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Abstract

Computed tomography (CT) is crucial for evaluating com-
plex aortic anatomy, facilitating surgical planning, and im-
proving patient outcomes in thoracic aortic surgery. Recent
advancements in artificial intelligence (Al)-driven tools of-
fer potential improvements in diagnostic accuracy and in-
terventional planning through automated segmentation and
feature extraction. We conducted a systematic review of
Al-based tools for aortic CT imaging, focusing on machine
learning and deep learning algorithms used in segmenta-
tion and feature extraction. Databases searched included
PubMed, Embase, and IEEE Xplore, using terms such
as “Thoracic Aortic Surgery”, “CT Imaging”, “Segmenta-
tion”, and “Outcome Prediction”. This review identified
high-performance segmentation models, including U-Net
and convolutional neural network (CNN) architectures. Ra-
diomic analyses and automated features demonstrated cor-
relations with surgical outcomes, such as aneurysm growth
rates and thrombus assessment. Al-driven automation in
CT imaging is an expanding field with potential to im-
prove diagnosis, operative planning, and prognostication in
aortic pathologies. Further refinement and integration of
these tools in clinical practice could improve diagnostics
and management for patients with thoracic aortic disease.

cardiac surgery; angiography; computed tomography; Al
(artificial intelligence); aneurysm; aortic; endovascular
techniques; algorithms

Introduction

Medical imaging is a crucial tool in evaluating and
managing various cardiac pathologies, particularly in di-
agnosis, surgical planning, and post-treatment follow-up.
Computed tomography (CT) has emerged as the corner-
stone modality for assessing aortic anatomy and diagnos-
ing acute aortic syndromes, aneurysms, chronic dissec-
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tions, and congenital malformations [1-4]. High-quality
CT imaging can also provide detailed visualizations, allow-
ing surgeons to precisely measure dimensions, detect calci-
fications, determine morphology of intraluminal flaps, and
assess involvement of branch vessels, all of which are cru-
cial for preoperative planning and intraoperative guidance
[5].

Both the American College of Cardiology
(ACC)/American Heart Association (AHA) and the
European Society of Cardiology (ESC) guidelines high-
light the use of CT in the management of thoracic aortic
disease [5-7]. The ACC/AHA recommends computed
tomography angiography (CTA) as the first-line imaging
modality for patients with acute aortic syndrome to confirm
diagnoses such as aortic dissection or intramural hematoma
[5,6]. Similarly, ESC guidelines also emphasize the role of
preoperative CTA in managing thoracic aortic aneurysms,
not only in evaluating size, morphology, and calcifications,
but also in surgical planning for traditional open surgery or
endovascular aortic repair (EVAR) [7].

Automation has significantly expanded the diagnos-
tic capabilities of three-dimensional (3D) imaging. Ma-
chine learning (ML) and artificial intelligence (Al) tech-
niques have been widely implemented in medical imaging,
primarily in data processing methods that convert detector-
level electronic signals into viewable grayscale images on
a workstation [8,9]. These methods are crucial for precise
and timely analysis of images, but are often proprietary and
occur in the backend with minimal end-user input. The
modern Al era has driven new interest in automated or semi-
automated tools that directly influence physician interpre-
tation of imaging [3,10].

Aortic disease serves as a prime target for new imag-
ing Al technologies, given the relatively large caliber and
pathology of the aorta, which most commonly manifests as
changes in size, wall thickness, or morphology [10]. This
review aimed to provide an overview and analysis of Al-
driven CT imaging techniques for thoracic aortic surgery,
focusing on their applications in surgical planning, risk
stratification, and prediction of patient outcomes.
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Searched PubMed, MEDLINE, Embase,
IEEE Xplore Digital Library, and Google
Scholar with Keywords: “Thoracic Aortic
Surgery,” “Computed Tomography,”
“Automation,” “Segmentation,”
“Radiomics,” “Machine Learning,” and

“Outcome Prediction,” along with

Medical Subject Headings (MeSH) terms and
free text terms such as “Aortic Aneurysm,
Thoracic/surgery,” “Tomography, Computed,”
“Image Processing, Computer-Assisted,”
“Radiomics,” and “Machine Learning”

Boolean operators

previously known

146 non-distinct records + 3 publications

Excluded 84 records that focused solely on
clinical contributions without discussing

technological advancements, such as purely
radiological findings

62 relevant articles

Excluded 26 articles due to content overlap or

-+ lack of specific focus on CT imaging
advancements for thoracic aortic surgery

36 core papers that provided in-depth
insights into the automation and
segmentation in aortic CT imaging

Fig. 1. Flowchart of the literature search methodology and inclusion/exclusion criteria. CT, computed tomography.

