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Abstract

This study aimed to investigate the application of machine learning (ML) in transcatheter aortic valve replacement (TAVR) and to demon-
strate that, owing to the unique strengths of ML, this field outperforms conventional approaches in both preoperative assessment and
postoperative prediction of TAVR. Nonetheless, TAVR is the preferred treatment option for medium- and high-risk patients with aortic
stenosis, a common valvular disease, because of the associated minimally invasive nature and rapid recovery. However, challenges
remain in preoperative evaluation and in predicting postoperative complications. Thus, ML technology offers innovative solutions for
these challenges. This study provides an overview of current ML applications in TAVR and evaluates the associated benefits in measuring
preoperative anatomical parameters and predicting postoperative complications. Indeed, the superiority of ML models for preoperative
planning can be assessed by comparing ML model-derived data with measurements from senior and junior observers across various aor-
tic root anatomical parameters. Additionally, this review discusses the challenges of applying ML in TAVR, including data acquisition,
privacy protection, and model generalizability. The ongoing advancement of artificial intelligence (Al) technologies, particularly the
integration of explainable Al and federated learning, is expected to enhance the accuracy and personalization of preoperative planning
and postoperative prediction for TAVR. This progress will facilitate broader application of these technologies, ultimately benefiting a
wider patient population.
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1. Introduction performs conventional approaches in both preoperative as-

. . ) sessment and postoperative prediction.
Aortic stenosis is the most common valve disease

worldwide, and its incidence continues to increase with the
aging population [1]. Although Surgical Aortic Valve Re-
placement (SAVR) remains the gold standard, transcatheter
aortic valve replacement (TAVR) offers lower invasive-
ness, faster recovery, and equivalent long-term outcomes;
therefore, its use has shifted from high-risk to low-risk and
younger patients [2—5]. The trade-off is a technically de-
manding procedure conducted in a confined operative field,
carrying specific risks of coronary obstruction or paravalvu-
lar leakage, which must be anticipated on a patient-by-

2. Challenges in TAVR Precise Evaluation
and Postoperative Prediction

TAVR requires rigorous preoperative evaluation to en-
able personalized interventional planning and improve clin-
ical outcomes; however, current methods are complex and
challenging.

2.1 Precise Anatomical Quantification Remains
Challenging

patient basis. Durability concerns add further complexity,
as younger recipients often require future valve-in-valve or
redo-TAVR, where even millimeters of miscalculation can
raise residual gradients and precipitate severe prosthesis—
patient mismatches [6,7]. Therefore, accurate preoperative
sizing, lifelong surveillance, and reliable prediction of early
complications exceed the traditional risk scores. The ma-
chine learning (ML) integration of imaging, engineering,
and clinical data has become essential for optimizing the
entire TAVR pathway. This study aimed to investigate the
application of ML in TAVR and demonstrate that ML out-

The success of TAVR depends on precise aortic an-
nulus assessment. The annulus diameter changes with car-
diac contraction and relaxation; hence, static measurement
is insufficient [8]. In practice, the systolic diameter is
larger; therefore, it is usually measured [9]. However, some
studies have indicated that the maximum annulus diame-
ter may occur during diastole; therefore, guidelines recom-
mend capturing data for the entire cardiac cycle [10].

Coronary artery obstruction is a common and severe
complication of TAVR. Accurate measurement of anatom-
ical parameters, such as coronary artery ostium position,
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height, relation to valve structure, leaflet length, and cal-
cification extent, combined with hemodynamic modeling,
can predict the risk of coronary artery obstruction [11]. In
practice, the coronary artery ostium position varies among
individuals and is influenced by pathological factors, such
as calcification and valve disease, as well as dynamic
changes [12]. Moreover, valve implantation-induced coro-
nary artery displacement poses challenges in predicting the
risk of coronary obstruction through anatomical parameter
measurements.

2.2 Valve Sizing and Implantation Decision-Making
Remain Difficult

Valve size selection models can be built based on pre-
cise anatomical parameter measurements to enhance valve
selection accuracy and interventional success. Various
measurement strategies for annulus size selection currently
exist, including those based on annulus size, balloon an-
gioplasty results, and supraannular structure measurements.
Each method has its own advantages and disadvantages,
and no unified standards exist [13]. In some cases, the
aortic annulus may be in the critical zone [14]. For these
patients, whose annulus size is near the boundary of two
differently sized valves, clinicians must consider other fac-
tors (e.g., calcification extent, coronary artery ostium posi-
tion, and sinotubular junction size) when deciding between
a larger or smaller valve. This increases the complexity of
valve size selection [15].

2.3 Challenges at the Convergence of ML and Multimodal
Imaging

Three-dimensional echocardiography, cardiac com-
puted tomography (CT), and cardiovascular magnetic res-
onance imaging (MRI) provide the resolution required to
grade aortic stenosis, regurgitation, and mitral and tricus-
pid diseases [ 16]. Manual contouring is labor-intensive and
operator-dependent. ML segments leaflets, annuli, and sur-
rounding structures in real time, color-mapping calcific de-
posits or jet trajectory. In stenosis, the targets are calci-
fication and root geometry, whereas in regurgitation, the
dynamic jet volume and chamber impingement are tracked
across four-dimensional datasets [17].

