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Abstract

Syndromic heritable thoracic aortic diseases (SHTAD), such as Marfan (MFS) or Loeys-Dietz (LDS) syndromes, involve high risk
of life threatening aortic events. Diagnosis of syndromic features alone is difficult, and negative genetic tests do not necessarily
exclude a genetic or hereditary condition. Periodic 3D imaging of the aorta is recommended in patients with aortic disease. Thus,
an imaging-based approach aimed at identifying unique features of aortic geometry can be highly effective for diagnosing sHTAD
and assessing risk. In this study, we present a method that can help identify the manifestations of sHTAD by focusing on the
entire geometry of the thoracic aorta, rather than only using measurements of dilation of the aortic root. We analyze the geometric
phenotype of 97 patients with genetically confirmed sHTAD (79 MF and 18 LDS) and of 45 healthy volunteers, using 3D
aorta meshes obtained from phase contrast-enhanced magnetic resonance angiograms computed from 4D flow cardiac magnetic
resonance. We build a geometric encoding of the aorta, based on a vessel coordinate system, and use several mathematical
models to discriminate between controls and patients with sHTAD: a baseline scenario, based on aortic root dimensions only,
a descriptor typically used in sHTAD patients; a low dimensional scenario, with a reduce encoding using principal component
analysis; and a high-dimensional scenario, which included the full coefficient representation for geometry encoding, aiming
to capture finer geometric details. The results indicate that considering the anatomy of the whole thoracic aorta can improve
predictive ability. We achieve precision and sensitivity values over 0.8, with a specificity of over 70% in all the models used,
while a single value classifiers (based only on aortic root diameter) demonstrated a trade-off between sensitivity and specificity.
Using the mathematical properties of the vessel coordinate system representation, feature importance is mapped onto a set of
anatomical traits that are used by the models to do the classification, thus providing interpretability of the results. This analysis
indicates that in addition to the diameter of the aortic root, aortic elongation and a narrowing of the descending thoracic aorta
may be markers of positive SHTAD.
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1 Introduction cluding the complexity in the interpretation of results. When
performed, a negative genetic panel in patients presenting syn-
dromic features does not necessarily exclude a genetic or hered-
itary condition. A positive genetic testing outcome should trig-
ger cascade testing for at-risk family members; while in cases
where the genetic panel yields negative results, or detects vari-

ants of unknown significance, a recommended approach in-

Syndromic heritable thoracic aortic diseases (SHTADs) are a
subset of thoracic aortic aneurysms present in patients with
a genetic or heritable condition involving multisystemic syn-
dromic manifestations (Loeys et al., 2010). Among sHTAD,
Marfan (MFS) and Loeys-Dietz (LDS) syndromes are con-

nective tissue disorders associated with different gene muta-
tions (FBN1 or certain TGFB pathway-related genes, respec-
tively) (Isselbacher et al., 2022; Schepers et al., 2018). Patients
affected by sHTAD are at high risk of life-threatening adverse
aortic events, such as aortic dissection and rupture. Unfortu-
nately, the capacity to predict these major adverse events is very
limited, underscoring the need for further research.

When syndromic features are identified, genetic testing is
recommended to potentially identify pathogenic variants that
confirm the specific aortic syndrome and assess related risks.
However, genetic testing presents a number of difficulties, in-

volves implementing imaging-based screening for aortic dila-
tion or aneurysms in at-risk relatives (Isselbacher et al., 2022).

Periodic assessment of aortic size using imaging techniques
is also recommended for clinical follow-up of patients with
sHTAD. When the maximum aortic root or ascending aorta
is greater than a certain threshold (50mm for MFS, 45mm for
LDS), elective substitution of the aorta is recommended to pre-
vent the risk of aortic dissection or rupture (Isselbacher et al.,
2022). Nonetheless, this surgical intervention has some in-
herent risk, and thus the timing of surgery should be tailored
according to patient-specific risk factors (genetic variant, aor-
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tic growth rate, familial history,...). Given that imaging is
routinely obtained for the diagnosis and clinical follow-up of
sHTAD, an imaging-based approach to identify high-risk pa-
tients with sHTAD may be of significant interest.

