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Abstract
To develop advanced and elaborate nanotechnologies, the behavior of materials must be understood at the nanoscale. Since 
direct observation is not generally possible experimentally, molecular dynamics simulations have been used to estimate 
nanoscale behavior, although simulations still have spatio-temporal limitations. Thus, coarse-grained molecular dynamics 
(CGMD) simulations have been suggested to study the physical properties and molecular behavior of mesoscale systems. A 
‘bead’ composed of several atoms or molecules can represent the physical properties of a materials. In this study, we per-
formed CGMD simulations of water and ethylene glycol, represented by Lennard–Jones parameters with various numbers of 
molecules within a single bead, to determine interaction parameters by comparing our results against empirically determined 
physical properties. Our results show the possible range of the number of molecules per bead satisfying a particular physi-
cal property such as density and self-diffusion coefficient. These data yielded the most suitable number of molecules to be 
included in a bead for CGMD simulations containing water and ethylene glycol. Moreover, we identified and discussed the 
effects of time scale factor, of which the empirically applicable range of 4–10, on self-diffusivity coefficients.

Keywords Self-diffusion coefficient · Lennard–Jones potential parameter · Coarse-grained molecular dynamics simulation · 
Time scale factor

Introduction

To design advanced and elaborate nanoscale materials, 
it is essential to observe the behavior of materials at the 
nanoscale. Experimentally, nanoscale microscopy tech-
niques, such as transmission electron microscopy and 
scanning electron microscopy, have allowed for morpho-
logical characterization and composition determination [1]. 
However, these technologies require solid-phase samples, 
or samples that are not affected by sample preparation. To 

overcome such experimental limitations, several research-
ers have examined the nanoscale behavior via quantum 
and molecular dynamics (MD) simulations, which allow 
for the visualization of small particles such as atoms and 
molecules. Currently, simulations are used primarily to esti-
mate physical properties depending on atomic substitution 
[2], molecular composition [3], or structural modification 
[4]. Using density functional theory, which is a quantum 
mechanics modelling method, Choi et al. estimated the 
improved thermal properties of a particular sludge compo-
sition to be applied in the casting of advanced alloys for use 
in automotive engines [5]. Cha et al. described the behavior 
of nanoparticles in nanofluids and quantitatively evaluated 
particle dispersion via MD simulations. This study overcame 
experimental limitations, resulting in significant improve-
ments in the thermal properties of the nanofluid [6].

In modern computing systems, quantum and MD simula-
tions typically cover systems containing hundreds of thou-
sands of atoms, and can handle up to millions of atoms [7]. 
Depending on the simulation conditions, the total simulation 
time can reach up to tens of nanoseconds [8]. However, a 
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large number of atoms in the simulation system results in 
increased calculation times. To overcome spatio-temporal 
limitations, many studies have reported MD simulations 
at the mesoscale using a single, arbitrary particle—‘bead’, 
which is composed of several atoms or molecules [9, 10]. 
These coarse-grained molecular dynamics (CGMD) stud-
ies have mainly been performed to simulate the behavior of 
macromolecules, such as proteins, and can accurately pre-
dict the physical properties and experimental phenomena of 
these systems [11, 12], as well as molecular behavior and/
or inter-molecular interactions [13, 14]. Dissipative particle 
dynamics (DPD) and CGMD simulations are representative 
methods used to describe molecular behavior at the mes-
oscale. DPD, in which interparticle repulsion dominates 
phase dynamics, is generally used to describe phase sepa-
ration or the self-assembly of beads. Son et al. [15] used a 
DPD method to investigate the phase diagrams of mixtures 
of water, ethanol, and vanillin. CGMD simulations take into 
account both repulsive and attractive interactions between 
beads to describe molecular behavior. These systems gen-
erally employ a Lennard–Jones (LJ) potential, such as a 
MARTINI force field [16, 17]. Interaction parameters of CG 
models are determined by comparing the results of all-atom 
MD or experiment.