Manuscript Outline

This review examined state-of-the-art and clinically
relevant methods for analyzing aortic CT imaging, includ-
ing ML and deep learning algorithms for segmentation,
established feature extraction, and novel feature discov-
ery (Table 1, Ref. [11-26]). We will describe and eval-
uate software and packages that exist to automatically or
semi-automatically analyze the thoracic aorta (Table 2, Ref.
[2,3,27-42]). Finally, this review will consolidate best
practices and explore specific contexts in which radiomics
is integrated into these automated tools to enhance clinical
utility (Table 3, Ref. [27,43-48]).

Heart Surgery Forum

Search Criteria

We performed a comprehensive search across mul-
tiple databases to gather relevant literature on advance-
ments in CT analysis for thoracic aortic surgery with a fo-
cus on automation (Fig. 1). The databases searched in-
cluded PubMed, MEDLINE, Embase, IEEE Xplore Dig-
ital Library, and Google Scholar. We used a combina-
tion of core keywords such as “Thoracic Aortic Surgery”,
“Computed Tomography”, “Automation”, “Segmentation”,
“Radiomics”, “Machine Learning”, and “Outcome Predic-
tion”, along with Boolean operators to refine our results.
For instance, our query structure included terms such as
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(“Thoracic Aortic Surgery” AND “Computed Tomogra-
phy” AND “Automation”) OR (“CT Imaging” AND “Seg-
mentation” AND “Outcome Prediction™).

Additionally, we employed Medical Subject Head-
ings (MeSH) terms and free text terms such as “Aortic
Aneurysm, Thoracic/surgery”, “Tomography, Computed”,
“Image Processing, Computer-Assisted”, “Radiomics”, and
“Machine Learning” to further narrow down the search.
During this process, we initially retrieved 146 non-distinct
records. We also considered three papers already known to
us due to their significance in the field.

After screening the titles and abstracts, we excluded
records that focused solely on clinical contributions with-
out discussing technological advancements, such as purely
radiological findings. This screening process reduced the
number of relevant papers to 62 distinct articles. We fur-
ther assessed these articles and excluded 26 due to content
overlap or lack of specific focus on CT imaging advance-
ments for thoracic aortic surgery. Ultimately, we identified
36 core papers that provided in-depth insights into the au-
tomation and segmentation in aortic CT imaging.

These papers were selected based on their recent con-
tributions in their respective areas. To our knowledge,
this review provides a comprehensive analysis of published
studies on advancements in CT imaging for thoracic aortic
surgery, with a particular emphasis on the role of automa-
tion.

Overview of Automated Segmentation and
Feature Extraction Techniques

Automated segmentation techniques utilize ML and
deep learning models to identify and separate regions of in-
terest within complex datasets [49,50]. The advent of con-
volutional neural networks (CNNs) and U-Net architectures
has significantly improved the ability to perform efficient
segmentation, enabling detailed analysis of medical images,
such as CT and magnetic resonance imaging (MRI) scans
[51,52]. Tools, including automatic thresholding, edge de-
tection, and region growing, are commonly used to enhance
the segmentation accuracy, providing clinicians with pre-
cise and reliable data for diagnosis and treatment planning
[52]. Table 1 provides a comprehensive overview of var-
ious automation techniques and tools specifically utilized
for CT imaging segmentation of the thoracic aorta. Spe-
cific computer-aided methods include, but are not limited
to:

e CNNs: used for their exceptional ability to learn and
generalize features from large imaging datasets [11—14].
e U-Netarchitecture: a specialized deep learning model
designed for biomedical image segmentation, known for
its high performance and efficiency [15].
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e Active contour models: used to delineate object
boundaries in images by evolving a curve based on image
gradients [16].

e Random forests: an ensemble learning method that
can be used for image segmentation by classifying pixels
based on a set of decision trees [17,18].