Precise anatomical parameter measurement and valve
size selection both affect valve implantation depth. Exces-
sively deep implantation may cause complications such as
conduction block. Computer modeling can simulate the
valve implantation-induced mechanical behavior, predict
the stress distribution and deformation at different depths,
and determine the optimal implantation depth [11]. How-
ever, this is limited by factors such as pathological changes
and dynamic aortic variation measurements.

Beyond the challenging preoperative evaluation, reg-
ular postoperative follow-up and monitoring are needed,
and rely on accurate postoperative complication predic-
tion, which is another challenge. TAVR complications in-
clude cardiac conduction abnormalities, stroke, local vas-

cular complications, contrast-induced nephropathy, heart
failure, infection, and pericardial effusion/tamponade [18].
These complications can result in organ ischemia, severe in-
jury, and even death. In addition, as TAVR is increasingly
performed in low-risk populations and post-TAVR compli-
cation rates rise, patients are placing more emphasis on as-
sessing postoperative mortality and complication risks. Ac-
curate prediction of post-TAVR clinical outcomes is vital
for identifying high-risk patients, ensuring robust perioper-
ative planning, and facilitating informed consent.

Traditional cardiac implantation risk prediction
scores, such as the EuroSCORE 1 and II and the Soci-
ety of Thoracic Surgeons Predicted Risk of Mortality
(STS-PRoM), are widely used in cardiac implantation.
These scores offer valuable preoperative risk assessment
references and have demonstrated accuracy and reliability
in predicting mortality and complications in traditional
cardiac implantation [19-23]. However, these scoring
systems have limitations when applied to TAVR. Patients
undergoing TAVR often have unique clinical features:
they are typically older, have multiple comorbidities,
and face unique risks associated with minimally invasive
implantation. Based on data from traditional cardiac
implantation, these scoring systems fail to adequately
account for TAVR-specific risks; thus, they are inaccurate
and unsatisfactory in predicting post-TAVR mortality and
complications.

In recent years, TAVR-specific risk scores, such as
the Observant, France 2, Core Valve, and TAVI2 scores,
have been developed. These scoring systems, derived from
unique clinical and interventional data of patients undergo-
ing TAVR, accurately assess post-TAVR risks. These scor-
ing systems target the unique risks of patients undergoing
TAVR (old age, multiple comorbidities, and minimally in-
vasive implantation-related risks), making them more suit-
able for pre-TAVR risk assessment compared to traditional
cardiac implantation risk prediction scores [24-26]. How-
ever, most scoring systems are generated using traditional
statistical methods (e.g., logistic regression). These meth-
ods assume linear variable relationships and rely on step-
wise variable selection, which limits their ability to han-
dle complex multimodal clinical data. Additionally, they
are insufficient for individualized assessment, timely data
updates, and adequate external validation, rendering their
accuracy in predicting postoperative mortality and com-
plications inadequate for high-precision clinical decision-
making [26]. Table 1 presents the common data types en-
countered in clinical practice. The complexities of these
data types are determined by the specific scenarios in which
they are applied.

With the rapid advancement of artificial intelligence
(AI), ML has emerged as a powerful tool capable of au-
tomatically learning patterns from large volumes of com-
plex data, thereby facilitating efficient and accurate pre-
dictions and decision-making. This technology can signif-
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Table 1. Data types, complexity, and application scenarios in TAVR quantitative assessment and risk prediction.

Data type

Complexity

Application scenario

Clinical feature data

Intraoperative monitoring data

Imaging data

Text data

These data may have complex inter-relationships,
including multidimensional patient information,

such as age, sex, and comorbidities.

These data are real-time, continuous, and dynamic,
such as hemodynamic parameters and ECG moni-
toring data.

These data have a large volume and high di-
mensionality, requiring professional analysis tech-
niques and tools, including CT and ultrasound.

These are unstructured data requiring natural lan-
guage processing techniques to be transformed into

analyzable forms, such as interventional records

Enabling determination of patient suitability for
TAVR by assessing major risk factors, and assist-
ing in initial risk stratification and long-term prog-
nosis evaluation.

Evaluating immediate postoperative effects, clas-
sifying key indicators, capturing dynamic data
changes, and predicting potential complications or
interventional strategy adjustments.

Analyzing preoperative imaging data, automati-
cally identifying structural parameters, measuring
key parameters to support interventional planning,
and enhancing preoperative imaging analysis to
expand training datasets.

Processing text information in patient medical
records, extracting valuable clinical features, as-

sisting in preoperative risk assessment, and inter-

and follow-up reports.

ventional planning.

