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Abstract

Myocardial infarction can cause irreversible damage to the heart muscle, which can
lead to heart failure. The difficulty of the treatment mainly arises from the anisotropic
behavior of the myocardium fibrous structure. Patches or cardiac restraint devices ap-
pear to be a promising approach to post-infarction treatment. In this study, we propose
a new model-assisted method to design patterned membranes. The proposed approach
combines computer experiments and statistical models to optimize the design param-
eters and to meet the requirement for the post-infarction treatment. Finite element
model, global sensitivity analysis, random forest model and response surface model
are the key components of the strategy implemented in this study, which is applied to
design a real membrane. The metamodel-based design method is able to estimate the
equivalent Young’s modulus of the membrane in a few seconds and optimization results
have been validated a posteriori by laboratory measurements. This solution opens up
new prospects for the design of customized membranes with technical specifications
tailored to each patient.

Keywords: cardiac membrane; mechanical behavior; finite element model; computer experi-
ment; sensitivity analysis; statistical model.

1 Introduction

Cardiovascular disease, particularly myocardial infarction, is the leading cause of death
worldwide [1]. When a heart attack occurs, there is a total or partial interruption of the



blood supply to part of the heart, resulting in an imbalance between oxygen supply and de-
mand [2]. This leads to a stiffening of this area of the myocardium,which, in tune, modifies
the cardiac behavior leading to a mechanical adaptation of the heart known as pathological
ventricular remodeling. This is a complex multiscale process [3] which, macroscopically, re-
sults in changes in the size and shape of the heart, as well as in changes in the systolic and
diastolic function. While in the short-term the ventricular remodeling is very efficient, in
the long term it can become deleterious, leading to heart failure [4].

Several methods of passive and active assistance ranging from cardiac patches to artificial
hearts have been considered over the past years [5]. One of the most promising is cardiac
tissue engineering, including 3D printing of patches as passive mechanical aids that can be
activated through the inclusion of cells. Passive devices, which can either surround the whole
heart or locally reinforce the infarcted zone, aim to physically limit the pathological dilation
of the ventricle and, possibly, to reverse a dilation that has already occurred [1, 6].

The orientation of the fibers in the cardiac tissue varies through the thickness of the muscle
(epicardium, myocardium, and endocardium) and vertically from the base to the apex. This
unique microstructure induces a particular twisting movement during the cardiac cycle [7],
resulting in an anisotropic mechanical behavior and more particularly to local transverse
isotropy (local reference frame associated with the fibers) [8].

This anisotropy is one of the most important factors to be considered for the design of pas-
sive cardiac patches. However, there is a lack of homogeneity concerning the mechanical
properties of the cardiac tissue according to the different studies, which can be attributed
to different factors. The first issue is the influence of the phase of the cardiac cycle at which
the mechanical properties of the tissue are measured [9]. In fact, the mechanical stresses at
which the muscle undergoes during the diastole and systole differs completely, which can lead
to different interpretations depending on the moment in the cycle when the heart is being
studied. The second factor is the characterization method used [9]. In fact, some of them
such as tensile or shear rheometric tests, enable a macroscopic characterization at tissue
level, while others, such as nano-indentation, provide more local characterization at the level
of a fiber bundle. The final factor is the influence of the area selected for characterization. In
fact, each part of the heart has a different stiffness and a different orientation of the fibers,
leading to different mechanical properties. Engelmayr G.C. et al. in [10] characterized the
two ventricles by tensile test and showed that each is characterized by two Young’s moduli,
one defined along the longitudinal axis (Apex-base) of the heart and the other along the
circumferential axis. According to their results, the left ventricle has a circumferential and
longitudinal Young’s modulus of 157 +14 kPa and 84 +8 kPa, respectively, while the right
ventricle by 54 & 8 kPa and 20 4 4 kPa respectively. Secondly, within each ventricle, the wall
thickness and the fiber orientation vary between the base and the apex. These differences
within a ventricle must be considered in the development of cardiac patches at a very precise
level [8]. In fact, when applied to the heart, the patch must provide the mechanical support
it needs, limiting pathological remodeling while avoiding being harmful to the heart by ap-
plying undesirable constraints [5]. With this in mind, various materials and manufacturing
methods have been and continue to be studied. Cardiac membranes and/or patches can be
made from synthetic or natural materials, or sometimes a combination of the two to form
hybrid materials, each type having its advantages and disadvantages [11].

One of the aspects we would like to further develop is the use of numerical models and



simulations to speed up the design of new membranes with appropriate and customizable
characteristics. This would reduce the need for experimental manufacturing and testing,
which can be costly in terms of time and resources. The use of numerical models could
help to converge more rapidly on the most promising prototypes. Indeed, numerical simu-
lation models are increasingly being studied and developed for this type of medical device
[1, 5, 12, 13, 14].

