www.nature.com/scientificreports

SCIENTIFIC
REPORTS

natureresearch

‘ W) Check for updates

Dissipative particle dynamics
model of homogalacturonan based
on molecular dynamics simulations

P. M. Pieczywek'"", W. Ptaziniski’ & A. Zdunek*

In this study we present an alternative dissipative particle dynamics (DPD) parametrization

strategy based on data extracted from the united-atom molecular simulations. The model of the
homogalacturonan was designed to test the ability of the formation of large-scale structures via
hydrogen bonding in water. The extraction of coarse-grained parameters from atomistic molecular
dynamics was achieved by means of the proposed molecule aggregation algorithm based on an
iterative nearest neighbour search. A novel approach to a time-scale calibration scheme based on
matching the average velocities of coarse-grained particles enabled the DPD forcefield to reproduce
essential structural features of homogalacturonan molecular chains. The successful application of the
proposed parametrization method allowed for the reproduction of the shapes of radial distribution
functions, particle velocities and diffusivity of the atomistic molecular dynamics model using DPD
force field. The structure of polygalacturonic acid molecules was mapped into the DPD force field by
means of the distance and angular bond characteristics, which closely matched the MD results. The
resulting DPD trajectories showed that randomly dispersed homogalacturonan chains had a tendency
to aggregate into highly organized 3D structures. The final structure resembled a three-dimensional
network created by tightly associated homogalacturonan chains organized into thick fibres.

Dissipative particle dynamics (DPD) is a stochastic mesoscale particle model, commonly used for the large-
scale modelling of self-assembly of the polymeric systems'. First introduced by Hoogerbrugge and Koelman?
DPD was further refined by Espaiiol and Warren®. Compared to methods based on atomistic force fields such
as molecular dynamics (MD), DPD permits the simulation of large systems over relatively long-time scales®.
This is achieved by the utilization of simplified soft potentials and coarse-grained representations of modelled
structures. DPD models have proven to be useful in many fields of chemical research, enabling the description
of complex phenomena of self-assembly of soft-matter quasicrystals and their approximants®, spontaneous fibril
formation by random-coil peptides®, and simulations of large-scale micellar structures”®. In contrast to MD, the
physical attributes of the soft matter such as actual atomic diameter, mass, energy, and depth of the potential well
cannot be set in the DPD formulation®.

In DPD systems the intended physical properties are determined by means of parameter calibration. The most
popular method of calibration was introduced by Groot and Warren'® through mapping onto Flory-Huggins
theory. Other researchers coupled DPD with MD simulations to calibrate models by matching the structural data
from the atomistic simulations'"'2. Keaveny et al.'* showed an MD-based calibration scheme designed for the
parametrization of models suitable for flow problems. However, most of the presented methods were intended
to aim at a specific system property, which lead to situations where other statistics of the simulated system
were lost. More recently Li et al.'* presented a bottom-up coarse-graining procedure to construct mesoscopic
force fields directly from microscopic dynamics. The dissipative particle dynamics model was derived from the
Mori-Zwanzig (MZ) projection of the underlying atomistic dynamics. The DPD models introduced included the
radial and transverse force components between the beads, and the rotational motion of the particles. Quantita-
tive comparisons between these DPD models indicated that the DPD models with MZ-guided force fields were
able to reproduce the velocity autocorrelation function as well as the pair correlation function of the MD system.

In this study we present an alternative parametrization strategy of standard DPD force field based on data
extracted from a united-atom molecular dynamics model and solving an inverse problem targeting certain
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Figure 1. Molecular structure of homogalacturonan with the two possible protonation levels of the carboxyl
groups of galacturonic acid units (a) and the corresponding coarse-grained representation of homogalacturonan
molecular chains (b).

properties. The presented methodology leads to systems that reproduce the shapes of radial distribution func-
tions, particle velocities and the diffusivity of the CG water model and also adequately simulate the structures
of reference models of polymers. The presented approach is based on a case study of basic pectic polysaccharide
- homogalacturonan. Homogalacturonan (HG) is the most abundant form of plant cell wall pectic polysaccha-
ride. The unsubstituted backbone of HG consists of p-galacturonate (GalA) units joined in chains by a-(1—4)
glycosidic linkages. It is known for its gelling properties which have been partially attributed to an ability to
form Ca?* cross-links'>'¢. Some studies have also suggested that homogalacturonan can aggregate due to weak
hydrogen bonding via carboxyl groups'”'8. Until now, molecular studies of pectic polysaccharides have been
limited to the interaction of two or three molecular chains with up to 20 residues'®-** or conformations of single
chains consisting of 50 residues?.

Currently no cell wall pectic polysaccharide models are available that would allow for the simulation of their
aggregation and large-scale clusters. Therefore, the aim of this study was to provide a fully parametrized coarse-
grained model of homogalacturonan based on a dissipative particle dynamics force field. Parametrization was
based on atomistic molecular dynamics models, which are coarse-grained and make use of a newly introduced
algorithm. The model was designed to test the ability of the formation of large-scale structures via the hydrogen
bonding of homogalacturonan in water solutions.

