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b Mines Saint-Etienne, Université de Lyon, INSERM, U 1059 SAINBIOSE, F - 42023 Saint-Etienne, France   

A R T I C L E  I N F O   

Keywords: 
ATAA 
Strength 
Rupture risk 
Machine learning 

A B S T R A C T   

Knowledges of both local stress and strength are needed for a reliable evaluation of the rupture risk for ascending 
thoracic aortic aneurysm (ATAA). In this study, machine learning is applied to predict the local strength of ATAA 
tissues based on tension-strain data collected through in vitro inflation tests on tissue samples. Inputs to machine 
learning models are tension, strain, slope, and curvature values at two points on the low strain region of the 
tension-strain curve. The models are trained using data from locations where the tissue ruptured, and subse-
quently applied to data from intact sites to predict the local rupture strength. The predicted strengths are 
compared with the known strength at rupture sites as well as the highest tension the tissues experienced at the 
intact sites. A local rupture index, which is the ratio of the end tension to the predicted rupture strength, is 
computed. The ‘hot spots’ of the rupture index are found to match the rupture sites better than those of the peak 
tension. The study suggests that the strength of ATAA tissue could be reliably predicted from early phase 
response features defined in this work.   

1. Introduction 

Ascending thoracic aortic aneurysm, a local dilatation in the aorta, 
tends to expand gradually and sometimes results in a sudden rupture. 
When an aortic aneurysm ruptures, the mortality rate is very high 
(Elefteriades 2008; Glower et al., 1991). Currently, the guideline for 
determining whether the intervention should be performed is given by 
the maximum-diameter criterion (55 mm) (Coady et al., 1999; Coady 
et al., 1997). However, it is known that aneurysms with diameter 
smaller than this threshold have ruptured while some larger aneurysms 
have remained intact (Coady et al., 1999), underlining the need for 
other indicators to complement the diameter criterion in assessing the 
rupture risk. Lately, biomechanics-based assessment has attracted 
considerable attention. In a study by Martin et al., the rupture potential 
of ATAAs was assessed in 50 patients based on wall stress and population 
mean rupture strength. It was found that the mean predicted ATAA 
diameter at rupture is around 56 mm, and that the wall compliance 
correlates significantly with the rupture risk (Martin et al., 2013). Tra-
belsi et al. presented a method for obtaining the retrospective rupture 
risk taking into account both the stress distribution and the mean failure 
stress for 5 patients and reported that the risk index (the ratio of peak 
stress to rupture strength) was only weakly correlated with diameter 
(Trabelsi et al., 2015). Some studies also proposed stretch-based rupture 

criteria using the maximum extensibility or distensibility. Duprey et al. 
found the correlation between a stretch-based risk indicator and the 
tangent elastic modulus in ATAA, based on data collected in 31 patients 
undergoing in vitro bulge inflation tests (Duprey et al., 2016). Farzaneh 
et al. presented an inverse method to identify in vivo local extensional 
stiffness of ATAA walls based on 11 patients who underwent preopera-
tive gated CT scans (Farzaneh et al., 2019a) and found a good correla-
tion between the stretch-based rupture risk criterion and the local 
extensional stiffness (Farzaneh et al., 2019b). Together, these contri-
butions highlighted the importance of biomechanical factors in rupture 
assessment. These efforts mirrored the developments in the related field 
of abdominal aortic aneurysm (AAA), where biomechanical criteria 
including peak wall stress (Fillinger et al., 2003; Fillinger et al., 2002; 
Gasser et al., 2010; Heng et al., 2008; Raut et al., 2013; Truijers et al., 
2007; Venkatasubramaniam et al., 2004), peak risk index (Erhart et al., 
2015; Fillinger et al., 2003; Gasser et al., 2010; Maier et al., 2010), 
probabilistic rupture risk index (Polzer and Gasser 2015), and 
morphological indexes (Lee et al., 2013; Raut et al., 2013; Shum et al., 
2009) have been extensively explored. 

