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Abstract

Selective ion transport in polymer membranes depends critically on how penetrant

motion couples to polymer dynamics and hydration. Yet, the mechanistic interplay be-

tween polymer rigidity, water content, and penetrant size remains poorly understood,

especially in the regime where the penetrant diameter, polymer Kuhn length, and cor-

relation length are comparable. Here, we employ coarse-grained molecular dynamics

simulations to systematically investigate penetrant diffusion in hydrated polymer net-

works across a broad range of water volume fractions, chain rigidities, and penetrant

sizes. The results reveal a transition from a decoupled regime, where small pene-

trants diffuse nearly independently of polymer relaxation, to a coupled regime in which

large penetrants require cooperative polymer motion for transport. Increasing polymer

rigidity amplifies the sensitivity of diffusivity to hydration, particularly at low water

contents, leading to pronounced deviations from Stokes–Einstein scaling. Comparison

with scaling theories and free-volume models shows that classical nanoparticle-based

frameworks fail to capture this intermediate regime. To address this gap, we extend

the Yasuda model to incorporate polymer rigidity through a single parameter that
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quantifies the dynamic contribution of chain stiffness to free-volume fluctuations. The

resulting model collapses diffusivity data across all sizes, water contents, and rigidities,

providing a unified description of penetrant transport in hydrated polymer matrices.

These findings establish polymer rigidity as a key, tunable determinant of diffusion and

offer a framework for interpreting size-dependent transport in ion-selective membranes.

Membrane-based separations underpin a vast range of technologies, from water purifica-1

tion and gas separations to emerging applications in energy and resource recovery.1,2 Their2

scalability, modularity, and low energy demand have made them indispensable for sustain-3

able chemical processing. Yet, as the field moves toward increasingly demanding separations4

such as lithium extraction,3 rare-earth element purification,4 and water softening,5 the fun-5

damental challenge has shifted: membranes must now discriminate between ions that are6

nearly indistinguishable in size and charge.6 Achieving such fine selectivity requires not only7

precise chemical design but also a deep understanding of how nanoscale polymer dynamics8

govern ion and molecule transport under confinement.59

Despite decades of progress, the physical principles linking polymer structure to selec-10

tive transport remain poorly understood.7 Traditional design frameworks often treat water11

content as the dominant control parameter, assuming that diffusivity scales primarily with12

solvent-swollen free volume.8,9 However, emerging experimental and computational studies,13

including our recent work,10–14 demonstrate that polymer dynamics, particularly backbone14

rigidity, play an equally important yet often overlooked role. In hydrated membranes, rigid-15

ity modulates both the amplitude and timescale of local free-volume fluctuations, thereby16

altering the effective mobility landscape experienced by the diffusing species. In a recent17

work, we showed that lithium–magnesium selectivity in hydrated polymer membranes can18

be tuned by controlling both chain rigidity and water content, with the observed selectiv-19

ity arising primarily from differences in ion diffusivity rather than sorption.10 In particular,20

magnesium transport exhibited stronger sensitivity to polymer relaxation and swelling at21

low hydration levels.22
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However, this raises a deeper question: are there intrinsic limits to stiffness-induced23

selectivity? At what point does increasing rigidity no longer enhance discrimination, but24

instead suppresses mobility for all species? Addressing these questions requires moving25

beyond the classical view that water content alone governs transport. Classical transport26

models, including those of Yasuda and Mackie–Meares, neglect polymer segmental dynamics27

entirely,8,9 while free-volume and cooperative relaxation theories capture such effects only28

through empirical fitting.15–17 Scaling theories developed for nanoparticle diffusion have pro-29

vided valuable insight into coupled and decoupled transport regimes, but they fail to describe30

the intermediate regime most relevant to ion and small-molecule transport.18,19 Indeed, while31

nanoparticles typically satisfy the condition b ≪ d ∼ ξ (where b is the Kuhn length, d is32

the particle diameter, and ξ is the correlation length), (hydrated) ions more commonly fall33

within the regime d ∼ b.20,2134

The central question motivating this work is: how does polymer rigidity set both the35

magnitude and the limit of size- and hydration-based selectivity in hydrated membranes?36

By establishing a unified framework that connects polymer stiffness, hydration, and size-37

dependent diffusivity, we aim to identify when rigidity enhances selectivity, and when it38

simply arrests transport. To systematically investigate how penetrant size, polymer rigidity,39

and water content influence diffusion in this regime (d ∼ b ∼ ξ), we conducted a series of40

coarse-grained molecular dynamics (CGMD) simulations. CGMD offers a computationally41

efficient framework for probing transport behavior across a broad parameter space under42

well-controlled conditions.22 In this study, we employed CGMD simulations to systemati-43

cally probe how polymer rigidity, hydration, and penetrant size govern diffusive transport44

in hydrated polymer networks. In contrast to our previous simulations, which incorpo-45

rated explicit ion–ion electrostatics and solvent-specific interactions to capture hydration46

effects,10 the present study focuses on simplified, neutral penetrants of varying size. By47

holding Lennard-Jones interaction parameters constant across penetrant species and sys-48

tematically tuning backbone stiffness and hydration, we isolate the effect of polymer rigidity49
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and excluded-volume interactions while eliminating ambiguities associated with defining ion50

size in the presence of strong hydration. For this study, we also restrict ourselves to systems51

with relatively homogeneous water distributions, therefore our conclusions may not apply52

to materials with phase-separated morphologies. This minimalistic approach enables direct53

mapping of the transition from decoupled, solvent-dominated diffusion to coupled, polymer-54

governed transport. The resulting scaling behavior exposes the breakdown of classical models55

and establishes a unified framework connecting polymer rigidity, hydration, and penetrant56

mobility, therefore offering new molecular-level insight into how polymer structure encodes57

selectivity in hydrated membranes.58

Simulation systems comprised linear polymer chains, solvent beads, and penetrant par-59

ticles, as illustrated in Figure 1A. All simulations were performed using the GROMACS60

