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Abstract: Background: Artificial intelligence (AI) can radically change almost every aspect of the
human experience. In the medical field, there are numerous applications of Al and subsequently, in a
relatively short time, significant progress has been made. Cardiology is not immune to this trend, this
fact being supported by the exponential increase in the number of publications in which the algorithms
play an important role in data analysis, pattern discovery, identification of anomalies, and therapeutic
decision making. Furthermore, with technological development, there have appeared new models of
machine learning (ML) and deep learning (DP) that are capable of exploring various applications
of Al in cardiology, including areas such as prevention, cardiovascular imaging, electrophysiology,
interventional cardiology, and many others. In this sense, the present article aims to provide a general
vision of the current state of Al use in cardiology. Results: We identified and included a subset of
200 papers directly relevant to the current research covering a wide range of applications. Thus,
this paper presents Al applications in cardiovascular imaging, arithmology, clinical or emergency
cardiology, cardiovascular prevention, and interventional procedures in a summarized manner.
Recent studies from the highly scientific literature demonstrate the feasibility and advantages of
using Al in different branches of cardiology. Conclusions: The integration of Al in cardiology offers
promising perspectives for increasing accuracy by decreasing the error rate and increasing efficiency
in cardiovascular practice. From predicting the risk of sudden death or the ability to respond to
cardiac resynchronization therapy to the diagnosis of pulmonary embolism or the early detection of
valvular diseases, Al algorithms have shown their potential to mitigate human error and provide
feasible solutions. At the same time, limits imposed by the small samples studied are highlighted
alongside the challenges presented by ethical implementation; these relate to legal implications
regarding responsibility and decision making processes, ensuring patient confidentiality and data
security. All these constitute future research directions that will allow the integration of Al in the
progress of cardiology.

Keywords: artificial intelligence; machine learning; deep learning; cardiology; valvular disease;
arithmology
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1. Introduction

Artificial intelligence (AI) has penetrated all aspects of life and has recently stood
out through the development of deep learning models that can generate almost anything
with minimal human intervention. However, among all fields of activity, medicine has
emerged as a particularly significant one, with great potential for development [1]. Among
all specialties wherein Al has found its place through clinical applications, cardiology
holds a leading position. According to the World Health Organization, the main cause of
death globally, accounting for approximately a third of annual deaths, is cardiovascular
disease [2].

When it comes to healthcare, a paradigm shift has been triggered with the integra-
tion of Al into various medical disciplines, including cardiology. Therefore, Al could
revolutionize cardiology by transforming the way cardiovascular diseases are prevented,
diagnosed, and treated. It includes different methods that allow machines to mimic human
behaviors such as learning, reasoning, problem solving, perception, and decision making.
In cardiology, all of these can lead to providing accurate predictions and personalized
information and can even identify patterns [3]. Artificial intelligence techniques have
shown their power to enhance progress in the management of atherosclerotic cardiovascu-
lar disease, heart failure, atrial fibrillation, pulmonary embolism, hypertension, pulmonary
hypertension, valvular heart diseases, cardiomyopathies, congenital heart diseases, and
more [4]. However, expertise in pathophysiology and patient clinical knowledge will not
be replaced, the human element remaining vital in the medical process, with physicians
ultimately deciding where to apply and how to interpret the data provided by AI [5]. The
main advantage of Al lies in its ability to analyze a large database in a short time and
provide targeted information tailored to each category of patients [6,7]. In addition, deep
learning algorithms, which are the most commonly applied Al subcategory in medicine at
this moment [8], allow for the partial elimination of human error from the medical process
by reducing human involvement, correcting clinician errors, and preventing misdiagnosis,
which constitutes another advantage of Al in healthcare [9,10].

In the healthcare field, artificial intelligence has the potential to open up new per-
spectives through personalized approaches to each patient. Thus, integrating Al into
routine medical practice supports medical activity, can increase the success rate in treating
cardiovascular diseases, and can improve the quality of medical care whilst recognizing
the limits of Al and not minimizing its ethical and legal issues [11]. This summary aims
to provide a synthesis of the application of Al in cardiology for easier understanding of
Al and to support the use of Al in the daily practice of the cardiologist. The relationship
between Al and its subdisciplines—machine learning (ML), deep learning (DL), and cog-
nitive computing—is visually represented in Figure 1. In essence, both machine learning
and deep learning fall under the umbrella of artificial intelligence. Machine learning, as an
innovative field, enables systems to adapt and improve with minimal human intervention.
Deep learning, in turn, is a subset of machine learning that focuses on artificial neural net-
works to mimic the learning process of the human brain. Deep learning is an evolution of
machine learning [12]. Additionally, Table 1 briefly exemplifies the most relevant concepts
of Al tools.
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Figure 1. Illustration of the Al subtypes. Created based on information from [4,13].
Table 1. Important Al-related terms and definitions.
Term Definitions References
Artificial intelligence (AI) is a subtype of information technology that through
Artificial intelligence algorithms can analyze (receive, process, and interpret) medical information and [14]
(AI) perform complex mathematical calculations, simulating artificially what happens in
the human mind during learning.
Machine learning (ML) is the ability of computer systems to automatically learn from
existing data and past experiences to find patterns and make future predictions. ML is
a well-known subtype of Al and can be grouped into three categories: supervised
learning, unsupervised learning, and reinforcement learning.
Machine learning In medicine, ML can incorporate and manage various data resources (from clinical [15-18]
(ML) and biological observations to wearable devices and environmental information) to

create models that can predict and diagnose certain diseases. Additionally, ML can
personalize disease treatment to improve the healthcare system.
In conclusion, ML is one of the fastest, most convenient, and cost-effective ways of
detecting disease through artificial intelligence technology.




Diagnostics 2024, 14, 1103 4 of 64
Table 1. Cont.
Term Definitions References
Deep learning (DL) is a subtype of machine learning that can analyze massive
Deep learnin amounts of data to provide greater accuracy in creating concepts and accurately
P & predicting pathologies. DL is currently one of the most applied algorithms for medical [4,19]

(DL)

purposes, alongside support vector machine (SVM) and artificial neural
network (ANN).

Cognitive computing

Cognitive computing systems are artificial intelligence systems that are part of
machine learning and understand, reason, and enhance human brain capabilities by [20]
combining virtual technology and natural language processing.

Supervised learning

Training the ML algorithm using labeled examples consisting of inputs and outputs
provided by an expert is a phenomenon known as supervised learning.
Supervised learning encompasses artificial neural networks (ANNSs), support vector
machine (SVM), decision tree, random forest, fuzzy logic, naive Bayes (NB), K-nearest
neighbor (KNN), and regression.

[17,21]

Unsupervised learning

This involves training the ML algorithm to process data and perform classification of
samples without category information, thus without human intervention.
Unsupervised learning includes clustering algorithms and association
rule-learning algorithms.

[21,22]

Reinforcement learning

Reinforcement learning is a subtype of machine learning that can be considered a
combination of supervised and unsupervised learning and can facilitate efforts to
increase algorithm accuracy. It is a learning strategy for optimal learning regarding a
specific criterion in a given situation. This algorithm receives feedback on its
performance by comparing rewards obtained during training with the
chosen criterion.

[23,24]

Convolutional neural
networks
(CNNs)

Deep learning (DL), a method primarily used in image processing and understanding
or classifying images, involves models similar to those used in the visual cortex for
processing images. Convolutional neural networks (CNNs) are neural networks
similar to regular neural networks, as they are composed of neurons with weights that
can be learned. However, CNNs explicitly assume that inputs have specific structures,
such as images.

[21,25,26]

Recurrent neural networks

(RNN’s)

RNN:ss are different from CNNs in that the input data are of variable size, which can be
processed by the RNN; moreover, the outputs of intermediate-layer neurons are
cyclically captured in the original input. When many recurrent neurons exist in a

recurrent layer, the sequential data are processed in parallel through different weights,
allowing RNNs to generate multiple representations and create effective feature

space separation.

[27]

Deep neural networks
(DNNSs)

A DL architecture with multiple layers between the input and output layers. [21]

Artificial neural network
(ANN)

An ML technique that processes information in an architecture comprising many
layers (“neurons”), with each interneuronal connection extracting the desired
parameters incrementally from the training data.

[21,28]

Support vector machine
(SVM)

A supervised learning model that can efficiently perform linear and nonlinear

classifications, implicitly mapping their inputs into high-dimensional feature spaces. [29]

Decision tree
(DT)

This nonparametric supervised learning method is visualized as a graph representing
the choices and their outcomes in the form of a tree; each tree consists of branches [30]
(values that a node can take) and nodes (attributes in the group to be classified).

Random tree
(RT)

This is an ensemble classification technique that uses “parallel ensembling”, fitting

several decision tree classifiers in parallel on dataset subsamples. [301
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Table 1. Cont.
Term Definitions References
A classification technique assuming independence among predictors,
Naive Bayes is a tool that works with the most basic knowledge of probability. Bayes’

Naive Bayes rule is a formula that determines the probability that Y will happen with a given X. [29]

(NB) The Bayes technique makes the naive assumption of independence of all

characteristics. It attempts to find probabilities based on known prior probabilities
that have been learned from training data.

Fuzzy logic Fuzzy logic is part of supervised learning which allows multiple possible truth values [30]

to be processed through the same variable.

K-nearest neighbor

This non-generalizing learning algorithm or an “instance-based learning” does not

focus on constructing a general internal model but rather stores all instances [30]

(KNN) corresponding to the training data in an n-dimensional space and classifies new data
points based on similarity measures.
Regression This is an algorithm using a logistic function to estimate probabilities that can overfit [30]

high-dimensional datasets, being suitable for datasets that can be linearly separated.

Clustering algorithms

Data clustering is an essential part of extracting information from databases and is
part of unsupervised learning. There are several ways to split the data, the most [31]
important of which are horizontal and vertical collaborative clustering.

Association rule-learning
algorithms

Association rule learning and correlation learning methods are used to find and weigh
contextual relations between modeled context entities.
In the presence of a training dataset, a unique classification strategy is introduced,
which can effectively increase classification performance.

[32-34]

2. Literature Review
2.1. Methodology

We conducted a comprehensive review of current literature including original articles
that studied various clinical applications of Al in cardiology. We performed extensive
searches on PubMed, Google Scholar, ScienceDirect, Elsevier, Scopus, Web of Science, and
Cochrane databases to identify relevant manuscripts. We used three sets of keywords to
recognize terms from the title, abstract, and keywords of the studies: (i) the first set of key-
words included terms associated with artificial intelligence, such as “artificial intelligence”,
“deep learning”, “machine learning”, “prediction”, “diagnosis”, “screening”, “treatment”,
and “prognosis”. However, studies using these methodologies are likely to incorporate
terms such as “artificial intelligence” or “machine learning” in their abstracts or keywords.
(ii) The second set of keywords included domains associated with applicability in clinical
practice. Thus, compound searches were performed using the terms “artificial intelligence”

v VA7

combined with a chosen cardiology domain: “arithmology”, “cardiac imaging”, “ischemic
heart disease”, “valvular disease”, “heart failure”, “congenital diseases”, “hypertension”,
and more. We restricted our search to papers published in English in the last 5 years,
between 2020 and 2024; additionally, textbooks on Al were consulted, and we found more
than 973 relevant manuscripts.

We removed duplicate articles and then conducted a detailed evaluation of abstracts
and titles to determine their suitability for inclusion. The selection criteria focused on
studies examining the application of artificial intelligence in various branches of cardiology.
Subsequently, we systematically applied selection criteria to evaluate the studies. Studies
were assessed based on the following criteria: (1) journal, (2) publication date, (3) study
design, (4) analysis methods, (5) results, and (6) conclusions. We initially screened abstracts
and eliminated studies not written in English. To ensure data quality, we paid close
attention to specific aspects regarding the comprehensive evaluation of studies meeting the
inclusion criteria, such as justification, method design, results, discussions, conclusions,
and any signs of methodological bias or interpretation of data that could have a negative
impact on the results of the studies reviewed.
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Essentially, the inclusion criteria were as follows:

1.  Studies examining the application of artificial intelligence in various branches of
cardiology, such as arrhythmology, emergency cardiology, cardiomyopathies, cardio-
vascular imaging, congenital cardiovascular disease, electrocardiography, heart failure,
heart transplantation, hypertension, pulmonary hypertension, infective endocarditis,
ischemic heart disease, pericardial disease, peripheral heart disease, thromboembolic
disease, and valvular diseases (this is a broad selection criterion focusing on the theme
of studies relevant to the proposed review and represents the main topic of the article);

2. Publications in English;

3.  Published within the last 5 years, between 2020 and 2024 (this temporal restriction
ensures the timeliness and relevance of the information included in the review);

4.  Patient batches that included both adults and children (this criterion ensured a larger
batch of studies covering cardiology);

5. Studies in the form of an academic journal article.

Exclusion criteria:

—_

Articles in languages other than English;

2. Retracted studies (eliminating retracted studies is essential to maintain the integrity
and credibility of this review);

3. Applications of artificial intelligence regarding technical functionality data of algo-
rithms (excluding these studies may be justified to focus on the practical and clinical
application of artificial intelligence in cardiology, rather than the technical aspects of
algorithms);

4. Studies in the form of posters, short papers, or only abstracts;

Duplicate studies;

6.  Studies with a title and abstract that do not match the review topic.

o1

The limitations of the review process included variations in methodologies among
the included studies and potential publication biases. Additionally, the rapidly evolving
nature of Al technologies in healthcare may introduce limitations in capturing the latest
developments. Additionally, limitations of the study are issues related to ethical implemen-
tation and legal issues regarding accountability and decision making; still, in small batches
of patients, the susceptibility model is considered a “black box” and standardization of the
method. These may be future research directions in Al [34].

2.2. Results

After a thorough review and assessment of the 665 articles, we identified and included
a subset of 200 papers that were directly relevant to our research, including 5 on arithmology,
10 on cardiogenic shock, 21 on cardiomyopathies, 18 on cardiac imaging, 6 on congenital
heart disease, 11 on electrocardiography, 13 on heart failure, 14 on heart transplant, 14 on
hypertension, 25 on pulmonary hypertension, 3 on infective endocarditis, 21 on ischemic
heart disease, 5 on pericardial disease, 8 on peripheral artery disease, 12 on thromboembolic
disease, and 14 on valvular disease. These areas of application of Al in cardiology are
represented in Figure 2. These selected studies provided valuable insights into the use and
impact of Al in cardiology, forming the basis of our review.

