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Abstract
Purpose Brain disorders have become a serious problem for healthcare worldwide. Nanoparticle-based drugs are one of the
emerging therapies and have shown great promise to treat brain diseases. Modifications on particle size and surface charge
are two efficient ways to increase the transport efficiency of nanoparticles through brain-blood barrier; however, partly due
to the high complexity of brain microstructure and limited visibility of Nanoparticles (NPs), our understanding of how these
two modifications can affect the transport of NPs in the brain is insufficient.
Methods In this study, a framework, which contains a stochastic geometric model of brain white matter (WM) and a mathematical particle tracing model, was developed to investigate the relationship between particle size/surface charge of the
NPs and their effective diffusion coefficients (D) in WM.
Results The predictive capabilities of this method have been validated using published experimental tests. For negatively
charged NPs, both particle size and surface charge are positively correlated with D before reaching a size threshold. When
Zeta potential (Zp) is less negative than -10 mV, the difference between NPs’ D in WM and pure interstitial fluid (IF) is
limited.
Conclusion A deeper understanding on the relationships between particle size/surface charge of NPs and their D in WM has
been obtained. The results from this study and the developed modelling framework provide important tools for the development of nano-drugs and nano-carriers to cure brain diseases.
Key Words Brain diseases · Brain tissue · Diffusion coefficient · Extracellular space · Nanoparticles
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Introduction
Nanoparticles (NPs), which are characterised by a diameter
in the range of a few nanometres, have become a promising drug delivery system for the treatments against various
brain disorders, owing to the ability to cross the blood-brain
barrier (BBB) [1]. A variety of materials have been applied
to fabricate NPs, ranging from natural and synthetic polymers, metals to lipid-based or carbon-based materials. Such
a wide selection enables the NPs to be tailored with desired
chemical and physical characteristics to fulfil the specific
delivery purposes [2]; these include BBB penetration, controlled release, sustainable drug supply and localised delivery [3–5], etc.
NP transport in brain tissues is dominated by diffusion
[6]. Effective diffusion coefficient (D) is a measure of the

13

Vol.:(0123456789)

768

rate at which the NPs can spread in the tissue. A high value
of D usually indicates a short time window for transport.
Several efforts have been made to increase the D of NPs,
such as modifying the particle size to obtain a higher ratio of
molecular thermal motion to the resistance [7], and charging
the NP surface to avoid aggregation and deposition [8, 9].
These means have been adopted to enhance the BBB penetration of NPs [10–12]. However, whether these modified
NPs with the enhanced BBB penetration also have higher
effective Ds in the brain parenchyma cannot be guaranteed,
because the anatomical structures of BBB and brain parenchyma are very different.
Some studies have provided insights on the important
roles that particle size and surface charge can play on NPs
diffusion in the brain parenchyma. For example, by measuring Ds of uncharged NPs in rat brain neocortical regions,
Thorne et al. [13] concluded that the width of brain tissue
extracellular space (ECS) is about 38~64 nm. And the experimental results also showed the negative correlation between
particle size and D of the NPs. However, these results are
only applicable for uncharged NPs. Years later, Nance et
al. [14] found that NPs as large as 114 nm in diameter were
also able to transport inside rat and human brain if they
were coated with dense poly(ethylene glycol) (PEG), which
charged the NPs by about -5 mV. Moreover, Nance and coworkers also demonstrated that different surface functionalities of polystyrene (PS) [14], poly(lactic-co-glycolic acid)
(PLGA) [15], dendrimer [16], and quantum dot [17], which
charge these NPs with different Zp and also change their
hydraulic diameters, led to different diffusion behaviours of
the NPs within the brain parenchyma. In the experiment of
Dal et al. [18], where apolipoprotein E4 was adsorbed onto
polysorbate 80-stabilized NPs and charged the surface by -10
mV, the brain accumulation of the NPs was also improved by
3 folds compared with unmodified NPs. These experimental
investigations highlighted the difference made by surface
modification of NPs on their brain diffusion.
Nevertheless, by analysing the experimental data reported
in the literature, it is evident that there is a gap in the knowledge about the mutual influence and the possibility to decouple the effect of these two parameters (particle size and surface charge) in order to understand their independent effect.
Although we now have known that smaller and negatively
charged NPs normally possess higher D than bigger and
electroneutral NPs, no study has confirmed if there exist
exact thresholds for the two parameters. In addition, it is also
not clear if one of these two parameters obliterates the other.
For example, it may be less intuitive to judge whether the
D will increase or decrease when an end functional group
gives a NP a bigger size but more negative Zp. Filling this
gap of understanding is important to promote the design
efficiency of NPs, but it is not easy to perform by experiments only, because particle size and surface charge always
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change simultaneously after surface functionalization. Take
PEG and COOH, two commonly used end functional groups
for NPs, as an example; while PEG nearly does not charge
NPs and COOH charges NPs negatively, PEG-coated NPs
are generally 10 to 20 nm larger than the COOH-coated NPs
[14]. Structural complexity and limited accessibility of brain
tissue, difficulties in precise control of NPs’ parameters, and
low visibility of NPs [18] also make it less feasible to conduct quantitative studies by experiments. By contrast, mathematical modelling is a good alternative to easily decouple
these two parameters and provide insights into the abovementioned concerns.
White matter (WM) acts as a relay station and transmits
messages between different parts within the central nervous
system [19]. As a result, diseases with white matter, such as
Alzheimer's disease and glioblastoma, can critically affect
brain function [20]. However, transport of NPs, which is
a promising technique to treat these diseases, in WM has
not received sufficient attention. In addition, owing to the
ordered distribution of axons that compose WM and the
development of new analytical techniques, computational
resources and image analyses methodologies, geometrical
reconstruction of the WM’s detailed microstructure becomes
feasible by programming [21, 22]. Therefore, in this paper, a
microstructural model of WM is reconstructed to mimic the
microenvironment of brain tissue, where the NPs transport
occurs. A mathematical model is also built to trace the trajectory of every single particle in this realistic virtual prototype of WM, the result of which can be used to calculate the
D of NPs [23]. Based on this framework, both independent
and coupling effects of NP’s size and Zp on its D are investigated, which can be used to improve our ability to design
NPs for the treatment of brain diseases.

Materials and Methods
Eq. (1) maps the macroscopic quantity (diffusion coefficient)
to the microscopic mechanism (displacement of particles)
and provides a generalised method to calculate the diffusion
coefficient of particles [23, 24], which requires the trajectory
of every single particle to be obtained as the input.

D0 =< R2 > ∕6t
n �
�
∑
< R2 >=
dxi2 + dy2i + dz2i

(1)

i=1

Where D0 is the diffusion coefficient of particles governed
by Brownian motion. <R2> is the average of mean square
displacement (MSD) of all the particles. dx, dy, dz are the
displacement of a NP in x, y, and z direction, respectively. n
is the number of NPs in the system. t is the diffusion time.
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Therefore, in this section, a mathematical model is built to
trace the NPs in the ECS of WM. To take account the specificity of brain’s microstructure, a stochastic microstructural
models of brain WM is built and used as the geometry.