2020.5 package,23–30 and methodological details are provided in the Supporting Information.61

Polymer backbone stiffness was varied through the harmonic bond angle interaction:62

Uθ =
kθ
2
(θ − θ0)

2 (1)

where θ is the angle formed by three consecutive monomer beads, θ0 is the equilibrium an-63

gle, and kθ is the angular force constant. Increasing kθ produces progressively more rigid64

chains. Representative snapshots (Figure 1A) show homogeneous distributions of polymer65

and solvent beads, consistent with θ-solvent conditions imposed by the Lennard-Jones in-66

teractions. Larger values of kθ correspond to more rigid polymer chains (i.e. larger Kuhn67

segment lengths), as shown in the Supporting Information in Figure S8A.68

Our simulation results (Figure 1B) indicate that penetrant diffusivities depend strongly69

on polymer rigidity, hydration, and penetrant size, with these variables exhibiting pro-70

nounced nonlinear coupling. As expected, diffusivity increased with higher water content,71

smaller penetrant size, and lower polymer rigidity. Yet these effects were not independent:72

rigidity had little influence on small penetrants but became dominant for larger ones in73
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low-hydration environments, while water content strongly affected large penetrants but had74

minimal impact on small ones. The distinction between these transport regimes is clearest75

for the smallest penetrants (d = 0.25σ, where σ is the Lennard-Jones diameter of polymer76

and solvent beads), whose diffusivities—shown in Figures S6—collapse onto those in pure77

solvent, indicating motion through transient solvent-sized voids that form independently of78

polymer rigidity. By contrast, for larger penetrants (d ≥ 0.5σ), the diffusivity decreases79

with increasing rigidity and decreasing water content; the corresponding curves in Figure 1B80

diverge substantially, revealing strong coupling between penetrant motion and polymer dy-81

namics. This rigidity- and hydration-dependent behavior marks a size-dependent crossover82

from solvent-controlled to polymer-controlled transport, where diffusion requires cooperative83

relaxation events of the polymer matrix.84

At high water contents, where polymer contributions are expected to be minimal, diffu-85

sivity is expected to follow the classical Stokes–Einstein scaling:86

Dw =
kBT

3πηsd
(2)

where Dw is the penetrant diffusivity in solvent (i.e., no polymer), kB is the Boltzmann87

constant, T is the absolute temperature, ηs is the solvent viscosity, and d is the penetrant88

diameter. As shown in Figure S1 in the Supporting Information, our simulation results89

for polymer-free systems are consistent with the Stokes-Einstein relationship, with logD90

vs. log(d) being linear with a slope of ≃ −1.10. In contrast, in polymer melts and poorly91

hydrated matrices, the scaling becomes steeper (logD ∼ −1.62 log d for flexible chains and92

up to −3.12 log d for rigid chains), indicating a breakdown of hydrodynamic behavior. These93

deviations indicate that in dense or rigid matrices, penetrant motion is governed not by94

viscous drag but by cooperative segmental relaxation of the polymer network.95

To interpret the above deviations, we first compare our data with the scaling theory96
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Figure 1: (A) Coarse-grained molecular dynamics simulation box snapshot (nominal water
volume fraction of 0.35, a kθ-value of 25.0ϵ/rad2, and penetrant diameter of 1σ). Yellow,
blue, and purple correspond to polymer, water, and penetrant beads, respectively. While the
cartoon shows a polymer with 5 monomer beads, simulated chains consist of 50 monomer
beads to reduce end effects. (B) Penetrant diffusivity vs. membrane water volume fraction
for a subset of kθ-values (2.0, 25.0, 200.0ϵ/rad2). Similar plots for the remaining seven kθ-
values are provided in the Supporting Information in Figure S7. Lines represent a fit to
Equations 7 and 8. The following parameters were used for the fits: D0 = 0.1944σ2/τ ,
d0 = 0.2049σ, B = 1.563, α2.0 = 0.6339, α25.0 = 0.4364, α200.0 = 0.3585.
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developed by Cai et al.,18 which distinguishes between d < ξ and d > ξ regimes:97

D ≈


kBT
ηsd

, d < ξ

kBTξ2

ηsd3
, d > ξ

‘ (3)

where ξ is the correlation length of the polymer solution. We directly calculated ξ from98

pore-size distributions,31 which are provided in Figure S2A and B. As shown in Figure S2C,99

log ξ vs. log ϕp (where ϕp is the polymer volume fraction) demonstrated a slope of −1.15,100

roughly consistent with theory which predicts a slope of −1 in θ-solvent.32101

Following Chen et al.,18,33 we assessed the applicability of the above scaling model by102

plotting D/Dw versus d/ξ for simulation data with varying polymer flexibility, water con-103

tent, and penetrant diameter. The theory predicts a plateau (D/Dw ≈ 1) for d/ξ < 1,104

corresponding to solvent-like diffusion, and a steep decay with slope –2 for d/ξ > 1, where105

polymer constraints dominate. As shown in Figure 2A, our data qualitatively reproduce the106

existence of a crossover but diverge quantitatively from theoretical expectations. The transi-107

tion occurs at smaller d/ξ than predicted, and the apparent slope in the polymer-dominated108

regime differs from –2, particularly for systems with rigid chains. Moreover, increasing chain109

rigidity amplifies the dependence of D/Dw on d/ξ, producing an expanded separation among110

curves that is absent in flexible systems. These trends confirm that while the Cai model cap-111

tures the overall crossover, it fails to account for the critical role of polymer rigidity and the112

dynamic nature of free-volume fluctuations in dense networks.113

We attribute the discrepancy between our simulations and the Cai model to the fact114

that our penetrants are much smaller than the “nanoparticle limit” for which the theory115

was derived. In the nanoparticle regime, particle diameters and polymer correlation lengths116

exceed the Kuhn length (d, ξ > b). Diffusion in this regime is governed primarily by the117

particle’s coupling to the collective motion and hydrodynamic drag of the correlation blobs,118

rather than by local segmental dynamics. Because the particle averages over many Kuhn119

segments, the influence of microscopic features such as chain stiffness is effectively averaged120
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Figure 2: (A) Comparison of simulated diffusivity data (for variable polymer flexibility, water
content, and penetrant diameter) with scaling prediction from Equation 3.18,33 (B) Inverse
of the polymer relaxation timescale, τp, vs. water volume fraction for polymers of varying
backbone flexibility. The relaxation timescale is strongly coupled to both water content and
polymer flexibility at low water volume fractions.