The 200 scientific articles that analyze the current applications of artificial intelligence
in cardiology, as well as future research perspectives, are schematically summarized in
Table 2.
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Figure 2. Application areas of Al in cardiology—main points of the review.



Diagnostics 2024, 14, 1103 8 of 64

Table 2. Scientific articles that analyze the current applications of Al in cardiology as well as future research perspectives.

Year of .. Data Machine Learning S
Study Author Application Source Method Future Direction
Tran. K-V, Studies to improve the Al algorithm of
2023 [?;5] U AF detection mECG CNN commercial wearable devices for AF
detection
Integration of demographic information
Bai. G CNN (gender, age) or clinical information as
2023 [%],6] ’ Prediction of new-onset AF ECG XGB predictors in addition to ECG; clinical
: LR interpretability is a fundamental step to
building predictive tools for clinical usage
Differentiating atrial fibrillation from atrial
Arrhythmias 2023 Raghunath, A. [37] Prediction of AF mECG CNN flutter usn.lg. the.ave'nlablhty of.mformatlc.)n
DNN such as clinical indicators, socio-economic
status, or racial background
Larger batches of patients are analyzed to
Jiang, ] Prediction AF improve applicability and accuracy. In
2023 [%8g], ' recurrence 12 months after ECG CNN addition, a prospective study is needed;
: catheter ablation other studies assess recurrence after more
than 12 months
Bai, Y. Prediction of AF recurrence To gene.rahze the premise, largfer batches of
2021 . ECG CNN patients were analyzed, with more
[39] after catheter ablation .
pathologies
b1 Future studies will assess how earl
Predicting patients at high Demographic, RF . e . . y
Rahman, F. . . . . identification of cardiogenic shock and
2022 [40] risk of developing vital signs, SVM otential effects on prompt treatment ma
cardiogenic shock (CS) laborator, medication KNN P  promp y
LR alter patient outcomes
Cardiogenic Shock
" Demographlc, LASSO
. Predictive model of pre-existing .
Bai, Z. . . . LR Larger groups of patients; blood glucose
2021 [41] evolution towards CS in diagnoses, SVM analysis used as a predictive factor of CS
patients with STEMI ECG, DT Y P

laboratory
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Table 2. Cont.
Year of . Data Machine Learning S
Study Author Application Source Method Future Direction
Chang Y. CS prediction 2 h before the Demographic, XGB Future studies to include the integration of
2022 [ 42‘(]%’ ' need for the first vital signs, MLP HF or AMI specific elements to increase
intervention laboratory TCN accuracy
. Predicting CS in acute Demographic, vital signs, . Superior computational p ower would
Jajcay, N. include more models for analysis and allow
2023 coronary syndrome (ACS) laboratory, KNN . . . .
[43] Atients ECG the imputation analysis of analyzing more
P datasets
Integration of multi-biomarker/imaging
HC (ECG, echocardiography, angiography) to
Cardi i Shock 2022 Jentzer, J. C. Phenotvpe CS Laborator LCA understand the differences in underlying
ardiogenic Shoc [44] typ y KMCk pathophysiology that separate these clinical
subphenotypes could improve
phenotyping
Demosgraphic and Association between endpoints within
Wane. L riec(l)i%a?iis toi individual SCAI stages and ML-derived
2023 [ 4§]’ ) Clinical phenotypes of CS vital siens labora}tli)r CA phenotypes whose aim is to characterize
t%ea’;men t Y disease severity as it evolves over the
course of a hospital stay
Bohm. A Clinical predictive model of Demographic,
2022 [4 6], ' progression to CS in patients vital signs, LR Validation on an external cohort
with ACS laboratory
Popat, A. Early prediction of CS in Demographic, . . .
2023 [47] acute heart failure or MI Laboratory ML Conducting studies also outside the USA
Predicting the 30-day Dergogr.aphlc,
2022 Rong, F. mortality of elderly patients vital sign, Cox model Larger groups of patients
[48] with CS laboratory, comorbidities, LASSO SAPSIT
Echocardiograpy
Assessing the prognosis of Demographic,
2023 Mo, Z. ECMO trga tmeI; t 1%1 elderl vital sign, RF A larger batch of patients followed for
aboratory, comorbidities, more than 6 months
[49] Y lab Y, biditi DT han 6 h

patients with CS

medications
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Table 2. Cont.

Year of . Data Machine Learning S
Study Author Application Source Method Future Direction
. . . . Demographic,
Cau R Differential diagnosis of vital sien
2024 o cardiomyopathy 1 CNN Randomized trials are crucial
[50] phenotypes laboratory,
ECG
Differential diagnosis Demographic,
Haimovich, J. S. betwgen v hy.pert.r ophy: vital signs, Studies on cardiomyopathies to include the
2023 cardiac amyloidosis and laboratory, CNN .
[51] . .. athletic heart
hypertrophic medication,
cardiomyopathy ECG
Beneyto, M. Pﬁed}ct}ng hyperte'nswe Clinical, bT Additional studies from non-tertiary
2023 [52] origin in left ventricular Laboratory, RF centers
hypertrophy (LVH) ECG, echocardiograpy SVM
Eckstein, J. Diagnosis of cardiac . Demographl.c, KNN Multicenter evaluation of patients with
2022 . clinical, echocardiogray, SVM . cq .
. [53] amyloidosis (CA) early stage cardiac amyloidosis
Cardiomyopathy CMR DT
L Diagnosis of hypertrophic . Lo .
2021 Siontis, K. C. cardiomyopathy (HCM) in Demographi, ECG, CNN Multicenter studies in children under
[54] . 5 years
children and adolescents
Ko, W-Y. Diagnosis of HCM
2020 [’55]' ’ particularly in younger Demographic, ECG CNN Further refinement and external validation
patients
. g . Future studies that include rare LVH
2022 Hwa[r51§j L-C. leferentlilvci_llagnosw of Echocardiography CNN etiologies: Fabry disease, Danon syndrome,
transthyretin amyloidosis
Differentiating ischemic RF
Zhou, M. : & . LR Multicenter external validation on larger
2023 cardiomyopathy from Echocardiography .
[57] . : CNN patient batches
dilated cardiomyopathy
XGB
2023 Cau, R Diagnosis of Takotsubo Demographic R asvenspredictive pirfommance i different
[58] cardiomyopathy Echocardiography P P

cohorts and validate these findings
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Table 2. Cont.

Year of . Data Machine Learning S
Study Author Application Source Method Future Direction
The prediction of prognosis Demographic, ECG,
De Filippo, O. € prect * progn Echocardiograpy, LR Multicenter studies beyond European and
2023 in hospital patients with . s
[59] laboratory, CA Asian ethnicities
Takotsubo syndrome L
medications
Jefferies, J. L Predictive screening model Demographic, clinical,
2021 [ 60], o for potential patients with echocardiography, ML Future clinical implementation studies
Fabry disease medications, laboratory
- . Multicenter studies to identify other causes
2022 Sotto, J. The prediction of etiology of EC.G CNN of ventricular hypertrophy, such as Fabry
[61] LVH Echocardiograpy . - S
disease or cardiac amyloidosis
Diagnosis of
Zhang, Y. . arthythmogenic Echocardiograpy, CA Checking for other genes involved in
i 2023 [62] cardiomyopathy (ACM) and Genes RF athogenesis of ACM and DCM
Cardiomyopathy dilated cardiomyopathy pathog
(DCM)
Papageoreiou. V. E Detection of an
2022 pag [ 6§] c arrhythmogenic heart ECG CNN Checking integration into clinical practice
disease (ARVD)
KNN Future multicentric studies to validate the
Harmon, D.M. Validation study of cardiac . SVM diagnosis in different ethnicities in the
2023 [64] amyloidosis diagnosis Demographic, ECG DT presence of left bundle branch block or
CNN LVH
Cotella, J. T Measuring ejection fraction
2023 [6 5]’ o and longitudinal strain in Echocardiograpy LR Studies on larger batches of patients
cardiac amyloidosis
Non-invasive diagnostic RF . . .
2023 Zhang, X. method for myocardial Echocardiograpy SVM Studies on larger, multicentre patient
[66] A groups
amyloidosis LR
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Table 2. Cont.

Year of . Data Machine Learning S
Study Author Application Source Method Future Direction
Predicting death or
Goswami, R fransplantation of Hemodynamic, Larger groups of patients in multicenter
2023 T transthyretin amyloid clinical, CNN Be groups of pad
[67] : . studies
cardiomyopathy Echocardiograpy
(ATTR-CM)
. . Demographics, . .
. 2023 Michalski, A. A. Diagnosis of Fabry disease clinical, Echocardiograpy, NLP Prospect.1 ve stm.:hes. on larger groups of
Cardiomyopathy [68] lab patients with improved NLP
aboratory
. . . Demographics, Clinical data,
2023 Jefferies, J. Predicting the risk of ECG, ML Multicentric studies
[69] arrhythmias in Fabry disease )
Echocardiograpy
i Demographic,
Stolpe, G. The prediction of sudden . N . s
2023 [70] cardiac death in HCM Chmcal' data, RF Definition of sensitivity and specificity
Echocardiograpy
Zhane. X A predictive model for
2022 [71%’ ’ classifying HCM, DCM, and CMR RF Multicentric studies
healthy patients
2023 Tatsugami, F. .Predlcitlon of my9card1al CT cardiac CNN External validation for cardiac CT on larger
[72] infarction or cardiac death datasets
O’Brien, H. Diagnosis of myocardial MRI-LGE Large?r StUdl.eS Wl.th la1.*ger CT-DE data to
2022 SVM establish optimal imaging parameters and
[73] scars CT-DE h .
Cardiovascular characteristics
Imaging Identification of
Wen, D. hemodynamically CCTA Validation studies on larger groups of
2022 L DT .
[74] significant FFR patients
coronary artery stenosis
2023 Lara-Hernandez, A. Quantitative Ipyocardml CCTA DL Extendmg.the method to Qt.her dynamic
[75] perfusion imaging modalities
. . . CCTA -
2023 Griffin, W.E. Detection and grading of QCA ML Application of the method after the results
[76] coronary stenoses of the INVICTUS trial

FFR




Diagnostics 2024, 14, 1103

13 of 64

Table 2. Cont.

Year of . Data Machine Learning S
Study Author Application Source Method Future Direction
Bandt, V. Identify significant CAD o .
2022 [77] pre-TAVR CCTA ML Additional studies on larger batches
Li X-N Highlighting the
2022 ’[78'] ' vulnerability of the coronary CCTA ML Validation studies
artery plate
Lva. T Deep learning approach in
2021 %’79’] ' reducing the radiation dose CT cardiac CNN Additional studies on larger batches
of CT
2023 Zhang, R. D1agn051§ of myoc.ardlal SPECT-CT CNN The larger cohort in the next stage of our
[80] perfusion imaging study
Khunte, A. Detection of left ventricular ECG, Use of this algorlt.hm as a screening method
2023 [81] tolic dvsfuncti Ech di h CNN for LV systolic dysfunction among
systolic dystunction chocarciography individuals with no clinical disease
Cardiovascular . o . Studies in different populations to assess
Imaging 2024 Pieszko, K. Prediction of left atrial TTE LR, the performance and to evaluate
[82] appendage thrombus (LAT) TOE DT performance in specific subgroups based
on sex or race
2023 Liu, Z. D}agnosm of rlght. . CMR DNN Another val.1dat10n study by comparing
[83] ventricular abnormalities with human experts
2023 Wang, Y. Improved myoca}rdlal strain CMR CNN Larger batches
[84] analysis
2024 Tgé]] ’ Assessment of LV function TOE ML Larger batches
Differential diagnosis of . .
Laumer. F Takotsubo syndrome (TTS) Future studies on a larger population are to
2023 T Y : TTE CNN differentiate the two conditions in the acute
[86] and acute myocardial hase
infarction (AMI) p
Lee, D. . .
2024 [87] Detecting obstructive CAD CCTA DL Larger batches
2023 Kapalos, A. Segmentation Qf ca.rdlac T1 CMR DNN Future work will focus on ensuring thfa
[88] and T2 mapping images accurate measurement of tissue properties
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Prediction of adverse
2023 Ishikita, A. cardiovascular events in CMR RE Follow-up studies including multiple
[89] adults with repaired Clinical data centers with longer follow-up
tetralogy of Fallot
Future work should aim to improve the
signal processing chain to omit or reduce
De Vries, LR. Screening of congenital the need for combining multiple heartbeats,
2023 [90] heart disease (CHD) ECG ANN potentially further allowing for the
. additional analysis of arrhythmias and
Congemtal Heart better performance
Disease dd
Lv,J. Screening and detecting .
2021 [91] CHD in children Heart sounds CNN Larger patient cohorts
. A greater risk of developing ~ Demographic, medical and
Majeed, A. . . L i . . RF .
2022 [92] executive function deficits in surgical history, family DT Larger patient cohorts
children with complex CHD social class
2022 Sakai, A. D?teCtIOI’I of small Fetal cardiac ultrasound DNN Multicenter joint research.
[93] ventricular septal defects
Gearhart, A. Analysis of pediatric Future work could incorporate transfer
2022 [94] echocardiograms ETT CNN learning to reduce the manual workload
2023 Valente Silva, B. Diagnosis of Pulmonary ECG DNN External samples from other centers
[95] embolism
Detectin Future directions would include evaluating
& . the potential benefit of combining AI-ECG
Adedinsewo, D moderate-to-severe acute Demographic, screening with blood testing methods
2023 T cellular rejection (ACR) clinical characteristic, ECG, CNN . & & .
) [96] among heart transplant (HT) TTE evaluation of the AI-ECG for detecting
Electrocardiography & recipien tg ACR and antibody-mediated rejection
p (AMR) combined
Studies on larger batches of patients; future
. studies will include batches of patients
2023 Sh1r[z;191;§u, Y Risk of sudden cardiac death ECG EII:TTE treated with angiotensin

