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Abstract

Solution of nanoparticles can be used as a general platform to design glues for

polymer-based gels. However, optimisation of the system for a specific gel type requires

understanding how different experimentally tuneable parameters concur to determine

the gel-gel interfacial adhesion. Here we use molecular dynamics simulations to investi-

gate the effect of nanoparticle size and gel-nanoparticle interaction for a coarse-grained

model representative of hydrogels, or in other words a cross-linked polymer network in

a swollen state, of varying stiffness. We show that, regardless of the stiffness, competing

effects lead to an optimal nanoparticle size for interface reinforcement that is always

around the polymer mesh size. We also show that moving away from this optimal size

the glue performance can quickly degrade, to the point that nanoparticles can even

weaken interface adhesion, suggesting a limit to the amount of polydispersity in the

particle size that can be accepted to obtain a functional glue. Overall, these simula-

tions provide a further step towards the rational design of nanoparticles solutions with

optimal gluing properties.
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Introduction

In recent years, solutions of nanoparticles have been shown to be a viable candidate for the

development of glues for cross-linked polymer gels,1–5 a notoriously difficult technological

problem.6 One of the appealing properties of this system is that, contrary to other types of

glues, no reaction is required to occur between the nanoparticle and the polymer because

adhesion is determined by the formation of weak-but-numerous, i.e., reversible, bonds be-

tween the nanoparticle surface and the gel. This represents an advantage when the polymer

to be glued is of biological origins, e.g., because no activation by exposition to UV-light

or via other external stimuli is necessary, avoiding potential damage and thus toxicity of

the glue. Moreover, from a mechanical perspective binding via reversible weak bonds pro-

vides a mechanism for stress release that increases interface toughness while also avoiding

fragile rupture.1 At the same time, the reversibility of these physical bonds means that

nanoparticles-based glues possesses self-healing property, improving their mechanical prop-

erties under cyclic stress conditions.

Given the aforementioned premises, it should not come as a surprise that one of the ma-

jor applications of this system is in the development of glues for biological tissues. This is

because one of the main components of most tissues is the so-called extra cellular matrix

(ECM), whose main structural component in chemical terms can be seen as a cross-linked

hydrogel.7,8 Although in general it is made of hydrophilic polymers, the extra cellular ma-

trix exhibits a strong variation in mechanical properties depending on the type of tissue

involved,7,9 a variation that might be necessary to consider when designing a glue for a

specific tissue. In this design step, various parameters can be controlled experimentally, in

particular, the nanoparticle surface chemistry and size, as well as the nanoparticle shape.

Although the latter plays an important role and will be discussed in a future publication,

here we focus on the systematic study of the first two parameters. We perform molecular

dynamics simulations with a coarse-grained model that is adapted from the approach pre-

viously adopted in4,10 for nanoparticles interacting with a cross-linked polymer network in
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the collapsed state. The model in4,10 is expanded to include two additional angular terms

in the potential energy, one for the edges and one for the corners of the polymer network.

As previously shown,11 these additional terms to the potential energy of the system provide

a simple and effective way to simulate polymer networks in good solvent, i.e., in the swollen

state. This state arises from a competition between chain-chain affinity (which favours a

collapsed gel) and stiffness (which favours a swollen state). Because the angular terms allow

us to tune the gel stiffness, which grows monotonically as the angular term increases, above a

certain threshold dependent on the chain-chain affinity (see Figure 1) a collapsed-to-swollen

transition occurs. Studying the nanoparticles-mediated adhesion of polymer networks that

achieve this swollen state in different ways (different combinations of chain-chain affinity and

stiffness) allows us to uncover robust trends, i.e., trends that do not depend on the specifics

of how the swollen state is achieved. This is particularly important because it means our

conclusions should be robust or, in other words, not dependent on the exact details of the

swollen gel,12 and thus be widely observable in experiments. In particular, in this work we

want to focus our efforts on answering a relatively simple question, whose answer nevertheless

is critical for applications: what is the optimal nanoparticle size that provides the highest

possible interface adhesion between two hydrogels (an archetypal swollen gel), and how does

this size depend on the state of the gel, if it does at all? In the seminal paper from Rose

et al. reporting about nanoparticles-based solutions as glues for hydrogels, they speculated

that this size should be close to the mesh size. However, to the best of our knowledge, no

systematic study of such effects has appeared in the literature, neither experimentally nor

computationally. We aim to close this gap, as well as to provide insights into the microscopic

mechanism for the presence of an optimal value.

The reminder of this paper is organised as follows. First, we briefly summarise the com-

putational approach used in Ref.4 for studying nanoparticles at the interface between two

gels in the collapsed state. We then describe how we modified this coarse-grained model

to specifically investigate hydrogels, i.e. swollen gels, with different network stiffness. Then
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we present and critically discuss the results of a systematic set of simulations used to span

different combination of parameters of the system, trying to elucidate the physical mech-

anisms behind the observed behaviour. Furthermore, we also discuss their consequences

for the practical design of nanoparticles solutions for hydrogels, taking care to point out in

which way the limitations intrinsic in our coarse-grained description might affect our claims.