out.121

In contrast, in our simulations the penetrant size is comparable to both the Kuhn length122

and the correlation length (d ∼ b ∼ ξ), where transport couples simultaneously to hy-123

drodynamic interactions and segmental relaxation dynamics. In this intermediate regime,124

motion depends on transient free volume generated by local conformational fluctuations of125

the chains. Consequently, diffusivity becomes highly sensitive to both polymer rigidity and126

hydration. This coupling is evident in the steepening of the logD versus log d slope with127

increasing stiffness (Figure S1), reflecting the influence of chain relaxation timescales on128

transport. The same trend appears in polymer relaxation times extracted from segmental129

orientation correlations (Figure 2B), which become longer with increasing rigidity and de-130

creasing hydration. Together, these results indicate that when d ∼ b ∼ ξ, penetrant motion131

is governed by segmental relaxation processes not captured by nanoparticle theories such as132

those of Cai et al.133

The size-dependent crossover from solvent- to polymer-controlled transport revealed in134

our simulations motivates the development of a unified framework capable of capturing both135

regimes within a single description. We begin by extending the classical free-volume model136
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of Yasuda et al.:34137

D = Dw exp

(
β (α− 1) (1− ϕw)

ϕw + α (1− ϕw)

)
(4)

where ϕw is the water volume fraction in the polymer/solvent mixture, α and β are given as:138

α = Vf,p/Vf,w (5)

139

β = V ∗/Vf,w (6)

where Vf,p is the polymer fractional free volume, Vf,w is the water fractional free volume,140

and V ∗ is a parameter with strong dependence on penetrant size (often assumed to be141

proportional to the penetrant cross-sectional area times the diffusion jump distance).35 In142

the original formulation, α is a polymer-specific parameter and β reflects penetrant size.143

However, as detailed in the Supporting Information, direct evaluation of free volume from144

simulations does not provide reliable values of α; fractional free volume depends only weakly145

on polymer backbone dynamics, and more rigid polymers can even exhibit slightly higher free146

volume. Motivated by these observations, we modify the Yasuda model based on 3 physical147

details. First, transport is governed by the formation of transient pathways whose rate is148

set by polymer relaxation, so increasing rigidity suppresses diffusivity even when the average149

free volume does not decrease, indicating that α reflects dynamical constraints rather than150

static free volume. Second, we account for the decoupling of solute mobility from polymer151

dynamics for sufficiently small penetrants by assuming that particles of diameter, d0, diffuse152

with a reference diffusivity, D0, independent of rigidity or hydration. Third, matching the153

Yasuda form to the observed logD ∼ log d scaling requires the activation term to vary as154

ln(d/d0) rather than with penetrant volume. This leads naturally to redefining β ∝ ln(d/d0)155

and yields the following form (see pages S13-S14 in the SI for more details):156

D

D0

=

(
d0
d

)γ

(7)
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where γ is given as:157

γ =
1 +B(1− ϕw)(1− α)

ϕw + α(1− ϕw)
(8)

where α decreases with increasing chain rigidity and B is a constant independent of polymer158

rigidity, hydration, or penetrant size.159

We fit Equations 7 and 8 to diffusivity data to yield values for D0, d0, B, and α. The160

α-values were allowed to vary only with polymer rigidity (kθ), while D0, d0, and B were held161

constant regardless of rigidity, water content, or penetrant size. Therefore for our simulation162

data, there are a total of 13 fitting parameters (one for each of the 10 unique α-values,163

1 B-value, 1 d0-value, and 1 D0-value). With the exception of B, each parameter has a164

precise physical interpretation. The α parameters represent the rigidity of the polymer, d0165

is a sufficiently small size such that the diffusivity, D0, is equal for all polymer rigidities166

and solvent contents. It is encouraging that the computed values of α display a monotonic167

dependence on rigidity (inset of Figure 3A). A parity plot for the fit is provided in Figure168

3B, demonstrating an R2 of 0.977. By assuming some empirical relation for α vs. kθ or α169

vs. b, the number of parameters can be decreased significantly. As shown in Figure S8, the170

relationship between logα and Kuhn length is approximately linear, suggesting the following171

empirical relationship:172

α = k2e
−k1b (9)

where k1 and k2 are adjustable parameters. By incorporating Equation 9, the number of173

fitting parameters for the entire diffusivity dataset can be reduced to 5 (D0, d0, B, k1 and174

k2). As shown in Figures S9, such a procedure also provides good fit to simulation data,175

with R2 = 0.968.176

Fits to Equations 7 and 8 for a subset of kθ-values are provided in Figure 1B. As shown,177

the fitted curves show good agreement with the simulation data. In Figure 3, we plot D/D0178

vs. γ = 1+B(1−ϕw)(1−α)
ϕw+α(1−ϕw)

which causes points with different rigidity and water content to179

collapse onto a unique curve for each penetrant diameter. As shown, small penetrants are180
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decoupled from polymer and water dynamics, showing very weak dependence on γ, while181

larger penetrants are more significantly affected.182

Figure 3: (A) Normalized diffusivity vs. γ = (1+B(1−ϕw)(1−α))/(ϕw+α(1−ϕw)) allows
for collapse of diffusivity data onto universal curves for each penetrant diameter. (B) Parity
plots of modeled vs. simulated diffusivity for the fit to Equations 7 and 8.

