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Nanoparticles (NPs) demonstrate considerable potential in medical applications, including targeted drug
delivery and diagnostic probes. However, their efficacy depends on their ability to navigate through the
complex biological environments inside living organisms. In such environments, NPs interact with a
dense mixture of biomolecules, which can reduce their mobility and hinder diffusion. Understanding the
factors influencing NP diffusion in these environments is key to improving nanomedicine design and
predicting toxicological effects. In this study, we propose a computational approach to model NP
diffusion in crowded environments. We introduce a mesoscale model that accounts for the combined
effects of the protein corona (PC) and the crowded medium on NP mobility. By including volume-
exclusion interactions and modelling the PC both explicity and implicitly, we identify key
macromolecular descriptors that affect NP diffusion. Our results show that the morphology of the PC
can significantly affect the diffusion of NPs, and the roles of the occupied volume fraction and the size
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DOI: 10.1039/d5sm01152¢ estimates. To overcome the limitations of single-sphere representations, a strategy for an accurate

parameterization of NP-PC systems using a single-sphere model is presented and the validity and
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1 Introduction

The potential use of nanoparticles (NPs) in biological, pharma-
ceutical, chemical, and medical fields has produced an inter-
disciplinary research field known as nanomedicine." It is worth
noting that effective nanomedical applications rely on the NP’s
ability to target and navigate specific structures within living
organisms. In this way, assessing the mobility of NPs is a
critical factor that can influence potential applications, requir-
ing the evaluation of several key aspects. Additionally, when
NPs interact with biological fluids, they get immediately coated
by a biomolecule rich layer known as the protein corona (PC) or
biomolecule corona which determines its bioactivity.” Its com-
position depends on several factors such as the NP’s size,
shape, material, and the biological medium content.>™ How-
ever, it is clear that its formation leads to morphological
changes that can result in anisotropic structures with patchy
patterns on the surface,”™® although the specific structure and
organization of the PC depend on the NP type.® As a result, NPs
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limitations of the model are discussed.

with a PC are unlikely to maintain an ideal, smooth spherical
shape. This transformation impacts the NP’s mobility and
transport properties by altering its size, shape, interaction
dynamics and overall its biological identity, thus influencing
its bio-distribution and bio-availability.'®"® Furthermore,
nowadays NPs can be designed with a multitude of shapes,
such as spheres, flowers, or stars, and their surface morphology
is often engineered to include features like spikes, virus- or
raspberry-like patterns'*™'® and it has been shown that the
shape alone also affects their bioactivity."® These findings
suggest that simple sphere models might not be adequate to
understand, predict and finally engineer NPs with a desirable
diffusion behaviour for nanomedicine applications.

Another factor to consider is that the biological environ-
ments where the transport happens introduce additional com-
plexity to the dynamics of the NPs due to macromolecular
crowding. Biological fluids, particularly within cells, are den-
sely populated with proteins and other macromolecules that
can occupy up to 40% of the total volume. Furthermore, these
crowded environments are often polydisperse, complicating the
analysis and study of transport properties. To understand the
dynamics of NPs under such conditions, colloids theory for
spherical particles is commonly used, an approach that is also

Soft Matter


https://orcid.org/0000-0002-3983-1587
https://orcid.org/0000-0003-1083-6234
http://crossmark.crossref.org/dialog/?doi=10.1039/d5sm01152c&domain=pdf&date_stamp=2026-02-23
https://rsc.li/soft-matter-journal
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5sm01152c
https://pubs.rsc.org/en/journals/journal/SM

Open Access Article. Published on 05 February 2026. Downloaded on 2/25/2026 3:22:12 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Paper

applied to protein solutions.”® Over the years, this method has
provided insights into protein phase diagrams, crystallization,
self-assembly, aggregation, and diffusion.?*"** It is well known
that colloidal systems at high concentrations display reduced
diffusion rates due to particle interactions, including
hydrodynamic effects, crowding, and collisions.>***> Theories
describing concentrated monodisperse soft sphere colloids and
polymers have effectively captured these phenomena.**">° How-
ever, for non-spherical particles, the application of these the-
ories is by no means straightforward. Surface roughness and
particle shape influence diffusion rates, with rough particles
diffusing more slowly than smooth ones near walls in pure
solvents.*® Two recent computational studies have emphasized
the role of morphology in NP diffusion.*** The first study
examined how the distribution, size, and morphology of func-
tional groups on spherical NPs influence their translational
diffusion both at infinite dilution and near rigid walls. The
findings revealed that the transport properties of functiona-
lized NPs are notably affected by the morphology of the
attached groups. In the second study, it was shown that NPs
with different anisotropic shapes display unique self-diffusion
and sedimentation behaviours, with a stronger dependence on
volume fraction compared to spheres. Moreover, it has been
proved how in crowded media, interactions among rough
colloids can lead to rotational arrest and phenomena such as
second glass transition in both translational and rotational
diffusion, which are absent for systems with smooth
particles.>® While colloid models have successfully described
the dynamics of some proteins under specific crowded
conditions,?*?*3* they are typically restricted to spherical and
isotropic particles in monodisperse solutions. More complex
modelling approaches are often required to address anisotropic
objects.*>*>*> For example, it has been demonstrated that
anisotropic shapes and interactions significantly influence
protein diffusion, particularly at high concentrations.*®* All
of these findings suggest that understanding NP diffusion in
biological fluids requires integrating macromolecular crowding
and PC-induced morphological features into existing models.
NP diffusion plays a crucial role in determining the in situ
properties of the PC, particularly its thickness. Hydrodynamic
size measurements, often obtained through fluorescence-based
techniques,**™*’ rely on diffusion models that typically assume
spherical particles. This simplification, commonly adopted in
both experimental and simulation studies to enable more
tractable modelling and analysis, treats complex structures as
effective spheres.** These are typically defined by an equivalent
hydrodynamic radius, derived from the diffusion coefficient at
infinite dilution of the non-spherical body. This approach is
widely used to estimate PC thickness in biological fluids.*>*°
Since these methods are grounded in diffusion theory, an
accurate understanding of nanoparticle mobility is essential
for reliable measurements.

In this context, this work aims to model the diffusion of NPs
in polydisperse crowded environments. For this task, we devel-
oped a computational model to simulate NP dynamics in
protein-rich media, accounting for macromolecular crowding
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and the presence of a PC on spherical NPs. We adopt a Coarse-
Grained Meso-Scale (CG-MS) approach that ensures computa-
tional feasibility over the timescales relevant for the long-time
diffusion. Here, proteins are modelled as spheres, and NPs with
a PC are treated as single rigid objects using a raspberry-like
model, a representation commonly used in computational
studies of NPs with a PC.**° with this model, we then
quantify how the PC properties and macromolecular crowding
jointly affect NP diffusion. To achieve this, our analysis explores
variations in PC morphology, spatial organization, and compo-
sition to assess their impact on diffusion. We compare explicit
against implicit PC representation, with the aim of determining
the conditions under which an equivalent single-sphere
approximation is valid. Finally, we evaluated the role of the
medium composition (monodisperse versus polydisperse crow-
ders) and of the occupied volume fraction in NP dynamics in
biological environments.