CT, computed tomography; ECG, electrocardiogram; TAVR, transcatheter aortic valve replacement.
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icantly enhance model accuracy and generalizability, plac-
ing it at the forefront of predictive analytics [27-30]. ML
involves the accurate extraction of features from a clini-
cal medical environment and the establishment of models
for making informed decisions. However, certain features,
such as the geometric characteristics of aortic sinus replica-
tion and the spatial distribution of pathological information,
are challenging to quantify. Deep learning (DL), a crucial
subset of ML, excels in handling high-dimensional nonlin-
ear data, which traditional methods, such as adaptive fea-
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ture extraction from medical images, struggle with. It can
also accurately segment anatomical structures from images
for 3D reconstruction and quantitative analysis. Thus, ML
is particularly well-suited for tasks involving multimodal
information-assisted diagnosis, precise interventional plan-
ning, and prediction of postoperative complications. Fig. 1
illustrates the common methods and application frame-
works of ML in clinical medical data.

Data associated with TAVR are voluminous and com-
plex, and encompass both structured and unstructured data.
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These data involve different modalities, various data dis-
tribution ranges, and distinct spatial dimensions. ML can
effectively address these challenges owing to its high ef-
ficiency, accuracy, and adaptability, and has been exten-
sively applied in procedures such as TAVR. Fig. | outlines
the data ecosystem and application framework of ML in
the TAVR care pathway. Beginning with medical images,
such as CT and echocardiography, ML or DL performs
anatomical segmentation and 3D reconstruction to create
high-quality datasets. Based on these datasets, ML mod-
els can quantitatively analyze key anatomical parameters to
support clinical decisions, including valve selection, inter-
ventional planning, and complication prediction, covering
the entire chain from preoperative diagnosis to intraopera-
tive guidance and postoperative risk assessment.

3. Overview of ML
3.1 Common ML Methods

Conventional statistical approaches have limitations
in processing high-dimensional datasets and capturing com-
plex nonlinear relationships. However, several problems,
such as complex interactions and nonlinearity, are involved
in TAVR applications. ML algorithms can address these
challenges and handle data complexity effectively. Re-
search has shown that ML can analyze large amounts of
complex data, automatically uncover hidden patterns and
correlations, and build more accurate predictive models.

As the TAVR-eligible population grows, significant
differences have been observed in patient clinical character-
istics, risk factors, and prognoses. ML can integrate mul-
tidimensional patient data, such as medical history, imag-
ing, and laboratory tests, to create personalized treatment
plans. Additionally, it helps clinicians evaluate interven-
tional risks and benefits, thereby aiding in the selection of
the most suitable treatment approach.

Table 2 (Ref. [31-40]) compares common ML and
DL algorithms, including their principles, applicable data
types, strengths, limitations, and potential applications in
the TAVR field.

ML has been applied in various scenarios before, dur-
ing, and after implantation. Next, we focus on its appli-
cation in measuring anatomical parameters and predicting
postoperative complications.

3.2 Application of ML in Preoperative Anatomical
Parameter Measurement for TAVR

The pre-TAVR work-up integrates systemic risk
screening with quantitative mapping of the aortic valve
complex (AVC). Multidetector CT, a guideline-mandated
gold standard [41], informs both patient selection and pro-
cedural planning.

In traditional CT assessments, the process begins with
scanning to obtain the patient’s full-body imaging data, fol-
lowed by segmentation of key anatomical structures in the

aortic root, such as the aortic valve annulus, sinuses, sino-
tubular junction (STJ), and ascending aorta, and then mea-
surement of parameters such as the annulus diameter and
area. Previously, this process was primarily conducted by
observers in conjunction with manual software, typically
involving several steps, such as observation, manual ad-
justment of views, localization, contouring, and measure-
ment of the AVC, which required the observer to be highly
proficient in anatomical structures and manual software op-
eration. This approach is also time-consuming and labor-
intensive, often requiring multiple repetitions and a lengthy
duration, which pose obstacles to annulus selection, imple-
mentation of TAVR, and subsequent development [42].

ML has continued to evolve and is gradually being ap-
plied in the field of medical imaging [43]. DL, an important
branch of ML, trains models using large training datasets.
These algorithms can automatically identify and segment
anatomical structures of interest, thereby significantly im-
proving the efficiency and accuracy of segmentation and
bringing about new breakthroughs and hope for preopera-
tive anatomical parameter measurement in TAVR. DL al-
gorithms can analyze a patient’s CT and other imaging data
and automatically complete the segmentation of anatomical
structures, localization of key planes, and measurements,
such as determining the aortic valve annulus plane, mea-
suring the left ventricular outflow tract, Valsalva sinus, STJ,
and aortic size 40 mm above the aortic valve annulus plane,
to provide more accurate anatomical information for preop-
erative planning. This helps doctors select the appropriate
valve size and formulate interventional strategies to reduce
interventional risks such as coronary artery obstruction and
paravalvular leakage.

Table 3 (Ref. [8-10,44—46]) lists these metrics, com-
paring ML results with those of human observers and
demonstrating the advantages of ML in anatomical param-
eter measurement.