Overall, the model not only provides a good fit to the simulation data but also offers183

physical insight into how polymer dynamics and water content jointly control penetrant184

transport. By explicitly incorporating chain rigidity through the parameter α, the model185

captures how increased stiffness amplifies the sensitivity of diffusivity to hydration, particu-186

larly for larger penetrants. Likewise, the collapse of data when plotted against γ highlights187

that water content and rigidity do not act independently, but instead combine to set an188

effective free-volume landscape that governs transport. In this framework, small penetrants189

diffuse in a manner largely decoupled from polymer relaxation, while larger penetrants ex-190

perience progressively stronger coupling to both water volume fraction and chain rigidity.191

Mechanistically, the model suggests that hydration controls the amount of accessible free192

volume, while polymer rigidity dictates how that free volume is dynamically reconfigured,193

together defining the scaling of penetrant diffusivity with penetrant size across regimes.194

In Figures 4A and B, we evaluate the implications of Equations 7 and 8 on membrane195

separation performance. As shown in Figure 4A, the model predicts an increase in diffusion196
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selectivity with increasing polymer rigidity, as supported by our experimental work.10 How-197

ever, in the extreme of a very rigid polymer (α → 0), further increase of polymer rigidity198

has a minimal effect on improving selectivity. Rather, it appears that rigid polymers and199

extremely rigid polymers have similar separation performance. In Figure 4B, we evaluate200

predicted membrane separation performance and the permeability-selectivity tradeoff, where201

we assume that the membrane phase sorption coefficients are equal to the water volume frac-202

tion (i.e., penetrants dissolve only in the water phase of the membrane). This approximation203

assumes that the sorption selectivity in the membrane is always equal to 1.0. As shown, an204

increase in polymer rigidity tends to move materials to the upper right hand quadrant, sug-205

gesting an improvement in separation performance, as was also observed experimentally.10206

We expect these design rules to apply to materials with relatively uniform hydration struc-207

ture. Materials with significant polymer/water phase separation may have interconnected208

water channels, shifting performance to the solvent-dominated Stokes-Einstein regime.209

Figure 4: (A) Model predictions using Equations 7 and 8 demonstrate an increase in selec-
tivity with increasing rigidity, up to a certain point, beyond which increasing rigidity has a
diminishing effect on selectivity. (B) Model prediction of the permeability-selectivity trade-
off assuming sorption coefficients, Ki, are equal to the water volume fraction. As shown,
performance improves with increasing polymer rigidity. Predictions used the following val-
ues: d0 = 0.2σ, D0 = 0.2σ2/τ , d1 = 1σ, d2 = 2σ, B = 1.5. D1 and D2 correspond to the
diffusivity values of penetrants with diameters d1 and d2, respectively. P1 and P2 are the
corresponding permeabilities, assuming Pi = KiDi.
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To conclude, we have evaluated how the interplay between penetrant size, polymer rigid-210

ity, and polymer swelling affect penetrant diffusivity in hydrated membrane systems. For211

very small penetrants, diffusivity is decoupled from both solvent content and polymer dy-212

namics. For highly hydrated systems, diffusivity follows the Stokes-Einstein relationship.213

However, when penetrant size is large and water content is low, polymer dynamics, water214

content, and penetrant size each have important impacts on penetrant diffusivity. Since215

Kuhn length, penetrant diameter, and polymer correlation length are all of similar size, the216

underlying physics is complex. Unlike the highly swollen case, polymer dynamics on the217

Kuhn-scale show strong dependence on both solvent content and the polymer rigidity, not218

accounted for in traditional scaling-models. Free-volume based approaches appear to fit219

penetrant diffusivity data adequately. Relaxation of polymer segments is therefore expected220

to occur through the same mechanism. From a materials design perspective, our results221

suggest that by designing materials with homogeneous water distribution and low to mod-222

erate water volume fraction (such that d ∼ ξ), selectivity between penetrants with diameter223

on the Kuhn-scale (d ∼ b) can be optimized by increasing polymer rigidity. These design224

rules show promise for emerging applications such as lithium extraction, rare-earth element225

purification, and the design of redox flow batteries.226
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Simulation Details

Coarse-grained molecular dynamics (CGMD) simulations were performed using the GRO-

MACS 2020.5 software package.1–8 Monomer, solvent, and penetrant beads interacted via

the Lennard-Jones (LJ) potential:9

Uij(r) = 4ϵij

[(σij

r

)12

−
(σij

r

)6
]

(S1)

where Uij is the potential energy between particles i and j, r is their separation, ϵij is the

interaction well depth, and σij is the zero-energy separation distance. A cutoff distance of 3.0σ

with the potential shifted to zero at the cutoff was used. All beads were assigned ϵii = ϵij = 1ϵ

and mass mi = 1m. For solvent and monomer beads, σii = 1σ, while the penetrant bead

size σii was varied from 0.25σ to 2.0σ. Mixed interaction lengths were computed using the

arithmetic mixing rule:9

σij =
1

2
(σii + σjj) (S2)
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All quantities were reported in reduced LJ units, which can be converted to real units by

specifying σ, ϵ, and m.

While penetrant species are modeled with identical Lennard–Jones interaction strengths,

varying their diameter introduces subtle thermodynamic differences. In bulk fluids, smaller

particles exhibit a higher cohesive energy density due to their larger number density, and

mixtures of different-sized particles can display enhanced packing efficiency. However, in the

present simulations, penetrants are at dilute concentrations and do not significantly perturb

the polymer matrix (as evidenced by the insensitivity of pore size distributions to penetrant

size in Figure S2B), so size-dependent transport primarily reflects differences in excluded

volume and accessibility of the existing free-volume landscape.

Linear polymer chains were constructed from 50 monomer beads connected by finitely

extensible nonlinear elastic (FENE) bonds:

UFENE = −kbR
2
0

2
log

(
1− r2

R2
0

)
(S3)

where kb = 70ϵ/σ2 is the bond stiffness and R0 = 1.5σ is the maximum bond length. Polymer

rigidity was modulated via harmonic bond angle interactions:9–13

Uθ =
kθ
2
(θ − θ0)

2 (S4)

where θ is the angle formed by three consecutive monomer beads, θ0 is the equilibrium angle

(set equal to 114◦, analogous to a polyethylene chain14), and kθ is the angular force constant

which was varied to modulate chain flexibility.