receptor-neprilysin inhibitors and
sodium-glucose cotransporter 2 inhibitors
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The clinical significance of AgeDiff in
Hirota. N The biological age of the patients older than 60 years should be
2023 [98], ’ patient is associated with ECG CNN re-evaluated in different cohorts, such as
cardiovascular events multicenter cohorts or the general
population
. Prospective studies; the results need to be
2023 WOUt[ngs]’ PC. ros Iiiigtr?igi’;z;dtl}ﬁra ECG DNN validated in a patient group that received a
Yy 197 CRT-P device
Future studies with characteristic
2023 Raghunath, A. Onset of atrial fibrillation ECG CNN information for the population (e.g., racial
[37] RNN
background)
Analyzing other surrogate end points in
. cardiovascular diseases (such as left
. 2023 Lufi OC()]_ W. Prediction of LVH ECG ]?)EE ventricular diastolic dysfunction,
Electrocardiography new-onset myocardial infarction, or heart
failure)
Predicting cardiac events
Zaver, H. and incident AF in patients CNN .
2023 [101] who have received a liver ECG DNN Larger patient cohorts
transplant
Naser, J. Concentration of sex ECG; .
2023 [102] hormones Laboratory CNN Larger patient cohorts
Vaid, A Further external validation from another
2023 [10 %] ' Valvular diseases ECG CNN health system
Predicting the risk of
Jiang, J. recurrence in patients with Further calibration and validation using
2023 [38] paroxysmal atrial fibrillation ECG CNN high-quality prospective studies

after catheter ablation
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Khan, M. S. Early d}agnosm 'of HF, Demographic, clinical SVM Morej datasets are needed for validation
2023 [104] stratifying HF disease arameters. ECG. TTE ANN and increased transparency through an
severity p ! ! CNN understanding of Al models
Remote monitoring of The IoT-based system can be further
2023 Almujally, N. A. atients with acute ;glear " Demographic, clinical, CNN expanded with different types of wearable
[105] p failure laboratory RNN medical healthcare devices that can be
operated on tablets or smartphones
Kobayashi, M. . P.r edlctn}g heart fallure. Demographlc,. TTE' CA A further prospective multicenter study is
2022 incidence in asymptomatic laboratory, medication, L
[106] . . . DT needed to assess the applicability
individuals cardiovascular risk factors
Segar, M.W. Phe.nomapp.mg of patients TTE, The use of more comprehen:.slve dat.a, as
2020 [107] with HF with preserved Laborator CA well as a larger number of patient variables,
ejection fraction (HFpEF) y may have yielded different results
SVM Issues that remain unresolved concern
Heart Failure 2024 Bourazana, A. HF diagnosis, monitoring, Clinical examinations, TTE, ANN diagnosis{ clas§ification, and tre?atment..
[108] and management laboratory Future studies will assess heart failure with
CNN L .
preserved ejection fraction (HFpEF)
Screening for further priority
2022 Bachtiger, P. Screening for HF with ECG CNN cardiovascular diseases, such as valvular
[109] reduced ejection fraction ETT heart pathology, using Al-enabled
phonocardiography
Harmon. D. M Diagnosis of HF with Prospective evaluation of the AI-ECG for
2021 [11 6] T reduced ejection fraction ECG CNN ventricular dysfunction for treatment of HF
(HFrEF) in the acute setting
Kwon, |.-M The algorithm used must be further
2021 [11’1]' ’ Early detection of HFpEF ECG DLM validated in patients with HFrEF in other
countries
Wu, ] Predicting mortality in
2024 [11 é]’ patients with undiagnosed Demographic, ETT NLP Other observational studies

HFpEF
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Akerman, A. P. . ETT Future work is required to guide more
2023 [113] Detection of HF ECG CNN transparent and patient-level interpretation
Pana, M.-A. - . T SVYM .
2021 [114] Predicting HF exacerbation Patient’s voice ANN Larger batches of patients
KNN
Heart Failure
. . Demographic,
2024 Cheungpasitporn, W. Tr.e atment fqr HE pa.tlents vital signs, ML External validation
[115] with acute kidney disease L
laboratory, medication
Kamio, T Predicting clinical outcomes Demographic, vital signs, CNN Further research is required to determine
2023 - . & . laboratory, comorbidities, SVM LSVCe the generalizability of these conclusions to
[116] in acute heart failure .. . .
medication XGB other populations and settings
égﬁ Prospective multicenter studies collecting
2022 Naruka, V. Predicting graft failure and Demographic, biomarker, RE data on the immunosuppression regime or
[117] mortality CMR SVM the causative factors for length of hospital
DT stay were not studied
LR
Briasoulis, A. Predicting survival and .. DT Future studies with analysis of other
2021 [118] acute rejection after HT Clinical and Laboratory SVM predictors after heart transplantation
K
Heart Transplant NN
Seraphin, T. P. Predicting fche .degree of Pathological Validation in larger cohorts for
2023 cellular rejection from - CNN . .
[119] archive clinical-grade Al biomarkers
pathology
Ozcan. 1 Predicting major adverse Further research is to guide screening and
cardiovascular events inical and laboratory, treatment strategies for atients usin
2022 [120]’ ' di 1 Clinical and lab y, ECG CNN gies for HT pati ing
(MACE) risk post-HT this algorithm
2023 Sharma, S. Predicting the susceptibility Demographic, Clinical, CNN thi:étiiif;sleo arice}; ?r?ji;mﬁiz?;eggrtﬁ;g
[121] of HT patients to COVID-19 Laboratory MLP & & ! &

and detection
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Glass, C Identify myocyte damage in Validation in prospective studies with
2020 o HT acute cellular rejection Comorbidities CNN prosp
[122] larger cohorts
(ACR)
Predicting survival rates in .
Al-Ani, M. A intra-aortic balloon pump Clinical,
2023 S . Laboratory, XGB External validation
[123] (TABP) used as a bridge to Related Disease
HT compared to the Impella
2021 Peyster, E. G. Hls.tologlcal grad{ng .of Endomyoc.ardlal biopsy SVM External validation
[124] cardiac allograft rejection slides
Lipkova, J. Assessment of cardiac Endomyocardial biopsy .
2022 [125] allograft rejection from slides CNN Larger studies
Heart Transplant Enhancine risk assessment Future work will focus on generating
Gluste, F.O. g sk as . CNN additional expert-annotated examples of
2023 of rare pediatric heart Heart Biopsy A .
[126] .. DNN cellular rejection signs to further improve
transplant rejection . )
and validate our model’s performance
Lisboa, P.J. G. Survival prediction in heart .. . GANN . .
2022 [127] transplantation Clinical, Demographic PRN Prospective studies
2022 Ruiz Morales, J. Predicting outcomes after ECG CNN Larger studies
[128] HT
Acasthi. P Predicting 5-year mortality
2020 & T and graft failure in patients Demographic, clinical GBM Larger studies
[129] .
with HT
2021 O[Zf;‘] L Predicting MACE after HT ECG CNN Larger studies
Soh, D. C. K. . . . Future studies with larger cohorts and
2020 [131] Diagnosis of hypertension ECG KNN validation studies
Hypertension Lopez-Martinez, F Demographic,
2020 P T Predicting hypertension laboratory, ANN Future studies with new risk factors

[132]

vital signs




Diagnostics 2024, 14, 1103 19 of 64

Table 2. Cont.

Year of . Data Machine Learning S
Study Author Application Source Method Future Direction
Clinical prediction of .
Wuy, X. .. Clinical, .
2020 [133] hypertenm.on in young comorbidities XGB Larger studies
patients
Aziz, F. Effectiveness of Demographic, clinical, ANN . .
2020 [134] hypertension treatment treatment SVR Studies on larger batches of patients
2020 Kos}ﬁl;é?u’ H Blood pressure variability Demographic, vital signs DNN Longer-term studies
Extending the training set with subjects
2023 Hamoud, B. Estimating blood pressure Videos of subjects CNN . who are older or estimating other Vltél
[136] signs such as heart rate, oxygen saturation,
and body temperature
Cheng, H. i .
2023 [137] Blood pressure prediction IPPG CNN Larger studies
Hypertension 2023 Xing, W. Hyper.tenswn screening and Facial videos DNN Larger studies
[138] disease prevention
Visco, V. Hypertension ANN
2023 [l 39’] ' prediction and Clinical, Laboratory, TTE SVM Implementation studies
management KNN
Future studies will combat the “Black Box”
2022 Magsood, S. Blood pressure estimation PPG DNN because they lack the declarative
[140] and measurement ECG knowledge necessary to explain the
outcomes further
Herzog, L. . Demograpic, clinical, Validation of results with a
2023 [141] Hypertension management Comorbidities DNN randomized controlled clinical trial
. Predictive factors for . .
2021 K}H]Zgj R. hypertension in patients Demogriggga(ilrmcal data, RF Larger studies
with type 2 diabetes y
Aryal, S Evidence that blood Demographic, clinical XGB
2023 yay o pressure is closely correlated grapiic, ¢ ! RF Larger studies and prospective studies
[143] . . . laboratory, genetic tests
with the microbiota NB
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Lin. 7 Prediction of hypokalemia Laboratory, comorbidities,
Hypertension 2023 [l 4’ 4] ' in patients with antihypertensive RF Prospective studies
hypertension medications
Confirmation of the need for FCHlllgllflals Further validation is necessary to
Kusunose, K. RHC in patients with & determine the feasibility of CXR and larger
2020 CXR CNN . .
[145] suspected pulmonary ETT numbers for the differentiation of pre- and
hypertension (PH) post-capillary PH
PAP
Hardacre, C.J. MRI. may al.l ow for CMR, CNN Future studies with Al to diagnose PAH
2021 [146] reduction of right heart laborator b1 that can be applied to CT
catheterization (RHC) y RF PP
2022 Ragnarsdottir, H. Prediction of PH in ECG CNN Larger batches of patients
[147] newborns
2021 Chakravarty, K. PH therapies for COVID-19 Clinical, laboratory RF Further validation is necessary
[148] treatment
Pulmonary Future studies on the multicenter registry;
. . gistry;
Hypertension Demogf;phlii’ PAF, CT further work is to determine the specificity
Rahaghi, F. N. Detection of pulmonary agimg, and sensitivity of such metrics as well as
2021 N ECG, CNN . L
[149] arterial disease 1T their value for prognostication and
’ monitoring response to therapeutic
Laboratory . .
intervention
DT
Shi B Biomarkers, RF
2022 . Prediction of PH Hemodynamics, RT Prospective studies on human subjects
[150]
PAP LR
SVM
Amodeo, L. Predlc.t PH in newborns . CNN Future prospective multicenter cohort
2021 with congenital CMR images L
[151] . . . SVM study for validation
diaphragmatic hernia
Van der Bijl, P. . . ETT studies including patients with tricuspid
2022 [152] Diagnosis of PH CXR ANN regurgitation
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. CMR
2021 Swift, A.J. Diagnosis of PH PAP, SVM Larger cohorts
[153] LR
ETT
Charters, P. E. P. Predicting survival in ETT, . .
2022 [154] patients with suspected PH CTPA ML Larger studies with larger cohorts
ETT Randomized controlled trials to investigate
2022 Fortmeier, V. Predicting PH in patients PAP XGB whether specifically patients with
[155] with severe TR demographic, laboratory, elevations of predicted mPAP still benefit
comorbidities from transcatheter interventions
Liu, C.-M. Pre.dlctmg future HSk. fo.r ECG Further studies on larger cohorts are
2022 cardiovascular mortality in CNN Sy
[156] . . ETT necessary for validation
Pulmonary patients with PH
Hypertension La W, Diagnostic biomarkers for
2023 [l é7] ’ idiopathic pulmonary Gene RF Larger studies
hypertension (IPAH)
Ya. X ETT,
2023 Loy PH diagnosis PAP KNN Larger studies
[158] .
CT images
Distinguishing between . .
2023 Hyde, B. patients with PAH and those Demogﬁiﬁgi‘;ﬁjlagnoses' RF External validation
[159] without PAH at 6 months ratory,
. . medications
before diagnosis
Future studies will explore the volumetric
information of heart and pulmonary artery
Zhang, N. . . ETT, SVM morphology as well as the spatial
2023 [160] Diagnosis of PH CTPA XGB relationship between different intra- and
extra-cardiac structures to improve the
accuracy of PAP parameter evaluation
Hirata, Y. Predictin Validation and further research to assess
2024 [1 61], ' PH & RHC LR clinical utility in PH diagnosis and

treatment decision making
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Future studies should include diseases with
Imai, S. . CXR CXR images similar to PAH, such as
2024 [162] PAH detection PAP CNN cardiac hypertrophy, and collect data from
diverse clinical settings
Raenarsdottir. H Future studies could be applied to ECHOs
2024 & [163] T Assessing PH in newborns ETT CNN from the adult population, with retraining
) required
Dwivedi. K Improving PH prognosis by Demographic,
2024 [164] T detecting pulmonary CT pulmonary angiograms, CNN Validation study
fibrosis ETT
Demographics, imaging,
Pulmona%ry 2023 Griffiths, M. Risk prediction model for hemodynamics, RE Future studies could be applied to the adult
Hypertension [165] pediatric PH laboratory, population
comorbidities
2023 Mam[?l&k]ls, M. Diagnosis of PH CT images CNN Larger studies
2024 Tehuente Foguem, G. Prognosis of survival of PH Demographics, SVM Larger studies
[167] ETT
Han. P-L Diagnosis of congenital CXR,
eart disease and associate arger studies
2024 [1é8j ’ heart di d iated CMR RF Larg di
PAH ETT
ETT
2024 AIE‘?S]’ v Diagnosis PH PAP ML Larger studies
ECG
Infective Lai, C. K.-C. Predicting infective Demographic, clinical, ETT, . . . .
Endocarditis 2024 [170] endocarditis (IE) omorbidities RF Multicentric study and prospective studies
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Future research will require more extensive
datasets and experimental validation.
Yi, C. Common biomarkers in IE Laboratory tests, RF Future studies also demonstl.rat? dlffer.ences
. 2024 . between subtypes of sepsis, including
Infective [171] and sepsis genes LASSO L . .
Endocarditis significant variations in the abundance and
ndoca expression levels of immune cell
populations
Galizzi Fae, 1. Risk stratification of Laboratory, imaging, LR .
2023 [172] patients hospitalized with IE treatment, comorbidities DT Larger studies
Mvocardial infarction Future studies that can differentiate old
2022 Chen, Z. [173] y . CMR CNN myocardial scar from acute myocardial
segmentation . .
infarction
Diacnosis of chronic Further studies to determine whether there
2021 Rauseo, E. & ischemic CMR SVM is a correlation between the radiomic
[174] . RF features and the extent of myocardial
disease .
scarring
Diagnosis of acute Clinical Future studies on large-scale,
) 2021 Liu, W.-C. myocardial infarction (AMI) ECG ’ DL multi-institute, prospective, or randomized
Ischemic Heart [175] at the emergency Laborator control studies are necessary to further
Disease department (ED) y confirm real-world performance
Early detection of
2020 Zhao, Y. ST—segmfent. elevat'ed ECG CNN Future studles'should bfe validated in
[176] myocardial infarction various ethnics
(STEMI)
A prospective study specifically designed
. to confirm the accuracy of data from
2020 Cho, Y. Diagnosis of AMI Demographic, ECG, CNN various wearable or portable ECG devices
[177] laboratory

