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Abstract

Detecting vulnerable coronary plaques from coronary
computed tomography angiography (CCTA) is crucial for
preventing cardiac events, yet current methods are
suboptimal. Biomechanical indicators as plaque structural
stress and strain, though promising, are underutilized in
vulnerability machine learning prediction models. Our
study proposes a machine learning pipeline to predict
vulnerable patients using biomechanical markers from
finite element analysis (FEA), while also considering the
variability in mechanical properties.

The study involved 40 patients (33 non-vulnerable and
7 vulnerable) who underwent both CCTA and coronary
optical coherence tomography. The 3D coronary artery
models were segmented from CCTA, and FEA was
performed considering average or variable arterial tissues
mechanical properties. Plaque structural stresses and
strains, along with patient’s pressure data, were used to
train decision tree classifiers.

Incorporating variability of the mechanical properties
enabled improved classification performances (from AUC
of 0.95 vs. 0.99, leave-one-out) demonstrating the
effectiveness of considering the material parameter
uncertainty in model training. This investigation
underscores the promise of biomechanical plaque
phenotyping for patient stratification.

1. Introduction

Coronary artery disease (CAD) accounts for 8.9 million
annual deaths and represents a major cause of vascular
morbidity and mortality worldwide [1]. Coronary
vulnerable plaques, namely rupture-prone atherosclerotic
plaques, are the main responsible for major adverse cardiac
events (MACE): their early detection is crucial for
preventing MACE [2]. Nowadays, intravascular imaging
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modalities are the gold standard for vulnerable plaques
detection [3], [4], however, coronary computed
tomography angiography (CCTA) is commonly adopted as
preliminary screening due to its non-invasiveness. Thus,
there has been a recently growing interest in finding non-
invasive image markers of plaque vulnerability from
CCTA. Plaque rupture deals with a biomechanical
destabilization, thus depends on a complex interplay
between plaque composition, structural features, biological
processes and applied stresses. Several studies
demonstrated that increased plaque structural stress is a
driving mechanism contributing to plaque rupture,
suggesting the potential role of plaque structural stress in
stratification of patients at risk of MACE [5]-[12].
Nonetheless, biomechanical-based machine learning (ML)
models predicting coronary plaque vulnerability are still
rare in the literature and accurate patient stratification
based on plaque structural stress remains elusive [13].

Our hypothesis is that a comprehensive plaque
biomechanical characterization, relying on accurate
description of the arterial tissue composition and
incorporating the uncertainty of arterial tissue mechanical
properties, coupled with ML techniques can provide
effective patient stratification. This study proposes a novel
biomechanical-based ML pipeline to predict vulnerable
patients. It explores the predictive power of plaque stresses
and strains obtained from finite element analysis (FEA) as
well as the influence of mechanical properties variability
on the prediction.

2. Materials and Methods

2.1. Patient dataset

Forty patients who underwent both CCTA and optical
coherence tomography (OCT) imaging at the Azienda
Ospedaliero-Universitaria “Citta della Salute e della
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Scienza” of Torino, Italy were included in the study.
Coronary arteries presenting at least one vulnerable plaque
(defined through OCT examination) were labelled as
vulnerable. Moreover, patients presenting at least one
vulnerable coronary artery were considered at high risk.
Thus, the dataset comprised 40 patients (with 49 arteries
and 167 plaques), 7 of which at high risk, presenting with
7 arteries and 28 plaques labelled as vulnerable.

CCTA was performed using a Revolution CT (GE
Healthcare, Milwaukee, WI, USA) and OCT image was
performed with a CT system (LightLab Imaging Inc/St
Jude Medical, Westford, MA, USA). OCT image analysis
was performed by two independent investigators and
discordance was resolved by consensus.