This study aims to identify the manifestations of SHTAD on
thoracic aorta geometry beyond aortic root dilation and to test
whether a mathematical representation of thoracic aorta geom-
etry (i.e. a shape representation) could be useful in the diagno-
sis of sSHTAD. Additionally, we offer a geometric explanation
of the decision-making process employed by the mathematical
models used.

2 Material and methods

2.1 Material

2.1.1 Cohort

Retrospective imaging data of prospectively enrolled patients
obtained in the context of previous research was used. A total
of 97 patients with a genetically-confirmed sHTAD (79 MFS
and 18 LDS) and 45 healthy volunteers were included. Inclu-
sion criteria were age > 18 years, no significant aortic valvular
disease by echocardiography (aortic regurgitation < IT/III,
maximum aortic velocity <3 m/s) or other cardiovascular dis-
orders, tricuspid aortic valve, and no history of surgical repair
or aortic valve replacements. The study was approved by the lo-
cal ethics committee, and informed consent was obtained from
all participants. Table 1 reports demographic and clinical char-
acteristics of the patients.

Table 1: Demographical description of the cohort used for the
study. BSA : Body Surface Area, AoRD : Aortic Root Diameter,
Z-score is described in Section 2.2.2.

Healthy sHTAD
Age (years) 385+£12.3 35.7x12.7
Sex (F|M) 34|66 56|44
Weight (kg) 71.6 £11.0 73.1+15.7
Height (cm) 171.7£74 178.8+114
BSA (m?) 1.83+0.15 1.90+0.23
AoRD (mm) 30.4 £ 3.6 37.2+6.2
AoRD Z-score | —0.3+1.1 20£1.7

2.1.2 Magnetic resonance imaging

CMR studies were performed without intravenous contrast ad-
ministration on a GE 1.5-T Signa scanner (GE Healthcare,
Waukesha, Wisconsin, USA). The research protocol included
2D cine CMR images and a 4-dimensional (4D) phase-contrast
CMR (4D flow CMR) acquisition with retrospective electro-
cardiographic gating during free breathing. A radially under-
sampled acquisition (PC VIPR) with 5-point balanced velocity
encoding (Johnson et al., 2008) was used for 4D flow imag-
ing of the entire thoracic aorta in approximately 10 min of scan
time. Data were acquired using the following parameters: ve-
locity encoding 200 cm/s, field of view 400 x 400 x 400 mm,
acquisition matrix 160 x 160 x 160, voxel size 2.5 x 2.5 x 2.5
mm, flip angle 8, repetition time 4.2 to 6.4 ms, and echo time

1.9 to 3.7 ms. Reconstructions were performed offline with
corrections for background phase from concomitant gradients,
eddy currents, and trajectory errors of the 3-dimensional radial
acquired k-space (Johnson et al., 2008).

2.2 Methodology

In the following, the methods used to describe the geometry of
the aorta and to discriminate between healthy volunteers and
SHTAD patients are described.

2.2.1 Aorta anatomy representation

Phase-contrast enhanced magnetic resonance angiograms were
built (Johnson et al., 2008), and used to segment the aorta. Cine
CMR images of the aortic root were used to measure the di-
ameters of the aortic roots. From the aorta segmentation, 3D
triangle meshes were obtained using the marching cubes algo-
rithm (Cline and Lorensen, 1988). Due to the low resolution of
the imaging modality, we applied Laplacian smoothing to the
mesh, using the Python library PyVista (Sullivan and Kaszyn-
ski, 2019). All the geometries were transformed using the same
parameter configuration that imposed minimal smoothing, en-
suring that only high-resolution artifacts were removed while
preserving the overall shape and volume. Moreover, the im-
pact of this smoothing on the subsequent encoding is minimal,
due to the least squares optimization involved in the encoding
process. Then, the section spanning from the the sinotubu-
lar junction to the diaphragm (an example input mesh is shown
in Figure 1, left) was extracted. The obtained triangle meshes
were encoded to make the representation of all aortas consis-
tent and adequate for training ML models. The encoding used
was a patient-specific vascular model based on the definition
of a vessel coordinate system (VCS) (Romero et al., 2023), as
described below.