In a previous study [15], we highlighted a method of manufacturing patterned membranes
by the 3D printing of biomaterials, and more precisely a hydrogel of guar gum, chitosan
and gelatin, with an equivalent Young’s modulus that differs according to the direction of
traction. On this basis, we also developed a fully customizable numerical simulation model
for tensile testing that can predict the equivalent Young’s modulus of these membranes as a
function of the printed pattern.

To take the development of a fully customizable and predictive numerical model a step fur-
ther, this study proposes the a model-assisted design method combining finite element mod-
els, global sensitivity analysis and statistical metamodeling to optimize the design parameters
of a membrane and to meet the personalized specifications of the targeted membrane. To this
end, finite element modelling was used to simulate tensile tests on membranes with different
internal patterns and different material properties. A global sensitivity analysis was carried
out on the simulation data to identify the most important design parameters. In a third step,
the simulation data are used to determined a statistical metamodel able to compute more
quickly the possible geometries of the membrane that would meet technical requirements
on the equivalent Young’s modulus. This engineering approach would allow surgical practi-
tioners, medicines, or medical researchers to quickly determine the most promising patterns
and materials to design a membrane able to meet the mechanical specification and adapted
to the patient’s cardiac deficiency. Such a predictive design paradigm would enable rapid
progresses in the field of tissue engineering, particularly in cardiac medicine but not only,
with for example possible applications in urinary, gastrointestinal and muscular medicine.

2 Materials and methods

2.1 Strategy

The singular behavior of the heart reveals the need of designing membranes with mechanical
characteristics matching the ones of the heart. At the scale of a fiber bundle, the mechanical
behavior is considered as transversely isotropic when the fibers share the same orientation,
transitioning to anisotropic when the orientation varies among the fibers. For our study, we
treat this anisotropy as orthotropic. This facilitates the correlation between the mechanical
characterization of the area of the heart where the membrane is applied and the mechanical
characterization of the membrane. From a macroscopic perspective, this implies that the
myocardium is viewed as locally orthotropic, indicating distinct mechanical behaviors along
its three directions: longitudinal (along the Apex-Base axis), circumferential, and radial
(through the thickness of the myocardium). The radial behavior of the myocardium and of
the membrane are neglected in this study.

Two different strategies could be used to develop membranes with orthotropic mechanical



properties. The first one is based on the use of composite materials, i.e. a heterogeneous
assembly or mixture of at least two components with complementary mechanical properties.
The second one is based on the modification of the geometry (pattern) of the membrane in
order to modulate its mechanical properties by using a single isotropic material. The latter
method is the one explored in this study. In order to determine the mechanical characteristics
of an orthotropic material made of isotropic material, we assume the equivalence between
a solid membrane made of an orthotropic material governed by the equation (1) and a

patterned membrane made of an isotropic material governed by the equation (2).

The following equations are defined in an orthonormal basis (eq, e, e3).
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parameters define the compliance matrix, corresponding to the following definitions:

e F; corresponds to the ratio between the uniaxial stress and the uniaxial strain in the

direction of the base vector e;.

e v;; corresponds to the negative ratio between the axial strain in the e; direction and
the axial strain e; when the material is uniaxially stretched in the e; direction.

e (;; is the ratio of the shear stress o;; to the engineering shear strain 2¢;; in the plane
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e [ corresponds to the ratio between stress and strain in a uniaxial tensile test.
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This reduction in the number of parameters simplifies the characterization of materials of
this type.

COMSOL Multiphysics® [16] and Matlab® [17] were used respectively to predict the de-
formation of the membranes in a defined tensile direction and to calculate the equivalent
Young’s modulus of each membrane. The Rstudio® software was used for statistical analysis,
which enabled us to obtain a model of the various possible combinations of parameters for a
given membrane corresponding to the user’s request. A summary diagram representing this
strategy is shown in Figure 1.
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Figure 1. Schematic representation of global study strategy.

2.2 Finite element model for simulation

The model developed for this study is based on the simulation of a tensile test on a membrane
allowing the determination of its equivalent Young’s modulus in the tensile direction.

2.2.1 Finite element model parameters

The patterned membrane consists of a pavement of rectangular pores extruded from a full
rectangular parallelepiped membrane as shown in Figure 2. The numerical model consists
of 12 parameters listed in Table 1. Of these 12 parameters, 7 can be customized in order
to modify the membrane, of which 4 define the geometry of the membrane and 3 define the
material.

The 4 parameters defining to the geometry are the membrane thickness ("em”), the filament
width ("fw”), the pore width ("pw”) and the pore length ("pl”), as shown in figure 2. The
pore length always represents the pore size in the tensile direction, while the pore width
represents the pore size in the direction perpendicular to the tensile direction. The width
and length of the membrane depend on fw, pw and pl as well as the number of pores in the
membrane. The 3 parameters relating to the material are the Young’s modulus ("ym”), the
Poisson’s ratio ("pr”) and the density ("d”), as we consider the material here to be purely
elastic with isotropic behavior.