is warranted to apply the DLA to these
devices
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. Further prospective validation with
2021 Liu, W.-C. Detecting AMI Deml(; %r;}; }:(1;’ ECG, DL prehospital and in-hospital ECG tests is
[178] & . Y LR needed to confirm the performance of our
angiography DIM
Ciccarelli, M. P revention O.f Genetic and epigenetic Future studies for the prevention of other
2023 cardiovascular disease . .. ; RF .
[11] variables, clinical risk factor pathologies
(CAD)
Vel D Di i d predicti f D hic, clinical RE
2021 elusamy, D. iagnosis and prediction o emographic, clinical, SVM Larger studies
[179] CAD laboratory, risk factors
KNN
Naive Bayes;
2021 Muhammad, L. J. Prediction of CAD Demog?aphlc,.chmcal, SVM Future st1.1d1es on other
[180] diagnosis RF ethnic groups
Ischemic Heart DT
Disease D "
. emographic, . .
2021 Li, D. Prediction of CAD clinical, ML Future studies for prefilctlon of other
[181] pathologies
laboratory
Assessment of CAD in CT angiography,
2024 Brendel, J. M. patients undergoing Workup laboratory, ETT, CNN Multicentric study
[182] for transcatheter aortic valve comorbidities
replacement (TAVR)
Future research is needed to investigate the
. CAD diagnosis and . prognostic impact and value of
2024 Ihda}{?écij A-R. identification of high-risk Demogrg;()jlgc, CCTA CNN incorporating deep learning techniques
- plaque into clinical practice compared to the
standard of care
Uzokov, J. Diagnosis of ischemic heart ECG Fu.r ther m.anag.err}ent UsIng clo.ud—based
2024 [184] disease (IHD) ETT DL innovative digital technologies and
CCTA artificial intelligence (AI)
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KNN Future studies to distinguish between
Coronary artery calcium non-coronary calcifications such as valvular
2024 Abdelﬁal El; ;]]n an, K. scoring detection and CT Egac in ?}@1{1 calcification and other high-density objects
quantification sNG ANN (e.g., metal implants) from coronary
calcifications
Park, M. | chfgéilﬁlgrzzxﬁize d ECG, Further validation in larger, prospective
2024 [l é 6] e t-of-hospital cardiac arrest Clinical, DL studies to establish efficacy across diverse
outrorhosplal cardiac arres Biomarkers clinical settings
(OHCA) patients &
Demographic, clinical, ECG RF
2024 Alkhamis, M. A. Predicting in-hospital and 30 srap EiﬂT ’ ! XGB Future studies for prediction of 1-year
[187] days adverse events in ACS C CTA SVM adverse events in ACS
LR
Ischemic Heart . LR,
Disease n 4 ¢ death Derglogral:ihlc RF
Zhu, X.; Xie, B. Prediction of death in inica Cq L. . .
2024 [188] patients with first AMI Laboratory ;(\?1\]?1 Validating studies on other ethnic groups
ECG MLP
Predicting outcomes in Continuous development, testing, and
non-ST-se %n ent elevation XGB SVM validation of these ML algorithms hold the
2004 Kasim, S. m ocargial infarction Demographic NB promise of enhanced risk stratification,
[189] (N)éTEMI) or unstable medication RF thereby revolutionizing future
angina (UA) GLM management strategies and patient
g outcomes
LR Further studies should be conducted and
DT consider the inclusion of more variables
2023 Oliveira, M. AMI mortality prediction Demographic RE that may be relevant in predicting AMI
[190] laborator mortality, such as socioeconomic factors,
y XGM Y
SVM systolic blood pressure, heart rate, and

electrocardiogram results
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Future studies with other risk factor
analyses; for example, glycemia is not
LR routinely recorded in our patients and
2021 Bai, Z. Prediction for CS risk in Demographic ECG SVM therefore could not be tested as a potential
Ischemic HL [41] patients with STEMI laboratory in-hospital events XGB predictor of CS.
s¢ gmc eart LASSO Further investigations using larger
15ease populations are warranted to fully evaluate
the applicability of this model
. s . . Demographic
2024 Azdaki, N. Predicting C.AD in hospital Clinical ANN Larger studies on ethnic groups
[191] patients C 1ees
comorbidities
Zhan, W. Prognc?stlc mode} basgd on Future studies to discover immunotherapy
2024 [192] malignant pericardial genes LASSO drues
effusion (PE) &
. Diagnosis of acute . . .
2022 Ll[li’gé{']_L' pericarditis and differentiate ECG XGB Prospec’cflvi,hmultlf entelr stll%fliy,tllarge-scale,
it from STEMI in the ED urther externat vahdation
Future studies should utilize a multicenter
) ) ) design with greater heterogeneity in the
Pericardial Disease 2023 Cheng, C.-Y. Detecting and measurement TTE CNN dataset.
[194] of PE Further research should evaluate the
collapsibility of the cardiac chambers and
the presence of tamponade signs
. . . . Future studies to include CT images of
2022 Wllderﬁgr:]th, AT Detection ag?;ggmentanon CT images CNN older machines, as this study was
- performed on state-of-the-art CT
Piccini, J. P. Predicting PE after leadless Demographic
2022 [19 6’] T pacemaker clinical LASSO LR A larger number of patients
implantation comorbidities
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Future studies to assess the tolerance of
Diagnosis patients with . such signal acquisition would be important.
2024 MIC{B]aDne, peripheral artery disease (E)s;lgﬁ?ﬁz;cs CNN Further validation studies are required to
[ ]'97]' (PAD) at greatest risk for Ankle-brachial index assess test accuracy and reproducibility in
major adverse events community settings outside of a
large-volume academic vascular laboratory
L Identifying and classifying
2024 RuSIE(;\éHCh’ X the anatomical patterns of Angiograms ML A larger number of patients
PAD
Prediction of PAD and L
. Demographic clinical .
2024 Sasikala, P. accurate Anciograms DT Future studies for
[199] categorization of its severity 8108 validation
levels
Li B Laboratory, Future validation at other institutions is
Peripheral Arterial 2024 [2(’)0]' Prognosis of PAD Demographic, ML needed to demonstrate the generalizability
Disease Comorbidities Treatment of this model
Masoumi Shahrbabak, Arterial pulse waveforms
2024 S. Diagnosis of PAD ankle-brachial index DL External validation.
[201] BP
Prediction of major adverse
McBane, R. D, I outcomes among patients Posterior tibial arterial .
2024 [202] with diabetes mellitus and Doppler waveforms DNN Larger studies
PAD
. Predict outcomes after Demographic
Li, B. . . . . .o, XGB .
2024 [203] infra-inguinal bypass in Clinical LR Larger studies
) patients with PAD complications
DT Future studies in other regions also need to
LR address the lack of collected and analyzed
2024 Liu, L. Prediction of PAD in demographic diagnoses, RE data on patients’ subjective descriptions,
[204] diabetes mellitus (T2DM) biochemical index test SVM such as their duration of diabetes and
XCB smoking habits, which have been reported

as associated with PVD in T2DM
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Nassour. N Predicting venous Demgg(r;{aphlc
2024 [205]’ ’ thromboembolism (VTE) in CT images RF Studies on larger groups of patients
ankle fracture patients &
ultrasonograpy
Future research should focus on refining
Chen and validating these models in different
2024 R ! Predicting diagnosis and Demographics, laboratory, ML healthcare settings as well as informing
) 1-year risk of VTE medications ersonalized treatment strategies and
[206] Y P &
exploring their potential utility in
predicting VTE recurrence
. - Demographic clinical
2024 Pan, S. VIE rISI.( predlC.tIOH for laboratory ANN Validation studies
[207] surgical patients e et LR
comorbidities
Thromboembolic i Bleeding predist}ilon in Clinical LR
Disease 2024 Grdinic, A. G. patients W.lt biochemistry RF Validation studies
[208] cancer-associated . .
. diagnosis XGB
thrombosis
Chiasakul T. Future studies should focus on transparent
2023 [200] T Prediction of VTE Ultrasonography LR reporting, external validation, and clinical
application of these models
;Iég In future studies, model accuracy will be
2023 Wang, X. Predicting the risk of DVT Demographic clinical RE further evaluated by performing
[210] after knee/hip arthroplasty comorbidities SVM prospective and real-time predictions of
RL DVT
Future studies should seek to externally
Identification of patients at validate these predictive tools and should
2023 Wang, K. Y. risk of VTE foﬁowin Demographic, clinical LR examine the potential cost savings
[211] & comorbidities XGB provided by predictive analytics models

posterior lumbar fusion

which can accurately identify patients at
risk of VTE following spine surgery
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Predicting 6-month VTE Demographic LR
Muiioz, A.]J. & . . OBraphic, DT Future studies are needed to assess the
2023 recurrence in patients with clinical - 1
[212] ee RF validity of these results
cancer comorbidities
NLP
Predicting the risk of . N
2021 Razzaq, M. recurrent VTE by Laboratory ANN Further experlmgntal validations for these
[213] . biomarkers
biomarkers
Further application in larger cohorts and
external validation of the deep learning
Thromboemboli model are essential to fully validate its
romboembolic
. : performance.
Disease 2023 Valente Silva, B. Acute pulmonary ECG DNN These results should be validated in an
[95] embolism (PE) diagnosis laboratory .
external sample from other centers in the
future, as well as in high-risk patient
subgroups, for example, patients with
hemodynamic instability
KNN
Contreras-Lujan, E. E . . Clinical DT R
2022 [214] Early diagnosis of DVT ultrasonography SVM External validation
RF
Seo, ]. W CT Future studies to extend the detection
2023 [2’1 5'] ' Detecting iliofemoral DVT aneiograph CNN ranges to the infrapopliteal vein for
B108taphy investigating DVT
Alhwiti, T. Predicting 1njhosp1tal Demographic Future studies
2023 mortality . LR . .
[216] disease looking at long-term mortality post-TAVR
post-TAVR
Valvular Heart
Disease Strange, G ;t(i i%:gti%;?f;ﬁ;;gi Future studies in other geographic
2023 [217] associated with high TTE ML regions/health systems or specific ethnic

mortality groups
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Screening for heart valve CXR Further validation with prospectively
2023 Ueda, D. [218] %:lisease TTE CNN acquired test datasets from cohorts with
various disease prevalences
. . SVM
2024 Singh, S. Valvular heaFt disease TTE LR Future studies to validate these data
[219] screening
CNN
Future work needs to be pursued
Brown. K Screening for rheumatic incorporating other features of RHD into
2024 [220j ) heart TTE CNN our current Al algorithms as well as
disease (RHD) in children feasibility testing for field implementation
in RHD endemic regions
Further studies are required to demonstrate
. . if these results can be reproduced by other
2024 Tog%z\/\;n]le, S. TA\;I; plljr?; 1trilognand Cardiac CT CNN centers using different scanners and
Valvu}ar Heart P different protocols for image acquisition
Disease (external validation)
Future studies leveraging NLP-derived
Solomun M.D data to evaluate the association between
2021 [222] o Screening of AS ECG NLP the severity of AS and clinical outcomes,
along with identifying predictors of AS
progression
In future work, we should compare the
intraoperative direct observation and the
Aovama. G manual measurements by physicians with
2022 }[]223] T Diagnosis of AS Cardiac CT DNN the automatic measurements by our
i proposed method to more concretely verify
the clinical effectiveness and risks of the
proposed method
Future studies can focus on building upon
2024 Dasi, A. Predicting post-transcatheter TTE ANN nt)};ﬁ?EeAai Z?;Sii;o fe C)f?(?lgtii(:sgiles
[224] aortic valve replacement Cardiac CT SVR p P

among postoperative AV pressure gradient,
AVA, and patient outcomes
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Table 2. Cont.

Year of . Data Machine Learning S
Study Author Application Source Method Future Direction
Krishna, H Future work will aim to utilize Al to
2023 [225]’ ’ Assessment of AS ETT ANN categorize AS severity, incorporating
multiple echocardiographic variables
Xie. L-F acifji;iﬂigg:gﬁgﬂitx; Multicenter study; external validation data
2024 [2’2 6'] ' surgical treatment of acu teg Demographic, clinical LASSO XGB are needed to test the clinical utility of the
type A aortic dissection model
Zhou, M. Screening of aortic Larger studies; future prospective studies
Valglar Heart 2024 [227] dissection ECG CNN could enhance the efficacy of this Al model
isease
Screening of AS in patients SVM Future research efforts should focus on
2023 Irtyuga, O [228] with and without bicuspid TTE ANN early dlagpostlcs and strate:gles to .delay the
aortic valve RF progression of degenerative aortic valve
DR disease
Larger studies and an investigation are
" . needed to compare the accuracy of risk
i Kemeayr Tleieobonstel T suv s g by the e 1.
[229] y GPR approach compared to that of diameter

aneurysm (TAA) tissue

genetic paneling

thresholding using histopathological
classification of tissue
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2.2.1. Alin Arrhythmias

One of the most common arrhythmias in adults is atrial fibrillation (AF), with an
estimated prevalence ranging from 2% to 4% [230]. Because one-third of people with
arrhythmia are asymptomatic, diagnosing AF can be challenging. AF often presents inter-
mittently, referred to as paroxysmal atrial fibrillation (AF), which is often undiagnosed,
resulting in significant mortality and morbidity. Strategies for detecting AF include serial
electrocardiography (ECG), event monitors, long-term outpatient monitoring using wear-
able continuous ECGs, in-hospital monitoring, or implantable cardiac monitors. However,
AF detection rates remain low, between 5% and 20%, despite these measures. Predicting
the timing of the onset of AF could improve the treatment of this condition, especially since
AF is expected to affect more than 12 million people in the U.S. by 2030. Thus, there is a
need to identify innovative and cost-effective techniques, especially in terms of cost, to help
clinicians better treat this disease [36,37].

