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Highlights

e  Aortic aneurysms (AAs) remain one of the most fatal cardiovascular diseases

e  Artificial intelligence (Al) could facilitate both AA risk prediction and complex management
e Al could identify blood biomarkers and develop more appropriate treatments

e  Therefore, Al could represent an excellent tool for aortic aneurysm management

Summary

Artificial intelligence (Al), applied to all forms of aortic aneurysm (AA), facilitates both
AA risk prediction and complex disease management. Therefore, Al could represent an
excellent tool for AA management, demonstrating the potential not only to improve AA
risk prediction, resulting in a reduction in mortality risk, but also to radically transform the
way we understand, monitor, and manage AA patients, albeit with some limitations. Al
could also identify blood biomarkers and develop more appropriate treatments, including
differentiated treatments for men and women.

Abstract

Aortic aneurysms (AAs), both abdominal and thoracic, remain one of the most lethal
cardiovascular diseases, with increasing prevalence and incidence, especially in sporadic
forms, in our populations, primarily represented by elderly individuals. The high mortality
risk is primarily due to delayed management, although their management has shown
progress, particularly regarding imaging techniques that facilitate diagnosis and otherwise
complex surgical procedures. This is due to the clinical decision-making approach, which,
unfortunately, is still based, according to guidelines, on the maximum aortic diameter. The
maximum aortic diameter, as repeatedly emphasized, fails to capture the biological and
biomechanical complexity of these pathological conditions, which are influenced, among
other things, by highly individual factors (genetics, gender, lifestyle, etc.). Thanks to the
advent of network medicine and omics sciences, diverse and complex clinical, imaging,
and biomarker datasets are available. Artificial intelligence (AI) could process this data
to facilitate the complex management of aneurysms and accurately predict risk. Al could
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prove an excellent tool for aneurysm management, improving risk prediction and rad-
ically transforming the way we understand, monitor, and manage aneurysm patients,
despite some limitations, as well as improving its therapeutic applications towards per-
sonalized strategies. This narrative review provides an overview of these aspects based on
current evidence.

Keywords: aortic aneurysms (AAs); network medicine; omics artificial intelligence (Al);
Al in AA risk assessment; Al in AA biomarkers; Al in surgical approaches; advantages
and limits

1. Introduction

In recent decades, network medicine has transformed the management of complex
diseases such as aortic aneurysms (AAs), improving diagnosis, prognosis, clinical decision-
making, and patient outcomes [1]. These advances are largely driven by artificial intelli-
gence (Al), and particularly its subtypes machine learning (ML) and deep learning (DL),
which can analyze multidimensional datasets, recognize patterns, and generate reliable
evidence to support early diagnosis and evidence-based therapeutic or surgical decisions,
complementing expert clinical judgment [2,3]. Al has also facilitated the discovery of blood
biomarkers, identification of novel therapeutic targets through multi-omics analyses, and
optimization of clinical trials [4,5]. In healthcare operations, Al enhances resource allocation,
streamlines workflows, and supports patient interactions, including telemedicine [6-11].
Nevertheless, challenges remain, including data privacy, algorithmic bias, model trans-
parency, and clinician acceptance. Ethical integration requires explainable Al, regulatory
oversight, and interdisciplinary collaboration [12-16]. Al further holds promise in precision
medicine, robotic surgery, personalized treatment planning, and medical education [17].
Its successful implementation depends on trust and thoughtful use, which can transform
healthcare into a more accurate, efficient, and patient-centered system.

1.1. Review Scope and Novelty

This narrative review provides a comprehensive overview of the current role of Al
in aortic aneurysm research and clinical management. While previous reviews have often
addressed specific aspects of Al implementation, such as imaging segmentation, predic-
tion models, or individual machine learning methodologies, the present review aims
to provide an integrated perspective on multiple dimensions of Al application within
a unified framework. Specifically, it combines methodological foundations of artificial
intelligence, including machine learning and deep learning approaches, with their clini-
cal implications in aneurysm assessment, imaging analysis, biomarker integration, risk
stratification, outcome prediction, and decision-support strategies. Attention is also given
to emerging topics that have received comparatively less emphasis in prior literature,
including model interpretability, explainable artificial intelligence approaches, and chal-
lenges associated with translating AI systems into routine clinical practice. By integrating
methodological and clinical perspectives, this review aims not only to summarize current
evidence but also to identify current limitations and highlight future directions for research
and implementation.

1.2. Methods of Literature Selection

Literature was identified through searches performed in major scientific databases,
including PubMed, Scopus, and Web of Science. The search focused on studies published
from January 2010 through March 2026 to capture the rapid evolution of machine learning
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and deep learning methodologies in this field. Search terms included combinations of

V/a7i v v

keywords related to “artificial intelligence”, “machine learning”, “deep learning”, “aortic
aneurysm”, “risk prediction”, “imaging analysis”, “biomarkers”, and “clinical decision
support”. Articles were selected according to their relevance to the objectives of this review,
prioritizing peer-reviewed original studies, systematic reviews, and key methodological
studies addressing Al-based approaches in imaging analysis, risk prediction, biomarker
integration, and clinical decision support in aortic aneurysm research. Since this work was
designed as a narrative rather than a systematic review, PRISMA methodology was not
applied; however, efforts were made to include representative studies reflecting the most

relevant and current evidence available.