A challenge facing stress-based rupture assessment is the heteroge-
neity of ATAA tissue. It has been reported that ATAAs not only vary 
greatly among individuals but also exhibit significant layer-, region- and 
direction-specific heterogeneities in their wall properties (Genovese 
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et al., 2013; Iliopoulos et al., 2009a; Iliopoulos et al., 2009b; Matsumoto 
et al., 2009; Okamoto et al., 2002; Pham et al., 2013; Sokolis et al., 
2012a; Sokolis et al., 2012b; Yamada et al., 2015). The authors’ groups 
have been investigating pointwise properties of the ATAA tissue. They 
employed the inverse elastostatic analysis to predict the wall tension 
distribution (Davis et al., 2015; Davis et al., 2016; Luo et al., 2016; Romo 
et al., 2014). The method leverages the property of static determinacy in 
membrane-like structures to determine the wall tension without 
invoking realistic elastic properties (Lu et al., 2013; Lu and Luo 2016; Lu 
et al., 2008; Zhao et al., 2011a; Zhao et al., 2011b; Zhou et al., 2010). 
The pointwise tension data made available by the inverse analysis, 
together with the surface strain derived from Digital Image Correlation 
(DIC), enabled the characterization of heterogeneous properties to a 
spatial resolution prescribed by the finite element mesh. It was found 
that the ATAAs are heterogeneous even at the spatial resolution of 
millimeters (Davis et al., 2016). Regarding the ATAA tissue strength, 
substantial inter- and intra-subject variations have been reported. The 
strength is found to vary regionally and orientationally (Duprey et al., 
2016; Ferrara et al., 2016; Ferrara et al., 2018; Iliopoulos et al., 2009a; 
Iliopoulos et al., 2009b; Okamoto et al., 2002). It can be affected by age 
(Duprey et al., 2016; Ferrara et al., 2016; Ferrara et al., 2018; Okamoto 
et al., 2002; Pham et al., 2013), gender (Ferrara et al., 2016; Ferrara 
et al., 2018; Sokolis and Iliopoulos 2014), aortic valve phenotype 
(Deveja et al., 2018; Ferrara et al., 2016; Ferrara et al., 2018; Forsell 
et al., 2014; Pichamuthu et al., 2013), and other clinical-pathological 
factors (Ferrara et al., 2018; Jarrahi et al., 2016; Pham et al., 2013). 

Unlike the heterogeneous properties, which could be estimated in 
vivo using aforementioned analysis if the wall deformation can be 
captured to a sufficient accuracy, there is no direct method to obtain the 
tissue strength noninvasively. Early studies have suggested that there 
exist correlations between the aneurysm strength and response charac-
teristics prior to rupture. Sugita et al. reported that the strength of 
thoracic aortic aneurysms (TAAs) correlates moderately with a ‘yielding 
parameter’, which was the stress when stress-tangent elastic modulus 
curve reached a plateau (Sugita et al., 2011). In a further study (Sugita 
and Matsumoto 2013), such a correlation was also observed for normal 
thoracic aortas and it was pointed out that the location associated with 
this point may reflect a high degree of collagen fiber alignment. More-
over, a moderate correlation was found between the normal thoracic 
aorta strength and a ‘collagen recruitment stress’, which was the stress 
when collagen fibers are recruited into load bearing. These in-
vestigations suggested that collagen recruitment could be an important 
determinant of ATAA strength. Such correlations are not unreasonable, 
since ATAAs are collagen-rich structures (Choudhury et al., 2009; 
Dobrin 1989; Dobrin et al., 1984; Fonck et al., 2007; Iliopoulos et al., 
2009b; Martyn and Greenwald 1997; Sokolis et al., 2012a), and there-
fore both the strength and elastic properties are likely determined by the 
collagen content and microstructure. Degradation of elastin facilitates 
early collagen recruitment and rapid stiffening of the aortic wall (Fonck 
et al., 2007; Iliopoulos et al., 2009b), and possibly an early failure. In 
most published studies which characterized ATAA properties using 
either uniaxial (Garcia-Herrera et al., 2012; Iliopoulos et al., 2009a; 
Sokolis et al., 2012a; Sokolis et al., 2012b) or biaxial (Duprey et al., 
2016) tensile tests, the mechanical strength and stiffness along the axial 
direction of the aortic tissue were found lower than the circumferential 
direction. Sokolis et al. (Sokolis et al., 2012a) pointed out that this is 
because collagen fibers in the media tend to be aligned in the circum-
ferential direction. In line with this finding, a recent study by the au-
thors’ group reported that ATAA tissues consistently cracked in the 
direction of the maximum stiffness (Luo et al., 2016), again suggesting 
the influence of fiber orientation on rupture. Correlations between the 
strength and elastic properties, if existing, open a pathway to 
non-invasive estimation of the local strength from characteristics of the 
response curves. 