Using the VCS, an arbitrary point of the wall can be assigned
an univocal set of coordinates, corresponding to its longitudi-
nal location along the vessel, 7, and its polar coordinates on
the corresponding cross section of the aorta, (6, p). The origin
for polar coordinates is taken at the centerline of the vessel, in
the corresponding cross section. In this reference system, the
wall is defined by the surface, p = p,, (7, 6), Then, the geome-
try of the thoracic aorta can be entirely represented by a curve,
c(7), that approximates the vessel centerline, and the radius
function p,, (0, 7), that expresses the distance from the wall to
the curve c(7). Figure 1 shows an scheme of this representa-
tion for one of the aortas of the cohort. Romero et al. (2023)
build their model approximating both ¢ and p,, with uniform
cubic B-splines, and define the feature vector as the vector of
coefficients on a certain basis. In this way, the representation
for every patient has the same dimension. Moreover, the coef-
ficients have a geometrical interpretation that relates the shape
in a particular region of the vessel with a section of the feature
vector. This last property will enable the interpretability of the
resulting ML models.

Using this approach, the data set was built through the fol-
lowing steps: we computed the VCS for every aorta; us-
ing the centerlines, we applied generalised Procrustes align-
ment (Heimann and Meinzer, 2009), and we approximated the
wall and the centerline using uniform B-splines. To capture
enough detail we used 45 coefficients for the centerline ap-
proximation and 609 coefficients for the bivariate spline wall
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Figure 1: Computational encoding of an aorta as described by Romero et al. (2023). On the left, the input mesh, with the cross-section
at the sinotubular junction (cyan) and at the diaphragm (magenta). On the right, the centerline and radius mapping with the control
polygons of its B-spline based approximation. The control points (red) form the encoding vector a.

approximation, leading to feature vectors of length 654. To
reduce the dimensionality of the representation, we applied a
principal component analysis (PCA) to the geometrical encod-
ing, obtaining a representation with less than 30 modes of de-
formation that reflect more than 98% of cumulative variance.
The feature vector of every patient was labeled as H for healthy
volunteers and G for patients with positive genetic test.

2.2.2 Patient stratification methodology

‘We will consider three scenarios, with different levels of com-
plexity in geometrical encoding. The first scenario, termed
baseline, aims to emulate clinical practice: In the clinical con-
text, patient stratification typically involves Z-score standard-
ization of the aortic root diameter, adjusted for patient age, sex,
and body size (Campens et al., 2014). In our baseline scenario,
geometry encoding will only consider the diameter of the aor-
tic root. In the second scenario, termed low-dimensional sce-
nario, we will use the coordinates in the PCA space for geom-
etry encoding. In the third scenario, termed high-dimensional
scenario, we will adopt the full representation of the B-spline
coefficient for geometry encoding, aiming to capture finer ge-
ometric details. For each scenario, we will assess the perfor-
mance of several predictive models when classifying the aortas
among patients with SHTAD and healthy volunteers, under the
same training workflow. Since the diameter of the aortic root
is a very relevant biomarker in clinical practice, by adding this
measurement to the two geometric feature vectors, we can give
all the available information to the models. However, we have
found that the results are very similar regardless of the pres-
ence of the diameter of the aortic root, and thus they are not
presented here. The performance for this scenario is presented

in Section 1 of the supplementary material.

For the assessment of each scenario we will use three linear
models, logistic regression (LR), linear discriminant analysis
(LDA) and linear-kernel support vector machine (SVM); and a
non-linear model, the random forest (RF). The predictive per-
formance of the models will be analysed using their precision,
recall (sensitivity), area under the receiver operating character-
istic curve (AUC), and specificity. In addition, we will com-
pute the f1 score, which uses a combination of the precision
and the recall. The results will be presented for 5-fold strat-
ified cross-validation, averaging the results of the 5 folds. In
the case of the SVM and the RF, nested cross validation (Caw-
ley and Talbot, 2010), with 3 folds on the training set, will be
performed for hyperparameter adjustment, taking the set of pa-
rameters with best f1 score. Due to the class imbalance, all the
models will be trained using weights inversely proportional to
class frequencies. To prevent bias in the low-dimensional sce-
nario, at each fold the PCA will be computed exclusively with
the training set in its high-dimensional representation. Then,
the PCA transformation will be applied to the train and test
sets.

2.2.3 Interpretability of the results

A common drawback alleged against complex ML models is
that they can lead to poor understanding on what are the reasons
for their decisions once trained (Rudin, 2019). We will benefit
from the properties of our geometry encoding to provide an
interpretation of the results, that will inform about the parts of
the anatomical characteristics that have been more relevant for
patient stratification.