The range of values of these 7 parameters (Table 1) was selected based on the most used



materials composing cardiac patches found in the literature on the needs in terms of mechan-
ical properties of the myocardium [8, 9, 10, 18] and on the limits of 3D bioprinting (pores
too large would not allow for the structure to be manipulated efficiently). The number of
pores in width and length was kept equal to 7 to ensure the sufficient amount of material to
proceed to the tensile test in the two directions.

| Name || Description | Value/Range |

nf Strength in Newton 0.1

mt Membrane thickness in millimeters 0.5-2.5

pl Pore length in millimeters 0.5-10

pw Pore width in millimeters 0.5-10

fw Filament width in millimeters 0.5-2

nl Number of pores in length 7

nw Number of pores in width 7

ml Membrane length in millimeters nl*pl+(nl+1)*fw
mw Membrane width in millimeters | nw*pw+(nw+1)*fw
ym Young’s modulus in Pascal 50000-500000

pr Poisson’s ratio 0.40-0.49

d Density in kg/m3 800-1500

Table 1. Table summarising the parameters of the numerical simulation model with the fixed
values for some parameters (nf, nl, nw, ml and mw) and the range of values of the 7 parameters
which can be customized to fabricate the membranes (mt, pl, pw, fw, ym, pr and d).

2.2.2 Modelling the tensile test

In this model, we consider the membrane to be purely elastic with isotropic behavior. As a
consequence, in COMSOL Multiphysics® [16], we used the linear elastic material component,
whose calculations are based on Hooke’s law refer in equation 3 [19].

o = Fe. (3)

The membrane is constructed by extruding a patterned membrane using the different
geometric parameters in Table 1. In real experiments, the membrane undergoing the tensile
test is pinched between jaws in order to be held in place. To get as close as possible to
this situation, we defined two boundary conditions. The first involves fixing one end of the
membrane to a titanium bar, and the second involves fixing the opposite end as embedded.
This allows us to avoid using contact and friction laws that complicate the calculations but
are not relevant to this study. The parameters of the titanium bar are as follows: a Young’s
modulus of 105%10% Pa, a Poisson’s ratio of 0.33, and a density of 4940 kg/m3. Titanium
was chosen for its mechanical properties, which will result in negligible deformation of the
fastener bar in relation to the stresses involved.

The displacement of the titanium bar was restricted to the longitudinal tensile direction,
to avoid deformation in other directions. The tensile test was then simulated by pulling
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Figure 2. Representative image of a patterned membrane showing the customizable parameters
and the definition of longitudinal and transverse directions. (mt: membrane thickness, pl: pores
length, pw: pores width, fw: filament width, ym: Young’s modulus, pr: Poisson’s ratio, d: density)

the titanium bar with a total force of 0.1 N, as shown in Figure 2 during 1 second, with
increments of 0.1 second.

2.2.3 Calculation of the equivalent Young’s modulus of the membrane

The equivalent Young’s modulus of the membrane with a particular pattern was calculated
using the Hooke’s Law, described by equation (3), where o, E and & represent respectively
the stress, the Young’s modulus, and the strain, in a context of pure elasticity. As the
equation (3) shows, to obtain the equivalent Young’s modulus of the membrane, the directing
coefficient of the curve between stress and strain must be determined. These last two are
given by the following equations (4) and (5):

e = AL/ly, (4)

o= F/S, (5)

where AL, ly, F and S are respectively the elongation, the initial length, the force
and the cross-sectional area of the membrane. The simulation can be used to solve these
equations. The elongation is obtained by calculating the displacement norm of a point
located at the junction between the membrane and the titanium bar. The initial length and



force are respectively the parameters ml and nf in Table 1. Finally, the cross-sectional area
is calculated as follows:

S =mt x mw, (6)

where mt and mw are defined in Table 1.

2.3 Statistical metamodel for sensitivity analysis and optimization

2.3.1 Sensitivity analysis

Sensitivity analysis is a statistical study that allows us to define which of the seven design
7 parameters have the greatest influence on the characteristic to control: the equivalent
Young’s modulus of the membrane. The aim is then to only focus on the sensitizing parame-
ters to reduce the computing time and therefore speed up the development of the membrane.
To that aim, we applied two different techniques presented below.

2.3.1.1 Sobol sampling

The study of the additive and combined effects of the seven design parameters requires
to varying them in an experimental domain corresponding to a 7-dimensional hypercube.
The number and location of testing points within this domain determine the duration of
the simulations and the accuracy of the final predictions. Sampling strategies for computer
experiments is a specific branch in the field of the statistical design of experiments [20,
21, 22, 23]. The Space Filling Designs belong to this category and are particularly well
suited to implement global sensitivity analysis [24]. Among the various possible space filling
designs, we have implemented thereafter the quasi-random sampling method based on Sobol’s
sequences [25, 26], using the function sobolset in the Matlab software [17]. The result is a
sample of 2,800 points in the 7-dimensional space of parameters.