The goal of our study is to evaluate the feasibility of predicting the 
local strength of the ATAA tissue from response features. Machine 

learning techniques have shown success in exploring hidden relation-
ships in high-dimensional space in the field of aneurysm mechanics 
(Canchi et al., 2017; Cilla et al., 2018; Erickson et al., 2017; Fan et al., 
2018; Lee et al., 2018; Liu et al., 2019). The authors’ group used ma-
chine learning to classify tension-strain curves garnered from inflation 
tests on ATAA samples. It was found that the curves can be reasonably 
classified into rupture and nonrupture groups based on features of low 
strain response (Luo et al., 2018). In this study, we submit a machine 
learning regression approach to predict the ATAA strength from features 
of tension-strain curves. A total of 28,620 tension-strain curves har-
vested from 12 patients are used. The machine learning models are 
trained using data from locations where the tissue ruptured. The models 
are subsequently applied to data from intact sites to predict the local 
strength. The predictions are evaluated by comparing the pointwise 
strength with the highest tension the tissue experienced, and further by 
comparing the high-risk spots derived from the prediction with the 
actual rupture sites. 

2. Methods 

2.1. Tension-strain data and pre-rupture curve features 

Tension-strain data used in the present study were obtained through 
in vitro inflation tests over ATAA samples collected from 12 patients who 
underwent surgical intervention at the University Hospital Center of St. 
Etienne. (Davis et al., 2015; Davis et al., 2016; Luo et al., 2016). The 
study was approved by the local Internal Review Board. Tissue samples 
of approximated 3 × 3 cm2 were subjected to inflation tests. The 
deformed surfaces were recorded using DIC and deforming NURBS 
meshes were constructed from the DIC images. An inverse stress analysis 
without invoking realistic material parameters was performed to 
compute the wall tensions at Gauss points (Davis et al., 2015; Davis 
et al., 2016; Luo et al., 2016). Some of these points were at or near the 
sites where the tissue finally ruptured while others were at locations 
where the tissue remained intact. A rupture site was defined as a local 
patch of 3-by-3 elements surrounding the point deemed to be the point 
of rupture initiation. For each patient, a total of 2385 tension-strain 
curves including 2304 nonrupture and 81 rupture were gathered. 

A typical tension-strain curve as shown in Fig. 1 has a J-shape with a 
compliant linear region at the low strain range, an elbow transition re-
gion in the middle, and a stiffer region at the high strain end. It is 
believed that elastin fibers contribute mostly to the initial compliant 
phase, and progressive recruitment of collagen fibers is responsible for a 
transition phase that follows, while the much stiffer portion beyond the 