Simulation boxes of length 23σ contained a total of 10,000 monomer and solvent beads,

along with 20 penetrant beads. The system temperature was maintained at 0.75ϵ,15,16 and

the integration time step was 0.05σ
√

m/ϵ. Temperature control was implemented via a ve-

locity rescaling thermostat with relaxation time τT = 1.0σ
√
m/ϵ. An equilibration protocol

(Table S1) was followed prior to production runs.16,17 During production, energy traces were
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monitored to ensure equilibration, and all analyses were conducted after energies stabilized.

Production run simulation times varied from 40, 000τ to 90, 000τ with longer run-times corre-

sponding to simulations with either slow equilibration or slow system dynamics (i.e. systems

with low water content or high chain rigidity).

Table S1: Equilibration procedure for CGMD simulations.15,17 P ∗ = ϵ/σ3, τ = σ
√
m/ϵ

Step Conditions Number of timesteps
1 Energy minimization steepest descent
2 NVT 10,000
3 NPT, P = 0.727P ∗, τp = 0.5τ 50,000
4 NPT, P = 0.727P ∗, τp = 1.0τ 100,000
5 NVT 100,000

Penetrant diffusivity was extracted from mean square displacement (MSD) calculations:

lim
t→∞

⟨|r(t)− r(0)|2⟩ = 6Dt (S5)

where D is the diffusion coefficient, and r(t) and r(0) are the penetrant positions at time, t,

and t = 0, respectively. The time range for computing the diffusivity during the production

run varied depending on rigidity, penetrant size, and water content. Typically, longer times

were required to reach the diffusive regime for slower systems (high rigidity, low water con-

tent, large penetrant size). We restricted diffusivity fitting to the regime where log(MSD)

vs. log(t) had a slope of 1.0 (i.e., from 0.8 to 1.2) to ensure penetrant motion was diffu-

sive rather than sub-diffusive/ballistic. In simulations where the diffusive regime was not

reached, diffusivity values are omitted in the dataset.

The dynamic structure factor was computed as:18

S(q, t) =
1

N2

∑
i,j

exp [iq · (ri(t)− rj(0))] (S6)

where q is the wavevector of magnitude, q, chosen as q = 2π
L
⟨nx, ny, nz⟩, for box length, L,
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and ni are integer components. The decay of S(q, t) was fit to a stretched exponential:18,19

S(q, t)

S(q, 0)
= exp

[
−
(
t

a

)b
]

(S7)

where a and b are fitting parameters. The corresponding polymer structural relaxation time

τp was obtained as:18,19

τp = aΓ

(
1 +

1

b

)
(S8)

where Γ is the gamma function. The τp values plotted in Figure 2B correspond to τp values

at a characteristic size, 2π/q, of 1.0σ. Plots of τp vs. 2π/q are presented in Figure S3.

Pore size distributions (PSDs) were computed using the PoreBlazer v4.0 software. For

PSD calculations, penetrant and solvent beads were removed from the simulation box, and

polymer beads were assigned a diameter of 1σ. The minimum probe size 0.2σ was chosen to

be smaller than the minimum penetrant diameter (0.25σ), allowing assessment of accessible

volume for all penetrant sizes. Polymer correlation length was computed from the PSD

according to Sorichetti et al.:20

ξ =

∫ ∞

0

xPSD(x)dx (S9)

where x is the pore diameter and PSD(x) is the normalized pore size distribution.

For the fully solvated system (ϕw = 1.0), solvent beads were retained during the PSD

calculation. The average free-volume element diameter was computed analogously as:

⟨dp⟩ =
∫ ∞

0

xPSD(x)dx (S10)

and the corresponding average free-volume element size was calculated as π⟨dp⟩3/6.

Polymer Kuhn lengths were computed using:

b =
⟨R2⟩
Rmax

(S11)
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where ⟨R2⟩ is the mean-square end-to-end distance of the polymer in a melt or in θ-solvent

and Rmax is the fully extended chain length:

Rmax = nl sin

(
θ

2

)
(S12)

where n is the number of bonds along the polymer backbone, l is the average bond length,

and θ is the backbone bond angle. Since our simulations approximate those of a θ-solvent

(ϵpolymer−polymer = ϵsolvent−solvent = ϵpolymer−solvent), we calculated Kuhn length from simula-

tions at ϕw = 0.79.

Diffusivity Models

Stokes-Einstein

Comparison of the Stokes-Einstein model (Equation 2 in the main text) with simulation

data is provided in Figure S1. Figure S1A includes data for polymer-free systems (solvent

and penetrant only). As shown, diffusivity follows Stokes-Einstein with a slope of −1.10.

However, as shown in Figure S1B, systems with a water volume fraction of 0.29 show sig-

nificant deviation from Stokes-Einstein with slopes ranging from −1.62 to −3.12 in moving

from flexible to rigid polymers.

Polymer Physics Models

Theoretical models for penetrant diffusion in polymer solutions depend on the correlation

length, ξ, which provides a measure of the spacing between polymer segments. While calcu-

lating a single value of ξ is useful, there is always a distribution of chain spacings, which can

be quantified from simulations via pore size distributions (PSDs), as shown in Figure S2.

PSDs for simulations with varying ϕw and kθ are shown in Figure S2A (for penetrants with

diameter of 1.75σ) and PSDs with varying ϕw and penetrant diameter are shown in Figure
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Figure S1: CGMD simulation results for (A) diffusivity of penetrant beads vs. penetrant
diameter in solvent (i.e. polymer free, ϕw ≈ 1.0). Diffusivity follows the Stokes-Einstein
equation, with a slope of −1.10. (B) Diffusivity of penetrant beads vs. penetrant diameter
in a polymer solution (ϕw = 0.29). Diffusivity deviates from the Stokes-Einstein relation-
ship. The presence of polymer with higher rigidity causes a more pronounced deviation
from Stokes-Einstein, with diffusivity showing a stronger dependence on diameter. Reduced
Lennard-Jones (LJ) units are used for diffusivity and diameter values, where σ is the LJ
diameter and τ = σ

√
m/ϵ, where m is the bead mass and ϵ is the LJ well depth.