)
(
𝐅D = 6𝜋𝜇rp 𝐯f low − 𝐯particle ∕Cslip

Mathematical model

Forces from the surrounding particles

If treated as an individual entity, the forces acting on a NP
that affect its trajectory are from (i) its own molecular thermal motion, (ii) interaction with the ambient fluid environment, (iii) interaction with the surrounding particles, and
(iv) interaction with the cell membrane [25]. Thus, to track
the trajectory of every single NP, these 4 types of forces
need to be specified first.

NP aggregation not only reduces the particle’s diffusivity but
also causes particle deposition. To avoid such phenomena,
the NP surface is usually charged to enable the particles
repelling each other when getting close. Moreover, the NP
solution is diluted in this study (see section 2.5). Therefore,
the hard collision between particles could be neglected [29],
and the electrostatic force dominates the particle-particle
interaction. We therefore introduce Coulomb force, as shown
in Eq. (6), to account for the forces from the surrounding
particles.

Molecular thermal motion ‑ Brownian motion
By modelling the Brownian motion as a Gaussian white
noise process, the mathematical expression of Brownian
force can be written as Eq. (2) [26]:
√
12𝜋KB 𝜇Trp
(2)
𝐅B = Φ
Δt
where FB is the Brownian force, kB is the Boltzmann constant, μ is the dynamic viscosity of the fluid, T is the absolute
temperature of the fluid, ∆t is the time step, Φ is a Gaussian
random number with zero mean and unit variance to take
the randomness of Brownian motion into account, rp is the
radius of the particle.
Forces from the fluid environment
The viscous drag force on the particles due to fluid resistance is modelled using Stokes' Law [27], as given by:
)
(
𝐅D = 6𝜋𝜇rp 𝐯f low − 𝐯particle
(3)
where FD is drag force, vflow is the velocity of fluid flow,
and vparticle is the velocity of the particle.
In the applications related to NPs, certain adaptations are
needed to modify Eq. (3). The coefficient defined by Eq.
(4) considers the slip boundary effects at the particle-fluid
interface in terms of nano-sized particles:
)
(
− 1.1
Cslip = 1 + 2Kn 1.257 + 0.4e 2Kn
(4)
where Kn is the Knudsen number and is set as 0.025 in
this work [28]. This correlation is valid up to Re = 800. Cslip
becomes important when the size of the particles is less than
15 nm [28].
Substituting Eqs. (4) into Eq. (3), the equation of drag
force for NPs can be rewritten as:

(5)

Due to the small size of NPs, the buoyancy force and
gravity of the NPs are small enough to be neglected [25].

𝐅C =

n
qqi ∑ r − ri
4𝜋𝜖0 i=1 |r − r |3
i|
|

(6)

where FC is the Coulomb force, q is the charge quantity
of the target particle, qi is the charge quantity of one of the
surrounding particles, ϵ0 is the vacuum permittivity, r and
ri stand for the position of the two particles.
Eq. (6) requires the charge quantity of particles needs to
be known before calculating the FC, but unfortunately, the
charge quantity of the NPs cannot be measured directly. The
only measurable property related to the charge status of a
particle is its Zeta potential (Zp), which is commonly used
in NP characterisation [10, 30].
There is a specific relationship between the surface charge
density and Zp of NPs, as shown in Fig. 1. For instance,
positive ions would strongly bind on the surface of negative
charged NPs to form a stern layer (pink). Outside this layer,
both positive and negative ions are loosely attached to form
the diffusion layer (blue). The effects of NP on ions would
decrease to the neglectable level outside the diffusion layer,
where ions could move freely. Zp is defined as the electric
potential between the particle surface and the outside surface
of the diffusion layer. This form the core theory of electric
double layer (EDL) [31].
By solving the 1D Possion-Boltzmann equation, the
Gouy-Chapman equation (Eq. (7)) could be obtained to
quantify the relationship between surface charge density
(δ) and surface electrostatic potential (Ψ0) of a flat charged
surface [32]. The same relationship exists between the
effective charge density (δeff) and Zp (ζ) of a particle, as
shown in Eq. (7). However, being simplified to be flat surface, the effective charge density (δeff) of a sphere particle is
not equal to its real surface charge density (δ). With the aid
of molecular dynamics simulations, Ge et al. [33] successfully estimated the nano diamond surface charge density (δ)
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Fig. 1  Relationship between
surface charge density and Zp
of a negatively charged particle.

from its measured Zp and drew the relationship between the
effective surface charge density (δeff) and real surface charge
density (δ) for nano-diamond to be some curves, as shown
in Fig. 4(a) in Ref. [33]. Given the shape of nano-diamond
is closer to sphere than the shape of plates, this relationship
is adopted in this study for a more precise description of the
effective charge density (δeff) of NPs.

√
eΨ0
𝛿 = 8cN𝜖kB T sinh
2kB T
𝛿ef f =

√
eζ
8cN𝜖kB T sinh
2kB T

for f lat plate

for NP

(7)

(8)

where c stands for the ion concentration, ϵ is the permittivity of the solution, N is the Avogadro constant, δ and
Ψ0 are the surface charge density and surface electrostatic
potential of a flat charged surface, respectively.

become significant when the charged NPs move into the
active range of cell membranes. To define the force acting
on the particle from the surface, Derjaguin, Landau, Verwey,
and Overbeek (DLVO) theory [35] was adopted:

𝐅potential = −

)
𝜕 (
Aelec + Avdw
𝜕h

(9)

where Aelec is the potential induced by electrostatic interaction and Avdw =  − AHdp/(12h) is the potential induced by
van der Waals force. AH is the Hamaker constant that can be
calculated by an empirical formulation provided by the reference [36], dp is the diameter of the NP, and h is the distance
between the NP and the cell membrane.
Given the size of NPs is several orders lower as compared
to the axons, the cell membrane can be treated as a flat plate
[25]. Thus, the Gouy–Chapman equation (Eq. (7)) can be
used to calculate the electric potential, i.e., Aelec = Ψ0.
Other factors and inherent model approximations

Forces from the cell membrane
As the cell membranes are usually negatively charged
because of the lipid bilayer [34], particle-surface interactions
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It should be noted that the abovementioned 4 forces cannot fully represent the brain microenvironment, with other
complex local hydraulic and electrostatic factors which
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should also be considered to complete an accurate picture.
These include local fluid flow due to water transport across
the membranes, local charge gradients, extracellular matrix
components which add steric and electrostatic effects, hydrogen bonding, hydrophobic interactions, local osmotic gradients due to the ion exchange in extracellular matrix, and the
local viscosity change due to these components as well as
steric and adhesive interactions. A comprehensive review on
the key mechanisms governing molecular interactions and
NPs flow in brain can be found in Ref. [37].
However, impacts of these factors on NPs’ trajectory are
too complex to be simultaneously described an d solved
mathematically within the current framework and the scope
of this contribution. Even if some factors might be added in
the g overning equations, such as the local viscosity, further
experimental characterisation of the corresponding viscosity
gradient distribution is needed. Yet these experimental data
are not available. In addition, since our focus is the effect of
particle size and Zp on NP diffusion, the factors that cannot
be mathematically described could be treated as a lumped
system [38], which means that although every one of the
factors inside the lumped system may manipulate the movement of the particles in a specific manner, the overall effect
of this system on every single particle is the same. Under
this condition, this overall effect could be represented, in
first approximation, by a single parameter, such as the global
viscosity.
Particle trajectory
With all the major forces obtained from the above, the trajectory of every single particle can then be calculated by
Newton’s second law:
[N
]
∑(
)
d𝐫𝐢 =
𝐅Bi + 𝐅Di + 𝐅Ci + 𝐅potentiali (Δt)2
(10)
i=1

where dri is the displacement vector of the ith particle, ∆t
is the time interval used in the integration.