Fig. 1. Typical ATAA tension strain curve.  
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‘elbow’ is produced by the extension of collagen fibers (Garcia-Herrera 
et al., 2012; Roach and Burton 1957; Romo et al., 2014). As alluded in 
the introduction, it is believed that the recruitment process is correlated 
to strength. Therefore, eight features associated with the transitional 
response are extracted: the tension, strain, slope, and curvature at the 
maximum curvature point (MC) and a transition point (TP) (Fig. 1). The 
curvature at the maximum curvature point (MC curvature) may reflect 
how fast the collagen recruitment is, the strain (MC strain) at this point 
may suggest how early the recruitment occurs, and the slope (MC slope) 
could be a measurement of the early stiffness. The transition point is 
identified based on the slope change. As shown in Fig. 1, the slope of the 
tension-strain curve changes significantly in the transition period while 
becoming stable when it comes to the high strain phase. We define the 
transition point as the onset of decreasing of second derivative 
(notwithstanding the slow increase or decrease in the tailing part of the 
curve). This point may signify the completion of the transitional phase. 
The slope (TP slope) may represent the stiffness of the tissue when most 
of collagen fibers are uncrimped. 

The tension and strain data were fitted to third-degree NURBS 
curves. The third-degree was selected since it could produce continuous 
second derivative and curvature. The NURBS curves were set to contain 
3 knot intervals (namely three segments), to mirror the three-phase 
structure of the curves. Using too many knot intervals may result in 
overfitting in the case of inhomogeneous or discontinuous data (Tjah-
jowidodo et al., 2015). 

In usual NURBS fitting, a knot vector is pre-defined while the control 
points are identified by minimizing a least squared error between the 
data and the fitted function (Foley et al., 1994; Piegl and Tiller 1995). 
Typically, the knots are placed uniformly in space. However, this 
fixed-knot approach may numerically alternate the positions of MC and 
TP. For example, if the first NURBS segment contains the first phase and 
part of the second phase and if the MC lies in the second phase, the 
position of MC will be affected numerically by the data in the first phase 
while in reality, it should not. To circumvent this issue, we implemented 
a variable knot approach which included the knot positions as optimi-
zation variables. A grid-searching optimization procedure was devel-
oped to find the optimal knot vector and a set of control points that yield 
the largest R2 value while satisfying a shape requirement. We required 

the slope of the fitted curve be positive and non-decreasing everywhere. 
The computation process is illustrated in Fig. 2(a). Briefly, given n 
groups of possible values within 0 and 1 for knot parameters a and b, 
positions of the NURBS control points and the slopes of the control 
polygon edges were calculated and stored. The optimized parameters a 
and b were determined to produce a NURBS curve which yields the 
maximum R2 value while meeting the shape requirement. Before 
running the optimization procedure, the parameter N which determines 
the grid resolution, should be determined. Typically, optimized pa-
rameters a and b stabilize when number N reaches a certain level. Fig. 2 
(b) shows the tuning result for 8 randomly selected tension strain curves. 
It is noticed that optimized knot parameters a and b stabilized when 
parameter N approaches 70. To improve the optimization accuracy 
while maintaining reasonable computation cost, N was selected as 100. 
Note that values of R2 for all cases were greater than 0.99. 

If the optimal knot algorithm is effective, the resulting features 
should be insensitive to the tailing part of the curve. To check this, a 
truncation test was performed. The test consisted of four steps: 1) Ho-
mogenizing the data so that each set contains 30 points. The missing 
points were generated by linear interpolation. 2) Removing 1–10 tailing 
points from each set. It was observed that, after removing 10 data points, 
the ends of the curves still lied outside the transition phase. 3) Fitting the 
truncated data using both uniform and optimal knot methods. 4) 
Comparing the feature values obtained from the whole curve and 
truncated curves. 

2.2. Machine learning-predictions of local strength and rupture sites 

Four regression algorithms (Alpaydin 2010), namely, linear regres-
sion (LR), multi-layer perceptron regression (MLP), radial kernel sup-
port vector regression (SVR) and random forest regression (RF) were 
tested and it was determined that MLP gave the best overall perfor-
mance. In the Results section, the outcomes of MLP will be reported. 
Some comparative results from other algorithms are provided in the 
Discussion and Conclusion section. 