2. AL Its Description with Benefits, Limitations, and Types

Al refers to computational systems capable of performing tasks that traditionally
require human-like cognitive functions, including learning, pattern recognition, problem-
solving, and decision-making [18]. In healthcare, Al supports data-driven tasks by inte-
grating complex clinical, imaging, biomarker and procedural data to assist diagnosis, risk
stratification, and treatment planning. Within this domain, ML refers to a subset of Al in
which algorithms learn patterns directly from data, such as anonymized patient records,
biomarker features, and medical images [19], and use them to make predictions, such as
aneurysm growth, rupture risk, or postoperative complications. Unlike traditional statistics,
which test specific pre-defined hypotheses, ML models optimize predictive accuracy by
identifying multi-dimensional, non-linear relationships. These algorithms can be learned
by training data in which a domain expert associates a specific output with a particular
input (supervised learning). Common supervised ML methods used in aneurysm research
include Random Forests, Gradient Boosting Machines, Support Vector Machines, and Naive
Bayes classifiers. Moreover, multiple individual models can be aggregated into a single,
stronger predictor in techniques such as Extreme Gradient Boosting (XGBoost), Random
Survival Forests, and hybrid frameworks like SHAP-FIRE or PSO-ELM-XGBoost. This is
particularly effective in aneurysm research, where datasets contain many variables related
to anatomical, physiological, and biochemical information but relatively few patients. ML
methods also include unsupervised techniques, such as clustering of proteomic or transcrip-
tomic profiles, which help uncover disease subtypes or molecular patterns. Recent efforts
emphasized not only prediction but also interpretability. Tools such as LASSO regression
and Permutation Importance help identify the variables most strongly associated with the
prediction. SHAP (Shapley Additive Explanations) is increasingly used because it conveys
information about the relative contribution of each model’s feature to the prediction.

Deep learning (DL), a further specialization within ML, employs interconnected nodes, called
neurons, that process and transmit information from the input to the output layer [18-20]. DL
can automatically learn, extract and categorize complex spatial features from raw imaging
data [18-23], making it highly suited for 3D aortic imaging. Common architectures, such as
U-Net, nnU-Net, ResNet, VNet, AlexNet, and VGG-16, are based on Convolutional Neural
Networks (CNNs).

3. Al Clinical Application in the Complex Case of Aortic Aneurysms:
Their Definition, Types and Features

AA is defined as an aortopathy characterized by a permanent and localized arterial dilation
of the human aorta, greater than 1.5 times the normal diameter of the vessel, involving all three
layers of the aortic wall (different from pseudoaneurysm) [24]. The onset of AA is associated
with several epidemiological factors, such as age, sex, ethnicity, family history, and smoking [25].
AA is often asymptomatic in the initial phase and is a life-threatening condition, associated with a
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high risk of rupture and death. Its treatment depends on surgical repair, which can be performed
through open surgery or endovascular aneurysm repair (EVAR) [25]. AAs can develop at any
level of the aorta and are typically classified as thoracic aortic aneurysms (TAA) or abdominal
aortic aneurysms (AAA) [24-27]. Although both occur within the same vessel, they exhibit
distinct pathogenesis and etiologies, as evidenced by histopathological differences in the
aortic wall between the thoracic and abdominal segments [24-28]. AAA is the most frequent
site of aneurysm formation, particularly affecting the infrarenal abdominal aorta [29-32]
and is approximately five times more prevalent than TAA [29-32]. Epidemiological studies
of TAA are limited by its asymptomatic course and diagnostic challenges [25]. Often termed
the “silent killer”, TAA typically progresses without symptoms until rupture, with mortal-
ity rates between 94% and 100% [31]. Its thoracic location further complicates diagnosis,
which is often made incidentally via echocardiography, chest CT, or autopsy [32,33]. In con-
trast, AAA is more accessible for screening and has been extensively studied in population-
based cohorts.

Evidence indicates that TAA prevalence and treatment outcomes vary according to
race, gender, and socioeconomic status, with incidence increasing in older adults [31,34].
Across both sexes, advanced age and larger body surface area (BSA) are general risk factors
for AAs, regardless of anatomical location. While hypertension is a predominant risk
factor for TAA, hypercholesterolemia and smoking are more strongly associated with
AAA [34-36] (Figure 1).

Robust population-based studies Incidental diagnosis

Thoracic Aortic Aneurysm (TAA) Abdominal Aortic Aneurysm (AAA)

‘When the maximum diameter of the aneurysm reaches a
critical size (55 mm), surgical treatment is indicated

Figure 1. TAA and AAA with risk factors and diagnosis and parameter for surgical treatment.

Clinical management primarily relies on serial monitoring of aneurysm size [32,33].
Surgical intervention is recommended when the maximum diameter reaches 55 mm [32,33].
However, precise assessment of aortic size is often challenging due to sources of error such
as vessel obliquity, asymmetry, and mismatched imaging planes, prompting the use of
both echocardiography and CT/MRI for accurate evaluation. Notably, approximately 60%
of patients experience complications before reaching this size, indicating that maximal
diameter alone is an insufficient predictor of aneurysm-related risk.