2.2. Image segmentation and coronary
artery models

The 3D coronary artery models were obtained through
semi-automatic segmentation from CCTA images using
the plaque analysis software QAngioCT Research Edition
(Medis Medical Imaging software, Leiden, The
Netherlands). Specifically, the stereolithographic files of
the lumen and external coronary artery surfaces together
with surfaces delimiting medial (or normal wall), fibrous,
fibrous fatty, lipid, and calcific tissues, were generated and
exported for analysis. The 3D plaque vessel segments were
extracted from the coronary artery models according to
plaque proximal and distal locations provided by expert
radiologists. For each plaque segment, five evenly
distributed sections were analyzed.

2.3.  Finite element analysis

The 2D vessel cross-sections were generated through an
in-house MATLAB software (The MathWorks Inc,
Natick, MA, USA). Figure 1A shows a representative
cross-section with a detailed view of the triangular FEA
mesh. The arterial cross-sections were modelled as
composed by five tissues: medial tissue, fibrous tissue,
fibrous-fatty tissue, lipid tissue (or necrotic core), and
calcifications. To explore the impact of the variability of
mechanical properties in the prediction of vulnerable (i.e.,
high-risk) patients, two scenarios were considered,
namely: (i) arterial tissue components modelled as linear
isotropic with average mechanical properties (case A) and
(i1) arterial tissue components modelled as linear isotropic
with variable mechanical properties (case B) [14], [15].
Figure 1B shows the stress-stretch curves, with the
corresponding averaged, maximum, minimum, linearized
curves (used in the present study) and experimental range.
In particular, the minimum, maximum and average Young
modulus, E, (Table 1) were computed by fitting the
corresponding stress-strain curves up to a 10% strain [14].
Finally, the tissue components were modelled as quasi-

incompressible materials, with Poisson’s ratio v=0.475,
except for calcifications (v=0.3) [15].

Simulations were carried out by considering the average
mechanical properties for case A, and 200 different
combinations of mechanical parameters within the range in
Table 1, for case B. Patient-specific dynamic pressure (i.e.,
difference between the systolic and diastolic pressure) was
imposed at the luminal surface, and Robin boundary
condition was prescribed at the external surface [16].
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Figure 1. A) Example of coronary artery cross-section with
triangular finite element mesh. B) Mechanical properties

of lipid tissue.

Table 1. Tissue Young Modulus (E)

Tissue Min E Max E  Mean E
Medial tissue 8.9x10! 3.6x10°  7.33x10?
Fibrous tissue 5.8x10! 4.9x10° 8.61x10?
Fibrous-fatty tissue ~ 2.9x10'  2.5x103 4.31x10?
Lipid core 1.3x10! 9.5x10%> 1.89x10?
Calcifications 1.0x107  2.0x107 1.5x107

2.4. Machine learning model development

To develop the ML model for predicting vulnerable
patients, the peak von Mises stress and maximum
equivalent strain of each plaque were considered, besides
the patient’s systolic, diastolic and dynamic pressures. For
the case A, one peak stress and strain value were computed
for each cross-section from FEA, and then averaged over
the five cross-sections, to obtain single peak stress and
strain value for each plaque. For the case B, 200 values of
peak stress and strain were computed for each cross-
section (from the 200 FEA simulations with variable
material combinations), and two different approaches were
considered. The first approach (B1) consisted in obtaining
a single peak stress and strain for each plaque, by
averaging over the 200 values per cross-section, and then
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over the five cross-sections. The second approach (B2),
consisted in obtaining 200 instances for each plaque with
corresponding peak stress and strain resulting from the
average of the values over the five cross-sections. The final
feature sets consisted in 167%5 plaquesxfeatures for A and
B1, and (176x200)x5 plaque instancesxfeatures for B2.