Finally, we draw our conclusions and provide directions for further studies.

Methods

Structure Generation

The structures we used in our simulations are generated according to the following proce-

dure. Similarly to what previously done in,4 we represent the gel as a series of connected and

interacting beads. Polymer beads are placed on the edges of a 3-dimensional cubic grids with

side length equal to 11.0σ, Figure 1(a). The beads are positioned at a distance of 1.0σ apart

along an edge, which corresponds to the equilibrium position of the harmonic bond potential,

as it will be discussed later. As the radius of a single polymer bead is set to 0.5σ, the effec-

tive “empty” face of the cubic grid is 10.0σ in all directions. At this stage of the generation,

the whole simulation box comprises a total of 41 664 beads; the number of sub-cubes of side

length equal to 11.0σ is equal to 8 in the x and y direction, and 21 in the z direction, which

is the straining direction, see later. The structures are subsequently cut in half on a plane

perpendicular to the z normal direction, in the sense that we remove the bonds between

adjacent beads along the z-axis and the two halves generated in this way are separated to

allow the insertion of the spheres that mimic the nanoparticles, Figure 1(b). The spheres

are added randomly on a 2-dimensional grid parallel to the just-created polymer surfaces.

In this work we investigate a range of nanoparticle radii, RNP hereafter, from 1.0σ to 7.0σ.

Note that RNP = 5.0 σ is a critical value as the diameter of these particles is equal to the

mesh size. The insertion probability of a nanoparticle on a given vertex of the 2-dimensional
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Figure 1: Polymer beads are colored in blue, while the nanoparticles are in red. (a) shows
the base cube unit used, and the number of repetitions in each dimension. In (b) and (c) we
show an example structure before and after equilibration, respectively. (d) and (e) sketch
the two angular contributions to the potential energy of the system. Note that for any
choice of kθ, kφ = kθ/2. Finally, (f) shows the degree of swelling as a function of the angular
stiffness and polymer-polymer interaction parameter, εBB. The purple dots correspond to
the network configurations studied in this work.

grid is set to 65 %; this is done to allow for randomness in the distribution of placed particles.

Once all the vertices on a given insertion plane have been visited, a new grid, displaced in

z from the first one, is created and the whole process repeated until the desired number of

nanoparticles has been added to the structure. The total number of nanoparticles inserted

is governed by a ratio defined as AP = NNPπR2
NP/AInterface. NNP is the total number of

inserted particles, and AInterface = LxLy is the area of the interface (perpendicular to the

straining direction z ). Thus, AP measures the fraction of area, before equilibration, covered

by the nanoparticles. In this study AP = 0.4 to ensure no double layer of nanoparticles is

created.4 In fact, similarly to what we observed in our previous investigation on collapsed

gels,4 a double layer also forms in the swollen gel for AP ≈ 1 and nanoparticles’ radii greater

than the mesh size. However, such double layer prevents adhesion, whereas here we are
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interested in the application-relevant regime where the nanoparticles act as a glue between

the two interfaces. Additionally, structures with AP = 0.0, corresponding to the case of no

inserted nanoparticle, are generated to be used as a benchmark. Finally, the structures are

equilibrated broadly following the recipe from previous works ,4,10 and they are ready to

undergo the straining procedure Figure 1(c). Briefly, the structures undergo a set of com-

pression/decompression and heating/cooling cycles in search of a lower energy configuration.

A complete description of the equilibration stages is provided in the supplementary informa-

tion, Section 1. For every set of parameters, four structures are independently generated to

be used to compute ensemble averages and uncertainties.

Model

As it is not our aim to study a specific polymer-nanoparticle system, Lennard-Jones reduced

units are adopted throughout the paper unless stated otherwise. Hence, the mass m, and

the parameters of the inter-particle interaction σ and ε are set to unity. Rescaling by (an

appropriate combination of) these parameters has the effect of making all other quantities

dimensionless, see Ref.13 for reference. Contrary to our previous study,4 in this work we focus

on the case of a polymer in good solvent conditions, i.e., the network is in a completely swollen

state. For this reason, whereas we still use a bead-spring model, this is augmented with an

angular term to allow to control the gel stiffness. As also previously shown in,11 a cross-

linked network described in this way exhibits a swollen-to-collapse transition that depends

both on the non-bonded bead-bead interaction as well as on the parameter controlling the

angular potential, see also Figure 1(f) for reference. This allows us to simulate different

types of swollen gels, as discussed later.

In practice, as in,4,11 the Hamiltonian of the system is split in bonded and non-bonded

terms. The energy contribution of the bonded beads can be divided into two terms: bonding
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pairs and angular triplets, Equation 1.