Multiple factors contribute to the risk of rupture, including biochemical and biome-
chanical influences, sex, genetic predisposition [37,38], and connective tissue disorders such
as Marfan and Ehlers-Danlos syndromes [32,33]. For example, our group and others have
shown that arterial age and premature vascular aging, rather than chronological age, are
significantly associated with accelerated aneurysm growth [35]. Consequently, leukocyte
telomere shortening and altered telomerase activity may serve as biomarkers for AA onset
and progression. Additionally, upregulation of pro-inflammatory pathways—including
TGF-3, TLR-4, interferon-y, and chemokines—correlates with specific allelic profiles and
accelerates aortic dilation and growth [39—43].

Biomechanical factors also modulate aortic wall dilation and can be evaluated through
computational modeling, which simulates stress distribution within theoretical aortic mod-
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els. Imaging techniques such as ultrasound elastography (EEL), CT angiography (CTA),
and MRI are used to assess rupture risk. CTA is considered the gold standard for surgical
planning due to its high-resolution, three-dimensional images, which allow precise evalua-
tion of aortic morphology, extent, and valve anatomy. It also detects concomitant occlusive
or atherosclerotic diseases, informs surgical strategies, and enables 3D reconstructions and
preoperative simulations, supporting safer interventions. CTA’s speed, availability, and
ease of use make it ideal for both elective and urgent preoperative assessments [44-52].
Nonetheless, traditional screening methods remain limited in detecting small or atypical
aneurysms [53,54].

Current Challenges and Emerging Approaches

Current research on aortic aneurysms is driven by the need for reliable methods to
integrate diameter-based criteria into complication risk assessment and timing of elective
repair. Circulating and tissue biomarkers, alongside computational biomechanics, offer
promising avenues. Biomarker studies have identified molecules and genes—including
variants linked to familial and sporadic forms—that correlate with disease onset and prog-
nosis. Computational models of blood flow and wall mechanics provide biomechanical
indicators, yet their clinical adoption is limited by computational demands, model com-
plexity, and required expertise. Integrating multi-scale data, from molecular to organ levels,
remains challenging. The disease’s complex, multifactorial nature—spanning molecular
mechanisms, cellular responses, biomechanics, and aortic pathophysiology—continues to
hinder comprehensive risk stratification [55,56].

4. AI Applications as Potential Support in AA Evaluation and
Management: Literature Evidence

Advances in imaging and Al are revolutionizing the evaluation and management of aortic
aneurysms. Visualization techniques are fundamental in identifying aorta dimensions, as they
allow clinicians to interpret three-dimensional (3D) imaging data with high accuracy [32,33].
Unlike conventional two-dimensional (2D) imaging, 3D visualization provides a complete
anatomical view of the aorta, facilitating the inspection of areas such as the ascending aorta,
aortic arch, descending aorta and abdominal aorta, and enabling the evaluation of pathological
conditions like aneurysms [44-50]. Central to this process is image segmentation, which
isolates anatomical regions of interest and reduces image complexity, allowing subsequent
analysis and application of advanced assessment techniques [47-50]. Traditional segmentation
methods, such as flood-fill, graph-cut, grow cut, and watershed, have shown limitations;
however, Al approaches, such as DL, have significantly improved segmentation performance,
making clinical implementation increasingly feasible.

Several studies have demonstrated the practical application of DL in aortic segmenta-
tion. Lareyre et al. employed a threshold-based contour detection pipeline to automatically
detect AAA features [44], while Lopez-Linares et al. used deep convolutional neural
networks (CNNs) for postoperative thrombus segmentation in computed tomography
angiography (CTA) [45]. Wang et al. proposed a fully automated organ segmentation
method using CNNSs for pixel-level classification [57], and Roby et al. developed a dilated
CNN-based approach for thoracic aorta detection across multiple CT planes [58]. Fantazz-
ini et al. combined 2D multi-view CNNs for preoperative 3D aortic segmentation [46].
Other imaging modalities, including magnetic resonance angiography (MRA), have also
benefited from automated segmentation, providing quantitative comparisons of native
versus contrast-enhanced acquisitions [48]. Recently, Matsopoulos’s group proposed a
fully automated 3D segmentation framework combining conventional image processing
and machine learning to reconstruct accurate 3D aortic models from CT data [47]. These
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advances support standardization of diameter measurements and morphological assess-
ments such as aortic length, which has been linked to dissection events [49,50]. Tools like
“Aorta Report v1.0” demonstrate the potential of Al-assisted pipelines for automated aortic
diameter extraction from CT scans [44].

Al also enables enhanced evaluation of biomechanical indicators critical for assessing
aneurysm rupture risk. High-fidelity computational simulations, including computational
fluid dynamics (CFD) and finite element analysis (FEA), remain the gold standard for
estimating wall shear stress (WSS) and peak mechanical wall stress (MWS) [51-54] but
these methods are computationally intensive. DL-based models have shown promise
in accelerating these estimations. Liang et al. trained deep neural networks to predict
steady-state pressure and velocity distributions in the thoracic aorta within one second [51],
while Pajaziti et al. used large-scale CFD simulations to train machine learning models that
reproduce 3D hemodynamics [52]. Similarly, Du et al. developed Al frameworks capable
of reconstructing detailed pressure, velocity, and WSS patterns from anatomy alone in
milliseconds [53]. Al has also facilitated structural wall stress prediction and surrogate
constitutive modeling, improving patient-specific biomechanical analysis [54].