Geometric model
Brain is mainly composed of neuronal cells, with the cell
bodies forming grey matter (GM) and the nervous fibres
(axons) constituting WM. In WM, the axons are randomly
distributed in the transverse direction but have a uniform orientation along the longitudinal direction [39]. Although the
size of every single axon is not determinate, the diameters
of all the axons follow a prescribed probability distribution
[40, 41]. Based on these rules, a two-dimensional geometric
model is built in this study using an in-house MATLAB
program based on the statistical geometrical data of WM
(see Table I) to mimic the cross section of WM.
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Table I  Parameters used in this study
Parameter

Value

Unit

References

Tissue porosity
Axonal distance (mean)
Axonal length (mean)
Axonal diameter (mean)
Cell surface Zp
Temperature (T)
Viscosity (Dilute agarose)
Viscosity (IF)
Elementary charge (e)
Permittivity of NS (ϵ)
Vacuum permittivity (ϵ0)
Avogadro constant (N)
Boltzmann’s constant (kB)

0.3
0.1
15
1
-20
310
6.9152×10-4
3.5×10-3
1.60×10-19
6.55×10-10
8.85×10-12
6.02×10-23
1.38×10-23

μm
μm
μm
mV
K
Pa∙s
Pa∙s
C
C/Vm
C/Vm
mol-1
J/K

[21]
[13, 21]
[53]
[41]
[54]
[13]
[13]
[55]
[56]
[57]
[58]
[59]
[60]

As shown in Fig. 2(A), the axons are simplified as randomly distributed circles, with the diameters randomly
selected from the experimental range [41]. The program
[21] ensures that (i) the average diameter of all the axons
is 1 μm [41]; (ii) the minimum distance between every two
axons is 0.1 μm [13, 21]; (iii) no overlap exists between any
two axons, and (iv) the overall porosity of the domain is 0.3
[21]. These are to reproduce the four essential geometrical
properties that govern the transport properties in the ECS,
namely axon diameter distribution, ECS volume ratio, distance between axons, and spatial organisation of the tissue.
In fact, the representative parameters used for geometrical
reconstruction would vary considerably depending on the
location in brain, as the microstructure varies significantly
across the brain; and the entire body of literature generated
by the diffusion-weighted MRI field has highlighted challenges for drug delivery in the brain due to regional variation [42]. Age, gender, and health condition also make the
microstructures of brain to be different [43].
The dimension of this model is 18×18 μm which has been
demonstrated to be large enough to contain sufficient axons
to form a representative volume element (RVE) for brain
WM [21]. The non-structural element is used, and the mesh
size is determined by conducting a mesh sensitivity study
through varying the number of elements used to model the
space between axons. It is found that at least 2 elements
should be generated in the gap between any two axons, as
shown in Fig. 2(A).
It should be noted that anisotropy is one of the major
unique characteristics of WM compared with other
regions of the brain due to the directional distribution
of axons inside WM, and diffusion along the axons is
faster than across the axonal direction [44]. Therefore,
performing 3D simulation is very important. However,
only the diffusion direction perpendicular to the axons
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Fig. 2  (A) Stochastic geometric model used in this study and the mesh density for simulations. The void circles represent the axons, and the grey
domain stands for the ECS. (B) Simplified 3D geometry of WM used in mechanical or hydraulic simulations. The blue elements represent axons
and the white space is ECS.

is considered in this model because the longitudinal
reconstruction of WM’s microstructure (geometry) is
particularly challenging, and an accurate 3D reconstruction has escaped researchers so far; this is because the
longitudinal shapes (curvatures) of axons are quite different while the distance between the axons is extremely
close (1/10~1/20 of axon’s diameter) [13, 21]. Packing
these 3D structures with mixed shapes in such a dense
pattern without overlapping is technically very challenging. Some works elongate the cross-section to generate
3D geometry [22, 45], which means that all the axons
share the same longitudinal shape and tortuosity, as
shown in Fig. 2(B). This simplification provides a practical solution to this challenging problem and may be
valid when modelling of mechanical properties; however,
this is unjustified for the solution of the diffusion problem since longitudinal tortuosity of the axons has great
impact on the particle’s diffusivity [46–48]. Some other
more sophisticated geometric models also surfer from the
similar concerns [49]. Regarding the concern that diffusion along the axons may dominate the diffusion tensor,
in our previous work [44], which simulated particle diffusion in a straight elongated 3D geometry and Monte
Carlo method, the results showed that diffusion along
the axons (D ∥) is about 1.3~1.9 times faster than across
the axons (D⊥). Note that that work did not consider the
longitudinal tortuosity of the axons, so the real ratio (D∥/
D ⊥) should be even smaller. This implies that although
diffusion in the parallel direction is faster than that in the
perpendicular direction, Ds in both directions are important components of the D tensor. In addition, although
the microstructures of the extracellular space in the two
directions are not identical, the diffusion mechanisms
and the types of force acting on the NPs are the same no
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matter in which direction they are diffusing. Because of
the longitudinal torsion and bending of the axons, the
NPs would also need to pass the similar narrow gaps
when they diffusion along the axons. This means that the
microstructure in both directions hinder the diffusion of
NPs in the same way but modulates it by different magnitudes. As the aim of this work is to understand how particle size and surface potential of the NP affect it effective
diffusion coefficient but not the accurate prediction of
the diffusivity tensor, it is believed that using perpendicular and parallel geometric model will reach similar
results in terms of their quantitative analysis. Considering all the above-mentioned concerns, we did not deal
with the longitudinal direction in the present work. In
our future works, we aim to tackle the issue of the reconstruction of an accurate 3D geometry for brain WM, and
the mathematical model built in this paper could also be
directly adopted to study 3D volumes.

Material properties
The aim of this study is to calculate the self-diffusion
coefficient of NPs, so the convection is not considered,
and the fluid is assumed as static. To take into account
EDL effects, the solution is set as normal saline (NS)
with the ion concentration (c) of 0.154 mol/L [50]. Based
on the practical applications in literature [51, 52], the NP
size and Zp are located in the ranges of 20~98 nm and
-50~0 mV, respectively. The other material and geometric parameters that are used in this study are summarised
in Table I.
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Boundary conditions
Focusing on the measurement of diffusivity, endocytosis and
release dynamics of NPs are not considered in the simulations. Therefore, it is assumed that the particle undergoes
diffuse scattering once it contacts with the cell membrane.
NPs would move out of the computational domain once they
reach the boundaries. The electric potential of -20 mV [54]
was assigned to all the cell membranes.