The ECG has been analyzed since the 1970s when ventricular repolarization abnormal-
ities were analyzed by an Al-based model, which finally showed a high correlation with
serum potassium levels [231]. In 2023, the way AF prediction and detection are evolving
with the availability of new predictive tools was well described in a review carried out by
Martinez-Sellés, M. et Marina-Breysse, M [232].

In this review, the authors showed how an Al-enabled ECG acquired during nor-
mal sinus rhythm allows point-of-care identification of people with AF. Other authors
have explored AF prediction using mobile sinus rhythm electrocardiograms (mECG) and
demonstrated that neural networks can predict AF development using mECG data in sinus
rhythm. They concluded that mECG data could lower barriers to the implementation of
Al-based AF event prediction systems in the modern healthcare environment due to their
cost-effectiveness, availability, and scalability [37].

A study of 2530 patients showed that the CNN model had better predictive perfor-
mance than other current predictive models in effectively predicting the risk of postopera-
tive recurrence in patients with paroxysmal atrial fibrillation by identifying 12-lead ECG
characteristics before catheter ablation [38].

In January 2024, a paper was published in JAHA, developing robust deep learning
algorithms for automated ECG detection of postoperative AF and its burden using both
atrial and surface ECGs. This finding has an important impact on the subsequent manage-
ment of patients with newly diagnosed AF [233]. Overall, ML models show promise for
detecting AF in a stroke population for secondary stroke prevention and for accurately
predicting AF in a healthy population for primary prevention.

While previous authors analyze models to predict the risk of FA or to detect FA in
at-risk populations, other authors focus on the applicability of these models. Kawamura,
Y. concludes in a review that implementation in the real world of AF prediction models
requires validation studies and the development of points that would facilitate transparency
through reducing potential systemic biases and improving generalizability [234].

However, another review in 2024, which included 14 studies, showed that Al is effec-
tive for detecting AF from ECGs. Among DL algorithms, convolutional neural networks
(CNNs) demonstrate superior performance in AF detection compared to traditional ma-
chine learning (TML) algorithms. Diagnosing AF earlier can integrate ML algorithms that
can help wearable devices [235].

2.2.2. Al in Cardiogenic Shock

CS is a pathology represented by low cardiac output causing hypoperfusion of the
target organs. CS causes very high short-term mortality of up to 50%. Observational
studies have shown that early recognition, protocol management, optimal triage, and risk
stratification in hospitals equipped with technology and well-trained staff have led to much
better outcomes in the management of CS [236].

In January 2024 Raheem A. et al. published a retrospective study, which looked
at 97,333 patients, in which they described a new, much more detailed way to predict
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MACE, in-hospital mortality (up to 30 days) from all causes, and cardiac arrest. They
used Al and a systemic grid technique in an ANN to robustly analyze the performance of
the ANN model compared to RF and LR classifiers and the commonly used Emergency
Severity Index (ESI). The authors created a predictive model, based on emergency room
presentation criteria, that would make it easier for emergency physicians to triage patients
with cardiovascular symptoms. They demonstrated that ANN with systematic grid search
predicted MACE, cardiac arrest, and 30-day in-hospital mortality in triaging patients
with cardiovascular symptoms with high accuracy, unlike LR and RF models. Their
predictive model could therefore help emergency physicians make timely triage choices
for patients with cardiovascular symptoms by classifying and prioritizing patients in the
early phase based on triage presentation criteria [237]. On the other hand, another study
analyzing 2282 STEMI patients demonstrated that for predicting cardiogenic shock in
STEMI patients, the linear LASSO model showed superiority over LR, SVM, and XGBoos.
In patients with AMI, CS is the most common cause of in-hospital death, accounting for
5-10% of patients [41]. In most of the studies analyzed, the repeatable limitations include
retrospective studies conducted on target populations. Future prospective studies are
therefore needed, including populations from more than one center [42,47,48].

2.2.3. Alin Cardiomyopathy

Numerous studies have analyzed electrocardiograms using artificial intelligence and
have proven their usefulness in detecting cardiomyopathies and more [51,54,55,64]. ECG
analysis using Al has shown its usefulness in both adult [51,55] and pediatric hypertrophic
cardiomyopathy [54] in the detection of cardiac amyloidosis [64]. Haimovich, J. S. et al.
published a study in 2023 that included 93,138 adult patients and concluded that models
based on ECG analysis, LVH-NET, and its single-lead versions may be useful in the clinic
for screening patients with left ventricular hypertrophy as well as rare diseases such as
hypertrophic cardiomyopathy and cardiac amyloidosis [51]. Another previously mentioned
study looked at ECGs from 300 children and adolescents under the age of 18 and showed
their usefulness in detecting pediatric hypertrophic cardiomyopathy. In 2023, Harmon D.M.
et al. studied 676 patients who were evaluated at the Mayo Clinic and diagnosed with AL
or ATTR cardiac amyloidosis (CA). The authors demonstrated that AI-ECG achieved very
high performance for detecting CA in terms of sex, race, age, and amyloid subtype. On
the other hand, the AI-ECG demonstrated lower performance for patients with LBBB [64].
Echocardiography is another tool that with the help of Al can bring closer diagnoses of
CA. Cotella J. I et al. studied 51 patients who calculated FEVS and GLS using Al, and
they proved that there were no significant differences in manual and automated LVEF and
GLS values either pre-CA or at diagnosis. This would allow for a faster evaluation of CA
patients [65].

Zhang X. et al. showed in a retrospective analysis of 289 patients that ultrasonic
imaging omics and a machine learning model can provide an excellent and non-invasive
diagnostic tool for clinical practice for distinguishing CA from non-CA. For left ventricular
strain, the machine learning model was slightly better than conventional echocardiogra-
phy [66]. Another study, which analyzed 128 patients with ATTR-CA using Al, concluded
that the ANN model estimated the risk of death or transplantation in patients with ATTR
cm with better accuracy compared to traditional risk models [67].

Takotsubo (TTS) cardiomyopathy is another cardiomyopathy in which the application
of Al has found a place. Takotsubo cardiomyopathy (transient apical ballooning syndrome
or broken heart syndrome) is a form of non-ischemic cardiomyopathy. TTS predominantly
affects women and is a regional left ventricular systolic dysfunction; it is transient but
occurs without significant coronary artery disease on angiography [238]. Echocardiogra-
phy, coronary angiography, left ventriculogram, and cardiac magnetic resonance imaging
(CMR) are used to diagnose TTS. As a clinical entity of acute transient heart failure, its
general management is conventional heart failure therapy if the patient does not show
hemodynamic instability or mechanical complications [239].
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For patients who are not eligible for gadolinium contrast CMR, the diagnosis of
takotsubo cardiomyopathy remains difficult without invasive investigation. One study that
analyzed non-contrast CMR images and demographic data of cardiac arrest patients using
Al found a model that offers good accuracy in predicting patients with Takotsubo (TTS)
cardiomyopathy [58]. Another study, which looked at 3284 patients with TTS, showed
that an ML-based approach identified patients at risk of a poor short-term prognosis in
the hospital. The Inter-TAK-ML model has shown its usefulness for predicting in-hospital
death in patients with TTS [59].

Another rare genetic cardiomyopathy is Fabry disease (FD). It has multisystem in-
volvement and a reported but possibly underestimated annual incidence of 1 in 100,000.
Many cases go undiagnosed because there is a large age gap between the age at which the
first symptoms appear and the age at which it is diagnosed; this is 13 and 32 for women
and 9 and 23 for men [240]. Symptoms of onset include neuropathic pain, recurrent fever,
ophthalmic problems, sweating disorders, typical skin changes, gastrointestinal symptoms,
heat/cold intolerance, and otolaryngological problems. However, the most serious prob-
lems induced by FD include cerebrovascular cardiovascular events and cardiac dysfunction,
cardiovascular and cerebrovascular events, and chronic kidney disease, usually with pro-
teinuria. Michalski A.A. et al. evaluated risk factors among patients who may suffer from
FD and demonstrated that an NLP tool approach increased diagnostic effectiveness and
improved prognosis and quality of life for patients with Fabry disease. The method also
recognized its limitations, which consisted of the need for prospective studies, the small
sample of patients diagnosed with FD, the analyzed risk factors, and the implemented NLP
algorithm which requires further development to improve its accuracy [68]. In patients
with FD, cardiac arrhythmias are common, but individual risk varies widely. Among the
most common arrhythmias are ventricular tachycardia and atrial fibrillation. Jefferies J. et al.
conducted a study on 5904 patients with FD in which Al-machine learning models were
applied and demonstrated strong performance in estimating the risk of adverse outcomes.
This discovery could be useful in clinical practice where it would be used to reduce patients’
adverse outcomes and improve their management [69].

2.2.4. Alin Cardiovascular Imaging

Artificial intelligence (Al) is spreading into every facet of cardiac imaging, from
studies to prognostication and personalized risk prediction for each patient. The Food
and Drug Administration (FDA) has approved approximately 300 artificial intelligence
devices in the combined fields of radiology and cardiovascular, and this number continues
to grow. Cardiac magnetic resonance imaging (CMR), echocardiography, and coronary
computed tomography angiography (CCTA) derive significant benefits from Al-based
solutions. Al has numerous advantages in cardiovascular imaging, from the possibilities
of increasing efficiency to reducing inter-observer and intra-observer variability and also
reducing human error and reader variability [241].

Artificial intelligence has also found its place in cardiovascular imaging. Using ma-
chine learning methods and radiomic features from delayed enhancement CT (CT-DE),
myocardial scarring has been identified with good accuracy compared to cardiac magnetic
resonance imaging (MRI) with late gadolinium enhancement (LGE) (MRI-LGE), which is
the gold standard [73]. Additionally, using CMR radiomic features, other authors in another
study created a predictive model to classify patients with hypertrophic cardiomyopathy
(HCM) and dilated cardiomyopathy (DCM) [71]. A retrospective study of 303 patients ana-
lyzing coronary CT, fractional flow reserve (FFR), and quantitative coronary angiography
(QCA) data demonstrated that Al has its place in coronary CT. The authors demonstrated
rapid and accurate identification of major stenoses, superimposable with coronary an-
giography [76]. Zhang R et al. published a retrospective study in which they analyzed
599 patients who underwent myocardial perfusion imaging (MPI). Image analysis was
performed using hybrid SPECT-CT systems. The authors aimed to validate and develop
an Al (artificial intelligence) aid method applied in myocardial perfusion imaging (MPI)
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to help clinicians differentiate ischemia in coronary artery disease. They demonstrated
the high predictive value and very good efficacy of this system and therefore found a
tool to help radiologists in their clinical practice [80]. Another study published in the
European Heart Journal of 2827 patients that analyzed echocardiographic images using Al
demonstrated increased accuracy in diagnosing left atrial thrombosis (LAT). This finding
guides clinicians in the management of patients on oral anticoagulant (OAC) therapy in
deciding on transesophageal ultrasound (TOE) [82].

Another large study published in the Jama analyzed transthoracic ultrasounds of
224 patients with Takotsubo and 224 patients with AMI to differentiate between the two
diseases. The authors demonstrated that the system created was more accurate than clinical
cardiologists in classifying disease based on echocardiography alone, but further studies are
needed to put the system into clinical application [86]. High-quality prospective evidence is
still needed to show how the benefits of DL cardiovascular imaging systems can outweigh
the risks [242].

2.2.5. Al'in Congenital Heart Disease

Congenital heart disease (CHD) is a field of application for Al, taking into account the
diverse and robust datasets that extend from the management and diagnosis of pathologies
to multimodal imaging. It has also increased the cohabitation of patients with CHD due
to innovative surgery and new therapies. Thus, the use of Al could improve the quality
of patient care, help optimize the treatment of these patients, extend life expectancy, save
time for the attending physician, and reduce healthcare costs [243]. Artificial intelligence
has found usefulness in current studies in the prediction of cardiovascular events in adults
operated on for Fallot tetralogy [89] and the screening of congenital diseases based on
ECG [90] based on cardiac auscultation [91] or echocardiography [93,94]. De Vries R1I et al.
conducted a study that developed an ECG-based fetal screening method for CHD. They
demonstrated a 63% detection rate for all CHD types and 75% for critical CHD [90]. A study
of 386 patients identified predictors of impaired executive function in adolescents after
surgical repair of critical congenital heart disease (CHD), which were as follow: social class
as the primary predictor and birth weight, neurological events, and number of procedures
as other predictors [92].

2.2.6. Al in Electrocardiography

Cardiovascular disease (CVD) crosses geographic, gender, or socioeconomic bound-
aries. Electrocardiograms (ECGs) are a routine instrument for any complete medical
evaluation. ECGs are also used for diagnosis [244].

Artificial intelligence has found its usefulness in ECG for the following purposes: diag-
nosis of pulmonary thromboembolism [95], prediction of sudden death and cardiovascular
events [97,98], prediction of fatal events after cardiac resynchronization [99], prediction of
paroxysmal atrial fibrillation [37], detection of ventricular hypertrophy [100], risk predic-
tion in liver transplantation [101], detection of ventricular dysfunction [103], and prediction
of recurrence after paroxysmal atrial fibrillation ablation [38].