Beyond assessment, Al has advanced predictive modeling and synthetic data gen-
eration for risk stratification and rupture prediction. Models integrating imaging, com-
putational biomechanics, and biomarkers improve the prediction of aneurysm expansion
and rupture, which cannot be reliably assessed by diameter alone [55-60]. Al-driven ap-
proaches have also been used to estimate rupture stress, incorporating ex vivo data and
computational models to produce accurate local failure indices [61-65]. Synthetic datasets
generated via statistical shape modeling or deep learning techniques enable the creation of
large, anatomically consistent virtual cohorts for in silico trials, supporting ML training
and risk analysis [66-75]. These strategies allow the derivation of patient-specific rupture
risk indices, the calibration of predictive models, and the exploration of device efficacy in
virtual environments.

Overall, the integration of Al, advanced imaging, and biomechanical modeling holds
transformative potential for the clinical management of aortic aneurysms. Ultrasound
remains the primary screening tool, while CTA, MRA, and Al-assisted imaging enhance
early detection and risk stratification [44-50]. The combination of automated 3D seg-
mentation, biomechanical assessment, and predictive modeling offers a precision-based,
multidisciplinary approach capable of improving patient outcomes while maintaining
cost-effectiveness (see Figure 2).

Growth
Prediction

P

Machine
Learning
in Aortic

Aneurysms

Post-treatment
Outcomes

Figure 2. An overview of the main applications of machine learning across the aortic aneurysm
clinical and research pipeline, spanning detection and imaging to growth modeling, rupture risk
estimation, and synthetic data generation. This shows how machine learning serves as a unifying
framework to support risk stratification, biomechanical understanding, and the development of in
silicon trials for the management of patients with aortic aneurysms.
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5. Molecular Biomarkers and Al in Aortic Aneurysm

The pathogenesis of AA involves a multitude of complex mechanisms, including
genetic predisposition, specific genetic mutations, and vascular inflammatory processes
caused by the infiltration of T lymphocytes and macrophages, resulting in alterations of
the extracellular matrix (ECM) and progressive weakening of the vascular wall, ultimately
increasing susceptibility to aneurysmal disease [39-43,76,77]. Considering these features of
AA, the application of Al, particularly ML techniques, may represent a fundamental contri-
bution to the complex diagnostic process of these conditions. Al-based systems enable the
integration of multiple pathways and biomarkers currently recognized in the pathogenesis
of AA. These biomarkers include different categories, such as genetic and transcriptomic
biomarkers (e.g., gene variants and expression profiles associated with inflammation and
vascular remodeling), proteomic biomarkers (e.g., matrix metalloproteinases, inflammatory
cytokines, and circulating proteins involved in vascular degeneration), and metabolomic
biomarkers reflecting alterations in oxidative stress, energy metabolism, and tissue remod-
eling pathways [78,79]. Moreover, Al may represent a significant advancement in clinical
practice, in addition to its potential role in the development of targeted therapies.

For this reason, studies investigating correlations between molecular biomarkers
and pathogenic processes through Al and machine learning approaches are increasingly
emerging [78,79]. Current evidence suggests that Al may represent a promising direction
for future scientific research. The main studies discussed in this paragraph are summarized
in Table 1. The large number of currently known biomarkers and variables considerably
exceeds the number of available subjects, which is one of the main reasons why machine
learning approaches have been successfully implemented. Traditional statistical analysis
primarily focuses on inference, evaluating the strength of associations within predefined
models [57]. In contrast, ML focuses on prediction through generic learning algorithms
capable of identifying hidden patterns within complex datasets.

Table 1. Recent evidence about AA biomarkers and Al

Title

Author, Year Conclusions

Proteins involved in complement activation, humoral immune

Differentiation between Descending Thoracic Aortic
Diseases using Machine Learning and Plasma
Proteomic Signatures

Momenzadeh A.
etal., 2023 [74]

response, and blood coagulation were associated with
significantly more frequent pathways in the plasma of patients
with type B dissection compared to those with descending
thoracic aortic aneurysms.

Al-powered assessment of biomarkers for growth
prediction of abdominal

Forneris A. et al.,

Significant difference for the time-averaged wall-shear stress:
patients with a basal diameter >50 mm showed a lower value

aortic aneurysms 2023 [56] than patients with a basal diameter <50 mm.
Machine learning combined with omics-based LiD.etal., Dysregulation of FOSB and JUNB was highlighted in the
approaches reveals T-lymphocyte cellular fate 2005 [59] abdominal aortic wall

imbalance in abdominal aortic aneurysm

Identification of CCR7 and CBX6 as key
biomarkers inabdominal aortic aneurysm: Insights
from multi-omics data andmachine learning analysis

Yong X. et al.,
2024 [60]

CCR?7 expression is upregulated, whereas CBX6 expression is
downregulated, both showing significant correlations with
immune cell infiltration.

