(will be inserted by the editor)

Biomechanics and Modeling in Mechanobiology manuscript No.

A Computational Fluid Dynamics approach to determine

White Matter Permeability

Marco Vidotto - Daniela Botnariuc -

Received: date / Accepted: date

Abstract Glioblastomas represent a challenging prob-
lem with an extremely poor survival rate. Since these
tumour cells have a highly invasive character, an ef-
fective surgical resection as well as chemotherapy and
radiotherapy are very difficult. Convection-enhanced de-
livery (CED), a technique that consists in the injection
of a therapeutic agent directly into the parenchyma,
has shown encouraging results. Its efficacy depends on
the ability to predict, in the pre-operative phase, the
distribution of the drug inside the tumour. This paper
proposes a method to compute a fundamental parameter
for CED modelling outcomes, the hydraulic permeability,
in three brain structures. Therefore, a bi-dimensional
brain-like structure was built out of the main geometri-
cal features of the white matter: axon diameter distri-
bution (ADD) extrapolated from electron microscopy
images, extracellular space (ECS) volume fraction and
ECS width. The axons were randomly allocated inside a
defined border and the ECS volume fraction as well as
the ECS width maintained in a physiological range. To
achieve this result, an outward packing method coupled
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with a disc shrinking technique was implemented. The
fluid flow through the axons was computed by solving
Navier-Stokes equations within the computational fluid
dynamics solver ANSYS. From the fluid and pressure
fields, an homogenisation technique allowed establishing
the optimal representative volume element (RVE) size.
The hydraulic permeability computed on the RVE was
found in good agreement with experimental data from
literature.

Keywords Convection-enhanced delivery - Hydraulic
permeability - Representative volume element - White
matter

1 Introduction

The most common brain malignant tumours, glioblas-
tomas multiforme (GBMs), leave patients a median
overall survival rate ranging from 12 to 18 months, as
reported in Mehta et al (2015). Moreover, despite af-
fecting only 6 in 100000 people, the treatment cost in
Europe in 2010 was about 5.2 billion Euro (Olesen et al,
2012). Conventional treatment options such as surgery,
chemotherapy and radiation have not proved themselves
as decisive, despite being highly aggressive for the pa-
tients (Crawford et al, 2016). Therefore, Bobo et al
(1994) introduced a new technique, namely CED, which
has shown encouraging results with recurrent glioblas-
toma in the last twenty years (Crawford et al, 2016).
Indeed, it allows overcoming the main obstacle to phar-
maceutical treatment of tumour, the blood-brain barrier,
by injecting a therapeutic agent under positive pressure
directly into the parenchyma.

A key aspect to reach good results is the ability
to predict, in the pre-operative phase, the distribution
of the drug inside the tumour (Raghavan et al, 2006,
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2016). This would allow planning the infusion point
and the flow rate to optimise the treatment. Several
studies have been conducted in the last fifteen years
proposing numerical models which were based on differ-
ent assumptions (Ehlers and Wagner, 2013; Stgverud
et al, 2012; Linninger et al, 2008; Kim et al, 2012; Sarnti-
noranont et al, 2006; Chen and Sarntinoranont, 2007;
Morrison et al, 1999; Raghavan et al, 2006; Raghavan
and Brady, 2011; Smith and Garcfa, 2009). Nonetheless,
the cerebral tissue complex structure has represented
a formidable challenge to modelling and more studies
should be conducted to reach a satisfying level of accu-
racy. As suggested by Ehlers and Wagner (2013) and
Steverud et al (2012), this could be due the fact that the
constitutive parameters which are used in the models
vary significantly across the scientific literature (up to
three orders of magnitude). Therefore, in this paper, we
aimed to shed light on the hydraulic permeability which
is one of the key parameters affecting CED outcomes.
Indeed, it drives the convective flux through the brain
thus determining the pharmaceutical agent ability to
spread within the cancerous tissue.

The brain could be divided in three main compo-
nents characterised by different properties: cerebrospinal
fluid (CSF), grey matter and white matter. The CSF
can be found in all the empty spaces within the skull
thus comprising the gap between the brain and the skull,
the ventricles and the ECS. The grey matter consists
of neuron cell bodies which are highly packed making
the tissue very dense. In contrast, the white matter can
be found in the inner part of the brain and presents a
more regular structure made of elongated parallel ax-
ons with a quasi-circular cross section (Stgverud et al,
2012). In addition, the blood vessel system runs through
the parenchyma to supply oxygen and nutrients. This
simplified description of the brain is not meant to be ex-
haustive but highlights that the brain is a multi-phasic
material (Ehlers and Wagner, 2013). Nevertheless, as
pointed out by Tavner et al (2016), the correct math-
ematical framework to model the brain parenchyma
is still a controversial subject which depends on the
specific phenomenon studied.

In this work, since the blood vessels occupy less than
3% of the total volume (Duval et al, 2016), we describe
the white matter as a biphasic continuum in which
the axons represent the solid phase which is immersed
in the ECS which constitutes the fluid phase. Under
the hypotheses of incompressible fluid and very low
Reynolds number, the convective flux through the axons
can be described by means of Darcy’s law, which relates
the pressure loss across a porous medium with its average
velocity according to the hydraulic permeability (Dullien,
2012; Kim et al, 2012; Stgverud et al, 2012; Ehlers and

Wagner, 2013). The latter depends only on the porous
media geometry and the fluid properties (Yazdchi et al,
2011), and it can be computed in three different way:

(i) Experimentally: numerous experimental techniques
have been developed and described in the geotech-
nical literature (Tlrkkan and Korkmaz, 2015) but,
to the best of our knowledge, only a limited number
of studies can be found concerning human tissues
(Swabb et al, 1974; Netti et al, 2000; McGuire et al,
2006; Franceschini et al, 2006).