UBonded (r) = UBonds (r) + UAngles (r) (1)

=
kb
2

(r − r0)2 +
kθ
2

(θ − θ0)2 +
kφ
2

(φ− φ0)
2 (2)

The potential energy has an harmonic form for both angles and bonds, Equation 2. For the

bond part, kb = 80.0 and r0 = 1.0, and they are kept constant in this entire study. There

exist two angular contributions to the potential energy Figure 1(d,e). The first, parametrized

by the angle θ, describes the edges of the polymer box, and θ0 = 180.0 while kθ varies. The

second, parametrized by the angle φ, describes the vertices of the box, and its parameters

are φ0 = 90.0 and kφ = kθ/2. Figure 1(f) summarizes the choice of parameters for this study.

We study gels: 1. close to the collapsing point (i.e., soft), 2. far away from the collapsing

point (i.e., stiff), 3. in between 1. and 2., and 4. stiff with relatively strong polymer-polymer

affinity. Note that every choice produces a swollen configuration, in contrast with our pre-

vious work focused on collapsed gels.4

The non-bonded contribution to the potential energy for the interaction between polymer

beads as well as for the polymer beads-nanoparticle and nanoparticle-nanoparticles interac-

tions is modeled by a truncated and (double-)shifted Lennard-Jones potential UTSLJ, Equa-

tion 3.

U i
TSLJ (r) =


4αi

[(
σ

r −∆i

)12

−
(

σ

r −∆i

)6
]
− ULJ (rci ) ∆i < r ≤ rci + ∆i,

0 r > rci + ∆i,

+∞ 0 < r ≤ ∆i.

(3)

Where ULJ corresponds to a simple 12-6 Lennard-Jones potential. i represents the type

of non-bonded interaction i ∈ [Bead-Bead, Bead-Nanoparticle, Nanoparticle-Nanoparticle].

Each interaction has its own set of parameters αi, ∆i, and rci , and all are summarized
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in Table 1. αi controls the strength of the interaction. In this study, different values for

Table 1: Summary of all the potential parameters used in this work for the
description of the non-bonded interactions of the system. The meaning of αi,
∆i, and rci can be found in the main text. RNP is the radius of the inserted
nanoparticles.

i αi /ε ∆i rci /σ

Bead–Bead (BB) Varies 0.0 2 6
√

2

Bead–Nanoparticle (BN) Varies RNP − σ/2 2 6
√

2

Nanoparticle–Nanoparticle (NN) 1.0 2RNP − σ 6
√

2

αBN ≡ εBN, corresponding to the polymer bead-nanoparticle strength of interaction, also

sometimes referred to as (chemical) affinity, are investigated. This is done to mimic the

effect of different nanoparticles surface chemistry, which can be used to control the attrac-

tion with the polymer gel.4 ∆i shifts the interaction to account for excluded volume effects.

Its value is chosen so that ∆i = R1 + R2 − σ, where R1 and R2 are the radii of the two

particles taking part to the interaction.4,10,14 In other words, this choice shifts the zero of

the UTSLJ to a distance equal to the sum of the two radii. Finally, rci corresponds to the dis-

tance at which the potential is truncated and shifted so that the force and energy are zero.

Experimentally, nanoparticles for gluing hydrogels must have minimal interaction among

each other. This is a necessary requirement for practical applications because if a sizeable

attraction was present, the solution would not be stable and nanoparticles would quickly

coagulate over time. Consequently, as in previous studies,4,10,14 we mimic this condition by

truncating and shifting their interaction at the minimum of the Lennard-Jones potential,

resulting in a purely-repulsive interaction equivalent to a WCA potential.15 We note that

this paper focuses on the effect of the nanoparticles’ size and effective nanoparticle-polymer

bead interaction. The rich questions associated with more complex nanoparticle-polymer

interaction as well as nanoparticles’ shape16 is the subject of ongoing investigations and will

be published in a future work.
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All the coarse-grain molecular dynamics simulations are performed using the Large-scale

Atomic/Molecular Massively Parallel Simulator (LAMMPS) package.17 A velocity-Verlet

integrator with a timestep of δt = 10−4 is used to evolve the equations of motion. A

Nosé-Hoover thermostat and barostat is adopted to control the temperature and pressure,

respectively.18–20 The pressure (in reduced units) is set to P = 0.0, and the temperature to

T = 0.8. All the presented snapshots of the structures are rendered using VMD21 with the

TopoTools plug-in.