Software and Packages for Automated Tools

in Thoracic Aortic Surgery

Advancements in neural networks have enabled the
development of software platforms that integrate complex
algorithms for precise analysis of aortic CT images. These
tools bridge computational methods and clinical applica-
tions, enhancing surgical planning and patient outcomes.
This section highlights key software solutions, emphasiz-
ing their utility and impact in cardiac surgery.

Mimics Medical v19.0 served as a foundational algo-
rithm, validated in studies for segmenting aortic anatomy
and evaluating preoperative metrics [9,22]. Building on
this foundation, Mimics Medical v22.0 introduced signifi-
cant advancements tailored to Thoracic Endovascular Aor-
tic Repair (TEVAR) [23,24]. The newer version features
automated segmentation and precise measurements of key
anatomical structures, such as the aortic arch and pul-
monary artery, making the newer version better equipped
to handle complex pathologies. These updates underscore
the evolution of the software toward greater precision and
clinical utility in planning endovascular interventions. The
ability to plan TEVAR procedures preoperatively allows for
more accurate stent sizing and better long-term outcomes
for patients with thoracic aortic pathologies. However, lim-
itations remain, including challenges in reconstructing thin
structures, such as the intimal flap in aortic dissections, and
a reliance on high-quality imaging data for accurate seg-
mentation and three-dimensional (3D) reconstruction.

In addition, 3mensio is a commercially available soft-
ware widely used in vascular and structural heart interven-
tions, including TAVR, EVAR, and left atrial appendage
closure (LAAC). The software utilizes CNNs to automate
critical measurements, including aortic diameters, annular
sizing, and stent landing zones, while generating detailed
3D reconstructions from CTA scans. However, the pro-
prietary algorithms in 3mensio lack transparency regarding
training data, and the performance of the software is heav-
ily reliant on high-quality imaging, which can be affected
by acquisition variability. Limited customization for atypi-
cal anatomies, potential integration challenges with existing
systems, and significant licensing costs also present barriers
to its broader application. Despite these limitations, 3men-
sio remains one of the most widely adopted tools in clini-
cal practice, offering streamlined workflows and improved
outcomes for endovascular procedures [21-23].

Heart Surgery Forum


https://journal.hsforum.com/

wn10,] £423.NS JADIL]

L¥9d

Table 1. Summary of different automation techniques and tools for segmentation and feature extraction.

Technique/tool Description Advantages Applications References
Convolutional Deep learning models that utilize convolutional - High accuracy in detecting complex - Aorta segmentation for diameter Taye, 2023 [11], Jha et al., 2020
neural network layers to learn and extract features from images features measurement [12], Shin et al., 2016 [13],
by leveraging local receptive fields to capture - Ability to generalize well to unseen data - Pathology detection (e.g., and Gu et al., 2021 [14]
spatial hierarchies and automatically learn with augmentation atherosclerotic plaque or aneurysms)
features from varied scales and orientations - Robust against noise and variability in - Disease risk prediction (e.g., major
medical images adverse cardiac events (MACESs)).

- Handles multiple imaging modalities of
input data (e.g., CT, MRI)

U-Net architec-

ture

A specialized CNN architecture designed for biomedical - Excellent performance even with small - Accurate aortic wall segmentation for

image segmentation, featuring a contracting path and an datasets calcification scoring

expansive path and distinguished by its encoder-decoder - Captures fine details using skip - Established heart and lung CT models
architecture with skip connections connections

- Provides high-resolution spatial
information critical for organ-level

Ronneberger et al., 2015 [15]
and Zhou et al., 2018 [19]

segmentation.
Active  contour Algorithms that evolve a curve to delineate object - Accurate delineation of boundaries in - Ideal for tubular structure segmentation, Natalia et al., 2020 [16] and
models boundaries based on image gradients using internal noisy images such as blood vessels or bronchi Young et al., 2019 [20]
and external forces - Handles irregular and complex shapes - Accurate wall delineation for stent
effectively placement planning

