, 2000, 1000, and 300 K. A 0.5 fs time step was used, and
charge equilibration was performed at each time step, making
use of the implementation by Aktulga et al.52 Temperature was
controlled using a Nose-Hoover thermostat53,54 (with a
damping parameter of 100 fs) using the LAMMPS MD
simulation engine.55,56

Nanoparticles were carved from the bulk amorphous silica
by including all atoms within a spherical region of a specified
diameter (See Figure S3 in the Supporting Information).
Figure 1a shows the result of this procedure for a nanoparticle
with a diameter of 10 nm. The silica bulk was replicated when
necessary for the creation of large nanoparticles (See Figure S3
in the Supporting Information). Note that although a strict 2:1
stoichiometric ratio of oxygen atoms to silicon atoms was not
enforced when carving the nanoparticles (although the bulk is
stoichiometric, so these values are close), the force field chosen
to evaluate nanoparticle−nanoparticle interactions did not
include partial charges (discussed later), so there were no
concerns with charge neutrality. More rigorous models

allowing for the presence of an outer oxygen layer (mimicking
expected oxidation) and relaxation of the nanoparticles to form
slightly aspherical shapes were also examined; however, it was
found that the inclusion of these more detailed features did not
appreciably alter the nanoparticle−nanoparticle interaction
energy (see Figures S4 and S5 in the Supporting Information),
and thus they were excluded for computational efficiency.
Scripts for initializing all-atom nanoparticles are provided in
the open-source Python package associated with this work.
Force field parameters for silicon and oxygen, used in

calculating the interaction potential between atomistic nano-
particles, were obtained from the hybrid COMPASS force
field,57,58 which has been shown to yield good agreement in
thermophysical properties with experiment for systems of silica
nanoparticles.59 Further details on the choice of the hybrid
COMPASS force field and a comparison to the OPLS and
DREIDING force fields for the calculation of nanoparticle−
nanoparticle interaction potentials can be found in the
Supporting Information (see Figure S6a), where we note the
hybrid COMPASS and DREIDING force fields are almost
indistinguishable and OPLS predicts the same shape of the
interaction, but shifted to slightly smaller separations.
Non-bonded interactions are defined by a 9-6 Class2 LJ-like

potential:
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and sixth-order mixing rules60 are used for cross-interactions
(see eqs S1 and S2 in the Supporting Information). Atoms do
not feature partial charges, as previous work has shown partial
charges to have a negligible impact on thermophysical
properties in similar systems,59 and their exclusion aids in
the reduction of computational cost. Additional information
concerning the role of partial charges on nanoparticle−
nanoparticle interaction energy is included in Figure S6b of
the Supporting Information. Note, the interaction energy was
calculated between isolated pairs of nanoparticles (i.e., periodic
boundary conditions were not considered), and no interaction
cutoff was employed.
Target data were obtained for nanoparticles with diameters

of d = 4, 6, 8, 10, 12, 14, 16, 18, and 20 nm. To gauge
transferability of the CG modeling approach to larger
nanoparticles sizes, data were also collected for an all-atom
nanoparticle with a diameter of 50 nm. Additionally,
interaction potential data were collected between dissimilar
sized nanoparticles (with diameters of 8 and 16 nm) and
between a spherical nanoparticle and a dimer (consisting of
two adjoining nanoparticles).
Energy profiles were obtained by binning interaction energy

values into histograms over a range of center-of-mass
separations, using a consistent number of 100 bins (providing
higher resolution for smaller nanoparticles); interactions were
calculated for rcom < d + 3 + ceil(d/4). An even sampling was
performed across the entire range of interparticle separations,
although it should be noted that the larger nanoparticles
featured reduced sampling as variability in interaction potential
at a given separation is reduced for the particles of larger size;
this also reduces the computational cost. Sampling involved
iteratively choosing random rotations and translations for one
of the two nanoparticles such that the final energy profiles
yielded an average over many configurations within each bin.
An overlap criterion was applied, such that configurations
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featuring any two atoms closer than 0.8σ were excluded; we
note that rejected configurations were not counted toward our
uniform sampling. However, it was ultimately found during the
optimization of the pseudoatom interactions that overlaps in
the regime of smaller center-of-mass separations prevented
reasonable fits. The data were then pruned to remove values at
center-of-mass separations below d + 0.40323 nm × 0.8, where
0.40323 nm represents the arithmetic mean of Si and O
diameters, to resolve this issue. Additional details on the
sampling procedure are provided in the Supporting Informa-
tion.
Target data were also collected for the interaction between