2 Methods

NPs when interacting with living organisms typically diffuse
through biological fluids under crowded molecular conditions,
often coated by a PC layer. Simulating such systems at the
atomistic resolution level can be computationally expensive.
For instance, considering a 20-nm diameter spherical NP
diffusing in a box of 110 x 110 x 110 nm® with crowders
occupying a volume fraction of ¢ = 0.3 (typical of biological
fluids) would require simulating between 1000-10 000 proteins
over time scales relevant to NP diffusion - usually on the order
of several microseconds or even milliseconds. Employing full-
atomistic or even moderately coarse-grained models to reach
these timescales for a few hundred proteins (corresponding to
~50000-100 000 residues) would result in a massive invest-
ment of computational resources. Moreover, when simulating a
highly polydisperse system, we must account for multiple
replicas to obtain robust statistics. In this work, to address
these challenges, we adopted a mesoscale representation of the
proteins in solution and within the PC, wherein each protein is
represented by a single sphere. We stress that the hydrody-
namic radius is an input parameter defining the spherical
representation of proteins, and no alternative non-spherical
representations are included for medium proteins. This
approach preserves the tracer’s morphological properties,
allowing us to assess their contribution to diffusion, while with
spherical crowders we can still evaluate different size contribu-
tion and concentration effects through volume exclusion inter-
actions. The size of each sphere is set to the hydrodynamic
radius of the protein computed in pure solvent. Using this
approach enables efficient exploration of the NP’s diffusion
within complex biological environments while balancing com-
putational costs and system comparability.

2.1 Nanoparticle and protein corona (NP-PC) models

In this work, each NP is modelled as a sphere of 20 nm in
diameter while the PC is represented by spheres of different

This journal is © The Royal Society of Chemistry 2026
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sizes (each size representing a protein type) attached to the NP.
These sizes were set to the hydrodynamic radius (ry) of the
proteins obtained by computing the translational diffusion
coefficient (D, ) of each protein type at infinite dilution (i.e. in
pure solvent) using HYDROPRO software (version 10)°° and
then using the Stokes-Einstein relationship to calculate ryy. The
atomic coordinates for the atoms of the proteins used for these
calculations were obtained from the Protein Data Bank®" when
available, and alternatively from the Alphafold repository.’> The
viscosity and density of the solvent were set to 0.01 poise and
1 g ml™ %, respectively, while a temperature of 293 K was used in
all calculations. The number of binding sites available on the
surface of the NP, and therefore the number of proteins that
can be forming the PC, was calculated for each protein type
using the approach developed by Rouse and Lobaskin.*” This
method accounts for the steric occupancy of every protein, and
is developed as follows. First, the projected binding area of each
protein that constitutes the PC is calculated with the formula,

a; = 27'CVNP2 1-—

where ryp is the NP’s radius, and r; is the radius of the i-th
protein. The total surface of the NP covered by all proteins of a
certain type is calculated as,

A; = [C]-4nryp, (2)

where C; is the relative abundance of each corona protein type.
This parameter can be set to design a desired corona composi-
tion, or derived from experimental data of real PC. The number
of binding sites available for each protein type is then given by
s; = Aj/a;. In this study, we modelled only mono-layered PCs,
keeping the total surface coverage of the NPs between 85 and
90% for all the simulated systems. For a given PC composition,
the spheres that constitute the PC are randomly distributed on
the surface of the NP. These proteins are modelled as hard
spheres, avoiding any overlap. As different configurations of the
same PC might have different effects on the diffusivity of the
NP-PC complex, we generate multiple layouts of each PC, i.e.
the same composition of the PC but with the different arrange-
ments of the proteins. In practice this is done as follows; prior
to the main simulations, a random PC arrangement is gener-
ated. Then we perform a brief Brownian dynamics (BD) simula-
tion involving the NP and the corona proteins alone. At this
stage, the proteins are allowed to diffuse on the surface, and in
this way we are able to model the same protein composition but
with different layouts around the NP. Each frame of the BD
trajectory corresponds to a unique PC configuration around the
NP. Afterward, during the production simulation, the NP-PC is
treated as rigid-body (RB), i.e. we assumed that the PC is
irreversibly bound to the NP once formed® and that their
layout and composition do not change in time. To enable this,
both translational and rotational drag coefficients, as well as
the moments of inertia (MOI) of the RB, had to be defined. The
translational diffusion coefficient (D, ) and the 3 x 3 rotational
diffusion matrix at infinite dilution were computed for the
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Fig. 1 (a) and (b) Representation of the NP-PC complex and the protein
size distribution of the corona for the models P1 (a) and P2 (b). (c) and (d)
Representation of the NP-PC complex and the protein size distribution of
the corona for the simplified corona models P1-S (c) and P2-S (d). (e) From
left to right, graphical representation of MS NP, MM NP and ML NP models.
(f) The three final systems investigated in this work were designed with
different molar ratios of small (green), medium (red) and large (blue)
proteins in the corona, resulting in three qualitatively different shapes.
From left to right, the relative concentration ratio of the corona proteins is
1:1:0 (P3), 2:1:1 (P4), and 1:1:2 (P5). (g) Example of a simulation box
containing plasma proteins at a total volume fraction of ¢ = 0.3. The
protein types and their relative concentrations are based on experimental
plasma composition data.

chosen RB configuration using HYDRO++.>* The corresponding
translational drag coefficient and rotational drag coefficient
tensor were then obtained by taking the reciprocals of these
values. The physical properties of the solvent used in these
calculations were the same as those reported above for the
plasma proteins. Furthermore, the MOI calculated for the RB
were then used to define the principal axis of rotation used by
the BD simulation package used in this study.>® More details on
the RB implementation will be given in Section 2.3.

The first two systems modelled are 20-nm NPs with poly-
dispersed plasma PCs. The two proteomic compositions of the
PC were selected from experimental data, specifically from
20 nm citrate coated silver and gold NPs (Ag-CIT and Au-CIT
NPs) as reported in ref. 56 (see Tables S1-S2 for the composi-
tion of the PCs). We will refer to these systems as P1 and P2
NPs. Fig. 1a and b show the relative occupancy of each protein
in the corona and a rendering of the final system.