In particular, Swabb et al (1974) conducted the first
in vitro experimental campaign which aimed to infer
the hydraulic permeability of hepatocarcinoma, the
most common liver cancer. Netti et al (2000) per-
formed confined compression test on slices of freshly
excised tissue belonging to four tumour lines. Then,
they estimated the permeability fitting the experi-
mental data with a poroviscoelastic model. McGuire
et al (2006) followed a similar approach implanting
three tumour lines in mice. Then, after the injection
of a controlled flow of Evans blue-labeled albumin
in the centre of the cancerous tissue, the latter was
excised and sliced. Finally, the albumin distribution
was fitted by means of Darcy’s law for unidirectional
flow in an infinite region around a spherical fluid cav-
ity. Franceschini et al (2006) conducted an extensive
and comprehensive work in which they performed
several types of mechanical tests on human brain
samples within 12 hours of death. Without entering
into details, we will just focus on the permeability
extraction. They performed an oedometric test on
12 cylindrical specimens harvested in the parietal
lobe. The average ratio between initial and final
specimen’s shortening under a loading step, namely
consolidation ratio, was depicted as a function of
time. These data were fitted according to Terzaghi
theory thus allowing to infer the permeability.
Despite the works cited above being extremely valu-
able, they are affected by two important limitations.
First, the permeability in not measured directly but
it is inferred from a model which is based on certain
assumptions and, second, the hydraulic permeability
decreases with time post-mortem and its estimation
is therefore affected by the exact time measurements
have taken place (Tavner et al, 2016).

(ii) An alternative methodology with respect to the ex-
perimental one is using the Kozeny-Carman equation
which relates permeability to other geometrical pa-
rameters such as porosity and specific surface; for
details the reader can refer to Xu and Yu (2008) and
citation therein. However, the major drawback of
the analytical approach is that it is only suitable for
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simple and regular geometries but cannot be applied
to complicated structures such as the white matter.

(iii) Finally, in the numerical approach, Navier-Stokes
equations are solved to obtain the permeability under
some hypotheses. It has been proven to be a powerful
tool to analyse random arrangements of fibres as
shown in (Hitti et al, 2016; Nedanov and Advani,
2002; Takano et al, 2002) or other porous media
(Pinela et al, 2005; Kolyukhin and Espedal, 2010;
Dias et al, 2012; Zeng et al, 2015; Eshghinejadfard
et al, 2016). For example, Hitti et al (2016) computed
the permeability of a unidirectional disordered fibres
array with constant diameter by first assessing the
velocity and the pressure fields of the convective flow
through them. Then, by means of an homogenisation
method they obtained the permeability of the whole
domain.

In this paper, we develop an approach that for the
first time applies numerical techniques to the study
of the brain microstructure. The brain geometry and
spatial organisation are considered to describe the inter-
axons convective flux.

We present an outward packing method to create
a bi-dimensional random geometry based on the ADD
provided by (Liewald et al, 2014) that ensures a ECS
volume fraction and a ECS width in the physiological
range (Sykovd and Nicholson, 2008). Moreover, a spatial
analysis, by means of Ripley’s k-function (Hansson et al,
2013; Marcon et al, 2013), is conducted to guarantee that
the overall geometrical organisation is consistent with
the one of the experimental data. Then, a computational
fluid dynamics (CFD) model is implemented within the
commercial software ANSYS (ANSYS, Lebanon, NH) to
compute the white matter hydraulic permeability which
will be compared with other data available from the
relevant literature.

2 Materials and Methods
2.1 Dataset

In the study conducted by Liewald et al (2014), the
authors measured the inner diameter of myelinated ax-
ons in three anatomical structure namely corpus callo-
sum (CC), superior longitudinal fascicle (SF) and unci-
nate/inferior occipitofrontal fascicle (IF). Their analysis
was performed on three human brains and a monkey
brain. Since the first ones underwent a late fixation that
could lead to degradation of cellular material and a
reduction of hydraulic permeability as pointed out by
Tavner et al (2016), we used the ADD of the monkey
which guaranteed an higher fixation quality. Moreover,

since we are interested in the external diameter, we
added the average myelin sheath width, measured by
Liewald et al (2014), to the ADD.

2.2 Brain-like geometry

The first objective was to design a geometry which could
mimic the white matter structure and spatial organisa-
tion. Therefore, we created a two-dimensional random
disordered fibres packing with a circular cross section
which met four important geometrical requirements that
drive the convective flux in the extra cellular space: axon
diameter distribution, ECS volume ratio, ECS width
and spatial organisation.

The generation algorithm was based on the closed
form advancing front approach presented by Feng et al
(2003), but with a main difference. This work introduces
an optimisation phase which pushes the ECS volume
fraction at a lower level with respect to the previous
method in order to meet the physiological requirements.
All the algorithm here presented was developed in the
environment provided by MATLAB:

1. The user specifies the total number of fibres, which
are represented by discs of varying diameters in
our two-dimensional representation, and the desired
ADD and ECS volume ratio. Then, he indicates
the shape of the domain inside which he wants to
insert the discs, e.g a square or a rectangle with
a certain ratio between adjacent edges. The initial
domain area and its boundaries are computed from
the sum of each disc area using simple geometrical
arguments and calculations. This initial area is not
big enough to host all the discs because it does
not consider the empty spaces. Therefore, the area
increases iteratively until all the discs have found
space.

2. The algorithm is based on the following geometrical
consideration: given a couple of discs, it is always
possible to add a third one which is tangent to both
of them if the distance between the first two is less
than the diameter of the third; this is schematically
depicted in Figure 1 (a). Figure 1 (b) shows the poly-
gon formed by the disc centres which constitutes the
front along which the generation algorithm propa-
gates. Each new disc is accepted if it is contained
inside the domain boundaries and if no overlapping
with the other discs occurs.

3. Once all the discs are placed in the domain, the ECS
volume ratio is computed as the ratio between the
void spaces between the discs and the total area. The
outcome of this first part of the algorithm is a highly
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packed structure with an ECS volume ratio of about

0.22.

4. However, as stated by Sykové and Nicholson (2008),
the ECS volume ratio can reach a minimum of 0.15
in the brain; for this reason we implemented an
optimisation algorithm which fills the empty spaces
in the structure. It could be summarised in four
additional steps:

(i) The original geometry is converted in a black
and white image to allow morphological analyses,
which are a collection of non-linear operations
related to the shape or morphology of features
in an image (Patil and Bhalchandra, 2012).

(ii) The subsequent step is the skeletonization that,
starting from a black and white image, uses the
iterative thinning algorithm to reduces all the
objects to lines, without changing the essential
structure of the image (Haralick and Shapiro,
1992). The branch points of the skeleton represent
the location where the distance between close
discs is maximised. In other words, they are the
best locations where it is possible to add new
discs as can be appreciated in Figure 1 (c).

(iii) Even in this case the new disc is accepted if its
diameter is comprised in the range of the ADD
previously defined.

(iv) The process continues iteratively until reaching
the minimum physiological ECS volume ratio.