- Minimal training data required
- Works with both static and dynamic

images
Random forests Ensemble learning method that uses multiple decision - Robust against overfitting with - Classifying calcification regions Polan et al., 2016 [18] and Yang
trees for classification and regression. Utilizes high-dimensional datasets etal., 2020 [17]
bootstrapping and feature randomness to robustly classify - Performs well on small datasets - Predicting plaque vulnerability in
pixels, avoiding overfitting in high-dimensional, cardiovascular imaging
limited datasets - Can handle multimodal data (e.g., - Early detection of abnormalities in
images with clinical metadata). small datasets
Thresholding Basic image processing technique that segments images - Computationally efficient - Detecting high-density calcifications in ~ Houssein ez al., 2021 [21] and
by applying global or adaptive intensity thresholds CT scans Lareyre et al., 2019 [22]
- Simple to implement for binary - Quickly isolates regions of interest
segmentation (ROI) for downstream segmentation
- Useful for preprocessing before analysis

advanced techniques are applied.
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Table 1. Continued.

Technique/tool Description Advantages Applications References
Region growing Method that segments regions by iteratively including - Handles homogeneous regions well - Segmentation of homogenous aortic Raja et al., 2024 [23]
neighboring pixels with similar properties of connectivity - Adaptive to different intensities for regions, such as clear boundaries in
and intensity similarity segmentation calcified or soft plaque
- Intuitive and computationally efficient - Identifying aneurysmal segments

for localized regions

3D reconstruction  Advanced imaging methods that integrate 2D slices into - Enables visualization of complex - Creating 3D aortic models for surgical Ghosh et al., 2022 [24]
techniques detailed 3D models anatomical relationships planning
- Useful for preoperative planning and - Quantifying aortic arch curvature and
intervention tortuosity
- Supports volumetric analysis - Identifying multi-planar abnormalities
Edge detection Techniques that identify edges within images, often using - Highlights boundaries effectively - Identifying aortic borders for manual or Harouni et al., 2021 [25]
gradient-based methods. automated segmentation
- Useful for feature extraction in noisy - Extracting vessel outlines for luminal
environments diameter calculation and stent positioning

- Computationally efficient for

preprocessing
Deep learning en- Combination of multiple deep learning models to improve - Improves performance through model - Integrating anatomical segmentation Ganaie et al., 2022 [26]

sembles segmentation accuracy and robustness. diversity with calcification scoring

- Reduces bias and variance - Cross-sectional imaging to volumetric
segmentation

- Allows integration of multiple - Accurate segmentation of multi-organ

architectures to exploit their unique structures simultaneously

strengths

Wn10,] £423.4NS JADIL]

Abbreviations: CT, computed tomography; CNN, convolutional neural network; ECG, electrocardiogram; ROI, region of interest; MACEs, major adverse cardiac events; MRI, magnetic resonance imaging;

2D, two-dimensional; 3D, three-dimensional.
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Table 2. Evaluation of automated tools for thoracic artery surgery research.

Software/package Algorithm Data input/output Clinical application Validation studies Limitation of studies References
name
Mimics Medical CNNs Three-dimensional CT images of the Planning of TEVAR Validated with 70 CT scans CNN training was performed on Saitta et al., 2022 [27], Kan
v.22.0 thoracic aorta and pulmonary images of healthy subjects and was etal., 2021 [28]
arteries/automated segmentations of only tested on a few pathological
the thoracic aorta and measurements cases
of aortic arch metrics
3mensio CNNs CTA images/automated Planning of TAVR, Validated in various external Performance is heavily reliant on de Vaan et al., 2012 [29],
measurements and 3D TAVI, EVAR, and studies (with 90 to 3318 patients)  high-quality imaging and there is Benedetti et al., 2011 [30],
reconstructions of thoracic aorta LAAC limited customization for atypical Alvarez-Covarrubias et al.,
anatomies 2024 [31]
PRAEVAorta U-Net and CNNs  Post-EVAR CT scans/volumetric and Post-EVAR surveillance Validated with 48 early Analysis was limited to infrarenal Caradu et al., 2022 [3]; van
surface measurements of the post-EVAR CT scans and 101 AAAs. Further validation is needed Tongeren et al., 2025 [2];
aneurysm sac and neck follow-up CT scans. Version 2 for complex aneurysms, including Alkhatib et al., 2024 [38]
was validated with 49 patients pararenal and visceral segments
(98 CTA images)
ITK-snap, 3D CNN and 3D U-Net Three-dimensional CT images of the Planning of TEVAR and Validated with 70 CT scans The CNN training was performed on  Saitta et al., 2022 [27] and
Slicer architecture thoracic aorta and pulmonary double aortic arch images of healthy subjects Avnioglu et al., 2022 [32]
arteries/automated segmentations of evaluation
the thoracic aorta and measurements
of aortic arch metrics
Endoleak Aug- CNNs CTA images/segmentation maps Endoleak detection Validated using 1940 CTA slices, Data came from a single medical Talebi et al., 2020 [33] and
mentor indicating the presence of endoleak post-EVAR of which 746 were positive for  center, sample sizes including the test Nowak et al., 2024 [34]
endoleaks subset were small
TeraRecon Proprietary deep CT angiography scans of the Evaluation and Validated in multiple studies Primarily visualization-based; lacks Figueroa et al., 2010 [37]
learning-based abdominal aorta and endograft follow-up of endograft involving 5 to 65 patients, mostly  fully automated segmentation and Lee, 2007 [39], and Yoon &
algorithms position post-EVAR for endoleaks quantitative force analysis Mell, 2020 [40]
Endosize Boundary-based Spiral CT angiography images Preoperative sizing Validated internally with 32 Retrospective study design prevented Kaladji et al., 2010 [41]
segmentation EVAR scans for EVAR patient same observer variability comparison
Syngo.via post- Deep Chest CT scans/automated detection ~ Improved the accuracy Validated with 100 chest CT Limited sample size and Saffar et al., 2024 [35] and

