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Moreover, other factors influencing rupture assessment were 
thrombus, calcified regions (Buijs et al., 2013), surrounding tissues (Kim 
et al., 2013), and other patient variables (sex, age, pre-deposited 
vulnerability, ethnicity) (Sweeting et al., 2012; Marcaccio and Scher
merhorn, 2021). Forneris et al. (2021), therefore, suggested that an 
accurate prediction of a local wall weakening and aortic rupture should 
be taken into account in the presence of multifactorial, heterogeneous 
spatial factors. The study proposed an index of regional aortic weakness 
(RAW), which captures local changes in the tissue mechanical behavior 
and luminal hemodynamics, which were compared with qualitative and 
statistical analyses of microstructure and gene expression data. The new 

approach was demonstrated to capture changes in the tissue mechanical 
behavior, microstructure, and gene expression, which account for the 
regional variability and tissue heterogeneity. 

6.2. Statistical and ML approaches for rupture risk assessment 

Although biomechanical indices such as PWS and PWRI based on FE 
modeling can be used for classifying the AAA groups (non-symptomatic/ 
symptomatic or ruptured/intact), FE modeling has a deterministic na
ture, thus restricting the use of uncertainty for risk assessment. AAA 
rupture risk assessment is especially involved in a multitude of risk 

Fig. 2. A Bayesian calibration framework implemented to predict AAA growth with confidence range (adapted from Zhang et al., 2019).  

Table 2 
Comparison of different growth prediction studies using ML.  

Paper Aim Method Dataset Training/ 
testing 

Features Accuracy 

Garcia-Garcia 
et al. (2017) 

Classification of 
AAA growth groups 

PCA, DT, SVM, and 
others 

CTA images from 
38 patients 

No separate 
groups 

Clinical, morphological, 
biomechanical, and texture 
features 

Best result was from DT. Only one 
case was clinically missed for the 
classification. 

Lee et al. (2018) Prediction of AAA 
growth 

Nonlinear SVM 
regression 

94 patients No separate 
groups 

Max. AAA diameters and flow 
mediated dilation 

Prediction of max. AAA diam. 
within 2mm error was 85% and 
71% at 12 and 24 months 

Do et al. (2019) Prediction of AAA 
growth 

Dynamic LR Follow-up CT 
images from 7 
patients 

No separate 
groups 

Point-clouds of AAA wall 
surfaces 

The overall Hausdorff distance was 
10.3mm (mean) and 3.64mm (SD) 

Zhu et al. (2019) Prediction of AAA 
growth 

Statistical analysis 80 patients (with 
41 followed) 

No separate 
groups 

ILT signal intensity of MRI 3-fold increase of growth rate 
compared with stable AAAs 

Zhang et al. 
(2019) 

Prediction of AAA 
growth 

Bayesian LR Follow-up CT 
scans from 4 
patients 

No separate 
groups 

Inscribed sphere diameter Most of relative errors of diameter 
growth prediction were less than 
5% 

Zhang et al. 
(2020) 

Transition of disease 
progression 

MM Follow-up CT 
scans from 26 
patients 

No separate 
groups 

Max diameter, ILT 
characteristics 

ILT areal fraction was found as the 
most significant biomarker for 
predicting transitions 

Akkoyun et al. 
(2020) 

Prediction of rapid 
growing AAA 

LR Follow-up CT 
scans from 25 
patients 

No separate 
groups 

Morphological characteristics 86% of scans were predicted in 
95% CI cases 

Jiang et al. (2020) Prediction of AAA 
growth 

Deep belief network Follow-up CT 
scans from 20 
patients 

14/6 Inscribed sphere diameters 2.3-4.3% of relative prediction 
error at 12 months 

Akkoyun et al. 
(2021) 

Prediction of AAA 
growth 

Statistics analysis, 
linear vs. exponential 
models 

Follow-up CT 
scans from 25 
patients 

20/5 Morphological characteristics Max diameter was predicted to 15 
of 16 validation scans with a 95% 
CI 

Stoecker et al. 
(2021) 

Prediction of AAA 
growth 

Extreme GB 10 patients CTAs No separate 
patient 
groups 

Image-derived geometric 
parameters 

Mean relative error in predicting 
max. diameter growth was 10.5% 

Liljeqvist et al. 
(2021) 

Prediction of AAA 
growth 

LR and SVM 189 patients (CT 
and CTA follow- 
up) 

No separate 
groups 

Geometric, biomechanical 
variables with sex, smoking 
and diabetes 

Improved predictions of reaching 
surgical threshold and diameter 
growth rate  
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