Valente Silva, B. et al. published a study on a batch of 1014 ECGs from patients
presenting to the emergency room with suspected pulmonary embolism (PE). The authors
demonstrated and validated a high-specificity pulmonary embolism prediction model
for PE diagnosis based on artificial intelligence and ECG [95]. Shiraishi Y. conducted a
study enrolling 2559 patients hospitalized for decompensated heart failure. Together with
the authors of this study, they demonstrated the prediction of death in cardiac subjects
using AI-ECG [97]. Zaver B. H. et al. published a retrospective study in 2023 that en-
rolled patients from a single center who were evaluated for liver transplantation or who
underwent liver transplantation between 2017-2019. During this period, 3202 ECGs were
available in the system, of which 1534 were available pre-transplant, 383 on the day of
transplant, and 1284 post-transplant. A total of 719 ECGs from a total of 300 patients were
analyzed, of which 533 were pre-transplant ECGs and 196 post-transplant ECGs. The
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study demonstrated AI-ECG performance in patients who were proposed for evaluation
for liver transplantation, in addition, it demonstrated performance similar to that in the
general population, but which was lower in the presence of an elongated QTc. ECG anal-
ysis using Al showed its usefulness in predicting post-transplant de novo AF. Al-based
ECG assessment has also shown utility in predicting decreased left ventricular ejection
fraction post-transplant. Therefore, AI-ECG can be a useful tool for patients proposed
for liver transplantation, as a positive screening for a decreased SV ejection fraction or
atrial fibrillation can raise alarm signals for the development of new post-transplant AF
or cardiac dysfunction. Therefore, the importance of using a large dataset and artificial
intelligence (AI) has increased significantly in medicine [101].

2.2.7. Al in Heart Failure

Heart failure (HF) is increasing in prevalence along with the complexity of its di-
agnosis and treatment. The management and diagnosis of patients with HF require a
huge amount of clinical information, leading to the accumulation of large amounts of data.
However, traditional analytical methods are not sufficient to manage large datasets. From
HF prediction to HF diagnosis, classification, prevention and management, Al has proven
its usefulness [245].

Artificial intelligence has found its place in the prediction of heart failure in asymp-
tomatic patients [106], in the diagnosis and treatment of patients with heart failure with
reduced ejection fraction [110], in the diagnosis and treatment of patients with heart fail-
ure with low ejection fraction, in the detection of heart failure with preserved ejection
fraction [111], and in the prediction of congestive heart failure [114].

Heart failure (HF) with preserved ejection fraction (HFpEF) is common and is asso-
ciated with a high burden of mortality, morbidity, and high healthcare costs. Currently,
compared with low-ejection-fraction HF (HFrEF), few medical therapies have been shown
to improve cardiovascular outcomes in studies in patients with HFpEF. A study published
by Segar M. et al. on 1767 patients has shown that cl analysis based on machine learning
can identify the fenogroups of HFpEF patients with different clinical characteristics and
also predict long-term results [107].

Almujalys. N discussed acute heart failure (AHF) monitoring in a study published
in 2023. Together with all the study authors, they designed a remote health monitoring
system to effectively monitor patients with AHFE. This tool also helps both patients and
doctors. It concerns Internet of Things (IoT) technology, which has revolutionized data
colloquialization and communication by incorporating intelligent sensors that collect data
from various sources. In addition, it uses artificial intelligence (AI) approaches to control
a huge amount of data, which leads to better storage, management, use, and decision
making. The created system monitors the clothing activities of patients, which helps to
inform patients about their health status [105].

Kamio T. et al. published a study of 1416 patients who were admitted to the intensive
care unit (ICU) for acute heart failure (AHF) and who received furosemide treatment. Using
Al they created a model that predicted in-hospital mortality and mechanical ventilation in
patients hospitalized for AHF [116].

2.2.8. Alin Heart Transplant

Regarding heart transplantation, artificial intelligence shows its usefulness in the
following situations: in the prediction of post-heart-transplant events [118,128,129], the
prediction of rejection after heart transplantation [118,119,122], the prediction of COVID-19
in heart transplantation [121] and pediatric heart transplantation [126], and the prediction
of post-transplant survival [127].

One study claims that for patients with end-stage heart failure, heart transplantation
remains the only chance of life. Medicine has come a long way, and the number of heart
transplants has increased exponentially worldwide, but the number of heart donors is
not big enough to meet the high demand. This brings up a particular issue of resource
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allocation. Artificial intelligence comes to the rescue and allows doctors to quantify the
risk of rejection, accurately predict post-transplant prognosis, and determine waiting list
mortality [117]. Briasoulis A. et al. published a study on a group of 18,625 patients
(mean age 53 £ 13 years, majority male—73%), in which they analyzed the prediction of
outcomes after heart transplantation. They concluded that 1 year after heart transplantation,
there were 2334 (12.5%) deaths. Additionally, using Al, they demonstrated an ML-based
model that proved its effectiveness in predicting post-transplant survival as well as acute
rejection after heart transplantation [118]. The prediction of post-heart transplant rejection
was also analyzed by Seraphin T.P. et al. in a study published in 2023, which included
1079 histopathology reports of 325 transplant patients in three centers in Germany. The
authors detected patterns of cell transplant rejection in routine pathology, even when
trained in small cohorts [119]. Since 2021, the rejection of cardiac alograft has been a
serious concern in transplant medicine. It is well known that endomyocardial biopsy with
histological examination is the gold standard in the diagnosis of rejection, but poor inter-
pathology agreement creates important clinical uncertainty. Peyster E.G. et al. published a
study that looked at 2472 endomyocardial biopsies, which concluded that the degrees of
cellular rejection generated by histological analysis using Al are the same as those provided
by expert pathologies [124].

In 2022, Ozcan I. et al. published a study in a cohort of 540 patients in which they
looked at the patient’s physiological age based on ECG and correlated this information
with the risk of post-heart transplantation mortality.

They were able to demonstrate that age-related cardiac aging after transplantation is
associated with a higher risk of major cardiovascular events (MACEs), such as mortality,
re-transplantation, and hospitalization for heart failure or coronary revascularization. The
usefulness of this discovery is that the change in the physiological age of the heart could
be an important factor in the risk of post-heart transplant MACE [120]. This study was
reinforced by Morales J. R.’s study, which suggested that there may be an association with
ECG cardiac age and one-year post-transplant events [128].

2.2.9. Alin Hypertension

Artificial intelligence is increasingly being used in treating hypertension. In the highly
scientific literature, numerous machine learning techniques are used to diagnose and detect
numerous diseases: hypertension prevention [138], hypertension prediction [132,137,140,142],
hypertension prediction in young patients [133], hypertension diagnosis [131,136], hy-
pertension management and treatment [134,139,141], and hypertension variability [135].
Hypertension is found in 1.28 billion adults according to the World Health Organization
(WHO). Hypertension has been found in adults aged 30 to 79 worldwide. Of adults with
hypertension, about 42% are treatable. WHO data claim that about one in five adults
worldwide has achieved optimal blood pressure control through treatment. Hypertension
is also the leading cause of death worldwide [246].

Lopez-Martinez F. et al. performed a study that included 24,434 people aged over
20 years in the USA; they developed a neural network model in which they evaluated
several factors and their relationship with the prevalence of hypertension. This study
focused on using ANN to estimate the association between smoking, sex, age, BMI race,
diabetes, and kidney disease in hypertensive patients. The results of this study show
a specificity of 87% and sensitivity of 40%, with a precision of 57.8% and a measured
AUC of 0.77 (95% CI [75.01-79.01]). The advantage of this study is that the results are
more efficient than a previous study by other authors using another statistical model with
similar characteristics that showed a lower calculated AUC than the present study (0.73).
This model needs validation in other clinical settings, and further studies should include
socio-demographic information to increase accuracy and integrate this model with clinical
diagnosis [132].

Masked hypertension (MHPT) is ambulatory blood pressure that is not normal but
exhibits instant normal blood pressure. Therefore, patients with MHPT are difficult to
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identify, and they remain untreated. Soh, D. C. K et al. developed a paper in which they
analyzed a computational intelligence tool that used electrocardiogram (ECG) signals
to detect MHPT. EI demonstrated that the best accuracy for the diagnosis of arthritic
hypertension in the ECG signals was KNN, 97.70% [131].

Risk stratification remains an important step in hypertensive patients, especially if
they are young patients. Wu X. et al. performed a study on a group of 508 patients, who
were followed for an average period of 33 months. Two new ML techniques (RFE and
XGBoost) were applied in the study to analyze the future risk of young patients diagnosed
with hypertension. Baseline clinical data were analyzed, as well as a composite endpoint
including all-cause death, coronary artery revascularization, peripheral artery revascular-
ization, acute myocardial infarction, new-onset stroke, new-onset atrial fibrillation/atrial
flutter, new-onset heart failure, sustained ventricular tachycardia/ventricular fibrillation,
and end-stage renal disease. These patients were treated in a tertiary hospital. The per-
formance of these models was then compared with that of a traditional statistical model
(Cox regression model) and a clinically available model (FRS model). The study showed
that the prognostic efficacy of the analyzed ML method was comparable to that of the Cox
regression model; moreover, the efficacy of the analyzed ML method was higher than that
of the recalibrated FRS model [133].

Herzog L. et al. studied a cohort of 16,917 participants, predicting antihypertensive
therapeutic success with the help of Al. With an accuracy of 51.7%, the custom model
developed by the authors was based on deep neural networks. The most successful
treatment was a combination of an angiotensin-converting enzyme inhibitor and a thiazide
(with 44.4% percent), and the angiotensin-converting enzyme inhibitor used alone was the
most commonly used treatment (with 39.1%). These results may help with personalized
treatment and better management of this pathology [141].

2.2.10. Al in Pulmonary Hypertension

In the last four decades, a considerable number of registries have been published
for pulmonary hypertension, which is a rare condition. These data have enabled the
management and understanding of this pathology to be improved. However, to increase
the understanding of the pathophysiology of pulmonary hypertension, prognostic scales
are needed, as well as scales for verifying the transferability of the results from clinical
trials in clinical practice. Although there are a huge amount of data from numerous sources,
they are not always taken into account by registries. This is why machine learning (ML)
provides a great opportunity to manage all these data and subsequently access tools that
could help to make an early diagnosis. All of this functions to advance personalized
medicine, especially the prognosis of the patient [247].

Many studies have focused on the effects of Al on pulmonary hypertension, from the
prediction of this rare pathology in adults [147,150,155,161,162] or children [151,163,165] to
the prediction of survival [154,167] or risk in patients with pulmonary hypertension [156],
diagnosis of pulmonary hypertension [149,152,153,156-158,160,169], and the treatment of
this disease [148].

In 2023, Griffiths M. et al. published a study of 1232 patients in Circulation, using data
from multicentric registries. The authors developed a predictive model for pulmonary
hypertension in children and also with the help of this model discovered a high-risk model
for the time of intervention in these children. In the test cohort, the developed model
showed very good results, with an AUROC of 87%, sensitivity of 85%, and specificity of
77% [165]. Another study used echocardiographic data to diagnose pulmonary hyperten-
sion (PH) in the pediatric population in a cohort of 270 newborns. The results of the study
showed an average F1 score of 0.84 for predicting the severity of pulmonary hypertension
in newborns, 0.92 for binary detection using a 10-fold cross-validation, 0.63 for predicting
severity, and 0.78 for binary detection on the device held by the tests. The authors conclude
that the learned model focuses on clinically relevant cardiac structures, motivating its use
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in clinical practice; at the time, this paper was the first to show automated pH assessment
in newborns using echocardiograms [163].

In 2024, Anand V. et al. studied a cohort of 7853 patients who underwent cardiac
catheterization and echocardiography and created an ML model for predicting PH using
data from echocardiography.

The cohort age was 64 £ 14 years, of which 3467 (44%) were women and 81%
(6323/7853) had a diagnosis of PH. The final trained model included 19 measurements and
features from the echocardiogram. The model showed high discrimination for diagnosing
PH (area under the characteristic operating curve of the receiver, 0.83; 95% CI, 0.80 to 0.85)
in the test data. The accuracy, sensitivity, positive predictive value, and negative predictive
values of the model were 82% (1267 /1554), 88% (1098/1242), 89% (1098/1241), and 54%
(169/313), respectively. The authors concluded that the PH could be predicted based on
echocardiographic and clinical variables without using the regurgitation rate at tricuspid.
Thus, machine learning methods seem to be promising for diagnosing patients with a low
pH probability [169].

2.2.11. Al in Infective Endocarditis

Infective endocarditis (IE) is a serious infectious disease that has high morbidity
and mortality rates and severe complications. Severe complications include cardiac ar-
rhythmias, embolic events, and valve ruptures leading to acute heart failure. Early risk
assessment of patients with IE is crucial to optimize treatment. The prognosis of IE is
influenced by many factors, including laboratory tests, clinical factors, cardiovascular and
systemic imaging, and a combination of these. In addition, electrocardiographic changes
may indicate advanced disease and thus predict high morbidity and mortality [15]. A
dynamically modulated heart rate is considered to be a surrogate of the interaction between
the parasympathetic and sympathetic nervous systems. This is measured by the variability
or fluctuation in the time intervals between normal heartbeats (heart rate variability [HRV]).
Inflammation is reflexively inhibited by the vagus, through activation of the hypothalamic-
pituitary—adrenal axis, which causes cortisol secretion. Inflammation is also inhibited by
the vagus and by vagus-sympathetic innervation of the spleen, where proinflammatory
cytokines are no longer released from macrophages, which have in turn been signaled by
single T cells. To highlight this mechanism, in 2023, Perek S. et al. published a study on a
group of 75 patients with a mean age of 60.3 years from a tertiary center with a diagnosis
of infective endocarditis. With the help of logistic regression (LR), it was determined
whether laboratory, clinical, and HRV parameters were predictive of severe short-term
complications (metastatic infection, cardiac injury, and death) or specific clinical features
(staphylococcal infection and type of valve). The authors demonstrated that the standard
deviation of normal heartbeat intervals (SDNN) and in particular the root mean square of
successive differences (RMSSD), which were derived from very short ECG records, can be
used for the prognosis of patients with IE [248].

In 2024, Christopher Koon-Chi Lai et al. discovered a new risk score comparable to
existing scores but which is superior to clinical judgment; it applies to patients with S.
aureus bacteremia (SAB). The authors looked at 15,741 patients with infective endocarditis,
658 of whom had a diagnosis of endocarditis-infective Staphylococcus aureus (SA-IE). The
AUCROC was 0.74 (95% CI 0.70-0.76), with a negative predictive value of 0.980 (95% CI
0.977-0.983). Of all the features analyzed, four were the most discriminatory: history of
infectious endocarditis, age, community onset, and valvular heart disease [170].