processing learning-based and volume measurement of thoracic of detecting thoracic scans from 91 patients retrospective study design Rayner et al., 2024 [36]
software (v. algorithms aortic calcifications aortic calcifications

VB60A HF04)

Al-Rad  Com- Deep CT images/automated detection and  Improving the accuracy Validated using thoracic CT Some cases still required manual Marschner ef al., 2022 [42]
panion  Chest learning-based volume measurement of thoracic of detecting thoracic ~ images of 237 patients and pelvic correction

CT VA20 algorithms aortic calcifications aortic calcifications CT images of 102 patients

Abbreviations: AAA, abdominal aortic aneurysm; CTA, computed tomography angiography; EVAR, endovascular aneurysm repair; LAAC, left atrial appendage closure; TAVI, transcatheter aortic valve implantation;

TEVAR, thoracic endovascular aortic repair.


https://journal.hsforum.com/

Open-source tools, such as ITK-Snap and 3D Slicer,
are accessible for download and can be operated on per-
sonal computers. ITK-Snap focuses on manual and semi-
automated segmentation, incorporating ML-assisted work-
flows to streamline the segmentation of aneurysms and aor-
tic dissections [32]. Moreover, the intuitive interface and
real-time feedback of ITK-Snap make this software suit-
able for smaller centers or cases requiring detailed clini-
cian oversight [27,53]. The 3D Slicer software can com-
bine a modular design with advanced algorithms, such as
Mask R-CNN, enabling a range of clinical tasks from im-
age registration to quantitative assessment [54]. For exam-
ple, the Aortic Annulus Analysis module in 3D Slicer can
be used in transcatheter aortic valve replacement (TAVR)
planning, offering precise measurements that inform device
selection and reduce procedural risks. However, a limita-
tion of these open-source tools is their current lack of in-
tegration with hospital picture archiving and communica-
tion systems (PACS), which restricts their use with patient-
specific data; thus, these tools are primarily utilized with
anonymized datasets in a research capacity [27].

Endoleak Augmentor is a deep learning-based tool uti-
lizing CNNss to detect endoleaks in post-EVAR patients by
analyzing CTA images and segmentation maps, enhancing
diagnostic accuracy [33]. However, the development of En-
doleak Augmentor was based on a small dataset from a sin-
gle institution (20 CTAs, 10 with endoleaks), which lim-
its generalizability [34]. Syngo.via post-processing soft-
ware (v. VB60A HF04) and Al-Rad Companion Chest CT
VA20 employ deep learning algorithms for automated de-
tection and volumetric assessment of thoracic aortic cal-
cifications from chest CT scans. These tools support im-
proved risk stratification and patient management [35,36].
Despite their clinical utility, both platforms and TeraRecon,
another widely used proprietary system for 3D aortic vi-
sualization, are limited by their closed-source algorithms
[37]. This lack of transparency hinders user insight into
model decisions and restricts customization or integration
with research-grade analytical tools. Moreover, their per-
formance can be highly sensitive to image quality, scan pro-
tocols, and contrast timing, which may affect reproducibil-
ity across different clinical settings.

