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ABSTRACT

Controlled degradation of hydrogels enables several applications of these
materials, including controlled drug and cell release applications and directed growth of
neural networks. These applications motivate the need of a simulation framework for
modeling controlled degradation in hydrogels. We develop a Dissipative Particle Dynamics
(DPD) framework for hydrogel degradation. As a model hydrogel, we prepare a network
formed by end-linking tetra-arm polyethylene glycol precursors. We model bond breaking
during degradation of this hydrogel as a stochastic process. The fraction of degradable bonds
follows first order degradation kinetics. We characterize the rate of mass loss during
degradation process.

INTRODUCTION

Controlled degradation of the polymer network can be introduced in hydrogels
enabling usage of these materials in a range of applications [1,2]. As an example of
controlled degradation, gels with multiple degradation modes ranging between 10> — 10~
s' have been synthesized [3] by incorporating multiple crosslinks in the polymer
network. Similarly, hydrogels with multiple crosslinks which break in response to
different wavelengths of light have been synthesized [4,5]. Such hydrogels can be used in
selective drug [5] and cell [4] release applications. In degradation-based drug release
applications, the rate of degradation reaction is essential in controlling drug release
kinetics from the hydrogel [6]. This is in contrast to diffusion-based release platforms
and swelling-based release platforms where the diffusion of encapsulated species and
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rates of hydrogel network swelling correspondingly determine release kinetics [6].
Hydrogel degradation and subsequent drug release can be triggered as a response to
external stimuli [7] such as pH [8] or light [9]. Apart from drug release applications,
controlled and directed hydrogel degradation using a 2-photon laser can be utilized to
develop a platform for directed growth of neural networks [2]. Existence of these
systems motivates the need of a numerical framework for simulating hydrogel
degradation.

Mass loss profiles from degrading hydrogels provide insights into the
degradation mechanism. Bulk degradation, as opposed to surface erosion, demonstrates
sudden fast mass loss due to reverse gelation of the hydrogel network [10]. Bulk
degrading nanogel samples [11] and larger hydrogel samples of millimeter thickness [10]
have previously been shown to exhibit fast mass loss characteristics which distinguish
bulk degrading polymers from surface eroding polymers. In what follows, we will first
introduce a model degradable hydrogel network and the dissipative particle dynamics
(DPD) approach we use to simulate degradation process. We show that our approach
reproduces first order degradation rate kinetics which corresponds to a number of
experimental studies. Next, we track mass loss from bulk degrading hydrogel particles
and we compare qualitative characteristics of these mass loss profiles to those observed
in experimental studies.

MODEL HYDROGEL

Hydrogel networks with controlled degradation can be formed by the end-
linking of two tetra-arm polyethylene glycol (tetra-PEG) precursors [12]. These networks
are known to exhibit near-ideal network structure [13] and thereby show superior
mechanical strength; we note, however, that the exact extent of ideality is being assessed
both experimentally and theoretically [14-16]. We construct similar near-ideal
tetrafunctional network as shown in Fig. la. This starting network structure is modeled as
a diamond-like cubic lattice [17-19] with the lattice sites occupied by centers of the tetra-
arm precursors. These centers are then joined by placing PEG beads (representing group
of atoms in DPD framework, see below) along the direction from one center to another.
The unit cell thus created is repeated in x, y and z directions to form the starting structure
for a hydrogel particle. We refer to the hydrogels as XxYxZ, N, = N where X, Y and Z
denote the number of unit cell repetitions in the x, y and z directions and N, is the
number of DPD beads within a polymer strand between junctions (see inset in F1g la).

Figure 1: a) Initial structure of the model tetra-PEG network for simulations. A section of the structure marked by the red
rectangle is enlarged to show tetra-arm precursors and the degradable bond. b) Snapshot of an equilibrated gel network
(3x3x3, N,=16) inside the simulation box of size 60 x 60 x 60. Beads representing water molecules are hidden for visual

clarity.
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The network model is nearly defect free with no elastically inactive loops but
dangling ends do exist at the surface. A mere repetition of the unit cell results in
formation of incomplete PEG precursors at the faces and edges of the unit cell. These
incomplete precursors have a functionality less than four and are removed from the
network to yield the initial gel particles. The end-linking bond between the two
precursors (bond between red and blue beads in Fig. 1a) is set to be degradable. All the
remaining bonds are permanent. Provided that the degradation process reaches
equilibration, all the degradable bonds will be broken and only tetra-arm precursors will
remain.

