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ABSTRACT

In recent years, artificial intelligence (Al) has emerged
as an important technology revolutionizing the diagno-
sis and prognosis of cardiovascular diseases. In cardi-
ology, machine learning models can reduce the cost
and time-to-diagnosis, as well as increase diagnostic
precision, consequently improving the quality of care
for patients. Therefore, this review provided an over-
view of innovative models in cardiology-based image
analysis for disease diagnosis. Recent reports on stud-
ies evaluating the performance of these models were
reviewed. Common approaches to training Al models
include supervised learning, semi-supervised learning,
unsupervised learning, and various other approaches.
Logistic regression, support vector machines, random
forests, cluster analysis, and neural networks are ex-
amples of machine learning architectures used in mod-
ern times. Al is used in cardiac magnetic resonance
imaging to detect artifacts and assess image quality,
as well as to quantify blood flow faster and more accu-
rately. Convoluted neural networks are utilized in echo-
cardiography and electrocardiography to enhance the
precision of visualizing cardiac structures and assess-
ing cardiac functions, respectively. Al models in X-ray
imaging are employed to identify structural anomalies
in the heart and assess their severity. In response to
the need for high-quality data while safeguarding pa-
tient privacy and confidentiality, specialized databases
with comprehensive datasets have been established,
such as the UK Biobank and the MIT-BIH Malignant
Ventricular Arrhythmia Database. Prospects in machine
learning-based screening in cardiology include digital
heart winners in precision medicine, explainable Al,
and radionics.

Keywords: Machine learning, Cardiovascular imaging,
Convolutional neural networks, Cardiac MRI, Digital
heart twin

Highlights

e Convolutional neural networks are the most em-
ployed Al algorithm in diagnostic models for car-
diovascular diseases.

e Combinations of machine learning prediction and
human expertise typically perform better than hu-
man expertise alone.

e Drawbacks of the machine learning model include
limited data, computer bias, and lack of transpar-
ency in machine learning decisions.

Background

Cardiovascular disorders, such as cardiomyopathies,
coronary artery disease, myocardial infarction, valvu-
lar heart diseases, and heart failure, are recognized
as predominant global causes of mortality, resulting

in approximately 17.9 million deaths annually." This
mortality rate is expected to rise to 20.5 million in
2025 and 35.6 million in 2050.> To address this press-
ing issue, previous studies have emphasized the need
for early diagnosis, as this will ensure that preventive
and management strategies commence early, thereby
limiting disease progression and reducing the inci-
dence of complications and deaths.*?

The advent of precision medicine, particularly the
application of artificial intelligence (AI) innovations,
has led to numerous advancements in the manage-
ment of cardiovascular disorders. Artificial intelligence
is the simulation of human intellectual capabilities in
computer-based technologies.” This is exemplified in
robot-assisted surgery, which enables focused access
to various anatomical locations and structures in the
body without damaging proximal critical organs. In
addition to robotics, another important branch of Al
is machine learning, which involves training comput-
ers on extensive datasets to enable them to recognize
patterns, perform predictive analysis, and complete
related tasks.’ Machine learning applications are used
in other branches of Al, such as natural language pro-
cessing, computer vision, expert systems, and deep
learning.® The innovations have led to the develop-
ment of systems that aid evidence-based risk strati-
fication and diagnosis. Furthermore, some machine
learning models offer recommendations that may be
used by clinicians in decision-making and treatment
planning for patients.*

Medical imaging plays a crucial role in the accurate
diagnosis of cardiovascular disorders, and significant
developments and advancements have been made in
this field in recent years. This study aimed to provide
cohesive evidence by reviewing reports on machine
learning innovations and their integration in the anal-
ysis of medical image data to aid in the diagnosis of
cardiovascular disorders. The findings from this review
are expected to provide a comprehensive overview of
reports from recent studies that designed and/or as-
sessed machine learning frameworks for clinical diag-
nosis in cardiology. In addition to serving as a point of
reference for clinicians, this review highlighted current
gaps in machine learning in the field of cardiovascular
health, thereby potentially informing future research
endeavors in this field.

Machine Learning

Machine learning refers to the ability of machines to
independently learn and make accurate predictions.
Considerable evidence has demonstrated their capacity
to perform deep quantification of imaging phenotypes.’
Machine learning approaches to image-based diagno-
sis rely on models that are trained to uncover hidden
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and complex imaging features by identifying patterns
in clinical data.” In machine learning, datasets are
divided into training, test, and validation sets. Large
datasets are used in the training set to develop models
through either supervised, unsupervised, or semi-su-
pervised learning (Figure 1). A combination of these
approaches or other variations may also be used.®

Machine Learning Approaches

Supervised Learning

Supervised learning refers to the development of
mathematical models that utilize a training dataset
with specific characteristics annotated with clearly
defined outcomes or output labels, enabling the al-
gorithm to learn.” For imaging analysis in cardiology,
algorithms are trained to recognize patterns and fea-
tures in medical images that are indicative of specific
cardiovascular conditions. This process begins with
the accumulation of data from various imaging modal-
ities, including echocardiography, magnetic resonance
imaging (MRI), computed tomography (CT), and other
imaging techniques, to construct the model. Data may
then be cleaned and pre-processed using traditional
statistical methods, such as logistic regression, naive
Bayes, or artificial neural network (ANN) models, to
identify variables that are meaningful to the required
outcome. Using these data characteristics, a suitable
machine-learning algorithm is selected, and the cor-
responding machine-learning model is constructed.’
The breakthroughs in supervised learning machine
learning algorithms for cardiovascular disease diagno-
sis are evident in the use of ultrasonic probes to obtain
high-definition ultrasound images and the application
of neural architecture to improve image classifica-
tion and enhance performance, as described by Muse
et al.'” as well as Azarmehr et al.,'’ respectively.

Supervised Learning

Semi-Supervised Learning

Unsupervised Learning

Fig 1| Common machine learning techniques

Labeled data

Unlabeled data

Unlabeled data

Unsupervised Learning

Unlike supervised learning, machine learning train-
ing models using unsupervised learning approaches
operate independently and identify data relationships
with minimal guidance and without predefined data
labels.’ It involves addressing issues through pattern
recognition using training samples of unknown cat-
egories or training sets devoid of features. This may
involve collecting a large dataset of medical images
that do not indicate a specific condition and using al-
gorithms, such as K-means and hierarchical clustering
algorithms, to categorize the images based on similar-
ities in their features.'” This can help identify different
subtypes of cardiovascular diseases or distinguish be-
tween healthy and diseased tissues. Given the advan-
tage of unsupervised machine learning in discovering
hidden structures in data and exploring relationships
between variables, its use has been adopted in several
settings, combining imaging data and clinical param-
eters to phenotype patients with heart morbidities."

Semi-supervised Learning

Semi-supervised learning is a combination of su-
pervised and unsupervised learning, utilizing both
labeled and unlabeled datasets to train models."
The labeled data helps the model learn to recognize
patterns and features associated with specific car-
diovascular conditions, whereas the unlabeled data
facilitates the generalization of the model to improve
its performance. With the rise of deep learning in re-
cent years, semi-supervised learning has emerged as
a crucial approach to harness the strengths of deep
neural networks in capturing complex image features
while also benefiting from unlabeled data parame-
ters for patient phenotyping." In real-world settings
where the challenge of limited labeled data persists,
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semi-structured learning proffers a solution to address
this prevailing gap with promising implications for im-
proving the accuracy and efficiency of cardiovascular
imaging analysis.

Other types of learning, including reinforcement,
multi-task, transfer, few-shot, and active learning, are
sometimes combined to create powerful models.”'*"
However, these models are less commonly used and
have yet to gain a significant foothold in cardiovascu-
lar imaging.

Machine Learning Architectures

In cardiac imaging, specific machine learning algo-
rithms are commonly adopted in various ways to im-
prove the accuracy and efficiency of cardiovascular
disease diagnosis and treatment. These include logis-
tic regression, decision trees, support vector machines,
naive Bayes, random forests, and ANN (Figure 2). The
different algorithms are designed to handle specific
types of data and problems.

Logistic Regression

A Logistic regression model estimates the probability of
an event occurring by fitting data into a logistic curve.
The model analyzes the effect of a group of indepen-
dent variables and delivers a binary or dichotomous
outcome (e.g., yes or no, present or absent), assuming
that no missing variables are present.'® In logistic re-
gression, the core of the model is the sigmoid function,
which maps real-valued numbers into a value between
0 and 1. The learning data consists of pairs (xi, yi) of
a vector of covariates and a dependent variable. These
input features are then combined linearly using weights
(coefficients) and a bias term before being passed
through the sigmoid function."” A stepwise forward or
backward selection procedure is used to remove vari-
ables based on the Akaike information criterion and
to select variables that are eventually included in the
model. However, this stepwise cycle stops if neither

Logistic
regression

Support
vector
machines

Naive Bayes

Machine Learning

Random
forest

Neural
networks

Cluster
analysis

Fig 2 | Examples of machine learning algorithms
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adding nor removing variables yields an improvement.
The logistic regression aims to find an optimal equation
that maximizes the likelihood estimator or minimizes
the loss function of the model. The model can thereaf-
ter be validated, assessing its discrimination ability by
calculating the area under the curve (AUC) as well as its
accuracy, sensitivity, specificity, and precision.'®

The logistic regression model is widely used in
medicine, particularly for predicting patients’ risk of
various cardiovascular conditions, and is a valuable
model for low-complexity tasks that require integrat-
ing different data sources into a binary classification.’
However, this model is limited when the relationships
between the outcome and predictors are nonlinear
and when the number of candidate predictors is high
relative to the sample size.