Single-Cell Sequencing Analysis and Multiple Machine
Learning Methods Identified G0S2 and HPSE as Novel

Xiong T. et al,,

Association between G0S2 expression and neutrophils,
activated and quiescent mast cells,

Biomarkers for Abdominal 2022 [61] MO and M1 macrophages, regulatory T cells (Treg), quiescent
Aortic Aneurysm dendritic cells and quiescent CD4 memory T cells.
Integ'ratlon of 'bulk/gcRNfA'—seq and mult1ple machine The combined results of our bioinformatics and

learning algorithms identifies PIM1 as a biomarker Han Z. etal,, Machine Learnine Models Highliehted PIM1 as a valid
associated with cuproptosis and ferroptosis in 2024 [62] & ghig

abdominal aortic aneurysm

biomarker for AAA.

The complex etiopathogenesis of AA also makes the identification of precise diagnostic
biomarkers particularly challenging. Therefore, the current challenge is to create integrated
models capable of supporting clinical decision-making processes. However, much of the
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existing evidence primarily focuses on abdominal aortic aneurysms (AAA). Therefore,
reviewing currently available evidence may be essential for identifying emerging trends
and future perspectives. Momenzadeh et al. proposed a hypothesis for the differential
diagnosis between descending thoracic aortic aneurysms and type B dissections by com-
paring conventional statistical analysis with ML algorithms [74]. Among the 1549 peptides
and 198 proteins analyzed, statistical analysis identified only one significant correlation,
namely hemopexin (HPX), between the two pathological conditions. In contrast, machine
learning approaches initially grouped quantitatively similar proteins using hierarchical
clustering analysis and subsequently evaluated them through six different classification
algorithms. The five proteins with the highest Permutation Importance (PI) scores were
immunoglobulin heavy variable 6-1 (IGHV6-1), lecithin—cholesterol acyltransferase (LCAT),
coagulation factor XII (F12), HPX, and immunoglobulin heavy variable 4-4 (IGHV4-4).
Furthermore, proteins involved in complement activation, humoral immune response, and
blood coagulation pathways were more frequently represented in patients with type B dis-
section compared with those presenting descending thoracic aortic aneurysms. Therefore,
compared with conventional statistical analysis, machine learning enabled the identifica-
tion of specific plasma proteomic signatures that may facilitate the differential diagnosis
between these closely related pathological conditions [74].

Another aspect of fundamental importance in aneurysm management is the prediction of
aneurysm growth during follow-up. Al has also demonstrated considerable potential in this
field. Forneris et al. evaluated three functional biomarkers, namely time-averaged wall shear
stress, in vivo principal strain, and intraluminal thrombus thickness, and achieved an area
under the curve (AUC) of 0.92 using a binary Extra Trees classifier algorithm, demonstrating
excellent predictive performance for clinically relevant aneurysm growth compared with
conventional geometric models. In particular, the authors reported significantly lower time-
averaged wall shear stress values in patients with a baseline diameter >50 mm compared
with those with a baseline diameter <50 mm (0.59 £ 0.37 Pa vs. 0.78 %+ 0.48 Pa; p <0.001).
These findings further support the predictive value of this biomarker for progressive aortic
weakening and aneurysmal growth [56].

The ability to manage large datasets combined with the development of specific
learning models has also improved understanding of poorly characterized pathogenic
mechanisms, including the precise role of T lymphocytes. Li et al. investigated T-cell imbal-
ance in aortic wall infiltration and identified eight different T-cell phenotypes characterized
by distinct gene expression profiles and phenotype-specific markers. By applying two
machine learning models, four key biomarkers—FOSB, JUNB, cystatin F (CST7), and TBC1
domain family member 4 (TBC1D4)—were identified across four independent datasets [59].
Dysregulation of these biomarkers was observed within the abdominal aortic wall. ROC
curve analysis revealed particularly significant results for FOSB and JUNB, with AUC
values of 0.911 and 0.917, respectively [59].

Similarly, by integrating multi-omics approaches with machine learning algorithms,
Yong et al. investigated immune cell infiltration mechanisms involving macrophages and
CD8-positive alpha-beta T cells in AAA pathogenesis. This approach led to the identifica-
tion of two potential biomarkers, CCR7 and CBX6. Specifically, CCR7 expression positively
correlated with naive B cells, suggesting a potential role in modulating immune responses
involved in AAA development. Conversely, the inverse correlation between CBX6 and neu-
trophils suggested a possible suppressive effect on neutrophil activity, potentially reducing
aneurysmal progression [60].

Using a similar methodological approach, Xiong et al. demonstrated an association be-
tween GO0S2 expressions and several inflammatory cell populations, including neutrophils,
activated and resting mast cells, MO and M1 macrophages, regulatory T cells, resting
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dendritic cells, and resting CD4 memory T cells, further supporting the central role of
inflammatory infiltration in aneurysm pathogenesis [61].

