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and its progression. Histological analysis, modern in situ imaging, and biomechanical testing have deep-
ened our understanding of these complex interrelations, yet two key questions remain: (1) Given the
specific microstructure, can one predict the macroscopic mechanical properties without mechanical test-

Keywords: ing? (2) Can one quantify individual contributions of the different microstructural features to the macro-
hybrid modeling scopic mechanical properties in an automated, systematic and largely unbiased way? Here we propose a
arterial tissues bidirectional deep learning architecture to address these two questions. Our architecture uses data from
explainable Al standard histological analyses, two-photon microscopy and biaxial biomechanical testing. Its capabilities

tissue maturation are demonstrated by predicting with high accuracy (R? = 0.92) the evolving mechanical properties of the

murine aorta during maturation and aging. Moreover, our architecture reveals that the extracellular ma-
trix composition and organization are the most prominent factors governing the macroscopic mechanical
properties of the tissues studied herein.

Statement of significance

We present a physics-informed machine learning architecture that can predict macroscopic mechanical
properties of arterial tissue with high accuracy (R2=0.92) from the tissue microstructure (characterized
by imaging data). For the first time, this architecture enables also a fully automatic and largely unbiased
quantification of the relevance of different microstructural features (such as collagen volume fraction and
fiber straightness) for the macroscopic mechanical properties. This approach opens up unprecedented
ways to predictive mechanical modeling of soft biological tissues. Moreover, it provides quantitative in-
sights into the relation between tissue microstructure and its macroscopic properties that promise to play
an important role in future tissue engineering.

© 2022 The Authors. Published by Elsevier Ltd on behalf of Acta Materialia Inc.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction imaging to be used as a non-invasive tool to determine patient-
specific biomechanical properties, with effective tissue character-
ization [7] promising to pave the way toward improved diagno-
sis and thus patient care. Moreover, understanding this link will
reveal better the microstructural origin of macromechanical tissue
functionality [8], which is of major importance in many fields in-
cluding tissue engineering. Finally, understanding the link between
microstructure and macromechanical properties in soft tissue may
enable one not only to estimate current mechanical properties but
also to predict and understand changes due to aging or progres-
sive diseases. This approach could thus improve risk stratification

It is axiomatic that the microstructure of a material dictates its
macroscopic mechanical properties, yet such a prediction has re-
mained elusive. In biomechanics, there is a particular need to un-
derstand the link between the microstructure of a soft tissue and
its macroscopic mechanical properties [1-6]. Once such links have
been understood, it may be possible for advances in biomedical
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by forecasting the tissue evolution [9,10], and in the long run help
to develop ways to counteract unfavorable changes.

Unraveling the complex interplay between the multi-layer com-
posite structure of the aortic wall and its mechanical response to
hemodynamic loading remains among the major unsolved prob-
lems in vascular biomechanics. Histological assessments and two
photon-microscopic examinations have provided plentiful and in-
creasingly accurate insights into the microstructure of soft biolog-
ical tissues over the last decade [11-19], as revealed in part by
papers aimed at using these insights to model macroscopic me-
chanical properties [19-24]. However, while the constitutive mod-
els presented in these papers succeeded in capturing the observed
mechanical behavior by parameter fitting, they have so far been
unable to predict this behavior from given microstructural data.
In addition, our quantitative understanding of the importance of
the different microstructural characteristics (descriptors) to the
macromechanical properties remains limited. The complexity of
the relationship between microstructure and macroscopic proper-
ties of soft tissue arises in part from the continual changes the
vascular wall undergoes due to growth and remodeling. Following
rapid changes in the early postnatal period, cells gradually stabilize
their phenotype during the period of late maturation, along with
blood flow, blood pressure and axial stretch, leading to a largely
constant overall collagen and elastin mass in adulthood [16,25,26].
Although its overall mass remains largely constant, collagen turns
over continuously in adulthood on the time scale of months. By
contrast, elastin deposited primarily in the perinatal period slowly
degrades, having a half-life on the order of decades. Thus, during
natural aging, elastin predictably undergoes degradation and frag-
mentation and is increasingly replaced by an increasing amount of
load-bearing collagen, overall manifesting in increased aortic stiff-
ness [27,28]. The complexity of this continuous interplay between
structure and function further increases if we consider subject-
to-subject differences [15,16,19,20,29,30]. Appropriately, some have
tried to link microstructure to macromechanical properties albeit
by conventional methods such as linear or standard nonlinear re-
gression [16,31-33].

Over recent years, machine learning has risen as a powerful tool
to study complex behaviors of materials like plasticity [34] or non-
linear anisotropic elasticity [35]. To reduce the amount of training
data required - which is particularly important in biomedical en-
gineering where data collection is typically associated with a sub-
stantial cost per sample - physics-informed machine learning, of-
ten also referred to as hybrid modeling or grey-box modeling, has
attracted increasing attention [36-39]. Recently, it has been shown
that this concept can provide important insights into arterial me-
chanics [40].