5. Finally, the desired porosity is achieved by means of a
shrinking technique as described in Hitti et al (2016).
It is easy to understand that the discs shrinking
affects the desired ADD. However, for the physiolog-
ical porosity range, which does not exceed 0.3, the
shrinking produces a decrease in the axons diameter
of only 2.5% which could be considered negligible.

Fig. 1 Discs generation algorithm: (a) given two discs with
radius ;1 and rg and centred at c¢; and cg respectively, the
centre cz of the new disc (green) with radius rs is given by
one of the two intersections of the dotted discs with radius
r1 +rs and ro + r3 centred at ¢1 and cg respectively; (b) the
first three discs form the initial propagation front, a new disc
is added on the right side of each arrow; (c) in the second part
of the algorithm, new discs are added at the skeleton branch
points (black dot) if their diameter is comprised in the ADD

It must be noticed that the second part of the al-
gorithm, where the empty spaces are filled with discs,
changes the ADD. Indeed, since the void spaces are
small, they are more likely occupied by the discs with a
smaller diameter. Nevertheless, this limitation could be
considered negligible as discussed in Appendix A.

2.3 Spatial distribution analysis

To compare the permeability evaluated both within the
same ADD and between different ADDs as a function
of ECS volume ratio, it was necessary to ensure that
the spatial organisation of every geometry was consis-
tent. Therefore, the ability of the algorithm described in
subsection 2.2 to create random arrangements of axons
was quantified by means of Ripley’s function (Ripley,
1976). The axon centres represent a spatial point process,
see the contribution by Diggle (2003) for details, and
Ripley’s function was used to differentiate between: (i)
aggregation, where the points tend to stay close to other
points, (ii) inhibition where the points form a regular
pattern and (iii) complete spatial randomness (CSR)
where the points do not follow any specific rule (Jafari-
Mamaghani, 2010; Lang and Marcon, 2010; Marcon et al,
2013).

Moreover, we compared the model spatial organi-
sation with the experimental one analysing the trans-
mission electron microscopy (TEM) images provided by
Liewald et al (2014). Therefore, as a preliminary step,
we manually segmented the microscopy images and com-
puted the centroids for each anatomical structure (Gopi,
2007).

Ripley’s function is defined as:

R(t)=)\"'E (1)

where A is the number of points per unit area, namely
the intensity, and E is the number of extra points within
a distance t, which is the distance scale considered, of
an arbitrary point (Ripley, 1976). For a homogeneous
Poisson process that characterises the CSR:

R(t) = 7t? (2)

given the location of all points within a domain, the
equation below describes how to compute R:

R =AY Y w1y A=Y Q

where d;; is the distance between the i'" and j** points,
N is the total number of points and I(x) is a function
whose value is 1 if the distance between the " and
4t points is less than ¢ and otherwise is zero. Finally,
w(l;,1;) provides the edge correction to minimise the
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effects that arise because points outside the boundary
are not counted (Dixon, 2002). Usually, it is convenient
to linearise the R-function as:

L(t) =\ —= (4)

because the L — function plot for a CSR distribution
is a simple line with an angular coefficient equal to
1 and passing from the origin. On the contrary, for
clustering and inhibition the angular coefficient is higher
and lower than 1 respectively. Thus, it is easier to show
the deviation from CSR and the length scale at which
it occurs (Dixon, 2002; Hitti et al, 2016; Chen and
Sarntinoranont, 2007).

2.4 Brain convection model

In the brain the axons represent the solid phase of the
white matter which is immersed in the ECS. As well as
the other cells, they could be modelled as a soft tissue
but a unique answer on which constitutive model is more
appropriate is still missing. For example, for Stgverud
et al (2012) the solid phase behaves as an isotropic
linear elastic material whereas Ehlers and Wagner (2013)
used a hyperelastic model. On the other hand, other
authors stated that, if the flow rate is very low the
deformation provoked by the fluid-structure interaction
can be considered negligible and therefore, it is possible
to safely model the axons as a rigid material (Kim
et al, 2012, 2010; Raghavan and Brady, 2011). Since
the interest of this study is to infer the permeability in
a quasi-static condition (creeping flow), we follow the
latter approach and we model the solid phase as a rigid
porous media, whose continuity equation is:

V-v=0 (5)

where v is the fluid superficial velocity.

The well-known Darcy’s law is a macroscopic relation
between the pressure loss Vp and v which is the velocity
through the pores averaged on the fluid volume V%
(equation 6 and 7 respectively)

K
v=-Vp 6
. (6)
=L [ vav (7)
v

Vi

where k is the permeability of the porous media, p is
the viscosity of the fluid (1073 Pa x s) (Jin et al, 2016),
V and V; are the total and fluid volume respectively
(Yang et al, 2014; Hitti et al, 2016). The superficial
velocity though the pores was computed solving the
Navies-Stokes equations by means of the Finite Element

Method (FEM) software ANSYS (ANSYS, Lebanon,
NH) with Semi-Implicit Methods for Pressure Linked
Equations (SIMPLE) (ANSYS, 2017). A no slip condi-
tion was set on each wall and the conduct length was
designed to have a fully developed flow before the porous
zone. The boundary condition at the inlet (velocity inlet
0.0024 m/s) was chosen to have a very low Reynolds
number Re =~ 1072 to respect Darcy’s law hypothesis
and to have a velocity close to the one that is usually
used in CED intervention (Barua et al, 2013, 2014). A
zero pressure was applied at the outlet to reproduce
the conventional experimental conditions for measuring
hydraulic permeability (Yazdchi et al, 2011; Truscello
et al, 2012; Hitti et al, 2016).

2.5 RVE size determination

According to Drugan and Willis (1996) an RVE is:
“the smallest material volume element of the composite
for which the usual spatially constant (overall modu-
lus) macroscopic constitutive representation is a suffi-
ciently accurate model to represent the mean constitu-
tive response”. However, as stated by Du and Ostoja-
Starzewski (2006), a lot of studies are based on the
existence of a so-called RVE but only a few of them
have quantitatively determined its size with respect to
the microheterogeneity. As previously described in sub-
section 2.2, the ECS volume ratio can range between
0.18 and 0.3, however, we decided to limit our study
to geometries with the highest value for the following
reason. Since the space between each axon is propor-
tional to the ECS volume ratio, choosing a value equal
to 0.3 leads to a geometry with a larger ECS width. This
characteristic is strongly desirable from a computational
point of view, indeed the smaller the inter-axons space
is, the more the meshing process becomes challenging
and the simulation dramatically more time-consuming.
In this work, we created 6 (n) random structures for
each ADD (CC, SF and IF). The mean permeability &
and the standard deviation o were computed for each
brain zone as a function of the RVE size.