As mentioned above, different configurations of the same
PC were generated. For both P1 and P2 NPs, 1000 different
layouts of the PC were constructed. For each of these config-
urations of the NP with a PC, the hydrodynamic radius of
the NP-PC was derived from the computed D, using the
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Stokes-Einstein relationship. To investigate the role of PC’s
layout on the long-time diffusivity, from this set of 1000
configurations, we selected four for the production BD simula-
tions in crowded medium. The four configurations were
selected based on the following criteria: a NP-PC with the
modal hydrodynamic size (¢;), a NP-PC with the largest hydro-
dynamic radius (t,), a NP-PC with the smallest hydrodynamic
radius (¢3), and a randomly selected NP-PC (t,), as shown in
Fig. S1 and S2. Additionally, we derived two simplified models,
referred to as P1-S and P2-S, from the original P1 and P2 NP-PC
systems. In these simplified models, the PC is composed of
only three distinct protein sizes (Fig. 1c and d), in contrast to
the full distribution of protein sizes present in the original P1
and P2 models (Fig. 1a and b). These three sizes were obtained
by discretizing the original protein distributions into groups of
proteins with similar hydrodynamic radii. For the P1-S model,
the protein sizes were grouped into three representative radii:
2.8 nm, 5.0 nm, and 8.7 nm. The number of size types was
chosen to preserve the overall hydrodynamic radius of the
NP-PC, such that the resulting i of the P1-S matches that of
the original P1 NP-PC of 18.9 nm. Similarly, for the P2-S model,
the simplified composition includes proteins with radii of
3.0 nm, 5.2 nm, and 8.6 nm, also preserving the same ry as
the original P2 NP-PC of 22.3 nm. This reduction in complexity
was implemented to test whether a simplified representation of
the PC, in which the detailed size distribution is reduced but
the overall hydrodynamic size and morphology are preserved,
has any impact on tracer diffusion.

To assess whether the diffusion of the NPs can be influenced
by the polydispersity of the PC, we modelled three more 20 nm
NPs with monodisperse PCs, i.e. made only of one kind of
protein (Fig. 1e). As protein types we chose three types: small
size proteins (spheres of radius 2.6 nm), medium size proteins
(spheres radius 5.5 nm) and large proteins (spheres of radius
8.7 nm). These sizes were selected as they are commonly found
in both the P1 and P2 coronas (see Fig. 1a and b). We will refer
to these systems as monodisperse small (MS), monodisperse
medium (MM), and monodisperse large (ML) coronas. For
these five systems (P1, P2, MS, MM and ML NPs) we perform
BD simulations by treating the NP-PC complex as rigid-bodies
(RBs) and also by modelling the NP-PC complex as a single
sphere of size determined by the NP-PC hydrodynamic size
(equivalent hydrodynamic single sphere, h-SS). In this way,
instead of only representing the NP-PC system by the use of a
multi-beads RB as shown in Fig. 1, we now also represent the
NP-PC complex as a single sphere of which its size is derived
using the Stokes-Einstein formula from the D; calculated with
HYDRO++ from the RB structure. Thus, we are able to simulate
the PC both explicitly and implicitly, evaluating the validity of
the h-SS approximation on NP diffusion. Finally, we modelled
three more 20 nm NPs with a simplified polydisperse PCs, i.e.
using only three protein types. The corona compositions of
these three systems were not based on experimental data, but
were artificially designed to reproduce three different morphol-
ogies — from a more compact homogeneous-shaped NP to a
more rough and irregularly-shaped one (Fig. 1f). We will refer to
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Table 1 All NP-PC systems investigated in this study, with full names, ID

and hydrodynamic size. The asterisk (*) indicates that for these systems,
the equivalent h-SS model has been simulated as well

System ID rg [nm]
Ag-CIT NP with polydisperse PC P1 t,* 18.9
p1£ 19.0
P1¢ 18.7
P11t 18.8
Au-CIT NP with polydisperse PC P2 t,* 22.3
P2 ¢ 22.5
P2 £ 221
P2 t, 22.3
P1 NP with simplified PC P1-S 18.9
P2 NP with simplified PC P2-S 22.3
NP with polydisperse PC (1:1:0 protein ratio) P3 18.0
NP with polydisperse PC (2:1:1 protein ratio) P4 20.5
NP with polydisperse PC (1:1:2 protein ratio) P5 22.2
NP with monodisperse PC (small) MS* 14.5
NP with monodisperse PC (medium) MM* 19.0
NP with monodisperse PC (large) ML* 24.3

these as P3, P4, and P5. A summary of all NP-PC systems is
presented in Table 1.

2.2 Medium model

In this study we simulated NPs diffusing in different media at
different concentrations. We modelled both polydisperse and
monodisperse suspensions. For the polydisperse suspensions,
we simulated human plasma, a common incubation medium
for in vitro experiments. Human plasma is a complex suspen-
sion of biomolecules containing over 3000 identified proteins
but the 20 most abundant represent approximately 98% of the
total protein mass of plasma.’” To provide a comprehensive
representation of polydispersity of the plasma proteome, the
plasma model simulated was composed of the 29 most abun-
dant proteins in plasma. The hydrodynamic properties for each
protein at infinite dilution were calculated from the full-
atomistic protein structures using HYDROPRO, with the same
parameters as reported in Section 2.1. After, each protein in the
medium was represented by a single bead of the size of its ry.
Physical properties of the proteins together with their concen-
trations in plasma are reported in Table S3. Finally, the poly-
dispersity index of the medium was calculated as o = o/{ry),
where o is the standard deviation of the hydrodynamic sizes in
solution and (ry) is the mean of the size distribution.

In the monodisperse suspensions, a NP-PC was allowed to
diffuse within a simulation box containing only one crowder
type (corresponding to o = 1). The crowder sizes considered in
this study range from 2.1 nm to 25 nm, covering a broad
spectrum of possible crowding conditions. The selected sizes
include: 2.1 nm, representing the smallest protein in the
polydisperse medium; 3.5 nm, corresponding to the most
abundant protein in the polydisperse medium; 3.7 nm, which
represents the average size of all proteins in the polydisperse
medium; 3.9 nm, obtained using the effective radius formula

Fvol = /{r7) from ref. 34, where the angle brackets denote
the average over the entire distribution of proteins in the

This journal is © The Royal Society of Chemistry 2026
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Table 2 All the media modelled and investigated in this study. (r")
indicates the average hydrodynamic size of the crowders in solution. ¢ot
indicates the total volume fraction occupied by all macromolecules and
the NP—protein corona complex in the simulation

()

Composition [nm]  ¢eor

Polydisperse plasma 3.7 0.05, 0.1, 0.2, 0.3, 0.4, 0.5
Mono-crowded 2.1 0.3

Mono-crowded 3.5 0.005, 0.025, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5
Mono-crowded 3.7 0.3

Mono-crowded 3.9 0.3

Mono-crowded 4.1 0.3

Mono-crowded 4.3 0.3

Mono-crowded 8.7 0.05, 0.1, 0.2, 0.3, 0.4, 0.5
Mono-crowded 18.9 0.3

Mono-crowded 25.0 0.3

human plasma model (this value should provide an effective
monodisperse equivalent for the polydisperse medium);
8.7 nm, corresponding to the largest protein in the polydisperse
medium; 18.9 nm, matching the hydrodynamic size of the
tracer in solution (P1 NP); 25 nm, included to extend the range
of crowding conditions explored, specifically to scenarios where
the crowders are larger than the tracer in solution. Table 2
summarizes all the media tested, detailing their composition,
average size, and volume occupancy.

