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ABSTRACT: We develop a hybrid computational method to examine the permeation and hindered
diffusion through mechanically loaded (anisotropic) polymer networks. We use the bond-bending lattice
spring model to capture the micromechanics of random networks of interconnected filaments coupled with
the dissipative particle dynamics to explicitly model the viscous fluid and diffusive objects. Our simulations
reveal that the transport properties are independent of the network internal organization and are solely
function of the network porosity and degree of anisotropy due to a mechanical deformation. Furthermore,
our results indicate that the network permeability under load can be estimated based on the network
alignment that is characterized by a second order orientation tensor. Our findings have implications for
designing drug delivery agents, paper manufacturing, tissue engineering, and understanding the function of
biological systems.

Introduction

Polymer networks are natural (e.g., cytoskeletal structures),
synthetic (e.g., hydrogels), or hybrid natural-synthetic (e.g.,
PEGylated fibrinogen) materials in which constituting polymer
chains are all connected to each other either directly or via other
connecting chains.1 These highly permeable, extremely flexible,
and yet mechanically sturdy polymer materials have foundmany
applications in today’s state-of-the-art technologies.2-4 In addi-
tion to their conventional use as structural (hydrophobic networks)
and superabsorbent (hydrogels) materials, polymer networks are
successfully employed in biotechnology and medicine,5 as ma-
trices for drug delivery,6,7 scaffolds for tissue engineering,8materials
for soft contact lenses9 (silicone hydrogels) and breast implants.10

Furthermore, stimuli-responsive polymer gels are used in robotics
to build effective microactuators11 and microrobots,12,13 and to
create different kinds of smart materials.14,15

The ever increasing importance of polymer networks requires
an in-depth understanding of their properties. Indeed, using theory
andexperiment, researchers have extensively studied the transport
properties, i.e., permeability and diffusivity, of filamentous net-
works.5,6,16-31 Specifically, Phillies20,21 introduced a hydrody-
namic scaling model that is capable of describing most of the
available experimental data. According to this model, diffusion
of various types of objects in polymer networks is given byD/D0=
exp(-RRδ

φ
ν), whereD0 is the diffusion coefficient of the object in

the absence of the polymer network,R represents a characteristic
size of the object, φ is the network volume fraction, and ν and δ
are the scaling exponents. The exponent ν was predicted to lie
between 0.5 and 1. Recently, Seiffert and Oppermann27 carried
out a series of experiments and measured the diffusion of linear
macromolecules and spherical particles in semidilute polymer
solutions and polymer networks. They found, in contrast to the
prediction of the Phillies model, that the diffusion of flexible
polymers and rigid particles having a comparable size is not
identical. Nevertheless, they indicated that the model provides a

reasonable fit to the individual data sets and reported values of
ν=0.7 and ν=0.8 for the diffusion of solid particles and linear
macromolecules, respectively. Similar to diffusivity, permeability
of ordered and disordered fibrous networks has been extensively
studied. Even though the results of different experiments are
scattered, the data was found to follow a similar trend and agrees
within an order of magnitude. A comprehensive review of experi-
mental and theoretical permeability data is available elsewhere.18

In practical applications, polymer networks are often under
mechanical deformation, which gives rise to changes in the fila-
ment orientation and alsomay alter the volume of the network. The
change in filament orientation can affect the network transport
properties.28,30,32 It is, therefore, important to assess the effect of
applied mechanical deformation on permeability and diffusivity
of initially isotropic random polymer networks. Recently, the
effects of axial compression on the permeability of articular car-
tilages, agarose gels24 and deformable foams25 were examined. It
was found that, under confined compression/tension, permeabil-
ity is a nonlinear function of applied strain and relatively insensitive
to the changes in water volume fraction.

Herein, we set up a mesoscopic simulation model to study the
permeation and diffusion through mechanically deformed random
polymer networks. First, we study the permeability, self-diffusion,
and particle/chain diffusion in unstressed (isotropic) random
networks and examine the difference in hindered diffusion between
rigid nanoparticles and soft polymer chains. We then probe the
effect of compressive, tensile, and shearing stresses on the network
transport properties.