Simulation setup
At t = 0 s, 900 NPs were released from a 0.2×0.2 μm2 square
area at the centre of the model to mimic the transportation
process of drug molecules from the injection site. This
number of NPs is selected after a sensitivity study, which
is adequate to obtain statistically stable results for calculating the MSD defined in Eq. (1). The corresponding initial
concentration of the NPs was 0.37 mM which is within the
NPs’ concentration of the solutions used for brain diffusion
experiments [13].
COMSOL Multiphysics 5.6 software package [61] is
used to solve the equations and calculate the trajectories of
the NPs. The linear solver is set as Multifrontal Massively
Parallel Sparse direct solver (MUMPS) and the Automatic
Newton method is chosen as the nonlinear solver [62].

Results
Model verification
The present model is firstly compared to the experimental results reported in Ref. [13, 63]. In Ref. [13], Ds of the
water-soluble quantum dots with multiple diameters were
measured in dilute (0.3%) agarose and rat neocortex (GM) in
vivo. In Ref. [63], the Ds of gadobutrol (cerebrospinal fluid
(CSF) tracer with the hydraulic diameter of 2 nm) in both
GM and WM were calculated based on MRI analysis and
partial differential constrained optimization. Because of the
structural difference between WM and GM, the experimental
results in GM are not used for comparison.
According to the simulation results, the typical diffusion process of the NPs can be divided into 3 stages,
as shown in Fig.3. On stage I, as all the particles are
released simultaneously from the centre of the model,
the high particle concentration would result in significant
interactions between particles and hence the high particle velocity. Therefore, the initial slope of the time − R 2
curve is high. With time proceeding, the NPs disperse
into the MW gradually. This consequently weakens the
interactions among particles until reaching a statistically

Fig. 3  Typical time − R2 relationship of the NPs.

stable stage, where the time − R 2 curve presents a constant slope, defined as Stage II. NPs would move farther and leave the computational domain. The lack of
NP numbers in the domain would strongly reduce the
stability of the statistical results and thereby cause the
fluctuation of the time − R 2 curve on Stage III, as shown
in Fig. 3. Therefore, the slope of time − R2 curve on stage
II is chosen to calculate the D. A similar trend was also
observed in a recent experiment in which the diffusion
of single carbon nanotube was tracked in rat organotypic
hippocampal slices and acute brain slices from adult
mice [64].
The Time − R2 curve on Stage II is plotted based on the
statistical results of all NPs’ trajectories in both the x and
y direction (see Fig. 2 (A) for the directions) using Eq.
(11). Linear curve fitting is used to calculate the curve
slope, as shown in Fig. 4, which is then submitted into
Eq. (12) [65].

< R2x >=

n
∑

dxi2

(11)

i=1

D =< R2x > ∕2t

(12)

The results in Fig. 4 indicate that the model is nearly
isotropic in the x and y directions as the slopes are nearly
the same, confirming the tissue behaves as a transversely
isotropic material [66]. Thus, the values of D in the x and
y directions are averaged to represent the D in the direction
perpendicular to the axons.
The calculated Ds are then compared with the tested
values in Table II. It shows that simulation results agree
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Fig. 4  Method of calculating D and simulated results of experiments in Ref. [13, 63]. (A) Diffusion in dilute (0.3%) agarose. (B) Diffusion in
WM.
Table II  Comparison between experimental measurements and simulation results
dH (nm)

D, 10−11m2/s (Experiment)

D, 10−11m2/s (Simulation)

2.95
14.1
35.4
2.00

22.2±0.16 (Agarose)
4.67±0.061 (Agarose)
1.86±0.049 (Agarose)
20±0.1 (WM)

22.8±0.13 (Agarose)
4.70±0.018 (Agarose)
1.64±0.013 (Agarose)
16.39±0.01 (WM)

well with the tested results for the diffusion in agarose.
The calculated Ds are underestimated when comparing with that in WM. The main reason may come from
(i) the calculated D is the perpendicular component of
the diffusivity tensor whereas the tested D provides an
estimate of the value of the whole tensor. Since parallel diffusivity (D ∥ ) is about 1.3~1.9 times faster than
perpendicular diffusivity (D ⊥) [44], the value of whole
tensor must be larger than the perpendicular component, and (ii) the factors that cannot be mathematically
described as stated in section 2.1.5. The components
in extracellular matrix (ECM), such as fibres and proteins, may prevent the movement of NPs by collisions
in real brain; however, the local fluid flow due to water
transport across the membranes may, on the other hand,
accelerate the NPs. In fact, to reduce the effect of these
simplifications as far as possible, the measured realistic
viscosity of IF, as given in Table I, is used in the simulations of brain diffusion. This is to treat these complex
factors as an effective change in viscous resistance on
the particles.
Furthermore, the trends of simulated results and test
results are the same, which confirms that D decreases with
the increase of particle size.
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Fig. 5  Relationship between Zp and D.

Effect of Zp
The Zp-D relationships are plotted in Fig. 5. Note that Zp
is negative in this study. The results imply that increasing
the absolute value of Zp can significantly increase D. For
example, when Zp is 0 mV, the order of magnitude of D is
10−13 ∼ 10−12 m2/s. If the absolute value of Zp is increased
by 5 mV, the order of magnitude of D is 10−9 ∼ 10−8 m2/s,
which is 10,000 times larger than that of the uncharged NPs.
If Zp is more negative, D can be further increased but stay
in the same order of magnitude.
An interesting phenomenon is the different behaviour
observed for the 98 nm particles. While the D of other
particles is increasing continually with the increase of the
absolute value of Zp, the D of 98 nm particles begin to
decrease when the Zp is more negative than 30 mV. With a
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more negative Zp, a NP will have a higher surface charge,
and consequently, a higher kinetic energy due to the larger
Coulomb force between particles. Therefore, it is reasonable that D increases with the absolute value (negative) of
Zp. However, when the particle size is close to the size of
the channel (the distance between two axons, which is 100
nm in average), there is little space for the particles to pass
through. Under this circumstance, higher kinetic energy
means higher chance of particle-cell collisions and lower
possibility for the particle to pass through the narrowest
gaps. Therefore, when the particle size is very close to the
average width of the channel, a high absolute value (negative) of Zp may even decrease the D of NPs.