2.3 Brownian dynamics (BD)

To investigate the diffusion of NPs with a PC layer under
macromolecular crowding conditions, we performed over-
damped BD simulations using the HOOMD-blue software
package.>® For the NP-PC RB, an anisotropic integrator was
used, ensuring that the correct MOI were defined. More
specifically, a central particle located at the centre of mass
of the NP-PC RB is defined and then forces, energies and
torques are transferred from the constituent particles to the
central one, and then are used to integrate the equations of
motion of the central particle and update the constituent
particles of the RB. BD simulations were performed in a cubic
box with periodic boundary conditions. The box size for each
system was determined to ensure it was at least three times
the size of the tracer, with the NP-PC volume fraction, ¢yp,
held constant across simulations within the same medium.
For example, in the plasma medium with ¢ = 0.3, the NP-
PC volume fraction was set to ¢np = 0.015. A total of 1086
proteins were initially modelled for the plasma medium, with
their quantities determined based on the experimental mola-
rities provided in Table S3. The number of each protein
species was set according to its respective molarity, preser-
ving the experimental concentration ratios in the plasma
medium. The volume occupied by this set of proteins was
calculated as,

4
Vplasma = Z [Cz] . gnri37 (3)

where C; is the concentration of protein i and r; is its
hydrodynamic radius. The simulation aims to reproduce a

This journal is © The Royal Society of Chemistry 2026
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target total volume fraction of macromolecules, ¢.
Part of this volume is already occupied by the nanoparticle,
with volume fraction ¢np. The remaining fraction available
for proteins in solution (crowders) is therefore

¢crowders = (‘/)tot - (bNP)' (4)

Given the simulation box volume Vo, the corresponding
volume that must be filled by proteins is

Verowders = Vbox' d)crowders- (5)

The protein composition reported in Table S3 has fixed relative
concentrations across protein types. However, this ‘“original”
mixture made of a total of 1086 proteins may not yield the
correct total protein volume for the simulation box, which must
be large enough (at least three times the size of the largest
species in solution) and satisfy the desired total volume
fraction. To meet these requirements while preserving
the relative proportions of each protein type, we introduce a
uniform scaling factor f. This factor specifies how much the
entire protein mixture must be increased or decreased to
meet the desired simulation box and volume fractions. Apply-
ing the same scaling to all protein types ensures that (i)
their relative abundances remain unchanged and (ii) the
total protein volume matches the required value for the
simulation.
Formally, the scaling factor is defined as

f _ d)crowdcrs ) (6)

¢plasma

Applying this scaling factor to each protein type yields the
number of proteins to place in the simulation box

N; = flCil. )

This ensures that the total protein volume fraction matches the
intended crowding level while the composition of the protein
mixture remains physiologically accurate.

HOOMD-blue employs a self-consistent system of units.>”
The system temperature was set to 293 K, with energy units
defined such that kg7 = 1 where kg is Boltzmann’s constant.
To establish a realistic time scale, we set the simulation
length unit ¢ = 1 nm and matched the translational diffusion
coefficient D, of both the proteins in solution and the tracer
under dilute conditions to the values computed using
HYDROPRO and HYDRO++, respectively.’®** In this way,
the reduced time unit was defined as t = 1 ps. For each
system, between 5 and 50 independent systems were simu-
lated, followed by production runs lasting up to 1250t. To
avoid particle overlaps in dense systems, equilibration was
performed by initially simulating a larger box and gradually
compressing it into the target packing fraction. A fixed
integration time step of d¢ =5 x 10~°t was used throughout
the simulations.

During the BD simulations, one single NP-PC (RB or
h-SS representation) is allowed to diffuse through the
chosen medium. All the proteins and the tracer in the solution
only interact via Weeks-Chandler-Anderson (WCA) potential,*®
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as per the formula:

e \12 /g6
4el ([Z2) — i)
Vwea(r) =4 ("i/) <"i/

07 rij >21/60'i/',

+e 1y < 21/60,-1»

(®)

with & being the depth of the potential, and r; the distance
between the centres of two interacting particles. The term o is
the characteristic length at which the interaction between
particles is zero. Here it is defined as o; = (6; + ;)/2. The
shifting term +¢ is included to ensure continuity at the cutoff.
The strength of repulsion was set as ¢ = 2kgT.

2.4 Calculation of the translational diffusion coefficient

For the NP-PC complexes and proteins in solution we calcu-
lated the ensemble averaged mean squared displacement
(MSD) of the each particle type over time. For better statistics,
we used the so called “window method”, more specifically the
implementation available in Freud’s library.>® Then, from a
linear fit of the MSD vs. time curve, the translational diffusion
was obtained from

D=2 ©)

where m is the slope of the linear fit. For the NP-PC types, the
MSD is computed on the centre of mass of the RB. Care was
taken to ensure that the slope was calculated in the long-time
diffusive regime as detailed in Fig. S3-S8.

In discussing the results, the diffusion coefficients are
reported in normalized form as (D¢/D,), where (D,) denotes
the translational diffusion coefficient of the corresponding
particle in the absence of crowders (i.e., at infinite dilution).
These reference diffusion coefficients were derived from the
crystal structures of proteins in solution using HYDROPRO,>°
and from the RB tracer using HYDRO++,>* respectively.

3 Results and discussion
3.1 Effects of the PC

In this section, we focus on the effects of the PC on the long-
time diffusion (see Table 1 for details on the systems simu-
lated). In particular, we analysed how various PC properties
might impact the diffusivity of the NP-PC complex. Fig. 2a
reports the normalised long-time translational diffusion coefti-
cients as a function of the hydrodynamic radius for the crow-
ders in the medium, ie. plasma proteins for the systems P1,
and P2,. These proteins correspond to those reported in
Table S3. Fig. 2a also reports the average values of the diffusiv-
ities of the proteins in the medium across all 10 simulations
(4 variations for each of the P1 and P2 NPs models and their
simplified versions), and comparing these values to the ones
for P1, and P2, indicates that there is very small variability
between all simulated systems. A similar trend was noted for
the remaining eight models. These findings suggest that the
diffusion of proteins in the suspension is not significantly
affected by the specific type of NP-PC complex, at least under
the conditions tested, where only a single NP-PC occupies a
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Fig. 2 (a) Normalized, translational diffusivities for the proteins in the

medium (as reported in Table S3) in the P1, (grey circles) and P2, (gold
circles) systems. Black stars indicate the protein diffusivities averaged over
all the 10 systems discussed here. (b) Normalized, translational diffusivities
for all the spatial arrangements (4 + 4) of P1 and P2 NPs (grey and gold
triangles, respectively) and simplified representations (pentagons), with
error bars.

small volume fraction of the system. On the other hand, regarding
the NPs, the results for the P1 and P2 NPs are depicted in Fig. 2b.
For each system, the four layouts (¢4, &, ¢3, t5) and the simplified
PC (P1-S and P2-S) lead to nearly indistinguishable D, estimates
(within the error bars). These results suggest that simulating a
single configuration of the PC is sufficient for accurately capturing
the dynamics of the NP-PC complex. Also, reducing the number
of protein types in the corona does not result in a significant loss
of information, as long as the overall morphology is preserved. In
this way, we establish that the specific layout of proteins in the
corona does not heavily influence their overall mobility. There-
fore, to simplify the following analysis we will only present the ¢,
arrangement, without further discussion of the other cases (t,, ¢,
t, and Simplified).