Support Vector Machines

Support vector machines represent one of the most fre-
quently used supervised machine learning techniques
for classifying tasks and achieving optimal perfor-
mance in discriminating imaging patterns.'® Compared
with logistic regression, support vector machines have
a good generalization performance, and its classifier
shows special advantages in overcoming the challeng-
es with non-linearity, high dimensionality, local min-
ima, and pattern recognition problems of small sam-
ples. This algorithm requires a relatively small number
of samples, and due to the wide choice of kernels they
can be applied with, a wide variety of data, including
texts, handwritten digits, images, and bioinformatics,
can be analyzed using these tools.*

Mathematically, support vector machines operate by
identifying the optimal linear hyperplane that sepa-
rates data points of different classes, thereby maximiz-
ing the margins between points to achieve improved
generalization and prediction.” This involves solving
the optimization problem using techniques such as
Sequential Minimal Optimization and evaluating the
trained model on the test set using metrics like ac-
curacy, precision, recall, and F1 Score.”> However, in
many real-world scenarios, especially in cardiovas-
cular events, data is not always linearly separable;
hence, a kernel trick is used to transform the data into
a higher-dimensional space where a linear hyperplane
can be found. This is a crucial part of support vector
machines as the kernel function K(xi,xj) computes the
dot product of the mapped features in the higher-di-
mensional space, allowing them to handle non-linear
classification problems. By using kernel functions,
regularization parameters, and approaches that permit
the rejection of weak data, the discrimination capacity
of the support vector machine model is facilitated, in-
directly affecting feature selection and optimization.”

Random Forest

The random forest technique is a supervised machine
learning algorithm used for both classification and
regression tasks. It is a regression tree technique that
utilizes bootstrap aggregation and randomization
of predictors to achieve high degrees of predictive
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accuracy, even with large datasets.”® The random
forests model uses “parallel ensembling,” which fits
several decision tree classifiers trained on different
random samples of a training set to transform a prob-
lem into a set of hierarchical queries (i.e., a tree-like
structure with subsets of decisions).”” This approach
involves recursively partitioning the data into two
groups based on predefined conditions, starting with
the bottom of the decision tree, which are referred to
as decision nodes. The dataset is then sampled with
replacement (bootstrap sampling) and aggregated
(bootstrap aggregation). A second randomization is
thereafter conducted at the decision nodes, with each
node having a certain number of predictors based on
the different classified data.? The algorithm then tests
all possible thresholds for all selected variables and
selects the variable-threshold combination that yields
the best split. This process is reiterated until either
“pure” nodes are reached (containing only cases or
controls). This is the decision tree. The tree-growing
process is repeated (commonly 100-1000 times) to
grow the random forest, which can then be used to
discover meaningful interactions and non-linear ef-
fects of the predictors.”” For instance, a random forest
algorithm may be used to evaluate stroke risk based on
images recursively classified on the decision tree until
the pure node is reached. However, using the random
forest model can often lead to the loss of generalization
due to its discriminatory power on training datasets.

Cluster Analysis

The cluster analysis algorithm is an unsupervised ma-
chine learning technique in which unlabeled data are
aggregated as data points based on similarity or prox-
imity in a given parameter space.”® Without the need for
prior data labeling, they identify groups of objects or
clusters that are more similar to each other than to oth-
er clusters; as such, they are used in models to provide
intuitive explanations about relevant aspects of a data-
set.”” Owing to the large amount of noisy, incomplete,
and sampled data used in clustering, the performance
of this algorithm can vary substantially for different ap-
plications and types, thus necessitating different clus-
ter approaches, including the hierarchical, k-means,
and density-based clustering methods.”® The hierar-
chical clustering creates a hierarchy of clusters using a
tree-like structure called a dendrogram, which may be
agglomerative (bottom-up) or divisive (top-down). The
k-defines a prototype centroid (typically the mean of a
group of points) and is usually applied to objects in a
continuous n-dimensional space. Points are attached
to centroids as clusters continuously until no point
changes in the cluster are observed (i.e., the centroid
remains the same).”® Achieving such clustering satura-
tion is useful for patient stratification to inform the un-
derstanding of cardiovascular disease pathophysiology
and the effectiveness of targeted therapies.”

Neural Networks
Neural networks consist of interconnected nodes or-
ganized into input, hidden, and output layers, which
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utilize receiver operating characteristic curves and
AUC to evaluate the accuracy of the generated model.*?
Neural networks are classified as ANNs, convolutional
neural networks (CNNs), or recurrent neural networks
with each exhibiting different architectures and suited
for different types of tasks.’> ANNs are designed based
on the structure and interactions of biological neural
networks and are used for pattern recognition. Anal-
ogous to cell bodies and neuronal communications,
they contain nodes interlinked via connections, which
are weighted based on their ability to provide a desired
outcome. ANN is a feedforward neural network, and
its activation functions transform a node’s input into a
desired output.’* CNNs are an extension of ANNs used
for image recognition tasks where spatial information
for nodes is essential for final prediction. It overcomes
limitations in ANN and functions by feeding patches
of images to specific nodes, thereby preserving the
spatial context from which the feature was extracted.
Using this algorithm, a model can be trained to extract
specific features from images, such as cardiac abnor-
malities, and mark their locations on a feature map,
thereby enhancing its usefulness for disease predic-
tion and effectively handling complex tasks and un-
structured data.’” However, recurrent neural networks,
in contrast with ANNs, can be employed for sequential
data, such as predicting future cardiovascular events
based on time-series data of patient health records.

Integration of Machine Learning in Cardiovascular
Imaging Modalities

Cardiac MRI

Cardiac MRI is a common imaging modality that uses
radio waves and magnets to generate images of the
heart, which is then used to assess cardiovascular
function, blood flow, and tissue characteristics.’® This
technique is used in the diagnosis of cardiovascular
conditions, as well as in monitoring the efficacy of
therapy or disease progression. Image quality is some-
times a concern, as artifacts resulting from breathing
or other motions may reduce the quality of the image
produced, consequently negatively impacting clinical
assessments (Figure 3).%

Radiologists typically manually examine images to
identify artifacts and determine the usability of the
images, as well as the need for additional imaging. To
address this, Oksuz et al.’> designed neural network
algorithms, including 3D-spatio-temporal CNN and
long-term recurrent convolutional network, for de-
tecting artifacts and determining image quality. The
study utilized data from the UK Biobank. Given that
most images from the biobank were of high quality, as
they were obtained from healthy volunteers, the au-
thors designed a data augmentation technique using
k-space to generate synthetic images that contain ar-
tifacts. The synthetic images were then used to assess
the performances of the algorithms in terms of artifact
detection. Overall, using 10-fold cross-validation,
the algorithms, particularly the long-term recurrent
convolutional network, outperformed other quali-
ty assessment methods, including random forests,
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decision trees, support vector machines, Naturalness
Image Quality Evaluator, and Adaboost. The metrics,
scaled by a factor of 1000 for improved comparison,
indicated that the 3D spatio-temporal CNN achieved
an accuracy of 961, a precision of 957, a recall of 959,
and a balanced accuracy of 958. Conversely, the long-
term recurrent convolutional network recorded an ac-
curacy of 963, a precision of 963, a recall of 965, and
a balanced accuracy of 964. Among the other quality
assessment methods, the Naturalness Image Quality
Evaluator demonstrated the highest performance (ac-
curacy: 922, precision: 919, recall: 925, and balanced
accuracy: 923); however, these results were lower than
those of the 3D-spatio-temporal CNN and long-term re-
current convolutional network.

Another example of automated processing in cardi-
ac MRI is a study on segmentation in phase contrast
cardiac MRI, an imaging modality used to quantify
blood flow in the heart.’® The study involved patients
with coronary artery disease undergoing imaging ex-
aminations, and the Al-based processing model uti-
lized a modified U-Net, a deep learning architecture. In
terms of speed, the model required approximately 0.01
minutes per case, compared to manual segmentation
by human specialists, which took nearly 4 minutes per
case. Furthermore, the model demonstrated minimal
differences from human specialists in terms of accura-
cy, with discrepancies of less than 5 mL in nearly all
cases.