In this study, we propose a physics-informed bidirectional deep
learning architecture. Using data from standard histological analy-
ses, two-photon microscopy and biaxial biomechanical testing, this
architecture can learn to predict the macromechanical properties
of murine arterial tissue from available microstructural features.
Moreover, after applying a so-called relevance propagation [41] to
the already trained deep neural network, this approach reveals and
ranks the importance of the different microstructural features to
the macromechanical tissue properties in a fully automated and
largely bias-free way. Applying our machine learning architecture
to murine tissue at different ages of the mice yields important in-
sights into the evolving role of the different constituents of the tis-
sue during maturation.

2. Experimental data
A major challenge in predictive biomechanical modeling is en-

suring high accuracy over a broad range of different tissue mi-
crostructures, arising due to natural or pathological tissue remod-
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eling processes. Therefore, it is vital to train the model with data
representing a variety of different tissue microstructures. Here, we
employed data from murine tissue samples at five different ages
from weaning to one year of natural aging.

2.1. Tissue preparation and testing

The samples were harvested from the descending thoracic aorta
and mechanically tested under in vivo equivalent loading condi-
tions [16]. In total, we used 25 samples from female C57BL/6 mice
at postnatal ages of P21 (n=9), P42 (n=4), P98 (n=4), P230
(n =4), P365 (n =4). The higher pooling density of samples from
the P21 group helps to improve machine learning at the lower age
limit, given that the microstructure in P21 samples not only dif-
fers significantly from all remaining groups, it is also the most
dynamic [16]. All animal procedures were approved by the Insti-
tutional Animal Care and Use Committee (IACUC) of Yale Univer-
sity. Consistent with well-established protocols [31], each mouse
was euthanized by intraperitoneal injection of Beuthanasia-D and
the segment of descending thoracic aorta between the first and
the fourth pairs of intercostal branches was excised and mini-
mally handled with the aim of removing perivascular tissue and
ligating branches. Specimens were then secured on micro-cannulae
within a computer-controlled biaxial device at room temperature
in Hank’s buffered physiologic solution. Passive testing was per-
formed after a consistent passive preconditioning via four disten-
sion cycles from 10 mmHg to the age-specific maximum lumi-
nal pressure (P21: 100 mmHg, P42: 120 mmHg, P98, P230, P365:
140 mmHg) at the specimen-specific preferred in vivo axial stretch.
Three cyclic pressure-diameter protocols at specimen-specific fixed
axial stretches (from -5% to +5% of the specimen-specific in vivo
value; see Table S5) and four cyclic axial force-length protocols
at different fixed pressures (10 mmHg to maximum pressure for
each age) were applied. Computer-controlled sub-micron resolu-
tion micro-stepper motors provided the cyclic axial motions while
a computer-controlled pump controlled the pressurization; a high-
resolution video microscope measured the diameter in the central
region, standard force and pressure trasducers measured the ap-
plied biaxial loads, and a stepper motor encoder measured length
changes [31]. Following mechanical testing, the aortic sample was
maintained at the specimen-specific axial stretch and a fixed pres-
sure equivalent to the age-specific diastolic luminal pressure (P21:
50 mmHg, P42, P98, P230, P365: 80 mmHg) based on in vivo blood
pressure measurements in age-matched mice previously reported
[25,26]. The water immersion 20X objective of a LaVision Biotec
TrimScope Two-Photon microscope, equipped with a Titanium-
Sapphire Laser (Chameleon Vision II, Coherent) tuned at 840 nm,
was centered over the sample. Second harmonic generation of col-
lagen (390-425 nm), autofluorescence of elastin (500-550 nm), and
fluorescence of cell nuclei (with cell-permeant SYTO 17 red flu-
orescent stain, over 550 nm) were detected simultaneously in a
region of 500 um x 500 um x 100 pum (respectively, in axial, cir-
cumferential and radial axes of the sample) in the form of three-
dimensional images. Such acquisition was performed twice, on the
dorsal side and on the ventral side of each aorta, while maintain-
ing the specimen-specific axial stretch and the pressure equivalent
to the age-specific diastolic luminal pressure. For further detail on
the microstructural acquisition please refer to [16].

