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SUMMARY

The methodology to generate virtual patient cohorts can strongly influence the efficiency of the pro-
cess and the quality of the results. The use of low dimensional representations of anatomy is a com-
mon strategy, but by representing a case in a latent space we can lose relevant spatial information.
We explore the utility of Convolutional Neural Networks, combined with an appropriate geometry
representation, to exploit the spatial information when generating synthetic thoracic aorta anatomies.
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1 INTRODUCTION

The development of computational models, together with the use of personalised clinical data, has
become a powerful aid in cardiology. When applied to cohorts of patients it enables the conduction
of in-silico trials and population analyses. The combination of the computational models of the
cardiovascular system together with machine learning (ML) techniques brings access to predicting
relevant information, such as therapy outcomes or risks assessment, from the available clinical data [[1}
2]]. However, the access to these clinical data such as Computer Tomography Scans or Magnetic
Resonance Images is often limited due to the inherent complexity of the process. This, together with
the need of large data sets to train most ML models, hinders their application in many real clinical
contexts.

In order to overcome this problem different authors have proposed the use of cohorts of synthesised
virtual patients [3}4,15]. This approach consists in generating virtual patients by sampling an observed
distribution of real cases to define the anatomy and the biophysical properties of the synthetic digital
twins [3]]. I the case of the anatomy, the generation of the patient’s phenotype is typically done using
Statistical Shape Modelling [4, (6, [7]], although ML methods such as Generative Adversarial Networks
are gaining popularity in the last few years [5, [8]].

In this work we continue the previous research by Romero et al. [S] in which we built large cohorts
of synthetic thoracic aorta anatomies using, among other methods, Generative Adversarial Networks
(GAN). In that research, the shape of the aortas was projected onto a low dimensional space by means
of a Principal Component Analysis (PCA), before training the GAN. In this projection, based on a
linear transformation, deformation modes tend to affect the whole shape of the organ, possibly losing
the local nature of some relevant anatomical features. Our hypothesis is that, by using Convolutional
Neural Networks (CNN), these local anatomical features can be identified non linearly during the
training process. In this paper we will use the wall and centerline information, represented as a
texture, to train the network using input convolutional layers, and present preliminary comparisons
with respect to a PCA based training.



2 MATERIAL AND METHODS

The training dataset is formed by a retrospective population of 34 thoracic aortas scanned with CT
from a cohort of patients in ages between 78 and 89 years old with ascending aortic aneurysm. The
input data used in this study was a set anonymised triangular surface meshes representing the walls
of the aortas.

2.1 Preprocessing of the aorta wall

To use a common representation of all the aortas we follow the method proposed by Romero et al. [9].
For each wall mesh the centerline is extracted and approximated as a differentiable parametric curve
a(s). The aorta wall is represented as a differentiable surface that can be described by a generalised
set of cylindrical coordinates: the parameter s of the closes point of the centerline, an angle 6 with
respect to a reference direction (orthogonal to the centerline at s, and a radius 7 (s, #), which represents
the distance of the corresponding wall point from the centerline. Thus, given an aorta wall, our
representation of the aorta can be described by means of the centerline curve «(s) and the map of
wall distances to the centerline 7(s, 6).

To discretize this representation we first fit the centerline by an order 3 B-Spline curve and the distance
map by an order 3 bivariate B-Spline surface. For a given number of B-Spline knots, fixed beforehand,
we get 3 X n. coefficients for the centerline and n,.9 X n,s coefficients for the surface. Note that
both n,s and n, represent the degrees of freedom of our representation in the longitudinal direction
of the aorta. If we take n. = n,s, then we can store the complete set of coefficients of the aorta
approximation in a matrix A of dimensions n,9 + 3 X n,s. The set of all matrices is normalised, so
that all the values are in the range [0, 1]. Since the centerline and the wall values are in a very different
range, they are normalised separately. Figure [T] shows the different steps of this procedure. In the
resulting 2D image, the aortic root is placed at the left hand side. The first three rows correspond to
the centerline coefficients, and the rest of the rows correspond to the coefficients of the wall distance
to the centre, in the angular coordinate.
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Figure 1: All the aortas are transformed to a 2D image. From left to right, the wall is decomposed onto
a centerline curve and a distance function from the wall to the centerline; the curve and the function are
approximated by cubic B-Splines, and the coefficients are arranged as a matrix that can be interpreted as an
image; the data set is finally normalised.
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2.2 Network training