In addition to confirming partially established pathological mechanisms, machine
learning algorithms may facilitate the identification of novel biomarkers, including those
associated with cuproptosis and ferroptosis pathways in AAA [80,81]. Cuproptosis is a
recently discovered form of programmed cell death that depends on copper. Excess intra-
cellular copper binds to lipoylated proteins in the mitochondrial tricarboxylic acid (TCA)
cycle. This binding causes the aggregation of these proteins and destabilizes mitochondrial
function, leading to mitochondrial stress, impaired respiration, and eventually cell death.
In the context of AAA, cuproptosis may contribute to the loss of VSMCs. Since VSMC
death weakens the aortic wall, disruptions in copper metabolism within vascular cells
could promote aneurysm progression [80]. Ferroptosis is another form of programmed cell
death, but it depends on iron and lipid peroxidation. When free iron accumulates in cells, it
catalyzes the production of reactive oxygen species (ROS) through Fenton reactions. These
ROS cause peroxidation of polyunsaturated fatty acids in cell membranes, which become
lethal if protective systems such as glutathione peroxidase 4 (GPX4) are insufficient. In
AAA, iron accumulation in the aortic wall can trigger ferroptosis in VSMCs and endothelial
cells. This contributes to weakening of the aortic wall, aneurysm expansion, and increased
risk of rupture [81].

Han et al., using three scRNA-seq datasets derived from different mouse models
together with a bulk RNA-seq dataset from human peripheral blood mononuclear cells
(PBMCs), analyzed through four machine learning algorithms, identified PIM1 upregula-
tion as a potential biomarker involved in both cuproptosis and ferroptosis pathways [81].
Since both mechanisms contribute to vascular smooth muscle cell (VSMC) loss, a key
event in AAA progression, these findings may provide new opportunities for therapeutic
targeting and improved disease stratification [62].

Although machine learning systems have experienced rapid growth in recent years,
further development and validation of predictive models are still required before Al can
be fully translated into clinical practice. Figure 3 summarizes the current major fields of
application of machine learning algorithms in the management of biomarkers involved in
the etiopathogenesis of aortic aneurysms.

r N\
\ 7/
)

DIFFERENTIAL
DIAGNOSIS ANEURYSM
WITH GROWTH L\
G SIMILAR PATHOLOGIES | PREDICTION " /tv

—

STILL LITTLE-KNOWN OF
PATHOGENETIC NEW
MECHANISMS BIOMARKERS

Figure 3. The current main fields of application of ML algorithms in the management of biomarkers
implicated in the etiopathogenesis of aortic aneurysms.

https://doi.org/10.3390/ai7060209


https://doi.org/10.3390/ai7060209

Al 2026, 7, 209

10 of 18

6. Al in Prognosis and Therapeutic Decision-Making for
Aortic Aneurysms

The growing use of Al in the management of aneurysmal disease is increasingly
applied to the development of prognostic prediction models, demonstrating higher success
rates than currently used approaches [76]. Predicting prognostic risk is fundamental in
the clinical management of aneurysmal disease. Given that the condition is asymptomatic
in most cases, determining the optimal timing for surgical intervention has always been
challenging, requiring an accurate prediction of the risk of dilation and/or rupture that
takes into account individual patient characteristics. When managing such large and
complex datasets, Al can be extremely useful. The Danish team led by Skovbo JS et al. [68],
analyzing a population of 637 individuals that included all cases of AAA rupture from
January 2009 to December 2016 and elective surgeries with a 1:2 ratio, proposed a SHAPFire
(SHapley Additive exPlanations Feature Importance Rank Ensembling) Al tool. This model,
using 68 different characteristics, identified 20 key factors in assessing progression risk,
achieving superior AUC and Youden index compared to aortic diameter alone. These
characteristics included CT-based dimensional parameters (maximum transverse diameter,
maximal luminal area, distance between iliac bifurcations, distance from lowest renal artery
to aortic bifurcation, maximum right iliac artery diameter, distance between right and
left iliac bifurcations from aortic bifurcation, distance from aortic bifurcation to sacrum,
transverse outer-to-outer diameter of L3), anterior wall thickness, clinical factors (age,
smoking, pulse pressure, hypertension, BSA, use of statins and platelet inhibitors), UniCa
scores over 15 mm at maximum size and in thrombus, and the presence of suprarenal
mural thrombus.

Another model, the APC (aneurysm prognosis classifier) from the University of Pitts-
burgh [70], analyzed data from 381 AAA patients with known clinical outcomes (aneurysm
repair or rupture), categorized into clinical, biomechanical, and morphological data. Ma-
chine learning algorithms trained on this dataset generated a final classification model to
guide clinicians regarding surgical timing, highlighting the importance of imaging-based
biomechanical and morphological quantification, as also demonstrated by Lindquist Lil-
jeqvist et al. in small aneurysms [71]. Similar findings have been reported in studies
integrating machine learning with geometric and biomechanical variables for abdominal
aortic aneurysm risk stratification [73-75]. Although several prognostic models have been
proposed, their clinical applicability and generalizability remain limited by relatively small
sample sizes and the need for external validation [74]. Therefore, Al and machine learning
can play a key role in predicting outcomes for such complex pathologies, provided that
models include sufficiently large patient populations to minimize statistical bias.