Effect of particle size
The relationship between D and the diameter of charged
nanoparticles is plotted in Fig. 6 (A). The results show that
with the same Zp, D is positively correlated to the particle
diameter when the particle diameter is less than 90 nm.
However, it is understood and also has been experimentally demonstrated that normally the smaller the particle
is, the higher D it should possess [67]. Nevertheless, it
should be noted that although Zp, or the effective surface
charge density (δeff) according to Eq. (8), is identical, the
total surface charge is varying when the diameter changes.
The increase of electrostatic forces may be, therefore, the
reason why the D increases with the increase of diameter
when Zp is kept the same.
To test this hypothesis, another parametric study was
performed. In this group, diameters of the NPs are still
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20 nm, 40 nm, 60 nm, 80 nm, 90 nm, and 98 nm, but the
surface charge, rather than Zp, of all the NPs was kept
the same, which was -200 e, where e is the elementary
charge. The results are shown in Fig. 6 (B). The calculated D under this condition is negatively correlated to the
particle diameter, which is then in accord with the above
analysis.
It is also worth mentioning the existence of the size
threshold (90 nm in this model), which indicates further
increasing of particle size will decrease the D if the particle size has been very close to the width of ECS; even so,
NPs as large as 98 nm still present considerable D in the
WM and can easily pass through the gaps and if they are
negatively charged.
Therefore, given the surface charge state of NPs is technically characterized by Zp, it could be concluded that,
for identical negatively charged NPs, particle size is also
positively correlated with their Ds before reaching a threshold that is determined by the microstructure. Moreover,
this implies that when the particle size is smaller than this
threshold, electrostatic forces dominate the diffusion behaviours of NPs; whereas if the particle size exceed the threshold, interactions between particles and the cell membranes
could determine the fate of NPs.

Impact of the microstructure
More precisely, the abovementioned behaviours of the NPs
are also affected by the geometry of brain tissues. Therefore,
simulations are conducted to understand the impact of brain
microstructure on particle size-D and Zp-D relationships.

Fig. 6  Relationship between particle size and D. (A) Zp of the NPs was kept the same. (B) Surface charge of the NPs was kept the same.
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Fig. 7  Diffusion of NPs in IF. (A) Relationship between particle size and D. (B) Relationship between Zp and D.

Fig. 8  D of the NPs in WM and IF.

Diffusion of NPs with the same parameters in pure IF was
simulated to investigate the difference between NP diffusion
with and without axons. The results are shown in Fig. 7.
Overall, the trends of particle size–D and Zp-D relations in
pure IF are similar to that in WM. For negatively charged

13

particles, both particle size and the absolute value of Zp correspond to an increase in D. In contrast to the NP diffusion
in WM where a threshold of particle size presents, no such a
threshold can be found for NPs diffusing in the pure IF. This
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finding demonstrates the importance of tissue microstructure
in the NP transport.
The values of D in WM and pure IF are also compared in
Fig. 8. The results indicate that the impact of axons is more
significant for the NPs with a larger size or higher negative
charge. When the particle size is small or Zp is low, the difference between diffusion in brain and pure IF is limited,
especially when the absolute value of Zp is smaller than 10
mV. This may imply that IF might be used as a replacement
to measure the D of NPs in WM in the development of nanodrugs or nano-carriers if the NPs are uncharged or their Zp
is low enough, i.e., between 0 mV and -10 mV.
There is also an interesting phenomenon that when particle size is smaller than 40 nm, the D in brain is even higher
than the D in the pure IF while the intuitive understanding should be just the opposite. The particle-cell membrane
interaction might be responsible for this. For large particles,
especially those with a comparable dimension as the ECS
width, repulsion/collision from the surrounding particles and
cell membranes make it hard for the particles to pass through
the narrow gaps. Therefore, Ds of these NPs in the WM are
certainly lower than Ds in the pure IF. In contrast, the possibility for small NPs to hit the cell membrane is relatively
low. Moreover, given both the cells and NPs are negatively
charged, the force due to the electrostatic potential would
accelerate the NP movement. As a result, the particles can
present deeper penetration with higher Ds.

Discussion
If we only consider the effect of Zp on D, the results show
that more negative Zp is better in general. However, studies
also show that Zp is closely related to neuronal electrical
activity [68]. Since aberrant neuronal electrical activity is
associated with most neurological diseases [69, 70], it is
crucial to also understand how Zp affects brain electrical
function before determining the most appropriate Zp for the
NPs. If one wants to increase D by charging the NPs and
simultaneously avoid affecting neuronal electrical activity,
low Zp might be an option, because the results in Fig. 5
show that higher Zp has limited effect on D. For example,
when the absolute value of Zp raises from 0 to 5 mV, the
D is increased by a factor of 10,000; after that, the values
of D stay nearly in the same order of magnitude with more
negative Zp. Results in Fig. 5 also show that even if the
NPs were charged by just -5 mV, their Ds could reach the
level of 10−8m2/s, which is higher than the D of some plain
anticancer drugs in IF, such as carmustine ( 10−9m2/s) and
paclitaxel (10−10ms/s) [71, 72].
It is generally believed that smaller particles have more
vigorous molecular thermal motion; thus their Ds are higher.
However, the results in our study show that for charged NPs
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with an identical Zp, the NPs’ effective diffusion coefficient
can possibly be increased by enlarging the size. The reason
is that the conventional understanding is based on electroneutral particles, whereas the nano-drugs and nano-carriers
are usually charged for pharmacological applications. With
the same Zp, larger particles have more surface charge, so
the Coulomb force between particles is bigger, and thus
accelerating the NP movement. It is worth explaining that
because the surface charge of NPs can only be characterized
by Zp in practice, Zp was set as an influential factor to do
parametric study in this work to potentially provide practical
suggestions. In fact, Zp that reflects the surface charged density is not an independent parameter. As shown in Eq. (8),
the surface charged density is a function of both the particle
size and surface charge. The finding on the size-D relationship indicates that particle interactions caused by Coulomb
force overwhelms the thermal motion led by Brownian force
for the diffusion of charged particles. This, in fact, provides
a new insight into promoting D while limiting the effect of
Zp on brain electrical function, which is to increase the size
of the particle. However, the proper size of NPs cannot be
determined simply by its impact on D, as particle size is also
one of the key parameters for cell-uptake [7]. On the other
hand, as all experimental studies done to date for measuring
nanoparticle diffusion in the brain have been performed with
very low concentrations of nanoparticle solutions [13–16],
whether to consider particle-particle interaction in the corresponding mathematical model might be controversial. The
results in this study show that even in very low particle concentration solution, particle-particle electrostatic interaction
can still dominate the diffusion of NPs.
It is also important to know the maximum size of particles that can diffuse in the WM. Results in this study show
that NPs as large as the width of ECS can transport in WM
with a considerable D if the particle is negatively charged.
For example, while the average ECS width in the present
model is 100 nm, the D of 98 nm particle with Zp of -5
mV can reach 2.59 × 10−8 m2/s. Of course, if the highest D
is needed, it is suggested that the particle diameter should
be around 90 nm, as shown in Fig. 5. However, as stated in
section 2.2, due to the structural difference of brain tissue
caused by region, age, gender, and health condition, more
specific data is needed to update the geometric model before
giving patient-specific suggestions.
It is worth mentioning that while the length-scales in this
study is similar to that in some experiments [14, 15], both
of which are in the μm range; the time-scales considered in
this study (of order of ms) is lower than those probed by the
experiments (of order of s). In reality, the time-scales depend
on the size of the area monitored as a representative volume
and the diffusion velocity of the NPs, so the specific monitoring time in this study were different for different NPs. Of
course, the monitoring time should be long enough to let the
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NPs reach a steady diffusion status. In our study, due to the
finite diffusion area in the RVE (18 μm×18 μm), the monitoring time was constrained by the requirement to ensure all
the monitored NPs were diffusing inside the RVE without
being affected by the boundaries. It was found that the NPs’
diffusion could achieve stability at the scale of ms in our
RVE (shown as stage II, Fig. 3 in the manuscript). Therefore,
we chose the data on this stage to derive the effective diffusion coefficients. Time scale is also a vital index in determining the terms of the mathematical equations. The short
time-scales targeted in the present study (ms), in fact, is also
a reason why some of the factors in real situation were not
considered in this study (see section 2.1.5), because it may
be too short for the change of local gradients to develop.
This should lead to the difference between short-term diffusivity and long-term diffusivity. These gradients induced
by cell activities may need to be considered when tackling
problems at longer time-scales. Our future work will also
aim to model both short-term and long-term diffusivity.
Although some details of the real brain microstructure
have been omitted in both mathematical and geometrical
models, the newly established modelling system can reproduce experimental results, as shown in Table II. This means
that the present modelling method could be used to predict D
for nano-carriers or nano-drugs in brain tissue. If combined
with mixture theory to also consider NPs transport in the
surrounding capillary and across the vessel wall [73, 74],
this method could further provide a more systematic prediction for nano-drug delivery in the brain.
Finally, some hypotheses in the models need further
discussions. (i) Although statistical data was used to
reconstruct the stochastic model, the microstructure of
WM is still idealized. Components in the ECM which
may affect the NPs transport, and geometrical anisotropy that may redirect the NPs movement are not considered in the present geometric model. The distribution
of the axons is also more disordered in the real brain.
Therefore, the present study is more suitable to provide
qualitative information and perform comparative studies;
furthermore, the prediction accuracy would be further
improved by exploring more realistic geometric models [75, 76]. (ii) Limited by the geometry, the NPs in
this study are assumed to be spherical, so their size is
determined by the diameter. However, other functional
NPs have been developed with different shapes, such as
nanotube, nanodisk, naoneedle, plateloid, and ellipsoid
[77]. Shape, especially aspect ratio, is also a key parameter in determining D because it can not only change the
hydraulic diameter but also influence charge distribution,
charge density and apparent surface charge of NPs. For
example, Cognet and co-workers have shown single-wall
carbon nanotubes (more than 100 nm of length and 1
nm in diameter) can readily diffuse in brain slices [64].
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Effects of particle size and Zp on Ds of these types of
NPs may be different from those evaluated in the present
study. However, the proposed mathematical models could
be readily adapted to investigate the transport of NPs
with other shapes in the brain. (iii) The cell-uptake of
NPs was not considered in this model. The charge states
of NPs could help to tune the interaction between the
NPs and the cells. For example, Tatur et al. [78] found
that positively charged NPs can easily pass through
the membrane, embedding themselves within the lipid
bilayer and destabilising the entire membrane structure.
If the concentration is high, these NPs could kill the cell
by destroying the cell membrane. In contrast, negatively
charged NPs nearly do not penetrate the lipid membrane
so they are suitable to serve as drug carriers [78]. Lowerscale simulation tools, such as coarse-grained molecular
dynamics (CGMD) simulations, are capable of modelling
these more detailed particle-cell interactions [79]. Thus,
combing the present method with CGMD will further
empower this framework and provide more precise suggestions for the drug development and pharmaceutical
research.