F=2 Yk (8)

1 _

n_lgm—k) 9)
The RVEs size was determined dividing the height of
each model geometry by 20 as shown in Figure 2 which
also depicts a comparison between the model geometry
and a TEM image belonging to the SF. However, only
the first 16 RVEs were considered for the calculation
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as a consequence of the channelling effect described
in Nield and Bejan (2013) which rises at the walls. A
detailed explanation can be found in Appendix B.

3 Results
3.1 Geometry

Figure 3 shows the relationship between two geomet-
rical parameters that are fundamental in determining
the fluid dynamics within a porous media, namely, the
ECS volume ratio o and the ECS width d. The latter
has been identified by Sykovéd and Nicholson (2008) as
an “atmosphere” surrounding every axon which can be
quantified by the following equation:

d — VCL(EOTI «

Sazon l-a <1O>
where V.0n and Sq.on are the average axon volume and
surface area for an ideal thin slab of length equal to 1
pm. As depicted in Figure 3 the ECS width in our model
increases in a quasi-linear fashion with the ECS volume
ratio from a minimum of 16 nm to a maximum of 35 nm
which is comparable with the range identified by Sykova
and Nicholson (2008). The minimum ECS volume ratio
that we were able to reach with our method was equal to
0.18, which is very close to the experimental minimum
value of 0.15 (Sykova and Nicholson, 2008).

Figure 4, depicts the results of Ripley’s function anal-
ysis applied to the TEM images and to the geometry
generated through the algorithm described in subsec-
tion 2.2. Moreover, it is possible to compare them with
the ideal case of CSR. We can observe that in all the
anatomical structures the spatial organisation of both
real and model axons is almost coincident to the CSR
as we approach the final part of the curve. It should
be noted that there is an initial discrepancy between
the experimental and the model trend. However, this
could be easily explained since the number of axons for
each image was significantly lower than the one in the
model. Therefore, the presence of big axons in the TEM
images strongly affects the analysis whereas their effect
is mitigated in the model geometries. Nonetheless, for
t equal to 1 which is a normalised value corresponding
to the 25% of the image length as suggested in Jafari-
Mamaghani (2010), both experimental and model data
converge to CSR.

3.2 Grid sensitivity analysis

The first important step is to perform a grid-sensitivity
analysis to find the correct trade-off between the dis-
cretisation error reduction and the cost of the simulation

in terms of computational time (Montazeri and Blocken,
2013). The grid resolution depends on different parame-
ters; we varied separately the maximum face size allowed
for each cell and the edges’ discretisation in the porous
zone (ANSYS, 2017). We compared 6 grids with an
increasing number of nodes, from a coarse one, charac-
terised by 14862 nodes and an average element size of
0.16 x 10~2 um?, to a finer one corresponding to 153496
nodes and 0.015 * 1072 um? average element size. In
Figure 5, it is possible to appreciate the geometry used
for the grid-sensitivity analysis and the lines along which
the velocity has been computed, the results of the anal-
ysis are shown on the right. The independence of the
average velocity from the grid resolution is achieved for
a number of nodes close to 10°. Indeed, the percentage
error between the grids with 100155 and 147016 nodes
ranges between 0.08 and 0.4%, which can be considered
negligible (Montazeri and Blocken, 2013). Therefore, fur-
ther analysis were performed following the discretization
features of the 100155 nodes grid which has been proven
to assure high accuracy and adequate computational
cost. The simulations took 3 hours on a workstation
with a i7-6800K 6 cores 3.60 GHz CPU and 16 GB of
memory.

3.3 RVE size

Figure 6 represents k as a function of the RVE size for
CC, SF and IF. The standard deviation is very high
at the beginning when the RVE size is less than 8 pm;
then, as the RVE size increases, the standard deviation
decreases progressively until it becomes two orders of
magnitude less than the mean permeability. This is due
to the fact that, the bigger the area considered for the
homogenisation is and the more it is representative of the
porous media behaviour. On the other hand, a large area
can increase dramatically the computational cost of the
simulations. The best trade-off between accuracy and
simulation time is identified by the optimal RVE size. In
each anatomical area, we found the RVE critical value
as the point that satisfies two requirements: the average
permeability is constant and the standard deviation
becomes a small fraction of the average value. It is
worth noticing that the minimum standard deviation
is about 2% of the permeability, thus confirming that
6 geometries for each ADD provide a sufficient level of
accuracy. The results are summarised in Table 1.
Furthermore, Figure 6 shows examples of velocity
and pressure contours for each ADD. In each geometry
the flow paths as well as the maximum velocity are
very similar since the average ECS width, which drives
the convective flux in CC, SF and IF, is comparable.
Moreover, the pressure field decrease linearly along the
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Fig. 2 On the left: each model geometry was divided in 20 square RVEs whose edge length is a fraction of the porous media
height. The picture shows 5/20 (red), 10/20 (green) and 20/20 (blue); On each RVE the permeability was computed by means
of Darcy’s law. On the right: TEM image of the SF, with courtesy of Prof. Dr. Almut Schiiz (Liewald et al, 2014)
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-~ Inferior fascicle

ECS width d (nm)

0.18 ' 0.I20 ' 0.I22 ' 0.I24 I 0.I26 I 0.I28 I 0.:?;0
ECS volume ratio o

Fig. 3 The ECS width is represented as a function of the ECS
volume fraction for CC, SF and IF. The ECS width increases
in quasi-linear way from a minimum of 16 to a maximum of
35 nm

Table 1 RVE size and average hydraulic permeability in CC,
SF and IF

| cc | SF | IF
RVE (um) | 175 16.8 15.2
k (m?) 1.33%10716 | 1.32%10716 | 1.22%10~16

porous media with an overall pressure drop of about
30000 Pa.

3.4 Comparison with previous studies

In the literature there exist a few studies concerning
hydraulic permeability in human tissues, which report
a wide range of values. Table 2 lists three of the major
experimental papers where the authors used different
types of tissue (Netti et al, 2000; Swabb et al, 1974;
Franceschini et al, 2006). The obtained results vary sig-
nificantly and cover a range of three orders of magnitude.
This suggests a strong correlation between permeability
and histological features. Our results are well within the
experimental range.

