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ABSTRACT

The impact of morphological and mechanical parameters of surgical meshes on the healing processes and patient comfort after
abdominal repair surgery is widely accepted. However, how the structure of the knitted pattern of synthetic meshes affects the
mechanical behavior remains primarily theoretical. The objective of this study was therefore to assess the correlation between
these key factors, identifying the most crucial morphological parameters able to support the design of new meshes. In this per-
spective, morphological parameters related to pore size, shape, and orientation were computed based on high-resolution images
using the poreScanner app and the Matlab Image Processing toolbox. Additional parameters such as weight and thickness were
measured through high-precision instruments. Concurrently, 12 mechanical parameters were assessed by executing a compre-
hensive testing protocol. Multivariate regression models were implemented, each using one to five morphological parameters
as independent variables and one of the 12 mechanical parameters as dependent variables. A leave-one-out (LOO) validation
algorithm was then employed to estimate the models’ performance, robustness, and accuracy for potential future predictions.
Regression models showed high coefficients of determination (R?>0.8), except for uniaxial strains (0.59 <R?<0.71). The LOO
validation reveals good predictive capabilities (R>>0.65) for 5 out of 12 mechanical parameters, whereas moderate predictive
capabilities (R?> 0.55) for one model. Promising results demonstrate a quantifiable relationship between pore characteristics and
mechanical behavior. Thanks to further validation using different meshes, the models could be beneficial for all stakeholders
involved in this field, from patients to manufacturers.

1 | Introduction shape and orientation, as well as mesh thickness and weight [3].

This has led to the development of different devices character-

At present, more than 70 meshes for hernia repair that differ in
terms of material (synthetic, biologic, and composite) and manu-
facturing method are available on the global market [1]. Despite
the introduction of many new materials, since the first implan-
tation in 1958, polypropylene (PP) meshes are still the most im-
planted devices [2]. Most of the PP meshes currently available on
the market are knitted, that is, comprised of continuous inter-
locking loops of yarns or threads. Changes in knitting patterns
highly affect morphological parameters such as porosity, pore

ized by various knitted patterns (Figure 1) that reflect different
structures and consequently mechanical characteristics.

In accordance with the principles of functional tissue engineer-
ing, the ideal mesh should be able to be held in situ through
peripheral sutures, promote a swift and well-organized fibrous
tissue response while minimizing inflammatory reactions,
withstand biaxial tension loading and ensure minimal stiff-
ness mismatch with the surrounding tissues [4]. However, since
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FIGURE1 | Knitted pattern of meshes with different densities. The two directions in the bottom left corner refer to the two principal directions

of the knitted pattern.

surgical meshes are implanted in a wide variety of body regions
(e.g., abdominal region, pelvic region, groin region), they are
subjected to various patterns of solicitations [5-7]. It is worthy
of note that, nowadays, the occurrence of recurrences following
the implantation of surgical meshes for hernia treatment falls
within a range of 1.4% to 26.5% [8]. Hernia repair failures are
often attributed to factors such as foreign-body reaction and
mesh shrinkage caused by incorrect tissue ingrowth during the
healing process [9]. In this context, different and often contrast-
ing opinions have arisen over the years about the morphological
parameters that mostly affect tissue ingrowth and mechanical
behavior. For instance, porosity and weight affect the intensity of
foreign-body reaction and the chance of adhesion formation be-
tween meshes and abdominal organs [10-12], while pores shape
and dimensions appear more influent than the overall mesh
porosity [13]. With regard to mechanical parameters, many test
methods have been developed to assess the mechanical charac-
teristic of these textile materials during the last decades. Some
of them followed in vitro standard test methods (e.g., uniaxial
tensile test, biaxial tensile test), while others tried to reproduce
in vivo solicitation patterns (e.g., ball burst test, suture retention
test) [14-16]. However, the lack of consistency among all the test
set-ups affects literature findings, preventing performance com-
parisons between different devices [17-19].

Although the crucial mechanical parameters for ensuring pa-
tient comfort are stiffness and compliance of the meshes indeed
[20, 21], both morphological parameters (such as porosity, thick-
ness, pore dimensions, shape, and orientation) and mechanical
properties (including mesh elasticity, isotropy, and strength)
actually play a role in the in vivo incorporation of the mesh
and patient comfort after implantation [22, 23]. Nevertheless,
the correlation between these critical aspects has only been

analyzed theoretically [24]. Still, quantifying the relationship
between morphological and mechanical parameters could lead
to a greater understanding and awareness in mesh designs [25].