an atomistic nanoparticle with d = 10 nm and united-atom
(UA) alkane moieties. Specifically, the interaction potential
was calculated over a range of center-of-mass separations
between the atomistic nanoparticle and both CH2 and CH3
pseudoatoms. The collection of nanoparticle-alkane target data
followed the same procedure as that used for collecting the
nanoparticle−nanoparticle target data; however, bin spacing
was reduced in the region of the potential well to provide
better definition. Specific details are available in the Supporting
Information. Interactions between silica and UA pseudoatoms
featured a 12-6 LJ potential with parameters obtained from
Ionescu et al.33 who followed the work of Frischknecht and
Curro.59,61 While the error in the target data was found to be
large at low separations, it was found that the inclusion of data
points on both sides of the potential minimum was necessary
to yield a proper fit. Target data were sanitized to ensure, from
low to high separations, that interaction potentials were
monotonically decreasing until the potential minimum and
monotonically increasing afterward (removing data points that
did not fit this criterion).
Alkane-Grafted Nanoparticles. Alkane-grafted nano-

particles are considered in this work as a means of validating
the force field derivation process and demonstrating its utility.
For both all-atom and CG nanoparticle models, chains are
placed in an evenly distributed spherical array (again using a
golden section spiral algorithm), extending normal to the
nanoparticle surface. Chains are attached to the nanoparticle
core by fixing the terminal polymer bead closest to the
nanoparticle and treating the entire unit of the core plus these
terminal beads as a singular rigid body, that is, no physical
bonds are defined between the chains and the nanoparticle
core, allowing for a more direct comparison between atomistic
and CG nanoparticle models. A dense surface chain density of
3.0 chains/nm2 is used in this study.
Nanoparticle cores are modeled using both atomistic and

CG representations, constructed using the procedures outlined
in the preceding sections. Polymer grafts feature a UA
representation for both CG and atomistic models, where

interactions between polymer chains are described by the
TraPPE force field71 and cross-interactions with the all-atom
core are obtained from Ionescu et al.59 Interactions between
UA polymer grafts and pseudoatoms of CG nanoparticle cores
take the form of eq 1 and are derived through a potential-
matching approach analogous to that used to obtain
interactions between the CG nanoparticle cores themselves,
as described in further detail in the Parameterization of Cross-
Interactions section. Note that the only difference between CG
and atomistic systems is the nanoparticle core, allowing the
quality of the derived CG interactions to be directly tested
(i.e., chain arrangements and chain−chain interactions do not
change). Simulations of alkane-grafted nanoparticles are
performed using the HOOMD-blue simulation engine.62,63

Single alkane-grafted nanoparticles with chain lengths of 12,
24, 36, and 72 carbons are considered, where integration is
performed only on the alkane tethers (excluding the end beads
closest to the nanoparticle core). The presence of an implicit
solvent is accounted for by truncating chain−chain interactions
at the potential minimum (thus leading to a purely repulsive
interaction) and through integration using Langevin dynamics,
in a manner similar to that of Peters et al.2 It should be noted
that in this work, the interactions between the nanoparticle and
chains are not truncated at the potential minimum, so as to
provide a means of validating the cross-interaction parameters
(nanoparticle−chain interactions are instead truncated at 2.0
nm for systems featuring an all-atom nanoparticle and at 2.0
nm + σb/2 for systems featuring a CG nanoparticle, where we
note that this cutoff fully captures the interaction range of this
interaction). Following a brief energy minimization, systems
are equilibrated for 10 ns, the final 2 ns of which are used for
sampling. Simulations are performed at a temperature of 300 K
and use a time step of 2 fs.
As shown in Figure 1b, c, CG nanoparticle models may

feature a void space between the beads, particularly at low
values of φb, which may cause issues with the intercalation of
chain particles into the nanoparticle core. To prevent this in
our grafted nanoparticle systems, a short-range repulsive
potential is utilized radiating from the nanoparticle center
featuring a 12-6 LJ potential with ε = 5 kcal/mol and both σ
and rcut equal to the nanoparticle radius. This was found to be
sufficient to prevent the intercalation of chain particles into the
nanoparticle core, with minimal impact on film structure.