2.3.1.2 Total sensitivity using the Sobol’s method

The concept of Global Sensitivity is described in [24] and is attributable to Saltelli [27]. Tt
is an extension of the original approach of Sobol [28] and Homma and Saltelli [29]. This
method provides two types of results: single (first-order) and total sensitivity indices, as
illustrated in the appendix A. These two indices vary between 0 and 1, where 0 means the
parameter has no influence and 1 meaning it has a maximal effect. The first-order sensitivity
index S; estimates the influence on the response of the jth parameter alone, while the total
sensitivity index Sz, takes its potential interactions with the other parameters into account.

2.3.1.3 Sensitivity using random forests

To corroborate the results obtained by the previous method, random forests were used. A
Random Forest is a specific machine learning method that is used for both classification and
regression tasks [30]. It combines multiple decision trees to make more accurate predictions
and improve generalization. In order to evaluate the influence of each parameter on the
equivalent Young’s modulus we used the permutation of the Out-Of-Bag (OOB) data. The
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OOB data is defined as the data not selected in the Bagging phase for the construction of the
tree. For each tree, the prediction error on the part of the OOB data is recorded and the same
procedure is then followed after permuting each predictor variable. The difference between
the two is then averaged over all the trees [30]. The parameter has a greater influence when
the difference is larger. Such a method was used in [31] to estimate the variable importance
in NMR spectral analysis.

2.3.2 Metamodeling based on a generalized linear regression

To avoid using the finite element model, which is time-consuming, a metamodel, i.e. a sim-
plified model of the behavior of the initial simulation model, was used to predict faster the
equivalent Young’s modulus of the membrane.

The simulation data set, defined in section 2.3.1.1, was divided into two parts. The first
one, composed of 80% of the complete dataset, is the training set used to identify the sta-
tistical metamodel. The remaining part, 20% of the initial dataset, is the testing set. The
metamodel structure relies on a generalized linear model often used for the design of exper-
iment under the name quadratic response surface model [32], described as follows:

k k k-1 K
Y:50+ZﬁiXi+ZﬁiiXi2+ZZﬂinin‘i‘E (7)
i=1 i=1 i=1 j=i+1

Y is the variable to be estimated, the equivalent Young’s modulus of the membrane here,
X, is the ith membrane parameter to test, k is the number of membrane parameters, the 5,
Bi, Bi; are the metamodel parameters to be estimated and E in the modeling error (residual)
described by a random variable. The estimation phase was carried out in the R software
environment for statistical computing in which the rsm function was used to implement the
generalized linear regression. This model was finally reduced by removing its less constitutive
significant terms.

2.4 Customizable development

The primary advantage of this development lies in its ability to customize membrane de-
velopment, allowing by the computation of all potential geometries and material properties
that align with the patient’s requirements, i.e. a membrane with specific longitudinal and
transverse values of the Young’s modulus. To that aim, a new Sobol’s space sampling, lim-
ited to the parameters selection provided by the sensitivity analysis, was carried out. This
sample was built using the function generate_sobol_set in the spacefillr package [33] of the R
computing environment.

The metamodel is then applied to each point of the sample to estimate the resulting equiv-
alent Young’s modulus. All the estimates are finally gathered in a database in which an
algorithm detects which combinations of the membrane parameters meet the requirements
related to the longitudinal and transverse Young’s moduli with a given error margin.



2.5 Experimental validation of the metamodel

To experimentally validate the predictions provided by the previous metamodel, patterned
membranes with two different materials were 3D printed. The first one (a hydrogel made of
chitosan-guar-gum and gelatin and named CH-Gel-GG) was prepared as already reported in
a previous study validating the finite element model (CIT) and whose results are used here
to also validate the metamodel. The second one (a hydrogel made of alginate and gelatin
and named Alg-Gel) was prepared as following. Sodium alginate (Sigma-Aldrich ; MW
included between 12000 and 40000 g/mol ; CAS 9005-38-3) and porcine gelatin (Honeywell
; CAS 9000-70-8) were dissolved in water at a weight ratio of 20/80 and placed in an oven
(40°C) under constant stirring for at least 1 hour. The resulting ink was then loaded into
a syringe and bioprinted with a A 4th generation 3D-Bioplotter from EnvisionTEC. The
syringe temperature controller was adjusted at 26 °C and a computer-aided design (CAD)
software was used to design two different structures using a 250 ym inner diameter needle,
a speed of 20 mm/s and a pressure of 1.1 bar. The membranes were created by printing 10-
layer membranes with alternated (90°) vertical and horizontal filaments in order to create an
internal pattern made of rectangles with a longitudinal or transverse orientation with respect
to the overall rectangular structure of the membrane. The distance between filaments was
kept at 7.7 mm for the vertical direction and 2 mm for the horizontal direction (longitudinal
membranes) and vice versa (transverse membranes). In order to create the full membranes
(which allows to obtain the values of Young’s modulus of the bulk material) the ink was
poured into a mold with the same external shape as the 3D printed membranes. After
printing and after molding, the samples were immersed in a solution made of ethanol and
NaOH (for CH-Gel-GG) or in a solution of 2% of CaCly (for Alg-Gel) for 30 min, washed
3 times with PBS and incubated overnight in PBS at 37 °C before performing the tensile
tests. The mechanical properties of both CH-Gel-GG and Alg-Gel membranes (both full
and patterned) were investigated via uniaxial tensile test. The test was performed using
an MTS 4/ML tensile machine equipped with 100 N load cell at room temperature at a
constant speed of 2 mm/min. The findings are reported through stress-strain curves and the
average Young’'s modulus (kPa) along with the standard deviation, for multiple independent
membranes. The experimental Young’s modulus was determined as the slope of the linear
region observed in the stress—strain curve. Other values (filament width, pore length and
pore width) were measured on pictures of the membranes by using the software image J.
The slight difference between theoretical and experimental values of the above-mentioned
parameters are due to the shrinkage of the material after gelation (in ethanol and NaOH).