A comprehensive understanding of how the knitted pattern's
structure influences implant performance would benefit all
stakeholders in hernia surgery, including surgeons, patients,
as well as manufacturers. At present, to commercialize hernia
meshes, manufacturers must perform various mechanical and
biochemical tests in order to demonstrate compliance with re-
quirements. Moreover, if the designed morphology of a new
mesh differs from already accepted ones, clinical trials are man-
datory before it can be sold in the global market. This process
results in high certification costs for these implantable devices,
consequently leading to higher product prices in the market.
In 2017, over 20 million hernias were surgically treated, and a
recent market research estimates 12 billion of revenue for the
global market by 2028 [1]. In light of this, the possibility to pre-
dict mechanical properties based on morphological parameters
could potentially reduce the number of tests needed to charac-
terize hernia meshes and, as a consequence, the certification
costs of these devices.

The primary aim of this study is therefore to determine how the
mechanical properties of various monofilament PP warp-knitted
meshes are influenced by their structural textile characteris-
tics and which morphological properties are more relevant for
each mechanical parameter. Additionally, this research seeks
to formulate predictive models able to estimate mechanical pa-
rameters based on readily accessible morphological properties.
Images acquired on nine hernia meshes in a previous study are
used to extract meaningful morphological parameters represen-
tative of pore geometry and orientation [26]. These parameters
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are then correlated to twelve mechanical properties collected
through a previously developed testing protocol [27].

2 | Materials and Methods
2.1 | Mechanical Parameters

The mechanical parameters were derived exclusively from
lightweight (LW) and standard weight (SW) meshes [28]. A
total of six LW meshes and three SW meshes from four differ-
ent manufacturers were included in the testing. The adopted
testing protocol, better detailed in [27], is briefly described in
the following.

The protocol consists of three experimental set-ups designed to
conduct: uniaxial tensile test, ball burst test, and suture reten-
tion test. All the tests were conducted at a room temperature of
25°C, under displacement-controlled conditions by means of a
universal testing machine, Instron E3000 (INSTRON, Norwood,
MA, USA). The specimens used in the uniaxial tensile test had a

dogbone shape with a gauge length of 20 mm and were subjected
to traction at a rate of 20mm/min. To acquire the specimens
elongation during uniaxial tensile tests, a DIC system, specifi-
cally the VIC-3D system (Isi-sys GmbH, Kassel, Germany), was
utilized to track markers previously manually sewn onto the
threads of the meshes. Data were post-processed in Matlab (ver-
sion 9.14.0 (R2023a). Natick, Massachusetts: The MathWorks
Inc.). Two sampling directions, “weak” and “strong,” were con-
sidered in uniaxial tensile tests and suture retention tests for
PP meshes. The “strong” direction was identified by comparing
the failure force of the specimens between the two directions.
Circular specimens with a 55mm diameter were utilized in
the ball burst test and penetrated with a steel sphere (diameter
equal to 20mm) at a rate of 300 mm/min as suggested by ASTM
D6797-15. For the suture retention test, 70 X 55mm rectangu-
lar specimens were clamped at the upper pneumatic grip of the
testing machine and moved vertically at a rate of 300 mm/min
after inserting an Assusteel wire 10mm from the lower edge.
For each test, characteristic parameters were extracted related
to maximum force, tension, strain, and stiffness. All the com-
puted mechanical parameters are described in Table 1.

TABLE1 | Mechanical parameters computed for all the nine tested hernia meshes from the data of the three test set-ups.