Materials and methods

Model system. The unsubstituted backbone of homogalacturonan (HG) consisting of galacturonic acid
units joined in chains by a-(1—4) glycosidic linkages was chosen as the model system. In order to test the
hypothesis of HG aggregation by hydrogen bonding, the galacturonic acid units were simulated in two states of
the protonation of carboxyl groups—protonated/undissociated (GalA) and deprotonated/dissociated (GalA(-)).
The homogalacturonan chains were simulated with all of the carboxyl groups being protonated or deprotonated,
as well as half of the GlaA units being protonated and half deprotonated (Fig. 1). Figure 1 shows the level of
generalization of the HG backbone adopted in this study.

DPD simulation. An extensive overview of the dissipative particle dynamics simulation method has already
been provided by other researchers??*® therefore, in this section only the essential mathematical formulations of
DPD are presented. In brief, the DPD coarse-grained particles, called beads, represent clusters of atoms which
have a state that evolves in time according to Newtons equations of motion. Each bead 4 interacts with the
nejghbouring bead j via thyge basic non-bonded interaction forces, a conservative force F ;;, a dissipative force
= i

Fj; and a random force F ;. These forces can act within a specific length range , called the cut-off radius. The
interaction forces are given g)y

-

Ej = ajo () (1)
—D PN
Fij = —vo® (r) (Vi o )Ty 2)
—R PR
F = O‘(,OR (rij)EijAt l/zrij (3)
where _r>ij = _r) _)1; /Tij and ¥ i T jare the position vectors of bead i and j ], respectively.

_V)ij =Vi— _> Vjis the relatlve Veloc1ty between two beads, calculated from their velocity vectors V ; and Vv j. The

ajj symbol from the conservative force equation stands for the repulsion constant between two interacting beads
y and o are the corresponding symbols for the dissipative and random forces constant coefficients, respectively.
£jjis a value from a set of random numbers with zero mean and unit variance, independently chosen for each
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interacting pair ij. Each type of interaction force is scaled by its own weight function. w®, P and w® are the

weight functions for conservative, dissipative and random forces, respectively. The weight function for conserva-
tive force is defined by the following simple linear relationship:

Cro\ _ (1 - rij/rc) whenr; < rc
o (ry) = {O when rjj > rc (4)

The generalized form of the weight function for dissipative forces is defined as:

S
D/ .} — (1 - rij/l’c) when Irjj < IC

o7 (1) { 0 whenrjj > r¢ )
where the exponent s modifies the shape of the weight function and is modified to adjust the fluid viscosity***.
In order to obey the Boltzmann statistics and achieve a well-defined equilibrium state in temperature T, the
following equations must be fulfilled:

oP(rj) = [o" (r5))” (©)

0% = 2ykgT (7)

where kg is the Boltzmann constant. In order to simulate polysaccharide molecular chains, the adjacent beads
must be constrained with permanent lengths and angular bonds. In this study, the bonds were modelled using
harmonic spring quadratic potentials given as:

1
u? = Eks (rij — 10)2 (8)

1
B 2
uij = EkA (eijk — 90) 9)
where lp and 6 are the equilibrium lengths and angles for particles i, j and k. The stiftness of the length and
angular bond constraints is defined by the values of ks and ka.

Molecular dynamics simulation details. All MD simulations were carried out with the GROMACS
5.0 package?. The force field parameters used for the simulations were adopted from the GROMOS 56A64xs0
force field***! whereas the interactions involving carboxylate moieties were described in terms of the recently
proposed extension of GROMOS 56 A6 ppo*> The molecular systems under consideration were placed in cubic
simulation boxes filled with the appropriate number of simple point charge (SPC) water molecules®?. The unbi-
ased simulations were carried out under periodic boundary conditions and with an isothermal-isobaric ensem-
ble. The temperature was maintained close to its reference value (298 K) by applying the V-rescale thermostat®?,
whereas for constant pressure (1 bar, isotropic coordinate scaling) the Parrinello-Rahman barostat® was used
with a relaxation time of 0.4 ps. The equations of motion were integrated with a time step of 2 fs using the leap-
frog scheme35. The solute bond lengths were constrained by the application of the LINCS procedure with a
relative geometric tolerance of 10~#%*. The full rigidity of the water molecules was enforced by the application
of the SETTLE procedure *. The translational centre-of-mass motion was removed for every time step separately
for the solute and the solvent. The non-bonded interactions were calculated using a twin-range scheme 38, with
short- and long-range cut-off distances set to 0.8 and 1.4 nm, respectively, and an update frequency of 5 time
steps for the short-range pair list and intermediate-range interactions. The reaction-field correction was applied
to account for the mean effect of the electrostatic interactions beyond the long-range cut off distance, using a
relative dielectric permittivity of 61 as appropriate for the SPC water model *~*!. All of the systems were pre-
optimized by a 0.5-1.5 ns constant-pressure MD equilibration at 1 bar and 298 K, thereby ensuring an effective
solvent density appropriate for these conditions in the subsequent production simulations. After equilibration,
all unbiased simulations were carried out for up to 100 ns and the trajectory was saved every 2 ps for further
analysis.