Force-Field Optimization. Derivation of pairwise inter-
actions between CG pseudoatoms is achieved through
potential matching, whereby parameters in eq 1 are optimized
such that the collective interaction potential between two CG
nanoparticles as a function of the center-of-mass separation
matches the corresponding results from all-atom nanoparticles,
through minimization of the residual:

Figure 2. Overview of the workflow for optimizing CG nanoparticle parameters.
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e
U r U r

U r U r

( ) ( )

( ) ( )
aa com cg com

aa com cg com
∑=

| − |
| | + | | (3)

where Uaa and Ucg represent the nanoparticle−nanoparticle
interaction potential for the all-atom and CG models,
respectively, at a given center-of-mass separation, rcom.
Normalization is used to provide an even weighting of the
energy scales across all values of rcom. We use the term
“interaction potential” in place of the more common “potential
of mean force” as potential values for each center-of-mass
distance are not Boltzmann weighted; however, these values
are shown to feature negligible orientational dependence.
Figure 2a shows the all-atom interaction potential for
nanoparticles with d = 7 nm overlaid by results from the CG
model for σb = 1.0 nm and φb = 0.5.
A Python package has been developed to perform these

optimizations that relies on tools available from the scientific
Python stack (most heavily SciPy),64 mBuild,34 and is hosted
on GitHub,45 with usage examples provided on GitHub and in
the Supporting Information. Optimizations are performed via
the following multistage process (outlined in Figure 2):

(1) A brute-force optimization over a coarse multidimen-
sional grid spanning a wide parameter range. Each point
on the grid represents a different nanoparticle state,
defined by the values of d, σb, and φb (see Figure 2a).

(2) A second brute-force optimization over a fine multi-
dimensional grid spanning a narrower parameter range.
Here, the ranges of d, σb, and φb are reduced for the
nanoparticle states considered (see Figure 2b).

(3) A polishing stage. The starting point for this stage is
chosen from the results of the second brute-force
optimization for a range of nanoparticle sizes (to ensure
the creation of a transferable parameter set). A final
optimization is performed from this starting point using
a Nelder−Mead simplex algorithm (see Figure 2c).65,66

Initial attempts at optimization included only Stage 3 and
led to traps in local minima. As a result, Stage 2 was added to
provide a greater likelihood that the global minimum is
reached. Stage 1 was added such that optimized parameter sets
could be generated without the need to hand-pick parameter
bounds for each set. Nanoparticle diameters of d = 4, 6, 8, 10,
12, 14, 16, 18, and 20 nm are considered in the optimizations.
To yield a parameter set that is transferable across a range of
nanoparticle diameters, these diameters are considered
simultaneously in Stage 3 of the optimization, where the
total residual simply becomes the sum of the individual
residuals for each nanoparticle diameter.

■ PARAMETERIZATION OF
NANOPARTICLE−NANOPARTICLE CORE
INTERACTIONS

Interaction parameters between CG pseudoatoms, as defined
by eq 1, are inherently dependent on the diameter of the CG
beads (i.e., σb). These parameters will additionally be
dependent on the volume fraction of beads included within
the spherical annulus (i.e., φb). Furthermore, discrete
parameter sets could be obtained for different nanoparticle
sizes (i.e., d). However, such parameter sets would limit the
scope and usability of the force field. Here, our goal is to define
a force field where parameters may be obtained for
nanoparticles featuring arbitrary values of d, σb, and φb.
Independence of d is achieved, as described in the preceding

section, by including data from many nanoparticle sizes in
Stage 3 of the optimization (Figure 2c). Additionally, to
support arbitrary values of σb and φb, parameters should be
derived as functions of these two variables. This is achieved by
performing Stages 1 and 2 of the optimization scheme for 1010
different nanoparticle states (i.e., d, σb, and φb), with ranges of
d = 4−20 nm, σb = 0.5−2.0 nm, and φb = 0.25−0.60.
Additional details on the states included in the optimization
can be found in the Supporting Information. Stage 3 of the
optimization (the polishing stage) was performed for each σb
and φb combination, including data from multiple radii
simultaneously.
For the two parameters included in the optimization, ε and