A meta-analysis of six studies (n = 2292) demon-
strated that the pooled Dice similarity coefficient (DSC) for
ML in aortic and cardiac structure segmentation tasks was
0.918 (95% CI: 0.909-0.927). This value differed by only
0.005 mm from the inter-observer DSC of 0.913 (95% CI:
0.904-0.922), meeting the predefined non-inferiority mar-
gin (p = 0.018). The mean measurement difference was —
0.07 mm (standard error [SE]: 0.04), which was substan-
tially smaller than the inter-observer variability of 0.92 mm
(SE: 0.11). Furthermore, the standardized mean difference
for the 95% Hausdorff distance (HD-95) boundary accuracy
index and the average symmetric surface distance was be-
low 0.1, indicating that boundary errors were comparable
to those of manual segmentation. The meta-analysis also
revealed a 94.8% (95% CI: 92-97%) reduction in analysis
time. Although current evidence suggests that ML achieves
an accuracy comparable to that of experienced observers
with improved efficiency, further multicenter, prospective,
and registry-based studies are warranted to validate its gen-
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Table 2. Comparison of different machine learning and deep learning algorithms and their potential applications in TAVR quantitative assessment and risk prediction.

Algorithm name

Algorithm type

Principle

Data types

Advantages

Limitations

Application scenarios in TAVR

Artificial Neural

Network [31]

Decision Tree [32]

Support Vector Ma-
chine [33]

Naive Bayes [34]

k-means Clustering
[33]

k-Nearest Neighbors
Algorithm [36]

Machine Learning -
Supervised Learning

Machine Learning -

Supervised Learning

Machine Learning -
Supervised Learning

Machine Learning -
Supervised Learning

Machine Learning -
Unsupervised Learn-
ing

Machine Learning -
Supervised Learning

Simulates human brain neuron
structure and function to build
multi-layer network models that

learn input-output mappings.

Splits decision steps into corre-
sponding subsets based on features,
gradually constructing a decision
tree to form the final decision.

Identifies an optimal hyperplane to
separate different classes of data,
maximizing the margin between the

two classes.

A classification method based on
Bayes’ theorem and the feature con-
ditional independence assumption,
calculating classification probabili-
ties via features, and selecting the
most probable category.

One of the simplest unsupervised
learning algorithms. It partitions ob-
servations into a pre-specified num-
ber of clusters (k) to minimize the

variance within clusters.

Classifies new data points based on
the similarity to the k-nearest neigh-

bors.

Various data types

Structured  data,
some unstructured

data

data,
some unstructured
data

Structured

Structured  data,
text data
Structured data

Various data types

Capable of adaptive learning and dy-
namic adjustment, suitable for large-
scale datasets.

Easy to understand, not computa-
tionally intensive, and flexible to

nonlinear covariate effects.

Typically exhibits low misclassifi-
cation error and can be well ex-

tended to high-dimensional data.

Performs relatively well in cases of
missing data, small datasets, and ir-
relevant features, capable of han-
dling multi-classification problems.

Simple analysis, easy to interpret,

and computationally efficient.

Intuitive and applicable for both

classification and regression tasks.

Poor model interpretability, the
training process may require sub-

stantial computational resources.

Highly sensitive to minor per-
turbations. Prone to overfitting
(model performs well on the train-

ing set but poorly on the test set).

Prone to underfitting (model per-
forms poorly on both the training
and test sets), classification accu-
racy may not be high.

The independence assumption is
violated in the real world. More-
over, classification performance
may be affected when feature cor-

relations are strong.

Sensitive to the choice of k value,

noise, and outliers.

Sensitive to outliers, computa-

tionally intensive.

Enables preoperative risk assessment
and long-term prognosis evaluation
for patients undergoing TAVR by pre-
dicting complications such as vascular
injury and cardiac tamponade.
Suitable for preliminary risk stratifi-
cation of patients undergoing TAVR
based on clinical features (e.g., age,
sex, comorbidities), helping doctors
quickly grasp the general risk level of
patients.

It can be used for immediate postoper-
ative effect assessment in TAVR, such
as distinguishing between good and
poor valve implantation positions, or
for classification judgments of certain
key intraoperative indicators.
Suitable for classification analysis of
certain specific preoperative indica-
tors in patients undergoing TAVR
(e.g., laboratory test results, imag-
ing features), to assist in determin-
ing whether patients are suitable for
TAVR implantation.

It can be used for clustering analysis
of preoperative physiological indica-
tors or postoperative recovery condi-
tions in patients undergoing TAVR, to
identify characteristic patterns of dif-
ferent patient groups.

Can be used for rapid classification
or regression analysis of certain real-
time intraoperative monitoring data in
TAVR (e.g., hemodynamic parame-
ters).
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Table 2. Continued.

Algorithm name Algorithm type

Principle

Advantages

Limitations

Application scenarios in TAVR

Convolutional Neu- Deep Learning
ral Network [37]

Neural Deep Learning

Transformer [39] Deep Learning

Ad- Deep Learning

Automatically extracts spatial fea- Image data

ture hierarchies from data such as
images through convolutional and

pooling layers.

A tree-like hierarchical artificial
neural network that connects neu-
rons recursively, extracting features

from the input data layer by layer.

Transformer’s self-attention pro-
cesses the full sequence at once,
capturing dependencies between
positions, using positional encoding
for position-aware processing.

A GAN comprises a generator that
creates synthetic data from random
noise and a discriminator that as-
sesses data authenticity. Through
adversarial training, the genera-
tor progressively learns to produce

more realistic data.