In order to map the characteristics of the atomistic models into the DPD system, a series of molecular dynam-
ics simulations were conducted starting from the basic structural units of homogalacturonan up to full-length
molecular chains. Molecular dynamics models were used to carry out the coarse-graining procedure and extract
molecular characteristics such as the radial distribution function, velocity of particles and diffusion constant, as
well as the distributions of lengths and angles for molecules bonded with length and angular bonds. The initial
DPD calibration was carried out based on a simple model of water consisted of 967 SPC water molecules in a
31.036 x 31.036 x 31.036 A cubic simulation box. The interactions of galacturonic acid with the surrounding
water molecules were tackled based on the simulation of a single galacturonic acid molecule model in a water
box. Two variations of such a model were used, one with a dissociated and one with an undissociated carboxyl
functional group. The non-bonded interactions between the galacturonic acid molecules were extracted from
three models: one with 120 deprotonated galacturonic acid molecules placed in a water box, one with 120
protonated galacturonic acid molecules placed in a water box, and the last one with 120 galacturonic acid
molecules in water box with half of the molecules being protonated and half deprotonated. The interactions
between the bonded molecules were parameterized based on simulations which involved homogalacturonan
molecular chains with different states of carboxyl groups. Two simulations of the molecular chains consisting
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of eight galacturonic acid units were performed, one with all of the carboxyl groups being dissociated and one
with all of the carboxyl groups undissociated. Next, two homogalacturonan chains with 26 units of galacturonic
acid were simulated. In both models, half of carboxyl groups were deprotonated and half of them were proto-
nated, but they were arranged in two different patterns. In the first model, the dissociated and undissociated
carboxyl groups alternated one after the other (Fig. 1b). In the second model, the dissociated and undissociated
carboxyl groups were arranged in alternating pairs, two dissociated units next to two undissociated ones. The
homogalacturonan chain simulations allowed for the determination of the characteristics of the bond lengths
for three possible combinations of neighbouring galacturonic acid molecules, namely [GalA][GalA], [GalA(-)]
[GalA(-)] and [GalA(-)][GalA]. The angular bonds were parametrized for six possible combinations: [GalA]
[GalA][GalA], [GalA(-)][GalA(-)][GalA], [GalA(-)][GalA][GalA], [GalA(-)][GalA(-)][GalA(-)], [GalA]
[GalA(-)][GalA], [GalA(-)][GalA][GalA(-)].

Extraction of coarse-grained parameters from MD simulations. As in other CG methods, beads
from the DPD models correspond to coarse-grained molecules that numerically represent clusters of individ-
ual atoms. CG methods require a systematic coarse-graining approach, which leads to the reproduction of the
desired properties of the atomistic model in a less detailed system, thus enabling more efficient calculations. For
the CG representations of bonded atoms several mapping schemes have been used to date. Most commonly,
multiple heavy atoms are grouped based on their specific functional groups and then characterized by the force
field associated with their centre-of-mass*-#4,

However, in the case of atomistic water models, where the water particles move independently, groups/clouds
of CG molecules have to be dynamically identified. Therefore, a clustering method is required to enable the map-
ping of multiple water molecules into a single CG bead. Recently, Hadley and McCabe** demonstrated a success-
ful approach to mapping multiple water molecules to a single CG bead using the k-means clustering algorithm.

K-means is an unsupervised algorithm that solves the clustering problems. The algorithm requires an a priori
knowledge about the number of clusters (k-value) within the data set and their initial “locations” as defined by
the mean values of the processed variables. K-means divides observations into k clusters in which each observa-
tion belongs to the cluster with the nearest mean/location. Hadley and McCabe applied the k-means algorithm
to cluster particles based on their coordinates in space. In their approach, the k-value corresponded to the total
number of CG beads in simulated system. In the presented algorithm for each simulation time frame, the water
molecules were divided into a predefined number of groups based on their proximity. Next, the positions of
clusters from a previous simulation time frame were updated based on the positions of the nearest clusters of
water molecules from the currently processed data frame. Although successful, the authors reported difficulties
when defining the number of clusters for k-means. They pointed out some issues regarding the stability of the
algorithm and inability to converge with the desired number of equally sized clusters. Therefore, they introduced
intermediate procedures of clustering with a variable value of k to improve the convergence of the algorithm.

In this study we proposed an alternative step-wise iterative nearest neighbour search algorithm, which solved
this issue by forcing the constant and equal number of molecules in all clusters. The flow chart of the cluster-
ing procedure is presented in Fig. 2. The major difference between the proposed algorithm and the k-means
approach was that instead of the total number of beads in the system, the algorithm was required to provide
the number of the water molecules per bead—the CG ratio. The degree of coarse-graining corresponded to the
number of clustering steps that the algorithm carried out in each time-step (for instance, for 4 to 1 it results in
four steps). The initial positions of the CG beads were defined by randomly chosen coordinates of oxygen atoms
from the first frame of the trajectory of the water molecules. Then, for each step of the algorithm, an iterative
search for the unique nearest water molecule was carried out for all CG beads. The unique nearest water mol-
ecule was defined by means of the Euclidean distance from the centre of mass of a CG bead. Each molecule
could be identified as the nearest neighbour to only one centre of mass of a CG bead. If the water molecule was
identified as the nearest neighbour for more than one CG bead, then it was assigned to the closest one and the
search was carried out again for the remaining beads using a set of non-assigned water molecules during the
next iteration (Fig. 2A, coarse-graining loop). Each step of the algorithm finished when all of the beads had one
assigned water molecule. The algorithm finished when all of the CG beads had the same number of molecules
assigned to them, equal to the degree of coarse-graining. The positions of the beads were updated when all of
the sub-steps of the algorithm were finished. The number of beads as well as the number of molecules per bead
were fixed. The step-wise procedure reduced the probability of the occurrence of events where the algorithm was
unable to find any non-assigned molecule. For the sake of the stability of the algorithm, the desired number of
the CG beads was selected in such a way that there were always a few free molecules left in the base system. The
aggregation algorithm was used to map three atomistic characteristics into the CG level: the radial distribution
function (RDF), the velocity distribution and the diffusivity coefficient of the water beads. The diffusivity of the
simulated system was calculated using the standard equation for the diffusion coefficient in molecular dynamics®.
The same aggregation process of water molecules was carried out to produce simulations of galacturonic acid
molecules and homogalacturonan chains in water solutions.