2.2. Mechanical data

From collected passive biaxial mechanical data (Fig. 1), i.e., lu-
minal pressure, axial force, outer diameter, and axial stretch, re-
call that the mean Cauchy stress across the wall of a thin-walled
(a > h) or residually stressed vessel loaded by an internal pressure
and axial force can be written in the form of circumferential and
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Fig. 1. Flowchart of the data-driven bidirectional deep learning architecture: (A-B) coordinate invariant measures of the deformation (I, l}{’) and microstructural param-
eters (MPs) from two-photon imaging are provided as input for a (C) constitutive artificial neural network (CANN) whose output is strain energy (W), from which stresses
derive. To train the CANN, stress values obtained from (D) a large number of biaxial biomechanical distension-extension data are provided to the CANN as reference output.
Once the CANN has been trained, an additional backward propagation step is performed that quantifies the relevance of the different input features for the mechanical prop-
erties of the tissue. Note that the video-microscope for measuring outer diameter on-line is not shown, but is placed orthogonal to the axis of the multiphoton microscope.

axial components [42]:

Pa

fr + mwa’P
00(9:7,

92 = Th2a+h)

where P is the luminal pressure, a the deformed inner radius, h
the deformed thickness, and fr the applied axial force measured
by a force transducer. Note that a and h were calculated, assum-
ing incompressibility, using the unloaded volume of the vessel, the
instantaneous axial length and the deformed outer radius.

(1)

2.3. Microstructural data

Microstructural metrics were derived from 3D microstructural
images of the samples acquired at ex vivo equivalent age-specific
diastolic loading conditions throughout two primary (medial and
adventitial) layers of the aortic wall. In total, they include 16 tissue
descriptors, total wall thickness and the relative adventitia:media
ratio plus 14 microstructural parameters: adventitial collagen vol-
ume fraction [VF], adventitial elastin VF, adventitial cell nuclei VF,
medial collagen VF, medial elastin VF, medial cell nuclei VF, colla-
gen fiber straightness, collagen fiber bundle width, preferred col-
lagen fiber orientation, collagen fiber concentration in the pre-
ferred fiber orientation (defined below), inter-lamellar distance in
the medial elastic lamellae, density of smooth muscle cells, density
of fibroblasts and density of endothelial cells. For a detailed de-
scription of the assessment of these parameters, see [16]. In brief,
layer-specific thickness was quantified by measuring the mean in-
tensity profiles along the radial direction for multiple volume sub-
units of the 3D images and automatically thresholding the two
tails of the normalized intensity profile corresponding to defined
thresholds to delimit the internal and external limits of the wall.
The interface between the adventitia and media was defined as the
radial position of the maximum derivative of the intensity profile
of the nucleus signal between the radial position of the maximum
of the collagen intensity profile and the inner limit of the wall.
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Component volume fractions (VFs) within the adventitia and media
were defined after binarization of the images as black and white
pixel ratios between the specific limits of each layer measured pre-
viously for each volume subunit. Values of volume fraction were
taken as averages of the subunit’s values of each 3D image. Note
that the total volume used to define the VF was a relative sum of
fibrillar collagen, elastin, and nuclei and does not consider other
components (e.g., cytoplasm, non-fibrillar collagen and GAGs). The
description of the collagen fiber bundles focused on in-plane (i.e.,
axial-circumferential plane of the artery) parameters: straightness,
bundle width, and orientation distribution. Straightness was com-
puted as the ratio of end-to-end to total fiber length for fibers
consistently selected at multiple positions. Bundle width was mea-
sured as the transversal section of multiple bundles of fibers in
the axial-circumferential plane. Orientation distributions were esti-
mated for each circumferential-axial section of the adventitial vol-
ume using a 2D structure tensor analysis, Orientation] plug-in for
Image]. All in-plane orientation distributions were averaged along
the radial direction and normalized, and the resulting mean orien-
tation distribution was reported between +90° (circumferential di-
rection), with 0° defining the axial direction of the arterial sample.
Distributions were parameterized with a Von Mises circular prob-
ability density function

_exp{k cos( — )}
- 27T10(K)

where u is the preferred orientation, Iy a modified Bessel func-
tion, and « a measure of concentration [43] that quantifies fiber
alignment at the tissue level. Layer-specific cell densities were cal-
culated as the number of cells per unit volume by counting the
number of nuclei within defined sub-volumes of the 3D image and
normalizing by the appropriate sample- and layer-specific thick-
ness. All investigated experimental data are represented graphically
in Fig. 2 and listed in Tables S1-S4. While the preferred collagen
orientation and associated fiber alignment were used to determine

F@lw. ) (2)
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Fig. 2. (A-I) Overview of microstructural descriptors measured experimentally as a function of the age and used in the present study. (J) The adventitial collagen orientation
is represented as the mean in-plane orientation distribution as a function of the angle of the collagen fibers, from +90° (circumferential direction of the artery) to 0° (axial
direction of the artery). The abbreviation VF denotes volume fraction. Overbars indicate statistical significance between the age groups, where * p < 0.05, ** p < 0.01 and ***

p < 0.001.

the invariants describing the collagen microstructure (SI Appendix),
all remaining microstructural parameters were direct inputs to the
machine learning architecture (Fig. 1).

2.4. Statistics

Statistical differences in microstructural parameters among all
age groups (each value was the average of dorsal and ventral val-
ues) were assessed using a non-parametric Kruskal Wallis test fol-
lowed by Dunn’s multiple comparison test. Normality was checked
via a Shapiro-Wilk normality test. For all reported comparisons,
p < 0.05 was considered significant, with one-to-three asterisks
denoting p values lower than 0.05, 0.01 and 0.001, respectively.