Other machine learning models, predominantly us-
ing neural networks, have been developed specifically
to enhance diagnoses based on cardiac MRI. The algo-
rithms include Omega-Net for canonical orientation
and automated segmentation,®® 3D residual U-Net for
image-quality enhancement,’® and a combination of
deep CNNs and Bayesian filtering for image classifica-
tion and image segmentation, resulting in the accurate
depiction of the left atrium.*
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Fig 3 | Summary of machine learning applications in specific imaging modalities. MRI: magnetic resonance imaging

Echocardiography

Echocardiography, also known as cardiac ultrasound,
is the most common cardiovascular imaging modality,
utilizing sound waves to produce images of the heart
called echocardiograms. View classification is a typi-
cal preliminary step in echocardiogram examination,
ensuring that the required anatomic structures are
captured. This premise informed the development of
a deep learning-based view classifier by Naser et al.”
The models utilized 2D and 3D ResNet-18 CNNs and
were trained, validated, and tested using images from
transthoracic echocardiographic studies. The models
were further tested using point-of-care videos from
multiple ultrasonography machines. In the testing sets
using images from transthoracic echocardiographic
studies, the 2D and 3D CNNs achieved overall accu-
racies of 96.8% and 96.3%, respectively, and AUCs of
0.997 and 0.998, respectively. Likewise, in the point-
of-care datasets, the 2D and 3D CNNs achieved accu-
racies of 98.4% and 95%, respectively, and AUCs of
0.998 and 0.996. Although the models demonstrated
similar and high-performance metrics, the 2D CNN
mostly had higher values. This was attributed to the
higher input data in the 2D CNN model, which recog-
nized consecutive frames of the same cine loop as in-
dependent images rather than as an example, unlike
the 3D CNN model.

CNNs, such as the EchoNet framework, have also
been used for the identification of cardiac structures
after view classification.”” In this study, echocardio-
graphic videos and still images from the Stanford
Echocardiography Database, which contains clinical
data from different patients with diverse cardiovas-
cular conditions, were utilized. With high precision,
the model identified structures such as the presence
of pacemakers (AUC: 0.89, F1 score: 0.73) and cel-
lular changes in the left atrium (AUC: 0.85, F1 score:
0.68) and left ventricles (AUC: 0.75, F1 score: 0.57).
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Furthermore, the model assessed cardiac function by
estimating end systolic and diastolic volumes in the left
ventricle as well as ejection fraction. Furthermore, the
model predicted phenotypes that modify cardiovas-
cular risk, which may not be readily detectable by hu-
man experts when examining medical images visually.
These models streamline the process of image analysis
and guide clinical assessments by radiologists.

For differential diagnosis based on echocardio-
graphic findings, Liu et al.*’ used an end-to-end deep
learning framework (AIEchoDx) to distinguish be-
tween multiple cardiovascular conditions, including
atrial septal defect, hypertrophic cardiomyopathy,
dilated cardiomyopathy, and the characteristic mor-
phologic features of a previous myocardial infarction
compared to healthy controls. The framework demon-
strated good performance, comparable between the
testing dataset (AUC: 98.53-99.93%) and a real-world
dataset (AUC: 96.90-99.83%). Deep learning models,
such as ResNet and CatBoost models, are also used
to predict prognosis in heart failure by estimating 1-,
3-, and 5-year mortality rates.”” The area under the
receiver operating characteristic curves for predicting
1-, 3-, and 5-year mortality were 82%, 82%, and 78%,
respectively, for ResNet and 78%, 73%, and 75%,
respectively, for CatBoost. The models’ performance
showed a high correlation with standard risk assess-
ment scores, such as the MAGGIC risk score and the
Kansas City Cardiomyopathy Questionnaire.

Electrocardiography

The contraction and relaxation of the heart are coor-
dinated by electrical signals that are generated by the
sinoatrial node.** These signals are measured with
electrocardiography to assess heart functions and
detect arrhythmias. The progression of these signals
is represented by the P, QRS, and T waveforms on the
electrocardiogram. Aziz et al.** applied machine learn-
ing algorithms to identify these waveforms and their
features (peaks, intervals between peaks, etc.) for clas-
sifying heartbeats into normal, premature ventricular
contraction, atrial premature contraction, left and
right bundle branch blocks, and paced heartbeats. The
model combined two event-related moving averages
and fractional Fourier-transform algorithms to en-
hance peak detection. Then, support vector machine
and multi-layer perceptron classifiers were used to
classify the electrocardiograms, with the latter show-
ing predominantly higher performance metrics for
various heart diseases across multiple databases. For
instance, in the Shaoxing People’s Hospital database,
support vector machine and multi-layer perceptron
classifiers yielded precision values of 0.666 and 0.883,
recall values of 0.580 and 0.782, and F1-scores of
0.620 and 0.830, respectively. A similar approach was
employed in another study, which aimed to optimize
the performance of conventional machine learning
classification frameworks, including support vector
machines, k-nearest neighbors, gradient-boosted de-
cision trees, and random forests, using a metaheuris-
tic optimization algorithm—a highly adaptive and
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versatile framework for optimizing complex issues.*
This resulted in an average accuracy of 99.92% and a
sensitivity of 99.81%.

Similar to other imaging modalities, such as echo-
cardiography, innovations in electrocardiography also
employ deep learning models for image classification
and disease diagnosis.** Attia et al.*” trained a CNN on
electrocardiographic data and echocardiograms from
patients at the Mayo Clinic to identify patients with
left ventricular dysfunction who were not exhibiting
symptoms as well as other patients at risk of the condi-
tion, yielding an accuracy of 0.93. A major limitation
of the study is that electrocardiography and echocardi-
ography are seldom performed simultaneously for the
same patient, as the two modalities assess different
heart parameters.

X-ray-based Cardiac Imaging

Cardiac CT

Given the increasing morbidity and mortality associ-
ated with coronary artery disease, swift diagnosis is
highly essential. AlOthman et al.*® introduced deep
learning into the analysis of CT scans to enhance the
accuracy of diagnosis and assessment of coronary
artery disease severity. To overcome a previously es-
tablished challenge in applying machine learning for
feature extraction, the authors utilized the Features
from the Accelerated Segment Test (FAST) algorithm to
extract features from the CT images. The features were
used as input for DenseNet, a CNN that establishes con-
nections between each layer and all other layers. The
approach yielded accuracies of 99.2% and 98.73%
for the two datasets used in the study. This highlights
the efficiency of both the extraction method and the
deep learning model. In a similar vein, another study
on the clinical evaluation of coronary artery disease
employed a deep learning CNN (hierarchical convo-
lutional long short-term memory network) to quantify
plaque and stenosis formation.* This network had two
branches, which are further bifurcated into data ex-
traction and segmentation heads. The study reported
good agreement between the measurements of plaque
volume and arterial diameter (intraclass correlation
coefficients of 0.964 and 0.879, respectively) obtained
using the model and those obtained by human experts.

Chest X-ray

Given that chest X-rays are most commonly used to
assess pulmonary disorders, a retrospective study’’
utilized chest radiograph data and echocardiograph-
ic data to train and validate a deep learning model
(EfficientNet) for identifying valvular diseases and
assessing cardiac function. The model was used to de-
termine left ventricular ejection fraction, tricuspid re-
gurgitant velocity, mitral regurgitation, aortic stenosis,
aortic regurgitation, and mitral stenosis, among other
parameters. The study showed good performance in
terms of AUC, accuracy, sensitivity, and specificity for
classifying the conditions, yielding 0.92, 86%, 82%,
and 86%, respectively, for predicting left ventricu-
lar ejection fraction. Similar models trained on chest
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radiograph data have been employed for predicting ad-
verse events in patients with heart failure,’" assessing
cardiomegaly,’” and risk stratification for atheroscle-
rotic cardiovascular disease.’> Machine learning mod-
els have been shown to exhibit superior performance
as clinical diagnostic tools to assist radiologists com-
pared to the traditional process of diagnosis by radiol-
ogists alone.*

Nuclear Imaging

Nuclear imaging involves the introduction of safe doses
of radiotracer substances, including technetium-99m,
fluorodeoxyglucose, and thallium-201, through injec-
tion into the body to visualize and assess the metabolic
functions of tissues and organs.”® Common nuclear im-
aging modalities in cardiology include positron emis-
sion tomography (PET) and Single-photon emission
computed tomography (SPECT). PET produces medical
images through the detection of energy released when
electrons annihilate positrons from the radiotracer
from surrounding tissues, while SPECT directly mea-
sures gamma rays that are released from radiotracers
when they concentrate in the target tissues.*®

SPECT

Coronary artery disease is a common etiology in car-
diology requiring accurate diagnosis and treatment.
Myocardial perfusion imaging with SPECT is crucial
for evaluating blood flow and viability of heart mus-
cle for clinical diagnoses of cardiovascular disorders.
However, the presence of noise and artifacts in medi-
cal images often poses a critical challenge to cardiol-
ogists, increasing the risk of misdiagnosis. Therefore,
to minimize this risk, machine learning models have
been introduced in the interpretation of SPECT im-
ages. Kusumoto et al.”’ integrated a newly developed
three-dimensional convolutional neural network
(CNN) into the classification of myocardial perfusion
imaging SPECT data. The performance, in terms of ac-
curacy and speed, of Al-guided diagnoses by cardiolo-
gists was compared with that of cardiologists who did
not use the Al model. The Al-guided diagnosis by car-
diologists demonstrated better performance (80% vs.
65%) and resulted in shorter diagnosis times (12 min
vs. 31 min). In another study,’® the integration of deep
learning frameworks in the analysis of myocardial per-
fusion imaging SPECT datasets was examined, assess-
ing the performance of three CNN models: RGB-CNN,
VGG-16, and DenseNet-121. RGB-CNN demonstrated
the highest accuracy (91.86%), followed by VGG-16
(88.54%) and DenseNet-121 (86.11%).