DPD base units and simulation parameters. In order to extract the CG parameters from MD simula-
tions, firstly the coarse-graining ratio had to be established. In the conventional DPD approach, the diameters
and volumes of all of the beads are the same. Therefore, the proposed algorithm of coarse-graining (see sec-
tion 2.4) had to provide groups of atoms of a similar size (in terms of the number of molecules). In DPD systems
the coarse-graining ratio is expressed as the number of water molecules represented by a single DPD bead. In
order to reflect the behaviour of homogalacturonan chains in water, a single DPD bead was set to represent one
molecule of galacturonic acid (Fig. 1). The volume of the galacturonic acid molecule was estimated to be equal
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Figure 2. The flow chart of the step-wise iterative clustering algorithm (A), with a detailed view of the single
data frame processing loop (B). The first frame depicts the process of finding adjacent molecules for a single
bead marked with a green cross-point. The nearest molecule is searched for in the area adjacent to the unit
cell in which the coarse-grained bead is located (marked in red). The next four frames depict the aggregation
of water molecules (black circles) into molecular clouds according to their distance from the centre of mass of
three coarse-grained beads (coloured cross points). The final frame shows the updated positions of the coarse-
grained beads, calculated as the centre of mass of the molecular clouds.

to 140.3 A3 (estimated using Vega ZZ Software?’). Since the volume occupied by four water molecules (120 A3?%)
was reasonably close to the volume of the galacturonic acid molecule, a four to one coarse-graining ratio was
chosen for this system. For galacturonic acid, the position of the corresponding DPD bead was calculated as the
centre of mass of this molecule.

To avoid using excessively large or small numbers and to simplify the calculations, the DPD systems were
usually scaled by arbitrarily chosen base units. The mass of one water bead consisting of four water molecules
((H,0),) equal to 11.968 - 1072 kg, was used as the base mass unit for reduced units while performing DPD
simulations. The mass of the corresponding GalA and GalA(-) molecules expressed in DPD reduced units were
equal to 2.623 and 2.609, respectively. The MD simulations were performed at 298 K, givingkp T = 4.115 - 102!
J/mol, which was used as the base unit for energy. In most DPD model approaches the cut-off radius of the beads
was also used as a base unit for the length scale of the system. In such cases the cut-oft radius may be associated
with other parameters of the DPD system such as the number of beads N, simulation box volume V and simula-

tion density number p, by a straightforward relationship: rc = {/ %. Assuming that the DPD system had to

reflect the corresponding MD model, the parameters from the reference water model (section 2.3) were used to
deduce the value of rc. The base MD water model consisted of 967 water molecules, therefore the number of
corresponding CG molecules was =240 (the number was rounded down to leave four free water molecules for
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the sake of the stability of the CG algorithm described in the previous section). The density number defines the
average number of beads per unit cell volume (r3) of the simulation box and significantly affects the output
parameters of the system such as viscosity’. Usually it is chosen from the range 3-5%. In this study, a simulation
density number of 3 was chosen, which is most commonly used in DPD simulations®. Finally, by putting the
volume of the simulation box for the MD water model (29,894 A3) together with the assumed simulation density
number and the number of corresponding water beads into the expression for the cut-off radius, the calculated
rc value was found to be equal to 7.2 A, which was used as the base unit for length.

The limit for the time step size in standard DPD methods is directly connected with the time integration of
stochastic dynamics*s. However, Hafskjold et al.*” also showed that even the commonly used time steps can lead
to systematic errors in the computed properties within the scope of standard DPD methods. According to their
study, errors occurred largely due to the inaccurate integration of the conservative force, namely the numerical
truncation of conservative force potential. They concluded that the safest way to avoid these errors is to use small
time steps, preferably similar to those used in molecular dynamics. Since this study was aimed at establishing
the close correspondence between MD and DPD systems with respect to the basic physical properties, a time
step of At = 0.001t was used to integrate the DPD equations of motion (where tis the base unit of time, which
is set experimentally). The exponent s from Eq. (5) defines the form of the weight function for dissipative and
random forces. It is an intrinsic system parameter that influences the viscosity and diffusion coefficient of the
DPD model®**". The ratio of the kinematic viscosity to the diffusion coefficient is called the Schmidt number. For
the DPD system with s=0.5, the Schmidt number was estimated to be approximately 35 times larger than for the
standard DPD (s=2)¥. Since simulations of homogalacturonan in a water solution required increased viscosity
and reduced diffusion coeflicient values, the values of s along with o, y and conservative force coeflicients were
gradually modified in order to study the resulting changes in the desired target quantities.