m, the results of Stage 3 for each value of φb were examined as
a function of σb, as shown in Figure 3a, b. From Figure 3a, it is

observed that ε increases as σb is increased. This result is
expected, as nanoparticles featuring larger bead sizes will also
feature a lower total number of beads, thus ε must increase to
yield the same collective interaction energy. Likewise, ε is
found to increase as φb is decreased, along similar reasoning.
Figure 3b shows that as σb increases, m also increases. This
reflects a softening of the potential as the nanoparticle model
becomes further CG. Interestingly, m is found to be
independent of φb, as Figure 3b shows all curves collapse
onto a single line. From Figure 3a, b, it appears that ε features

Figure 3. Optimized (a) ε and (b) m values as a function of σb.
Dashed lines represent (a) exponential and (b) linear fits to the data.
In plots (c−e), values for the fitting parameters A, B, and C are,
respectively, shown as functions of φb. Dashed lines represent (c)
exponential and (d-e) constant fits to the data.
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a quadratic dependence on σb, while m features a linear
dependence. As such, the following general equations can be
used to describe ε and m as a function of σb:

A b
2ε σ= (4)

m B Cbσ= + (5)

Figure 3c−e shows the φb-dependent coefficients A, B, and C
from eqs 4 and 5 obtained for discrete values of φb by
performing fits to the data in Figure 3a, b. Both quadratic and
exponential functions are found to provide good fits to the data
for A shown in Figure 3c, where A is shown to decrease (and
thus ε is reduced) as φb increases. However, the fit using an
exponential function was slightly better than using a quadratic
function, so this function was chosen to obtain the coefficient
A as a function of φb. As expected from the results shown in
Figure 3b, the coefficients B and C from eq 5 appear from
Figure 3d, e to be independent of the value of φb. As a result,
these coefficients can be obtained by taking a simple average of
the values obtained for the various values of φb. From these
fits, ε and m can be described in terms of σb (in units of nm)
and φb through the following relations:

(kcal/mol) (51.417 e 1.095)8.081
b
2bε σ= × +φ−

(6)

m 1.389 3.931bσ= + (7)

Using these relations, values for ε and m can be generated for
arbitrary values of σb and φb.
Figure 4 shows the nanoparticle−nanoparticle interaction

energy obtained for atomistic nanoparticles compared to that

calculated between CG nanoparticles using the results of eqs 6
and 7. It is shown that the CG results compare reasonably well
to the all-atom data for several combinations of σb and φb.
These fits are especially good in the long-range region, which is
of particular importance as nanoparticles will typically feature
some sort of surface coating in practical simulations, which will
nullify the effects of the short-range region. The quality of the
fits does appear to feature some dependence on the
nanoparticle size as well as σb and φb, which is explored
further in the following section. However, the overall results
suggest that CG nanoparticles with parameters derived from
eqs 6 and 7 are able to achieve good comparison in interaction

energy to the all-atom models, with the slight deviations
outweighed by the advantages of the utility of these equations.

Transferability. The goal of the derivation of eqs 6 and 7,
relating ε and m from eq 1 to σb and φb, was to obtain
functions that could be used across a wide range of σb, φb, and
d values. To test the transferability of these functions,
parameters obtained using these equations were used to
calculate the interaction energy between CG nanoparticles, and
the result was compared to all-atom data using eq 3. Figure 5
shows these results in the form of heatmaps for various σb and
φb values for nanoparticles with diameters of 8, 12, and 16 nm.
From Figure 5, it is found that the parameters obtained from
eqs 6 and 7 describe nanoparticles with a wide range of
different σb, φb, and d values well. Interestingly, the normalized
value d/σb appears to have very little influence on the
performance of these parameters. Additionally, the ability for
the CG model to fit to the all-atom data appears to be
independent of φb. As a result, the fit seems only dependent on
the value of σb itself, where fits are found to be worse when σb
< ∼0.45 nm (see Figure 5a) and when σb > ∼3.0 nm (see
Figure 5c). The poor fits for low values of σb are likely due to
its similarity in size to the “diameter” of silica itself (0.40323
nm, from earlier). As such, the “CG” model approaches the
same length scale as the atomistic model, and features of the
atomistic model that could be averaged into larger CG
pseudoatoms are not well-described by the smaller beads. On
the other end of the spectrum, the poorer fits that begin to
occur as σb increases beyond 3.0 nm are likely a simple result
of the reduced fidelity of the model, although it should still be
noted that residual values are <0.2 even at σb ≈ 3.2 nm. In this
regime of σb > 3.0 nm, the model becomes more and more CG
and with this comes some loss of accuracy. Furthermore, as
these σb values are larger than any included in the target data
for the optimization, any error in the fitting will become
increasingly pronounced as σb increases further beyond the
target data limit.
Figure 6a shows the residuals calculated using eq 3 from all-