Uniaxial Straining

Once equilibrated, the structures are uniaxially strained along the z -axis within theNTLzσxxσyy

ensemble, as in previous studies.4,10,22 In this ensemble the total number of particles, N ,

and temperature, T , are maintained constant, and the stresses normal to the straining di-

rection, σxx and σyy, are kept equal to zero. During the straining procedure the length

of the simulation box along the z -axis, Lz, is increased at a uniform strain rate, η̇, such

that Lz(t) = Lz(0) (1 + η̇t). The choice of σxx = σyy = 0, i.e., zero lateral stresses, is

done to mimic the usual boundary conditions on an experimental tensile test at a constant

strain rate. Similarly to previous studies,4,10,14 the strain increment is set to 3.27 % ev-

ery τ = δt−1 = 104 timesteps, in other words, the simulation box is strained along z by

0.000 327 % every timestep. This strain rate is chosen because at this value the stress-strain

curve does not strongly depend on the strain rate, or, in other words, our straining procedure

is equivalent to straining under quasi-equilibrium conditions. The straining is performed for

100 τ , hence the total strain on the system at the end of the procedure is 327 %. The stress

along the straining direction σzz is given by the negative of the zz -component of the pres-

sure tensor Pzz. For every combination of parameters, the reported stress-strain curve is

the averaged result over four independently-generated structures. The width of the shading

osculating the stress-strain curves signifies ±1σs, where σs is the standard deviation of the
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calculated stress over the ensemble of structures.

Results and Discussion

We first perform a large set of simulations in the NPT ensemble spanning various combi-

nation of εBB, kθ (the former is the polymer bead-polymer bead interaction strength, the

latter the angular stiffness) in order to extract the swelling diagram of the gel, as presented

in Figure 1(f). We then choose four representative points, all within the swollen region so

as to obtain a model representative of an hydrogel under hydrated conditions. From there,

we begin by studying the nanoparticles’ potency to glue together the interface between two

polymer networks as a function of the the polymer bead-nanoparticle affinity, as measured

by εBN, and the nanoparticles’ radius. With the goal to provide a more transferable link

between our work and experimental efforts, contrary to our previous study,4 we present our

reinforcement results in terms of adhesion strength relative to the unfilled interface. The

adhesion energy is calculated as the integral of the stress-strain curve, where the integra-

tion extrema are taken to be the first two times the curve crosses the zero-stress axis, see

Figure 2 for reference. The relative adhesion strength, defined as the percent change in

adhesion energy between the two half of the gel when comparing a system with and without

nanoparticles, is reported in Figure 3. The color-code is so that, going from blue to red,

the adhesion between the two polymeric interfaces is weakened to strengthened, respectively,

with white showing a no-change scenario with respect to the unfilled case where no particles

are present at the interface. In (a), (b) and (c) we study polymer networks with different

rigidity, kθ = 150 and εBB = 0.2, kθ = 250 and εBB = 0.2 and kθ = 350 and εBB = 0.2,

respectively. In (d) we show the results for a network as rigid as in (c), but with stronger

polymer bead-polymer-bead interaction, kθ = 350 and εBB = 0.5. These combinations cor-

respond to the purple points marked in the gel phase diagram presented in Figure 1(f) and

correspond to an hydrogel that is always in the swollen state, albeit with different physical
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Figure 2: Example stress-strain response for different RNP at constant εBN = 1.6ε, and
network kθ = 350 and εBB = 0.5. The adhesion energy is here defined as the integral
between the two zero of each stress-strain curve. While not visible, the ensemble uncertainty
is represented as shaded area around the mean curve.

properties.

We make the following general observations. First, regardless of the combination of

(kθ, εBB) chosen to obtain a swollen gel, the qualitative trends in adhesion are all very simi-

lar. In other words, there is a robust reinforcement behaviour as a function of network/strand

stiffness and polymer-polymer affinity (a proxy for the polymer surface tension). Second, not

all combinations in terms of nanoparticle bead-polymer affinity and nanoparticle size provide

interface reinforcement. In fact, for a large part of the parameter space spanned, the interface

becomes less stable in the presence of nanoparticles. To facilitate the discussion of trends,

and because this turns out to be the relevant microscopic length-scale to rationalise the be-

haviour of the system, we introduce the scaled size of the nanoparticles R̃, a non-dimensional
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Figure 3: Summary of the adhesion energy as a percentage change with respect to the no
nanoparticles case.

quantity defined as R̃ = 2RNP/Lm, i.e., the ratio between the diameter of the nanoparticles

and the mesh size. We remind the reader that Lm is kept fixed at Lm = 10 σ throughout

this study. For a fixed nanoparticles’ size, adhesion typically increases with increasing poly-

mer bead-nanoparticle affinity, as one would probably expect given that stronger “bonds”

are formed that can sustain more stress and thus help keep the gel-gel interface together

during deformation. An exception to this rule is the highest nanoparticle size (R̃ � 1), for

which a non-monotonic behaviour is observed. However, its importance for applications is

limited, for the simple reason that it occurs in a region of the parameters space where the
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presence of nanoparticles either marginally reinforce the interface, or makes it even weaker.

In other words, this exception occurs where nanoparticles do not behave as a functional glue.

Instead, an application-relevant non-monotonic trend is observed when one looks at adhe-

sion vs nanoparticle size. This non-monotonicity, as we will explain later, results from the

coupling of different physical parameters. Generally speaking, we observe that in this case

the interfacial stability increases for decreasing nanoparticles’ size up to an optimal value in

the interval 0.5 < R̃ < 0.8, i.e., slightly below the mesh size, and then decreases again for

smaller nanoparticles up to a point where their effect is completely negligible.