DPD simulations. In order to match the coarse-grained characteristics of MD simulations, the MD sys-
tems were reproduced using dissipative particle dynamics in a series of simulations. The DPD water model
was simulated in a 10x 10x 10 DPD unit box (72x72x 72 A?), filled with water beads to obtain p = 3.0. The
same water box was used to simulate single galacturonic acid molecules in a water solution. For non-bonded
galacturonic acid interactions, the MD systems were reproduced with the same size of simulation boxes, as well
as the number of galacturonic acid molecules and the corresponding CG water beads. Simplified models were
initially created to match the parameters of the bonded interactions. Firstly, simple models of two galacturonic
acid molecules connected with the distance bond were created to match the bond parameters (distribution of
lengths between beads). Next, models of three galacturonic acid molecules connected with distance and angular
bonds were created to parametrize the latter. Models were created for all combinations of dissociated and undis-
sociated galacturonic acid molecules listed in section 2.3. After initial parametrization, the full-scale models of
the molecular chains were reproduced to calibrate and refine the values of the bond parameters. All systems were
initiated with 2000 warm-up, and were then equilibrated for at least 20,000 steps, with the trajectories and veloci-
ties saved after every 200 steps. Each system simulation was repeated at least 10 times. The equations of motion
of the DPD beads were integrated using a modified velocity Verlet scheme 26. Random numbers for stochastic
forces calculations were generated using a Mersenne Twister pseudo-random generator. The cell lists of bead
pairs within a given cut-off distance of each other were refreshed every 8 time steps. The simulation framework
was implemented as a hand-written and multi-thread code using the C++ programming language. The code
architecture was optimized to perform computations using GPUs. This was achieved by including the OpenCL
open-source library (Khronos Group, USA). The project was organized and compiled with the Microsoft Visual
Studio Version 16.4.0 (Microsoft Corporation, USA). The access to the code repository will be shared upon the
readers request.

Results and discussion
Water parametrization: calibration of the DPD model. The aim of this work was to establish the
calibration scheme for the DPD system describing basic pectic carbohydrate—homogalacturonan. In order to
achieve this goal, the dissipative particle dynamics systems were related to reference models created using atom-
istic molecular dynamics simulations. Three statistics were used to compare and match both techniques—radial
distribution functions, particle velocities and diffusion coefficients. The calibration procedure involved changes
in model parameters until the best match between the resulting statistics was obtained. The water model is
important and can have a major impact on the resulting properties of the system*. Therefore, the initial step of
model calibration required a match to be made between the basic water models for both techniques.

In the case of the DPD water model this could be accomplished through modifications of three parameters:o,
y and the water bead repulsive force coefficient a(,0),. However, a comparison of the particle velocities and dif-
fusion coeflicient values required the establishment of the time scale of the DPD system. With the calibration of
the time scale of the DPD system, the resulting parameters gain physical meaningfulness and could be compared
with the MD model. For this purpose, a series of simulations were carried out which provided parameter space
plots that showed the changes in the desired target quantities with respect to the values of the three modified
parameters (Fig. 3).

The parametric analysis showed that changes in the values of the random and dissipative force coeflicients
(o and y ) had a large impact on the diffusion rate of the water beads, at the same time causing only fractional
changes in their velocities. The diffusion rate of the water beads decreased with a corresponding increase in ¢
and y. For the same combinations of values of s, o and y an increase in repulsion forces decreased the diffusion
rate of the particles (clearly visible through lowering the lines for the same values of exponent s in Fig. 3a—c).
This trend was also reported by Pivkin and Karniadakis®®> who showed an increasing trend of total viscosity
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Figure 3. Parameter space plots showing chan §es in the diffusion coeflicient and bead velocities with respect
to o and y (obeying the following conditions: 6© = 2ykpT) as well as values of the exponent s (from the weight
function of dissipative and random forces), at three values of the conservative repulsion force coefficient. Sub-
plots show the diffusion coefficients in real units after time scale calibration based on the average velocities

of DPD and coarse-grained MD water beads. The red horizontal line at the sub-plots shows the value of the
diffusion coeflicient of the target MD system.

and a decreasing trend for the self-diffusion coefficient with the conservative force parameter. An increase in
bead repulsion forces decreased the diffusivity of the system, however, and only caused a slight decrease in the
velocities of the beads. Finally, the decrease in values of the exponent s resulted in a clear and distinct decrease
of the diffusion rate of the water beads. Although the changes were fractional, the exponent s also showed the
highest impact on the bead velocities among all of the parameters tested. The decrease in the s value caused a
slight increase in the average velocities of the DPD water molecules.