atom data for a nanoparticle where d = 50 nm (not used in the
optimization) and CG data for various values of σb and φb, in
order to test the size transferability of the derived parameters
to larger nanoparticles. As might be expected, the error is
higher than for the smaller nanoparticles used in obtaining the
parameters; however, there are clear regions where the
parameters from eqs 6 and 7 perform well, particularly for
values of φb = 0.36. The lowest residual (e = 0.06) is observed
where σb = 3.17 nm and φb = 0.36, and a comparison between
the interaction energy profile between nanoparticles con-
structed using these values with the all-atom system is shown
in Figure 6b, visually demonstrating good agreement. Also
shown in Figure 6b are interaction energy profiles for several
other combinations of σb and φb to provide a sense of the
sensitivity to these parameters. The error for these systems is
nearly independent of σb, and instead is highly dependent on
φb. As shown in Figure 6b, slight increases or decreases in φb
(±0.05) from the optimal value (0.36) result in significant
deviations in the depth of the potential well as well as the
shape of the curve. However, increasing σb from 3.17 to 6.5 nm
results in only a slight change in the interaction potential curve.
Interestingly, the region in Figure 6a, where the error is lowest,
corresponds closely to be the asymptotic value found for φb, as
the nanoparticle radius is increased for nanoparticles
constructed in a manner of maximum packing (where the
largest number of pseudoatoms are used to construct

Figure 4. Interaction energy profiles calculated between nanoparticles
with (a) d = 8 nm, σb = 0.8 nm, φb = 0.3, (b) d = 16 nm, σb = 0.8 nm,
φb = 0.3, (c) d = 8 nm, σb = 1.6 nm, φb = 0.6, and (d) d = 16 nm, σb =
1.6 nm, φb = 0.6. Circles represent all-atom data, while lines represent
results for CG nanoparticles with parameters derived from eqs 6 and
7. The residual of the energy, e, calculated using eq 3 is included for
each subplot, where a value of e = 0 corresponds to an ideal match.
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nanoparticles without overlaps, see Figure S1 in the Supporting
Information). This suggests that the presence of overlaps
between beads at high values of φb and gaps between beads at
low values of φb may present issues with transferability for
larger nanoparticle sizes, which may be related to the reduced
curvature of the large particle. As such, Figure 6 suggests
accurate interaction potential curves can be constructed over a
wide range of nanoparticle sizes for our CG model, where it
appears a value of φb around 0.36 provides the highest
accuracy as a diameter increases.
To this point, all interaction energies considered have been

between two nanoparticles that each feature the same diameter
and same level of pseudoatom fidelity. Figure 7a−c shows a

comparison of all-atom and CG data for the interaction
potential between two nanoparticles, where one nanoparticle
has a diameter of 8 nm, σb = 0.6 nm, and φb = 0.4, while the
other nanoparticle features a diameter of 16 nm, φb = 0.5, and
σb = 0.6, 1.3, or 2.0 nm. The all-atom data shown in this figure
were not included in any optimization and are present for
comparison only. Cross interactions between the two nano-
particles were obtained using geometric mixing rules for σ and
ε and an arithmetic mixing rule for m. Figure 7a, b reveals
excellent fits between the CG and all-atom data, while Figure
7c shows some deviation, although the CG and all-atom
potential curves still share the same general features. This
supports the use of the model derived herein for systems of
nanoparticles with different sizes and mixed fidelities. Addi-
tional comparisons, shown in Figure S7 of the Supporting
Information, reveal fits to be nearly independent of φb.
It is of additional interest to consider how the model herein