In the anatomy encoding of the VCS, the aorta centerline and



Table 2: Performance metrics of the different models for each of the described scenarios. The first row corresponds to stratification
based on Z-score of the root diameter (Loeys et al., 2010) applied to our cohort. The following rows contain the measurement of the
metrics (per column) of each model for the three scenarios considered. Each cell contains the mean and the variance for a stratified

5-fold cross validation.

Scenario Model  Precision  Recall (sens) fl-score AUC Specificity
Z-score> 2 - 1.00 0.47 0.64 - 1.00
LR 0.78+0.05 0.89£0.09 0.83+0.06 0.81+0.11 0.39+0.15
Baseli LDA 0.78+0.05 0.88+0.08 0.83+0.06 0.814+0.11 0.38+0.17
aseline
SVM  0.90+0.07 0.67+0.08 0.76+0.06 0.81£0.11 0.80+0.17
RF 0.83+0.08 0.65+£0.08 0.72+0.06 0.72+0.09 0.64 +0.20
LR 0.90+0.05 0.82+£0.08 0.85+0.03 0.87+0.03 0.80=+0.14
LDA 0.88+0.04 0.88+0.08 0.884+0.05 0.894+0.04 0.734+0.10
Low-dimensional
SVM  0.89+0.05 0.80£0.07 0.84+0.04 0.87x£0.04 0.78+0.14
RF 0.84+0.05 0.87+0.10 0.85+0.07 0.83+0.08 0.64+0.09
LR 0.87+0.07 0.87+£0.07 0.87+0.04 0.89£0.044 0.71+0.19
LDA 0.84£0.06 0.80+£0.09 0.824+0.07 0.83+0.104 0.67+0.14
High-dimensional
SVM  0.89+0.08 0.79+0.13 0.83+0.07 0.89£0.084 0.78+0.16
RF 0.85+0.04 0.89+0.11 0.87+£0.06 0.89=+0.0564 0.67+£0.11

wall are represented by spline coefficients that are directly re-
lated to their geometry. For example, an increase in the value
of a particular wall coefficient is directly related to the diameter
and shape of the aorta in a very localised region of the wall. To
understand what anatomical traits are more determinant for the
stratification of patients, we will compute feature importance
for the different models and identify the regions that corre-
spond to the most relevant features. Moreover, B-Splines form
a vector space, which allows interpreting differences in the fea-
ture vectors as shape deformations (Romero et al., 2023). This
deformation indicates the geometric traits that are used by the
models to distinguish sHTAD patients from healthy individu-
als, and will allow to generate aorta shapes that are representa-
tive of each class. Furthermore, thanks to the VCS, we will be
able to split the importance in the contribution of the wall de-
formation (variation in radius) and the centerline warping. For
this analysis, we will use the whole cohort to train each model,
thus achieving the most informed model with the available data.

We compute feature importance as follows. Fitting of linear
models, LR, SVM, and LDA, results in a separating hyperplane
in the space of features. The direction orthogonal to this plane
defines a weight vector that indicates what are the features that
best separate the two classes. Note that the separating direction
in the high-dimensional scenario does not account for correla-
tions on the features defining the physiological limits. Thus,
we will interpret the importance of a feature as an indication
of the local relevance of the associated region of the vessel to
classify patients. We will visualise the mapping of importance
on the different regions of the vessel wall with a colour scale to
show the parts of the anatomy that have been more relevant for
classification. We will show this mapping represented on the
mean aorta shape, computed as the average of all the feature
vectors in the dataset.

For the RF algorithm, feature importance is typically com-
puted by averaging the cumulative impurity decrease of the de-
cision trees in the forest. Unfortunately, interpretation of RF
features in a way similar to that for the linear models does not

have physiological meaning and can be misleading. Thus, we
will not include the results here. Further discussion on this
point can be found in Section 2 of the supplementary material.

3 Results

The performance metrics of the different models trained in this
study are presented in Table 2. To provide a reference for a
criterion that is used in clinical practice, the table also presents
the performance of the aortic root Z-score on the cohort. For
each model, the results presented are the average + standard
deviation over the 5 folds of the 5-fold cross validation method-
ology. Furthermore, Figure 2 provides further information on
the baseline scenario, as well as on the outcomes of the Z-score
threshold when applied to the available dataset.