Using the results of the parametric analysis, it was possible to provide the time scale of the DPD systems. The
most common calibration approach in DPD relies on matching the diffusion constant of the DPD simulation
with the experimental reference values®. In this technique, the diffusion constant obtained is compared to that
of the molecule of interest in order to determine t4he simulation time scale. In the case of this study this would
be expressed by the following relationship: DDpD = Dyip (Where Dppp is the diffusion coefficient of the DPD
system expressed in reduced units, Dyp is the diffusion coefficient of the coarse-grained MD system expressed
in real units, with r. and t expressed in real units). When we match the diffusivities of the DPD beads obtained
for a set of the commonly applied parameters (s = 2.0,0 = 3.0,y = 4.5, a,,—w = 25, gives Dppp = 0.332, from
Fig. 3a) and coarse-grained MD water molecules (Dyp = 0.151 A2 /ps) the resulting time scale is equal to
T = 113.97 ps. The calculation of the DPD bead velocities using T = 113.97 ps provides values that differ from the
values of the reference system by at least an order of magnitude (vppp = 0.108 A/ps, with vyp = 1.021 A /ps),
indicating that the transport properties of the simulated system are lost. Moreover, considering the obtained
results for parameter space analysis, which showed that s along with o, y and the conservative force coefficient
had an almost negligible impact on the velocities of the DPD beads, it is no longer possible to match the particle
velocities without changes to the RDF or diffusion coefficient.

The calibration of the time scale is a common issue with DPD systems. In most cases models are calibrated
for a specific application. This means that the parameters of the model are modified to obtain physically relevant
values for the quantities of interest that describe the target system with a possible disparity between other physi-
cal quantities.
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Figure 4. The schematic representation of the DPD force field parametrization work flow.
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Figure 5. Results of the DPD model calibration compared with the MD reference model: (a) radial distribution
function and (b) velocity distribution for water beads.

In this study, an alternative strategy of searching for an optimal parameter set for DPD simulations was pro-
posed, which enables the preservation of the basic molecular statistics of the reference system. The schematic
block representation of the parametrization scheme on Fig. 4.

The parameter analysis showed that for > = 2ykgT the velocity of the water beads is almost independent
of the s, 0, y and au,0), values. Moreover, since the RDF is solely determined by the conservative force®®, in
the first step of system calibration, the repulsion force coefficient for water beads a(y,0), was adjusted to match
the MD and DPD radial distribution functions (Fig. 5a). The best match for the RDF shapes was obtained for
a(H,0), = 50.0. It should be emphasized that the aim of this study was to provide an alternative time scaling
procedure and new algorithm for calculating the RDE, velocities and diffusion coeflicients from the MD atomistic
trajectories mapped to the coarse-grained level, which would serve as the target properties for the optimization
of the DPD system. The procedures of fitting the mean force potentials such as the iterative Boltzmann inversion
are not within the scope of this work, however, it is important to point out that the mapping procedure provided
is fully compatible with such algorithms.

In the next step of model calibration, the time scale of the DPD system was established by matching the aver-
age velocity of DPD and the atomistic MD water particles using the following expression t = ‘(}?\f Dy (where vppp
is the average velocity of the DPD beads expressed in reduced units, and vup is the average Ve]focity of the MD
particles expressed in real units, with T and . expressed in real units). With the time scale established, the DPD
diffusion coefficient was rescaled to real units and compared with the results from MD simulations. The results
of the procedure above applied to data from the parameter space analysis are shown on subplots with the time
scale calibrated diffusion coefficients of the DPD beads expressed in real units (Fig. 3a—c). The red horizontal
line from the sub-plots shows the value of the diffusion coeflicient of the target MD system. The intersection of
both lines indicates the optimal set of simulation parameters that provide the best match between MD and DPD
diffusion coefficients. For a(,0), = 50.0 the best match between the MD and DPD diffusion coefficients was
obtained for 0 = 6.86 and y = 23.53, when s=0.5.
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Atomistic particle velocity Atomistic diffusion coeff.
Simulationno | (A/ps) DPD time scale t (ps) | (A%/ps) DPD diffusion coeff (A%/ps)
1 1.018 12.501 0.144 0.151
2 1.023 12.455 0.137 0.149
3 1.024 12.443 0.139 0.149
4 1.019 12.517 0.155 0.160
5 1.022 12.474 0.155 0.152
6 1.019 12.506 0.155 0.146
7 1.023 12.478 0.154 0.151
8 1.020 12.472 0.145 0.150
9 1.019 12.461 0.158 0.149
10 1.022 12.394 0.165 0.150
Average 1.021 12.470 0.151 0.151

Table 1. Calibration of the time scale of the DPD system based on ten data samples from the MD model.
Particle velocities and diffusion coeflicients are calculated for molecular clouds of MD water molecules. T is
a DPD time scale derived from the MD model based on particle velocity comparison. Results obtained for
au,0), = 50.0,0 = 6.86, y = 23.53,5=0.5.

The calibration results based on ten simulation runs are shown in Table 1 and Fig. 5. The proposed parametri-
zation approach allowed for the preservation of three characteristics of the atomistic MD system—the shape
of the RDF of the water beads, the distribution of the velocities of the water beads and the diffusion coefficient
of the system (Fig. 5a, b). The obtained time scale of the DPD system t = 12.47 ps and the corresponding time
step were significantly lower than the time scales reported in other DPD studies, where scaling was based on
the diffusion coefficient only***. The corresponding time step (12.47 fs) was also in good agreement with other
coarse-grained simulation techniques and force fields (for instance with the MARTINI force field*®), which again
is in line with the findings of other researchers, which pointed out that the proper application of DPD requires
a significant reduction in the time-step length with respect to commonly accepted values®.