Methodology

Weuse dissipative particle dynamics (DPD)33,34 to capture the
complex interactions among a viscous fluid, diffusive objects, and
a deformable polymer network. DPD is a coarse-grained simula-
tion technique that employs a momentum-conserving thermostat
and soft repulsive interactions among beads representing clusters
of molecules. This allows for simulations of physical phenomena
occurring at relatively large time and spatial scales, while accurately*Corresponding author. E-mail: alexander.alexeev@me.gatech.edu.
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capturing the relevant hydrodynamic effects. Indeed, DPD has
been successfully employed in the dynamic simulations of polymers
and particles dispersed in Newtonian incompressible fluids.35-39

InDPD, the time evolution of themany-body systemobeys the
Newton’s second law m dvi/dt = fi, where vi and fi are, respec-
tively, the velocity and force on a bead iwithmassm, and t is time.
The equations of motion are integrated using the velocity-Verlet
algorithm.34 The force on a bead is fi= Σj(Fij

Cþ Fij
Dþ Fij

R), where
the sum runs over all beads j within a cutoff radius rc around
the bead i. The conservative force is given by Fij

C = aij (1- r̂ij)̂rij,
where aij is the repulsion between beads i and j, r̂ij= rij/rc and
r̂ij = rij/rij with rij = |ri - rj|. The dissipative force is Fij

D =
-γωD(rij)(̂rij 3 vij)̂rijand the randomforce isFij

R=σωR (rij)ξiĵrijdt
1/2,

where vij= vi- vj and ξij is a zero-meanGaussian randomvariable
of unit variance with ξij = ξji. The coefficients γ and σ2 = 2kBTγ
determine the strength of dissipative and random forces, where kB
is the Boltzmann constant and T is the temperature of the system.
Moreover, the weight functions ωD(rij) and ωR(rij) are related via
ωD(rij)= [ωR(rij)]

2. The relationsbetween theweight functions and
the strength of dissipative and random forces are set to ensure the
thermodynamic equilibrium.40 The generalized form of the weight
function is given byωR(rij) = (1- r̂ij)

pwith p=1 for the standard
DPDmodel.41 In our simulations, we set the time step Δt=0.01,
p= 1, m= 1, rc = 1, γ= 4.5, a= 25, kBT= 1 and the solvent
number density F = 3 yielding the solvent kinematic viscosity ν
equal to 0.283. Unless specified otherwise, all dimensional values
are given in DPD units.

Our simulations are carried out in a periodic box that encom-
passes a viscous solvent, an elastic polymer network, and diffusive
objects, such as polymer chains and rigid particles (Figure 1). The
domain dimensions are 10� 10� 10 in the x, y, and z directions,
respectively. This is to ensure that the domain is greater than the
minimumbox size of 14k1/2, as suggested byClague andPhillips22

based on the Brinkman screening length criterion. Here, k is the
network permeability.

Flexible polymers consist of either 10 or 16 DPD beads con-
nected sequentially by finitely extensible nonlinear elastic (FENE)
springs. The FENE potential is given by UFENE=-0.5 ks rmax

2

log[1 - |ri-rj|
2/rmax

2 ], where kFENE = 10 is the stretching con-
stant and rmax=2 is themaximumspring extension. The polymer

radii of gyration are, respectively, Rg0 ≈ 1 and Rg0 ≈ 1.33, as
calculated from the equilibrium simulations. Two types of rigid
particles are constructed from 5 and 13 DPD beads arranged in
hexagonal close-packed spherical aggregates that obey the rigid
body dynamics and interact with solvent particles and polymer
network (described below) via the DPD potential. The Stokes-
Einstein radii of the aggregates are RSE ≈ 0.45 and RSE ≈ 0.7,
respectivly.42 It can be shown that the Stokes-Einstein radii at
low Reynolds number correspond to the effective hydro-
dynamic radii of DPD particles and aggregates with no-slip
boundaries.42