may apply to systems of anisotropic nanoparticles. As a simple
test, interactions between a single nanoparticle (d = 10 nm, σb
= 1.3 nm, φb = 0.4) and a dimer (composed of two
neighboring spherical nanoparticles, roughly estimating a fused
nanoparticle) have been examined and are shown in Figure
7d−f. The interaction energy between these two nanoparticles
has been considered for three different dimer orientations, and
a comparison has been made between the all-atom model and
the CG model with parameters derived in this work. Excellent
agreement is observed between these two models, suggesting
the transferability of the CG parameters to non-isotropic
nanoparticles. It should be noted that both entities in this
comparison feature curved surfaces; consideration of nano-
particles featuring vertices or flat faces is outside the scope of
the current study.

■ PARAMETERIZATION OF CROSS-INTERACTIONS
The same general potential-matching procedure outlined in
Figure 2 can also be used to derive interactions between CG
nanoparticles and other species (e.g., atom types/moieties
from existing polymer force fields). This becomes powerful as
it facilitates use of the CG silica model presented in this work
beyond simple systems of silica nanoparticles in vacuum and
allows for more complex systems such as polymer-grafted
nanoparticles and nanoparticles in a solvent. While the use of
Mie mixing rules could be one approach to obtaining these
cross interactions, large differences in both σb and the
exponent values would likely result in poor accuracy.
Table 1 shows parameters obtained for the interaction

between pseudoatoms of a CG nanoparticle (σb = 1.3 nm, φb =
0.4, d = 10 nm) and both CH2 and CH3 UA moieties. Note
that the parameters in Table 1 are not guaranteed to be

Figure 5. Heatmaps showing the interaction energy residual from eq 3 as a function of CG particle size (represented by the normalized and
absolute values d/σb and σb, respectively) and φb for nanoparticles with diameters of (a) 8 nm, (b) 12 nm, and (c) 16 nm.

Figure 6. (a) Heatmap showing the interaction energy residual from
eq 3 as a function of CG particle size (represented by the normalized
and absolute values d/σb and σb, respectively) and φb between
nanoparticles with d = 50 nm, and (b) a comparison of the all-atom
interaction energy profile (black circles) with that of CG nano-
particles (red lines) constructed using (clockwise starting from the
top-left) σb = 3.17 nm, φb = 0.36 (corresponding to the lowest
residual in the heatmap, e = 0.07), σb = 3.17 nm, φb = 0.31 (e = 0.29),
σb = 3.17 nm, φb = 0.41 (e = 0.27), and σb = 6.5 nm, φb = 0.36 (e =
0.17). Snapshots of each of the CG nanoparticles are also provided.
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transferable to CG nanoparticles with arbitrary values of σb, φb,
and d. Our focus here is to demonstrate how cross-interactions
with other particle types can be obtained rather than the
presentation of a more general cross-interaction parameter set.
The parameters in Table 1 provide an excellent match to the
all-atom target data for the two cross-interactions, as shown in
Figure 8. As in Figure 4, target data for long-range interactions

have been included to ensure this portion of the potential
curve is properly captured in the CG model. Additionally, as
the cross-interactions feature a (relatively) softer potential
compared to the interactions between the pseudoatoms of
nanoparticle cores, target data were also able to be obtained for
the interaction at short-range, providing definition to the
potential well. It was found that the inclusion of this short-

range data was essential in the derivation of cross-interactions
with a properly located potential minimum.
To validate the interactions in Table 1, alkane-grafted

nanoparticles are constructed with both all-atom and CG cores
and where the alkane coating is allowed to reach a steady state;
the radial mass density profiles of the chains are calculated as a
measure of parameter effectiveness. Figure 9 shows the radial

mass density profiles for nanoparticles with alkane grafts
featuring chain lengths of 12, 24, 36, and 72 carbons. It can be
observed that for all chain lengths, the systems with the CG
nanoparticle core closely match the film structure of those with
an all-atom core, with the results nearly indistinguishable. The
potential curves are found to become smoother further from
the nanoparticle surface (most evident in Figure 9d.), as the
radial volume increases. At distances near the nanoparticle
surface, the available volume for chains to explore is quite low,