By incorporating these tools, surgeons and radiolo-
gists can gain access to intuitive, clinically relevant solu-
tions that maximize the diagnostic and predictive poten-
tial of advanced neural networks [3,26]. While the studies
acknowledge the limitations and the need for further vali-
dation, we aim to emphasize their versatility. Despite the
complexity of their underlying algorithms, these platforms
effectively translate advanced computations into practical,
actionable insights for thoracic aortic surgery, streamlining
workflows, and enhancing patient evaluation.
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Real-World Applications of Al in Aortic
Imaging and Surgical Planning

An ideal new software tool should provide increased
workflow efficiency and enhanced clinical decision-
making value, while also integrating easily with current
electronic health systems and being relatively simple to use.
The tools utilized in the following studies demonstrate sig-
nificant potential for aiding in surgical planning and em-
phasize the predictive value of incorporating radiological
features, often imperceptible to human detection, in assess-
ing patient outcomes. Below, we explore notable studies
that illustrate the application of new, exploratory technolo-
gies in real-world clinical cohorts and patient care, with key
papers summarized in Table 3.

Segmentation and dimensional analysis of the aorta
are fundamental to surgical planning, particularly for pro-
cedures such as TEVAR and EVAR. Koo et al. [43] devel-
oped a CNN-based segmentation tool to establish norma-
tive aortic size ranges across zones 08, utilizing a cohort of
704 healthy Korean adults. Their findings revealed that the
aortic size was significantly larger in males and increased
with age by approximately 1 millimeter (mm) per decade,
providing baseline values for identifying abnormal growth.
The segmentation masks of the tool demonstrated excellent
agreement with manual corrections, offering surgeons reli-
able measurements for procedural planning. However, the
exclusion of older patients in the study and the reliance on
non-gated CT scans, which may introduce cardiac motion
artifacts, particularly in the ascending aorta, highlight areas
for future refinement [43]. Similarly, Krebs et al. [44] ap-
plied an automated deep learning model to evaluate aortic
growth in patients with acute, uncomplicated type B aortic
dissection (auTBAD). Their study revealed rapid growth in
over half the patients, suggesting a potential role for au-
tomated tools in flagging high-risk cases for closer eval-
uation. While promising, the small sample size (59 pa-
tients) underscores the need for larger studies to validate
these findings and refine predictive thresholds for interven-
tion [44].

Radiomics, a technique for extracting quantitative fea-
tures from medical images, has shown significant promise
in thoracic aortic surgery. Zhou et al. [45] applied ra-
diomics to non-contrast CT scans to diagnose acute aortic
dissection (AAD), focusing on intensity, texture, and shape
features. Key attributes, such as histogram-based intensity
metrics and gray-level co-occurrence matrix textures, en-
abled high diagnostic accuracy, providing a non-invasive
alternative for patients contraindicated for contrast agents
[45]. This approach enhances diagnostic workflows and fa-
cilitates timely intervention in emergent settings. Expand-
ing on this, Lu et al. [46] developed a radiomics-based
model to predict adverse events (AEs) following TEVAR in
patients with uncomplicated type B aortic dissections. By
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Table 3. Summary of recent studies on clinically correlated radiomic features in aortic CT analysis.

Study Title Objective Methodology Key Radiological Features Key Findings Limitations References
The diagnostic value of a non-  To investigate the diagnostic ~ Retrospectively selected patients clinically 1203 characteristic parameters: The non-contrast CT scan-based Only 50 patients included in each ~ Zhou et al.,
contrast computed tomography value of a CT scan-based diagnosed with AAD. CT images were first-order statistics, geometric radiomics model accurately group, retrospective, and only the 2021 [45]
scan-based radiomics model for radiomics model for AAD acquired, imported into 3D Slicer, and descriptive features, and texture facilitated AAD diagnosis largest lesion layer was selected for
acute aortic dissection processed by radiologists. Radiomic features, such as gray-level depicting the ROI
features extracted on PyRadiomics co-occurrence, size-zone, run-length,
platform. and difference matrices