Understanding the origin of the different behaviours and their dependence on the system’s

parameters requires looking at the detailed microscopic picture provided by the simula-

tions. Crucially, this is also important to tell us whether what we observe is relevant for

real systems, or just a consequence of the limitations and assumptions of our coarse-grained

model. As a first microscopic characterization of the system, we thus investigate the spatial

distribution of the nanoparticles, as well as the spatial density of the polymer, after the

initial equilibration, but before the straining procedure occurs. For this analysis, at a given

snapshot the structure is sliced in planes spanning the whole x and y directions, and of

thickness equal to 2σ along the z direction; the numbers of polymer beads and nanoparticles

in a given slice is then counted. The total number of analysed snapshots per combination

of parameters is 1000, separated in time by 0.05 τ to decrease their temporal correlation.

The final reported quantity is the (normalised) number density for both polymer beads and

nanoparticles, Figure 4. In analysing these results, we remind the reader that nanoparticles

are initially inserted only at the interface between the two gels. From (a) to (d), the scaled

radius of the nanoparticles increases from R̃ = 0.2 to R̃ = 1.4. These results are reported

for a polymer network characterised by kθ = 350 and εBB = 0.5 but they are representative

in general for all polymer networks we have studied in the swollen state. The insets show

snapshots from the molecular dynamics simulations used to compute the polymer beads and

nanoparticles number density distributions. As expected based on its periodicity and sym-
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Figure 4: Polymer beads (blue) and nanoparticles (red) spatial distribution. All plots refer
to a network with kθ = 350 and εBB = 0.5. From (a) to (d), R̃ is increased from R̃ = 0.2 to
R̃ = 1.4.

metry, the polymer density shows sharp, regularly-spaced by ∼ 11σ peaks, corresponding to

the edges of the polymer network cages. Notably, for R̃ < 1 and thus nanoparticles smaller

than the polymer network mesh size (see Figure 1(a-b) for reference), the two interfaces

of the polymer network are in direct contact with each other, and the network partially

interpenetrate for a distance of ≈ Lm hence the increase (in fact, the doubling) in the lo-

cal density of polymer in this interface region. This is not possible for bigger radii, where

the nanoparticles act as spacing agents that bridge the two interfaces, see Figure 4(d), and

in fact in this case the polymer density at the interface is depleted compared to the bulk.

Regarding the nanoparticles spatial distribution, we observe that the small nanoparticles

are not confined at the interface (a) and diffuse throughout the whole system during the

equilibration procedure. Instead, the more comparable RNP is to the mesh size, the more
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the nanoparticles concentrate at the interface between the two polymer networks instead of

spreading, and for nanoparticles equal to the mesh size or larger, (c), they remain confined

exclusively at the interface. This density distribution provides a simple picture to explain

the monotonic behaviour in adhesion observed. For particles to act as bridges between the

two polymer networks, they must both i) reside at the the interface between them and ii)

form the highest possible number of contacts with them. When particles are too small, they

simply diffuse away, violating criteria i), whereas when particles are too large, their presence

lowers the amount of polymer at the interface, and thus the number of possible bonds that

can be formed (the latter point is also more directly visible from the results of Figure 7,

which will be discussed later). As a result, there is an optimal particle size at which adhe-

sion should be maximised, hence the non-monotonic behaviour observed in simulations.

Although the initial nanoparticle profile well explains the observed behaviour, it also

brings the important question of how relevant are the simulation results to practical appli-

cations. This is because, assuming equilibrium is reached before the straining procedure,

the spatial density of nanoparticles will strongly depend on the simulated system size. For

our system, and, in general, for any system size accessible via molecular simulations, this

is far from being representative of reality because the space occupied by the interface with

respect to the bulk is greatly exaggerated. We can make a simple order-of-magnitude calcu-

lation to explain this point. Imagine we need to glue together two pieces of skin of thickness

Ls = 1 mm, using nanoparticles of the order of the extra cellular matrix mesh size. As

an approximation, we take the mesh size to be Lm = 100 nm, which also sets the order of

magnitude of the interface, since this is approximately the size of the region where confined

nanoparticles will be able to act as bridges. The bulk to surface ratio is thus Ls/Lm = O(107)

in this realistic setting, compared to O(101) in our simulations. In practice, this means sim-

ulations underestimate the probability to be in the bulk rather than at the interface by a

factor of 106. Thus, if particles can diffuse within our simulation timescale and reach equi-
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librium, we would expect their concentration at the interface, and any effect in terms of

changing the adhesion energy, to be over-estimated. For the smallest particles we have sim-

ulated, where the reinforcement is already almost statistically irrelevant, this means it will

probably be zero in the real system, simply because they will readily diffuse even more into

the bulk, leaving a vanishingly small concentration at the interface. But what about larger

sizes? More precisely, is their reinforcement purely due to the limitations in time-scales

of molecular simulations, i.e., the system not yet having relaxed to equilibrium within the

simulation timescale? If so, are the results on reinforcement at all relevant for real systems

and time-scales?