As Boromand et al.** noted previously, the random and dissipative forces have a crucial role in defining the
dynamics of DPD and they can assume any value as long as they satisfy the dissipation-fluctuation relationship.
However, the majority of reported studies use the commonly accepted values of 3.0 and 4.5 for random and
dissipative parameters, respectively. The results of the current study showed that if the goal of the DPD system
is to preserve both the structural and transport properties of the target system, then the values of exponent s, &
and y cannot be taken freely. In fact, for 0 = 3.0 and y = 4.5 it was the case that all of the tested values of s and
repulsive force coeflicients simulations failed to match the target values of the transport properties. Also, the
simulated systems did not match the diffusivity of the target system for the s values above 1.0, regardless of the
value of the repulsive force coefficient, o ory.

Moreover, among all of the values tested only at s=0.5 was it possible to adjust the magnitudes of the random
and dissipative forces to match the desired diffusivity, it should be noted that the exponent s can take any value
from the set of positive real numbers. Therefore, the set of parameters provided is not unique. Other values of s
(between 0.5 and 1.0 in the case of this DPD system for instance) are valid so long as it is possible to adjust the
values of o or y to meet the desired matching criteria and provide physically meaningful results.

Parametrization of non-bonded interactions between galacturonic acid molecules. With a
properly scaled water model, the non-bonded interactions of galacturonic acid molecules were parametrized
based on a set of MD and DPD simulations described in sections 2.3 and 2.6. The parametrization scheme relied
on RDF matching of galacturonic acid molecules interacting with the atomistic water molecules. Since the same
values of o and y were set for the entire DPD, the parametrization procedure was reduced to changes in the
conservative repulsion force coeflicient, until the best match with the target RDF was obtained. The results of
parametrization are shown in Fig. 6. The values of the conservative force coeficients are gathered in Table 2.

In general, the magnitude of the repulsion forces between galacturonic acid molecules and their environment
was dependent on the charge of the molecule. For negatively charged molecules (GalA(-)) the self-repulsion and
water repulsion forces were higher than they were for the molecules with a neutral charge (Table 2). The heights of
the RDF peaks suggested the possibility of temporal associations of galacturonic acid molecules. This possibility
was increased if the carboxyl group of at least one of the interacting molecules was protonated (undissociated).
For GalA(-) molecules with deprotonated carboxyl groups this likelihood was lower but despite the highest
self-repulsion coefficient, short-term associations of GalA(-) were still possible. This corresponded with the
observed properties of pectic polysaccharides, which showed greater gelling abilities under low pH conditions'®.

For galacturonic acid self-interactions the quality of the match between the RDF shapes differed depending
on the type of simulated molecule. The relatively favourable correspondence of the RDF with the MD results was
obtained with respect to the height and shape of the curves. However, all of the DPD curves were shifted towards
the centres of the interacting beads. This was a consequence of the implementation of the DPD force field soft
potentials, which in some circumstances allow particles to pass through each other. This is impossible in an MD
simulation where hard Lennard-Jones potentials are applied at the cost of smaller time steps. Nevertheless, the
resulting radial distribution functions were considered to be good representations of the target system.
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Figure 6. Radial distribution functions for non-bonded interactions of galacturonic acid molecules.

(H,0), GalA(-) GalA
(H,0), 50.0 - -
GalA(-) 75.0 100.0 -
GalA 67.0 65.0 585

Table 2. Values of the DPD conservative force interaction parameters a;; (kzT) derived from MD for different

interaction pairs.

Bond length ks (kgT/r2) | Iy (r)

GalA(-)-GalA(-) 2,700.0 0.63 (4.57 nm)
GalA(-)-GalA 2,920.0 0.63 (4.56 nm)
GalA-GalA 3,375.0 0.62 (4.55 nm)

Table 3. The DPD distance bond parameters derived from molecular dynamics simulations.

Angular bond ka (kgT/rad®) | o (rad)

GalA(-)-GalA(-)-GalA(-) 17.0 2.81 (161.52°)
GalA-GalA(-)-GalA(-) 25.0 2.79 (160.15°)
GalA(=)-GalA-GalA(-) 26.0 2.76 (158.67°)
GalA-GalA-GalA(-) 32.0 2.77 (158.78°)
GalA-GalA(-)-GalA 24.0 2.82 (161.86°)
GalA-GalA-GalA 29.0 2.83 (162.66°)

Table 4. The DPD angular bond parameters derived from molecular dynamics simulations.

Parametrizations of bonded interactions. The final step in homogalacturonan chain modelling
involved the parametrization of bonded interactions between galacturonic acid molecules. The DPD bonded
parameters were tuned until the values of the structural parameters of coarse-grained molecules (distances and
angles between molecules) were close to the data obtained using MD simulations. Tables 3 and 4 summarize the
results of fitting for distance and angular bonds. The obtained quality of fit of distance and angle distributions for
all combinations of bonds are shown in Figs. 7 and 8.