3. Machine learning
3.1. Constitutive artificial neural network (CANN)

The machine learning architecture used herein is illustrated in
Fig. 1. It consists of a so-called CANN, a recently developed type
of physics-informed deep neural network that is particularly suit-
able for learning the constitutive behavior of mechanical materi-
als and their dependence on microstructural features [35]. CANNs
are based on a multi-layer neural network. Compared to classi-
cal statistical regression models, neural networks have the advan-
tage that they can handle in a straightforward and simple way
large and complex functional spaces, they can incorporate tailor-
made prior knowledge, and they can include differential opera-
tors among other advantages. The CANN receives as input the cur-
rent tissue strain (defined in terms of strain invariants) as well as
the following 14 microstructural parameters: wall thickness, the
adventitial thickness fraction, layer-specific (adventitial and me-
dial) collagen, elastin and cell nuclei volume fractions, collagen
straightness, collagen bundle width, elastin interlamellar distance,
fibroblast density, endothelial cell density and smooth muscle cell
density. Our objective is to train the CANN to predict from this in-
formation the mechanical stress to which the tissue is subjected at
a given strain, noting that the relation between tissue strain and
stress defines its macromechanical properties. To train the CANN
by supervised machine learning, it has to be provided as training
data many samples where for each input (tissue strain and mi-
crostructure) the correct output (tissue stress) is given. To oper-
ate our particular CANNs, one has to define a set of strain invari-
ants (or at least the total number of such strain invariants) which
is sufficient to describe the considered deformation. Here, this in-
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variant set needs to account for the incompressible and anisotropic
nature of arterial tissue. Following the well established Gasser-
Ogden-Holzapfel (GOH) model for describing the non-linear elas-
ticity of aortic tissue [44], we consider invariants of the type

L =tr(C), I'’=C:M®M, (3)

with i=1,2 denoting preferred directions, C the right Cauchy-
Green deformation tensor, and M; = sin«;e; + cos «;ey unit vectors
in the preferred directions in a suitable reference configuration.
The first strain invariant I; accounts for the amorphous matrix and
the two invariants Ifll) and Iflz) express the stretch squared in the
two preferred collagen fiber directions I‘(ti) =17 sin? o; + A2 cos? o
with the circumferential stretch Ay, axial stretch A, and the asso-
ciated two mean fiber orientations @y = @ and o) = —«. In addi-
tion to the invariant basis of the GOH model, we also tested one
other widely used constitutive model for arterial tissue that is of-
ten referred to as a four-fiber model (4FF) [45]. Compared to the
GOH model, the 4FF model complements the invariant basis by
two more invariants If) and 1514) expressing support in the axial
(a3 =0) and circumferential (cy = 7 /2) tissue directions, which
is motivated not only by actual fiber directions but also the sel-
dom quantified effects of cross-links. Both for the GOH and the
4FF model, the strain energy function comprising an isotropic con-
tribution Wy, and an anisotropic contribution W,;s, can generally
be written as
N .
V= Wi () + Z \I/aniso,i(lfll))s (4)
i=1

where N = 2 for the GOH model and N = 4 for the 4FF model. For
more details of the GOH and 4FF model see SI Appendix.

As illustrated in Fig. 1, the functional relation between a cer-
tain set of invariants and the strain energy W is approximated in
CANNSs by a deep neural network [35]. To further compute the sec-
ond Piola-Kirchhoff stress tensor S, CANNs evaluate the analytical
equation

ow
ol

owv

S=2 alg)Mlc@M, pCt,

I+

i=1,2

(5)

by symbol-to-symbol automatic differentiation. Here, p denotes a
Lagrange multiplier (pressure-like term) to enforce incompressibil-
ity. The first Piola-Kirchhoff stress tensor P can then be computed
by the well-known relation P = FS. Altogether, the CANNs receive
as input strain invariants and information about the microstructure
of the tissue. Their output is the strain energy density function
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W and the associated stress. Provided sufficient strain-stress data
and microstructural data, the CANNs are able to learn to predict
for a material sample with a given microstructure in a given strain
state the resulting strain energy and stress. That is, they can learn
to predict the constitutive relation between stress and strain from
available microstructural information. Note that the GOH model re-
quires two microstructural parameters to define the generalized in-
variants (i.e., fiber dispersion parameter k., and the preferred fiber
orientation «) and the 4FF-model only one, the preferred fiber
orientation for the symmetric diagonal families. Nevertheless, we
used the 14 tissue descriptors listed above for all machine learning
architectures, i.e., architectures relying on the invariant basis of the
GOH and 4FF models, which is defined to allow for a high compa-
rability between the different employed machine learning architec-
tures.