Therapeutic management of TAA, less studied than AAA, also benefits from Al-
assisted risk stratification. The main therapeutic approaches are: (a) open surgery, the
gold standard for ascending and arch TAA, involving replacement of the diseased aortic
segment with a Dacron graft, often using cardiopulmonary bypass for maximum durability;
(b) endovascular repair (TEVAR), a minimally invasive technique for descending aorta,
reducing perioperative morbidity in frail patients. Effective TAA management requires
careful stratification of dissection or rupture risk. Al, through machine learning and
radiomics analysis, extracts subclinical information from CT images—such as wall stiffness
or hemodynamic forces—complementing simple dimensional data. This enables more
personalized and accurate risk stratification and supports clinicians in selecting the most
appropriate intervention. Al distinguishes patients best suited for open surgery from
those better candidates for TEVAR by analyzing complex anatomical constraints and
predicting postoperative outcomes and complications, thus improving individual rupture
risk prediction [82-89].
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Moreover, Al combined with multi-omics approaches [82-89] is identifying molecular
targets—such as TGF-f3 signaling pathways (e.g., ACTA2, SMAD2;), pro-fibrotic molecules
(e.g., CTGE MMPs), contractile/ECM proteins, and inflammatory mediators (e.g., TLR4 pathway
[CB3.1])—which may respond to specific pharmacotherapies. This provides a scientific basis for

developing or supporting pharmacological alternatives to surgery [39-43,63-65,76,77].

Experimental Evidence

Several studies have explored the application of Al, including ML and DL, in TAA
and ATAAD risk assessment (see Table 2). Kennedy et al. [66] demonstrated that ML
models integrating clinical, imaging, and genetic data more accurately predicted TAA

tissue mechanical properties than diameter-based methods, with age and echocardiographic

stiffness metrics as key predictors. Li et al. [75] developed XGBoost models for TEVAR

and complex EVAR, achieving high accuracy in predicting one-year adverse outcomes,

highlighting the value of ML in perioperative risk stratification and personalized care.
Huang et al. [67] reviewed DL applications, showing that CNN-, U-Net-, and GAN-based
models can accurately detect and segment aneurysms, assist in surgical planning, and

predict prognosis, achieving near-radiologist-level performance.

Table 2. Detail on risk assessment studies.

Study AI Approach Objective Population/Sample Key Results/Metrics Clinical Implications
R? = 0.63 vs. diameter
2 ) . AP
ML (Gaussian Predict TAA tissue 158 resected R = .0'26’ age str.ongest Better rlsk stratification
Kennedy et al. [66] . X R X predictor; inclusion of beyond diameter-
Process Regression) mechanical function =~ TAA tissues : N
echocardiographic stiffness  based methods
improved R? to 0.62
Preoperative risk
ML (XGBoost, Predict one-year . AI[)]C 0'%_0'98; aceuracy assc.essmenfr,
. 10,738 patients 89%; key predictors: perioperative
Lietal [75] Random Forest, SVM,  outcomes after (VQI database) rocedure type, functional optimization
ANN, Naive Bayes) ~ TEVAR/EVAR p type, fu p on,
status, comorbidities personalized patient
management
Screening, Large CT/MRI AUC up to 0.97; Dice >0.95;  Automated diagnosis,
Huang et al. [67] DL (CNN, U-Net, segmentation, datasets, >18,000  automated aneurysm improved surgical
8 ’ ResNet, GAN) surgical planning, scans in detection, segmentation, planning, postoperative
prognosis of AA some studies stent placement assessment  monitoring

AUC 0.8687; top predictors:

ML (PSO-ELM- Predict 30-day 640 ATAAD . Preoperative mortality
Zhang et al. [78] FLXGBoost) mortality in ATAAD  patients age, CPB time, risk stratification
ALT, D-Dimer
Predict CRRT ﬁggoo.zfétli(sz 1}; rci;ltlgt(;;gc Early identification of
LiKetal. [79] ML (XGBoost) requirement 588 patients p . ’ high-risk patients
transfusion, renal
post-ATAAD surgery . for CRRT
artery involvement
ML ensemble Predict major adverse PRC area highest; G;l(:ﬂe;l;;gvl ‘:al strategy,
Luo H. et al. [82] outcomes (MAO) 635 patients 11 strongest preoperat .
(RSF + GBM) . . i optimization, patient
post-ATAAD surgery predictors identified .
monitoring
Predict long-term Multicenter AUC 0.816; predictors: Long-term
Cai et al. [83] ML (SVM) survival 20172020 ’ CA/CCA involvement, AF,  prognosis, therapeutic
post-ATAAD HE, DM strategy guidance
Predict earl Octogenarian status, poor Identification of
ML (Decision -earty . nutrition, debranching ultra-high-risk
Kano et al. [84] . mortality 79 patients
Tree Analysis) ost-TEVAR procedures as subgroups for
P main predictors preoperative planning
Targeted preventive
Han et al. [85] ML + regression Predict postoperative ~ ATAAD surgical =~ C-statistic > 0.8; 6 interventions,
T (LASSO, logistic) hepatic dysfunction patients key predictors postoperative
management