Panczyk et al.? studied the effect of the orientation of glycosidic linkages between residues on the conforma-
tion of longer, oligo- or polymeric saccharide chains. The obtained results indicated that the chemical state of the
carboxyl group was not relevant in the context of the conformation of longer saccharide chains. Both the location
of the main minima of free energy and the dimension of the available conformational phase space remained
unchanged, and independent of whether the carboxyl group was protonated, deprotonated or esterified. This
stability of the 1-4 glycosidic linkages between galacturonic acid molecules was reproduced in a coarse-grained
model of homogalacturonan presented in the current study. This was confirmed by the relatively low variations
in the values of the rest lengths and angles (Ip and 6) for different combinations of length and angular bonds
(Tables 3 and 4). The stiffness of the bonds was expressed by kg and k, which varied with respect to the repulsion
force of the linked beads. The higher the repulsion force, the lower the stiffness of the bonds.
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Figure 7. The dissipative particle dynamics best fit distributions of lengths for distance bonds compared with
the corresponding data obtained using molecular dynamics simulations.
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Figure 8. The dissipative particle dynamics best fit distributions of bond angles compared with the
corresponding data obtained using molecular dynamics simulations.

The resulting bond parameters provided very well matched distributions of the structural parameters of simu-

lated bonds (Figs. 7 and 8). A similar fitting procedure was applied by Sepehr and Paddison* for the simulations
of hydrated perfluorosulphonic acid ionomers in water solutions. The authors reported that at given time steps,
i.e. the relatively long time steps used (more than ten times longer than those used in this study) the stiffness
parameters of the bonds allowed for a match with the MD characteristics only qualitatively. The exact replication
of the MD structures required the stiffness of the bonds to become too large for applied time stepping, resulting
in unstable simulations. In this study, the high quality of fit was attributed to the application of relatively short
simulation time steps. It was also concluded that short-time stepping is necessary in order to preserve the original
conformations of polymeric chains in terms of the distance and angular bond characteristics.

Simulations of homogalacturonan chains. Simulations were performed on the system of homogalac-
turonan chains in water solutions. The simulation consisted of 100,000 beads with 7,560 being galacturonic acid
molecules, all with a protonated carboxyl group (GalA). This corresponded to a 0.3 mol concentration of galac-
turonic acid in water. Homogalacturonan chains with uniform lengths equal to 35 units of GalA, were initially
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Figure 9. Results of DPD simulations based on the proposed parametrization approach showing three stages
of molecular self-assembly of homogalacturonan chains (visualization using Blender 2.79, Blender Foundation,
Amsterdam, Netherlands, https://www.blender.org/).

randomly generated in a 231 x 231 x 231 A simulation box. The simulated box contained 216 homogalacturonan
chains in total.

The system was equilibrated for 1 680 000 steps which was equal to 40 ns of simulation time. Figure 9 shows
three snapshots from the conducted simulation. The resulting DPD trajectories showed that randomly dispersed
homogalacturonan chains showed a tendency to aggregate into highly organized 3D structures. The final structure
resembled a three-dimensional network created by tightly associated homogalacturonan chains organized into
thick fibres. The ability of pectic polysaccharides to form structural networks was reported by other researchers,
who indicated the hydrogen bonding of carboxyl groups as a possible self-aggregation mechanism'®?¢. Previous
studies also showed that the homogalacturonan-rich fraction of pectin extracted from fresh fruits and vegetables
such as carrot, apple or pear, form a regular interlinked network when they dry out on mica*****. It should be
noted that atomic force microscopy studies were limited to 2D observations and that the simulated system was
still smaller than the structures observed using AFM. Other studies demonstrated that the homogalacturonan
rich fraction of pectin has unique thixotropic rheological properties'®*¢!. Thixotropy arises from the structural
decomposition and regeneration of polymeric particles as a function of time. The formation of three-dimensional
networks similar to those reported in this study may play an essential role in the thixotropic properties shown
by pectic polysaccharides rich in homogalacturonan chains.

Conclusions

In this study a new method for the parametrization of the DPD force field was demonstrated with the exam-
ple of basic pectic polysaccharide-homogalacturonan. Parametrization relied on the extraction of atomistic
parameters from molecular dynamics using a proposed molecule aggregation algorithm based on an iterative
nearest neighbour search. Moreover, a new approach to a time-scale calibration scheme based on matching the
average velocities of particles was presented. The study demonstrated the successful application of the proposed
parametrization method which enabled the reproduction of the shapes of radial distribution functions, particle
velocities and diffusivity of an atomistic molecular dynamics model using a dissipative particle dynamics force
field. The DPD force field was able to reproduce the essential structural features of homogalacturonan molecular
chains by means of distance and angular bond characteristics, which closely matched the MD results. Firstly, the
fully parametrized coarse-grained DPD model of homogalacturonan chains in a water solution was presented.
The force field parameters indicated the possibility of the self-aggregation of galacturonic acid molecules via
the hydrogen bonding of carboxyl groups. Further simulations confirmed these suppositions providing the first
insights into the three-dimensional structures created by large assemblies of homogalacturonan in water solu-
tions. The initial simulations will be followed by a more extensive exploration of the obtained force field. The
presented parameterized model of homogalacturonan will become a promising tool in simulating the effects
of chain lengths, galacturonic acid concentrations and different protonation patterns of carboxyl groups with a
self-assembly mechanism.
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