3.2. Model training and hyperparameter tuning

To train our CANNs, we used Adam optimization [46] for mini-
mizing the mean-squared-error (MSE) loss function

MSE = Z |P;z - Péxp,zz|2 + Z |Pég - Péxp_(;g|2~ (6)
i J

Here, P, and Pée are the axial and circumferential components of
the first Piola-Kirchhoff stress as computed by our CANNs, while
P"eXp are the corresponding experimentally calculated values. The
indices i, j loop through all experimentally collected stretch-stress
tuples included in the training process. The deep neural networks
are trained by a leave-one-out cross validation (LOO-CV) scheme.
Thereby, one sample is retained for validation (i.e., the model pre-
diction) in each fold and another one as a test sample to trigger
early stopping of the machine learning (to avoid overfitting). The
test samples were always chosen from the same age group as the
validation sample to ensure that both microstructures were simi-
lar enough to make the test sample a good good basis to trigger
early stopping. Our whole framework was implemented in Keras
with TensorFlow backend [47,48]. More details on training and val-
idation are provided in the SI Appendix.

3.3. Layer-wise relevance propagation

To analyze the individual relevance of the microstructural fea-
tures for the macroscopic mechanical properties, we applied a so-
called layer-wise relevance propagation (LRP) [41], a method from
the field of explainable artificial intelligence. Here, we used LRP i)
to rank the model parameters according to their contribution to
the macromechanical properties of the tissue and ii) to identify re-
duced subsets of highly relevant features, which are sufficient to
ensure high predictive accuracy. Thereby, LRP propagates the pre-
dictions of the trained network backwards into the network to de-
termine the relevance of each input feature for the network output,
using a set of defined propagation rules. Technically, the relevance
scores in LRP are computed as follows. Consider a network layer
with neurons k and its preceeding layer with neurons j. Assume
that the relevance score for all neurons k is already known as Ry.
Then the relevance scores R; of the neurons in the preceeding layer
can be defined as

Rj=>"
k

where zj, = a;wj, with the network weights wj, connecting the
neuron j and k and the activation a; of neuron j. The denominator
ensures a conservation property. Due to the positivity of the strain
energy function, we used a slightly modified version of (7) favoring

ij

(7)
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the effect of positive over negative contributions by

o (ajok)+ _ (Clejk)_
v Xk: (a 2o j(@wi)t " o (@wi)” >Rk’

which divides the paramters zj, into positive and negative ones us-
ing the operators (e)™ = max(0, ¢) and (e)~ = min(0, ¢). The posi-
tive and negative contributions were weighted differently by o and
B. Herein, we used o =2 and B = —1, observing the conversation
property 1 = o + . Note that in (8) the sum includes all values of
j as well as 0 with ay =1 to introduce an extra neuron w, repre-
senting the neuron bias.

(8)

4. Results
4.1. Prediction of mechanical properties from microstructure

Our trained physics-informed machine learning architecture
predicted well the constitutive behavior (i.e., the relation between
stress and strain) of murine aortic tissue from given microstruc-
tural features. The best model performance was obtained by in-
forming a deep neural network model with the invariant basis of
the 4FF model and without any normalization of the 14 scalar fea-
ture inputs. To train and validate the deep neural networks, we
apply age-specific leave-one-out cross validation (LOO-CV), as de-
tailed above. Our trained grey-box model managed to predict the
constitutive behavior throughout all five ages with a median co-
efficient of determination of R? =0.92. Representative predicted
stress-strain curves together with the underlying learning history
are depicted in Fig. 3 for the five age groups considered. Fig. 4A
provides an overview of the accuracy achieved separately in the
different age groups. Though model accuracy is best in the three
central age groups, P42 [R% = 0.94 (95% CI: 0.87-0.96) |, P98 [R? =
0.91 (95% CI: 0.88-0.93)] and P230 [R% = 0.93 (95% CI: 0.69-0.94)]),
also in the youngest group, P21 [R?=0.9 (95% CI: 0.79-0.91)],
and the oldest group, P365 [R? =0.93 (95% Cl: 0.65-0.94)] the
predicted accuracy still had a median R% > 0.9, see also Fig. S1.
Note that the model does not receive age as an input parame-
ter and thus does not explicitly predict any age-specific tissue re-
sponses. Rather it is capable of dealing with age-dependent change
of the tissue elasticity implicitly on the basis of the age-dependent
changes of the microstructure. In total, only two outliers are ob-
served, one in the P230 and another one in the P365 group. In
Fig. 4B, we additionally quantify for each sample the Euclidean dis-
tance of the vector containing all its microstructural descriptors
as elements (e.g., collagen volume fraction, collagen straightness)
from the associated median. As expected, the general trend of the
Euclidean distances shows raising tails towards both age limits and
is low to moderate between. Furthermore, Fig. 4C highlights for
each sample the microstructural descriptors that fall into the 95th
(red) and 5th (blue) percentile of the interval in which this de-
scriptor ranges. The number of such descriptor outliers is listed
for each sample in Fig. 4D. Remarkably, all three samples (P21-7,
P230-2, P365-2) for which a poor predictive accuracy is observed
(R? < 0.7) exhibited at least one outlier for one of the descrip-
tors found below to be highly relevant for model prediction. Fur-
ther details about the validation scheme and the measure of ac-
curacy used in our machine learning procedure are outlined in SI
Appendix.