3 Results

3.1 Analysis of raw data

Figure 3 shows the equivalent Young’s modulus of the membranes (eym) computed with
the FEM model for all the combinations of the 7 studied parameters involved in the Sobol’s
sample 2.3.1.1. The higher the gradient of color in the graph (representing the equivalent
Young’s modulus), the higher is the influence of the variable. To facilitate the visualization,
the graphs are grouped by the parameters defined in the x-axis (in the order: mt, pl, pw, fw,
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d and ym). As shown in figure 3, the variables ym, pw, as well as fw to a lesser extent, seem
to have the greatest impact on the equivalent Young’s modulus, while the others (d, pr, mt
and pl) seem to only have a very negligible effect. For instance, by looking at the graph
Poisson’s ratio (pr) as function of the Young Modulus (ym), the gradient of color along the
x-axis indicates an influence of the Young’s modulus, while the absence of gradient along the
ordinate axis indicates the absence of influence of the Poisson’s ratio. As another example,
by looking at the Young’s modulus of the material (ym) as a function of pore width (pw),
a diagonal gradient of colors along the two axes appears indicating the influence of the two
parameters.

3.2 Sensitivity analysis

The equations (A.2) and (A.3) were used to compute the first-order sensitivity and total
effect indices. As shown in Figure 4 (A.1) and (A.2), according to the Sobol’s method, the
three most critical parameters are: the Young’s modulus of the material (ym), the pore
width (pw), and the filament width (fw). To confirm those results, another method based
on random forests was used as described in section 2.3.1.3. The method gave similar results,
as it can be seen in Figure 4 (B.1) and (B.2). It confirms the three most important variables
are the Young’s modulus of the material, the pore width and the filament width.

3.3 Statistical metamodel

The material Young’s modulus, the pore width and the filament width were used as regressors
in a statistical metamodel as described in section 2.3.2. Since membranes are designed to
have an orthotopic mechanical behavior, they have two equivalent Young’s moduli depending
on the traction direction: a longitudinal and a transverse equivalent Young’s modulus.

For the longitudinal modulus, the three most important variables are ym, pw, fw, whereas
for the transverse modulus they become ym, pl, fw, because the pore width in one direction
of traction becomes the pore length in the other one and wvice versa. Consequently, the
metamodel has four variables: Young’s modulus of the material, pore width, pore length
and filament width. The method described in the section 2.3.2 was applied to estimate
the metamodel coefficients. To avoid possible negative predictions, the output variable of
the metamodel is the logarithm transformation of the equivalent Young’s modulus. After
removing insignificant terms, the final metamodel has still very good fitting performances
with an adjusted coefficient of determination: R? ~ 0.9923, and an average prediction error
of 5.15% on the testing set. The metamodel coefficients are presented in Table 3 in Appendix
B. All have p-values less than 2.2e-16. A Kolmogorov-Smirnov test was performed with a
non-significant result (p-value = 0.1104) justifying the use of this generalised linear model.

3.4 Experimental validation of the metamodel

To validate the metamodel, the experimental results were compared with those predicted
by the metamodel. More in detail, we performed tensile test on two types of patterned
membranes (one corresponding to the longitudinal and one to the transverse orientation of
the fibers) made of two different materials (either CH-Gel-GG or Alg-Gel). The experimental
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Figure 3. Raw data representations of the equivalent Young’s modulus (eym) calculated using the
FEM model 2.2 and the method described in the section 2.2.3 as a function of pairwise combinations
of all parameters. (mt: membrane thickness (mm), pl: pores length (mm), pw: pores width (mm),
fw: filament width (mm), ym: Young’s modulus (Pa), pr: Poisson’s ration, d: density (kg/m?),
eym : equivalent Young’s modulus (kPa)). The graphs are grouped by the parameters defined in
the abscissa.