Conclusions
In this study, a modelling framework is established to simulate the NP movement in brain WM microstructure. It is
first validated by comparing with experimental data, and
then applied to investigate the effects of NP size and surface
charge on the NP diffusion coefficient. Results show that Zp
has a positive effect on the Ds of negatively charged NPs
in WM until reaching a size threshold which depends on
the WM microstructure. It is important to note that increasing the NP size is possible to simultaneously raise the total
surface charge, and thereby increases the D of the charged
particle. This provides an important step to understand
how particle size and Zp affect the D of NPs in WM, which
could help to improve the design efficiency of nano-drugs
and nano-carriers to treat brain diseases. Furthermore, the
developed geometric and mathematical model provides a
new technique that can be potentially used to predict drug
delivery in the brain and other tissues with similar (fibrous
and anisotropic) microstructure.
ACKNOWLEDGEMENTS AND DISCLOSURES This project has received
funding from the European Unions Horizon 2020 research and innovation programme under Grant Agreement No. 688279. Daniele Dini
would like to acknowledge the support received from the EPSRC
under the Established Career Fellowship Grant No. EP/N025954/1.
Tian Yuan would also like to acknowledge financial support from CSC
Imperial Scholarship. The authors declare that they have no conflict
of interest.

Pharmaceutical Research (2022) 39:767–781
Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

779

15.

16.
17.

18.

References
1. Li W, Qiu J, Li XL, Aday S, Zhang J, Conley G, et al. BBB pathophysiology–independent delivery of siRNA in traumatic brain
injury. Sci Adv. 2021;7:6889.
2. Posadas I, Monteagudo S, Ceña V. Nanoparticles for brain-specific
drug and genetic material delivery, imaging and diagnosis. Nanomedicine. 2016;11:833–49.
3. Saraiva C, Praça C, Ferreira R, Santos T, Ferreira L, Bernardino
L. Nanoparticle-mediated brain drug delivery: Overcoming
blood-brain barrier to treat neurodegenerative diseases. J Control
Release. 2016;235:34–47.
4. Wohlfart S, Gelperina S, Kreuter J. Transport of drugs across
the blood-brain barrier by nanoparticles. J Control Release.
2012;161:264–73.
5. Grabrucker AM, Ruozi B, Belletti D, Pederzoli F, Forni F, Vandelli MA, et al. Nanoparticle transport across the blood brain barrier. Tissue Barriers. 2016;4.
6. Holter KE, Kehlet B, Devor A, Sejnowski TJ, Dale AM, Omholt
SW, et al. Interstitial solute transport in 3D reconstructed neuropil occurs by diffusion rather than bulk flow. Proc Natl Acad
Sci. 2017;114:9894–9.
7. Kulkarni SA, Feng SS. Effects of particle size and surface modification on cellular uptake and biodistribution of polymeric
nanoparticles for drug delivery. Pharm Res. 2013;30:2512–22.
8. Eklöf J, Gschneidtner T, Lara-Avila S, Nygård K, MothPoulsen K. Controlling deposition of nanoparticles by tuning
surface charge of SiO2 by surface modifications. RSC Adv.
2016;6:104246–53.
9. Keller AA, Wang H, Zhou D, Lenihan HS, Cherr G, Cardinale BJ, et al. Stability and aggregation of metal oxide nanoparticles in natural aqueous matrices. Environ Sci Technol.
2010;44:1962–7.
10. Honary S, Zahir F. Effect of zeta potential on the properties of
nano-drug delivery systems - A review (Part 1). Trop J Pharm
Res. 2013;12:255–64.
11. Shilo M, Sharon A, Baranes K, Motiei M, Lellouche JPM,
Popovtzer R. The effect of nanoparticle size on the probability
to cross the blood-brain barrier: An in-vitro endothelial cell
model. J Nanobiotechnology. 2015;13:1–7.
12. Bramini M, Ye D, Hallerbach A, Nic Raghnaill M, Salvati A,
Åberg C, et al. Imaging approach to mechanistic study of nanoparticle interactions with the blood-brain barrier. ACS Nano.
2014;8:4304–12.
13. Thorne RG, Nicholson C. In vivo diffusion analysis with quantum dots and dextrans predicts the width of brain extracellular
space. Proc Natl Acad Sci U S A. 2006;103:5567–72.
14. Nance EA, Woodworth GF, Sailor KA, Shih TY, Xu Q, Swaminathan G, et al. A dense poly(ethylene glycol) coating improves

19.