4.2. Relevance of microstructural features

We used layer-wise relevance propagation (LRP) to study the
specific influence of the microstructural descriptors forming the
input to our neural network. For our LRP, we relied on a net-
work trained with descriptors subjected individually to a min-max
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Fig. 5. Ordered relevance of different microstructural descriptors for macroscopic
strain energy W (median relevance scores across all samples including the 95% con-
fidence interval). VF is volume fraction, p is cell density, the subscripts EC, FB and
SMC subscripts are endothelial cells, fibroblasts and smooth muscle cells, respec-
tively.

normalization. This helped to avoid a biased weighting of specific
descriptors in the LRP. The training procedure preparing the LRP
again relied on a LOO-CV, providing as many trained models as
tissue samples. We applied LRP separately to each of these models
and report in Fig. 5 median relevance scores.

The highest relevance was observed for the adventitial colla-
gen volume fraction, followed in descending order by collagen
fiber straightness, the medial collagen volume fraction, the medial
elastin volume fraction, medial nuclei volume fraction and adven-
titial elastin volume fraction. Thus, 6 out of the 7 microstructural
parameters most relevant to the macro-mechanical properties are
(layer-wise) volume fractions of the different tissue constituents.

Based on the relevance scores in Fig. 5, we studied possible pre-
dictions of the macroscopic mechanical properties by a reduced
set of microstructural descriptors. To this end, we trained a model
with only the most relevant 7 out of the 14 available descriptors as
input. We found that this model still achieved a predictive accuracy
of R2 =0.9 on the validation set (Fig. S5). In addition, to under-
stand the importance of layer-resolved vs. layer-averaged informa-
tion, we repeated model training with only a set of 4 microstruc-
tural input parameters. In this case, the volume fractions for me-
dial and adventitial collagen, elastin and nuclei were averaged over
the media and adventitia. Additionally, the collagen straightness
was provided, which also belongs to the 7 most relevant input
parameters identified initially. Interestingly, even this strongly re-
duced input space of only four parameters allowed us to train
a model that achieved a mean prediction accuracy of RZ =0.85
(Fig. S6).

4.3. Age-related microstructural relevance

Tissue maturation and aging associate with long-term tissue re-
modeling processes and thus changes in tissue microstructure and
functionality. They can be expected to affect also the relevance
of the different microstructural properties of the tissue. To un-
derstand this process, we revisited the results of the aforemen-
tioned LRP analysis. This time, we studied not the median rele-
vances across all samples but rather the ones across the five differ-
ent age groups. We found four significant monotonic relationships
(Spearman’s rank correlation coefficient p > 0.9 and p < 0.001).
The adventitial collagen volume fraction and collagen straightness
correlated positively with age. By contrast, a negative correlation
emerged for smooth muscle cell density and the thickness frac-
tion of adventitia and media, shown in Fig. 6. Interestingly, the
two descriptors that correlate positively with age are also the ones
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Fig. 6. Age dependent relevance scores of microstructural parameters for significant
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dence interval and the shaded areas the standard deviation. VF is volume fraction,
p is cell density. Relevance scores of all 14 available features can be found in Fig. S7.

with the highest overall relevance in Fig. 5. Furthermore, we con-
sidered the relevance vs. age relationship for microstructural fea-
tures with an age group-specific relevance heuristically defined as
above 0.4. These scores show a common trend among microstruc-
tural parameters for some ages more than others. Regarding the
collagen, the score is above the threshold and monotonically in-
creasing for adventitial collagen volume fraction from age P42 and
collagen straightness from age P98, which is above the threshold
for medial collagen volume fraction from age P42 but with a peak
at P98. Cell-related parameters show instead a very different trend,
with relevance above the threshold for nuclei volume fraction in
the media and adventitia at P21, as well as densities of endothe-
lial cells, smooth muscle cells and fibroblasts high at P21 (although
lower than the chosen threshold) but decreasing afterwards. Is is
noted that the development of the aorta is characterized by a tran-
sition from a near cell-only wall in late gestation and early postna-
tal to a gradually more balanced distribution of cells and extracel-
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lular matrix [26]. When elastin is considered, the relevance score
largely exceeds the threshold for medial elastin volume fraction at
P365 and is marginally over the threshold for adventitial elastin
volume fraction at P21. Here discussed relevance scores in depen-
dency of sample age are shown in Fig. 6, while all relevance scores
can be found in Fig. S7.