Fig. 3 shows the normalized translational long-time diffu-
sion coefficients as a function of ry for 8 RB NP-PCs (see
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Fig. 3 Main: Normalized, translational diffusivities for the NPs as a func-
tion of their hydrodynamic radius (ry). Filled and empty circles indicate RB
and equivalent h-SS representations for systems with the same colors,
respectively. Inset: Diffusivities for the RB models normalized over the
equivalent h-SS ones, as a function of their hydrodynamic radius r.
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Table 1 for details) and 5 equivalent h-SS (P1, P2, MS, MM, ML).
Despite the range of compositions and polydispersities of the
PC simulated, all RB systems follow the same monotonic
decrease of Dy/D;, as a function of ry. Notably, both mono-
disperse (MS, MM, ML) and polydisperse coronas (P1-P5) align
along the same trend line. A similar behaviour is also observed
for the h-SS NPs, but the trend is shifted to higher values of D/
D,,. This shows that the explicitly modelled RB systems (solid
circles) diffuse consistently slower than the equivalent h-SS
approximations (open circles). For the RB and the h-SS models
with the same ry, the ratio between their D, decreases linearly
with the size of the tracer, as shown in the inset graph of Fig. 3.
As our results suggest, the hydrodynamic size, or Stokes radius,
alone does not accurately reflect the dynamics of the NP-PC
systems, as the type of model employed (RB or h-SS) determines
the diffusivity of a NP even if they have the same hydrodynamic
size. This discrepancy complicates the effective application of
existing theoretical®**° and computational®***** models, as
well as the interpretation of experimental results that derive the
hydrodynamic size from the diffusion behaviour.**** This
issue is particularly relevant for NPs with a PC, as the PC
thickness is often derived from the diffusion coefficient.*®
Although the h-SS and RB models have the same hydrodynamic
size at infinite dilution, they yield different diffusion coeffi-
cients under crowded conditions, highlighting that using the
computed D, to infer size can lead to inconsistent results
depending on the tracer’s morphology (RB or h-SS). It is clear
that in order to accurately represent a NP-PC complex by a SS
model, the size of the simplified model cannot be based purely
on the ry of the NP-PC system, so an alternative descriptor
must be derived.

Here, we propose the use of the accessible surface area as a
geometric descriptor to model the NP-PC SS size in crowding
conditions. Our approach is based on the well-known Solvent
Surface Accessible Area (SASA),*® that corresponds to the area
accessible to a solvent molecule, usually water. It is normally
calculated by implementing the rolling ball algorithm, which
consists in simulating a probe rolling over the surface of
interest®" to quantify what surface area is accessible to the
probe. The size of the probe can be adjusted depending on the
level of detail one wants to include in the representation of the
surface. In our case, the crowders will “see” the tracer, and
depending on their sizes relative to the NP-PC complex, they
will perceive more or less details of the surface morphology,
affecting the diffusivity of the NP. As in this study the tracer
interacts with nanometer-sized crowders, the interest is in
deriving a surface accessible to them rather than water mole-
cules as is commonly done. For the specific medium composi-
tion (polydisperse plasma) and volume fraction (¢ = 0.3) used in
our simulations, we find that the optimal size of the probe is
Tprobe & 1 nm. For a more accurate definition and to avoid
confusion with the SASA method, we refer to our modified SASA
as crowders accessible surface area (CASA), which has been
calculated employing the VMD software.®” Using the calculated

CASA, we derive an effective size, rer = /CASA/4n for the RB
systems, which will then be used as an alternative to the rg.
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Fig. 4 Main: Normalized translational diffusivities of the nanoparticles

plotted as a function of their effective radius reg (see the text for deriva-
tion). Both RB and h-SS representations collapse onto a single trend when
expressed in terms of rq¢r. Inset: Normalized diffusivities of the RB systems
as a function of the roughness parameter p = CASAgrg/CASAn_ss, high-
lighting the influence of tracer surface morphology on the diffusion in
crowded conditions.

Note that for h-SS models 7. = 1y + Fprobe, cOrresponding to the
surface accessible to the probe, as setting res = rg would
describe the excluded surface area instead of the accessible
one. We emphasize that, unlike the tracer (NP-PC), for which
both RB and h-SS representations have been tested, proteins in
the medium are represented solely as hydrodynamic spheres
characterized by the input parameter ry; i.e. different model-
ling approaches have been applied exclusively to the tracer, not
to the crowders. Because no non-spherical representations exist
for these proteins, deriving a CASA-based effective radius for
them would not be meaningful within this modelling frame-
work, as only the spherical representation is used for all
proteins across the investigated systems. Fig. 4 shows the
normalized diffusivities plotted against the defined effective
radius, re. With this representation, both the detailed RB
models and the simplified h-SS models collapse onto a single
trend curve. This indicates that r.; serves as a meaningful
descriptor capable of unifying the diffusional behaviour of
different tracer representations. The P1 RB tracer, for instance,
aligns more closely with an h-SS model that has the hydro-
dynamic radius of the P2 system, rather than that of P1.

The inset of Fig. 4 further supports the relevance of tracer
morphology by showing the normalized diffusivity of the RB
systems as a function of a roughness parameter p, defined here
as p = CASAgrp/CASA;ss. While surface roughness can be
quantified using various approaches, such as root-mean-
square height fluctuations or curvature-based methods,*® we
adopt here a surface-area-based definition. In this approach,
roughness is defined as the ratio between the actual surface
area of an object and that of an ideal smooth reference, which
in our case corresponds to the CASA of the RB and h-SS
representations, respectively. Owing to the rolling-ball algo-
rithm, CASA inherently accounts for surface irregularities and
protrusions at the length scale relevant to the crowders, thus
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naturally incorporating surface roughness. The observed
decrease in diffusivity with increasing p indicates that
enhanced surface corrugation increases steric hindrance and
effectively enlarges the tracer as perceived by the surrounding
crowders.