Another study by Galizzi Fae, I. et al. concluded that the most feared complications of
infectious endocarditis are cardiovascular and neurological, and they are independently
associated with high mortality. In addition to these complications, variables such as older
age and elevated CRP levels are also associated with increased mortality. With the help
of Al it has been shown that intra-hospital mortality is determined by cardiovascular
complications. Therefore, rapid identification of patients at high risk can prompt more
aggressive treatment, which may decrease the mortality rate [172].
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2.2.12. Al in Ischemic Heart Disease

When it comes to ischemic heart disease, artificial intelligence can be useful both in the
early diagnosis of ischemic heart disease [175-178,184,185] and in the prediction of compli-
cations after an acute ischemic event [186-190] and coronary artery disease [179-181,191];
Al can also be used in coronary artery disease prevention [11].

The current guidelines state that natural CAD can be modified by medical therapies,
risk stratification, and early detection of CAD. In this way Ciccarelli M. et al. published
an article in 2023 in which they mentioned (1) various machine learning algorithms based
on single-photon emission computed tomography (SPECT) to facilitate CAD prediction
and (2) prediction of major adverse cardiac events (MACE) in patients with the current or
prior acute coronary syndrome (ACS) by risk scores such as the SINTAX87 score; however,
these tools do not have the expected accuracy. The authors recalled in their study the use of
machine learning techniques in identifying patients with increased morbidity and mortality
following ACS. To estimate the risk of myocardial infarction, major bleeding, and, death of
any cause for a period of 1 year, the PRAISE95 score was used and demonstrated precise
discriminatory capabilities [11].

In patients with acute myocardial infarction (AMI), the most common cause of in-
hospital death, despite early revascularization, is cardiogenic shock (CS) cauing 5-10% of
deaths. Of all cases of CS, about 70% may be due to AMI. Bai Z. et al. published a paper
in which five machine learning methods were analyzed to predict in-hospital cardiogenic
shock in STEMI patients. These models include least absolute shrinkage and selection
operator (LASSO), logistic regression (LR) models, support vector regression (SVM), and
the tree-based ensemble machine learning models gradient boosting machine (LightGBM),
and extreme gradient boosting (XGBoost). Of all the learning methods, the most successful
prediction performance was represented by the LASSO model. The LASSO model in
STEMI patients could provide excellent prognostic prediction for the risk of developing
CS. The study included a group of 2282 patients with STEMI. The best overall predictive
power was shown by linear models constructed using LASSO and LR, with an average
accuracy of over 0.93 and an AUC of over 0.82. However, the LASSO nomogram showed
adequate calibration and better differentiation, with a C-index of 0.811 [95% confidence
interval (CI): 0.769-0.853]. A high C-index value of 0.821 was obtained for the internal
validation tests. In terms of the decision curve (DCA) and clinical impact curve (CIC), the
LASSO model showed superior clinical relevance compared to previous models that were
score-based [41].

In order not to delay acute myocardial infarction (AMI) diagnosis, Liu W. C. et al.
published a paper in which they developed a deep learning model (DLM) that analyzed
450 12-lead electrocardiograms (ECGs) for improved diagnosis of AMI. For STEMI detec-
tion, in the human-machine comparison, the AUC for DLM was 0.976. This was better
than that of the best doctors. DLM also showed sufficient diagnostic capacity for STEMI
diagnostics (AUC = 0.997; sensitivity, 98.4%; specificity, 96.9%) independently. Compared
to NSTEMI diagnostics, the combined AUC of conventional cardiac troponin I (cTnl) and
DLM increased to 0.978, which was superior to that of cTnl (0.950) or DLM (0.877). The
authors concluded in their study that DLM can be used as a tool to help clinicians make
an objective, timely, and accurate diagnosis for subsequent rapid initiation of reperfusion
therapy [178].

Zhao Y. et al. also published a paper in which artificial intelligence (AI) proved
able to provide a way to increase the efficiency and accuracy of ECG in STEMI diagnosis.
They created an Al-based STEMI self-diagnostic algorithm that used a set of 667 ECG
STEMI and 7571 control ECGs. The algorithm proposed in their study reached an area
under the receiver operating curve (AUC) of 0.9954 (95% CI, 0.9885 to 1) with sensitivity
(recall), specificity, accuracy, and F1 scores of 96.75%, 99.20%, 99.01%, 90.86% and 0.9372,
respectively, in the external evaluation. In a comparative test with cardiologists, the
algorithm had an AUC of 0.9740 (95% CI, 0.9419 to 1) and sensitivity (recall), specificity,
accuracy, and F1 score values of 90%, 98% and 94%, 97.82% and 0.9375, respectively.
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Meanwhile, cardiologists had sensitivity (recall), specificity, accuracy, and F1 score values of
71.73%, 89.33%, 80.53%, 87.05%, and 0.8817, respectively [176]. Cho Y. et al. also published
a paper in which they concluded that myocardial infarction (MI) could be detected quickly
using electrocardiography (ECG) with 6 derivatives, not only ECG with 12 derivatives.
The authors developed and validated an algorithm based on deep learning (DLA) for MI
diagnostics. The EI analyzed a batch of 412,461 ECGs to create a variational autoencoder
(VAE) that reconstructed the precordial ECGs with 6 derivatives [177].

Alkhamis M.A. et al. published a study that developed predictive models for adverse
events in the hospital and at 30 days in patients with acute coronary syndrome (ACS). The
authors analyzed 1976 patients with ACS and used clinical features and an interpretable
multi-algorithm machine learning (ML) approach to match predictive models. EI demon-
strated that the RF amplification algorithms and the extreme gradient (XGB) far exceed the
traditional logistic regression model (LR) (ASCs = 0.84 and 0.79 for RF and RF, respectively,
XGB). The most important predictor of hospital events was the left ventricle ejection frac-
tion. From the point of view of events at 30 days, the most important predictor was the
performance of an urgent coronary bypass graft. ML models developed by the authors of
this study have elucidated nonlinear relationships that shape the clinical epidemiology of
ACS adverse events and have highlighted their risk in individual patients based on their
unique characteristics [187].

Kasim. et al. published a paper on 7031 patients in which they developed an ML
model that improves mortality prediction accuracy by identifying unique characteristics
within individual Asian populations. The performance of the algorithm created by the
authors reached an AUC between 0.73 and 0.89. The TIMI risk score was exceeded by the
ML algorithm, with superior performance for hospital predictions at 30 days and 1 year
(with AUC values of 0.88, 0.88, and 0.81, respectively, all p < 0.001), while TIMI scores
were much lower, at 0.55, 0.54 and 0.61. This finding shows that the TIMI score seems
to underestimate the risk of mortality in patients. Key features identified for both short-
and long-term mortality included heart rate, Killip class, age, and low-molecular-weight
Heparin (LMWH) administration [189].

2.2.13. Al in Pericardial Disease

Al has proven its usefulness in pericardial diseases; from the diagnosis of liquid
pericarditis based on ECG [193] to the measurement of pericardial fluid based on echocar-
diography [194], automatic detection and classification of pericarditis using CT images of
the chest [195], and prediction of fluid pericarditis in patients undergoing cardiac stimula-
tion [196] or in breast cancer patients [192].

Liu Y.L. et al. published a retrospective study, being the first DLM study using a
12-lead electrocardiogram to diagnose acute pericarditis. The strategy developed by the
authors is based on discriminating ECGs from acute pericarditis versus ECGs from STEMI
in patients presenting with anterior chest pain to the emergency room. This study can be
used as a basis for other larger studies and can also be an important support tool for the
detection of pericarditis in the on-call room. This method can also be applied remotely and
in telemedicine, as well as for portable technologies [193].

Piccini, J. P. et al. published a paper in which they determined predictive factors in
which they developed a risk score for pericardial effusion in patients undergoing attempted
Micra leadless pacemaker implantation. The authors analyzed a group of 2817 patients and
concluded that the overall rate of pericardial effusion following Micra implantation is 1.1%.
Using lasso logistic regression, the study authors developed a valid risk score for pericardial
effusion composed of 18 preprocedural clinical variables. Using bootstrap resampling,
future predictive performance and internal validation were estimated. External validation
also benefited the scoring system, using data from the Micra Acute Performance European
and Middle East (MAP EMEA) registry. There were 32 patients with pericardial effusion
in the study [1.1%, 95% confidence interval (CI) 0.8-1.6%]. The authors demonstrated in
the study that the rate of pericardial effusion increased with Micra implantation attempts
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in patients at medium risk (p = 0.034) but also in those at high risk (p < 0.001). After the
Micra implantation attempt, the risk of developing pericardial effusion can be predicted
with reasonable discrimination using preprocedural clinical data [196].

2.2.14. Al in Peripheral Arterial Disease

Patients with a diagnosis of peripheral artery disease (PAD) have a high risk of
metabolic events as well as cardiac events but are also at high risk of overall death. To
improve outcomes in patients diagnosed with PAD, it is necessary to identify the disease
early with prompt initiation of correct risk-managing treatment. McBanell R.D. et al.
published a paper in JAHA in which they uncovered an Al algorithm that evaluated the
posterior tibial arterial Doppler signal in patients with PAD, with the help of which they
determined the patients with the highest risk of death from all causes, MALE, and MACE.
A total of 11,384 patients were included in the study, out of which 10,437 underwent
ankle-brachial index testing (medium age, 65.8 & 14.8 years old, 40.6% women). Some
2084 of the patients were followed for 5 years, during which 447 of the patients died,
161 suffered MALE, and 585 suffered MACE events. Adjustments were then made for
sex, age and Charlson comorbidity index, and the Al analysis of the posterior tibial artery
waveform provided an independent prediction of mortality (hazard ratio [HR], 2.44 [95% CI,
1.78-3.34]), major adverse cardiac events (HR, 1.97 [95% ClI, 1.49-2.61]), and major adverse
limb events (HR, 11.03 [95% CI, 5.43-22.39]) at 5 years. Their analyses assisted clinicians in
detecting peripheral arterial disease (PAD), which can lead to early modification of risk
factors and their tailoring to each patient [197].

McBane II R.D. also published a study in which he addressed all major adverse cardiac
events (MACEs) and limb events (MALEs), but compared to the previous study, the authors
relied only on patients suffering from diabetes mellitus (DM). The authors of this study
published in the Journal of Vascular Surgery are developing a tool that can diagnose PAD
and predict clinical utility. Like McBanell R.D’s study, Doppler arterial waveforms were
analyzed to diagnose PAD, but in this study, only patients with a diagnosis of DM were
analyzed. This study aimed to identify patients with diabetes who are at highest risk of
PAD. Of the 11,384 patients analyzed, only 4211 patients with DM met the study entry
criteria (mean age, 68.6 £ 11.9 years; 32.0% female). In the validation set, there was a
final subset of testing that included 856 patients. Over 5 years, there were 319 MACEs,
99 MALESs, and 262 patients who died. An independent prediction of death was provided
by patients in the upper quartile of prediction based on deep neural network analysis of
the posterior tibial artery waveform (hazard ratio [HR], 3.58; 95% confidence interval [CI],
2.31-5.56), MACE (HR, 2.06; 95% CI, 1.49-2.91), and MALE (HR, 13.50; 95% CI, 5.83-31.27).

The authors also concluded that an Al analysis of the arterial Doppler waveform
allows the identification of major adverse outcomes, MACEs, and MALEs (including
all-cause death) in patients with DM [202].

Masoumi Shahrbabak et al. published a similar paper in which they investigated
the feasibility of diagnosing peripheral artery disease (PAD) based on the analysis of
non-invasive arterial pulse waveforms. We generated realistic synthetic blood pressure
(BP) and pulse volume recording (PVR) waveform signals related to PAD present in
the abdominal aorta with a wide range of severity levels using a mathematical model
simulating arterial circulation and arterial BP-PVR relationships. We developed a deep
learning (DL)-compatible algorithm that can diagnose PAD by analyzing brachial and
tibial PVR waveforms and evaluated its effectiveness compared to the same DL-compatible
algorithm based on brachial and tibial arterial BP waveforms and the ankle-brachial index
(ABI). The results suggested that it is possible to detect PAD based on DL-triggered PVR
waveform analysis with adequate accuracy, and its detection efficacy is close to that using
blood pressure (positive and negative predictive values in 40% abdominal aortic occlusion:
0.78 vs. 0.89 and 0.85 vs. 0.94; area under the ROC curve (AUC): 0.90 vs. 0.97). The authors
concluded that in the diagnosis of PAD, non-invasive arterial pulse wave analysis can be
used with the help of DL as it is a non-invasive and accessible means [201].
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2.2.15. Al in Thromboembolic Disease

In thromboembolic disease, artificial intelligence has a role, especially in disease
prediction [205-207,209-213]. Al is also used in the diagnosis of pulmonary embolism [95]
and the diagnosis of deep vein thrombosis [214,215].

Valente Silva B. et al. published a paper in 2023 in which they developed and validated
a 12-lead ECG-based deep learning model for the diagnosis of pulmonary embolism. This
model shows a high specificity guard in the diagnosis of pulmonary embolism. The authors
of the study looked at 1014 ECGs from patients who underwent pulmonary angiography
due to suspected pulmonary embolism. Of all these patients, 911 ECGs were used to
develop the Al model, and 103 ECGs were used to validate the model. The performance of
the Al model used by the authors in this study was compared with the clinical prediction
rules recommended by the guidelines in place for EP, such as the Wells and Geneva scores
combined with a standard D-dimer threshold of 500 ng/mL and an age-adjusted threshold.
The authors concluded that the Al model they developed reached a much higher specificity
for diagnosing PE than the commonly used clinical prediction rules. So, the AI model
showed 100% specificity (95% confidence interval (CI): 94-100) and 50% sensitivity (IC
of 95%: 33—67). Compared to the other models, which had no discriminatory power, the
Al model worked much better (area under the curve: 0.75; IC 95% 0.66-0.82; p < 0.001).
In patients with and without PE, the incidence of typical PE ECG characteristics was
similar [95].