PET

To assess the prognostic value of PET myocardial per-
fusion imaging in patients suspected of having coro-
nary artery disease, Lehtonen et al.””> developed two
XGBoost-based models trained on separate datasets.
One model was trained on clinical and coronary CT an-
giography data, whereas the second was trained on the
combination of clinical data, coronary CT angiography
data, and PET imaging variables. The authors reported
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that the model trained on datasets that included PET
scan data predicted patient clinical outcomes with an
AUC of 0.82, which was significantly higher than that
of the model trained on data that excluded PET data.
These findings highlight the advantages of integrating
machine learning innovations into the interpretation
of PET images for prognosticating coronary artery dis-
ease and predicting treatment outcomes. Likewise,
Singh et al.** investigated the utility of deep learning
models for predicting mortality risk using data from
PET myocardial perfusion imaging. Similar to the study
by Lehtonen et al.,*® this study also reported an AUC
of 0.82. In comparison with calcium score and expert
prediction of risks of myocardial infarction occurrence
and mortality, machine learning-based model predic-
tion has been shown to exhibit superior concordance
index and AUC.”

Real-World Examples of Al-based Diagnostic
Innovations in Cardiology

After scientific evaluation for safety and efficacy, many
Al-based innovations have been approved for real-world
applications. An example of this is DeepRhythmAlI, a
CNN-based algorithm that denoises electrocardiograms,
thereby facilitating the precise interpretation of the
heart’s electrical activity.®* The model was approved by
the Food and Drug Administration (FDA) in 2022. In a
recent assessment of the tool, it yielded a 98.6% sensi-
tivity for identifying critical arrhythmias.

Another software-based FDA-approved Al tool is the
EchoGo Heart Failure. This tool, which also utilizes
CNNs in its model, detects heart failure with preserved
ejection fraction using transthoracic echocardiogra-
phy scans, achieving a sensitivity of 87.8% and a spec-
ificity of 81.9%.°* Furthermore, the Eko Low Ejection
Fraction Tool is a medical device that diagnoses low
ejection fraction and prompts clinical interventions.*’
The tool was developed in collaboration with the Mayo
Clinic and, in a validation study, demonstrated an
area under the receiver operating characteristic curve
of 0.85 for detecting ejection fractions <40%. The tool
is currently used in multiple National Health Service
clinics in the UK.

To circumvent the need for ingesting radiotracer
substances and related processes for diagnosing coro-
nary artery disease, the CorVista Capture Device was
designed to simultaneously capture photoplethysmo-
gram and orthogonal voltage gradient signals, which
are then analyzed using machine learning to predict
the likelihood of coronary artery disease.®* The tool
was validated through the IDENTIFY trial, demon-
strating an AUC of 0.80.% This point-of-care device
has been enhanced with another feature to predict the
presence of pulmonary hypertension and is currently
marketed in the US.%

Endoscopic procedures, such as transcatheter aor-
tic valve replacement, percutaneous ventricular assist
device implantation, and percutaneous coronary in-
tervention, are associated with a considerable risk of
endovascular bleeding. This risk increases with the
invasiveness and complexity of the procedure and may
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result in life-threatening outcomes such as hematoma,
anemia, and even death. The Saranas Early Bird Bleed
Monitoring System was designed using a machine
learning algorithm to facilitate early detection and
prompt clinical management.®” The system, through
a vascular access sheath, measures and analyzes bio-
impedance, which reflects changes in intravascular
structural changes and the distribution of blood be-
tween the intravascular and extravascular spaces. The
system was validated and approved for use in humans,
showing a high level of agreement (Cohen’s kappa =
0.84) with bleeding diagnosis using CT.%®

Furthermore, to expedite and improve the accuracy
of coronary CT angiography for diagnosing coronary
artery disease, CNNs were applied in Cleerly ISCH-
EMIA, an FDA-approved Al-aided software used to
analyze imaging data from the test.®” In addition to
excellent performance metrics, the software exhibited
close agreement with expert readers both on a per-ves-
sel and per-patient basis, with intraclass coefficients of
0.73 and 0.73, respectively.”

Limitations of Machine Learning in Cardiac Image Analysis
The performance and accuracy of the machine learn-
ing model depend on the quantity and quality of the
available datasets.”’ Notable databases comprising
extensive health data have been developed, especial-
ly in high-income countries. Examples of these are the
UK Biobank’ and the Cardiovascular Disease Knowl-
edge Portal.” However, such databases are not widely
available in resource-constrained settings, which limits
the availability of population-specific data in many re-
gions. Aside from resource limitations, a common rea-
son for the lack of data in some regions is apprehension
regarding data security and safety, given the ethical
considerations surrounding patient health data.’ This
challenge is circumvented by the de-identification and
anonymization of data, ensuring that patients are not
identifiable through such data. Sometimes, the avail-
able database may contain limited datasets. Data aug-
mentation and boosting techniques, including artificial
data generation, interpolation, and imputation, offer
an innovative approach to addressing this challenge.’
Furthermore, transfer learning, a technique in machine
learning that involves applying knowledge gained by
models from one task to another, may also be used."
Computed bias has been highlighted as a notable
shortcoming of machine learning models, which may
result in perpetuating discriminatory practices or mak-
ing erroneous diagnoses because of patients’ back-
grounds or peculiarities.”" Moreover, underfitting, in
which machine learning models are too basic to iden-
tify patterns in data, and overfitting, in which a model
focuses too much on patterns in a specific dataset and
is unable to identify patterns in others, could also im-
pair performance and accuracy.”* These pose risks to
patients and could negatively impact diagnoses and
treatment planning. Hence, given the widespread ap-
plication of machine learning in cardiology, among
other areas of healthcare, there is a need for regula-
tory oversight of machine learning products.” Before
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applying machine-learning models in clinical settings
or commercialization of machine-learning-based med-
ical devices, it is essential that these models are vetted
by a regulatory body to minimize risks to patients or
end-users.

Machine Learning Prospects in Cardiology

Digital Heart Twin

Cardiovascular morbidities are physiologically com-
plex, and treatment outcomes are not always predict-
able, particularly when an investigational treatment is
being used. A digital heart twin has been proposed to
enhance diagnosis and prognostication, as well as to
mitigate the inherent risks associated with treatment
modalities.”® A digital heart twin is a virtual replica
of the heart developed using modern computational
modeling combined with patients’ health data.”” The
digital twin is utilized to enhance understanding of
pathogenesis and disease progression, thereby facili-
tating accurate diagnosis and prediction of clinical out-
comes. Furthermore, investigational treatments whose
side effects and complication risk have not been com-
pletely mapped could be applied to the digital heart
replica to determine their effects on the heart, thereby
protecting the physical heart from harmful treatment
and enhancing the personalization of treatment guide-
lines. For instance, Lai et al.”® designed virtual heart
replicas using ECG data from patients and investigated
different implantable cardioverter defibrillator param-
eter settings on the virtual heart to determine which
settings would provide the best benefits to patients.
The study employed a reinforcement learning algo-
rithm to investigate different parameter settings and
reported better outcomes with determined settings
compared to the default settings of the implantable
cardioverter defibrillator. Likewise, Scotto et al.”® em-
ployed a similar model to improve health outcomes
in a patient with heart failure. Efforts are underway to
design comprehensive virtual heart replicas that incor-
porate various physiological and pathological heart
parameters to enhance the diagnosis and screening of
experimental treatments.

Explainable Al

Several significant developments have been docu-
mented with the integration of machine learning in
various areas of healthcare management. However,
machine learning models, particularly those utilizing
CNN frameworks, are complex, and it is challenging to
determine or explain how they arrive at their predic-
tions.”" This raises concerns about the accuracy, bias,
and trustworthiness of outputs from machine learning
models. Therefore, explainable Al, an emerging field,
aims to enhance the transparency and trustworthiness
of AI model decision-making processes and predic-
tions.”” SHAP, LIME, and H,O Driverless Al, etc., are
tools used in this field. SHAP or SHapley Additive ex-
Planations was applied to visualize the predictions of
a random forest regarding the impact of physical ac-
tivity parameters on LV structure in older patients.*
The addition of the SHAP framework to the model also
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enabled the identification of parameters that contrib-
uted to the prediction of changes in the LV and those
that did not. Future studies should focus on combin-
ing these interpretation tools with machine learning
frameworks to enhance transparency and, conse-
quently, the reliability of predictions from machine
learning models.