results (a pair of equivalent Young’s moduli for the longitudinal and transverse orientation
of the fibers) obtained for the patterned membranes are then used in order to conduct a
research within the metamodel. A representation of the tensile test is shown in Figure
5(A) and quantitative results of the tensile tests are reported in Figure 5(B) and Table 2.
Concerning the membranes made of CH-Gel-GG, the Young’s modulus of the material (full
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Figure 4. Results of the sensibility analysis of (A) Sobol and (B) the random forest. (A.i) Graph
representing the Sobol’s indices of sensibility with the first-order sensitivity indices S; and the
total sensitivity indices St,. (A.ii) Table representing the Sobol’s indices of sensibility. (B.i) Graph
representing the sensitivity indices calculated from the permutation of OOB data in the random
forest. (B.ii) Table representing the sensitivity indices calculated from the permutation of OOB
data in the random forest. (mt: membrane thickness, pl: pores length, pw: pores width, fw:
filament width, ym: Young’s modulus, pr: Poisson’s ration, d: density)

membrane) was found to be 92.27 £+ 8.58 kPa, while the longitudinal/transverse Young’s
moduli were found to be (46.17 + 2.50 kPa/19.76 £+ 2.16 kPa). All the other data were
also measured experimentally (i.e. the filament width, the pore length and pore width
(first line in Table 2). The great potential of the metamodel is that when searching for the
possible combinations of materials and patterns resulting in a pair of equivalent Young’s
moduli of 46.2 + 2 and 19.8 + 2 kPa (error selected by the user) it gives us 1438 different
possible combinations (Figure 5(C) where each point represent a combination of materials
and patterns resulting in the requested pair of equivalent Young’s moduli). Among them,
one combination closely matches the experimental values of Young’s modulus of the material,
filament width, pore length and pore width (second line of Table 2 and black point in Figure
5(C)). In the third and fourth line of Table 2, we showed two other examples of combinations
that still correspond to the pair of equivalent Young’s moduli. However, we can notice that
the values of Young’s moduli and of the patterns (fw, pl and pw) are extremely different with
either very large pores and thin filaments (line 3) or vice-versa (line 4). In order to show
the robustness of the method, the second part of the Table 2 and the figure 5(D) shows the
same process but this time applied on Alg-gel membranes. In this case the pair of equivalent
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Young’s modulus was 95.3 + 2 kPa/42 + 2 kPa and the number of possible combinations
resulting from the metamodel was 570.

(A) Chitosan-guar gum-gelatin Alginate-gelatin (B)
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Figure 5. (A) Photographs of a full membrane, a membrane with vertically oriented pores and a
membrane with pores of the same size oriented horizontally of each material (chitosan-guar gum-
gelatin and alginate-gelatin) during the tensile test. (B) Average Young’s modulus calculated from
the linear region of the stress—strain curve, on five independents membranes for each condition. (C)
Graph showing the combinations predicted by the metamodel for the pair of the equivalent Young’s
moduli of 46.2 + 2 kPa/19.8 + 2 kPa (longitudinal in red and transverse in blue experimentally
measured for chitosan-based membranes with the geometrical parameters defined in Table 2. (D)
Graph showing the combinations predicted by the metamodel for the pair of the equivalent Young’s
moduli of 95.3 + 2 kPa/42 4+ 2 kPa (longitudinal in brown and transverse in green experimentally

measured for alginate-based membranes with the geometrical parameters defined in Table 2. In
both graphs (C) and (D), the experimental data are represented by black dots.

A database of 500000 membranes was used, which requires 1000000 combinations of

parameters for which the equivalent Young’s modulus was estimated (500000*2 = 1000000
as there is the longitudinal and transverse Young’s modulus for each membrane).

In the case illustrated, we decided to select the results within an arbitrarily chosen interval of
4 2 kPa around the defined values, this value necessarily influencing the number of resulting
combinations of parameters. Note that this interval is fully adjustable by the user.

In Figure 5, all the points are matched two by two because here we are representing only the
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following 3 parameters: Young’s modulus of the material, filament width and pore width. As
the pore width in the longitudinal direction corresponds to the pore length in the transverse
direction, each pair of points corresponds to a membrane.

Using the metamodel provides a significant advantage in terms of computational time for
computing the equivalent Young’s modulus of the membrane compared to the finite element
model. Indeed, while the finite element model takes around 5 - 10* seconds to estimate the
equivalent Young’s modulus for 1,800 parameter combinations, the metamodel allows us to
estimate the same modulus for one million combinations from the database in less than 1
second. The calculations were performed on a DELL Precision 7750 computer equipped with
an Intel(R) Core(TM) i7-10850H CPU 2.70GHz processor and 32 GB of RAM.

4 Discussion

With this study we propose a method to accelerate the development of patterned membranes
for medical, but not exclusively, applications. While cardiac tissue is well known as an highly
anisotropic tissue, revealing the need to use for its repair cardiac membranes with specific
mechanical proprieties, this is also true for other tissues and might as well be useful in other
material engineering applications. 3D printing represents a very promising technology for
this purpose allowing very easily to create anisotropy, due to its own operating method.
However, the optimization of a biomaterial-based ink allowing to create a specific pattern
can be time consuming. Similarly, characterizing by tensile test even a small part of all the
possible combinations of materials and patterns that would result in the desired values of
Young’s moduli in the selected direction is not only time consuming but can also be extremely
expansive. As a consequence, we showed in this study our strategy to numerically perform
these tests and reduce the experimental time. The first stage of the study was to develop
a database using a finite element numerical simulation model of membranes. These mem-
branes have specific patterns, which enables their mechanical behavior to be differentiated
according to the direction in which the stresses are applied. Secondly, this database is used
to develop a statistical metamodel of the finite element model. This is used to visualize the
potential mechanical characteristics of these membranes and to characterize the geometric
and material variables required to obtain them.