Mechanical test Parameters and definition Abbreviations
Ball burst test Bursting force BF
Maximum force recorded during the test [N]
Maximum membrane tension MTmax
Membrane tension in correspondence of BF [N/cm]
Maximum dilatational strain DSmax
Dilatational strain in correspondence of MTmax [%]
Dilatational strain at 16 N/cm DS16
Dilatational strain in correspondence of 16 N/cm of membrane tension [%]
Uniaxial tensile test Uniaxial tension at rupture—weak direction UTR—weak
Uniaxial tension recorded before rupture in the weak direction [N/cm]
Uniaxial tension at rupture—strong direction UTR—strong
Uniaxial tension recorded before rupture in the strong direction [N/cm)]
Strain at rupture—weak direction SR—weak
Strain of the specimen in correspondence of UTR—weak [%]
Strain at Rupture—strong direction SR—strong
Strain of the specimen in correspondence of UTR—strong [%]
Secant stiffness—weak direction k—weak
Slope of the secant line passing through 10% of [N/mm]
deformation in the weak direction
Secant stiffness—strong direction k—strong
Slope of the secant line passing through 10% of [N/mm]
deformation in the strong direction
Suture retention test Suture Retention Strength—weak direction SRS—weak
Force value computed as suggested in ASTM [N]
D2261-13 standard for the weak direction
Suture Retention Strength—strong direction SRS—strong
Force value computed as suggested in ASTM [N]
D2261-13 standard for the strong direction
Note: The numerical values of all the computed mechanical parameters for the nine meshes are reported in Table S1 as mean +SD.
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2.2 | Morphological Parameters

The weight and the thickness of the meshes were measured by
means of a high-precision scale (Kern PCD 300-3, Digital elec-
tronic scale, KERN & SOHN, Ebingen, Albstadt, Germany) and
a thickness gauge (ABSOLUTE Digimatic Thickness Gauge,
series 547, Mitutoyo, Sakado, Japan), respectively. In order to
compute other morphological parameters related to pore dimen-
sions, orientation, and shape, high-quality images were acquired
using a CANON EOS 5D Mark IT digital camera equipped with
a macro photography autofocus lens (Canon EF 100mm £/2.8
Macro USM) and a custom photographic set-up developed in a
previous study [26]. During the acquisition process, attention
was paid in order to align the weak and the strong directions
of the meshes to the edge of the mesh support. Subsequently,
the textile and effective porosity (EP) were computed using the
poreScanner app [29].

Other parameters regarding pores orientation and shape were
extracted from the binarized images, starting from three param-
eters computed using regionprops function in Matlab. In detail,
the pores areas, maximum Feret diameters (FD,_, ) and the
angles of the maximum Feret diameter (FA) were extracted for
all the acquired meshes images (Figure 2). In order to achieve
unique parameters that identified a predominant pores orienta-
tion and a predominant pores shape for the different meshes,
a weighing factor was computed in order to take into account
the relative area of each individual pore (Area;) compared to the
total area occupied by all the pores in the mesh (Area,,). The
predominant pores orientation was thus identified through two
parameters, FA,, defined as:

< Area;
FA,= Y, FA, 6

S Areag,

where FA, is the weighted FA, and tanFA,, the tangent of the
weighted FA.

FIGURE 2 | Binarized image of a SW mesh where the geometric pa-
rameters computed through regionprops function are superimposed.
FD_ ;. maximum Feret diameter, b: perpendicular axis of yellow el-

lipse, FA: angle of the maximum Feret diameter.

Moreover, assuming the overall shape of the pore as an ellipse
with FD_ representing its longest axis, the approximate pore
shape (PS) was assessed by calculating the ratio between FD_,
and the perpendicular axis of this hypothetical ellipse (b). The
predominant PS was then computed according to Equations (2)

and (3):

n

Area;, FD_...
PS — 1 . max | 2
W i; Area,, b @

where
Area;
b=t @)
T —=i

The underlying concept is that when the pore approaches an al-
most circular shape (PS,, ~ 1), the material absence is uniformly
distributed in all directions. This could result in a higher degree
of isotropic behavior for the mesh [30].

A summary of the extracted morphological parameters is out-
lined in Table 2.

2.3 | Multivariate Linear Regression Models
2.3.1 | Models Creation and Selection

As a preliminary step, Pearson correlation coefficients were
calculated between all pairs of candidate predictors (Figure 3).
Some high bivariate correlations were observed, particularly
between variables with expected structural or physical re-
lationships (e.g., textile and EP, porosity and weight). These
correlations highlighted the potential for multicollinearity if
too many predictors were included simultaneously. However,
they were not used as exclusion criteria, since high pairwise

TABLE 2 | Morphological properties computed for all the nine
hernia meshes.