Deep Learning Based Automatic To establish reference values for ~ Retrospective study using 704 healthy Aortic size in zones 0-8 Aortic size was significantly larger in Chest CT without ECG gated scan Koo et al.,
Segmentation of the Thoracic aortic size using a fully adults with chest CT scans. A CNN was males; increases with age by ~1 mm  could introduce cardiac motion 2025 [43]
Aorta from Chest Computed To- automated deep learning based ~ trained on 3D CT images for automatic per decade; segmentation masks artifacts especially at ascending
mography in Healthy Korean segmentation method aorta segmentation based on vascular comparable to manually corrected  aorta. Study cohort was relatively
Adults surgery classifications. Masks reviewed ones young, with an average age of 50.6

by radiologists. + 7.5 years, and limited to Korean.
Volumetric analysis of acute un-  To develop an automatic ML Retrospective study with 59 patients Aortic zone volumes, rate of aortic Rapid growth observed in 56% of Small sample size, limited Krebs et al.,
complicated type B aortic dis- model for aortic zone having serial CT scans. An ML model growth patients; no baseline differences generalizability; no differences in 2024 [44]
section using an automated deep segmentation to compare aortic was trained using four-fold between groups; performance of baseline zone volumes between
learning aortic zone segmentation growth in patients with auTBAD  cross-validation, with images annotated model was best in zones 5 and 9 growth groups
model based on Society for Vascular Surgery and (Dice coefficient of 0.91 in zone 9)

Society of Thoracic Surgeons criteria.

Deep learning-based radiomics of  To develop a predictive model —Retrospective study with 369 patients who ~ Rad-Score, CTA-derived radiomic Model exhibited an AUC of 1.000 The nature of the study was Luetal,
computed tomography angiogra- integrating deep learning-derived underwent TEVAR for auTBAD. Deep  features, clinical biomarkers (albumin, (training cohort) and 0.990 (internal retrospective, and individual 2024 [46]
phy to predict adverse events radiomic features from CTA and  learning CNN extracted features from CRP) validation), with excellent accuracy, surgical variances could have
after initial endovascular repair clinical biomarkers to forecast CTA. Feature selection using ANOVA and precision, and sensitivity in influenced outcomes
for acute uncomplicated Stanford AEs in auTBAD patients LASSO, followed by modeling with predicting postoperative AEs
type B aortic dissection undergoing TEVAR XGBoost.
Using machine learning to predict ~ To develop an ML model to Retrospective analysis of 702 patients  Injury location, age, aortic injury grade STREAMLINE model and LR model Limited to a single cohort; model Luetal,
outcomes of patients with blunt predict mortality risk factors in with BTAI from the Aortic Trauma both had high AUCs (0.869 and performance needs validation in 2024 [47]

traumatic aortic injuries

patients with BTAI

Foundation registry. Machine learning
model (STREAMLINE) compared with
logistic regression and AUC analysis.

0.840, respectively) for predicting other cohorts
in-hospital mortality. Variables

differed between models

A fully automated artificial
intelligence-driven software for
planning of transcatheter aortic

valve replacement

To develop and validate an
Al-powered software to
automatically extract anatomical
measurements for TAVR

planning.

Retrospective analysis comparing
Al-generated measurements from 100 CT
scans with expert manual measurements
using commercially available software

packages.

Al-generated measurements showed Limited to a sample of 100 CT

scans; further validation needed

Annular measurements, ascending

aorta dimensions excellent agreement with expert
measurements (correlation >0.95) across different institutions and
and low mean differences (<1.4 patient populations
mm). High agreement with implant

sizing (87-88%)

Toggweiler et
al., 2024 [48]

A Deep Learning-Based and
Fully Automated Pipeline for
Aorta
and Planning for

Thoracic Geometric
Analysis
Endovascular Repair from Com-

puted Tomography

To develop a fully automated
CNN pipeline to segment the
thoracic aorta and quantify
geometric features relevant for
TEVAR planning

Trained a CNN using 395 CT scans for
segmentation, validated on 70 scans. The
CNN was embedded in a computational
pipeline to extract aortic metrics like
maximum diameters, angulation, and

tortuosity.