S2B (for simulations with kθ = 200.0ϵ/rad2). As shown, computed PSDs show a strong

dependence on solvent content, but negligible dependence on polymer backbone rigidity

or penetrant diameter. Correlation length can be computed from pore-size distributions

using Equation S9. In Figure S2C, we plot the correlation length vs. the polymer volume

fraction, where we have averaged over every rigidity value and penetrant diameter value. As

shown, a plot of log ξ vs. log ϕp has a slope of −1.15. Theoretically, ξ ∼ ϕ
−ν/(3ν−1)
p , where

ν is the Flory exponent, equal to 0.5 in θ-solvent and 0.588 in good solvent. Therefore,

in θ-solvent one expects a slope of −1 and in good solvent one expects a slope of −0.77.

Our simulations approximate that of a θ-solvent due to polymer-polymer, solvent-solvent,

and polymer-solvent interactions all having equal energy. Therefore, the computed slope of

−1.15 is approximately consistent with theory. The computed values for ξ range from 0.79σ

to 3.27σ for nominal water volume fractions ranging from 0.17 to 0.75. Since penetrant

diameter ranges from 0.25σ to 2σ, we are exploring regimes where d < ξ and d > ξ.
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Figure S2: Pore size distributions for (A) simulations with d = 1.75σ with varying solvent
content and backbone rigidity and (B) simulations with kθ = 200.0ϵ/rad2 and varying solvent
content and bead diameter. As shown, the PSD’s show a strong dependence on water
content, but a weak dependence on the backbone dynamics and the size of the penetrant
bead present. (C) Correlation length vs. polymer volume fraction. The plot shows a slope
of −1.15, approximately matching the expected scaling of −1 in θ-solvent.
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The coupling and decoupling of penetrant diffusivities from polymer dynamics is crit-

ical for tuning membrane separation performance. Large penetrants are often trapped by

polymer segments more than small penetrants, and therefore show a stronger coupling to

polymer dynamics. By increasing rigidity, the diffusion of large penetrants decreases sig-

nificantly while small penetrants are less affected. Therefore, increasing rigidity can cause

an increase in selectivity while maintaining diffusivity of the faster species, resulting in an

improvement of separation performance.

The dependence of polymer dynamics on length-scale is well-studied in the polymer

physics community:21

τp ≈


τ0
(
d
b

)3
, d < ξ (Zimm)

τξ

(
d
ξ

)4

, d > ξ (Rouse)

(S13)

where b is the Kuhn length, d is the length-scale of interest, and τ0 is given as:

τ0 ≈
ηsb

3

kBT
(S14)

and τξ is given as:

τξ ≈
ηsξ

3

kBT
(S15)

where ηs is the solvent viscosity.

As shown in Figure S3A, at a high water volume fraction of 0.79, the simulated polymer

relaxation, computed from the decay of the dynamic structure factor (Equations S6-S8),

appears to follow the scaling with d3 predicted from the Zimm model. As shown in Figure

S3B, at a lower water volume fraction of 0.20, the agreement with theory is not as accurate.

As described in the main text, τp shows a very strong dependence on polymer rigidity, which

is expected when ξ ∼ b, but not directly incorporated into Equations S13-S15. As will be

described later, free volume models can be used to describe relaxation of Kuhn segments

rather than using Stokes-Einstein with solvent viscosity as is done in Equations S13-S15.
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Figure S3: Polymer relaxation times, τp, computed using Equations S6-S8 vs. characteristic
spacing d = 2π/q. (A) Plot at a water volume fraction of 0.79, (B) plot at a water volume
fraction of 0.20. The slopes of the solid black lines represent the predicted scaling from
Equation S13, which transitions from a slope of 3 to a slope of 4 at d = ξ.

Free Volume Models

Free-volume models typically assume the following dependence of penetrant diffusivity on

size and free volume:22

D = A exp

(
−V ∗

Vf

)
(S16)

where A is a pre-exponential factor, V ∗ is a parameter with strong dependence on penetrant

size (often assumed to be proportional to the penetrant cross-sectional area times the diffu-

sion jump distance), and Vf is the effective average free volume element size that has been

corrected to account for the overlap free volume.

Yasuda Model

Based on the free-volume concept, Yasuda et al. derived the following expression for pene-

trant diffusivity in hydrated polymer systems:23

D = Dw exp

(
β (α− 1) (1− ϕw)

ϕw + α (1− ϕw)

)
(S17)
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where ϕw is the water volume fraction, α and β are given as:

α = Vf,p/Vf,w (S18)

β = V ∗/Vf,w (S19)

where Vf,p is the polymer fractional free volume, and Vf,w is the water fractional free volume.

As such, α is a polymer-specific parameter. Approximating V ∗ as the penetrant volume, β

is a penetrant-specific parameter, and Equation S17 predicts a linear scaling of logD with

d3. As shown in Figure S4, scaling of logD with d3 (at a water volume fraction of 0.29) does

not agree well with our simulation data as compared to scaling of logD with log d in Figure

S1B.

Figure S4: Plot of diffusivity vs. d3 in a polymer solution (ϕw = 0.29). The plot shows
significant nonlinearity, suggesting a deviation from the Yasuda model provided in Equa-
tions S17-S19. Comparison with Figure S1B suggests that the scaling of logD with log d is
superior.