A random lattice of interconnecting elastic filaments is used to
simulate a semiflexible polymer network that captures themechan-
ical properties of the disordered polymer networks.43 The flexible
filaments are formed from DPD particles connected by Frankel
springs with a potential UFrankel = -kFrankel (|ri-rj|-req)

2/2.
Here, we set the spring constant kFrankel = 200 and the equilib-
rium length req = 0.418. Additionally, we include a bending
potential Ub = kb(1 þ cos θ), where kb = 2.5 is the bending
stiffness and θ is the angle between two consecutive pairs of beads.
This leads to a filament bending rigidity equal to EI≈ 0.913, if we
assume that the radius of filaments equals to the Stokes-Einstein
radius ofDPDbeads,RSE≈ 0.209.42We note that the number of
beads nf in a filament with the length of lf is given by 1 þ lf/req.

We build the polymer network in two steps (Figure 1). We
first randomly distribute N seed nodes inside the computational
domain. Then, we connect each node withCave closest nodes that
are located within a cutoff radius, which is set to prevent the for-
mation of excessively long filaments. The resulting average net-
work connectivity deviates from the value ofCave by less than one
percent. Thus, we construct polymer networks that are uniquely
characterized by the number of lattice nodes N and the average
connectivity Cave. In this paper, we consider networks with N=
250, 500, 1000 and Cave = 4, 6, 8, 10, 12, 14.

When it comes to the analysis of transport properties of porous
media, one of themain controlling parameters is themediumporos-
ity. Here, we define the network porosity as ε = 1 - Vfilaments/
Vbox, whereVbox is the total volume of the simulation domain and
Vfilaments=4/3ntotleπRSE

3 is the volume occupied by the filaments
in which ntotal is the total number of DPD beads used to build the
network (ntotal is different from the number of lattice seed nodesN).
When we calculate the porosity some of the filaments may overlap,
and thus, the resulting value exceeds the real network porosity by a
few percent. Since the total number of filaments in the network
is equal to N Cave/2 and the average filaments length varies
proportionally toN-1/3(CaveþC0), whereC0 is a constant related
to the average distance between lattice nodes N-1/3C0, we can
estimate the network porosity using the following equation ε =
1-N2/3Cave(aCaveþ b). We find that for networks considered in
our studies a=1.18� 10-5 and b=2.346� 10-4. Parts a and b
of Figure 2 show two networks constructed with different values
ofN andCave. Here, we choose the network parameters such that
the porosity ε is roughly 0.8 for both networks. As we show below,
despite the notable difference in their internal structures, these
networks exhibit similar transport properties.

To assess transport properties of the constructed polymer net-
works, we examine the permeability and diffusivity of unstressed
networks and networks under mechanical load. In all cases, we
first equilibrate the networkwithout solvent, then fix the network
geometry and introduce solvent. In permeability calculations, we
apply an external body forceFexternal=0.01(êxþ êyþ êz) to drive
the fluid flow through the network. We run the simulations for
3.2 � 105 time steps and evaluate the components of volume-
averaged flow velocity, Æuæ, in the x, y, and z directions. Next, we
use Darcy’s law k = Æuæv/f to find the permeability in each
direction.19 Finally, we average the permeability results over sym-
metric directions within the network.

Figure 1. Schematic illustrating system components within a periodic
simulation box. Insets a and b show 16-bead and 10-bead polymer
chains, respectively. Insets c and d show, respectively, 13-bead and
5-bead hexagonal closed-packed aggregates representing nanoparticles.
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To evaluate network diffusivity, we introduce 30 diffusive objects
(chains or particles) that are initially randomly distributed in sol-
vent.We continue the simulations for 8� 105 time steps to collect
sufficient statistics regarding the entities’ diffusion. We then calcu-
late the diffusion coefficients using the long-time, mean-square
displacement (MSD) relation of Einstein D = CÆ|r(t) - r(0)|2æ/t,
where Æ...æ represents the ensemble average, C is a constant, and
r(t) - r(0) is the object position at time t relative to its original
position.