Using an SS approximation based on hydrodynamic size
seemed like an obvious choice for modelling diffusion. How-
ever, this approach seems to break down under certain condi-
tions. Previous research for protein suspensions by Balbo
et al®*® on self-crowded solutions of bovine serum albumin
(BSA) and y-globulin (IgG) highlighted the significant role of
macromolecular shape in influencing translational diffusion.
In their study, treating IgG as a h-SS failed to accurately
replicate experimental data, while the spherical assumption
worked well for the more globular BSA. Our findings suggest a
new key mechanism, particularly relevant for solutions where
the tracer (NPs with PC in our case) and the crowders are of
different nature. Both the RB and h-SS representations in our
study fall under the broad definition of ‘“‘globular” shape, but
despite this, their diffusion behaviour differs. We observe that
better agreement is achieved when the area of the RB accessible
to crowders is taken into account, as systems with similar
accessible surface areas (no matter if SS or RB) tend to exhibit
comparable diffusion patterns. We now compare our results
with those reported by Ando and Skolnick (AS)** on Escherichia
coli cytoplasm. While a direct comparison of data points is not
feasible due to different composition of the protein medium
and different volume fractions, a similar distinction between
the RB and h-SS representations is evident in AS’s study. In
their work, the long-time diffusion constants of spherical
systems are clearly lower than those of molecular-shaped
systems, particularly at higher concentrations. However, AS
proposed that macromolecular shape has a minimal impact
on diffusion in crowded environments, suggesting that an h-SS
is a reasonable approximation for in vivo protein diffusion.
Specifically, they observed that the difference between
molecular-shaped proteins and their spherical approximations
was negligible, at least for the experimental diffusion of green
fluorescent protein (GFP). Notably, GFP has a ry of approxi-
mately 2.4 nm, and among the most abundant macromolecules
that compose E. coli is one of the smallest. We can assume that
most crowders in the cytoplasm perceive GFP as a small sphere.
To motivate this assumption, we must recall the concept of
accessible surface area and how it is computed. In the rolling-
ball algorithm, the choice of the probe radius influences the
measured surface area, as smaller probes are able to capture
finer details, resulting in a larger surface area. Conversely,
using a very large probe, maybe larger than the size of the
main structure, would ‘“smooth out” surface features and
approximate the shape as a more uniform rounded form. The
extent to which the smoothed-out object approaches a perfect
sphere also depends on its original geometry and overall
anisotropy. However, we can infer that for a small, globular
protein such as GFP, the morphology has little to no impact on
its motion in a solution made by much larger crowders. This
observation implies that the influence of morphology on
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diffusion, even for globular objects, becomes significant only
when the tracer is larger than the crowders. As the size of the
tracer increases relative to the crowders, morphological effects
become progressively more important in determining diffusion
behaviour. Based on our findings and those of AS, the equiva-
lent hydrodynamic sphere model remains effective for small
proteins in solution. This is because when the size of the
crowders is equal to or larger than the tracer, the surface area
accessible for collisions is reduced compared to smaller crow-
ders. For large macromolecular assemblies like NP-PC, the
difference between the h-SS approximation and more detailed
representations becomes too significant to ignore, and this
discrepancy becomes increasingly relevant as the size of the
tracer increases with respect to the size of the crowders. Under-
standing the influence of morphology on tracer diffusion is
essential for a correct interpretation of in vivo conditions, where
crowding and heterogeneity are significant.*****°® From our
data, diffusion appears to be significantly influenced by more
sophisticated morphological features such as roughness, not
just overall shape and hydrodynamic size, with their impact
seemingly dependent on the specific composition of the med-
ium, beyond the simple volume fraction of crowders. This
makes its interpretation non-straightforward and challenges
the assumptions of the single-sphere model for large bodies in
polydisperse solutions. Our analysis highlights the roughness
of the surface as an important factor that influences NP-PC
mobility under conditions of macromolecular crowding, and
we propose the concept of CASA as a relevant geometrical
descriptor for a correct interpretation of the diffusion. In this
analysis, the medium composition and volume fraction are
kept constant across all simulated tracers, which all exhibit a
raspberry-like morphology. Consequently, the size of the probe
used in the calculation of r is also held constant. From our
analysis and discussion, the appropriate probe size used to
compute the effective surface area is expected to vary with
medium composition, concentration, and tracer shape. The
optimal value of r.¢ therefore should emerge from the interplay
of all these factors. Their combined effects on bridging RB and
h-SS diffusion behaviours will be explored in more detail in the
following section.

3.2 Effects of the medium

In this section, we focus on the role of the medium on NP
diffusion. To do that, we simulated only one NP-PC type (P1) in
different media at different concentrations. First, it is impor-
tant to determine whether the polydisperse of the plasma
medium (with a polydispersity index of o« = 0.26) can be
approximated as a monodisperse suspension (o = 1) without
affecting the diffusion of the tracer in solution. We derived two
effective crowder sizes and we assessed their ability to replicate
the behaviour of the polydisperse plasma. To do that, the D, of
the P1 NP in five mono-crowded suspensions was measured,
with crowder sizes (r") of 3.5, 3.7, 3.9, 4.1, and 4.3 nm, all at a
fixed total volume fraction of ¢ = 0.3. Among these, two sizes
were derived as effective representations based on specific
criteria, while the remaining three were selected to ensure a
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Fig. 5 Diffusivity of P1 RB in polydisperse plasma medium normalised
over the diffusivities of the same tracer in different mono-crowded media
as a function of the crowders’ size r".

representative distribution of data points. Specifically, in the
medium with 7" = 3.7 nm, the size of the crowders is derived as
the mean hydrodynamic radius of proteins in the polydisperse
plasma, whereas in the medium with ' = 3.9 nm, the size of
the crowders is derived from colloidal diffusion theory®* (see
Section 2.2 for details). Fig. 5 shows the D, of the P1 RB tracer in
polydisperse plasma normalised over the D, of the same tracer
in the five mono-crowded media (' of 3.5, 3.7, 3.9, 4.1, and
4.3 nm, as detailed above).

Our results show that the diffusivity in 7' = 3.9 nm is the
closest match to that of the polydisperse plasma. This suggests
that the effective size of crowders, as derived from ref. 34,
provides a more accurate representation of the crowding effects
seen in polydisperse suspensions. However, this agreement
could be coincidental, and other scaling approaches might also
yield good agreement under the same conditions investigated
here. In contrast, the crowder size " = 3.7 nm, which was based
on the mean protein size in plasma, resulted in a lower
diffusivity. Notably, when the effective size is properly chosen,
the sensitivity to polydispersity becomes quite low. However,
within the narrow range of approximately 3.7-4.1 nm for the
effective crowder radius, the Dpoly/Dmono changes markedly,
indicating high sensitivity to 7" in this interval. At the extremes
of this range, we observe a plateau-like behaviour, suggesting
reduced sensitivity to variations in crowder size. Although this
simplification may depend on the specific NP-PC simulated
and may not be generalizable without incorporating hydrody-
namic interactions (HIs), it constitutes a step toward establish-
ing a scaling theory for polydisperse solutions, which is
currently unavailable.