For CGMD simulations, the most important factors are 
selecting appropriate type of potential function and param-
eterization methods. In the past decades, many researchers 
have attempted to develop a proper force field that ensures 
the reliability of the CGMD simulation which reproduces 
realistic macroscopic properties of interest, such as density, 
diffusivity, and microstructure. However, matching all the 
macroscopic properties simultaneously is hardly available 
because different molecular-scale mechanisms determine 
different physical properties such as density and diffusiv-
ity, so called mutually exclusive relation [18, 19]. Izvekov 
and Voth reported that diffusivity and radial distribution 
functions cannot be matched simultaneously [20], and Tóth 
found that total energy and structure could not be fitted at 
the same time [21]. To develop appropriate coarse-grained 
method, the desired physical properties should be well cho-
sen. In this study, we performed CGMD simulations and 
their parameters are tuned to reproduce the density and self-
diffusion coefficient of water and ethylene glycol, respec-
tively. Based on the simulation, we optimized the param-
eters according to the number of atoms in a single-bead. The 
parameterization of a CG model is generally divided into 
two steps: bead mapping and establishing bead interactions. 
In the bead mapping step, the number of atoms or molecules 
within a single bead are determined. Interaction parameters 
in CGMD directly affect the predicted physical properties 
[22]. Therefore, the parameters are iteratively determined by 
comparing the results against data obtained using other MD 
or experimental methods. These data may include density, 

mean square displacement, radial distribution function, and 
free energy [23].

In this study, we performed CGMD simulations of water 
and ethylene glycol to determine the interaction parameters 
of single beads composed of various numbers of molecules. 
The predicted physical properties of the material were com-
pared against experimental results. Our simulations yielded 
the possible range of the number of molecules per bead that 
satisfies the observed physical properties, i.e., the density 
and self-diffusion coefficient (SDC). We believe that our 
results can be incorporated into a database for suitable bead 
mapping, to facilitate and design CGMD simulation systems 
of materials that include water or ethylene glycol.

Simulation Details

CGMD simulation systems are composed of CG beads and 
can yield predicted characteristics, such as physical proper-
ties and molecular behavior, identical to those calculated in 
MD simulations. The number of atoms or molecules that 
are included within a bead and the bead mass needs to be 
considered in a coarse-graining process. Time scale factors, 
which affect calculations of physical properties, are adjusted 
according to the bead mapping scale. In previous studies, 
they examined mixtures of water and ethylene glycol, which 
are used in automotive coolants [24, 25]. The number of 
each water and ethylene glycol molecules in a single bead 
were selected to have a similar mass of beads for each mate-
rial in given mixture. Note that the masses and volumes of 
water  (H2O) and ethylene glycol ((CH2OH)2) molecules are 
18.015 and 62.068 amu, and 29.93 and 103.10 Å3, respec-
tively. The numbers of molecules within a single bead of 
water and ethylene glycol were 4, 7, 10, 17, 24, and 34 and 
1, 2, 3, 5, 7, and 10, respectively. Here, we decided the mini-
mum number of water and ethylene glycol molecules in a 
bead to 4 and 1, respectively, so that each bead contains 12 
and 10 atoms with similar weight. The maximum number 
of molecules in a bead is empirically determined by consid-
ering allowable range of time scale factor. Figure 1 shows 
snapshots of CGMD simulations composed of beads con-
taining four molecules of water and one molecule of ethyl-
ene glycol. The box size was controlled to fix the density of 
the simulation system, which was 0.997 g/cm3 and 1.11 g/
cm3 for water and ethylene glycol, respectively. The length 
of the cubic cell was varied from 100 to 208 Å. Table 1 
shows masses and system volumes according to the number 
of molecules per bead. Details regarding the system densi-
ties are discussed in Sect. 3.1.

LJ potentials (V) were used to describe the interactions 
between a pair of van der Waals potentials composed of 
both repulsive and attractive terms (r12 and r6, respec-
tively). In particular, the intermolecular force depends 
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strongly on the intermolecular distance (r). The expres-
sion for calculating the LJ potential is shown below:

where ε is the depth of the potential well as an energy 
parameter and σ is the finite distance parameter when the 
potential between a pair of molecules is zero. Interaction 
parameters (i.e., ε and σ) were examined with various num-
bers of molecules in a single CG bead.