A global sensitivity analysis was conducted to determine the most influent parameters in
our FEM model affecting the equivalent Young modulus of the membrane. This method was
used to allow us to restrain and focus the study exclusively on the most relevant parameters.
Despite an inconsistency on the value of the total Sobol’s indice of the Poisson’s ratio (pr),
the results obtain by the sensitivity analysis seems consistent with the analysis of the raw
data and was confirmed by the random forest method. According to Saltelli’s formulation
[24], the negative value can possibly be justified by the calculation method, probably because
of the uncertainty of the calculation. Moreover, this value is tiny and close to zero, so the
influence of this parameter on the equivalent Young’s modulus of a resulting membrane can
be considered not significant.

The combinations determined by the algorithm to meet the user’s request (see section 2.4)
only consider the parameters of the metamodel (the influent parameters resulting from the
statistical study), i.e. the Young’s modulus of the material, the width of the filaments, the
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Parameters Equivalent Young’s
ym pw pl fw modulus (kPa) Patterns
(kPa) | (mm) | (mm) | (mm) | Longitudinal | Transverse
Membranes made from a chitosan, gelatin and guar gum hydrogel
(AN
Experimental | 92.27 | I I I |
results 1 853 1.04 5.58 0.80 46.17 £ 2.50 | 19.76 £ 2.16
(Hanl
The closest 111
predicted | g\ 73 | 093 | 455 | 0.1 44.41 18.70 1111
In silico
results 1L
1
Other 325.01 4.27 9.53 0.50 46.11 21.53 I.I
examples 1l
of predictions .-
50.46 1.25 5.91 1.98 44.21 19.98 I I
- =m

Membranes made from an alginate and gelatin hydrogel

il

Experimental | 263.03 1, 160y f 093 | 9530 + 12.67 | 42.03 + 2.76 "I
results + 8.02

11

The closest N ]

predicted 1 ogc 30| 102 | 618 | 085 95.84 40.29 I I I

In silico

results | N § |

Other 49937 | 364 | 970 | 0.79 97.11 42.02 ‘Il

examples —

of predictions [

11479 | 050 | 445 | 1.99 93.42 42.85 | | |

Ln

Table 2. Table comparing the equivalent Young’s moduli of experimental membranes with the
predictions of the equivalent Young’s moduli by the metamodel. Here two types of membrane are
compared: 3D bioprinted membranes with a guar gum, chitosan and gelatin hydrogel on the one
hand and an alginate and gelatin hydrogel on the other. The Young’s modulus associated with

the chitosan-based material 92.3 kPa and with the alginate-based material is 263.03 kPa.

The

”Patterns” column shows the differences in geometry between the membranes, with the filaments
in grey and the pores in black. (mt: membranelghickness, pl: pores length, pw: pores width, fw:

filament width)




length and the width of the pores. Because of their limited impact on the equivalent Young’s
modulus, the other parameters (pr, d, mt) used in the FEM model appear to be modular,
provided that they are kept within the ranges defined in the table 1. This modularity allows
the user greater freedom in the choice of materials for membrane manufacture.

This method requires the establishment of a fairly large database in order to obtain a suf-
ficiently homogeneous representation of the main parameters. The results obtained depend
entirely on this database, which means that everything depends on the size of the sample.
Now, as it’s described in the section 3.4, the number of parameter combinations differs ac-
cording to the ’user’ demand. Thus, for a database of 500000 parameter combinations for
the membrane, we obtain 1438 combinations for Young’s modulus conditions of 19.8 £+ 2 kPa
transversely and 46.2 £+ 2 kPa longitudinally, while we obtain 570 combinations for Young’s
modulus conditions of 42 + 2 kPa transversely and 95.3 + 2 kPa longitudinally. The huge
gap shows the influence of the sample size on the obtained results.

The elaboration of this type of medical device, with a lot of combinations of parameters,
usually requires the use of numerical simulations due to the cost and the time consume by
this task. However, as this study shows, even the numerical simulation can be time consum-
ing, especially with big database, requiring the use of more efficient methods. The global
sensitivity analysis of Sobol and the metamodel created helped us to resolve this problem
by reducing the calculation time and still keeping a quite good precision.