Morphological parameter Abbreviations
Textile porosity TP [%]
Effective porosity EP [%]
Weight W [g/m?]
Thickness T [mm]
Weighted Feret angle FA,, [°]
Sum of the angles of the maximum Feret

diameter weighted on the pores Area

Feret angle tangent tanFA,,
Tangent of FA,,

Pore shape PS,,

Sum of the ratios between maximum Feret
diameter and the perpendicular diagonal
of the corresponding ellipse area, weighted
on the pores Area

Note: The numerical values of all the extracted morphological parameters for the
nine meshes are reported in Table S2.
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FIGURE 3 | Heatmap of Pearson correlation coefficients between

morphological parameters. Darker color shades indicate higher cross-

correlations, and lighter shades indicate lower correlations. Cell values

represent the signed Pearson correlation coefficients.

correlation does not necessarily imply redundancy in a mul-
tivariable context: variables may still convey distinct and
complementary information. Moreover, if the information
provided by variables is redundant rather than complemen-
tary due to strong correlation, such variables are excluded
during model selection based on multicollinearity assessment
using the variance inflation factor (VIF), as detailed later in
the Section 2.

Based on these considerations, a maximum of five predictors
was allowed in each model. This constraint aimed to reduce
multicollinearity and improve model interpretability, while
preserving the ability to capture relevant structural and func-
tional variation. To systematically explore all possible predictor
combinations, 119 multivariate linear regression models were
generated for each mechanical parameter (dependent variable),
corresponding to all subsets of one to five predictors out of the
seven available using Matlab (version 9.14.0 (R2023a). Natick,
Massachusetts: The MathWorks Inc.). Multicollinearity was
further assessed using the VIF, and only models in which all
included variables had VIF <8 were retained for subsequent
analysis [31-33]. Subsequently, the models were evaluated for
high statistical significance by applying a threshold p-value less
than 0.01, and ranked based on the coefficient of determination,
R2. Higher R? values reflect the ability of the model to explain
the variance in the dependent variable and, consequently, to bet-
ter predict the dependent variable itself.

2.3.2 | Models Validation—Leave-One-Out Method

Finally, for all the selected models, a leave-one-out (LOO) vali-
dation algorithm was carried out in order to identify overfitting,
estimate model performance and robustness, and assess the pre-
dictive accuracy. Given the total number of meshes used in the
model creation n, each multivariate regression model considered
was built n times, each time not including the ith mesh in the
model definition. The mechanical parameters of the ith mesh

were then predicted using the identified multivariate regression
model. The predicted values were compared to the measured
ones, and to evaluate the outcome predictions, R? coefficients
were computed through a linear regression, comparing the data
to the 45-degree line, which represents a perfect overlap.

A scheme of the overall workflow for the regression models im-
plementation is reported in Figure 4.

Eventually, the extraction of the morphological parameters re-
lated to pore shape and orientation, as well as the mechanical
parameters predicted through the multivariate regression mod-
els presented here, was implemented in the poreScanner 2.0 app
[34]. In order to activate the prediction section in the new ver-
sion of the app, the user needs to input high-resolution images of
the mesh along with the weight, thickness, and an identification
name. In addition, the stronger direction between the two prin-
cipal directions of the knitted pattern is required to reorient the
mesh for the subsequent evaluation of mechanical parameters.

3 | Results

A total of 1428 regression models were created. Among these,
171 met the imposed p value threshold and were therefore
checked for collinearity and ranked in accordance with R2. See
Appendix A for further insight into the number of acceptable
models for each mechanical parameter.

3.1 | Models Selection

The model selected for each of the 12 models consists of a distinct
subset of variables. Table 3 highlights the variables included in
each model, along with their respective weights. Each model
is indeed the result of a linear combination of the weights and
the independent variables, with an added intercept term. The
obtained coefficient of determination and p value are indicated.

Table 3 pointed out high values of R? for all the models. The
most recurrent variables in the models are EP, thickness (T) and
tanFA , selected in nine out of 12 models. Additionally, in all
the models except for SR-strong, a porosity metric and a pore
orientation or shape parameter were always included. For two
models (marked with an asterisk in Table 3), it was not possi-
ble to achieve a model that met the imposed threshold on the p
value, so a model with a higher p value is selected. Lastly, for k-
weak, a model with a higher p value was chosen because neither
of the two models with a p value <0.01 met the threshold for
multicollinearity.

For the selected models, other metrics were computed to com-
pare the 12 models, to evaluate the models performance, and to
assess the error (Table 4).