The dataset formed by the 34 normalised textures is used to train a GAN. In our experiments, we
have used polynomials with 20 x 20 coefficients for the wall, leading to images of size 23 x 20. The
generator has a dense layer with 256 neurons followed by a combination of RelU and convolutional
layers to make a total of 5 hidden layers. The output layer has the desired 23 x 20 size. The hidden
layers of the discriminator are also a combination of convolutional and RelU layers, to output with
a single neuron dense layer to make a total of 4 hidden layers. The size of the convolution kernel
is 5 x 5. We have used Binary Crossentropy validation with random splitting of the dataset in two
groups (batch size of 17) and 100, 000 training epochs.



Once the network was trained, we have generated 1000 images that represent 1000 synthetic aortas.
After reconstructing the wall we have measured several anatomic features and compared the distri-
bution of the resulting virtual population with that of the real aortas cohort. We also compare the
results to a population that was generated using a GAN after applying a PCA to the set of polynomial
coefficients in [5]]. The measured anatomic features are the radius of the sinuses of Valsalva (SoV),
the radius of the aorta at the sinotubular junction (PA), the width of the aortic arch (W) and the height
of the aortic arch (h). The detailed definition of such biomarkers is the one described in [3]].

3 RESULTS AND CONCLUSIONS

Figure [2] shows four synthetic aortas generated with the trained GAN. We observe that the overall
generated shape corresponds to a plausible aorta anatomy. There are, however, some samples that
show a rather extreme shape, such as the rightmost aorta in the figure. When generating a synthetic
database this is not an issue, provided that we have criteria to disregard the unfeasible shapes [3, 3], but
the frequency of unfeasible samples will, however, determine the efficiency of the process [3]. For an
objective quantification of the results, we have compared the geometric features of the reconstructed
anatomies in the synthetic population to the values observed in the original population. Figure 3]
shows an approximation of the probability density functions fitted from the data.

Figure 2: Four synthetic aortas generated using a GAN. For each sample the generated image is shown in the
top row and the corresponding reconstructed wall is presented below it.

PA SoV h w
160
100 4
20 2254 140 4
18 4 1 B
20.0 10 80
4 > 17.51
18 g = 100 = o0l
15.0 4
14 4 80 4
12.5 4 i
124 60
10.0 4
T T T T T T T T T T T T
orig img_GAN pca_GAN orig img_GAN pca_GAN orig img_GAN pca_GAN orig img_GAN pca_GAN

method method method method

Figure 3: Distribution of some geometric measurements on the generated aortas. The measured features are
the radius of the sinuses of Valsalva (SoV), the radius of the aorta at the sinotubular junction (PA), the width
of the aortic arch (w) and the height of the aortic arch (h). For each feature, a violin plot is presented for the
observed distribution of the training set (orig), the trained GAN (img_-GAN) and the GAN trained after a PCA
(pca_GAN) from [5]]. Distances are in millimetres.

The results indicate that the synthetic population presents a reasonable variability variability in the
observed biomarkers; the range of the sinotubular junction radius (PA) and of the arch width (w)
in the synthetic population are comparable to those observed in the original cohort, and the other
two, while narrower, still span over most of the original range. In the case of the two radii (sinuses
of Valsalva (SoV) and sinotubular junction (PA)), the synthetic population could show a bimodal
distribution which is not present in the other two approximations. This could be explained as a result



of a possible over-fitting, due to the reduced size of the training set, that would make the synthetic
cohort concentrate around a reduced set of principal shapes. These preliminary results do not shed
light yet over the relevance of using the convolutional layers. To assess the impact of over-fitting, we
intend to repeat the training with a larger dataset that was generated in [5] using bootstrapping. This
would lead to a more fair comparison, since the GAN trained therein used this dataset. In addition, a
training with non-convolutional GAN has to be done on the current representation (without the PCA)
in order to asses the importance of using convolutional layers. In [5] we also observed that the linear
projection provided by the PCA did not help in problems such as classification or prediction of the
anatomy phenotype. We expect that the non linear nature of CNN will make it easier to process
the anatomical patterns present in the population, and to project them onto a latent space in which
classification or regression are easier to resolve.
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