A two-steps ML pipeline was implemented to stratify
vulnerable from non-vulnerable patients, by considering
the decision tree classifier. The first step consisted of a
leave-one-out cross-validation at the plaque level, resulting
in the computation of the predicted probability of each
plaque to be in the vulnerable class. Specifically, first
feature Z-score normalization was applied to the training
set and the mean and standard deviation were used to
normalize features in the validation set. Second, a feature
selection process was performed on the training set, by
identifying the significantly different features (p-
value<0.05) between the vulnerable and non-vulnerable
plaques, through Mann-Whitney U test. The first 4 features
in ascending p-value order were considered, in case of
absence or numerous (>4) significant features. Third, data
balancing was applied to the training set, encompassing a
random undersampling of the majority class and an
oversampling of the minority class using the synthetic
minority over-sampling technique (SMOTE) [17]. As a
result, 120 balanced samples were obtained for cases A and
B1, and 8000 for case B2. Finally, an internal 5-fold cross-
validation on the training set was performed to tune the
decision tree hyperparameters. The trained model was then
applied to the validation plaque for the computation of the
vulnerability probability.

For case A and B1 a standard leave-one-out scheme was
applied; differently, for case B2, a leave-one-group-out
scheme was considered in which, at each iteration (over
167), the validation set comprised the 200 instances of a
plaque, and the training set the 33200 instances of the
remaining 166 plaques. Consequently, a single
vulnerability probability was computed for each plaque in
the validation set, as average of the 200 predicted
probabilities.

The second step of the pipeline consisted of a leave-one-
out cross-validation at the patient level, resulting in the
final patient stratification. The plaque with the highest
probability of being vulnerable for each patient was
considered, representing the worst plaque for the patient.
At each iteration of the leave-one-out the optimal
probability threshold for the binary classification was
estimated on the training set based on the maximum
Youden’s J value (maximizing the difference between the
true positive and the false positive rate). The estimated
probability threshold was then applied to classify the
patient in the validation set.

3. Results

Table 2 presents the classification performance metrics

of the cases A, Bl and B2, while Figure 2 depicts the
corresponding confusion matrix and receiving operating
characteristic (ROC) curve. Overall, good stratification
performances were achieved by all three methods (AUC=
0.95; 0.91 and 0.99, for case A, B1, B2, respectively), and
the inclusion of the variability in the material mechanical
properties  slightly  improved the  stratification
performances. Specifically, compared to case A, case B1,
improved the sensitivity, by correctly identifying all the 7
vulnerable patients, while slightly decreased the
specificity, resulting in an overall improvement in the
balanced accuracy. Differently, case B2, identified 6 out of
7 vulnerable patients, as case A, but correctly identified
one more non-vulnerable patient with respect to case A,
thus resulting in increased balanced accuracy and AUC.

Table 2. Classification metrics for case A, B1 and B2.

Case Sensitivity  Specificity AUC  Bal. Acc
A 0.86 0.91 0.95 0.88
Bl 1 0.82 0.91 0.91
B2 0.86 0.94 0.99 0.90
Case A Case B1 Case B2
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Figure 2. Confusion matrix and receiving operating
characteristic (ROC) curve of case A, B1 and B2.

4. Discussion and Conclusions

In the present study, a novel biomechanical-based ML
pipeline for stratifying vulnerable patients was proposed.
Although the small dataset, high classification
performances were obtained, demonstrating the
potentiality of the proposed methodology. Moreover, the
obtained results suggested that accounting for the
variability in arterial tissue material properties has an
impact in the model predictive power. In particular,
compared to the baseline average case (A), the inclusion of
the mechanical variability enabled, in the first case (B1),
the identification of all the 7 vulnerable patients (thus
maximizing the sensitivity), and in the second case (B2),
the achievement of an AUC = 0.99, with only three patients
misclassified.
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Overall, although biomechanical markers of coronary
plaque vulnerability have been proposed, suggesting the
peak plaque stress as driving factor [5]-[11], the
implementation of biomechanical-driven predictive
models is still at early stages. A preliminary study [12]
used biomechanical and morphological features to predict
the change in a plaque vulnerability index over 10-months,
achieving AUC=0.85 on 45 cross-sections of one patient.
To the best of the authors’ knowledge, our study represents
the first biomechanical-based ML approach for the
stratification of vulnerable patients, which considers the
uncertainty of tissue mechanical properties. This
investigation underscores the promise of biomechanical
plaque phenotyping, which embeds information on
material properties, plaque morphology, and composition,
for patient stratification.
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