SIMULATION APPROACH: DISSIPATIVE PARTICLE DYNAMICS

To simulate dynamics of hydrogels, we use the dissipative particle dynamics
(DPD) approach [20,21]. Individual beads in DPD represent groups of atoms. The

motion of these beads is governed by Newton’s equations of motion [20]:
dri api

=v;, P=F, (1)

dt Yoae v
where 1;, v; and p; = mv; are the positions, velocities, and momenta of bead i,
respectively, and F; is the total force acting on bead i. All beads have identical mass,
m = 1. The total force on bead i is given as F; = ZFL-C]- + Fﬁ- + Ffj , where the sum is
taken over other beads, j, within an interaction radius 7. FL-C]- is a purely repulsive
conservative force, F Z- is a dissipative, and F fj is a random (stochastic) force. We choose
the typical soft repulsion form of the conservative force:
Ti]'
c — )% (1 - _) e (rij<rc)
= (=)o (e @

where a;; is the repulsion parameter between the beads i and j, and 7;; = |r,-j| is the
distance between beads i and j, with r;; = r; —r;, and e;; = r;;/r;; . The repulsion
parameter between different kinds of beads needs to be tuned to mimic the nature of
interactions between different atoms. For interactions between the same type beads, we
set a; = 78 kgT /1, [21]. A suitable value of the polymer-water interaction parameter
(apw) can be obtained via the Flory-Huggins y parameter as: a,, = a; + 3.27y [21]. To
mimic the hydrophilicity of PEG (¥ = 0.45 [22], calculated a,, =79.55), we set
Apw =80 kgT/r,.
The random and dissipative contributions to F; are taken as [23]:

Fi = —yoP(r;)(eij - vij)e;, 3)
Fﬁ = O'(L)R(Tij)(ijAt_l/zeij, (4)

here y and ¢ are the strengths of the dissipative and random forces, and v;; = v; — v; is
the relative bead velocity. To obey fluctuation-dissipation theorem and to ensure that the
correct thermodynamic equilibrium state is reached, the following two conditions are
imposed [20]:

wD(rU) = [wR(rij)]z, 02 = 2ykT, 5)

where kg is the Boltzmann constant and T is the equilibrium temperature. The two
conditions in eq. (5) couple the weight functions and strengths of the random and
dissipative forces, respectively. We chose the weight functions in the same form as the
conservative force [20]:
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w"(ny) = {(1 %) s (6)

0 " (Tij2 Tc).

The ¢;;in eq. (4) is a symmetric Gaussian random variable with zero mean and unit
variance [20]. We use the harmonic potential between bonded beads in our system:

Upona = Kp (rij - Tb)zl @)

where K, is an elastic constant and r;, is an equilibrium bond distance.

To mitigate unphysical bond crossings occurring due to the soft potential
applied in our simulations, we use the modified Segmental Repulsive Potential (mSRP)
[24]. Following previous studies [24], we introduce pseudo beads for all bonds in the
system which are located at the center of corresponding bond. These pseudo beads
interact only with other pseudo beads and the interaction force is also chosen as the soft
repulsive force Fif" = b;;j(1—1;/15"")e;;. We chose b;; =80 kpT /1. and 1°°F =
0.8 1, since these parameters were shown to minimize bond-crossing in the original
framework [24]. The cutoff radius 7, temperature, and a mass of a bead are set at 1.0 in
reduced DPD units [20,21] and the bead number density in the simulation box is fixed at
37,73, The strength of random force is chosen as o = 3 and the time step is set at 0.027
where 7 is unit time; the unit of energy is kT. K, and r, have values of 500 kzT7.2 and
0.7r, [25], respectively. The degree of coarse-graining is such that a single bead
represents three water molecules [20] resulting in a dimensional value of , of 0.646 nm.
Similarly, the dimensional unit of time can be related to the characteristic dimensionless
value T by relating diffusion coefficient of water beads, Dg;,, = 0.17r,277 %, with a known
value of dimensional diffusion coefficient of water, D, qter» as T = 88 ps [20,21]. All
length and time data presented here are in reduced DPD units, 7, and T correspondingly.
To integrate dynamic equations, we use the LAMMPS simulation package [26] with
mSRP code [24].