Radiomics

Another aspect of medical imaging that has garnered
increased interest in recent years is the field of radio-
mics, which involves extracting quantitative features
from medical images. The analysis of these features is
used to characterize biological structures and obtain
information regarding disease diagnosis or treatment
outcomes.®" Statistical algorithms are used in the ex-
traction of the features; these features are then used to
develop machine-learning models that may be used for
prediction.®’ Radiomics features extracted from native
T1 mapping, a cardiac MRI approach, were investigat-
ed for risk stratification in patients with dilated cardio-
myopathy. The final model performed significantly bet-
ter than models created using conventional data. This
approach has also been applied to coronary CT angiog-
raphy to predict cardiovascular events.®” However, the
application of radiomics is currently limited in clinical
settings due to a lack of standardization of radiomic
features, highly variable reports from existing studies,
and data limitations, necessitating further research.

Conclusions
With the increasing prevalence of cardiovascular dis-
ease incidence and mortality, addressing the limita-
tion of human expertise for processing the exponential
growth of medical data remains crucial. Hence, the in-
tegration of machine learning in processing cardiovas-
cular imaging data holds significant value in aiding the
diagnosis, treatment, and prognosis of cardiovascular
diseases. This review focused on the integration of ma-
chine learning models in image analysis for diagnostic
purposes. Approaches to machine learning, including
supervised, semi-supervised, and unsupervised learn-
ing, were explained alongside common machine learn-
ing frameworks such as logistic regression, support
vector machines, random forests, and neural networks.

In cardiac MRI, machine learning models are utilized
to denoise, classify, and segment images, as well as
quantify blood flow, particularly in patients with coro-
nary artery disease. Furthermore, while echocardiogra-
phy-based machine learning focused on improving the
depiction of cardiac structures for diagnosis, electro-
cardiography-based machine learning models aimed
to assess heart function with high precision. These two
categories mostly employed deep learning frameworks,
especially CNNs. Moreover, in X-ray-based cardiac im-
aging, Al models are utilized for feature extraction and
the identification of heart diseases, including valvular
diseases, cardiomegaly, and heart failure.

Many studies assessing the applications of machine
learning models evaluated performance indices such
as AUC, F1-score, receiver operating characteristic
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curves, sensitivity, and specificity. These indices were
compared with those of human expertise or between
different models, with the experimental models com-
monly demonstrating superior performance. Con-
versely, this review also highlighted the challenges of
machine learning models, including limited data and
ethics of health data. Furthermore, computer bias,
overfitting, and underfitting were identified as short-
comings of Al, and the need for dedicated databases
containing extensive, de-identified datasets, as well as
regulatory oversight, was emphasized.

References

1 World Health Organization (WHO). Cardiovascular diseases (CVDs).
WHO, Geneva. 2021. Available from: https://www.who.int/news-
room/fact-sheets/detail/cardiovascular-diseases-(cvds) (accessed
03 January 2025).

2 Chong B, Jayabaskaran J, Jauhari SM, Chan SP, Goh R, Kueh MTW, et al.
Global burden of cardiovascular diseases: Projections from 2025 to
2050. Eur ) Prev Cardiol. https://doi.org/10.1093/eurjpc/zwae281

3 ChenL, HanZ, WangJ, Yang C. The emerging roles of machine
learning in cardiovascular diseases: A narrative review. Ann Trans|
Med. 2022;10(10):611. https://doi.org/10.21037 /atm-22-1853

4 Attia ZI, Harmon DM, Behr ER, Friedman PA. Application of artificial
intelligence to the electrocardiogram. Eur Heart . 2021;42(46):4717—
30. https://doi.org/10.1093/eurheartj/ehab649

5 Vandenberk B, Chew DS, Prasana D, Gupta S, Exner DV. Successes
and challenges of artificial intelligence in cardiology. Front
Digit Health. 2023;5:1201392. https://doi.org/10.3389/
fdgth.2023.1201392

6  Fernandez-Luque L, Imran M. Humanitarian health computing using
artificial intelligence and social media: A narrative literature review.
Int) Med Inform. 2018;114:136—-42. https://doi.org/10.1016/].
ijmedinf.2018.01.015

7 Martin-Isla C, Campello VM, Izquierdo C, Raisi-Estabragh Z, Baefler
B, Petersen SE, et al. Image-based cardiac diagnosis with machine
learning: A review. Front Cardiovasc Med. 2020;7:1. https://doi.
0rg/10.3389/fcvm.2020.00001

8  Mathur P, Srivastava S, Xu X, Mehta JL. Artificial intelligence,
machine learning, and cardiovascular disease. Clin Med
Insights Cardiol. 2020;14:1179546820927404. https://doi.
0rg/10.1177/1179546820927404

9  Seetharam K, Min JK. Artificial intelligence and machine learning
in cardiovascular imaging. Methodist Debakey Cardiovasc J.
2020;16(4):263-71. https://doi.org/10.14797 /mdcj-16-4-263

10 Muse ED, Topol EJ. Guiding ultrasound image capture with
artificial intelligence. Lancet. 2020;396(10253):749. https://doi.
0rg/10.1016/S0140-6736(20)31875-4

11 Azarmehr N, Ye X, Howard JP, Lane ES, Labs R, Shun-Shin MJ, et al.
Neural architecture search of echocardiography view classifiers.

J Med Imaging (Bellingham). 2021;8(3):034002. https://doi.
0rg/10.1117/1.JM1.8.3.034002

12 HuY,YanH, Liu M, Gao J, Xie L, Zhang C, et al. Detecting
cardiovascular diseases using unsupervised machine learning
clustering based on electronic medical records. BMC Med Res
Methodol. 2024;24(1):309. https://doi.org/10.1186/51287 4-
024-02422-7

13 Huynh T, Nibali A, He Z. Semi-supervised learning for medical image
classification using imbalanced training data. Comput Methods
Programs Biomed. 2022;216:106628. https://doi.org/10.1016/j.
cmpb.2022.106628

14 WengY, Zhang Y, Wang W, Dening T. Semi-supervised information
fusion for medical image analysis: Recent progress and future
perspectives. Inf Fusion. 2024;106:102263, https://doi.
0rg/10.1016/j.inffus.2024.102263

15 CaiC,Wangs, XuY, Zhang W, Tang K, Ouyang Q, et al. Transfer
learning for drug discovery. | Med Chem. 2020;63(16):8683-94.
https://doi.org/10.1021/acs.jmedchem.9b02147

16 Schober P, Vetter TR. Logistic regression in medical research.
Anesth Analg. 2021;132(2):365-6. https://doi.org/10.1213/
ANE.0000000000005247

17 Kim A, Song Y, Kim M, Lee K, Cheon JH. Logistic regression model
training based on the approximate homomorphic encryption. BMC


https://doi.org/10.70389/PJC.100006
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://doi.org/10.1093/eurjpc/zwae281
https://doi.org/10.21037/atm-22-1853
https://doi.org/10.1093/eurheartj/ehab649
https://doi.org/10.3389/fdgth.2023.1201392
https://doi.org/10.3389/fdgth.2023.1201392
https://doi.org/10.1016/j.ijmedinf.2018.01.015
https://doi.org/10.1016/j.ijmedinf.2018.01.015
https://doi.org/10.3389/fcvm.2020.00001
https://doi.org/10.3389/fcvm.2020.00001
https://doi.org/10.1177/1179546820927404
https://doi.org/10.1177/1179546820927404
https://doi.org/10.14797/mdcj-16-4-263
https://doi.org/10.1016/S0140-6736(20)31875-4
https://doi.org/10.1016/S0140-6736(20)31875-4
https://doi.org/10.1117/1.JMI.8.3.034002
https://doi.org/10.1117/1.JMI.8.3.034002
https://doi.org/10.1186/s12874-024-02422-z
https://doi.org/10.1186/s12874-024-02422-z
https://doi.org/10.1016/j.cmpb.2022.106628
https://doi.org/10.1016/j.cmpb.2022.106628
https://doi.org/10.1016/j.inffus.2024.102263
https://doi.org/10.1016/j.inffus.2024.102263
https://doi.org/10.1021/acs.jmedchem.9b02147
https://doi.org/10.1213/ANE.0000000000005247
https://doi.org/10.1213/ANE.0000000000005247