The Mesocite module of the Materials Studio software 
package (ver. 8.0; BIOVIA Software Inc., San Diego, CA, 
USA) was used for CGMD simulations. All simulations 
were performed over 8 ns using NPT ensemble, where 
N is the number of atoms, V is the volume, and T is the 
temperature, at 298 K with a Berendsen thermostat and 
barostat [26]. The time step was 10 fs and 20 independent 
simulations were run for each system.
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Results and Discussions

Parameters for Density of the System

When composing the CGMD simulation system, we firstly 
considered the density as a factor of similarity comparing to 
experimental results. Figure 2 shows LJ parametric maps, in 
which parametric surfaces are composed of pairs of interac-
tion parameters, for the densities of water and ethylene gly-
col as a function of the number of molecules per bead. The 
density of each system was calculated according to the pairs 
of interaction parameters, i.e., epsilon and sigma. Interaction 
parameters, which cross the density surface, represent the 
experimental densities of water (0.997 g/cm3) and ethylene 
glycol (1.11 g/cm3), as shown in Fig. 2a, b. Note that black 
dots represent the actual simulation data for constructing LJ 
parametric maps, and the colors of the density surface intend 
to divide into higher and lower area by the color from red to 

Fig. 1  Snapshots of the coarse-
grained molecular dynamics 
(CGMD) simulation system. 
a Four molecules of water 
comprised a single bead and the 
total number of beads was 8,332 
in a 100 × 100 × 100 Å3 box. b 
One molecule of ethylene glycol 
was included in a single bead 
and the total number of beads 
was 10,770 in a 100 × 100 × 100 
Å3 box. Red, gray and white 
spheres represent oxygen, 
carbon and hydrogen atoms, 
respectively

Table 1  The conditions for the CGMD simulations

Number of water molecules per bead

# of molecules 4 7 10 17 24 34

Mass (amu) 72.06 126.01 180.15 306.26 432.36 612.51
Volume (Å3) 119.70 209.48 299.25 508.73 718.21 1017.46

Number of ethylene glycol molecules per bead

# of molecules 1 2 3 5 7 10

Mass (amu) 62.07 124.14 186.20 310.34 434.48 620.68
Volume (Å3) 103.10 206.21 309.31 515.51 721.72 1031.03
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blue over the range employed in this study. Since the param-
eters and the number of molecules contained in a bead are 
inter-dependent, the number of molecules contained in the 
bead was limited in range. For example, a bead containing 
10 water molecules only can be fitted to the water density by 
the epsilon ranged from 0.8 to 1.1 kcal/mol corresponding 
to the sigma ranged from 6.35 to 6.56 Å. The interaction 
parameters shown in Fig. 2c, d depended on the number of 
molecules per bead. Sigma increased with the number of 
molecules per bead due to bead enlargement. In contrast, the 
values of epsilon greater than 1.2 kcal/mol resulted in crys-
tallization of both water and ethylene glycol CG beads. It 
means that CG system is structurally stabilized with crystal-
lization when the value of epsilon decreased below a certain 
threshold value. Epsilon values ranged from 0.8 to 1.1 kcal/

mol, while sigma values ranged from 4.0 to 11.0 Å for both 
water and ethylene glycol. To estimate the molecular behav-
iors of water and ethylene glycol, we investigated the mean-
square displacement (MSD) of the system and compared it 
with the experimental results [2]. MSD indicates the spatial 
extent of random particle motion throughout the system. It 
is measured by the deviation of particle position from the 
initial position as a function of time, as shown below:

where x, x0 and T indicate the present and original positions 
of the particle and the average time, respectively. Figure 3 
shows the MSD of a water bead, which included four water 
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Fig. 2  Lennard–Jones (LJ) parametric maps for the densities of 
a water and b ethylene glycol as a function of the number of mol-
ecules per bead, indicated in parentheses. Black dots represent the 
actual simulation data for constructing LJ parametric maps, and the 
colors of the density surface intend to divide into higher and lower 

area by the color from red to blue over the range employed in this 
study. Epsilon and sigma indicated densities similar to those obtained 
experimentally for c water and d ethylene glycol. Note that interac-
tion parameters were obtained by intersected lines between the den-
sity surfaces and parametric surfaces
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molecules, depending on the interaction parameters. We 
found that the slope of an MSD curve changed despite pairs 
of the parameters exhibiting the same density, i.e., 0.997 g/
cm3.