We see that the baseline scenario (classification based solely
on the diameter of the aortic root) shows the poorest perfor-
mance for all the models. Comparing with the Z-score> 2
classification, this criterion yields in favour of precision and
specificity with a very poor recall for our cohort. In contrast,
the trained models, that optimise for fl-score, present more
balanced results for the different metrics. An explanation of
the poor results in this scenario can be seen in Figure 2; many
positive genetic patients share the value of aortic root diameter
with healthy volunteers, making this biomarker insufficient for
discrimination. Note that, in this scenario, the linear models
simply define a threshold trading off between precision versus
recall. As a consequence, they share the same ROC curve and,
hence, the same AUC values in Table 2.

When accounting for the whole anatomy, all the models
reach an average precision above 84% and a recall above 80%.
The sensitivity worsens in all scenarios, with the linear models
in the low-dimensional scenario the most robust ones, reach-
ing an 80% for LR. The main performance difference between
the results in low- and high-dimensional scenarios seems to be
the standard deviation. Higher values of standard deviation are
usually related to a high dependence of the results on the fold
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Figure 2: Distribution of Z-score value (left) and aortic root diameter (right), in mm, for sHTAD patients (G, for genetic) and healthy
volunteers (H), together with information of the classifiers. A red vertical line at Z-score= 2 has been added to the left plot, while on
the right plot the probability functions of each model are displayed. The models used were trained on the whole dataset with the best

parameter configuration found during the 5-fold testing.

partition. In this sense, low-dimensional scenarios seem to be
more robust than high-dimensional ones, particularly regarding
the sensitivity.

Explainability analysis of the models is presented in Fig-
ures 3 and 4. They provide insight about the decision-making
process in low- and high-dimensional scenarios, respectively,
as described in Section 2.2.3. Note that the interpretation
of importance needs a different approach between the low-
dimensional scenario, which is based on PCA dimension re-
duction, and the high-dimensional scenario, which utilises the
complete VCS encoding of the anatomy.

For the low-dimensional scenario, Figure 3 shows the de-
formation of the mean geometry using two standard deviations
in the negative (healthy) direction on the left and the positive
(sHATD) direction on the right. In both directions the defor-
mation has been split into radius deformation (mapped on the
surface colour) and centerline warping. The phantom of the
mean geometry has been added to provide a reference.

In the high-dimensional scenario, the normal of the separat-
ing hyperplane cannot be used as a deformation mode, since
this vector does not account for the physiological correlations
in the coefficient representation. Nonetheless, this normal di-
rection encodes the importance of each coefficient in the weight
of each of the vector components. Hence, we used these
weights to map the importance onto the centerline and the wall.
Figure 4 shows the relevant regions for each of the linear mod-
els in the high-dimensional scenario. There, the mean geometry
has been used to map the importance split in radius and center-
line. Note that while radius importance can be computed with
sign, allowing us to distinguish between positive and negative
predictive values, centerline importance is only mapped in pos-
itive values, and it must be interpreted as predictive power.

4 Discussion

In this study, we explore the feasibility of employing three-
dimensional aortic geometry as a biomarker to discern
genetically-triggered sHTAD from healthy volunteers, beyond
the prevailing approach of relying on the Z-score at different
aortic levels (aortic root, mid-ascending aorta. . .) (Loeys et al.,
2010) in patients with sHTAD. For three different representa-
tions of the geometry, we evaluate the performance of four clas-

sifiers: three linear classifiers, namely LR, LDA, and SVM; and
one non-linear classifier, RF.

The baseline scenario (using the aortic root diameter alone)
served to illustrate the limitations of using a uni-dimensional
representation of the geometry, which leads to a trade off be-
tween specificity versus sensitivity. With the second and third
scenarios, we assess the ability of a multidimensional, geomet-
ric encoding of the whole thoracic aorta phenotype to identify
the characteristic traits of each class. The evaluation of model
performance in these two scenarios showcases the ability to
achieve high precision and recall while maintaining moderate
to high levels of specificity, addressing a primary limitation ob-
served in the baseline scenario. Both scenarios exhibit compa-
rable metrics, with the low-dimensional scenario demonstrating
slightly greater robustness. Our findings are in concordance
with recent findings that also propose expanding beyond the
root the biomarkers that can help understand heritable aortic
diseases (Lovato et al., 2024).