Similar values were obtained overall by comparing R* and R?, n
with the exception of model SR—weak, in which the drop in
RZadj suggests potential overfitting. This may be due to the lim-
ited contribution of the selected predictors in SR-weak, despite
the good nominal R2. Eight models show RSE <0.10, indicat-
ing that the relative error in these models is below 10% of the
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Hernia Meshes

! '

MORPHOLOGICAL MECHANICAL
PARAMETERS PARAMETERS
Weight Thickness High resolution image Ball Burst Uniaxial Suture
measure w/ measure w/ acquisition w/ digital testing tensile testing retention
digital scale thickness gauge camera testing
Y
Image binarization
# *
Pew | e T 0 ie TP i+ FOmax | |+ BF : Lo UTR* | |+ SRS* |
““““““ ‘ e EP i FA, |+ MTmax | e SR*
"""""" " e tanFA, | i + DSmax | P okt
[ * PSe e DS1I6 | T :
INDEPENDENT VARIABLES DEPENDENT VARIABLES
MULTIVARIATE
REGRESSION MODELS («-1
CREATION i
I VIF>8
1

4

VIF analysis i— ----- !
y

Validation
BE?EIEI\Q:?ISIIE\ILS LOO analysis

FIGURE 4 | Schematic overview of the workflow. Various subsets of morphological parameters were adopted as independent variables to create

regression models for each mechanical parameter (dependent variables) useful for the mechanical characterization of hernia meshes. The signifi-
cance of the models was assessed by imposing a threshold on the p value. The multicollinearity of the independent variables was checked through
a VIF analysis, and all the subsets with a VIF <8 were considered for the best model selection based on an R? ranking. Finally, LOO analyses were
conducted for the validation of each model. In the scheme, the dashed boxes refer to the variables used in the regression models. #: Computed through
the poreScanner app [29]; *: computed through the Matlab function regionprops; +: two tested directions.

observed mean values, which is generally considered a thresh-
old for high model accuracy.

4 | Discussion

Morphological characteristics of hernia meshes are typically
associated with in vivo integration and wound healing [23, 35].
However, the successful host integration and patient comfort after
implantation also rely on the mechanical characteristics of the im-

3.2 | Models Validation

The LOO analyses conducted on the twelve selected models
revealed good predictive capabilities in five models (R?> 0.65)
and moderate ones in one model (R?>0.55). As expected, the
remaining models were those with the worst p values and
low RSE.

Figure 5 depicts the predicted values versus the measured values
obtained in the LOO for the best models together with the first
and third quadrant bisector.

plant. Nevertheless, how the microstructure of the meshes affects
their mechanical behavior remains unclear [36]. In this context,
the possibility of obtaining information about the mechanical
behavior of a synthetic surgical mesh based on its morphologi-
cal parameters could potentially contribute to the reduction of
recurrence and failures that persist in abdominal repair surgery,
enhancing clinical outcomes. This study thus aimed to assess
the link between these two aspects through multivariate cor-
relation analyses. In this perspective, to quantify morphological
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TABLE 3 | Weights for each selected independent variable (on columns) according to each of the 12 models (on rows).

Intercept TP EP w T FA,, tanFA PS,, R? 4]
BF 1037.68 —8.72 -3.18 2.37 —76.79 0.97 0.004
MTmax 246.07 -1.41 —0.60 -110.25 —0.42 0.94 0.010
DSmax —-0.33 —-0.47 135.13 0.56 —14.38 0.95 0.009
DS16 —35.98 0.17 0.08 73.32 2.49 0.82 0.089*
UTR—weak 122.04 —0.52 —141.25 —4.10 1.79 0.95 0.007
UTR—strong 76.90 -1.01 -0.21 35.10 0.92 0.004
SR—weak 144.92 —0.66 —4.70 —22.02 0.71 0.084*
SR—strong 42.74 0.44 0.59 0.016*
k—weak —0.67 0.05 0.06 —8.65 —0.44 0.78 0.95 0.034*
k—strong 4.95 —-0.02 —0.03 0.78 0.010
SRS—weak 93.02 -1.18 23.11 0.92 0.90 0.007
SRS—strong 116.37 —0.53 —78.62 -2.16 —5.31 0.97 0.003

Note: R? and the p value are also reported in bold. *p value greater than the imposed threshold of 0.01.

TABLE 4 | Regression performance metrics for the 12 models,
including the coefficient of determination (R?), the adjusted R? (Rzadj),
and the relative standard error (RSE).