Molecular Behavior by Self‑Diffusion Coefficient 
and Time Scale Factor

Diffusivity should also be considered to reproduce realistic 
molecular behaviors via CGMD. Diffusivity is defined as the 
displacement of molecules by thermal energy. In particular, 
the SDC is a quantitative physical property that indicates 
the speed of particles. SDC can be calculated from MSD, 
as shown below:

where ∆t is time interval. This calculation limits the differ-
entiation of MSD by ∆t when sending ∆t to infinity, which 
indicates the normalized value for molecular diffusion in a 
system. In a CG system, the time scale is treated delicately 
due to reduced degrees of freedom. In CG systems, beads 
move faster than single molecule, which can affect inter-
pretations related to the properties of movement [27]. Time 
scale factors, which are multiplied by the simulation time 
(t), address the gap of time that occurs by coarse-graining 
of molecules. Diffusivity derived from MSD is calculated 
based on the behavior of the bead, which behaved as a single 
particle. However, beads contain more molecules, so the cor-
rection for the time scale is needed to reflect the moving dis-
tance of all individual molecules included in the beads. The 
time scale factor is empirically determined in a range from 
4 to 10. The value of time scale factor was determined that 
the value was matched the self-diffusion coefficient of the 

(3)SDC =
1

6
lim
Δt→∞

dMSD

dΔt

experimental results when the time scale factor was multi-
plied by the simulation time in SDC calculation. In addition, 
the MSD is multiplied by the number of molecules per bead 
to represent the unified motion of all molecules comprising 
a single bead. Figure 4 shows the dependence of SDC on 
the time scale factor, which was calculated using CG bead 
including four water molecules. In Fig. 4, SDC relatively 
more influenced from the energy parameter, epsilon, than 
the distance parameter, sigma. CG bead with larger epsilon 
had lower SDCs when applying the same time scale factor 
due to strong inter-bead interactions.

In addition, we calculated the SDCs of water and ethyl-
ene glycol with various numbers of molecules per bead as 
a function of the time scale factor. The data are shown in 
Fig. 5. An epsilon value of 1.0 kcal/mol was used to compare 
SDCs across systems, regardless of the depth of the potential 
well. Based on comparisons with experimentally derived 
SDCs, we found that time scale factors greater than 3 were 
required for beads containing four molecules of water. For 
both water and ethylene glycol, longer time scale factors 
were required to accurately describe the experimental SDC 
depending on the number of molecules per bead. Ethylene 
glycol required larger time scale factors than water due to 
lower SDCs at a given bead mass. Intermolecular friction, 
which is relatively high in all-atom models, is reduced as the 
number of molecules per bead increases, which then requires 
longer time scale factors to accurately describe the system. 
To investigate the effect of the time scale factor on the SDC 
value, we calculated SDCs by applying the time scale factor 
to be 10 (Table 2). All-atom model has relatively high inter-
molecular friction than simplified CG model, so when the 
number of molecules in a bead increases, the neglected inter-
molecular friction is increased. Therefore, to compensate the 

Fig. 3  Mean-square displacement (MSD) of water beads containing 
four water molecules each as a function of interaction parameters and 
simulation time

Fig. 4  Self-diffusion coefficients (SDCs) of water beads containing 
four water molecules as a function of interaction parameters and sim-
ulation time. The gray dashed line represents experimental SDCs [28]
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neglected frictional forces of CG models, larger time scale 
factor should be applied to the CG model contained larger 
number of molecules. The maximum number of water mol-
ecules that can accurately represent the experimental SDC 
was 24, and the timescale factor was 10. With the same time 
scale factor, the maximum of two ethylene glycol molecules 
per bead were deemed appropriate number. These param-
eters satisfied the observed physical behavior of each system.