4 Discussion

The relevant literature concerning fibrous porous me-
dia has seen many attempts to describe the hydraulic
permeability of unidirectional fibres; the models can
be roughly divided in ordered and disordered where
the analytical or numerical approach has been followed
respectively. In the former category, an analytical rela-
tionship between hydraulic permeability and porosity
can be established according to the fibres packing (trian-
gular, square, hexagonal) as described by Gebart (1992)
and Tamayol and Bahrami (2009). On the contrary, in
the second category, computational methods have been
used to understand how permeability is influenced by
other geometrical factors such as the mean nearest inter-
fibres distance and the degree of disorder (Chen and
Papathanasiou, 2007, 2008; Hitti et al, 2016). Although
the contributions of the researches cited above are valu-
able and underline the importance of the geometry on
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Fig. 4 In each graph is possible to appreciate the comparison between the L — function under ideal CSR hypothesis (red
line), the L — function obtained with model described in section 2.2 and the L — function computed on the TEM images of
CC (blue), SF (light blue) and IF (green)
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Fig. 5 (a) Geometry used to perform the mesh sensitivity analysis, also showing the lines along which the velocity has been

averaged. (b) Effect of the grid resolution on the area-weighted average velocity is shown. Note that convergence is reached
after about 100000 nodes

the overall behaviour of the porous media, they use a
population of fibres with the same diameter which is not
the case of the white matter as explained in subsection
2.1. Therefore, the presence of a geometry which is able
to mimic the main geometrical characteristics of the
white matter is fundamental to model effectively the
flow through the axons. In subsection 3.1, we demon-
strated how we achieved this task implementing a model
geometry in which the main histological features of the
white matter are considered. Indeed, the ECS volume
fraction covers 87% of the physiological range. More-
over, the ECS width is in very good agreement with
the experimental data presented in the literature, also
considering the inter-species variability, since they anal-
ysed murine brain, and the differences between grey and

white matter (Nicholson et al, 2011; Ohno et al, 2007;
Nicholson and Hrabétova, 2017; Sykova and Nicholson,
2008).

Furthermore, we exploited Ripley’s function to in-
quire the spatial organisation as depicted in Figure 4.
Although a comprehensive analyses that covers the en-
tire parameter space is out of the scope of this work,
the randomness analysis performed on either the exper-
imental images and our model shows a behaviour which
is ascribable to CSR. Moreover, assessing the spatial
organisation of a porous media and ensuring that it is
homogeneous along all the length scale considered is
fundamental in all the studies that aim to estimate the
correct size of an RVE (Hitti et al, 2016).
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Table 2 Experimental studies on hydraulic permeability with
several types of tissues.

Tissue Type | Permeability (m?) | Researchers

Hepatic 3.1%10~17 Swabb et al (1974)
plastic
n vitro
Hepatic
plastic
in Vo
MCalV murine
mammary car-
cinoma
LS174T human
colon adenocar-
cinoma

Us7 human
glioblastoma
HSTS 26T hu-
man soft tissue
sarcoma
Human brain
tissue

neo-
tissue
(2.9 —8.4)x 10718 | Swabb et al (1974)

neo-
tissue

1.86 % 1015 Netti et al (2000)

3.37%10716 Netti et al (2000)

4.87% 10716 Netti et al (2000)

6.9 x 1017 Netti et al (2000)

2.47%10~17 Franceschini et al

(2006)

The sensitivity analysis conducted on the grid reso-
lution allowed us to obtain accurate results as well as a
feasible computational times for a challenging geometry.

The permeability of each ADD was computed on
RVEs of increasing size. The results illustrated in Fig-
ure 6 and Table 1 show outcomes concerning both the
RVE critical size and the permeability values which were
similar in the cases examined. This is probably due to
the fact that, even if we are considering three different

anatomical structures, their ADD as well as the ECS
width are very similar, thus producing a comparable
effect on the fluid flow as suggested also by Chen and Pa-
pathanasiou (2008) in their discussion on the mean near-
est inter-fibres distance. On the other hand, comparing
our results with data presented in literature has proven
to be a more difficult task since a very small amount of
experiments have been conducted. The work which is
closest to our study is that performed by Franceschini
et al (2006), who computed a permeability value which
is slightly lower than ours. However, it must be noticed
that there are four important differences to take into
account. Firstly, there is an inter-species variability, as
suggested by Abbott (2004), since we are analysing a
monkey brain instead of a human one. A second fac-
tor to consider is that the permeability is not a direct
measure but it is inferred from a model which is based
on simplifying hypotheses and, for example, does not
consider non-circular axons and deviation from collinear
bundles, which would both contribute to lower the per-
meability of the tissue. Third, the results obtained by
Franceschini et al (2006) are an average between brain
samples excised in both grey and white matter whereas
we limit our study to white matter. Finally, the average
ECS volume ratio in the brain is about 0.2 (Sykovd and
Nicholson, 2008), whereas we used the maximum value
of 0.3 for the reasons explained in subsection 2.5. Since
the ECS volume fraction is directly related to perme-
ability, this contributes to the lower value obtained by
Franceschini et al (2006).



10

Marco Vidotto et al.

Nevertheless, our results are in good agreement with
the experimental data if compared to the range of val-
ues presented in the literature and represent the first
attempt to estimate the permeability with a numerical
approach which starts from the white matter microstruc-
ture. The method presented in the present contribution
opens the possibility to further extend the study incorpo-
rating more images belonging to normal or pathological
subjects, thus allowing to create a specific database for
the permeability of brain tissue matter.

5 Concluding remarks

We presented a novel method to assess hydraulic per-
meability, starting from the ADD of three white matter
anatomical structures. Moreover, we paid particular at-
tention to estimate the RVE size to ensure the reliability
of the results obtained. The approach consisted of the
following three steps: (i) Generation of a random ge-
ometry in which the cross-sectional area of the neurons
is considered circular. The algorithm created a fibres
assembly according to the experimental ADD of CC, SF
and IF, offering also the possibility to vary the ECS vol-
ume fraction covering almost all the physiological range.
(ii) Implementation of a CFD model by means of the fi-
nite element solver ANSYS to compute the velocity and
pressure fields experienced by our model white matter.
Furthermore, we conducted a grid-sensitivity analysis to
ensure high accuracy. (iii) Finally, we used this data to
compute the hydraulic permeability on different RVEs
in order to determine its size.