R? RZaldj RSE
BF 0.97 0.87 0.03
MTmax 0.94 0.88 0.06
DSmax 0.95 0.81 0.05
DS16 0.82 0.62 0.18
UTR—weak 0.95 0.84 0.05
UTR—strong 0.92 0.63 0.08
SR—weak 0.71 0.29 0.29
SR—strong 0.59 0.53 0.41
k—weak 0.95 0.77 0.05
k—strong 0.78 0.71 0.22
SRS—weak 0.90 0.72 0.10
SRS—strong 0.97 0.75 0.03

characteristics able to distinguish between different meshes,
seven morphological parameters were computed for nine meshes,
addressing mesh weight, thickness, and two porosity metrics, as
well as pore shape and orientation. While the impact of the fabric
structure on the mechanical behavior of meshes has been partly
explored through comparisons of various warp-knitted patterns,
a comprehensive quantification of the morphological properties
of the fabrics that might be considered and modified in the design
of the device in order to obtain the necessary mechanical proper-
ties for specific applications has not yet been assessed [37]. The
additional morphological parameters computed in this study, and
the subsequent development of multivariate regression models
were therefore undertaken in order to fill this gap, allowing for

the determination of which and how morphological parameters
would mostly affect the mechanical behavior.

The selection of the models was based on a threshold p value
and a ranking based on the determination coefficient. The three
dependent variables that do not adhere to the threshold are
strain-related variables. Among them, the worst performance
was obtained by DS16, a parameter deeply affected by compu-
tational method. This likely decreases the correlation between
this parameter and the morphology of the meshes. Overall, the
performed LOO analysis confirmed a strong relationship be-
tween the predictivity of the model and high p value, as models
with a p value higher than 0.01 consistently exhibited the worse
performance. The tangent of the weighted Feret angle resulted
in the most relevant morphological parameter related to pore
orientation (i.e., FA, and tanFA ). Out of the 10 models that
selected a pore orientation parameter, only three utilized FA,.
Interestingly, although nowadays surgical meshes are classified
according to weight, weight was the least prioritized among
the morphological parameters, showing limited correlation
with mechanical behavior. In fact, the negligible role played by
meshes weight on biocompatibility had already been previously
identified, especially if compared to pore size and the overall
textile microstructure [13, 38]. In this regard, the better surgi-
cal outcomes in terms of pain and shorter recovery time, often
associated with the use of LW mesh, might indeed be related
to the tendency to have larger pore sizes in LW meshes in com-
parison to the heavyweight ones [22]. The crucial role of pore
dimension and therefore porosity is indeed confirmed by our
models. One of the two porosity parameters considered (i.e., tex-
tile or EP) was selected in 11 models, confirming its pivotal role
[39]. Moreover, given the established significance of pore shape
found in literature [40-42] in host integration and in many
mechanical parameters (e.g., anisotropy, stiffness, dilatational
strain), the PS parameter, indicating pore roundness, was com-
puted and considered in the creation of the regression models.
Conversely, parameters related to yarn diameter and number of
threads along the warp and weft directions were not considered
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FIGURE 5 | Graphsrepresenting the predicted versus the measured values for the best models, together with the 45-degree line. The table in the
bottom right corner of the figure reports the coefficient of determination and the p value for each parameter.

pivotal parameters in this study. Indeed, since all light meshes
have a diameter of 120 um and all standard meshes have a diam-
eter of 180 um, yarn diameter was not considered an informative
morphological parameter. On the other hand, the difficulties in
accurately assessing the number of threads, especially in stan-
dard meshes with intricate patterns, were deemed not worth-
while. However, this omission was considered acceptable since
the correlation between the number of threads and other mor-
phological parameters, such as porosity and thickness of knitted
devices, has already been established in the literature [43-46].