We next report simulations of hydrogel particles with different physical
characteristics such as sizes and cross-link densities. The number of tetra-arm precursors
and degradable bonds in a hydrogel are fixed by the number of repetitions of the initial
unit cell. The 3x3x3 and 4x4x4 model networks used in this work correspondingly have
166, 423 precursors and 248, 684 degradable bonds. We then simulate gels with fixed
number of unit cells and different N,, effectively changing the crosslink density along
with the hydrogel size [27]. The densely crosslinked gels are expected to have a higher
elastic modulus compared to the loosely crosslinked gels [27]. A snapshot of the swollen,
loosely crosslinked hydrogel particle (3x3x3, N,=16) in water is shown in Fig. 1b. The
equilibrium polymer volume fraction of these gels varies from 0.191 (for the gel with
N,=16, 3x3x3) to 0.310 (for the gel with N,=6, 3x3x3). For the same model networks,
the radius of gyration ranges between approximately 7 ( for N, = 6 ,3x3x3) and 13
(for N, = 16,3x3x3) in reduced DPD units.

MODELING DEGRADATION

We model bond breaking during degradation as a stochastic process; this
approach has been previously introduced for various reacting polymer systems [28,29].
We first set the probability of a bond breaking, P, at each reaction time step t,. During
each time step T,, a random number is generated for each degradable bond; if this number
is lower than P the bond is broken, otherwise the bond remains intact. Using this
framework, the fraction of bonds intact, p, accurately reproduces first order degradation
kinetics (Fig. 2a) with:
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_N@®)

p == exp(—kt), ®)
where N (t) is the number of degradable bonds intact at any time ¢, N, is the total number
of degradable bonds (i.e., number of degradable bonds at t = 0) and k = P/, is the
degradation rate constant.
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Figure 2: a) First order degradation kinetics with degradation constant that can be controlled over a range of input

parameters. Symbols and solid lines represent the plots from simulations and analytical expression in Eq (8). The values
of k, P and 75 are listed in the legend. Error bars indicate standard deviation over three simulations. b) Schematic of the
bond breaking mechanism. When a bond breaks, the corresponding pseudo bead used in mSRP (black bead in schematic)

is deleted from the simulation.

Thus, the degradation rate £ can be controlled by varying the input parameters, P and t,.
We first performed simulations of a 4x4x4,N, =6 hydrogel in a 13x13x13
simulation box with a range of values of P and 7,. The data from these simulations is
summarized in Fig. 2a which demonstrates that this framework provides access to a
range of degradation rates. Note that, as anticipated, deviations from the analytical
estimates are somewhat higher at higher z,. (deviations of mean and larger error bars for
black and blue data sets in Fig. 2a for 7, =0.67 and 7. =0.47, respectively). Thus, we chose
7, =0.27 in simulations below which is 10 times the DPD time step. Another important
aspect in the choice of parameters is the comparison of hydrogel degradation with the
diffusion of water molecules. The degradation rate constant & for our reference parameter
set (P =3 x107°, 7, = 0.27) results in characteristic degradation time of 10°z. Water
diffusion over the average length of a polymer strand taken for simplicity as 5. occurs
much faster; relaxation time of water molecule diffusion is estimated as 10z using Dy;,,=
0.17 v’z Thus, water diffusion is O(10%) faster as compared to degradation process.
Special care is needed in using the mSRP between the bonds. As discussed in
the simulation approach section, a pseudo bead is introduced for each of the bonds. In the
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degradation framework of hydrogel, when a bond breaks, the corresponding pseudo bead
loses its identity and must be deleted to prevent introduction of unphysical interactions.
The schematic in Fig. 2b illustrates such deletion of the pseudo beads. We implemented
this deletion in the mSRP code of LAMMPS simulation package. As a bond breaking
event occurs, all pseudo beads are deleted and new pseudo beads are created only for the
bonds still intact in the simulation.