We found that the RVE size and the hydraulic per-
meability are slightly different for each anatomical struc-
ture suggesting that an RVE characterised by a length
scale of about 17um can be representative of the over-
all behaviour. Moreover, the permeability values that
we found are consistent with the results provided by
experimental data available in the literature. Albeit
based on simplifying assumptions, we believe that this
work is the first important step towards a combined
experimental and computational approach which aims
to shed light on fundamental constitutive parameters
to model brain matter. Extensions to three-dimensional
domains, consideration of irregular axonal geometries
and osmotic pressure, contribution of glial cells and a
parametric study on the effect of the ECS volume ratio
will constitute the subject of further studies.
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Appendix A

In subsection 2.2, we explained that the the algorithm
to create a brain-like geometry is mainly comprised of
two phases. In the first phase, the fibres are randomly
arranged respecting a prescribed ADD, the minimum
ECS volume ratio reachable in this phase is about 0.22.
In the second phase, whose objective is to minimise
the ECS volume ratio, the empty spaces are filled with
other fibres whose diameter is comprised in the range
of the ADD. Since the axons with a small diameter
are more likely to find room between the others, the
ADD is more skewed towards them with respect to the
original one. That results in a median diameter which
goes from the 0.34 um of the original ADD to the 0.3
pum of the skewed ADD. To quantify the effect of this
limitation on the permeability calculation, we created a
geometry respecting the ADD of the CC. Then, applying
the shrinking method described in subsection 2.2, we
reached the desired ECS volume ratio equal to 0.3.

We computed the permeability on an RVE of 17.5
wm as suggested by the results reported in subsection
3.3 obtaining a final value equal to 1.4%107'6 m? which
is 5% higher than the one presented in Table 1. In
conclusion, our generation algorithm, on the one hand
introduces a very small error, on the other hand al-
lows analysing almost all the physiological range of ECS
volume fraction. We believe that the increased flexibil-
ity obtained by the proposed algorithm and its fidelity
in reproducing realistic ECS volume fractions greatly
overcomes the potential error introduced in the compu-
tation of permeability and therefore, we considered this
limitation acceptable.

Appendix B

In the attempt of filling a volume or an area with solid
particles, a common issue usually rises in the proximity
of the walls. Indeed, here, the particles find it harder
to pack together, with respect of the inner zones of
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Fig. 7 (a) Velocity contour before the porous media, the channelling effect is clearly visible near the walls. The black lines
indicate the direction along which the velocity profiles have been extracted; (b) Average velocity profile for the CC, even in this
case the sudden increase in the velocity profile points out the beginning of the channelling effect zone; (c) Its exact starting
points have been determined averaging the position of the first and last local minima between the 6 random geometries of the

CcC

the porous media, because of the presence of the walls.
Therefore, the free space volume fraction increases; for
an analytical description of this phenomenon the reader
can refer to the work by Nield and Bejan (2013).

As it is easy to imagine, the volume fraction increase
brings, as a consequence, the augmentation of the vol-
ume of fluid flowing near the walls as well as the average
velocity, and this is evident in Figure 7a. Since this phe-
nomenon, which is known as channelling effect (Nield
and Bejan, 2013), affects the permeability computation,
we designed a method to infer and exclude the areas
involved.

In each geometry, we extracted the velocity profile
along 10 lines in the proximity of the porous zone as
indicated in Figure 7a. The threshold of the channelling
effect zone can be identified by the anomalous and sud-
den increase in the velocity profile highlighted in Figure
7b. Mathematically, this operation means finding the
position of the first and last local minima along the
normalised height of the channel h. Finally, Figure 7c
depicts the position of the upper and lower threshold
averaged between the 6 geometries created for the CC.
Equivalent results (not shown in this paper) emerged
for the other anatomical structures.

Accordingly, the porous media areas corresponding
to 10% of the channel height at both ends (top and
bottom in Figure 7a of the computational domain) were
excluded from the hydraulic permeability computation.

References

Abbott NJ (2004) Evidence for bulk flow of brain inter-
stitial fluid: significance for physiology and pathology.
Neurochemistry international 45(4):545-552

ANSYS (2017) ANSYS Fluent Theory Guide. ANSYS

Barua NU, Lowis SP, Woolley M, O’Sullivan S, Harrison
R, Gill SS (2013) Robot-guided convection-enhanced
delivery of carboplatin for advanced brainstem glioma.
Acta Neurochirurgica 155(8):1459-1465, DOI 10.1007/
s00701-013-1700-6

Barua NU, Hopkins K, Woolley M, O’Sullivan S, Harri-
son R, Edwards RJ, Bienemann AS, Wyatt MJ, Ar-
shad A, Gill SS (2014) A novel implantable catheter
system with transcutaneous port for intermittent
convection-enhanced delivery of carboplatin for recur-
rent glioblastoma. Drug delivery 7544(July 2017):1-7,
DOI 10.3109/10717544.2014.908248

Bobo RH, Laske DW, Akbasak A, Morrison PF, Dedrick
RL, Oldfield EH (1994) Convection-enhanced delivery
of macromolecules in the brain. Proceedings of the
National Academy of Sciences 91(6):2076-2080

Chen X, Papathanasiou T (2007) Micro-scale model-
ing of axial flow through unidirectional disordered
fiber arrays. Composites Science and Technology 67(7-
8):1286-1293

Chen X, Papathanasiou TD (2008) The transverse per-
meability of disordered fiber arrays: a statistical corre-
lation in terms of the mean nearest interfiber spacing.
Transport in Porous Media 71(2):233-251

Chen X, Sarntinoranont M (2007) Biphasic finite ele-
ment model of solute transport for direct infusion
into nervous tissue. Annals of Biomedical Engineering
35(12):2145-2158, DOT 10.1007/s10439-007-9371-1

Crawford L, Rosch J, Putnam D (2016) Concepts, tech-
nologies, and practices for drug delivery past the
blood-brain barrier to the central nervous system.
Journal of Controlled Release 240:251-266, DOI
10.1016/j.jconrel.2015.12.041



12

Marco Vidotto et al.