Sequential data

Various data types

Automatically extracts features, re-
duces computational load, and is ro-
bust to certain image transforma-

tions.

Capable of processing data with re-
cursive structures, such as tree-like
and graph-like structures, suitable
for syntactic and semantic analysis
tasks.

Strong parallel computing capabil-
ity, efficient processing of long se-
quences, powerful feature extraction
ability, and scalability.

Capable of generating high-quality,
realistic data, suitable for image syn-
thesis and style transfer tasks, and
has a relatively simple training pro-

CEesS.

Requires substantial computa-
tional resources and data for
training, prone to overfitting
with small datasets, and has poor
model interpretability.

Gradient vanishing or explosion
problems may occur during train-
ing, making training difficult.

High computational and memory
consumption, relatively weak lo-
cal feature extraction ability, and
limitations in positional informa-
tion encoding.

Complex training process, prone
to mode collapse, resulting in
a lack of diversity in generated
samples, and sensitive to data and
hyperparameters.

Mainly used for analyzing preopera-
tive imaging data in TAVR, automat-
ically identifying anatomical struc-
tures, measuring key parameters (e.g.,
aortic valve calcification degree), and
providing a basis for interventional
planning.

Can be used to analyze long-term se-
quential data in TAVR (e.g., electro-
cardiographic monitoring data, pres-
sure monitoring data), capturing dy-
namic patterns in the data to predict
potential intraoperative complications
or adjust interventional strategies.
Enables real-time TAVR monitoring
by analyzing continuous ECG and
hemodynamic data to identify long-
term feature changes, and extracts
critical insights from patient records.
Can be used for preoperative imag-
ing data augmentation in TAVR, gen-
erating more realistic imaging data to
expand the training dataset and im-
prove model robustness. It can also be
used to simulate different postopera-
tive complication scenarios in TAVR.

7]
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eralizability and assess its impact on clinical endpoints in
external populations.

Considering the measurements obtained by experi-
enced senior observers as the standard, comparisons with
the values obtained through DL revealed that the differ-
ences in the measurements of various anatomical param-
eters of the aortic root were minimal. In some cases, the re-
sults obtained from DL outperformed those obtained from
junior observers.

3.3 Advantages of ML in Postoperative Complication
Prediction

ML converts large multicenter TAVR registries into
risk predictors by extracting nonlinear, high-dimensional
feature interactions that elude conventional calculators.
Agasthi ef al. [11] recently showed that such algorithms
outperformed both TAVI2-SCORE and the CoreValve
model in terms of 1-year survival, underlining their incre-
mental clinical value.

We systematically retrieved comparative investiga-
tions that trained and tested ML and traditional risk scores
within identical cohorts (Table 4, Ref. [11,23,47-55]). Re-
views, conference abstracts, and non-English manuscripts
were excluded, and no minimum follow-up period was
mandated. Seven studies addressed all-cause mortality: 30-
day (n = 2), in-hospital (n = 2), 1-year (n = 3), 2-year (n =
1), and 5-year (n = 1), while two examined major bleeding
and one assessed 30-day readmission. Table 4 compares the
two modeling strategies using C-statistics (95% CI) and the
metrics defined below.

Table 4 shows that traditional scoring methods (such
as EuroSCORE II, STS, and TAVI2-SCORE) generally
predict postoperative mortality, bleeding, or readmission
with an AUC of <0.72 [11,23,49-52], well below the 0.75
threshold usually considered clinically acceptable. In con-
trast, ML models—including gradient-boosting, random-
forest, or deep-network variants—achieve AUCs >0.80 in
the same cohorts, with three external validations reaching
0.88-0.92 [23,49,54], indicating markedly superior overall
discrimination.

Operationally, conventional tools demonstrate low
sensitivity (STS: 0.514 [51]), leaving nearly half of high-
risk patients undetected. ML approaches, leveraging high-
dimensional feature spaces, increase sensitivity to 0.70—
0.88 while maintaining specificity >0.85 [23,47,49,51].
Owing to low event rates, traditional positive predictive val-
ues (PPVs) can fall to 0.059, generating excessive false-
positive alerts. In contrast, ML models deliver PPVs of
0.30-0.64 and maintain negative predictive values >0.95,
substantially reducing clinical noise. F1-scores of 0.71—
0.92 [23,49] further confirm that ML retains balanced pre-
cision when forecasting rare complications.

Lastly, Table 4 shows that age, hemoglobin level,
serum creatinine level, and left-ventricular ejection fraction
remain the dominant predictors across studies. ML ampli-
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fies their discriminative power through nonlinear combina-
tions rather than replacing them.