4.4. Effect of prior information

Fig. 4 also shows the results obtained with a CANN based on
the invariant basis of the 4FF model. We also tested a CANN based
on the invariance basis of the GOH model, which revealed a sim-
ilar (though slightly worse) performance (R? = 0.89 vs. R = 0.92,
cf. Fig. S2). CANNs contain general prior information from mate-
rials theory. Moreover, the two CANN architectures tested herein
contain some limited additional prior information about the invari-
ant basis that can be used to describe soft tissue elasticity. Nev-
ertheless, both CANN architectures contain substantially less prior
information than the GOH model or the 4FF model as a whole be-
cause these two models not only define a certain invariant basis
but also the specific functional relation connecting the invariants
in the calculation of the strain energy W. To study the effect of
prior information, we thus tested two additional machine learn-
ing architectures, where the functional relation defining W was
not learned from the given data by a CANN but instead included
via the full functional relations for W given by the GOH and 4FF
models (cf. SI Appendix) which thus learned only the free material
parameters within these models from the given data. Clearly, this
introduces much more prior information than just the invariant
bases of these models. Interestingly, the CANN-based approach per-
formed in both cases much better (R = 0.89 and R? = 0.92) than
the latter approach using the full GOH and 4FF model (R? = 0.73
and R% = 0.74), cf. Figs. S3 & S4.

5. Discussion

Herein, we have introduced a novel physics-informed bidirec-
tional deep neural network that combines microstructural data
from two-photon microscopy and biomechanical testing data to
predict the macroscopic stress-strain behavior of arterial tissue
with an unprecedented accuracy (RZ =0.92) given a relatively
small data base (n = 25 samples). To this end, our neural network
employes 14 distinct tissue features characterizing the tissue mi-
crostructure and biaxial data from seven cyclic protocols reflect-
ing the macromechanical properties. We demonstrate that beyond
training highly predictive tissue models, we could identify the in-
dividual microstructural parameter relevance to the learned strain
energy functions using layer-wise relevance propagation (LRP).
Compared to [40], we achieved in this study a much higher pre-
dictive accuracy, presumably due to four important improvements
in our approach: first, whereas [40] mainly uses raw imaging data,
we preprocessed the imaging data to compute 14 physiologically
relevant microstructural features provided to our neural network
as individual input variables, endowing our training data with sub-
stantial prior knowledge about the physiological relevance of spe-
cific features in the imaging data; second, we used in vivo equiv-
alent biaxial mechanical testing data rather than the uniaxial data
on which [40] relied and which do not capture the full complexity
of anisotropic arterial elasticity; third, by using tissue from an in-
bred strain of mice, we confined our focus to tissue samples with a
lower microstructural variability, resulting for the same number of
training samples in a denser sampling of the relevant latent space
and thus more accurate predictions; fourth, we used CANNs rather
than a pre-defined functional relation to learn the strain energy
function, which helped to reduce adverse a priori biases in our
learning architecture.
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Using LRP we were able to quantify the relevance of these 14
descriptors for the predictions of the trained neural network. It
turned out that 6 among the 7 most important descriptors were
volume fractions of different tissue constituents, the 7th being the
collagen fiber straightness. These findings are in good agreement
with widely used constitutive models of soft biological tissues,
which often use constituent volume fractions and the so-called re-
cruitment stretch (a measure of fiber straightness in the in vivo
configuration) as major governing model parameters [49-53]. Re-
sults of our LRP further enabled us to define reduced sets of 7 or
even only 5 key microstructural features that enabled predictions
of a nearly comparable quality (R?2 = 0.9 and R? = 0.85). Therefore,
LRP not only helps one to quantify in an automated and largely
unbiased way the role of different features of the microstructure,
it can also aid in the development of new efficient protocols for
microstructural analysis that can focus measurement on the most
relevant features.

We also compared the performance of four different physics-
informed machine learning architectures. Two wused well-
established constitutive models for arteries (the GOH and the
4FF model) and only learned the material parameters within these
models from the given data. By contrast, the other two models
used only the invariant bases of the same two well-established
constitutive models, leaving the functional dependence of the
strain energy on the invariants to be learned by two distinct CANN
models from the data. Interestingly, a higher predictive accuracy
emerged for the latter two models (RZ=0.89 and R?=0.92)
compared to the former two models (R? = 0.73 and R? = 0.74). At
first glance this is surprising because results of machine learning
are generally expected to improve with the addition of more prior
information. Our results thus suggest that for the specific tissue
samples studied herein, both the GOH and the 4FF model may
depend on a proper invariant basis (which explains the excellent
performance of the associated CANNs) but the specific functional
dependence of the strain energy on these invariants is not ideal.
Indeed, this is not surprising for the assumed additivity of the
isotropic and anisotropic contributions disregards, in principle, in-
teractions between the matrix and embedded fibrous constituents,
something shown previously to be important in another soft tissue
[54,55]. Moreover, the GOH and 4FF models describe phenomeno-
logically the stiffening due to collagen fiber straightening under
tension, not via a more microstructurally motivated approach [56],
though many such approaches also tend not to model the true
complexity of fibrillar collagens, including their interactions with
minor collagens and critical proteoglycans, both aggregating and
small leucine rich.