Dias MR, Fernandes PR, Guedes JM, Hollister SJ (2012)
Permeability analysis of scaffolds for bone tissue engi-
neering. Journal of Biomechanics 45(6):938-944, DOI
10.1016/j.jbiomech.2012.01.019

Diggle PJ (2003) Statistical analysis of spatial point
patterns. New York 171(2):159, DOI 10.1111/j.
1365-246X.2007.03572.x

Dixon PM (2002) Ripley’s K Function. Wiley StatsRef:
Statistics Reference Online 3:1796-1803, DOI 10.1002/
9781118445112.stat07751

Drugan WJ, Willis JR (1996) A Micromechanics-Based
Nonlocal Constitutive Equation and Estimates of Rep-
resentative Volume Element Size for Elastic Compos-
ites. Journal of the Mechanics and Physics of Solids

Du X, Ostoja-Starzewski M (2006) On the size of repre-
sentative volume element for Darcy law in random me-
dia. Proceedings of the Royal Society A: Mathemati-
cal, Physical and Engineering Sciences 462(2074):2949-
2963, DOIT 10.1098 /rspa.2006.1704

Dullien FA (2012) Porous media: fluid transport and
pore structure. Academic press

Duval T, Stikov N, Cohen-Adad J (2016) Modeling
white matter microstructure. Functional neurology
31(4):217

Ehlers W, Wagner A (2013) Multi-component mod-
elling of human brain tissue: a contribution to the
constitutive and computational description of defor-
mation, flow and diffusion processes with applica-
tion to the invasive drug-delivery problem. Computer
Methods in Biomechanics and Biomedical Engineer-
ing 5842(March 2014):37-41, DOI 10.1080/10255842.
2013.853754

Eshghinejadfard A, Daréczy L, Janiga G, Thévenin D
(2016) Calculation of the permeability in porous media
using the lattice Boltzmann method. International
Journal of Heat and Fluid Flow 1329(0):0-1, DOI
10.1016/j.ijheatfluidflow.2016.05.010

Feng YT, Han K, Owen DRJ (2003) Filling domains
with disks: An advancing front approach. Interna-
tional Journal for Numerical Methods in Engineering
56(5):699-713, DOI 10.1002/nme.583

Franceschini G, Bigoni D, Regitnig P, Holzapfel G (2006)
Brain tissue deforms similarly to filled elastomers and
follows consolidation theory. Journal of the Mechanics
and Physics of Solids 54(12):2592 — 2620, DOI https:
//doi.org/10.1016/j.jmps.2006.05.004

Gebart BR (1992) Permeability of unidirectional rein-
forcements for rtm. Journal of composite materials
26(8):1100-1133

Gopi E (2007) Algorithm collections for digital signal
processing applications using Matlab. Springer Sci-
ence & Business Media

Hansson K, Jafari-Mamaghani M, Krieger P (2013) Rip-
leyGUI: software for analyzing spatial patterns in
3D cell distributions. Frontiers in neuroinformatics
7(April):5, DOTI 10.3389/fninf.2013.00005

Haralick RM, Shapiro LG (1992) Computer and Robot
Vision, 1st edn. Addison-Wesley Longman Publishing
Co., Inc., Boston, MA, USA

Hitti K, Feghali S, Bernacki M (2016) Permeability
computation on a Representative Volume Element
(RVE) of unidirectional disordered fiber arrays. Jour-
nal of Computational Mathematics 34(3):246-264,
DOI 10.4208/jcm.1511-m2014-0119

Jafari-Mamaghani M (2010) Spatial point pattern anal-
ysis of neurons using Ripley’s K-function in 3D.
Frontiers in Neuroinformatics 4(May):1-10, DOI
10.3389/fninf.2010.00009

Jin BJ, Smith AJ, Verkman AS (2016) Spatial model
of convective solute transport in brain extracellular
space does not support a glymphatic mechanism. The
Journal of general physiology 148(6):489-501

Kim HK, Mareci TH, Sarntinoranont M (2010) A vox-
elized model of direct infusion into the corpus callosum
and hippocampus of the rat brain: model develop-
ment and parameter analysis. Med Biol Eng Comput
27(6):41-51

Kim JH, Astary GW, Kantorovich S, Mareci TH,
Carney PR, Sarntinoranont M (2012) Voxelized
computational model for convection-enhanced de-
livery in the rat ventral hippocampus: Compari-
son with in vivo MR experimental studies. Annals
of Biomedical Engineering 40(9):2043-2058, DOI
10.1007/s10439-012-0566-8

Kolyukhin D, Espedal M (2010) Numerical calculation of
effective permeability by double randomization Monte
Carlo method. International Journal of Numerical
Analysis and Modeling 7(4):607-618

Lang G, Marcon E (2010) Testing randomness of spatial
point patterns with the Ripley statistic. ArXiv e-
prints DOI 10.1051/ps/2012027, 1006. 1567

Liewald D, Miller R, Logothetis N, Wagner HJ, Schiiz
A (2014) Distribution of axon diameters in cortical
white matter: an electron-microscopic study on three
human brains and a macaque. Biological Cybernetics
108(5):541-557, DOI 10.1007/00422-014-0626-2

Linninger AA, Somayaji MR, Erickson T, Guo X, Penn
RD (2008) Computational methods for predicting
drug transport in anisotropic and heterogeneous brain
tissue. Journal of Biomechanics 41(10):2176-2187,
DOI 10.1016/j.jbiomech.2008.04.025

Marcon E, Traissac S, Lang G (2013) A Statistical Test
for Ripley’s K Function Rejection of Poisson Null
Hypothesis. ISRN Ecology 2013:1-9, DOI 10.1155/
2013/753475



A Computational Fluid Dynamics approach to determine White Matter Permeability 13

McGuire S, Zaharoff D, Yuan F (2006) Nonlinear de-
pendence of hydraulic conductivity on tissue de-
formation during intratumoral infusion. Annals of
Biomedical Engineering 34(7):1173-1181, DOI 10.
1007/s10439-006-9136-2

Mehta Al, Linninger A, Lesniak MS, Engelhard HH
(2015) Current status of intratumoral therapy for
glioblastoma. Journal of neuro-oncology 125(1):1-7,
DOI 10.1007/s11060-015-1875-1

Montazeri H, Blocken B (2013) Cfd simulation of wind-
induced pressure coefficients on buildings with and
without balconies: Validation and sensitivity analysis.
Building and Environment 60:137 — 149, DOI http:
//dx.doi.org/10.1016/j.buildenv.2012.11.012

Morrison PF, Chen MY, Chadwick RS, Lonser RR, Old-
field EH (1999) Focal delivery during direct infusion
to brain: role of flow rate, catheter diameter, and
tissue mechanics. The American journal of physiology
277(4 Pt 2):R1218-R1229