PREMIER JOURNAL OF CARDIOLOGY

REVIEW

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

10

Med Genomics. 2018;11(Suppl 4):83. https://doi.org/10.1186/
$12920-018-0401-7

Zhang J, Zhang H, Wei T, Kang P, Tang B, Wang H. Predicting
angiographic coronary artery disease using machine learning and

high-frequency QRS. BMC Med Inform Decis Mak. 2024;24(1):217.

https://doi.org/10.1186/s12911-024-02620-1

Zhou X, Li X, Zhang Z, Han Q, Deng H, Jiang Y, et al. Support vector
machine deep mining of electronic medical records to predict the
prognosis of severe acute myocardial infarction. Front Physiol.
2022;13:991990. https://doi.org/10.3389/fphys.2022.991990
Van Belle V, Van Calster B, Van Huffel S, Suykens JA, Lisboa P.
Explaining support vector machines: A color based nomogram.
PLoS One. 2016;11(10):e0164568. https://doi.org/10.1371/
journal.pone.0164568

Maltarollo VG, Kronenberger T, Espinoza GZ, Oliveira PR, Honorio
KM. Advances with support vector machines for novel drug
discovery. Expert Opin Drug Discov. 2019;14(1):23-33. https://
doi.org/10.1080/17460441.2019.1549033

Winters-Hilt S, Yelundur A, McChesney C, Landry M. Support
vector machine implementations for classification & clustering.
BMC Bioinform. 2006;7 Suppl 2(Suppl 2):S4. https://doi.
0rg/10.1186/1471-2105-7-52-54

Valkenborg D, Rousseau AJ, Geubbelmans M, Burzykowski

T. Support vector machines. Am J Orthod Dentofacial

Orthop. 2023;164(5):754~7. https://doi.org/10.1016/].
2jod0.2023.08.003

Becker T, Rousseau AJ, Geubbelmans M, Burzykowski T, Valkenborg
D. Decision trees and random forests. Am ] Orthod Dentofacial
Orthop. 2023;164(6):894—7. https://doi.org/10.1016/j.
2jod0.2023.09.011

Schonlau M, Zou RY. The random forest algorithm for

statistical learning. Stata J. 2020;20(1):3-29. https://doi.
0rg/10.1177/1536867X20909688

Sarker IH. Machine learning: Algorithms, real-world applications
and research directions. SN Comput Sci. 2021;2(3):160. https://
doi.org/10.1007/s42979-021-00592-x

Rigatti SJ. Random forest. J Insur Med. 2017;47(1):31-9. https://
doi.org/10.17849/insm-47-01-31-39.1

Dalmaijer ES, Nord CL, Astle DE. Statistical power for cluster
analysis. BMC Bioinform. 2022;23(1):205. https://doi.
0rg/10.1186/s12859-022-04675-1

Rodriguez MZ, Comin CH, Casanova D, Bruno OM, Amancio DR,
Costa LDF, et al. Clustering algorithms: A comparative approach.
PL0S One. 2019;14(1):e0210236. https://doi.org/10.1371/
journal.pone.0210236

Balaji K. Machine learning algorithm for feature space clustering of
mixed data with missing information based on molecule similarity.
J Biomed Inform. 2022;125:103954. https://doi.org/10.1016/].
jbi.2021.103954

Bruse JL, Zuluaga MA, Khushnood A, McLeod K, Ntsinjana HN,
Hsia TY, et al. Detecting clinically meaningful shape clusters in
medical image data: Metrics analysis for hierarchical clustering
applied to healthy and pathological aortic arches. IEEE Trans
Biomed Eng. 2017;64(10):2373-83. https://doi.org/10.1109/
TBME.2017.2655364

Oksuz I, Ruijsink B, Puyol-Antén E, Clough JR, Cruz G, Bustin A, et al.
Automatic CNN-based detection of cardiac MR motion artefacts
using k-space data augmentation and curriculum learning. Med
Image Anal. 2019;55:136—47. https://doi.org/10.1016/].
media.2019.04.009

Vigneault DM, Xie W, Ho CY, Bluemke DA, Noble JA. Q-Net
(Omega-Net): Fully automatic, multi-view cardiac MR detection,
orientation, and segmentation with deep neural networks. Med
Image Anal. 2018;48:95-106. https://doi.org/10.1016/].
media.2018.05.008

Kufel J, Bargiet-tgczek K, Kocot S, Kozlik M, Bartnikowska W, Janik
M, et al. What is machine learning, artificial neural networks and
deep learning?-examples of practical applications in medicine.
Diagnostics (Basel). 2023;13(15):2582. https://doi.org/10.3390/
diagnostics13152582

Choi RY, Coyner AS, Kalpathy-Cramer J, Chiang MF, Campbell JP.
Introduction to machine learning, neural networks, and deep
learning. Transl Vis Sci Technol. 2020;9(2):14. https://doi.
org/10.1167/tvst.9.2.14

Bratt A, Kim J, Pollie M, Beecy AN, Tehrani NH, Codella N, et al.
Machine learning derived segmentation of phase velocity encoded
cardiovascular magnetic resonance for fully automated aortic flow

37

38

39

40

41

42

43

44

45

46

47

48

49

50

52

quantification. J Cardiovasc Magn Reson. 2019;21(1):1. https://doi.
0rg/10.1186/512968-018-0509-0

Cheung HC, Vimalesvaran K, Zaman S, Michaelides M, Shun-Shin
M, Francis DP, et al. Automating quality control in cardiac magnetic
resonance: Artificial intelligence for discriminative assessment of
planning and motion artifacts and real-time reacquisition guidance.
J Cardiovasc Magn Reson. 2024;26(2):101067. https://doi.
0rg/10.1016/j.jocmr.2024.101067

Steeden JA, Quail M, Gotschy A, Mortensen KH, Hauptmann A,
Arridge S, et al. Rapid whole-heart CMR with single volume super-
resolution. | Cardiovasc Magn Reson. 2020;22(1):56. https://doi.
0rg/10.1186/512968-020-00651-x

Zhang X, Noga M, Martin DG, Punithakumar K. Fully automated

left atrium segmentation from anatomical cine long-axis MRI
sequences using deep convolutional neural network with unscented
Kalman filter. Med Image Anal. 2021;68:101916. https://doi.
0rg/10.1016/j.media.2020.101916

Valsaraj A, Kalmady SV, Sharma V, Frost M, Sun W, Sepehrvand

N, et al. Development and validation of echocardiography-

based machine-learning models to predict mortality.

EBioMedicine. 2023;90:104479. https://doi.org/10.1016/j.
ebiom.2023.104479

Naser JA, Lee E, Pislaru SV, Tsaban G, Malins JG, Jackson JI, et al.
Artificial intelligence-based classification of echocardiographic
views. Eur Heart ) Digit Health. 2024;5(3):260-9. https://doi.
0rg/10.1093/ehjdh/ztae015

Ghorbani A, Ouyang D, Abid A, He B, Chen JH, Harrington RA, et al.
Deep learning interpretation of echocardiograms. NPJ Digit Med.
2020;3:10. https://doi.org/10.1038/s41746-019-0216-8

Liu B, Chang H, Yang D, Yang F, Wang Q, Deng ¥, et al. A deep
learning framework assisted echocardiography with diagnosis,
lesion localization, phenogrouping heterogeneous disease,

and anomaly detection. Sci Rep. 2023;13(1):3. https://doi.
0rg/10.1038/s41598-022-27211-w

Bodini M, Rivolta MW, Sassi R. Opening the black box:
Interpretability of machine learning algorithms in
electrocardiography. Philos Trans A Math Phys Eng Sci.
2021;379(2212):20200253. https://doi.org/10.1098/
rsta.2020.0253

Aziz S, Ahmed S, Alouini MS. ECG-based machine-learning
algorithms for heartbeat classification. Sci Rep. 2021;11(1):18738.
https://doi.org/10.1038/s41598-021-97118-5

Hassaballah M, Wazery YM, Ibrahim IE, Farag A. ECG heartbeat
classification using machine learning and metaheuristic
optimization for smart healthcare systems. Bioengineering

(Basel). 2023;10(4):429. https://doi.org/10.3390/
bioengineering10040429

Attia ZI, Kapa S, Lopez-Jimenez F, McKie PM, Ladewig D), Satam G,
et al. Screening for cardiac contractile dysfunction using an artificial
intelligence-enabled electrocardiogram. Nat Med. 2019;25(1):70—
4. https://doi.org/10.1038/s41591-018-0240-2

AlOthman AF, Sait ARW, Alhussain TA. Detecting coronary artery
disease from computed tomography images using a deep learning
technique. Diagnostics (Basel). 2022;12(9):207 3. https://doi.
org/10.3390/diagnostics12092073

Lin A, Manral N, McElhinney P, Killekar A, Matsumoto H, Kwiecinski
J, et al. Deep learning-enabled coronary CT angiography for

plaque and stenosis quantification and cardiac risk prediction: An
international multicentre study [published correction appears in
Lancet Digit Health. 2022;4(5):e299. https://doi.org/10.1016/
$2589-7500(22)00066-8.]. Lancet Digit Health. 2022;4(4):e256—
65. https://doi.org/10.1016/52589-7500(22)00022-X