4. Challenges of ML in the TAVR Field

The clinical application of ML in TAVR faces mul-
tiple challenges. In terms of data collection, the training
of ML models relies on large-scale datasets. However, ac-
quiring high-quality medical imaging data is not only cost-
prohibitive but also difficult because resources are scarce.
Notably, most of the data used for model training are cur-
rently obtained from single centers. Such data may be bi-
ased in terms of geography, race, and other aspects, which
in turn limits the generalizability of the models and ad-
versely affects their prediction accuracy [56]. Moreover,
some data are extremely difficult to obtain because of lim-
ited study initiation. For example, the research map of ML-
based prediction of post-TAVR complications is skewed.
In-hospital mortality and bleeding events have been stud-
ied extensively; hence, data are readily available, and ML
prediction is effective. In contrast, stroke and coronary ob-
struction have received little research attention, and almost
no models exist. Consequently, datasets are small and can-
not form training cohorts; thus, additional experiments and
studies are required to fill the gap. In addition, regard-
ing data integration, the key requirement is that ML mod-
els must meet the clinical real-time requirement. Preoper-
ative assessment for TAVR involves various types of dy-
namic and static data, such as imaging data (such as CT and
echocardiography), clinical indicators, and patient medical
history. These data are obtained from different sources and
have diverse formats. Integrating and processing such het-
erogeneous data poses a great challenge [57]. In terms of
privacy protection, medical data are often highly person-
alized [58]. Previously, medical data were obtained from
organizations based on relevant privacy policies with better
confidentiality. When big data is combined with ML, effec-
tively protecting patient privacy while transmitting data in
distributed ML has become a major challenge [59]. From
a clinical perspective, it remains unknown whether doctors
and patients will accept the widespread use of this technol-
ogy, as ML models are often viewed as “black boxes” with
opaque decision-making processes. In clinical applications,
doctors must understand the internal mechanisms of model
decisions to meet the demands of evidence-based medicine
and evaluate the predictions made by the model.

5. Future Outlook

5.1 Explainable AI: Translating Algorithmic Opacity Into
Clinically Verifiable Evidence

Explainable Al (XAI) must be embedded to render
“black box” models acceptable to clinicians and regula-
tors. Although DL systems deliver high AUCs, their opac-
ity has repeatedly been shown to outweigh raw accuracy.
Hernandez-Suarez et al. [23] (Logistic Regression) and
Mamprin et al. [50] (CatBoost) achieved C-statistics >0.8
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Table 3. Comparison of machine learning and manual methods in multi-parameter anatomical measurements.

Literature n Indicator type Cardiac structure/Parameter

ML /Observer

Observer/Observer

Left ventricle endocardial cavity

Left ventricle myocardium

Right ventricle endocardial cavity

Right ventricle myocardium

0.902 (0.891-0.912)
0.808 (0.784-0.833)
0.924 (0.916-0.932)
0.594 (0.554-0.634)

0.883 (0.865-0.902)
0.785 (0.759-0.810)
0.902 (0.894-0.910)
0.482 (0.444-0.520)

Mean DSC  Left atrium 0.897 (0.874-0.919) 0.867 (0.851-0.884)
Sharkey et al. [44] 100 . .
Right atrium 0.897 (0.878-0.915) 0.875 (0.859-0.891)
Ascending aorta 0.924 (0.919-0.930) 0.901 (0.893-0.909)
Pulmonary arteries 0.934 (0.925-0.943) 0.913 (0.904-0.922)
Descending aorta 0.910 (0.897-0.923) 0.879 (0.870-0.888)
Correlation RV Myo vs mPAP p=10.70 (0.57-0.78) p=10.68 (0.56-0.77)
Correlation  Annulus (r) 0.973 (perimeter)/0.968 (area) 0.966 (perimeter)/0.939 (area)
Toggweiler et al. 100 Perimeter (mm) —0.059 mm 1.27 mm
MD
[45] Area (cm?) —0.013 cm? 0.171 cm?
Time (min) ML: <1 min E—
Aortic ring Aortic annulus perimeter (mm)  1.09 mm (Auto vs Manual) 1.21 mm (Observer vs Observer)
Kocka et al. [46] 128 Aortic annulus area (mm?2) 11 mm? (Auto vs Manual) 9 mm? (Observer vs Observer)
Time (min) 2.1 min (Auto) 17.8 min (Manual)
DSC Aorta (median) 0.951 (IQR: 0.930-0.966) Observer: 0.950 (0.931-0.960)
HD (mm) Aorta (median) 2.80 (IQR: 2.13-4.35) Observer: 2.45 (2.13-3.00)
Berhane et al. [8] 418 .
ASSD (mm) Aorta (median) 0.176 (IQR: 0.119-0.290) Observer: 0.173 (0.118-0.242)
Time (s) 0.438 +0.355 s 630 £ 2545
ADC Aorta 0.985 (95% CI: 0.985-0.985) ——
HD-95 (mm) Calcification 0.714 (0.609-0.819) —
Wang et al. [9] 1352 ASSD (mm) Calcification 0.238 (0.172-0.305) —
ICC APD (mm) 0.985 (internal)/0.971 (external) 0.998
Time (min) ML: 0.86 + 0.21 min 19.50 & 7.55 min
Correlation  Annulus (r) 0.83 (ML vs Manual) 0.89 (Manual vs 3mensio)
Zouetal. [10] 122 MD Annulus (mm) <0.5 mm (ML vs Manual) <0.4 mm (Manual vs 3mensio)
Time (min) 1.8 £ 2.0 min —_—

DSC: Dice Similarity Coefficient, which measures the spatial overlap between segmented regions (range: 0—1).