Nedanov PB, Advani SG (2002) Numerical computation
of the fiber preform permeability tensor by the homog-
enization method. Polymer Composites 23(5):758-770,
DOI 10.1002/pc.10474

Netti PA, Berk DA, Swartz MA, Netti PA, Berk DA,
Swartz MA, Grodzinsky AJ, Jain RK (2000) Role of
Extracellular Matrix Assembly in Interstitial Trans-
port in Solid Tumors Role of Extracellular Matrix
Assembly in Interstitial Transport in Solid Tumors 1.
Cancer research pp 2497-2503

Nicholson C, Hrabétovd S (2017) Brain extracellular
space: The final frontier of neuroscience. Biophysical
journal

Nicholson C, Kamali-Zare P, Tao L (2011) Brain ex-
tracellular space as a diffusion barrier. Computing
and Visualization in Science 14(7):309-325, DOI
10.1007/s00791-012-0185-9, NTHMS150003

Nield D, Bejan A (2013) Convection in Porous Media.
Springer Science & Business Media

Ohno N, Terada N, Saitoh S, Ohno S (2007) Extracel-
lular space in mouse cerebellar cortex revealed by in
vivo cryotechnique. Journal of Comparative Neurology
505(3):292-301, DOT 10.1002/cne.21498

Olesen J, Gustavsson A, Svensson M, Wittchen HU,
Jnsson B, on behalf of the CDBE2010 study group,
the European Brain Council (2012) The economic
cost of brain disorders in europe. European Journal of
Neurology 19(1):155-162, DOT 10.1111/j.1468-1331.
2011.03590.x

Patil RC, Bhalchandra A (2012) Brain tumour extrac-
tion from mri images using matlab. International Jour-
nal of Electronics, Communication and Soft Comput-
ing Science & Engineering (IJECSCSE) 2(1):1

Pinela J, Kruz S, Miguel A, Reis A, Aydin M (2005)
Permeability-porosity relationship assessment by 2d
numerical simulations. In: Proceedings of the Interna-
tional Symposium On Transport Phenomena

Raghavan R, Brady M (2011) Predictive models for
pressure-driven fluid infusions into brain parenchyma.
Physics in medicine and biology 56(19):6179-204,
DOI 10.1088/0031-9155/56,/19/003

Raghavan R, Brady ML, Rodriguez-Ponce MI, Hartlep
A, Pedain C, Sampson JH (2006) Convection-
enhanced delivery of therapeutics for brain disease,
and its optimization. Neurosurgical focus 20(4):E12,
DOI 10.3171/foc.2006.20.4.7

Raghavan R, Brady ML, Sampson JH (2016) Delivering
therapy to target: improving the odds for successful
drug development. Therapeutic delivery 7(7):457-481

Ripley B (1976) The Second-Order Analysis of Station-
ary Point Processes. Journal of Applied Probability
13(2):255-266

Sarntinoranont M, Chen X, Zhao J, Mareci TH (2006)
Computational model of interstitial transport in the
spinal cord using diffusion tensor imaging. Annals
of Biomedical Engineering 34(8):1304-1321, DOI
10.1007/510439-006-9135-3

Smith JH, Garcia JJ (2009) A nonlinear biphasic model
of flow-controlled infusion in brain: Fluid transport
and tissue deformation analyses. Journal of Biome-
chanics 42(13):2017-2025, DOT 10.1016/j.jbiomech.
2009.06.014

Stgverud KH, Darcis M, Helmig R, Hassanizadeh SM
(2012) Modeling Concentration Distribution and De-
formation During Convection-Enhanced Drug Deliv-
ery into Brain Tissue. Transport in Porous Media
92(1):119-143, DOT 10.1007/s11242-011-9894-7

Swabb EA, Wei J, Gullino PM (1974) Diffusion and
convection in normal and neoplastic tissues. Cancer
research 34(10):2814-22

Sykové E, Nicholson C (2008) Diffusion in brain extra-
cellular space. Physiological reviews 88(4):1277-1340,
DOI 10.1152/physrev.00027.2007.Diffusion

Takano N, Zako M, Okazaki T, Terada K (2002)
Microstructure-based evaluation of the influence
of woven architecture on permeability by asymp-
totic homogenization theory. Composites Science
and Technology 62(10-11):1347-1356, DOT 10.1016/
S0266-3538(02)00076-3

Tamayol A, Bahrami M (2009) Analytical determina-
tion of viscous permeability of fibrous porous media.
International Journal of Heat and Mass Transfer 52(9-
10):2407-2414

Tavner A, Roy TD, Hor K, Majimbi M, Joldes G, Wittek
A, Bunt S, Miller K (2016) On the appropriateness of
modelling brain parenchyma as a biphasic continuum.



14

Marco Vidotto et al.

Journal of the mechanical behavior of biomedical ma-
terials 61:511-518

Truscello S, Kerckhofs G, Van Bael S, Pyka G, Sch-
rooten J, Van Oosterwyck H (2012) Prediction of
permeability of regular scaffolds for skeletal tissue
engineering: A combined computational and exper-
imental study. Acta Biomaterialia 8(4):1648-1658,
DOIT 10.1016/j.actbio.2011.12.021

Tiirkkan GE, Korkmaz S (2015) Determination of hy-
draulic conductivity using analytical and numerical
methods applied to well and aquifer tests. Teknik
Dergi 26(1):6969-6992

Xu P, Yu B (2008) Developing a new form of per-
meability and Kozeny-Carman constant for homo-
geneous porous media by means of fractal geome-
try. Advances in Water Resources 31(1):74-81, DOI
10.1016/j.advwatres.2007.06.003

Yang X, Lu TJ, Kim T (2014) An analytical model
for permeability of isotropic porous media. Physics
Letters, Section A: General, Atomic and Solid
State Physics 378(30-31):2308-2311, DOI 10.1016/
j-physleta.2014.06.002

Yazdchi K, Srivastava S, Luding S (2011) Microstruc-
tural effects on the permeability of periodic fibrous
porous media. International Journal of Multiphase
Flow 37(8):956-966, DOI 10.1016/j.ijmultiphaseflow.
2011.05.003

Zeng X, Endruweit A, Brown LP, Long AC (2015) Nu-
merical prediction of in-plane permeability for multi-
layer woven fabrics with manufacture-induced defor-
mation. Composites Part A: Applied Science and Man-
ufacturing 77:266—274, DOI 10.1016/j.compositesa.
2015.03.027