Below, we first describe how we validate our methodology by
comparing our results for undeformed networks with the pre-
viously reported numerical and experimental data.We then explore
how the transport properties change when networks undergo
mechanical deformation.

Model Validation

We validate our simulation method by calculating the perme-
ability anddiffusivity in unstressed networkswith differentN and

Cave (Figures 3, 4 and 5). The permeability is nondimensionalized
by dividing it by the square of filament radius, which is equal to
the Stokes-Einstein radius of aDPDparticle.We find good agree-
ment between our permeability-porosity results for networks with
different N and Cave and the results of Spielman and Goren16 for
isotropic porous media (Figure 3). Slightly higher permeability
predicted by our model can be attributed to a somewhat lower
drag on filaments constructed from spheres as compared to cylin-
drical filaments.44 Figure 3 also demonstrates that the perme-
ability of a random filament networkdepends solely on the network
volume fraction and is not a function of the network internal struc-
ture. This is in agreement with previously reported results.31

Figures 4 presents the results of DPD simulation for hindered
diffusion of solvent particles (self-diffusion) and rigid particles of
radiiRSE≈ 0.45 andRSE≈ 0.7. The diffusion of 10- and 16-bead
polymer chains with radii of gyration equal to Rg0 ≈ 0.97
and Rg0 ≈ 1.33, respectively, is shown in Figure 5a. Similar to

Figure 2. Networkswith porosity ε=0.8 anddifferent internal structures: (a)N=2000 andCave=3; (b)N=250 andCave=12. Panels c andd show
networks under normal and shear deformation, respectively. The arrows indicate the directions of applied forces.

Figure 3. Permeability as a functionof porosity in 3D isotropic random
polymer networks. The networkparameters areN=250, 500, 1000 and
Cave = 4, 6, 8, 10, 12, 14.

Figure 4. Diffusivity of solvent particles (self-diffusivity), and rigid
particles of radii RSE ≈ 0.45 and RSE ≈ 0.7 in 3D isotropic random
polymer networks as a function of network porosity. The network
parameters are N = 250, 500, 1000 and Cave = 4, 6, 8, 10, 12, 14.
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permeability data, the results are plotted versus network porosity
for networks with different N and Cave. Figures 4 and 5a show
excellent agreement between our simulations and the experiments
of Seiffert and Oppermann.27

We also find that the hydrodynamic scaling model20,21 prop-
erly predicts the diffusion of rigid particles and linear macromo-
lecules in random polymer networks. Our results are best fit by
exponents ν=0.7, δ=1and ν=0.75, δ=0.3 for solid particles
and polymer chains, respectively. The smaller value of the scaling
exponent δ for chains indicates weaker dependence of the diffusion
on the polymer radius of gyration (see Figure 4 and Figure 5a).
Moreover, in agreement with previous studies,6,27 our results
show that the diffusion coefficient of solid particles is smaller than
that of flexible polymers with a similar coil size. This is related to
different mechanisms controlling diffusion of solid object and flex-
ible polymers. Unlike solid particles that have a constant outer
radius, the radius of gyration of polymeric chains changes when a
chain diffuses through a network. Figure 5b illustrates that the
radius of gyration decreases with decreasing the network porosity
for greater ε and approaches a constant value as the net-
work becomes denser. The reduction in chains’ radius of gyration
enhances their hindered diffusion in polymer networks and,
therefore, yields greater diffusivity comparing to rigid particles.

Results and Discussion

Weare now able to discuss the transport properties inmechan-
ically deformed polymer networks. First, we present the results
for networks under normal stress (Figure 6) and then we probe
the effect of shear on the network permeability and self-diffusivity
(Figure 7).We normalize the transport coefficients by their corre-
sponding values for unstressed networks and average the relative
quantities over 18 realizations. The error bars in Figures 6 and 7
represent the standard deviation from the mean value at each
point. The diffusivities in the x, y, and z directions are calculated
by replacing the total displacement |r(t) - r(0)| in the Einstein
relation with the displacement in the corresponding coordinate

directions. Unless specified otherwise, all strains are engineering
strains and the network Poisson ration is 0.5, i.e. the porosity in
deformed networks remains unchanged.