ICC: Intraclass Correlation Coefficient measures inter-method or inter-observer reliability. A value closer to 1 indicates better consistency.

ADC: Average Dice Coefficient-Mean DSC across multiple structures.

HD: Hausdorff Distance-maximum surface distance between two segmented volumes.

HD-95: 95th percentile Hausdorff distance-robust variant, excluding outliers.

ASSD: Average Symmetric Surface Distance—mean surface-to-surface distance that assesses boundary error; smaller is better.

MD: Mean Difference, average difference between the two measurement methods; reflects systematic bias.

APD: Aortic Annulus Perimeter-Derived Diameter—key parameters for TAVR sizing.

RV Myo vs mPAP: Right Ventricular Myocardial volume vs mean Pulmonary Arterial Pressure used to assess cardiac load.

but provided no mechanistic insight, prompting surgeons
to revert to conventional risk scores. Integrating an XAI
framework [60] converts complex outputs into intelligi-
ble heat maps or quantitative drivers, thus revealing the
anatomical and physiological features that govern each pre-
diction. This transparency secures the trust of clinicians
and provides regulators with auditable evidence, acceler-
ating bedside deployment.

5.2 ML Advancement Toward Geographically and
Ethnically Unbiased TAVR Models

Single-center TAVR datasets overwhelmingly sam-
ple European, North American, and Han Chinese popula-
tions, embedding pronounced geographic and ethnic biases
that curtail external validity [11,23,49]. Federated learn-
ing (FL) offers a regulatory-compliant paradigm in which
models travel instead of data. Navarese et al. [52] prospec-
tively federated 5185 patients across 12 countries, increas-
ing bleeding-prediction AUC from 0.69 to 0.80 without
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Table 4. Comparison of traditional models and machine learning models in predicting TAVR outcomes.

Ssdid dNI

Study Sample Age Sex (Male) Prediction In- Traditional Scor- AUC (Tradi- ML Algorithm AUC (ML) Sensitivity ~ Specificity PPV (ML) NPV (ML) F1 score Prediction Factors
Size dicator ing Method tional score) (ML) (ML) (ML)
Hernandez- 10,883 81.0 £8.5 5692 In-hospital STS/ACC TVT  0.660 Logistic Re- 0.920 (95% CI: 0.877 0.839 0.965 0.838 0.920 Acute kidney injury, cardiogenic shock, fluid and elec-
Suarez et (52.3%) mortality gression 0.890-0.950) trolyte disorders, cardiac arrest, sepsis, dyslipidemia, hy-
al. [23] pertension, coagulopathy, current smoking, and vascular
complications.

Sulaiman et 117,398 No readmis- 64,290 Postoperative Khera et al. 0.630 K-means 0.740 (95% CI: 0.770 0.650 — — — Length of stay, frailty score, total discharge diagnoses,
al. [47] sion: 79.5 £ (54.8%) 30-day read- developed a risk 0.700-0.780) acute kidney injury, and Elixhauser score.

8.4. Read- mission tool [48]

mission:

80.0 £ 8.5
Penso et al. 471 Survivors: 171 S-year mortal- EuroSCORE Il 0.600 (95% CI: Multilayer Per- 0.790 (95% CI: 0.710 — 0.730 — 0.710 Mean aortic pressure gradient, MR of organic etiology,
[49] 80 £ 6, Non- (36.3%) ity 0.550-0.620) ceptron 0.750-0.830) creatinine, and hemoglobin.

Survivors:

82+6
Mamprin et 270 80.7 £ 6.2 140 (52%) Postoperative TAVI2-SCORE  0.720 CatBoost 0.830 (95% CI: 0.370 0.970 0.570— — 0.450 Atrioventricular regurgitation, aortic valve peak pressure
al. [50] mortality 0.820-0.840) 0.640 difference, atrioventricular block, body mass index, serum

creatinine concentration, hematocrit and hemoglobin val-
ues, smoking, QRS duration, beta-blocker medication, and
postoperative recovery months.

Leha et al. 28,147 81 £ 6.1 13,185 Postoperative Society of Tho- 0.690 (95% CI: Random Forest 0.79 (95% CI: 0.726 (STS: 0.725 (STS: 0.063 (STS: 0.990 (STS: — Duration of surgery, fluoroscopy time, serum creatinine
[51] (46.8%) 30-day mor- racic Surgeons 0.650-0.740) 0.740-0.830) 0.514) 0.792) 0.059) 0.985) level, weight, height, age, maximum aortic valve pressure
tality (STS) gradient, mean aortic valve pressure gradient, left ventric-

ular ejection fraction, pulmonary artery pressure, aortic
valve ring diameter, minimum diameter of the iliac artery,
and heights of the left and right coronary arteries.