For a better understanding of how anatomy is used by the
models during stratification, we analyze what are the regions
of the aorta that are most relevant to distinguish between the
two classes. In Figure 3, corresponding to low-dimension sce-
nario, the regions of interest inferred by the three linear mod-
els agree on the primary anatomical traits that distinguish be-
tween healthy and sHTAD anatomies. In terms of radius, the
most notable variation is observed at proximal ascending aorta,
where pathological shapes tend to exhibit an increase in aor-
tic diameter, probably linked to dilation of the aortic root, a
prominent manifestation of sSHTAD (Loeys et al., 2010; Ruiz-
Muiioz et al., 2022). Regarding centerline warping, a difference
in length is observed, with pathological shapes tending to dis-
play longer thoracic aorta. Length as a geometrical descriptor
of the aorta has been studied previously, with reports suggest-
ing that sHTAD patients have longer proximal aorta (Lovato
et al., 2024; Franken et al., 2015; Schepers et al., 2018), which
may be related to the cyclic longitudinal strain imposed by the
left-ventricle contraction (Guala et al., 2019). Notably, exces-
sive length was related to higher risk of aortic adverse events
in patients with ascending aorta aneurysms (Wu et al., 2019).
The SVM provides a clearer illustration of this phenomenon.
This elongation is likely to be linked to the slight narrowing
at mid ascending aorta, a distinction particularly evident in the
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Figure 3: Variation in radius and centerline displacement along the axis, defined by normal of the decision boundary hyperplane in
the low-dimension scenario. From top to bottom, LR, LDA and SVM. The range color for the radius variation is [-5, 5] and for the

centerline warping is [0, 6], both expressed in milimeters.

yellow hues of healthy geometries, again especially notable in
the SVM at the figure’s bottom row. A relevant manifesta-
tion of progressive aortic lengthening may be aortic tortuos-
ity (Jackson et al., 2005). Indeed, considering that the aorta
is likely bounded to a fixed position where it is anatomically
fixed by aortic branches, aortic elongation may force the vessel
to curve and become tortuous (Jackson et al., 2005). Notably,
tortuosity was related to adverse aortic events during follow-
up (Franken et al., 2015) and may thus be a relevant metric for
risk-stratification.

In contrast to the low-dimensional scenario, Figure 4 shows
a disparity between the regions of relevance. LR and SVM
appear to explain the aortic dilation proximal to the sinotubu-
lar junction and the mid-ascending aorta narrowing, as low-
dimensional models did. In addition, some patches at the
descending aorta level seem to coincide in positive predic-
tive value, once again, being much more intense in the SVM.
The LDA however, gives little importance to the ascending
aorta, focusing primarily on the descending segment. Radius

importance exhibits a more localised behaviour in the high-
dimensional scenario than in the low-dimensional one. With
regard to the centerline in the last two columns of Figure 4, LR
seems to assign the higher importance to the extrema, which
may be related to length variation, as was also noted in the low-
dimensional scenario, while LDA and SVM seem to assign the
importance to the arch twisting as shown by red hues in the
middle of the colour importance band at the last column of the
figure.

These discrepancies in importance ranking between models
could be explained by the different level of locality in the mean-
ing of each coefficient. Although using PCA dimension reduc-
tion is a common approach in the literature (Bruse et al., 2016;
Liang et al., 2017; Balaban et al., 2021; Hermida et al., 2023),
deformation modes usually exert a global influence on all en-
coding variables, affecting, to some extent, every coefficient in
high-dimensional geometry codification Heimann and Meinzer
(2009). In contrast, using the high-dimension representation,
enables identifying the importance of very local regions, corre-
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column represents the importance of the unfolded wall, with the seam highlighted in yellow, the proximal end in cyan, and the distal
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(in favour of healthy), while a deep red hue signifies a positive predictive value (in favor of genetic-positive). In contrast, lighter shades
suggest diminished relevance for classification. The centerline warping is strictly positive, and thus it is only related to predictive power

regardless the sign.

sponding to individual coefficients of the feature vector. As a
consequence, this scenario may be more sensitive to spurious
differences between the two classes on certain dimensions.