20.
21.
22.

23.
24.
25.
26.
27.
28.

29.
30.
31.
32.
33.
34.
35.

penetration of large polymeric nanoparticles within brain tissue.
Sci Transl Med. 2012;4.
Nance E, Zhang C, Shih TY, Xu Q, Schuster BS, Hanes J.
Brain-penetrating nanoparticles improve paclitaxel efficacy in
malignant glioma following local administration. ACS Nano.
2014;8:10655–64.
Nance E, Zhang F, Mishra MK, Zhang Z, Kambhampati SP,
Kannan RM, et al. Nanoscale effects in dendrimer-mediated targeting of neuroinflammation. Biomaterials. 2016;101:96–107.
Zhang M, Bishop BP, Thompson NL, Hildahl K, Dang B,
Mironchuk O, et al. Quantum dot cellular uptake and toxicity
in the developing brain: Implications for use as imaging probes.
Nanoscale Adv. 2019;1:3424–42.
Yokel RA. Nanoparticle brain delivery: A guide to verification
methods. Nanomedicine. 2020;15:409–32.
Raffelt DA, Tournier JD, Smith RE, Vaughan DN, Jackson
G, Ridgway GR, et al. Investigating white matter fibre density and morphology using fixel-based analysis. Neuroimage.
2017;144:58–73.
Fields RD. White matter in learning, cognition and psychiatric
disorders. Trends Neurosci. 2008;31:361–70.
Vidotto M, Botnariuc D, De Momi E, Dini D. A computational
fluid dynamics approach to determine white matter permeability. Biomech Model Mechanobiol. 2019;18:1111–22.
Yousefsani SA, Farahmand F, Shamloo A. A three-dimensional
micromechanical model of brain white matter with histologyinformed probabilistic distribution of axonal fibers. J Mech
Behav Biomed Mater. 2018;88:288–95.
Brownian BW. Motion: Langevin Equation. Stat Theory Heat.
1989:69–72.
Gorenflo R, Mainardi F. Random walk models approximating
symmetric space-fractional diffusion processes. Probl Methods
Math Phys. 2001:120–45.
Su D, Ma R, Salloum M, Zhu L. Multi-scale study of nanoparticle transport and deposition in tissues during an injection
process. Med Biol Eng Comput. 2010;48:853–63.
Li A, Ahmadi G. Dispersion and deposition of spherical particles
from point sources in a turbulent channel flow. Aerosol Sci Technol. 1992;16:209–26.
Stokes GG. On the Effect of the Internal Friction of Fluids on the
Motion of Pendulums. Math Phys Pap. 1851:1–10.
Sharaf OZ, Al-Khateeb AN, Kyritsis DC, Abu-Nada E. Four-way
coupling of particle-wall and colloidal particle-particle interactions in direct absorption solar collectors. Energy Convers Manag.
2019;195:7–20.
Shamloo A, Pedram MZ, Heidari H, Alasty A. Computing the
blood brain barrier (BBB) diffusion coefficient: A molecular
dynamics approach. J Magn Magn Mater. 2016;410:187–97.
Liu YW, Pennathur S, Meinhart CD. Electrophoretic mobility of a spherical nanoparticle in a nanochannel. Phys Fluids.
2014;26:112002.
Verwey EJW. Theory of the stability of lyophobic colloids. J Phys
Colloid Chem. 1947;51:631–6.
McLaughlin S. The electrostatic properties of membranes. Annu
Rev Biophys Biophys Chem. 1989;18:113–36.
Ge Z, Wang Y. Estimation of Nanodiamond Surface Charge Density from Zeta Potential and Molecular Dynamics Simulations. J
Phys Chem B. 2017;121:3394–402.
Carrión FJ, De La Maza A, Parra JL. The influence of ionic
strength and lipid bilayer charge on the stability of liposomes. J
Colloid Interface Sci. 1994;164:78–87.
Derjaguin BV, Churaev NV, Muller VM. The Derjaguin—Landau—Verwey—Overbeek (DLVO) Theory of Stability of Lyophobic Colloids. Surf Forces. 1987:293–310.