Figure 5. (a) Diffusivity and (b) gyration radius as a function of network
porosity of 10 and 16-bead polymer chains in 3D isotropic random
polymer networks. The networkparameters areN=250, 500, 1000 and
Cave = 4, 6, 8, 10, 12, 14.

Figure 6. (a) Relative permeability and (b) self-diffusivity in the direc-
tion of coordinate axes xyz (see Figure 2) as a function of applied
normal strain. The dashed horizontal lines indicate the unity values for
unstressed networks. The error bars represent standard deviation from
the average over 18 networks withN=250, 500, 1000 andCave=4, 6,
8, 10, 12, 14.

Figure 7. (a) Relative permeability and (b) self-diffusivity in the direc-
tion of coordinate axes xyz (see Figure 2) as a function of applied shear
strain. The dashed horizontal lines indicate the unity values for unstressed
networks. The error bars represent standard deviation from the average
over 18 different networks withN=250, 500, 1000 and Cave = 4, 6, 8,
10, 12, 14.
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Parts a and b of Figure 6 show, respectively, the variation of
permeability and self-diffusivity as a function of the normal strain
ex. The transport coefficients are calculated in the direction of
applied stress and in the transverse direction (see Figure 2). In all
cases, stretching enhances transport in the elongated direction
and hinders it in the transverse direction in which the network is
contracted. This phenomenon is a consequence of the change in
average orientation of the filaments, which tend to become aligned
in the direction of network tension. This anisotropy in filament ori-
entation results in an enhanced transport along aligned filaments.
This transport enhancement takes place due to a lower drag experi-
enced by filaments28 and due to the fact that diffusive objects
less likely collide with network filaments in their random walk in
the direction of alignment.23We find that when the strain exceeds
a value of about 5, the network becomes fully aligned and the trans-
port properties no longer change with an additional increase in
the strain (provided that the porosity remains unchanged).We also
find that the total self-diffusivity remains constant indicating that
the net diffusivity only depends on the network porosity which
remains unchanged under load.

Under shear, filament orientation changes primarily due to
rotation of filaments without a significant change in their overall
length. Figure 7 illustrates the changes in relative permeability and
self-diffusivity caused by the applied shear strain γzx. While both
permeability and self-diffusion increase in the x direction with
increasing γzx, they are roughly constant in the y direction.
Furthermore, unlike self-diffusion that slightly decreases in the z
direction, permeability in this direction increases under shear. Also,
similar to the axial deformation case, the total self-diffusion remains
roughly constant. The application of shear strain only affects the
orientation of filaments in the xz plane. Therefore, the perme-
ability in the y direction does not change because the in-plane
rotationof filaments doesnot affect thepermeability in the direction
normal to this plane.30

To get a better insight into the deformation-dependent transport
properties in random polymer networks, we quantify the mechan-
ical deformation of a network. In our study, the network porosity is
invariable under external loads; hence deformation imposed on the
network can be translated to changes in the network alignment. To
characterize the degree of network alignment, we employ a sym-
metric second-order orientation tensor28

Ω ¼ 1

ltotal

X
li

�
sin2 ji cos

2 θi sin2 ji sin θi cos θi cos ji sin ji cos θi
sin2 ji sin θi cos θi sin2 ji sin

2 θi cos ji sin ji sin θi
cos ji sin ji cos θi cos ji sin ji sin θi cos2 ji

2
664

3
775 ð1Þ

where li is the length of ith spring, ltotal is the total spring length, and
the sum runs over all springs constituting the filaments. Moreover,
j andθ are angles between the vector representing the directionof a
spring and the z and x axis, respectively. The trace ofΩ is equal to 1
and for isotropic networks Ωxx =Ωyy = Ωzz = 1/3.28 When off-
diagonal tensor elements are equal to zero, diagonal elements of
the orientation tensor characterize the network alignment along the
coordinate axes. On the other hand, nonzero off-diagonal compo-
nents indicate that thenetworkalignmentdoesnot coincidewith the
directions of the coordinate system.