Beyond the predicted scaling, the parameters in the Yasuda model can be computed

directly from simulations. α can be computed as FFVp/FFVw where FFV is the fractional

free-volume. For this calculation, we assume that polymer and solvent beads have a diameter

of 1σ and use the simulation box volumes for polymer-free and solvent-free cases to obtain

FFVw and FFVp, respectively. This approach yielded an FFVw value of 0.57 from polymer-

free systems. FFV values for pure polymer were calculated for each polymer backbone
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rigidity and are provided in Table S2. They ranged from 0.46 for kθ = 2.0ϵ/rad2 to 0.51 for

kθ = 200.0ϵ/rad2.

Table S2: Dependence of polymer fractional free volume (FFVp) on backbone rigidity, kθ

kθ (ϵ/rad2) FFVp

2.0 0.46
5.0 0.46
10.0 0.46
15.0 0.46
20.0 0.46
25.0 0.46
35.0 0.47
50.0 0.47
100.0 0.49
200.0 0.51

We attribute the larger free volume of the rigid polymer systems to the nonequilibrium

excess volume of a glassy material. α therefore ranges from 0.81 for kθ = 2.0ϵ/rad2 to 0.90 for

kθ = 200.0ϵ/rad2. These values are consistent with experimental positron annihilation life-

time spectroscopy (PALS) measurements and atomistic simulations of PEO-based polymers

which have suggested α should range from 0.75 to 1.0.18 β can be computed by assuming V ∗

is the penetrant volume and Vf,w = π⟨dp⟩3/6, with ⟨dp⟩ computed from solvent-only PSDs

(Equation S10). Using this approach, we compute an average free volume element diameter

of 0.49σ corresponding to an average free volume element size of 0.06233σ3. Prediction of

penetrant diffusivity using computed values for α and β leads to very poor agreement with

simulation data. In addition to poor numerical agreement, the model incorrectly predicts

the dependence of diffusivity on polymer rigidity. The positive correlation between kθ and

α implies that an increase in polymer rigidity will correspond to an increase in penetrant

diffusivity based on Equation S17. Based on our simulations, this trend is incorrect. In-

stead, it is expected that α should decrease as kθ increases. This observation suggests that

a static view of free volume is insufficient for correlation with dynamic properties such as

diffusivity when polymer chemistry and polymer dynamics are changed. This observation is

perhaps not surprising, since many glassy materials have large nonequilibrium free volume
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as compared to rubbery materials but also have lower penetrant diffusion coefficients.

Alternatively, α and β can be treated as fitting parameters. One way to fit the data

is to fit log(D) vs. ϕw data for each unique kθ value and penetrant diameter. Therefore,

α and β are both allowed to vary with penetrant size and backbone flexibility, while Dw

is fixed at the measured diffusivity in the polymer-free simulation. However, such a fitting

procedure leads to significant overfitting, and leads to α and β values that appear to have a

random dependence on backbone flexibility and size. Alternatively, one can allow β to vary

only with penetrant size (i.e. independent of backbone flexibility) and allow α to vary only

with backbone flexibility (i.e. independent of penetrant size). The polymer-free diffusivity,

Dw, can be computed from Stokes-Einstein (Equation 2), where kBT/(3πηs) represents a

single fitting parameter. In Figure S5A, we compare modeled diffusivities with simulated

diffusivities in a parity plot. As shown, the model provides a good fit to the data, with an

R2 of 0.982.

Computed values for α and β are plotted in Figure S5B and C, respectively. As shown,

α monotonically decreases with increasing rigidity (kθ), and β monotonically increases with

increasing penetrant diameter (d). Therefore, although α and β are fitting parameters, they

maintain some level of physical significance.

Modified Diffusivity Model

While the Yasuda model provides a good fit to the simulation data, the model is limited

by the unknown dependence of β on penetrant size. Here, we derive a modified version

of the model which has an explicit dependence on penetrant diameter, rather than β, and

incorporates the observation that a sufficiently small penetrant, with diameter, d0, will have

constant diffusivity, D0, regardless of water volume fraction or polymer rigidity. This idea

is shown in Figure S6, where the diffusivity of penetrants with a diameter of 0.25σ shows

minimal dependence on either water volume fraction or polymer rigidity.

If one assumes a linear relationship between logD and log d, the following relationship
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Figure S5: Plots of (A) modeled vs. simulated diffusivity plotted on a parity plot, (B) α vs.
kθ and (C) β vs. d, obtained from fitting simulation data to the Yasuda model (Equation
S17).
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Figure S6: Diffusivity vs. water volume fraction for penetrants with d = 0.25σ. As shown,
diffusivity shows minimal dependence on either water volume fraction or polymer rigidity,
indicative of a decoupling from polymer and water dynamics.

will be obeyed:

D

D0

=

(
d0
d

)γ

(S20)

where γ is the scaling exponent. Setting the diffusivity, D, from this model equal to that of

the Yasuda model, and letting Dw = D0d0/d (Stokes-Einstein), one obtains:

(γ − 1) ln

(
d0
d

)
=

β(α− 1)(1− ϕw)

ϕw + α(1− ϕw)
(S21)

Here, γ is a function only of rigidity (α) and water content (ϕw), while β is a function

of penetrant size. Equation S21 suggests that β can be redefined to be proportional to

ln(d/d0) rather than proportional to d3 as suggested in the original Yasuda model. This

proportionality recovers a scaling between logD and log d which is in better agreement with

our simulation data than between logD and d3, as shown by comparing Figures S4 and S1B.

Therefore, if we let β = (B + 1) ln(d/d0), with B + 1 defined as a proportionality constant

capturing the strength of size-dependence, then:

γ = 1− (B + 1)(α− 1)(1− ϕw)

ϕw + α(1− ϕw)
=

1 +B(1− ϕw)(1− α)

ϕw + α(1− ϕw)
(S22)
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Therefore, the final form of the model is:

D = D0

(
d0
d

) 1+B(1−ϕw)(1−α)
ϕw+α(1−ϕw)

(S23)

Fits to Equation S23 to the simulation data are provided in Figure S7. As shown, the model

properly captures the quantitative simulated trends. A parity plot of the simulated and

modeled data is provided in Figure 3 in the main text.