13

780
36. Russel WB, Russel WB, Saville DA, Schowalter WR. Colloidal
dispersions. 1991.
37. Jamal Asad, Yuan Tian, Galvan Stefano, Castellano Antonella,
Riva Marco, Secoli Riccardo, Falini Andrea, Bello Lorenzo,
Rodriguez y Baena Ferdinando, Dini Daniele, et al. Insights into
Infusion-Based Targeted Drug Delivery in the Brain: Perspectives,
Challenges and Opportunities. International Journal of Molecular
Sciences. 2022;23(6):3139. https://doi.org/10.3390/ijms230631
39.
38. Hatami T, Meireles MAA, Zahedi G. Mathematical modeling and
genetic algorithm optimization of clove oil extraction with supercritical carbon dioxide. J Supercrit Fluids. 2010;51:331–8.
39. Sperber GH. Book review. J Anat. 2006;208:393–393.
40. Liewald D, Miller R, Logothetis N, Wagner HJ, Schüz A. Distribution of axon diameters in cortical white matter: an electronmicroscopic study on three human brains and a macaque. Biol
Cybern. 2014;108:541–57.
41. Lee HH, Yaros K, Veraart J, Pathan JL, Liang FX, Kim SG, et al.
Along-axon diameter variation and axonal orientation dispersion
revealed with 3D electron microscopy: implications for quantifying brain white matter microstructure with histology and diffusion
MRI. Brain Struct Funct. 2019;224:1469–88.
42. Ringstad G, Valnes LM, Dale AM, Pripp AH, Vatnehol SAS,
Emblem KE, et al. Brain-wide glymphatic enhancement and clearance in humans assessed with MRI. JCI insight. 2018;3:1–16.
43. Hrabetova S, Cognet L, Rusakov DA, Nägerl UV. Unveiling the
extracellular space of the brain: From super-resolved microstructure to in vivo function. J Neurosci. 2018;38:9355–63.
44. Vidotto M, Dini D, Momi E De. Effective Diffusion and Tortuosity in Brain White Matter. Proc Annu Int Conf IEEE Eng Med
Biol Soc EMBS. 2018;2018-July:4901–4.
45. Chavoshnejad P, German GK, Razavi MJ. Hyperelastic material
properties of axonal fibers in brain white matter. Brain Multiphysics. 2021;2:100035.
46. Odackal J, Colbourn R, Odackal NJ, Tao L, Nicholson C, Hrabetova S. Real-time Iontophoresis with Tetramethylammonium to
Quantify Volume Fraction and Tortuosity of Brain Extracellular
Space. J Vis Exp. 2017:1–16.
47. Hrabe J, Hrabětová S, Segeth K. A model of effective diffusion
and tortuosity in the extracellular space of the brain. Biophys J.
2004;87:1606–17.
48. Nicholson C. Diffusion from an injected volume of a substance in
brain tissue with arbitrary volume fraction and tortuosity. Brain
Res. 1985;333:325–9.
49. Abdollahzadeh A, Belevich I, Jokitalo E, Tohka J, Sierra A.
Automated 3D Axonal Morphometry of White Matter. Sci Rep.
2019;9:6084.
50. Li H, Sun S Ren, Yap JQ, Chen J Hua, Qian Q. 0.9% Saline
Is Neither Normal Nor Physiological. J Zhejiang Univ Sci B.
2016;17:181–7.
51. Kassem LM, Ibrahim NA, Farhana SA. Nanoparticle Therapy Is a
Promising Approach in the Management and Prevention of Many
Diseases: Does It Help in Curing Alzheimer Disease? J Nanotechnol. 2020;2020:1–8.
52. Li W, Qiu J, Li XL, Aday S, Zhang J, Conley G, et al. BBB pathophysiology–independent delivery of siRNA in traumatic brain
injury. Sci Adv. 2021;7:eabd6889.
53. Abdollahzadeh A, Belevich I, Jokitalo E, Tohka J, Sierra A.
Automated 3D Axonal Morphometry of White Matter. Sci Rep.
2019;9:1–16.
54. Guy Y, Sandberg M, Weber SG. Determination of ζ-potential in
rat organotypic hippocampal cultures. Biophys J. 2008;94:4561–9.
55. Yao W, Shen Z, Ding G. Simulation of interstitial fluid flow in
ligaments: Comparison among Stokes, Brinkman and Darcy models. Int J Biol Sci. 2013;9:1050–1056.
56. NIST. CODATA Value: elementary charge [Internet]. 2014.

13

Pharmaceutical Research (2022) 39:767–781
57. Gavish N, Promislow K. Dependence of the dielectric constant
of electrolyte solutions on ionic concentration: A microfield
approach. Phys Rev E. 2016;94.
58. NIST. “2018 CODATA Value: vacuum electric permittivity”
[Internet]. 2018.
59. National Institute of Standards in Technology. CODATA Value:
Avogadro constant. Fundam. Phys. Constants. [Internet]. 2014.
60. NIST. CODATA Value: Boltzmann constant. NIST Ref. Constants, Units, Uncertain. [Internet]. 2018.
61. COMSOL Multiphysics®. v.5.6. www.comsol.com. COMSOL
AB, Stock Sweden. 2021;
62. COMSOL Multiphysics. Comsol Multiphysics Reference Manual:
Version 5.6. Manual. 2014.
63. Valnes LM, Mitusch SK, Ringstad G, Eide PK, Funke SW, Mardal
KA. Apparent diffusion coefficient estimates based on 24 hours
tracer movement support glymphatic transport in human cerebral
cortex. Sci Rep. 2020;10:1–12.
64. Paviolo C, Soria FN, Ferreira JS, Lee A, Groc L, Bezard E, et al.
Nanoscale exploration of the extracellular space in the live brain
by combining single carbon nanotube tracking and super-resolution imaging analysis. Methods. 2020;174:91–9.
65. Stylianopoulos T, Poh MZ, Insin N, Bawendi MG, Fukumura D,
Munn LL, et al. Diffusion of particles in the extracellular matrix:
The effect of repulsive electrostatic interactions. Biophys J.
2010;99:1342–9.
66. Jamal A, Bernardini A, Dini D. Microscale characterisation of
the time-dependent mechanical behaviour of brain white matter.
J Mech Behav Biomed Mater. 2021;125:104917.
67. Curtis C, Toghani D, Wong B, Nance E. Colloidal stability as a
determinant of nanoparticle behavior in the brain. Colloids Surf.,
B. 2018;170:673–82.
68. Dante S, Petrelli A, Petrini EM, Marotta R, Maccione A, Alabastri
A, et al. Selective Targeting of Neurons with Inorganic Nanoparticles: Revealing the Crucial Role of Nanoparticle Surface Charge.
ACS Nano. 2017;11:6630–40.
69. Sachdev PS. Alternating and postictal psychoses: Review and a
unifying hypothesis. Schizophr Bull. 2007;33:1029–37.
70. Dubé C, Richichi C, Bender RA, Chung G, Litt B, Baram TZ.
Temporal lobe epilepsy after experimental prolonged febrile seizures: Prospective analysis. Brain. 2006;129:911–22.
71. Zhan W, Arifin DY, Lee TK, Wang CH. Mathematical Modelling
of Convection Enhanced Delivery of Carmustine and Paclitaxel
for Brain Tumour Therapy. Pharm Res. 2017;34:860–73.
72. Zhan W, Alamer M, Xu XY. Computational modelling of drug
delivery to solid tumour: Understanding the interplay between
chemotherapeutics and biological system for optimised delivery
systems. Adv Drug Deliv Rev. 2018;132:81–103.
73. Schuff MM, Gore JP, Nauman EA. A mixture theory model of
fluid and solute transport in the microvasculature of normal and
malignant tissues. II: Factor sensitivity analysis, calibration, and
validation. J Math Biol. 2013;67:1307–37.
74. Schuff MM, Gore JP, Nauman EA. A mixture theory model of
fluid and solute transport in the microvasculature of normal and
malignant tissues. I. Theory. J Math Biol. 2013;66:1179–207.
75. Vidotto M, Bernardini A, Trovatelli M, Momi E De, Dini D. On
the microstructural origin of brain white matter hydraulic permeability. Proc Natl Acad Sci. 2021;118.
76. Bernardini A, Trovatelli M, Michał MK, Danilo ZD, Stefano B,
Alexandra P, et al. Imaging and reconstruction of the cytoarchitecture of axonal fibres: enabling biomedical engineering studies
involving brain microstructure. Submitted to Nat Biomed Eng.
2021.
77. Truong NP, Whittaker MR, Mak CW, Davis TP. The importance
of nanoparticle shape in cancer drug delivery. Expert Opin. Drug
Deliv. 2015; p. 129–42.

Pharmaceutical Research (2022) 39:767–781
78. Tatur S, MacCarini M, Barker R, Nelson A, Fragneto G. Effect of
functionalized gold nanoparticles on floating lipid bilayers. Langmuir. 2013;29:6606–14.
79. Shi X, Von Dem Bussche A, Hurt RH, Kane AB, Gao H. Cell
entry of one-dimensional nanomaterials occurs by tip recognition
and rotation. Nat Nanotechnol. 2011;6:714–9.

781
Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

13