https:/ /doi.org/10.3390/ai7060209


https://doi.org/10.3390/ai7060209

Al 2026, 7, 209

12 0f 18

In ATAAD, Zhang et al., [78] Li K et al., [79] Luo H. et al., [82] Cai et al., [83] and
Han et al. [85] reported ML models capable of predicting perioperative mortality, require-
ments for CRRT, major adverse outcomes, long-term survival, and postoperative hepatic
dysfunction, identifying key risk factors such as age, organ dysfunction, procedural com-
plexity, and cardiovascular comorbidities. Kano et al. [84] used ML-based decision tree
analysis to predict early mortality after TEVAR, highlighting patient age and nutritional sta-
tus as critical determinants. Overall, these studies indicate that Al-based models improve
prediction of structural, procedural, and long-term outcomes in aortic disease, offering
tools for risk stratification, surgical planning, and personalized management, although chal-
lenges remain regarding dataset size, generalizability, and model interpretability [86-88]
(see Table 3).

Table 3. Main Message on Risk assessment.

AI Approach

Main Message on Risk Assessment

ML (Gaussian Process Regression)

ML models integrating clinical and imaging data better predict TAA tissue mechanical risk than
diameter alone.

ML (XGBoost, others)

ML can accurately predict one-year adverse outcomes post-TEVAR/EVAR, supporting perioperative
risk stratification.

DL (CNN, U-Net, ResNet, GAN)

DL enables automated detection, segmentation, and prognosis prediction of aortic aneurysms,
improving risk evaluation for surgical planning.

ML (PSO-ELM-FLXGBoost)

Advanced ML predicts 30-day mortality after ATAAD surgery, allowing early identification of
high-risk patients.

ML models identify patients at risk of postoperative CRRT after ATAAD surgery, enabling

ML (XGBoost) timely interventions.

ML ensemble (RSF + GBM) Preqperatlve ML ensemb.le prech'cts'ma].or adverse outcomes (MAO) in ATAAD, supporting surgical
decision-making and patient optimization.

ML (SVM) ML predicts long-term survival post-ATAAD, highlighting critical clinical risk factors for prognosis.

ML (Decision Tree Analysis)

Decision tree ML identifies early post-TEVAR mortality risk, particularly in elderly and
malnourished patients.

ML + regression (LASSO, logistic)

Predictive models can identify postoperative hepatic dysfunction risk, guiding targeted
preventive strategies.

7. Conclusions

The field of CVD, such as AA, is undergoing significant transformation due to the
integration of Al in disease management [90-95]. Al is expected to revolutionize clinical
strategies, patient modeling, and personalized treatment, considering the unique onset,
progression, therapeutic response, and outcomes of each patient. Significant innovations in-
clude the integration of omics data (genomics, transcriptomics, proteomics) with AI models
and the use of big data, which are advancing prevention and treatment programs [23]. How-
ever, despite increasing interest, Al’s current role in AA management remains limited [96].
Main challenges include:

e ML models not consistently outperforming traditional methods such as logistic regression [95];

e Inadequate model validation and poor generalization to real-world cases [96,97];

e High training times for deep learning (DL) models and significant costs of imaging,
omics assessment, and GPU usage [91,95];

e Limited dataset sizes, often single-center, lacking multicentric validation, increasing
the risk of overfitting [98].

Nevertheless, Al shows great potential for:

e Improved quantification and analysis of imaging data;
e Risk prediction, notification, and diagnostic support;
e  Optimization of treatment strategies, especially surgical;
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e  Detection of de novo aneurysms or prediction of recurrence after treatment.

Future implementation requires the development of multi-task Al algorithms capable
of handling diverse aneurysm types and vascular features, leveraging advanced techniques
such as convolutional residual networks, active learning, one-shot learning, and generative
adversarial networks (GANSs) [91]. Rigorous clinical validation is essential, including
external validation, prospective cohort studies, and multicentric designs.

Regulatory considerations are also critical. Research-level Al tools require ethical and
institutional oversight; clinical decision support (CDS) tools provide guidance but do not make
autonomous treatment decisions; regulatory-approved Al systems for diagnosis, monitoring,
or treatment are considered medical devices and require FDA clearance or approval. Clearly
distinguishing these categories ensures safe and effective implementation [99-102].

In summary, the path toward fully reliable Al for AA management is long, but all
conditions are in place for rapid progress toward clinically effective and scalable tools
(see Table 4).

Table 4. Opportunities, Challenges, and Recommendations for Al in AA.

Category Key Points

- Improved imaging quantification and analysis

- Risk prediction and outcome assessment
Opportunities - Optimization of surgical strategies

- Detection of new or recurrent aneurysms

- Integration of omics and big data

- ML models may not outperform traditional approaches
- Limited and poorly validated datasets

Challenges - High DL training times and costs—Need for large-scale,
multicentric studies
- Risk of overfitting due to single-center data

- Develop advanced multi-task algorithms (CNN residuals,
GAN:s, active learning)

- Follow rigorous clinical validation criteria (external validation,
prospective multicentric studies)

- Perform cost-effectiveness evaluations

- Distinguish between research tools, CDS, and
regulatory-approved medical devices

- Encourage cross-institutional collaboration and large-scale studies

Recommendations
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