Figure 8 shows how the magnitude of non-zero orientation
tensor components changes when the network undergoesmechan-
ical deformation.When anormal force is applied in thexdirection,
Ωxx increases, and Ωyy and Ωzz decrease with increasing ex
(Figure 8a). In addition, the off-diagonal components remain
zero, which means that the coordinate axes coincide with the
principal directions of the deformed network. When the network

deformation is due to a shearing force (Figure 8b),Ωxx increases,
while Ωyy and Ωzz slightly decrease with increasing γzx. More
importantly,Ωzx=Ωxz are not zero and increase with increasing
γzx, indicating that the principal directions of this orientation
tensor differ from the directions of the coordinate system xyz
(Figure 2). By rotating the xyz system along the y-axis, the tensor
can be readily expressed in terms of a new coordinate systems
XYZ in which the axes coincide with the principal directions and
all off-diagonal elements vanish.

To establish the dependence between the change in transport
coefficients and the alignment of the network represented by Ω,
we transform the xyz coordinate system to the XYZ system and
plot the relative permeability along the new coordinate directions
as a function of the corresponding diagonal components of the
transformed orientation tensor (Figure 9). Here, we normalize
tensor components by Ωiso = 1/3. We find that all data for
permeability collapses into a single master curve, which exhibits
nearly linear dependence on themagnitude of the orientation tensor
eigenvalues (diagonal components in the XYZ). We note that the
effect of porosity is factored out by averaging the results over 18
different realizations.

Thus, the alignment of network fibers due to an external
mechanical load uniquely defines the change of permeability in a
given direction relative to the undeformed network. This informa-
tion can be used to estimate the permeability of polymer networks
based on the values of a deformation tensor that can be measured
experimentally using 3D imaging techniques.45,46 Furthermore, we
expect that this approach can be extended to assess diffusivity in
polymer networks under mechanical load.

Summary

We developed a hybrid mesoscopic simulation technique to
study the permeation and hindered diffusion through isotropic
(unstressed) and anisotropic (mechanically loaded) randompoly-
mer networks. We validated the model by comparing our results
with data from the literature for unstressed networks. In particular,

Figure 8. Components of a network orientation tensor versus applied
(a) normal strain and (b) shear strain. Results are averaged over 18
different networks with N = 250, 500, 1000 and Cave = 4, 6, 8, 10,
12, 14.
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we found that our simulations compare favorably with the
hydrodynamic scaling model for diffusion of rigid particles and
linearmacromolecules in randomnetworks.We showed that nano-
particles andpolymers with similar characteristic sizes exhibit dif-
ferent diffusion rates in unstressed randomnetworks. Specifically,
polymers diffuse faster due to their ability to change confirmation
and deform in the presence of a network.

We found that the network transport properties are defined by
network porosity and filament alignment within the network. The
network alignment that takes place due to mechanical stretching/
compressing or shearing is characterized by a second order orienta-
tion tensor.Wedemonstrated that permeability along the principal
directions of a deformed network is directly related to the
magnitudes of the corresponding tensor components. Since the ori-
entation tensor can be measured experimentally, this approach
opens a way for estimating the permeability of deformable random
networks under load.

Our findings are useful for a better understanding of the
mechanical properties and dynamic behavior of systems involv-
ing synthetic gels and biological polymer networks. In particular,
the relation between permeability and network deformability
may help to understand the complex lubrication properties of
soft rubbing surfaces in synthetic and natural systems, where
the dynamic deformations occur as a result of surface interac-
tions.47,48 Furthermore, the information regarding the particle
and chain diffusion in polymer networks can be harnessed to
optimize drug delivery systems, including therapeutic agents that
penetrate into tumor interstitial matrix to target cancer cells.49
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Figure 9. Permeability versus degree of alignment in principal direc-
tions for networks under normal and shear deformations. The error bars
represent standarddeviation from the average over 18 different networks
with N = 250, 500, 1000 and Cave = 4, 6, 8, 10, 12, 14.