MLP is a feed-forward artificial neural network paradigm that uses a 
backpropagation technique for training the network (Alpaydin 2010; 
Bishop 1995; Bishop 2006; Erickson et al., 2017). It is a supervised 

Fig. 2. Optimization procedure.  
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learning algorithm that consists of computing nodes called neurons. The 
neurons are ordered in layers, starting with an input layer, followed by a 
number of hidden layers and ending with an output layer. The triggering 
of neurons is controlled by an activation function. Regarding a typical 
structure of a three-layer MLP model with m input neurons, h hidden 
neurons, and n output neurons. The MLP model transforms m inputs into 
n outputs through a non-linear mapping f: Rm→Rn, where m is the size of 
input vector x and n is the size of the output vector f(x), such that, in 
matrix notation: 

f (x)=A(2)(b(2) +W(2)(A(1)(b(1) +W(1)x))) (1)  

With bias vectors b(1), b(2); weight matrices W(1),W(2)and activation 
functions A(1)and A(2) for the hidden and output layer, respectively. In 
the present work, a machine learning library, scikit-learn (Pedregosa 
et al., 2011), was used to implement the regression algorithms. 

2.2.1. Regression over rupture data (training) 
As a first step, the model was trained using data in the rupture group, 

which consisted of 972 rupture curves from 12 patients. The regressions 
were performed separately over 3 groups of features. The first was the 
four features at MC, the second was the four features at TP, and the third 
group was the union of these two. A 10-fold cross-validation was 
applied. All data were randomly shuffled and partitioned into ten sub-
sets; nine of which were used to train the model while the remaining one 
was used to test the model. The process was repeated 10 times to cover 
all data. The average root mean-square error (RMSE) and average 
determination coefficient (R2) were used to evaluate the performance of 
the models. 

2.2.2. Prediction of strength at intact points 
During the second stage, the trained model was applied to curves in 

the nonrupture group to predict the strengths. A strength prediction 

greater than the end tension was deemed as a positive prediction (PP), 
otherwise a negative prediction (NP). The percentages of PP and NP over 
all samples were computed. 

2.2.3. Prediction of rupture sites 
A rupture index was computed by dividing the end tension by the 

predicted strength at each point. The ‘hot spots’ of the rupture index 
were compared to the rupture site. Had the strength predictions from the 
previous step been directly used, there would be a danger of false ac-
curacy because rupture data of each sample were already used in 
training. To circumvent this problem, a new 12-fold cross-validation 
method was used. Specifically, among all 12 samples, the model was 
trained over 891 rupture curves from 11 samples and applied to predict 
the strength at all points in the remaining sample. The process was 
repeated 12 times to cover all samples in the cohort. As the strength at 
rupture sites was predicted, the accuracy of the prediction was assessed. 

3. Results 

3.1. Comparison of optimal knot and fixed knot results 

Features extracted from curves obtained by the optimal knot method 
were found to be much more stable than those from the fixed knot 
method. The x-y plots in Fig. 3 compare the feature values from the 
whole curve and the truncated curve for the case of truncating 8 points 
using the two methods. Clearly, the optimal knot method produced a 
much closer match than the fixed knot method. Although not reported, it 
was observed that for truncations less than 5 point, the results from the 
optimal knot method were more sharply concentrated along the x = y 
line. Evolutions of average linear fitting R2 value with the number of 
truncated data points in both fitting methods are plotted in Fig. 4. It can 
be observed that the optimized knot method is much less sensitive to the 
truncation. 

Fig. 3. Curve features from truncated and whole curves. Upper row: fixed knot method; Lower row: optimal knot method.  
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3.2. Data distribution 

The distributions of the eight features and the end tension in both 
rupture and nonrupture groups are shown in Fig. 5. For each feature, the 
data are normalized against the range of that of the rupture group, so 
that the normalized rupture data are always between 0 and 1. From the 
violin plot, it is clear that the end tensions in both groups have the same 
range. For all eight features, the high density portions in both groups fall 
in similar ranges, but there are small fractions of nonrupture data that lie 
outside the rupture data range. 