Navarese et 5185 81+6.5 2230 (43%) Postoperative PARIS 0.690 (95% CI: Logistic Re- 0.800 (95% CI: — — — — — Preoperative hemoglobin, serum iron concentration, min-
al. [52] 30-day bleed- 0.650-0.730) gression 0.750-0.830) imum common femoral artery diameter, creatinine clear-
ing ance, postoperative dual antiplatelet therapy, and oral an-
ticoagulation therapy.
Agasthi et 1055 80.9£79 612(58%) 1-year mor- CoreValvescore 0.530 (95% CI: Gradient- 0.720 (95% CI: — — — — — Cardiac power index, hemoglobin, systolic blood pressure,
al. [11] tality  post- 0.470-0.590) Boosting 0.680-0.780) international normalized ratio (INR), diastolic blood pres-
surgery Machine Learn- sure, body mass index, valve calcification score, serum
ing (GBM) creatinine, aortic ring area, and albumin.
Theis et al. 760 8146 371 1-year and 2- EuroSCOREII  0.647 (95% CI: DLUnfrozen 0.713 (95% CL: — — — — — Sex, age, and CT body composition markers: fat muscle
[53] (48.8%) year survival 0.514-0.767); 0.600-0.815); fraction, skeletal muscle radiodensity, and skeletal muscle
rates 0.599 (95% CI: 0.696 (95% CI: area.
0.485-0.702) 0.611-0.780)
Jia et al 668 Postoperative Cox Proportional 0.720 (95% CI: Deep learning- 0.840 (95% CI: — — — — — History of cancer, preoperative platelet level, postopera-
[54] late major Hazards (Cox- 0.630-0.810) based  model 0.760-0.910) tive INR, coronary artery disease, preoperative INR, post-
bleeding PH) model BLeNet operative aortic valve mean gradient, postoperative aortic

valve regurgitation, postoperative left ventricular ejection
fraction (LVEF), and preoperative activated partial throm-
boplastin time.

Lertsanguan- 178 81.6 £83 78(43.8%) Postoperative Core Valve score 0.680 (95% CI: Decision Tree  0.830 (95% CI: — — — — — Predicting 30-day mortality: height, chronic lung dis-
sinchai et 30-day and 1- 0.440-0.910); 0.630-0.980); ease, STS score, preoperative LVEF, age, and preoperative
al. [55] year mortality 0.680 (95% CI: 0.710 (95% CI: left ventricular outflow tract (LVOT) velocity-time inte-

0.570-0.790) 0.600-0.810) gral. Predicting 1-year mortality: preoperative LVEF, STS

score, heart rate, systolic blood pressure, home oxygen use,
serum creatinine level, and preoperative LVOT Vmax.

AUC, Area Under the Curve (Quantifies overall model discrimination ability); CI, Confidence Interval (Estimates the uncertainty range for a performance metric); PPV, Positive Predictive Value (Probability that a positive prediction is correct); NPV, Negative Predictive
Value (Probability that a negative prediction is correct); STS, Society of Thoracic; MR, Mitral Regurgitation; QRS, QRS complex; ACC, American College of Cardiology; TVT, Transcatheter Valve Therapy.
Sensitivity: Proportion of true positives correctly identified; Specificity: Proportion of true negatives correctly identified; F1 score: Harmonic mean of precision and recall, balancing both concerns.
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raw-data exchange. Extending FL to diffusion-based ar-
chitectures may enable real-time, privacy-preserving fusion
of global multicenter TAVR repositories, overcoming geo-
graphical, racial, and hardware heterogeneity to deliver eq-
uitable, universally deployable Al.

5.3 From Static CT to Dynamic Twin: Unleashing Peri-
and Post-TAVR Risk Prediction Through Real-Time
Digital Simulation

Current TAVR risk calculators are anchored to preop-
erative, single-timepoint CT or tabular data; therefore, they
fail to capture acute cardiac adaptations (e.g., myocardial
strain, oscillatory hemodynamics, and valve-myocardial
coupling), which govern delayed conduction block or per-
manent pacemaker implantation [8,11]. Digital-twin tech-
nology, proven in aerospace and automotive engineering to
fuse multimodal streaming data and evolve in real time,
offers a solution to this limitation. Corral-Acero ef al.
[61] introduced the “digital-twin heart”, demonstrating that
patient-specific stress maps can be generated by synchro-
nizing 4D-CT, CMR, and ECG. Extending the paradigm
to integrate multimodal data [62,63], such as radiomics,
electrophysiology, and genomics, will enable the transition
from low-dimensional static snapshots to high-dimensional
dynamic replicas capable of forecasting intraoperative and
postoperative complications, thereby refining both prog-
nostic accuracy and the timing of preventive intervention.

6. Conclusion

This study explored the application of ML in TAVR
and comprehensively demonstrated its potential to enhance
the precision and personalization of TAVR, from preoper-
ative anatomical evaluation to postoperative dynamic risk
modeling. ML offers significant advantages over tradi-
tional methods in TAVR preoperative planning and post-
operative complication prediction, particularly when han-
dling complex datasets. However, the application of ML
in TAVR remains in the developmental stages. Larger
and more diverse datasets are required to further optimize
model performance. We anticipate that the application of
ML in TAVR will become more precise and personalized,
thereby enhancing the scientific and effective nature of clin-
ical decision-making, expanding its scope of application in
clinical practice, and allowing more patients to benefit from
this advanced technology.
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