Toward this end, we are reminded that all phenomenolog-
ical models, including GOH and 4FF, are designed to describe
macroscopically measured mechanical behaviors, which they can
do well, but they are not designed to capture precisely the un-
derlying microstructural basis, which ultimately includes contribu-
tions from actual constituents as well as constituent-to-constituent
interactions and copius cross-links. In the absence of the requi-
site microstructural detail and theoretical advances in this regard,
physics-informed neural networks offer an advantage depending
on the application of interest. In addition to the mentioned model-
specific limitations, classes of fiber-reinforced hyperelastic mate-
rials can be prone to unexpected responses (e.g. transversal ex-
pansions under uniaxial tension [57]). In particular this has to be
addressed when it comes to numerical implementations of such
models [58].

The CANNs used in our framework harbor - in addition to gen-
eral mathematical laws of continuum mechanics - very little spe-
cific information, in fact only the pre-selection of a specific ba-
sis of generalized invariants. We tested two such bases (the one
of the 4FF and the one of the GOH model) and found a similar
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performance. It can indeed be assumed that the generalized in-
variant basis of any well-established constitutive equation would
work because if that basis confined the functional space in a way
that makes it a priori impossible to capture the mechanical behav-
ior of the tissue, the resulting constitutive equation would suffer
from such severe problems in practice that it would never get es-
tablished on a broader scale in the scientific community. There-
fore, we are confident that our framework is rather robust with
respect to the specific choice of the generalized invariant basis of
the CANNS.

The microstructure that defines the mechanical behavior of ar-
teries changes substantially during maturation and aging. To un-
derstand how this affects the relevance of different microstructural
features, we also performed a separate LRP for each age group.
This analysis revealed a strong dependence on age that has to our
knowledge not yet been reported so far. Specifically, our results re-
veal a trend towards greater relevance of the collagen volume frac-
tion and recruitment and fiber straightness for age groups beyond
the point of mechanical maturation, assumed for mice at an age of
56 days after birth [26]. In contrast, for age groups intermediate to
maturation, there is instead a higher relevance of features related
to major vascular cells in the tissue, consistent with the transition
from a cell-dominated (early in development) to a balanced cell
and matrix microstructure. Although still modest compared to the
relevance of collagen parameters, the relevance of these parame-
ters stands out at this age, which would be expected to be even
more important prior to P21.

It is important to note that our studies, though promising, are
not without several limitations. First, our study is limited to the
elastic regime. A natural extension of interest would be the in-
elastic regime to include microstructural damage and ultimately
rupture, which could help to improve risk assessments, for exam-
ple, for aneurysms. In this regards, given our focus on healthy tis-
sue herein, pathologies leading to aneurysms also affect the tissue
microstructure and it is not clear at present to which extent our
observations carry over to such states. Second, the employed mi-
crostructural descriptors were averaged over the dorsal and ven-
tral sides of each aorta and were taken under age-specific diastolic
loading conditions. Future studies should consider regional varia-
tions and local heterogeneities as well as loading-adapted descrip-
tors in quantifying the relevance of the different microstructural
features. Third, the collagen fiber architecture was assumed to have
a planar distribution in the murine aorta, wherein all fiber orienta-
tions were mapped to the axial-circumferential plane. Future stud-
ies should aim at considering possible out-of-plane orientations
whose importance has been noted for human tissue [59]. Thus, in
future studies this information could be directly incorporated into
the invariant basis of the CANNs. Lastly, it should be mentioned
that the mechanical properties observed in soft tissue often de-
pend on the mechanical testing protocol. Therefore, it is important
to mention that the machine learning architecture trained as re-
ported herein can make predictions that should in general only
be used in a setting based on mechanical properties measured
with similar mechanical testing protocols as used for the train-
ing data herein, which were biaxial under physiologic conditions
while maintaining the native geometry, which tends to be more in
vivo relevant that many other methods, including uniaxial testing
and in-plane biaxial (in which natural residual stresses are relieved
when preparing the samples). This limitation is true for most ML
models, even though recent advances in the area of sensor fusing
promises the potential of using data of different sources for a sin-
gle trained ML model [60].

The framework we present in our paper is to our best knowl-
edge at the moment the most accurate and best validated frame-
work to predict macroscopic mechanical properties from mi-
crostructural information of soft tissue. At the same time, we also
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emphasize in the previous paragraph that this study should be
viewed only as a first step and that further studies should be
carried out with more data in order to better understand the
strengths and limitations of our novel approach and to validate
its predictive abilities on a broader data basis and thus in a sta-
tistically more reliable manner. Altogether, our study reveals that
physics-informed machine learning can provide numerous insights
into relations between microstructure and macroscopic mechani-
cal properties in soft biological tissues. Such insights promise to
impact precision medicine as well as advancing technologies, in-
cluding regenerative medicine.
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