Figure 7. Interaction potential between a nanoparticle with d = 8 nm, σb = 0.6 nm, and φb = 0.4 and a nanoparticle with d = 16 nm, φb = 0.5, and
(a) σb = 0.6 nm, (b) 1.3 nm, and (c) 2.0 nm. Also shown are interaction potentials between a nanoparticle with d = 10 nm, σb = 1.3 nm, and φb =
0.4 and dimers constructed of two attached nanoparticles with these same parameters rotated at angles of (d) 0°, (e) 45°, and (f) 90°. Points
represent all-atom data, and lines represent CG data using parameters obtained from eqs 6 and 7 and the mixing rules detailed in the main text.

Table 1. Optimized Interaction Parameters between CG
Nanoparticle Beads (σb = 1.3 nm, φb = 0.4) and CH2, CH3
UA Beads

cross-interaction σ (nm) ε (kcal/mol) n m

NP-CH2 0.7581 1.2809 35 6.9256
NP-CH3 0.7435 1.6871 35 6.3843

Figure 8. Interaction energy profiles calculated between a nano-
particle with d = 10 nm and (a) CH2 and (b) CH3 UA moieties.
Circles represent all-atom target data, while lines represent results for
CG nanoparticles with σb = 1.3 nm and φb = 0.4.

Figure 9. Radial mass density (ρ) of alkane tethers with chain lengths
of (a) 12, (b) 24, (c) 36, and (d) 72 carbons attached at a density of
3.0 chains/nm2 to a silica nanoparticle with d = 10 nm. Results
obtained for an all-atom nanoparticle core are shown in black, while
results for a CG core (using parameters from Table 1 with σb = 1.3
nm) are shown in red. Contributions to ρ from the two CH2 beads
closest to the nanoparticle surface (the nearest most of which has a
fixed position) are excluded for clarity.
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particularly at a high chain density of 3.0 chains/nm2, and large
peaks are present indicating the locations of individual CH2
moieties along the chain backbone. These features of the mass
density profiles are well-captured by the CG model. The only
notable difference between the film structures of the two
models is a small peak located near the nanoparticle surface (at
a radial distance of 5 nm) that is present for the C12 and C24
coatings shown in Figure 9a, b. This peak corresponds to
chains that have intercalated into regions between neighboring
pseudoatoms of the CG nanoparticle core. While a pseudo
hard-sphere potential is utilized to prevent chains from
intercalating into the nanoparticle itself (which as discussed
previously would otherwise be possible as a result of “gaps”
between neighboring pseudoatoms, see Figure 1d), this does
not prevent chains from exploring the region around the
nanoparticle surface that is made rough by the large size of the
pseudoatoms. However, this effect is shown to be quite minor
in Figure 9 with little effect on the overall film structure and
becomes unnoticeable at chain lengths of 36 and 72 carbons.

■ DISCUSSION
The model and associated force field presented herein for CG
silica nanoparticles provide a means to create systems of
amorphous silica nanoparticles with user-specified fidelity.
Cross-interactions with particles from other force fields are also
obtainable through the same potential-matching approach.
However, while the utility of such a generalized force field
should not go unstated, a comparison with the existing silica
force field of Lee and Hua43 is also useful. Figure 10 shows a

comparison of the nanoparticle−nanoparticle interaction
potential between CG nanoparticles using parameters from
eqs 6 and 7 and between point-particles using parameters
obtained from the work of Lee and Hua (the exact equations
and parameters used are provided in the Supporting
Information), alongside the atomistic nanoparticle data
calculated in this work. The parameters from this work yield
a CG nanoparticle−nanoparticle interaction potential that
closely matches the shape of the all-atom data, which is to be
expected as atomistic data were used to fit these parameters.
Comparing to the potential curve obtained using parameters
from the work of Lee and Hua, both potentials provide a
similar value for the well depth, however, the Lee and Hua