Plots of Kuhn length vs. kθ, α vs. kθ, and α vs. Kuhn length are provided in Figure S8.

As polymer rigidity increases (i.e. kθ increases), the Kuhn length increases and α decreases.

logα vs. Kuhn length is approximately linear, allowing the number of fitting parameters to

be reduced from 13 to 5, with minimal change to the fit, as shown in Figure S9.

The relaxation of Kuhn segments can be expected to obey a similar mechanism as the

diffusion of penetrant beads, as governed by free volume. This tendency is the main source

of discrepancy between theories for nanoparticle diffusion and our simulation results. The

Cai model assumes that Kuhn segment relaxation times are predicted directly from Stokes-

Einstein with the solvent viscosity. Indeed, as shown in Figure 2B, the inverse of polymer

relaxation time shows similar dependence on water content as diffusion of penetrants.

A polymer segment diffusivity can be computed from the modified diffusion model:

Dp0 = D0

(
d0
b

) 1+B(1−ϕw)(1−α)
ϕw+α(1−ϕw)

(S24)

The relaxation timescale is then given as:

τp0 =
b2

Dp0

(S25)

As shown in Figure S10, the computed τp0 values from the model correlate with the τp0 values

from simulation, which were calculated as the value of τp at q = 2π/b.
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Figure S7: Plots of penetrant diffusivity vs. water volume fraction for varying penetrant
diameter. Lines are fits to Equation S23. The following parameters were used for the fits:
D0 = 0.1944σ2/τ , d0 = 0.2049σ, B = 1.563. (A) α = 0.6339 (kθ = 2.0ϵ/rad2) (B) α = 0.6073
(kθ = 5.0ϵ/rad2) (C) α = 0.5504 (kθ = 10.0ϵ/rad2) (D) α = 0.5015 (kθ = 15.0ϵ/rad2)
(E) α = 0.4663 (kθ = 20.0ϵ/rad2) (F) α = 0.4364 (kθ = 25.0ϵ/rad2) (G) α = 0.4053
(kθ = 35.0ϵ/rad2) (H) α = 0.3792 (kθ = 50.0ϵ/rad2) (I) α = 0.3677 (kθ = 100.0ϵ/rad2) (J)
α = 0.3584 (kθ = 200.0ϵ/rad2).

Mackie-Meares Model

Another common model for penetrant diffusivity is the Mackie-Meares model:

D = Dw

(
ϕw

2− ϕw

)2

(S26)

This model allows diffusivity to be estimated with no fitting parameters. The model assumes

the polymer is completely immobile and that polymer beads, solvent beads, and penetrant

beads all occupy a single point on a lattice, and are therefore approximately the same

size. Based on these assumptions, we may expect the model to work reasonably well for

our simulations with rigid polymers and a penetrant diameter of d = 1σ. As shown in

Figure S11, the model does indeed provide a good fit, where the yellow points represent the

simulated diffusivity values and the dashed line is a plot of Equation S26. The model also

provides an excellent prediction for diffusivity of penetrants with d = 0.75σ. However, the

model prediction is much worse for the other penetrant bead sizes. One explanation for this

discrepancy is that for larger (smaller) penetrant beads, the accessible volume fraction is
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Figure S8: (A) Kuhn length vs. kθ, (B) α vs. kθ, (C) α vs. Kuhn length.
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Figure S9: Parity plot for modified Yasuda model with simplified relationship between α
and Kuhn length.

Figure S10: Comparison of model prediction for polymer relaxation dynamics with simulated
quantities.
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smaller (larger) than for a penetrant with size equal to the lattice size (i.e., size equal to the

solvent and polymer bead sizes). To account for this difference in accessible volume, we can

modify Equation S26:

D = Dw

(
fϕw

2− fϕw

)2

(S27)

where f represents the fraction of the water volume fraction accessible to the penetrant,

computed as:

f =

∫∞
d

PSD(x) dx∫∞
1σ

PSD(x) dx
(S28)

For penetrants larger than the lattice size, f < 1, and for penetrants smaller than the lattice

size, f > 1. Equations S27 and S28 can be used to estimate diffusivities with no fitting

parameters by using the computed PSD’s. However, for larger bead sizes, this procedure

tended to under-predict the simulated diffusivity values. If we instead treat d in Equation

S28 as a fitting parameter, then we obtain good agreement, as plotted in Figure S11. The

values for d fitted by the model differ from the actual values. For example, for d = 0.25, the

fitted value of d is equal to 0.0σ, indicating that the entire PSD is integrated. For d = 2.0, we

compute a fitted value of 1.36σ. Additionally, this form of the model assumes the polymer is

completely immobile and therefore does not predict any dependence of diffusivity on polymer

dynamics. As a result, we are only able to make a reasonable comparison with data for the

most rigid polymers (kθ = 200.0ϵ/rad2). Due to these shortcomings, we believe the model is

not as useful for modeling diffusion in our systems as the previously described models.

Bond Angle Variation

To evaluate the role of θ0 on simulated results, we performed a series of simulations with

θ0 = 135◦, kθ = 25.0ϵ/rad2, and d = 1.0σ with varying water volume fraction. As shown in

Figure S12, at moderate to high water volume fractions, variation of the equilibrium bond

angle has almost no effect on simulated diffusivity values. At low water volume fractions,

S20



Figure S11: Comparison of simulation data with the Mackie-Meares model (dashed lines)
and the modified Mackie-Meares model (solid lines) for kθ = 200.0ϵ/rad2. We only plot
results for the most rigid polymer, due to the assumption that polymer beads are immobile
in the Mackie-Meares model.

there appears to be a slight dependence on bond angle, but the overall effect remains small.
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Figure S12: Comparison between θ0 = 114◦ and θ0 = 135◦, with kθ = 25.0ϵ/rad2 and
d = 1.0σ. Simulated diffusivity values are similar for the two equilibrium bond angles.
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