3.3. Performance of MLP 

Before testing the regression model, optimal algorithmic parameters 
were determined. Specifically, in MLP, the accuracy of the model im-
proves with the number of neurons. Nevertheless, high number of 
neurons may induce overfitting (Fan et al., 2018). As shown in Fig. 6, the 
training accuracy saturated at around 100 neurons. Therefore, the 
number of neurons was selected as 100. 

3.4. Training results 

Fig. 7 shows the predicted rupture tension vs the experimental 
rupture tension for the training dataset using the three feature sets. Note 
that the union produced better results compared to MC and TP alone. 
The average cross-validation R2 from the union is approximately 0.98 

while the root mean squared error is of the order of 10− 2. 

3.5. Prediction of strength at intact points 

Fig. 8 shows the strength prediction results at intact points. The 
positive predictions account for 92% of all points. 

3.6. Prediction of rupture sites 

The strengths at rupture sites were predicted in the 12-fold test. The 
model yielded an average R2 of 0.84 and an average RMSE of 0.175. 
Although the accuracy is lower than that of training, it is still reasonably 
good. 

The predicted rupture index distributions are depicted in Fig. 9(a) 
and (b), along with the rupture image and the tension distribution in the 
last pressurized state for each sample. Note that the first 1–6 samples 
and the last 7–12 samples are shown in Fig. 9(a) and (b), respectively. A 
purple square is used to mark the site of rupture initiation (a window of 
3 × 3 elements) in both the rupture index and tension plots. It can be 
observed that, among 12 samples, the predicted hot spots and the actual 
rupture sites match generally well in 10 samples. For sample 11, there 
are two predicted ‘hot spots’ and one of them matches with the actual 
site. For sample 12, the hot spot does not match the rupture site. The 

Fig. 4. R2 values vs the number of truncated points.  

Fig. 5. Data distributions in rupture and nonrupture groups.  

Fig. 6. Training accuracy of MLP versus number of neurons.  
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RMSE for this sample was 0.30, which was the main contributor to the 
elevated average RMSE in the 12-fold test. 

Comparing the rupture index with the tension contours, for 5 sam-
ples (2, 3, 6, 9 and 10), the high-risk spots match the high-tension re-
gions and they both match the rupture sites. However, for the remaining 
7 samples, they are different, and the high-tension spots do not coincide 
with the rupture sites. Clearly, the rupture index provides a better pre-
diction of the rupture sites. 

4. Discussion and conclusion 

Machine learning was employed to establish a relationship between 

pre-rupture response features and the strength of ATAAs. The regression 
models were trained over data from rupture sites, and subsequently 
applied to predict the strength at intact points. A three-stage approach 
was employed to progressively examine the regression results: 1) 
perform the standard 10-fold cross validation over the rupture group (all 
12 samples) during training; 2) predict the strength in nonrupture group 
(12 samples) and collect the positive and negative predictions; 3) predict 
the rupture sites using the 12-fold cross validation. The strengths at 
rupture sites were also predicted and compared with the known values. 
Results of these steps suggest that the local rupture strength can be 
reliably estimated from the pre-rupture features defined in this work. To 
our best knowledge, it is the first time that machine learning is used to 

Fig. 7. Training performance from three feature sets. Upper left: MC; Upper Right: TP; Lower: MC + TP.  

Fig. 8. Strength prediction at intact point.  
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Fig. 9a. Rupture index (first column), actual rupture image (second column) and tension distribution (third column) for samples 1 to 6. The rupture images are not 
drawn to scale. 
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Fig. 9b. Rupture index (first column), actual rupture image (second column) and tension distribution (third column) for samples 7 to 12.  
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noninvasively predict the local strength of ATAA tissue and rupture sites 
based on pre-rupture response features. 