The outlined study presents some limitations which will be
mentioned in the following. First, morphological parameters
were extracted as single representative values per mesh, and
intra-mesh variability was not assessed. While this approach
was appropriate for their use as inputs in the regression models,
it prevented the evaluation of local morphological heterogeneity,
which may affect mesh performance. Additionally, the dataset
used for developing the multivariate regression models was rela-
tively small, reflecting the challenges associated with acquiring
a representative and diverse set of commercial mesh samples.
Small datasets may not capture the full diversity of the popula-
tion, posing difficulties in model generalization. Nevertheless,
aiming to ensure representative data collection, different meshes
were selected from the weight categories of the most implanted
devices (LW and SW). Furthermore, the limited size of the data-
set precluded the use of any validation methods other than LOO
[47, 48]. Although data augmentation through synthetic data-
sets could potentially improve model robustness, this approach
requires validated computational models capable of accurately

reproducing meshes mechanical behavior, which are currently
under development and were not available for this study. LOO,
however, can be less reliable with small datasets since leaving
out a single data point for validation may result in a training set
that lacks sufficient representativeness. The repeated training
on a reduced dataset might also exacerbate this issue in LOO,
potentially leading to an underestimation of the assessed pre-
dictive capabilities. Despite these drawbacks, the results derived
from the LOO analysis pointed out robust predictive capabilities
for several models. This highlights the potential utility of these
models in predicting the mechanical performance of different
meshes based on morphological parameters extracted from
images. Interestingly, the models exhibiting the highest perfor-
mance (R?>>0.65, see Figure 4) included parameters that man-
ufacturers are required to provide for the certification of these
devices. This corroborates the applicability of the proposed pre-
dictive models to infer the mechanical performance of a mesh
from its microstructural features as well as the automatic ex-
traction of additional morphological parameters implemented in
the last version of the poreScanner app [34]. Moreover, it is worth
noting that both weak and strong directions, corresponding to
sampling orientations relative to the mesh weave, led to accu-
rate models in several cases (e.g., UTR and SRS). This suggests
that the selected morphological descriptors retain predictive
relevance regardless of specimen orientation, indicating a cer-
tain robustness despite the known anisotropy of the material.
Although no universally accepted thresholds exist for interpret-
ing R? values, common guidelines from Partial Least Squares
Structural Equation Modeling (PLS-SEM) suggest that values
of 0.75, 0.50, and 0.25 can be considered substantial, moderate,
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and weak, respectively [49, 50]. It is well recognized that appro-
priate thresholds may vary depending on the scientific domain,
data complexity, and inherent variability [51, 52]. In this context,
the chosen threshold of R?>0.65 to denote “good” predictive
ability reflects a value intermediate between the moderate and
substantial benchmarks. Similarly, models with R?>0.55 were
classified as having moderate predictive power. Furthermore,
the possibility to validate the models with other commercially
available or specifically designed meshes will significantly en-
hance the comprehension of the interplay between mechanical
and morphological parameters. While the present study focused
on interpretable regression models based on physically mean-
ingful morphological features, primarily due to the limited size
of the dataset, future research could investigate machine learn-
ing approaches to capture more complex, non-linear relation-
ships. The generation and use of synthetic datasets, combined
with validation on completely unseen meshes, may become fea-
sible as larger datasets become available, potentially enhancing
model robustness and generalizability. Such advances would
support more data-driven strategies for the design and selection
of surgical meshes. In particular, using these models during the
design phase of new meshes could enable the creation of devices
with the required mechanical characteristics tailored to differ-
ent types of patients while minimizing the amount of material
used and optimizing pore shape to promote tissue ingrowth,
thus avoiding infection or unwanted biochemical responses.
Additionally, our findings could be useful during surgical
decision-making in order to aid medical teams in the selection
of the best surgical mesh, considering the anatomical region of
implantation and patient variability.

5 | Conclusions

In conclusion, this comprehensive analysis sheds light on the
strong correlation between morphological and mechanical char-
acteristics of hernia meshes. The consistent selection of thick-
ness, porosity metrics, and pore orientation-related variables
underscores their critical roles in the mechanical behavior of
hernia meshes. The developed models were implemented in the
new version of the free-to-use app, poreScanner 2.0. The updated
version aims to encourage its adoption, making these insights
accessible for a wider audience in this field.
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Appendix A

Table Al reports the number of models that met the imposed p value

and subsequently the VIF threshold.

TABLE A1l | Number of models meeting the imposed thresholds.
First column refers to the number of models out of the 119 created for

each mechanical parameter that satisfies the imposed p value; second
column refers to the number of models that additionally fulfill the VIF

threshold.
Number of models
p<0.01 VIF<8
Mechanical parameters BF 35 19
MTmax 8 1
DSmax 3 3
DS16 0 0
UTR—weak 7 5
UTR—strong 37 22
SR—weak 0 0
SR—strong 0 0
k—weak 1 0
k—strong 1 1
SRS—weak 33 18
SRS—strong 46 24
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