To answer this question, we need to understand something more about the kinetics

of the system, in other words, it is crucial to characterise the diffusion time-scale of the

nanoparticles. We do this by first computing the diffusion profiles as a function of nanopar-

ticle size and affinity with the polymer, with the idea to obtain some insight to extrapolate

the nanoparticles’ behaviour in the limit of greater time- and length-scales. To do so, after

the initial equilibration time (which, as we have seen, might only be enough to reach local

equilibrium) the system is evolved for 1.2 Gδt = 120 kτ in the canonical ensemble. The

volume is kept equal to that of the last stage of the equilibration routine (thus before strain-

ing), and the temperature is maintained constant at T = 0.8. Throughout the simulation

the position vector of every nanoparticle in a given structure is recorded every 5 τ for post-

processing. This approach and simulation setup is similar to what has been used by Kim et

al.23 for studying the diffusion of particles within a polymeric membrane, with the difference

that in our case the local polymer density, see Figure 4, is not periodic but instead exhibits

a maximum for 2RNP < Lm and a minimum for 2RNP ≥ Lm. The mean-squared displace-

ment (or MSD, defined as in Equation 4) is used to extract the self-diffusion constant of the
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nanoparticles.

MSDi = 〈r2(t)〉i = 〈|~r(t)− ~r(0)|2〉i, (4)

Di =
1

6
lim
t→∞

∂ MSDi(t)

∂t
. (5)

Where i indicates the species index, ~r the position vector, 〈·〉i the ensemble average, and,

finally, MSDi is the MSD of species i. Figure 5 shows example drifts of the MSD as a

function of time for different set of parameters. Figure 5(a) shows the MSD dependence on

Figure 5: Mean-squared displacement for (a) different polymer bead-nanoparticle interac-
tions, and (b) different R̃. All results are for a network with kθ = 350 and εBB = 0.5.

the nanoparticle-polymer interaction parameter for a fixed RNP = 1.0σ. Because, similarly

to,23 we are studying the diffusion of a particle within a polymer network and we work at

relatively low packing fractions, we expect that a stronger εBN would exponentially slow the

nanoparticle’s drift (equivalent to a rigid downward vertical shift in the log-plot), an hy-

pothesis that is borne out by our computational experiment. This exponential dependence

on epsilon is what one would expect for a system that moves via a hopping mechanism, a

result that we will exploit later. The other important factor to consider is the MSD drift

dependence on the nanoparticles’ radius shown in Figure 5(b). From R̃ = 0.2 to R̃ = 0.8,
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the MSD shows the characteristic monotonically-increasing linear dependence as a function

of time, albeit larger particles drift slower than smaller ones. However, for R̃ = 1.1 the

nanoparticles are larger than the polymer mesh size and do not diffuse at all, as indicated by

the flat MSD over time, with an upper bound which is indeed around the polymer mesh-size

Lm, signalling that large particles can only fluctuate within the cage formed by the polymer

but never get out of it. This is reflected in Figure 5(b), where it is shown that the diffusion

coefficient is suppressed for increasing R̃, going to zero (within the statistical uncertainty)

for R̃ > 1.

Using Einstein’s relation,13,24 the effective diffusion constant for species i, Di, is computed

from the slope of the MSD, Equation 5. Figure 6 summarizes (a) the general trend in diffusion

coefficient for εBN and R̃, and (b) an extended analysis of the diffusion coefficient versus R̃

at fixed εBN = 0.1. The behaviour for large particles in our system can be easily rationalised.

Because we are working with a swollen, and thus relatively stiff and underformable polymer

network, particles larger than the mesh size need to overcome an energy barrier to diffuse

out of the interface where they are initially placed. This barrier comes from the fact that

diffusion would require stretching the polymer network until it forms a hole larger than the

particle, from which it can escape to a neighbouring site. Just to make an rough estimate, we

can assume homogeneous stretching of the bonds in the polymer, which lead to an estimate

for the energy barrier ∆E to scale as ∆E ≈ kh

(
l0 − (2R−Lm)

l0

)2
. Even for a particle only

10 % larger than the mesh size, this would require tens of kBT , that is, energies comparable

to those necessary for breaking an irreversible covalent bond. Based on these observations,

for particles for which R̃ > 1, we can expect particles to be confined at the interface not only

in the timescale of our simulations, but also in real experiments, as indeed observed.8 In

this case, we would expect simulation to be able to capture experiments. Compared to the

case of larger particles, for particles smaller than the mesh size (R̃ < 1) no stretching of the

network is needed for diffusion and thus there should be no steric barrier to confine them at

19



Figure 6: Diffusion coefficient analysis for a network with kθ = 350 and εBB = 0.5.