An underlying premise of this work is that the ATAA strength cor-
relates with response features, in particular, those related with the 
progressive collagen recruitment manifested in the transition phase of 
response. As alluded earlier, Sugita et al. (Sugita and Matsumoto 2013; 
Sugita et al., 2011) have reported the existence of the correlations be-
tween the TAAs strength and the stress value at which tangent elastic 
modulus reaches 63% of the plateau level. This position was found to 
strongly correlate with the stage when most of collagen fibers are 
uncrimped. However, as reported in (Sugita and Matsumoto 2013; 
Sugita et al., 2011), using this stress alone yielded a correlation coeffi-
cient of only 0.49, which is insufficient for making prediction. Other 
studies (Luo et al., 2016; Romo et al., 2014) have suggested that, when 
assessing rupture propensity at tissue scale, both stress and strain should 
be concurrently considered. In the present work, up to eight response 
features associated with the transition phase of the response were 
employed. It is noted that using eight features produced superior 
outcome compared with using two subgroups of four features each. This 
finding indicates that, in the machine learning approach, providing 
sufficient information that reasonably characterizes the transition phase 
is imperative. 

To check whether the results are insensitive to machine learning 
algorithms, we also tested three other regression methods, namely, 
linear regression (LR), support vector regression (SVR), and random 
forest regression (RF). Before testing, the optimal parameters associated 
with each model were also determined. As a result, a lasso regularization 
method with parameter α = 10− 3 under second order polynomial fea-
tures expansion was selected for LR, a radial basis kernel function with 
parameters C = 10 and γ = 0.1 were picked for SVR, and the optimal 
number of trees was determined as 50 for RF. The regression results in 
the training stage are summarized in Table 1. In overall, the perfor-
mances were very similar to that of MLP. RF and SVR slightly out- 
performed MLP and LP in the training stage, however, the opposite 
was observed in the latter two steps. Table 2 reports the strength pre-
dictions for intact points in stages 2 and 3. Both SVR and RF produced 
markedly lower positive predictions compared to MLP and LR. This 
could be attributed to the fact that SVR and RF are poor at extrapolation 
when the testing data is outside the training range (Quinlan 1986; Riedel 
and Stulp, 2019). As seen in Fig. 5, there are small fractions of non-
rupture data that fall outside the corresponding ranges of the rupture 
data. 

It is worth-noting that the LR method, although slightly under-
performing MLP, has the potential of facilitating the development of 
closed-form statistical models for predicting the strength. For abdominal 
aortic aneurysm (AAA), Vande Geest et al. (Vande Geest et al., 2006) 
proposed a statistical model to noninvasively estimate the local AAA 
strength from clinical factors including patient’s age, gender, smoking 
history, and local parameters such as wall diameter and thrombus 
thickness. This model has been incorporated in several studies to eval-
uate the rupture risk of AAAs (Biehler et al., 2016; Conlisk et al., 2016; 
Jarrahi et al., 2016; Polzer and Gasser 2015). In our work, the regu-
larized linear regression model with second order polynomial features 
yielded a R2 value of 0.95 for training and 87% positive prediction. The 
model seems promising for deriving a regression formula for estimating 

ATAA strength. This line of work will be explored in the future. 
It has been argued in an early study that the tension values at the 

maximum curvature points mostly lied in the physiological tension 
range (Luo et al., 2018). A typical aorta of 5 cm diameter under physi-
ological blood pressure ranging between 11 and 16 kPa would bear a 
wall tension of 0.28–0.40 N/mm according to Laplace law (Stamler 
et al., 1993). We checked randomly selected rupture and nonrupture 
curves and found that most of tension values at the TP point were also 
within this range. For members of the rupture group, we also checked 
the ratio of the tension values at the TP point to the strength. Fig. 10 
presents the histogram of this ratio. Note that most of them are less than 
0.4, which is in good agreement with the study by Duprey et al. (Duprey 
et al., 2016) where the ratio of the in vivo stress to the maximum stress 
for 31 ATAAs varies from 0.04 to 0.45. Therefore, it is reasonable to 
conclude that both MC and TP are within the physiological response 
range. This is desirable because, if the present work is eventually applied 
to in vivo application, only the physiological range of response will be 
available. 