potentials show a much sharper character, particularly for
larger nanoparticle diameters, where the interaction potential
increases to nearly zero at a center-of-mass separation of only 1
nm beyond the nanoparticle diameter. This shorter-range
behavior in the Lee and Hua potential is likely related to the
use of the 12-6 LJ potential to model the pseudoatom
interactions. From eq 6, our work predicts that for a
pseudoatom with a matching diameter to Lee and Hua (0.62
nm), the attractive exponent of the Mie potential corresponds
to a value of 4.79 (note this appears independent of the surface
density of the pseudoatoms), resulting in longer-ranged
interactions than the standard 12-6 potential. This lack of
long-range attraction may have effects on the dynamics,
assembly, and supra-molecular structure of bulk systems.
Furthermore, it is important to note that, although the
magnitude of the interaction potential in this long-range region
is small relative to that at short-range, these values may still be
quite large relative to interactions between other constituents
in the system. For example, considering the grafted alkane
example, if a standard interaction cutoff of 1/60ε were to be
applied to the interaction between pseudoatoms that make up
the nanoparticle core particles for d = 10 nm, the nano-
particle−nanoparticle interaction energy would be truncated at
a value on the order of 1 kcal/mol. We note that this is on the
same energy scale as the well depth of the nanoparticle−CHx
interaction (shown in Figure 8) and an order of magnitude
larger than the well depth of the CHx−CHx interaction (∼0.1
kcal/mol). Again, this considerable heterogeneity in the energy
scales could result in significant changes to the dynamics,
assembly, and structure of the systems if cutoffs are not
appropriately chosen to capture this longer-range behavior.
Finally, an additional advantage of the model and force field

presented herein that should be discussed is the ability to
derive cross-interactions between polymer pseudoatoms for
which no all-atom interaction parameters are available. As an
example, consider a CG alkane with a 3:1 mapping, (3 CH2/
CH3) units mapped into a single bead. While several such force
fields exist,42,67−70 to the best of our knowledge, none contain
interaction parameters with silica nanoparticles. In the
approach presented herein, one could use as target data the
interaction between, for example, a CH2−CH2−CH2 trimer
that forms the underlying structure of the CG bead and an all-
atom nanoparticle core and then simply fit the parameters for
the interaction between a CG core and a CG alkane moiety to
this target data, similar to the united atom alkane examples. As
a result, any polymer that can be mapped to the atomistic level
is compatible with the CG nanoparticle model presented and
the procedure.

■ CONCLUSION
In this work, a CG force field has been derived for amorphous
silica nanoparticles, modeled as spheres of evenly distributed
pseudoatoms, via matching interaction potentials to all-atom
data. The optimization scheme considers target data for
multiple nanoparticle sizes simultaneously to yield parameters
that are size independent. Interactions between pseudoatoms
utilize a Mie functional form, where the value σ is equivalent to
the diameter of the pseudoatoms, the value of the repulsive
exponent, n, is fixed, and the parameters ε and m are
dependent on both the pseudoatom size and the volume
fraction of beads within the spherical shell of the CG
nanoparticle. Through parameter optimization for a variety
of pseudoatom sizes and volume fractions, functions are

Figure 10. Interaction energy profiles calculated between nano-
particles with diameters of (a) 8 nm, (b) 12 nm, (c) 16 nm, and (d)
20 nm. Data are shown for nanoparticles featuring all-atom
representations (black circles), the CG model described in this text
with d/σb = 12.5 and φb = 0.5 (red lines), and parameters from Figure
6 of ref 43 (blue lines).
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provided for ε and m such that parameters may be obtained for
arbitrary nanoparticle models. These parameters are shown to
feature transferability across a wide range of nanoparticles
sizes, pseudoatom diameters, and volume fractions. It is also
shown that a similar approach can be used to obtain cross-
interaction parameters between pseudoatoms and other
moieties, here specifically CH2 and CH3 UA moieties. This
allows the model and force field presented herein to have
utility toward grafted nanoparticle systems and systems of
nanoparticles in solvents. By including long-range target data in
the force field optimization, the model presented herein is
shown to improve upon prior CG silica nanoparticle models
from the literature. This work will help facilitate, among others,
studies of nanoparticle self-assembly, with minimal loss of
chemical fidelity. The model and optimization scheme is easily
extensible to non-silica based nanoparticles as well as silica
structures that are non-spherical such as interfaces.
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