The normal of the separating hyperplane of the linear mod-
els in the low-dimensional scenario, has been considered in the
literature as the optimal discriminant axis of anatomical vari-
ation (Hermida et al., 2023). With this intuition, an anatom-
ical biomarker that accounts for the entire three-dimensional
complexity of the thoracic aorta can be defined. Similarly to
how the aortic root dilation Z-score is used, a risk score can

be defined using the Z-score of the projection of the encoded
geometries onto this axis (Balaban et al., 2021; Hermida et al.,
2023). The implementation of such a risk score in clinical prac-
tice would be highly feasible, due to the noninvasive nature of
CMR imaging and to the significant level of automation in our
approach, potentially improving sensitivity in clinical assess-
ment of sHTAD.



4.1 Discussion on model selection

When delving into machine learning, a critical decision lies in
choosing the pattern representation. The analysis of magnetic
resonance images (MRI) is a common preprocessing problem
in this area, where typically the input data (images) must be
translated into patterns (feature vectors) that will feed the clas-
sical ML models. In our case, the combination of the shape en-
coding used within the linear ML models let us map the feature
importance in a 3D space, showing the main deformation direc-
tion of the classes involved. This approach provides a ML so-
lution that offers the possibility to interpret their results from a
clinical perspective. On the contrary, convolutional models in-
troduce a more complex features engineering, challenging the
explainability of their decisions and and thus posing a chal-
lenge for their use in clinical domains. Moreover, using CNNs
involve a considerably higher number of parameters/weights to
fit (e.g. ResNet50 requires 0.5M of parameters approximately
for a simple net with 3 convolutional layers (3x3x3) and a dense
layer with 100 neurons). For these reasons, we decided to di-
rectly reconstruct 3D meshes using the marching cubes algo-
rithm (Cline and Lorensen, 1988) and establish our own shape
encoding (feature vectors).

Among all the possible approaches, we have made our model
selection based on two criteria, namely, the explainability of the
classifier and the number of parameters inferred by the model.
The first criterion follows the rising concern of the medical
community of making clinical decisions based on “black-box”
algorithms from which it is hardly realistic to derive a physi-
ological or medical explanation of the decisions taken by the
algorithm (Price, 2018; Rieg et al., 2020; Rudin, 2019). The
second criterion is based on preventing overfitting. When han-
dling with data sets of hundreds of samples instead of thou-
sands or millions, special care should be taken on the amount
of parameters the model derives from the data. With these con-
siderations in mind, we predominantly opted for linear models
that hinge on the inferred separating hyperplane for classifica-
tion. Consequently, the normal vectors of these planes offer
valuable geometric insights into the decision-making process.
Additionally, we introduced the RF model to contrast the per-
formance of a non-linear model with the linear counterparts.
The choice of RF was deliberate, as the algorithm enables the
computation of feature importance by averaging the accumula-
tion of impurity decrease across the decision trees within the
RF. However, it is important to note that this metric might be
misleading for continuous features, as in our case, and we en-
countered challenges in finding a clear method to interpret the
provided information.

4.2 Limitations and future work

The geometric encoding used (Romero et al., 2023) ignores
the different anatomical regions present in the thoracic aorta,
namely, the ascending aorta, the aortic arch and the descending
aorta. Although this is not a major limitation in this work, since
we are working with the thoracic aorta as a whole, it may lead
to erroneous measurements at specific landmarks close to the
transition between regions. It is also to note that the meshes
were derived from 4D flow CMR acquisitions and have limited
spatial resolution. However, all the methods described above
could be reproduced with the thoracic aorta geometry acquired
from 3D imaging modalities with higher spatial resolution (i.e.

computed tomography or magnetic resonance angiography).

To further assess the presented methodology in a differential
diagnosis scenario, a more general study, with a cohort contain-
ing individuals with overlapping clinical manifestations such as
aortic aneurysm but negative to SHTAD, would be required, as
suggested by Loeys et al. (2010). In addition, analysis of dif-
ferences between MFS and LDS thoracic geometries would be
of high value, due to their different risk profiles. However, due
to the limited size of the available cohort, such investigations
are beyond the reach of the available cohort for study.

5 Conclusion

We have performed a comprehensive analysis to assess whether
three-dimensional geometrical characterization of the aorta dif-
ferentiates patients with syndromic heritable thoracic aortic dis-
eases from healthy subjects. Our findings present promising
results on potential shape biomarkers that could significantly
contribute to the intricate processes of diagnosis and treatment
planning of these patients.
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