Fig. 6 shows the translational diffusivities of P1 RB normal-
ised over the equivalent h-SS ones (D, /D, ) in three media, two
mono-crowded and the polydisperse plasma, at different
volume fractions. As the volume fraction of the solution
increases, the deviation between the RB representation and
the h-SS model becomes more pronounced. We observe a
similar trend across all three media. At low volume fractions
the two models, as expected, converge but the rate at which this
converges happens depends on the crowders’ size. For
" = 8.7 nm (blue circles in the figure), the two models converge
at ¢ = 0.05. For 7" = 3.5 nm, the two models converge at even
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Fig. 6 P1 RB diffusivities normalised over the equivalent h-SS ones as a
function of the volume fraction ¢ in polydisperse plasma medium (red
triangles), and two mono-crowded media (rerowder = 3.5 NM in orange
circles and reowder = 8.7 nm in blue circles). The black dashed line
represents the case limit for which DfRB/Dfss = 1. On the bottom left, a
2D schematic representation of the area of the same body accessible to
small (orange) and large (blue) crowders. The larger the size of the
crowders (and the lower the volume fraction of the solution), the more
the accessible area tends towards ry, i.e. the crowders in solution “see” the
tracer as a sphere of equivalent hydrodynamic size.

lower packing fractions (0.025 and 0.005). These findings are
significant for two key reasons: first, they underscore that the
influence of the tracer’s morphology on diffusion increases
with the packing fraction of the solution; second, they empha-
size that the h-SS approximation is only accurate (as compared
to the RB model) at very low concentrations, with the upper
concentration at which both models predict the same diffusiv-
ity depending on the size of the crowders. This last statement is
of particular interest, as the hydrodynamic radius is widely
adopted in colloid-theory based models for the diffusion of
macromolecules even at high packing fractions.”**?® These
results, together with the ones shown in Fig. 4, would suggest
that the size ratio between the tracer and the crowder, together
with the tracer’s morphology and medium volume fraction, are
key factors in the correct interpretation of macromolecular
diffusion. When a tracer interacts with a population of much
smaller crowders, the surface area available for collisions
becomes bigger compared to interactions with larger crowders,
as can be depicted from the 2D representation in Fig. 6. This is
particularly significant in the case of patchy-like bodies, which
may feature concave regions that can only be accessed by
smaller crowders in the solution. In this discussion, we
assumed that the morphological properties of the analysed
systems remain unchanged across different concentrations. It
is known that macromolecular crowding induces changes in
the folding and compactness of individual proteins,®*™®” and
large-scale simulations also show that increased protein
concentration can induce unfolding,’® providing additional
evidence for crowding effects. However, the impact of crowding
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on more complex structures, such as the PC, remains under-
explored. It is unclear whether macromolecular crowding influ-
ences morphology, surface roughness, and overall structural
integrity of the PC in a way similar to individual proteins.
However, a recent study on the biomolecular corona surround-
ing vesicles hypothesizes that discrete regions of protruding
aggregates likely form the corona’s architecture, even at high
concentrations.® This finding supports the notion of an aniso-
tropic, patchy layer of biomolecules around the central particle,
even under macromolecular crowding conditions, aligning with
the model proposed here. Thus, while the patchy, anisotropic
nature of the PC has been observed, recent evidence indicates
that the validity of the employed description depends on NP
chemistry,” and it may therefore be only valid to particular
particle type and under specific conditions.

From the inset in Fig. 3, we already observed that D, /D,
decreases linearly as the size of the tracer 7 increases. Fig. 6
further proves that at the same volume fraction, larger crowders
in the medium result in higher values of D, /D; . These
observations would suggest that when to use a h-SS model as
an alternative to the RB model will depend on the size ratio
between tracer and crowders, and that the h-SS approximation
may be valid within certain limits. To explore this hypothesis
more systematically, we analyzed the translational diffusivities
of the P1 RB and h-SS tracers (both with hydrodynamic radius
i1 = 18.9 nm) in five mono-crowded environments, each with
different crowder sizes (' = 2.1, 3.5, 8.7, 18.9, 25 nm), while
keeping the total volume fraction constant at ¢, = 0.3. Fig. 7
shows the normalized diffusivity as a function of the crowder-
to-tracer size ratio r./r{}. Already within this representation, the
diffusivities of the RB and h-SS tracers approach each other as
the crowder-to-tracer size ratio increases, indicating that tracer
morphology becomes progressively less relevant when crowders
are larger than or comparable in size to the size of the tracer.
The same data have also been plotted using the CASA-derived
effective tracer radius rY to define the crowder-to-tracer size
ratio r./rey. These results are reported in Fig. S9. While this
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Fig. 7 RB diffusivities normalised over the equivalent h-SS ones plotted as
a function of the size ratio between crowders and tracer’s hydrodynamic

radius rf;. Blue dashed lines indicate the ideal case where the RB and h-SS
diffusivities coincide (DfRB/Dfss = 1) for a size ratio of 1.
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mapping slightly reduces the quantitative difference between
RB and h-SS diffusivities across size ratios, it does not
change the qualitative trend already observed in Fig. 7: mor-
phological effects on tracer diffusion are already strongly
suppressed when crowders are of the same hydrodynamic size
of the tracer.

Beyond this small methodological difference, the results
show that D, /D,  increases with increasing size ratio, meaning
that the diffusivities of RB and h-SS tracers converge as crow-
ders become larger compared to the tracer. This indicates that,
for the specific raspberry shape analysed in this study, when
crowders are larger than the tracer, the tracer morphology has a
negligible impact on diffusion. We compare now these findings
with the results of Ando and Skolnick®* and Balbo et al.*® In the
former study, a h-SS representation was sufficient to capture
the diffusion of GFP in a complex, polydisperse cytoplasmic
environment, emphasizing the dominant role of HlIs, which
were treated with a detailed model that included far-field and
near-field HIs. In contrast, Balbo et al. found that the same h-SS
approximation failed to accurately describe the diffusion of IgG
under self-crowding conditions, while it worked well for BSA
under identical conditions. They concluded that molecular
shape could have a stronger impact on diffusion than other
factors. Since Balbo and Ando treat HIs using different approx-
imations, their results are not directly comparable to each
other, nor to ours, as we do not include HIs at all in this
model. Our focus was on morphological effects, and excluding
other interactions from the model allowed us to isolate their
influence. In this way, the results presented here suggest that
the influence of morphology of the tracer on its diffusion
becomes negligible when the tracer is significantly smaller
than the surrounding crowders, as in the case of GFP in the
cytoplasmic solution. However, when the tracer and crowders
are of comparable size, as in the self-crowding conditions for
BSA and IgG, shape effects become more pronounced. The fact
that the h-SS model succeeded for BSA but failed for IgG under
the same size ratio conditions (i.e., 7"/r*" = 1) highlights the role
of the tracer intrinsic shape. BSA, being globular, is well
approximated by a sphere, while IgG, with its extended Y-
shaped structure, deviates substantially from spherical symme-
try and shows model-dependent diffusion behaviour at the
r/r°" = 1. This highlights that the validity of the h-SS model
is not governed solely by the overall shape (i.e.: globular,
Y-shaped, rod-like), but also by the tracer-to-crowder size ratio.
Therefore, the interplay between these two factors must be
jointly considered when choosing an appropriate model to
describe diffusion in crowded environments.