the interface. In this case, particles should be able to quickly reach their equilibrium density

profile, which, as we previously argued, will strongly differ in real-size systems compared to

those that can possibly be simulated. Although particles in this size regime do not need

to stretch the polymer network to diffuse, they still need to hop out an energy well in

order to reach their equilibrium state, a well due to the interaction of the polymer with the

nanoparticle. One should expect an energy minimum at the interface because, as shown

in Figure 4 and previously discussed, for these smaller nanoparticles the surfaces of the

two gels can get in direct contact with each other. The higher local density of polymer

obtained in this way increases the local number of attractive polymer bead-nanoparticle

interactions compared to the bulk. In fact, this hypothesis is confirmed in Figure 7, where

we show the polymer bead-nanoparticle interaction energy difference between the interface
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and the bulk calculated from our simulations, for varying nanoparticles-polymer affinities

and particles’ sizes. As it is clearly visible, for all the investigated parameters the interaction

Figure 7: Particle-network interaction energy difference (interface - bulk) as a function of the
particle radius, left, and polymer bead-nanoparticle affinity (right). For all set of parameters,
the energy of the particle at the interface is always lower than in the bulk, providing a kinetic
trap able to confine them for long time-scales (see main text).

energy difference is negative, i.e., there is a stronger polymer-nanoparticle interaction at the

interface compared to the bulk. In practical terms, the presence of this energy minimum

means that particles are kinetically trapped at the interface on timescales te less than a critical

escape time τ or in other words the system can only reach its thermodynamic equilibrium

state for te > τ . However, as we have previously explained, our simulations (or, more

precisely, any computationally tractable simulation aiming to describe nanoscale features)

necessarily overestimates the equilibrium density of nanoparticles at the interface. Thus, the

microscopic picture arising from these simulations for particles that could diffuse in the bulk

is only correct for experiments and applications where the relevant timescale is smaller than

τ . An estimate is easily given using Kramer’s theory of escape for brownian particles in an

energy well,25 which gives:

21



τ = τ0 exp(−β∆E)

=
L2
m

Dbare

exp(−β∆E)

= βL2
m6ηπRNP exp(−β∆E), (6)

where ∆E is the depth of the energy well, β = 1/kBT being the inverse thermal energy,

with kB being Boltzman’s constant and T temperature. In deriving Equation 6, we have

assumed that the well has about the same size of the polymer mesh Lm, meaning that once

nanoparticles can move for such a distance they are free to escape to the bulk. η is the vis-

cosity in the polymer gel and we have used Einstein’s relation to approximate the diffusion

coefficient of the nanoparticle. Let us now consider nanoparticles with a size close to that

of the polymer mesh, R̃ ≈ 1. Using the viscosity of water as a lower bound to the real vis-

cosity in a hydrogel, and considering a gel with an approximate mesh size of Lm = 100 nm,

corresponding to that of an archetypal biogels such as collagen,8 Equation 6 predicts that a

localisation energy of ∆E ≈ 21kBT , would keep a nanoparticle at the interface for a time of

around one day. Because ε = 5/4kBT in our units, or in other words ∆E ≈ 17ε, the required

energy well we just calculated is actually twice deeper than what we obtain for our choice of

parameters in the simulations, see Figure 7. Considering that ∆E scales linearly with affinity

ε (see Figure 7, right panel), in experiments one would need an affinity around a factor of

two larger than what we use here to see any appreciable interface reinforcement for R̃ ≈ 1.

At this affinities, however, the microscopic picture arising from nanoparticles confinement

described by simulations would also hold, and we would expect to observe the non-monotonic

behaviour of reinforcement as a function of nanoparticle size that we described.

Concerning the initial question we wanted to address, whether or not there is an optimal

nanoparticle size for reinforcement, our results can be thus summarised in the following
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way: For very small sizes (R̃ � 1), nanoparticles readily diffuse in the bulk and the frac-

tion retained at the interface will be virtually zero in the relevant limit of nearly-infinite

bulk-to-interface ratio. Because in the bulk they will not contribute to binding, they will

not have any effect compared to a bulk system without nanoparticles, which is indeed what

we observe. On the opposite side of the spectrum, nanoparticles’ sizes above the mesh size

(R̃ > 1) are trapped at the interface. However, because of their excluded volume, they

generate a depletion of polymer at the interface (Figure 4). The lack of polymer co-localised

with the particles reduces the number of bonds that can be done to bridge the two poly-

mer networks. Furthermore, no network-network penetration occurs, further weakening the

interface. Hence large nanoparticles also do not possess any bridging power, and in fact

weaken the interface. Because of these two limits, the optimal size for reinforcement should

thus be of the order of the mesh size Lm, neither much smaller, nor much larger, as indeed

we observe. This size allows an increase in the local polymer density at the interface that has

a twofold scope. On the one side, higher polymer density means a larger number of bridges

between the two interfaces, hence more interface reinforcement. At the same time, this in-

crease in density also increases the average polymer-nanoparticle (attractive) interaction at

the interface compared to the bulk, which in turn allows to kinetically trap the nanoparticles

where they are more useful. In the past, such optimal size was speculated, without how-

ever providing neither a systematic experimental data, nor any hint towards the reasons for

such value. Crucially, we show that a strong non-monotonic behaviour with a maximum at

R̃ ≈ 1 should only be expected in experiments probing application-relevant timescales when

high enough polymer bead-nanoparticle affinities are used, and no observable reinforcement

should be expected otherwise, regardless of the nanoparticle size.