Ueda D, Matsumoto T, Ehara S, Yamamoto A, Walston SL, Ito A,

et al. Artificial intelligence-based model to classify cardiac functions
from chest radiographs: A multi-institutional, retrospective

model development and validation study. Lancet Digit Health.
2023;5(8):e525-33. https://doi.org/10.1016/52589-
7500(23)00107-3

Kusunose K, Hirata Y, Yamaguchi N, Kosaka Y, Tsuji T, Kotoku J, et al.
Deep learning approach for analyzing chest x-rays to predict cardiac
events in heart failure. Front Cardiovasc Med. 2023;10:1081628.
https://doi.org/10.3389/fcvm.2023.1081628

Fan W, Yang, Qi J, Zhang Q, Liao C, Wen L, et al. A deep-
learning-based framework for identifying and localizing multiple
abnormalities and assessing cardiomegaly in chest x-ray. Nat
Commun. 2024;15(1):1347. https://doi.org/10.1038/s41467-
024-45599-z

DOI: https://doi.org/10.70389/PJC.100006 | Premier Journal of Cardiology 2025;2:100006


https://doi.org/10.70389/PJC.100006
https://doi.org/10.70389/PJC.100001
https://doi.org/10.1186/s12920-018-0401-7
https://doi.org/10.1186/s12920-018-0401-7
https://doi.org/10.1186/s12911-024-02620-1
https://doi.org/10.3389/fphys.2022.991990
https://doi.org/10.1371/journal.pone.0164568
https://doi.org/10.1371/journal.pone.0164568
https://doi.org/10.1080/17460441.2019.1549033
https://doi.org/10.1080/17460441.2019.1549033
https://doi.org/10.1186/1471-2105-7-S2-S4
https://doi.org/10.1186/1471-2105-7-S2-S4
https://doi.org/10.1016/j.ajodo.2023.08.003
https://doi.org/10.1016/j.ajodo.2023.08.003
https://doi.org/10.1016/j.ajodo.2023.09.011
https://doi.org/10.1016/j.ajodo.2023.09.011
https://doi.org/10.1177/1536867X20909688
https://doi.org/10.1177/1536867X20909688
https://doi.org/10.1007/s42979-021-00592-x
https://doi.org/10.1007/s42979-021-00592-x
https://doi.org/10.17849/insm-47-01-31-39.1
https://doi.org/10.17849/insm-47-01-31-39.1
https://doi.org/10.1186/s12859-022-04675-1
https://doi.org/10.1186/s12859-022-04675-1
https://doi.org/10.1371/journal.pone.0210236
https://doi.org/10.1371/journal.pone.0210236
https://doi.org/10.1016/j.jbi.2021.103954
https://doi.org/10.1016/j.jbi.2021.103954
https://doi.org/10.1109/TBME.2017.2655364
https://doi.org/10.1109/TBME.2017.2655364
https://doi.org/10.1016/j.media.2019.04.009
https://doi.org/10.1016/j.media.2019.04.009
https://doi.org/10.1016/j.media.2018.05.008
https://doi.org/10.1016/j.media.2018.05.008
https://doi.org/10.3390/diagnostics13152582
https://doi.org/10.3390/diagnostics13152582
https://doi.org/10.1167/tvst.9.2.14
https://doi.org/10.1167/tvst.9.2.14
https://doi.org/10.1186/s12968-018-0509-0
https://doi.org/10.1186/s12968-018-0509-0
https://doi.org/10.1016/j.jocmr.2024.101067
https://doi.org/10.1016/j.jocmr.2024.101067
https://doi.org/10.1186/s12968-020-00651-x
https://doi.org/10.1186/s12968-020-00651-x
https://doi.org/10.1016/j.media.2020.101916
https://doi.org/10.1016/j.media.2020.101916
https://doi.org/10.1016/j.ebiom.2023.104479
https://doi.org/10.1016/j.ebiom.2023.104479
https://doi.org/10.1093/ehjdh/ztae015
https://doi.org/10.1093/ehjdh/ztae015
https://doi.org/10.1038/s41746-019-0216-8
https://doi.org/10.1038/s41598-022-27211-w
https://doi.org/10.1038/s41598-022-27211-w
https://doi.org/10.1098/rsta.2020.0253
https://doi.org/10.1098/rsta.2020.0253
https://doi.org/10.1038/s41598-021-97118-5
https://doi.org/10.3390/bioengineering10040429
https://doi.org/10.3390/bioengineering10040429
https://doi.org/10.1038/s41591-018-0240-2
https://doi.org/10.3390/diagnostics12092073
https://doi.org/10.3390/diagnostics12092073
https://doi.org/10.1016/S2589-7500(22)00066-8
https://doi.org/10.1016/S2589-7500(22)00066-8
https://doi.org/10.1016/S2589-7500(22)00022-X
https://doi.org/10.1016/S2589-7500(23)00107-3
https://doi.org/10.1016/S2589-7500(23)00107-3
https://doi.org/10.3389/fcvm.2023.1081628
https://doi.org/10.1038/s41467-024-45599-z
https://doi.org/10.1038/s41467-024-45599-z

PREMIER JOURNAL OF CARDIOLOGY

REVIEW

53

54

55

56

57

58

59

60

61

62

63

64

65

66

Weiss J, Raghu VK, Paruchuri K, Zinzuwadia A, Natarajan P, Aerts
HJWL, et al. Deep learning to estimate cardiovascular risk from chest
radiographs : A risk prediction study [published correction appears
in Ann Intern Med. 2025;178(1):147. https://doi.org/10.7326/
ANNALS-24-03386]. Ann Intern Med. 2024;177(4):409-17.
https://doi.org/10.7326/M23-1898

Guo L, Zhou C, Xu J, Huang C, Yu Y, Lu G. Deep learning for chest
X-Ray diagnosis: Competition between radiologists with or
without artificial intelligence assistance. J Imaging Inform Med.
2024;37(3):922-34. https://doi.org/10.1007/s10278-024-
00990-6

Juarez-Orozco LE, Niemi M, Yeung MW, Benjamins JW, Maaniitty

T, Teuho J, et al. Hybridizing machine learning in survival analysis
of cardiac PET/CT imaging. ) Nucl Cardiol. 2023;30(6):2750-9.
https://doi.org/10.1007/s12350-023-03359-4

Le TD, Shitiri NC, Jung SH, Kwon SY, Lee C. Image synthesis in
nuclear medicine imaging with deep learning: A review. Sensors
(Basel). 2024;24(24):8068. https://doi.org/10.3390/s24248068
Kusumoto D, Akiyama T, Hashimoto M, Iwabuchi Y, Katsuki T, Kimura
M, et al. A deep learning-based automated diagnosis system for
SPECT myocardial perfusion imaging. Sci Rep. 2024;14(1):13583.
https://doi.org/10.1038/s41598-024-64445-2

Papandrianos NI, Feleki A, Papageorgiou El, Martini C. Deep
learning-based automated diagnosis for coronary artery disease
using SPECT-MPI images. ) Clin Med. 2022;11(13):3918. https://
doi.org/10.3390/jcm11133918

Lehtonen E, Kujala I, Tamminen J, Maaniitty T, Saraste A, Teuho

J, etal. Incremental prognostic value of downstream positron
emission tomography perfusion imaging after coronary computed
tomography angiography: A study using machine learning. Eur
Heart ] Cardiovasc Imaging. 2024;25(2):285-92. https://doi.
0rg/10.1093/ehjci/jead246

Singh A, Kwiecinski ], Miller RJH, Otaki Y, Kavanagh PB, Van
Kriekinge SD, et al. Deep learning for explainable estimation

of mortality risk from myocardial positron emission

tomography images [published correction appears in Circ
Cardiovasc Imaging. 2022;15(10):e000078. https://doi.
0rg/10.1161/HCI.0O00000000000078.]. Circ Cardiovasc
Imaging. 2022;15(9):e014526. https://doi.org/10.1161/
CIRCIMAGING.122.014526

Johnson LS, Zadrozniak P, Jasina G, Grotek-Cuprjak A, Andrade )G,
Svennberg E, et al. Artificial intelligence for direct-to-physician
reporting of ambulatory electrocardiography. Nat Med. https://doi.
0rg/10.1038/s41591-025-03516-x

Akerman AP, Porumb M, Scott CG, Begiri A, Chartsias A, Ryu AJ,

et al. Automated echocardiographic detection of heart failure

with preserved ejection fraction using artificial intelligence.