In conclusion, the CG models contained 10 water and 
2 ethylene glycol molecules, respectively, most properly 
represented the density and self-diffusion coefficients of 
water and EG simultaneously. The epsilon/sigma for water 
and EG beads were 1.0  kcal/mol/6.46  Å and 1.0  kcal/
mol/5.49 Å, respectively. A single bead can be represented 
by various numbers of molecules. This number, however, 
is limited because the coarse graining step during a CGMD 

simulation requires compensation for time and space. Even-
tually, CGMD simulations must be carried out with modified 
interaction parameters, obtained from parametric studies, to 
accurately describe molecular behavior.

Parameters Applicable for Prediction of Physical 
Property

To establish the proper CG parameters, it is important to 
determine the physical properties comparable to experi-
mental or all-atom MD results. The CG parameters devel-
oped in this study are optimized for reproducing the density 
and SDC characteristics, so they are suitable for studying 
the phase of the solvent, which is mainly determined by 
the intermolecular distance and structure. Many research-
ers have reported the CGMD parameters applicable to the 

Fig. 5  SDCs of a water and b ethylene glycol as a function of the number of molecules in a single bead. Note that the value of epsilon was fixed 
at 1.0 kcal/mol and only the values of sigma were adjusted. Gray dashed lines represent experimental SDCs

Table 2  L–J potential parameters for single beads of water and ethylene glycol

a Distance when the potential energy is at a minimum
b Self-diffusion coefficient with time-scale factors of 10 for water and ethylene glycol

Number of water molecules per bead

# of molecules 4 7 10 17 24 34

ε (kcal/mol) 1.0 1.0 1.0 1.0 1.0 1.0
σa (Å) 4.76 5.73 6.46 7.75 8.73 9.78
SDCb (× 10–5  cm2/s) 0.646 1.056 1.442 1.734 2.188 3.655

Number of ethylene glycol molecules per bead

# of molecules 1 2 3 5 7 10

ε (kcal/mol) 1.0 1.0 1.0 1.0 1.0 1.0
σa (Å) 4.36 5.49 6.27 7.45 8.40 9.46
SDCb (× 10–5  cm2/s) 0.171 0.296 0.430 0.501 0.601 0.883
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other physical properties. Go et al. [29] reported the mecha-
nism of heat transfer in nano-scale Newtonian fluid by using 
the CGMD simulation of which parameters are adjusted to 
describe the density, SDC, and thermal conductivity of 
the system. In addition, Moon et al. [30] investigated the 
mechanical behavior of polymer via CGMD simulation 
considering molecular structure, radial distribution func-
tion (RDF), and density of the system. However, it is hard 
to match all physical properties simultaneously due to the 
limitation of simplified CG beads even the CGMD param-
eters were well optimized. Therefore, the desired physical 
properties should be selected carefully to avoid the mutually 
exclusive relation.

To apply the CG parameters developed in this study to 
the mixture system, additional CG parameterization between 
water and ethylene glycol beads is required. Based on our 
results, the CG bead models contained 8 waters and 2 ethyl-
ene glycols are consequently suited for the mixture system, 
which considered the maximum number of molecules in a 
bead and the bead mass. To find the LJ parameters for water-
ethylene glycol beads, density and self-diffusion coefficients 
of the mixture system should be compared with the experi-
mental results, as shown in this study.

Conclusions

To overcome the limits in both simulation time and sys-
tem size that compromise MD simulations, the concept of 
a “bead”, i.e., several atoms grouped together, has been 
suggested in order to perform simulations by interactions 
in a mesoscopic range. In this study, we performed a para-
metric study of water and ethylene glycol as represented by 
LJ parameters to describe the physical behavior in CGMD 
simulations. In particular, we investigated the LJ param-
eters for each bead representing water and ethylene glycol 
by adjusting physical properties such as densities and SDCs. 
The resulting map of paired energy and distance parameters 
shows the possible range of parameters that can accurately 
describe the physical behaviors of these materials, prevent-
ing the crystallization. Although the CGMD parameters 
were well optimized, it is hard to match all physical prop-
erties simultaneously due to the limitation of simplified 
CG beads. Thus, the desired physical properties should be 
selected carefully to develop the most suitable CG force field 
considering the properties to be evaluated from the simu-
lation system. In addition, this study found the maximum 
number of molecules for a single bead, which were 24 and 2 
molecules for water and ethylene glycol, respectively., with 
a time scale factor of 10.
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