Fig. 8 shows the radial distribution function (RDF) com-
puted for the same systems as in Fig. 6, using the center-of-
mass distance between the NP-PC complex and crowders. The
RDFs, resolved at 0.02 with binning adjusted for system size,
highlight how crowder size, polydispersity, and tracer geometry
shape local structure. All systems exhibit increased structuring
with crowding, with the h-SS model showing sharper peaks due
to its smooth, spherical geometry, indicating stronger local
ordering. In contrast, the RB model, comprising multiple

This journal is © The Royal Society of Chemistry 2026
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Fig. 8 Radial distribution function of P1 NP in (a) and (b) monodisperse
medium with r" = 3.5 nm at low and high volume fractions, respectively;
(c) and (d) polydisperse plasma medium at low and high volume fractions,
respectively; and (e) and (f) monodisperse medium with r°" = 8.7 nm at low
and high volume fractions, respectively. In all plots, the solid line indicates
the RB model, and the dashed line indicates the h-SS model.

beads, presents broader, less defined peaks, reflecting a more
irregular surface and reduced local ordering.

Crowder size further modulates structuring: smaller crow-
ders (Fig. 8a and b) produce broader RDFs, particularly for the
RB model, while larger crowders (Fig. 8e and f) yield sharper
peaks and reduced sensitivity to tracer geometry. Polydispersity
(Fig. 8c and d) smooths RDF profiles, reflecting heterogeneous
environments. As crowder size increases relative to the tracer,
the RDFs and diffusion coefficients of the two models converge.
However, at higher volume fractions (Fig. 8b, d and f), differ-
ences between h-SS and RB models grow more pronounced,
emphasizing the role of tracer morphology under crowded
conditions.

Although translational diffusion analysis showed that the
RB model can be approximated by an isotropic representation,
provided it accounts for both hydrodynamic size and morpho-
logical contributions (dependent on the tracer/crowder size
ratio and volume fraction), this simplification sacrifices detail
on local structuring. Representing a NP-PC as an equivalent
sphere may suffice for translational diffusion analysis, but it
limits insight into microscale interactions, a critical factor for
future studies aiming to capture both translational dynamics
and spatial organization.

This journal is © The Royal Society of Chemistry 2026
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4. Conclusions and outlook

In this study, we presented a mesoscale model for NPs covered
by a PC and investigated their diffusion in crowded media,
specifically the case of the diffusion of NP PC complexes that
are larger than the crowding agents. This focus on the diffusion
of large tracers in crowded polydisperse environments appears
to be under-explored in the current literature, and the findings
presented could provide valuable insights, particularly regard-
ing NP diffusion. Here the PC is treated as rigid-body, under the
assumption that, once formed, it is steadily adsorbed on the NP
within the time scales relevant for the diffusion. Proteins, both
in solution and in the PC, have been modelled as soft repulsive
spheres of equivalent hydrodynamic radii and interacting via
volume exclusion interactions. This approximation allowed us
to examine how specific properties of the tracer and of the
medium influenced translational diffusion. Different composi-
tions of the PC and different sized crowding agents have been
tested, at several volume fractions.

In the analysis of the diffusivity in the long time, the
combined effects of macromolecular crowding and morphology
emerge as critical factors for the derivation of the tracer’s
effective size and, consequently, of the PC’s thickness. We find
that as the volume fraction of the crowding agents increases,
the diffusion of the molecularly-shaped representations
diverges significantly from the equivalent single-sphere ones.
This suggests that deriving the overall size/PC thickness from
the diffusion coefficient using the Stokes-Einstein relationship
at volume fractions >0.05 can lead to incorrect estimations.
The fact that globular bodies with the same hydrodynamic
radius at infinite dilution exhibit significantly different diffu-
sion behaviours at higher packing fractions challenges the
accuracy of size estimations under crowded conditions, calling
into question the validity of current approaches for determin-
ing true sizes in such environments.

Our results show that the deviation between a rigid-body
model and a single-sphere model depends both on the tracer-
to-crowder size ratio and the total occupied volume fraction.
This scaling reveals that, in polydisperse systems containing
macromolecules of widely differing sizes, the hydrodynamic
single-sphere approximation fails to reliably describe the diffu-
sion of larger macromolecules, even though it remains ade-
quate for smaller ones. This finding provides a framework for
reconciling previous discrepancies between experimental or
simulation results and the hydrodynamic single-sphere model,
especially for more complex objects in crowded environments.
It also underscores that tracer morphology and the relative size
ratio between tracer and crowders are key determinants of
diffusion.

We therefore propose the accessible surface area as a central
parameter in diffusion analysis. The probe size required for
accurately calculating this accessible surface area (and for
meaningfully applying the single-sphere approximation)
appears to be specific to the system under investigation. That
different structural models of the same tracer, under identical
crowding conditions, yielded significantly different diffusion
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coefficients directly demonstrates the decisive role of morphol-
ogy. Our results suggest that this morphological effect arises
from two main factors: (1) smaller crowders have access to
more surface area of the NP-PC complex; (2) greater volume
fractions increase the sensitivity of diffusion to the specific
morphology of the tracer. Consequently, the diffusivity of the
NP-PC complex is jointly determined by the overall volume
occupation of the crowders, their size distribution relative to
the tracer, and the tracer’s morphology, factors that must be
considered when extending single-sphere models to more
complex crowding scenarios.

It is important to note that this study does not account for
hydrodynamic interactions or the shape of the crowders. Both
factors are crucial for fully formulating and deriving a scaling
law, as well as for enabling a direct comparison between
simulations and experimental data.>**° Future work should
prioritize incorporating these aspects into the proposed model.
Furthermore, a detailed assessment of the effects of macro-
molecular crowding on the features of the PC is needed. It
remains unclear whether the raspberry-like rigid model is still
valid at high packing fractions and how high concentrations of
crowders might affect PC’s organization, thickness, softness
and morphology. Despite this, our findings provide valuable
insights into NP diffusion in polydisperse, concentrated media,
improving our understanding of NP mobility in biological
environments, that is crucial for predicting the toxicological
and pharmacokinetic behaviour of these nanomaterials in
therapeutic and nanomedical applications. Furthermore, these
results could be extended to other systems, such as large
proteins or molecular assemblies, to advance the study of
macromolecular diffusion of large, anisotropic bodies in poly-
disperse solutions.
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