JACC Adv. 2023;2(6):100452. https://doi.org/10.1016/j.
jacadv.2023.100452

Bachtiger P, Petri CF, Scott FE, Park S, Kelshiker MA, Sahemey HK,
et al. Point-of-care screening for heart failure with reduced ejection
fraction using artificial intelligence during ECG-enabled stethoscope
examination in London, UK: A prospective, observational,
multicentre study. Lancet Digit Health. 2022;4(2):e117-25.
https://doi.org/10.1016/52589-7500(21)00256-9

Fathieh F, Paak M, Khosousi A, Burton T, Sanders WE, Doomra

A, et al. Predicting cardiac disease from interactions of
simultaneously-acquired hemodynamic and cardiac signals.
Comput Methods Programs Biomed. 2021;202:105970. https://
doi.org/10.1016/j.cmpb.2021.105970

Stuckey TD, Meine FJ, McMinn TR, Depta JP, Bennett BA, McGarry
TF, et al. Clinical validation of a machine-learned, point-of-care
system to IDENTIFY functionally significant coronary artery disease.
Diagnostics (Basel). 2024;14(10):987. https://doi.org/10.3390/
diagnostics14100987

Nemati N, Burton T, Fathieh F, Gillins HR, Shadforth I,
Ramchandani S, et al. Pulmonary hypertension detection non-
invasively at point-of-care using a machine-learned algorithm.
Diagnostics (Basel). 2024;14(9):897. https://doi.org/10.3390/
diagnostics14090897

DOI: https://doi.org/10.70389/PJC.100006 | Premier Journal of Cardiology 2025;2:100006

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

Généreux P, Kaki A, Naguib M, Fuller B, Naik H, Kim M, et al. Design
and rationale of the safe surveillance of PCl under mechanical
circulatory support with the saranas early bird bleed monitoring
system (SAFE-MCS) study. J Soc Cardiovasc Angiogr Interv.
2023;2(5):101049. https://doi.org/10.1016/}.jscai.2023.101049
Généreux P, Nazif TM, George JK, Barker CM, Klodell CT, Slater

JP, et al. First-in-human study of the saranas early bird bleed
monitoring system for the detection of endovascular procedure-
related bleeding events. J Invasive Cardiol. 2020;32(7):255-61.
https://doi.org/10.25270/jic/20.00303

Griffin WF, Choi AD, Riess JS, Marques H, Chang HJ, Choi JH, et al. Al
evaluation of stenosis on coronary CTA, comparison with quantitative
coronary angiography and fractional flow reserve: A CREDENCE trial
substudy. JACC Cardiovasc Imaging. 2023;16(2):193-205. https://
doi.org/10.1016/j.jcmg.2021.10.020

Choi AD, Marques H, Kumar V, Griffin WF, Rahban H, Karlsberg RP,
et al. CT evaluation by artificial intelligence for atherosclerosis,
stenosis and vascular morphology (CLARIFY): A multi-center,
international study. ] Cardiovasc Comput Tomogr. 2021;15(6):470—
6. https://doi.org/10.1016/j.jcct.2021.05.004

Karatzia L, Aung N, Aksentijevic D. Artificial intelligence in
cardiology: Hope for the future and power for the present. Front
Cardiovasc Med. 2022;9:945726. https://doi.org/10.3389/
fcvm.2022.945726

Sudlow C, Gallacher ), Allen N, Beral V, Burton P, Danesh J, et al.

UK biobank: An open access resource for identifying the causes

of a wide range of complex diseases of middle and old age. PLoS
Med. 2015;12(3):e1001779. https://doi.org/10.1371/journal.
pmed.1001779

Costanzo MC, Roselli C, Brandes M, Duby M, Hoang Q, Jang D,

et al. Cardiovascular disease knowledge portal: A community
resource for cardiovascular disease research. Circ Genom

Precis Med. 2023;16(6):e004181. https://doi.org/10.1161/
CIRCGEN.123.004181

Aliferis C, Simon G. Overfitting, underfitting and general model
overconfidence and under-performance pitfalls and best practices
in machine learning and Al. In Simon GJ, Aliferis C, editors. Artificial
Intelligence and Machine Learning in Health Care and Medical
Sciences: Best Practices and Pitfalls 2024;(pp. 477-524). Springer.
Stern AD, Price WN. Regulatory oversight, causal inference, and
safe and effective health care machine learning. Biostatistics.
2020;21(2):363-7. https://doi.org/10.1093/biostatistics/kxz044
Scotto A, Giordano N, Rosati S, Balestra G. Design of a digital twin of
the heart for the management of heart failure patients. Stud Health
Technol Inform. 2024;316:875-6. https://doi.org/10.3233/
SHTI240551

Corral-Acero J, Margara F, Marciniak M, Rodero C, Loncaric F, Feng Y,
et al. The ‘Digital Twin’ to enable the vision of precision cardiology.
Eur Heart ). 2020;41(48):4556—64. https://doi.org/10.1093/
eurheartj/ehaa159

Lai M, Yang H, Gu J, Chen X, Jiang Z. Digital-twin-based online
parameter personalization for implantable cardiac defibrillators.
Annu Int Conf IEEE Eng Med Biol Soc. 2022;2022:3007-10.
https://doi.org/10.1109/EMBC48229.2022.9871142

Petch J, Di S, Nelson W. Opening the Black Box: The promise

and limitations of explainable machine learning in cardiology.

Can | Cardiol. 2022;38(2):204-13. https://doi.org/10.1016/j.
jca.2021.09.004

Loh R, Yeo SY, Tan RS, Gao F, Koh AS. Explainable machine learning
predictions to support personalized cardiology strategies. Eur Heart
J Digit Health. 2021;3(1):49-55. https://doi.org/10.1093/ehjdh/
ztab096

Polidori T, De Santis D, Rucci C, Tremamunno G, Piccinni G,

Pugliese L, et al. Radiomics applications in cardiac imaging: A
comprehensive review. Radiol Med. 2023;128(8):922-33. https://
doi.org/10.1007/s11547-023-01658-x

Chen Q, Pan T, Wang YN, Schoepf U}, Bidwell SL, Qiao H,

et al. A coronary CT angiography radiomics model to identify
vulnerable plaque and predict cardiovascular events. Radiology.
2023;307(2):221693. https://doi.org/10.1148/radiol.221693

11


https://doi.org/10.70389/PJC.100006
https://doi.org/10.7326/ANNALS-24-03386
https://doi.org/10.7326/ANNALS-24-03386
https://doi.org/10.7326/M23-1898
https://doi.org/10.1007/s10278-024-00990-6
https://doi.org/10.1007/s10278-024-00990-6
https://doi.org/10.1007/s12350-023-03359-4
https://doi.org/10.3390/s24248068
https://doi.org/10.1038/s41598-024-64445-2
https://doi.org/10.3390/jcm11133918
https://doi.org/10.3390/jcm11133918
https://doi.org/10.1093/ehjci/jead246
https://doi.org/10.1093/ehjci/jead246
https://doi.org/10.1161/HCI.0000000000000078
https://doi.org/10.1161/HCI.0000000000000078
https://doi.org/10.1161/CIRCIMAGING.122.014526
https://doi.org/10.1161/CIRCIMAGING.122.014526
https://doi.org/10.1038/s41591-025-03516-x
https://doi.org/10.1038/s41591-025-03516-x
https://doi.org/10.1016/j.jacadv.2023.100452
https://doi.org/10.1016/j.jacadv.2023.100452
https://doi.org/10.1016/S2589-7500(21)00256-9
https://doi.org/10.1016/j.cmpb.2021.105970
https://doi.org/10.1016/j.cmpb.2021.105970
https://doi.org/10.3390/diagnostics14100987
https://doi.org/10.3390/diagnostics14100987
https://doi.org/10.3390/diagnostics14090897
https://doi.org/10.3390/diagnostics14090897
https://doi.org/10.1016/j.jscai.2023.101049
https://doi.org/10.25270/jic/20.00303
https://doi.org/10.1016/j.jcmg.2021.10.020
https://doi.org/10.1016/j.jcmg.2021.10.020
https://doi.org/10.1016/j.jcct.2021.05.004
https://doi.org/10.3389/fcvm.2022.945726
https://doi.org/10.3389/fcvm.2022.945726
https://doi.org/10.1371/journal.pmed.1001779
https://doi.org/10.1371/journal.pmed.1001779
https://doi.org/10.1161/CIRCGEN.123.004181
https://doi.org/10.1161/CIRCGEN.123.004181
https://doi.org/10.1093/biostatistics/kxz044
https://doi.org/10.3233/SHTI240551
https://doi.org/10.3233/SHTI240551
https://doi.org/10.1093/eurheartj/ehaa159
https://doi.org/10.1093/eurheartj/ehaa159
https://doi.org/10.1109/EMBC48229.2022.9871142
https://doi.org/10.1016/j.cjca.2021.09.004
https://doi.org/10.1016/j.cjca.2021.09.004
https://doi.org/10.1093/ehjdh/ztab096
https://doi.org/10.1093/ehjdh/ztab096
https://doi.org/10.1007/s11547-023-01658-x
https://doi.org/10.1007/s11547-023-01658-x
https://doi.org/10.1148/radiol.221693