There are several limitations in this study. First, the patient cohort 
was relatively small. Although ~28,000 curves were harvested, they 
were obtained from 12 samples out of 12 patients. The tension and strain 
ranges in the rupture group were not large enough to cover the data in 
the non-rupture group, and this caused SVM and RF to perform poorly in 
prediction. As reported in the literature (Genovese et al., 2013; Ilio-
poulos et al., 2009a; Iliopoulos et al., 2009b; Matsumoto et al., 2009; 
Okamoto et al., 2002; Pham et al., 2013; Sokolis et al., 2012a; Sokolis 
et al., 2012b; Yamada et al., 2015), many clinical and pathological 
factors such as age, gender, and disease conditions as the ones investi-
gated in Ferrara et al. (Ferrara et al., 2016; Ferrara et al., 2018) could 
contribute to inter-subject heterogeneities in material properties. 
Therefore, more samples covering a wider range of patient types are 
expected to improve the prediction. Second, the identification of the 
rupture site can be improved. In this study, the method proposed in (Luo 
et al., 2016) was employed to define the rupture site. The location of 
crack initiation was assumed at the geometric center of cracks identified 
from post-rupture image. A local window containing 3 × 3 elements 
centered on the crack was designated as the rupture site. This method 
has not been fully verified. For orifices with regular shapes and located 

Table 1 
Regression results for training datasets.  

Feature set Accuracy Metrics MLP LR SVR RF 

MC R2 0.882 0.61 0.948 0.977 
RMSE 0.156 0.247 0.106 0.070 

TP R2 0.939 0.912 0.965 0.983 
RMSE 0.120 0.137 0.089 0.061 

Union R2 0.978 0.957 0.979 0.991 
RMSE 0.072 0.097 0.068 0.043  

Table 2 
PP outcomes in the nonrupture group.  

Evaluation Stage Accuracy Metrics MLP LR SVR RF 

Stage 2 PP 92.5 88.1 77.2 87.7 
Stage 3 PP 90.1 87.5 70.9 77.4  

Fig. 10. Tension ratio (TP (tension)/Strength) in rupture group.  

X. He et al.                                                                                                                                                                                                                                       



Journal of the Mechanical Behavior of Biomedical Materials 115 (2021) 104284

10

in the center regions of the specimens, this identification can be effec-
tive. For orifices that are irregular and located near the boundary, it 
could be unclear as to where exactly the rupture initiated. More infor-
mation, for example footages of high-speed camera, is expected to better 
locate the initial crack position. Recall that in sample 12 the predicted 
high-risk region does not match the rupture location. This could be 
attributed to the boundary effect. In this sample the crack was situated in 
the proximity of the mesh boundary or the physical boundary. It is 
known that the inverse method of stress analysis could suffer the loss of 
accuracy in the boundary region (Lu and Zhao 2009; Zhao et al., 2009). 
It is also possible that rupture was affected by the fixture. The crescent 
orifice curved along the clamped boundary, suggesting the influence of 
the fixture. Thirdly, since the local tissue thickness was not recorded, the 
tension instead of the stress was used in this study. A stress-based 
regression could permit scaling the tension values with the local thick-
ness. This does not entail changing the algorithm, however, since such a 
test was not performed. we refrain from making speculation about 
possible outcome. In addition, the layer-specific heterogeneity of the 
aortic wall was also not considered. Sokolis et al. (Sokolis et al., 2012b) 
reported differences in the uniaxial stress–strain and failure responses 
for the three layers of the ATAA wall. Incorporating layer-specific in-
formation could be important. Lastly, the tension strain data were 
generated from inflation test for which one does not have control over 
the local loading condition (in the present study, most points underwent 
approximately equal-biaxial loading). Ideally, experimental data from 
different loading protocols should be included in the machine learning. 

In conclusion, while some limitations remain, the work suggests that 
the tissue strength can be related to features of the early phase of the 
tension-strain response. Eventually, this constitutes a step forward to-
wards non-invasive prediction of the local strength and rupture site in 
ATAAs. 
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