We now demonstrate the application of the above degradation framework to
single gel particles. First, we make two hydrogel networks with 3x3x3 repetitions and
N,=6 and N=16, respectively. These gels have a total mass of m;=2158 and, 5478,
respectively, in reduced DPD units. These networks are first equilibrated in water (see
snapshots in Fig. 3a,e) and subsequently degraded (snapshots in Fig. 3b-d,f-h).

Figure 3: Snapshots during degradation of (a-d) a 3x3x3, N,=16 and (e-h) a 3x3x3, N.=6 gel. (a,e) Equilibrium
snapshots prior to degradation and, at (b,f) t=10,000, (c,g) t=30,000, (d,h) t=50,000 after starting degradation. Here, we

set k = 1.5x10~°7 . Quantitative mass loss data for these simulations is presented in Fig. 4a.

When the degradation is switched on, mimicking the application of an external
degradation stimulus (for example light), gels first undergo erosion and fragments with
the single tetra-arm precursors start leaving the gel particles. We characterize degradation
of these fragments via the fractional mass loss from the intact original gel particle (Fig.
4a). To measure this mass loss, we first define clusters as sets of bonded beads in the
system. We then define our degrading gel particle to be the largest such cluster (cluster
with highest number of beads) and measure the mass of this largest cluster (m(t)). The
fractional mass loss is then measured as the difference between the mass of this cluster
and the mass of hydrogel particle normalized by the mass of the original particle
((my —m(t))/m,). During the initial stages of degradation, only smaller fragments are
eroded from the gel resulting in short vertical jumps in the mass loss data shown in Fig.
4a. At later stages, the gel loses larger fragments consisting of several tetra-arm
precursors (see snapshots in Fig. 3). This results in sudden large mass losses, shown by
the larger vertical jumps in the data of Fig. 4a.
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Figure 4: a) Mass loss data for 3x3x3, Ny=6 and 3x3x3, N,=16 gels. Dashed lines indicate time instances corresponding
to the snapshots in Fig. 3. b) Mass loss data for 3x3x3 gels with N,=6,10,16 averaged over 8 independent simulations
each. Error bars indicate standard deviation. Inset: red, green and black symbols — fractional mass loss as a function of p
(top x axis), the colors are the same as in the legend in the main plot; and blue symbols — p as a function of time (bottom

X-axis).

In the next series of simulations, we analyzed degradation process of the 3x3x3
gels with N, = 6,10,16. Eight independent runs were performed for each of these gels
(Fig. 4b). The number of precursors and the number of the degradable bonds remains
constant in three cases shown in Fig. 4b, however, the size of each precursor increases
and crosslink density decreases with an increase in N,. As anticipated based on results in
Fig. 2, all hydrogels follow the same first-order bond breaking kinetics (see blue symbols
in the inset of Fig. 4b that represent the data for all the gel samples shown in main plot
(all runs), with the solid blue line representing the analytical curve, eq. (8)). Further, all
three model gels exhibit close trends in fractional mass loss, with somewhat slower mass
loss for the gels with N,=16. In all the cases, fractional mass loss shows an initial slow
mass loss regime where only small fragments leave the hydrogel. This regime is
followed by a faster mass loss caused by breaking off of large fragments and
disintegration of the network for all the cases considered. These are features of erosion
and reverse gelation observed in previous experimental studies [10]. We note that the
bulk degrading polymers have been shown to exhibit distinctly different mass loss
kinetics compared to kinetics of bond breaking [31]. Our simulation results (inset of Fig.
4b) also demonstrate this trend. Thus, our results show that the fractional mass loss
primarily depends on the degradation rate constant and a number of degradable bonds (or
a number of precursors) and follows similar trends for the gels with different crosslink
densities.

CONCLUSIONS

We have developed a DPD framework for modeling degradation of hydrogels.
Using this framework, degradation can be tracked via the fraction of degradable bonds
intact which displays first order degradation kinetics. The first order kinetics of bond
degradation is consistent with several experimental studies [6,12,30] thus our framework
is expected to be applicable to a range of systems. We also characterize degradation by
tracking fractional mass loss from the hydrogel. Our results show that an initial slow
mass loss regime where only small fragments leave the hydrogel is followed by a faster
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mass loss regime caused by the disintegration of the bulk network, which is consistent
with prior experimental observations.
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