The metamodel allows us to come close to the experimental results, even if, as shown in the
Table 2, there are some differences between the ”The closest predicted In silico results” and
the experimental value. These slight differences can be explained by the approximations of
the measurements from an experimental point of view, by the assumption of elasticity of
the membranes in the FEM model, as well as by the intrinsic variability of the statistical
metamodel. Nevertheless, these results validate the metamodel for a prediction that is fairly
representative of reality, making it possible to help a user in the design of patterned mem-
branes.

It is important to emphasize that the equivalent Young’s modulus in the radial direction of
the membrane (which corresponds to the thickness), neglected in our study, is inherently
connected to both the longitudinal and transverse Young’s moduli. This connection arises
because the parameters are determined by the resulting configurations based on the user’s
request, consequently yielding an equivalent radial Young’s modulus for the membrane that
varies with each configuration.

5 Conclusions and perspectives

In this study, a new model-assisted membrane design method is proposed and tested. A
global sensitivity analysis is firstly applied to a finite element model of a patterned mem-
brane to identify which design parameters have the most impactful effects on the equivalent
Young’s modulus considered as the variable to control. Among seven pre-identified param-
eters, three appeared during the sensitivity analysis as critical: the Young’s modulus of the
constitutive material, the pore width, and the filament width. In a second step, the sensitive
parameters have been used as regressors in statistical metamodel, itself employed as a fast
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way to determine the values of parameters, i.e. the various possible geometries of the mem-
brane, able to meet the technical requirements on the targeted equivalent Young’s modulus.
The metamodel is based on a second-order response surface polynomial model. A quasi
Monte-Carlo sampling method, also known as Sobol’s sampling, was applied to the FEM to
constitute a dataset devoted to the estimation and testing steps of the metamodel identifi-
cation. Simulations based on the metamodel are in average several million times faster than
the ones carried out with the finite element model. The proposed approach was applied to
the development of a real membrane and the comparison of the predicted properties with
the ones measured has confirmed the practical relevance of this approach. However, in this
study, the model-based design is limited to the modeling of the equivalent Young’s modulus
of the membrane. Consequently, future works will need to investigate applications to other
mechanical properties. Moreover, this study assumes the employed materials have an purely
elastic behavior. It would still be appropriate to develop this model by considering the com-
plexity of some materials and, by incorporating, for instance, the notion of viscosity which is,
a characteristic often intrinsic to biomaterials likely to be used for membranes. Even in the
current form, this method would therefore save time when designing anisotropic membranes
for medical or other material engineering applications.
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A Global sensitivity analysis of Sobol

This method consists of creating two sets of data, forming 2 matrices, each containing k = 7
columns corresponding to the k£ parameters and N = 1400 rows corresponding to the number
of draws in the experimental domain [0,1]7 divided by two to be distributed in each matrix.
They are labelled A and B below:

g -~ Ay a1 by by e bk
A= Qi1 a'i,j ....... Qi & ; B = bi,l ....... bl’J ....... bi,k ;
anNi------ ang - an le ...... ij ...... ka

These two matrices are used to create k others, one for each parameter, in which combi-
nations of A and B are made. For each parameter j, a matrix C; is defined, in which all the
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columns come from B except column j, which comes from A, as follows:

by bij1 ai; bijiq - by
Q= big-- bijo1 i bijiqceeee by s
by bnj1 bnj Dnjii--- by

Next, the model presented in section 2.2.2 and the method described in section 2.2.3 are
used to calculate the equivalent Young’s modulus for all the input values of the sampling
matrices A, B and C}, for i ranging from 1 to 7. 9 output vectors are obtained of dimension
N*1, denoted:

ya=f(A)  ys=[f(B)  we = f(C)) (A1)

With f being considered as the application of the combination of the FEM model 2.2.2 and
the calculation of the equivalent Young’s modulus of the membrane 2.2.3.

These sets of permutations will enable us to calculate the first-order sensitivity indices and
the total sensitivity indices using the following formulae:

Ny yc f3 (A.2)
Nzi:1(y ) _f2

o =1 B L V596~ i (A.3)

’ NZi:l(yA) _fo

With fy being the average of ya:

N
1 (i)
fO = N ; Ya (A-4)

Using the formulae (A.2) and (A.3), we obtain coefficients between 0 and 1 that allow
us to determine the importance of an input variable in relation to an output variable in a
model. The first-order sensitivity indices S; give an indication of the importance of the j
variables only, while the total sensitivity indices Sz, give an indication of the j variables as
well as their interactions with the other variables.

B metamodel parameters
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| Parameters | Estimations | Std. Error |

(Intercept) | -4.4010e400 | 1.7930e-02
pl -3.9988e-02 | 2.4261e-03

pwW -3.7714e-01 | 2.8068e-03

fw 1.3872e+00 | 2.3438e-02

ym 9.7424e-06 | 5.5332¢-08

pl? 2.3758e-03 | 2.2328¢-04
pw? 1.5031e-02 | 2.2262e-04
fw? -3.6363e-01 | 8.9276e-03
ym? -9.7935e-12 | 9.8190e-14
pw:fw 3.8417e-02 | 1.2247e-03

Table 3. Table of the metamodel parameters
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