The CNN achieved a Dice score of
0.95 and was able to accurately

Aortic arch centerline radius, CNN training, which requires a

maximum diameters, angulation, large number of CT scans, was

tortuosity segment 9 pathological cases. performed on images of healthy

Significant differences in parameters subjects
between standard and common origin
of the innominate and left carotid

artery arches were found

Saitta et al.,
2022 [27]

Abbreviations: AAD, acute aortic dissection; AE, adverse event; ECG, electrocardiogram; ML, machine learning; TBAD, Type B aortic dissection; AUC, area under the curve; BTAI blunt thoracic aortic injury.
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integrating CTA-derived features with clinical biomarkers
such as C-reactive protein (CRP) and albumin, the model
demonstrated exceptional predictive performance with an
external validation area under the curve (AUC) of 0.985
[46]. This tool enables surgeons to stratify patients by
risk, allowing for personalized postoperative care and tar-
geted follow-up strategies. For blunt thoracic aortic in-
jury (BTAI), Lu et al. [46] created the STREAMLINE ML
model to predict mortality risk. Indeed, the STREAMLINE
ML model incorporated factors such as injury location, age,
and grade, streamlining trauma care by identifying patients
most in need of urgent intervention [47]. These advance-
ments in radiomics and ML demonstrate their potential to
refine diagnostic accuracy, predict complications, and per-
sonalize management strategies in thoracic aortic surgery.

Al-powered tools are also proving transformative in
procedural planning. Toggweiler et al. [48] validated
an in-house developed software that automates anatomical
measurements for TAVR planning. The tool demonstrated
strong agreement with expert manual measurements, with
correlations exceeding 0.95 and high concordance in pros-
thetic sizing decisions. Thus, by eliminating the variabil-
ity and time burden of manual measurements, this soft-
ware allows surgeons to focus on optimizing procedural
outcomes while reducing reliance on human radiologists
[48]. For TEVAR planning, Saitta et al. [27] developed
a fully automated, CNN-based pipeline to extract key geo-
metric features, including centerline radius, angulation, and
tortuosity. Their model achieved high ground-truth similar-
ity scores and accurately quantified proximal landing zone
parameters, which are critical for stent graft selection. By
offering detailed geometric insights, this tool enables sur-
geons to refine patient-specific procedural strategies, mini-
mizing the risk of complications [27].

Advanced imaging tools are transforming thoracic
aortic surgery by enhancing diagnostic workflows, improv-
ing surgical planning precision, and providing data-driven
insights into patient outcomes. By integrating features be-
yond traditional size metrics, such as wall stress and cal-
cification patterns, these tools enable clinicians to make
more nuanced, patient-specific decisions, ensuring timely
and tailored interventions.

Future Directions and Challenges

Advanced imaging technologies, including radiomics,
deep learning, and hybrid CT modalities, have the po-
tential to transform thoracic aortic surgery by improv-
ing diagnostic accuracy, surgical planning, and personal-
ized risk assessment. However, widespread adoption faces
significant hurdles, such as limited dataset diversity, the
absence of standardized validation protocols, and chal-
lenges in integrating these tools into hospital PACS sys-
tems. While many of these technologies are open-source
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and lightweight, ensuring secure and seamless access to
patient-specific data remains a major obstacle.

To unlock the full potential of these innovations, it
is essential to investigate the effectiveness of software and
workflows through conducting multicenter validation stud-
ies under real-world conditions. Seamlessly integrating ad-
vanced imaging tools into clinical workflows would en-
hance collaboration among radiologists, cardiologists, and
cardiovascular surgeons, more easily fostering a multidis-
ciplinary approach to care. By highlighting the utility of
these technologies, this paper emphasizes the importance of
incorporating these models into routine practice to enable
precise, data-driven, and patient-centered care in thoracic
aortic surgery.

Conclusion

Artificial intelligence driven tools are rapidly trans-
forming computed tomography analysis in thoracic aortic
surgery, offering significant advances in segmentation ac-
curacy, radiomic feature extraction, and outcome predic-
tion. By automating critical imaging tasks, these tech-
nologies can enhance surgical planning, streamline work-
flows, and support more personalized patient care. How-
ever, widespread adoption will depend on standardized val-
idation, improved dataset diversity, and seamless integra-
tion into clinical systems. Continued multidisciplinary col-
laboration and real-world testing are essential to fully real-
ize the clinical potential of Al in thoracic aortic imaging.
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