Before we conclude, we would like to discuss how to interpret the present results given

another implicit approximation in our coarse-grained model. In our system, we study an

ideal network, where all pores in the network have exactly the same size. We do this here
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to have a simple, more controllable system that can be used as a reference, and study the

strengthening mechanism here before we move further up in complexity. In fact, in realistic

biological hydrogels the polymer network will likely present a certain distribution of pore

sizes (see e.g.,26,27). Our results suggest that polydispersity in the nanoparticles’ size should

be avoided or minimised. The presence of an optimal size of order 2RNP ≈ Lm (i.e., R̃ ≈ 1)

suggest that one should use nanoparticles with a size distribution as narrow as possible and

in any case to avoid particles much larger than the mesh size. This is because only particles

roughly around the mesh can strengthen the interface. Larger ones instead will weaken the

interface and should thus be avoided, whereas much smaller ones, although not worsening

the performance, will not contribute to strengthening because they will readily diffuse in the

bulk. In fact, given that reinforcement is observed for the interval 0.5 < R̃ < 1.1, a simple

measurement of the efficiency of adhesion can be roughly approximated as:

E =

∫
P (R̃)f(R̃)dR̃ (7)

, where

f =


1 for 0.5 < R̃ < 1.1

0 for R̃ < 0.5

−1 for R̃ > 1.1

, (8)

where the -1 contribution is introduced to penalise particles larger than the threshold value,

which tend to decrease adhesion. Details of the approximations implicit in using ?? and

??, and of their range of applicability, can be found in the Supplementary Information. In

practice, achieving a narrow size-distribution simply from their synthesis could be difficult

but in this case separation techniques to filter nanoparticles based on their size should be

used. This fact should also be taken into account in interpreting experiments aimed at

measuring the nanoparticle gluing power, because chemically identical batches might lead to

completely different results due to a different size distribution, leading to conflicting results.
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Conclusions

In this work, we explore the potency of spherical nanoparticles to mechanically reinforce the

interface between two swollen polymers, using coarse-grained molecular dynamics simula-

tions. In particular, we focused on the interplay of two experimentally accessible parameters:

nanoparticles’ size and the strength of the nanoparticle interaction with the polymer, what

we also call affinity (related to the nanoparticle-polymer interface free-energy4,28). In both

cases, we find a general, robust behaviour in adhesion strength that does not depend on

details of the polymer network, such as its stiffness or its surface tension.

We conclude that nanoparticles should have a size close to the polymer mesh size, and in

any case slightly smaller rather than higher. Affinity is also important in that nanoparti-

cles provide a reinforcement only when this is higher than a critical value, but weaken the

interface otherwise, a result previously found also for nanoparticle gluing polymer in the col-

lapsed rather than swollen state.4 This optimal size comes as the result of two main factors

influencing the interfacial reinforcement in an opposite way. On the one side, the smaller

are the nanoparticles, the more effective they are at reinforcing the network’s interface if

confined there, because more polymer-nanoparticle bonds can be established at a fixed sur-

face density. On the other side, however, the smaller the nanoparticles the higher is their

ability to diffuse into the bulk, in which case they do not contribute to interface reinforce-

ment. Strictly speaking, our results show the response of the system right after application

of the nanoparticles to the interface and a more accurate treatment of aging effects require

studying long-term diffusion. The latter will be relevant for all those cases where the par-

ticles cannot be kinetically trapped at the interface for times comparable to those required

in applications, which as we show depend on both the nanoparticle size and affinity. Such

a study, outside the scope of the present manuscript, will necessarily require some kind of

multi-scale modelling as the need to describe the system down to nanoscale details does not

allow to access the required time-scales. For example, similarly to what we have done here,
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one could use simulations to estimate the (free-)energy as a function of the distance from the

interface as an external field for nanoparticle diffusion (see, e.g.,29,30 to study the relevant

generalised diffusion equation to generate the correct, time-dependent nanoparticle-density

profile before starting the straining procedure.

Finally, we conclude by speculating that our results also suggest that nanoparticles of dif-

ferent shapes might actually provide a better alternative to spherical ones. In particular,

two-dimensional nanoparticles might provide more interfacial strengthening because they

can be confined to the interface due to their dimensions but still avoiding the depletion of

polymer because of their limited volume, thus increasing the number of nanoparticle-polymer

contacts necessary for strengthening. Computational studies in these directions are ongoing

and will be reported in future publications.
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