Seo ] W et al. also addressed the diagnosis of deep vein thrombosis using Al methods
and performed a study in which they evaluated the performance of an artificial intelligence
algorithm (Al) for the diagnosis of iliofemoral deep vein thrombosis. They used computed
tomographic angiography of the lower extremities. The authors concluded that the profuse
is an effective method of reporting critical phases of iliofemoral deep vein thrombosis [215].
Contreras-Lujan, E. E. et al. supported previous and public research and used ML methods
for more reliable and efficient DVT diagnosis to be incorporated into a high-performance
system to develop an intelligent system for the early diagnosis of DVT. The authors con-
cluded that the accuracy of all models trained on PC and Raspberry Pi 4 was greater than
85%, while the area under the curve (AUC) was between 0.81 and 0.86. So, for diagnosing
and predicting early DVT, ML models are effective compared to traditional methods [214].

Nassour N. et al. also published a paper in 2024 in which they evaluated new au-
tomatic learning techniques to estimate the risk of VTE and the use of prophylaxis after
ankle fracture. The authors analyzed using machine learning and conventional statistics
16,421 patients who suffered ankle fractures and were evaluated retrospectively for symp-
tomatic VTE. Of all the patients, 238 patients with VTE confirmed later in the 180 days
after the injury either sustained conservative or surgical treatment for ankle fracture. In the
control group, there were 937 patients who had no evidence of VTE but who had ankle frac-
tures and had similar treatment. Patients in both groups were divided into those receiving
VTE prophylaxis and patients not receiving VIE prophylaxis. More than 110 variables were
included. The results of the study were that the higher incidence of VTE was in the group
of patients who underwent surgical treatment for ankle fracture, those who had increased
hospitalization, and those who were treated with warfarin. The authors concluded that
when machine learning was applied to patients with ankle fractures, several predictive
factors were successfully found to be related to the appearance or absence of VTE [205].

2.2.16. Al in Valvular Disease

Artificial intelligence seems to be promising in valvular diseases; in this review, we
focused our attention mainly on aortic diseases [216,217,222-225,228] and aortic dissec-
tion [226,227] as well as aortic aneurysm [229] and rheumatic diseases, focusing on mitral
regurgitation [220].

For the treatment of aortic stenosis, transcatheter aortic valve replacement (TAVR) is
the procedure increasingly used. Toggweiler, S. et al. have developed automated software
to make the necessary measurements for planning TAVR with high reliability and without
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human help. The authors compared the automatic measurements from 100 CT images
with the images from three TAVR expert clinicians. It was noted that the aortic ring
measurements generated by Al had very good agreements with those performed manually
by doctors, with correlation coefficients of 0.97 for both the perimeter and the area. For the
measurement of the ascending aorta at 5 cm above the ring plane, the average difference
was 1.4 mm, and the correlation coefficient was 0.95 [221].

Xie, L.-F. et al. published a study in 2024 integrating artificial intelligence to build
a predictive model of postoperative adverse events (PAOs) based on clinical data. They
wanted to evaluate the incidence of PAO in patients operated with acute aortic dissection
type A (AAAD) after total arch repair. The authors included a group of 380 patients with
AAAD in the study. They used LASSO regression analysis. After a thorough analysis, the
authors concluded that the most optimal model is the extreme gradient growth model
(XGBoost) as it showed better performance than other models. Therefore, for patients with
AAAD, the prediction model for PAO is based on the XGBoost algorithm, and this model is
also interpreted via the SHAP method. This method helps clinicians to identify high-risk
AAAD patients at an early stage and choose optimal individualized treatment [226].

Brown, K. et al. published a paper in 2024 in JAHA concluding that artificial intelli-
gence could detect rheumatic heart disease (RHD) in children as well as expert doctors. The
authors included 511 ultrasounds from children in their studies, with color Doppler images
of the mitral valve. Ultrasound scans were also evaluated by a group of expert doctors.
RHD was present in 282 cases out of 511, and 229 were normal. The automatic learning
method developed by the authors identified the correct vision of the mitral regurgitation
jet and the left atrium, with an average accuracy of 0.99, and the correct systolic frame with
an average accuracy of 0.94 (apical) and 0.93 (parallel long axis) [220].

3. Discussion

Al has broad application prospects in cardiovascular disease, and a growing number
of scholars are devoted to Al-related research on cardiovascular disease. Cardiovascu-
lar imaging techniques (electrocardiography and echocardiography) and the selection of
appropriate algorithms (ML or DL) represent the most extensively studied areas, and a
considerable boost in these areas is predicted in the coming years.

Strengths: Cardiology leads the way in the artificial intelligence revolution in medicine.
Al enables precise prediction of cardiovascular outcomes, non-invasive diagnosis of coro-
nary artery disease, and detection of malignant arrhythmias. Additionally, it facilitates
the diagnosis, treatment, and prognosis of heart failure patients. Advances in artificial
intelligence and precision medicine will drive future innovations in cardiovascular research.

Limitations: Ethical and data privacy concerns are significant limitations to the
widespread adoption of artificial intelligence in cardiology and medicine, requiring careful
consideration. Regulations are needed to ensure the safe use of artificial intelligence in
cardiology and medicine in the future.

3.1. Perspectives and Directions for the Application of Artificial Intelligence in Cardiology

Artificial intelligence (AI) has been integrated into the healthcare industry as a new
technology that uses advanced algorithms to synthesize necessary information from huge
databases. Research in the field of Al on cardiology has grown exponentially, as can be
seen from the number of articles reviewed above. Arrhythmias, ischemia, diseases of the
heart valves, heart failure, myocardial infarction, and problems affecting the peripheral
arteries and the aorta are all examples of cardiovascular diseases (CVDs) [249].

A significant number of papers have been published in the field of structural heart
disease, especially in the field of cardiomyopathies and ischemic heart disease, but also in
pulmonary hypertension. At the opposite end of the spectrum, with a relatively smaller
number of articles, is research in the field of Al-based arrhythmia and infective endocarditis.
Current research also focuses on machine learning, especially in the use of ECG signals
and echocardiograms. As an indispensable tool in cardiology, ECG has become one of
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the most useful tools for collecting data as input for ML, just like echocardiography. In
addition, the role of other instruments that collect data, such as coronary angiography,
cardiac MRI, or cardiac CT, should not be minimized. Thus, cardiovascular imaging is one
of the main sources of information which is far from being at full capacity. In addition,
a tremendous amount of data can come from laboratory data, and hospitals can provide
the researcher with data on both patient history and patient profile. These opportunities
should be exploited closely, as there is great untapped potential at this time.

Convolutional neural networks, recurrent neural networks, and cross-validation are
types of AI much more widely used in publications relevant to this paper, as compared
to other machine learning techniques. Deep learning is more widely used in general,
compared to unsupervised ML or classical ML models. There are also papers in which
predictive values are low, although the negative predictive values are high, which raises
the issue of further refinement and further development of these systems. The authors of
this article believe that in technology research, close collaboration between Al engineers
and clinicians makes effective decision making possible. One potential area of future
development is engineering in medical Al and medicine; there will probably be discussion
in the future about physicians with exhaustive knowledge of medical Al For significant
technological progress and innovation, close collaborations between healthcare engineering
systems and physicians are needed [250].

Finally, through this paper, we also wish to highlight some perspectives for future
research, perhaps answering questions about legal and ethical considerations. Who decides
whether an Al diagnostic system is safe for the patient, government hospitals, or individual
hospitals? Who is directly responsible and who is investigated when a malpractice case is
taken up: engineers, technology companies, doctors, or hospitals? What can be done about
patients’ data privacy and who should be trained to protect it? How can we prevent doctors’
judgmental standards from falling due to reliance on Al for diagnosis, which may become
a serious problem in a few generations [250]? For correct and complete implementation,
this side of AI must be addressed, and for the moment, it is one of the most sensitive issues.
Scientific knowledge in the field of artificial intelligence in cardiology is, as we have seen
in the analysis carried out, in continuous ascension, and different methods are already
being implemented all over the world. We can subdivide these methods into several
essential aspects: (1) prevention of cardiovascular diseases; (2) screening; (3) diagnosis of
cardiovascular diseases; and (4) treatment, all of which function for the adult population
and the pediatric population.

3.1.1. Prevention

Preventive cardiology can be seen today as an understudied specialty within cardio-
vascular treatments. Preventive cardiology aims to improve the known risk factors for CV
disease (CVD). Preventive cardiology has also found a use for AI[11], as Al can introduce
new treatment methods and important tools to assist the cardiologist in reducing the risk
of CVD. The role of Al has been investigated in weight loss, sleep, nutrition, physical activ-
ity, dyslipidemia, blood pressure [138], alcohol, smoking, mental health, and recreational
drugs. Al has huge potential to be used for the detection, screening, and monitoring of the
mentioned risk factors. However, in terms of preventive cardiology, there is a need for the
literature to be complemented by future clinical trials addressing this issue [251].

In cardiovascular disease prevention, artificial intelligence has found its place in sev-
eral areas; it has an important position in precision cardiovascular disease stratification,
integration of multi-omics data, discovery of new therapeutic agents, expanding physician
effectiveness and efficiency, remote diagnosis and monitoring, and optimal resource allo-
cation in cardiovascular prevention. The newest applications of artificial intelligence in
cardiovascular prevention are addressing the main cardiovascular risk factors, in particular
dyslipidemia, hypertension, and diabetes [11].

Diabetes carries twice the risk of coronary heart disease, vascular death, and major
stroke subtypes, which is why controlling risk factors, especially diabetes, is crucial from
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childhood. The age of onset of diabetes is steadily decreasing, with one study noting
an age of onset of 6-12 years. The study authors also conclude that glycemic balance in
children in particular is increasingly difficult to maintain. This study shows statistically
significant differences (p < 0.05) in terms of mean systolic SBP values with type I diabetes
and type II diabetes, which confirms the importance of controlling cardiovascular risk
factors from childhood for the prevention of cardiovascular disease, especially as the
study also recommends monitoring lipid profile from childhood and applying therapeutic
measures [252].

Japanese researchers used a machine learning approach that looked at more than
18,000 patients, and they developed an algorithm with increased sensitivity for predict-
ing new-onset hypertension that demonstrated greater accuracy than the usual logistic
regression model, reaching an AUC close to 0.99 [253]. Another larger study confirmed pre-
vious results. It included more than 8,000,000 people from East Asia using an open-source
platform with potential large-scale applicability [254].

In dyslipidemia, artificial intelligence has tested applications from diagnosis to the
management and prognosis of dyslipidemia. Recent studies have demonstrated the pos-
sibility of cardiovascular risk assessment using deep learning, which helps to estimate
LDL cholesterol with better accuracy using machine learning [255]. In addition, recent
predictive methods for incidental dyslipidemia have been obtained by modeling machine
learning on larger datasets considering monogenic or polygenic variants [256,257].

A similar study has pointed out that in screening programs, the use of triglycerides
to estimate cardiovascular risk is also recommended from childhood. However, caution
should be exercised, as elevated values may be falsely elevated, especially in women with
high HDL or in patients with metabolic syndrome or diabetes where low HDL levels may
occur frequently. Extrapolating from the above information, future studies may address
the analysis of triglyceride values using Al to better control cardiovascular risk factors for
optimal cardiovascular disease screening [258].

3.1.2. Screening

A recent article has discussed screening for cardiovascular disease in women using
AI [259], this being a subcategory analyzed by the authors within the wide range of areas
in which Al has proven effective in screening (e.g., congenital disease screening from both
ECG analysis [90] to heart sound analysis [91] and fetal ultrasound [93], screening for
reduced fraction heart failure [109], screening for hypertension [138], screening for valvular
disease [218-220,222,227,228], and screening for rare diseases such as Fabry disease [60]).

Even though the potential opportunities for Al in CVD screening are enormous,
further research is needed to objectively assess whether digital technologies improve
patient outcomes [260].

3.1.3. Diagnosis

When it comes to cardiovascular diseases, Al also plays an important role in their
diagnosis. From the acute diagnosis of left ventricular hypertrophy using imaging methods
such as echocardiography [56], to the diagnosis of amyloidosis also based on TTE [66] or
idiopathic pulmonary hypertension [157], artificial intelligence has demonstrated its power
to help clinicians.

Echocardiography is an imaging method that detects certain abnormalities in real
time and is also one of the few imaging methods that allows real-time imaging. Although
artificial intelligence has been around since the 1950s, a major focus in recent years has been
on the application of Al to diagnostic imaging. Machine learning and other Al techniques
can drive a variety of patterns in imaging modalities, particularly echocardiography [261].
The potential clinical applications of Al in echocardiography have increased exponen-
tially, including the identification of specific disease processes such as coronary heart
disease, valvular heart disease, hypertrophic cardiomyopathy, cardiac masses, and cardiac
amyloidosis and cardiomyopathies (Figure 3).
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Figure 3. The usefulness of artificial intelligence in echocardiography for diagnosing disease. Created
based on information from [261].

In the valvular heart disease subcategory, the focus of Al is on identifying high-risk
patients and echocardiographic quantification of the severity of valvular disorders [262].
VHD refers to problems with mitral, aortic, pulmonary, or tricuspid valves. Treatment and
identification of cardiovascular diseases could be significantly improved by the application
of Al. Al has used various types of echocardiography, ECG, phonocardiography, and ECG
to help diagnose valvular diseases.

In this review, we focused our attention on aortic diseases and very little on the mitral
valve. Assessment of aortic valve disease’s progression can be carried out using Al-based
algorithms that integrate the data from the evaluation echocardiography of the aortic
valve with additional clinical information [263]. Transcatheter valve replacement decisions,
such as the right valve size and selection, can be improved by using Al to automate the
measurement of anatomical dimensions derived from imaging data [221].

Recently, a study that included nearly 2000 patients diagnosed with aortic stenosis
concluded that Al helped to identify high-risk patients and improved the classification
of aortic stenosis severity by integrating echocardiographic measurements. Additionally,
identifying subjects at higher risk in this study (patients who had high levels of biomarkers,
higher calcium scores of the aortic valve, and higher incidence of negative clinical outcomes)
could optimize the timing of aortic valve replacements [264].

Another study, including 1335 test patients and a validated cohort of 311 patients for
validation, developed a tool for the automatic screening of echocardiographic videos for
aortic and mitral disease. This deep learning algorithm was able to detect the presence
of valvular diseases, classify echocardiographic opinions, and quantify the severity of the
disease with high accuracy (AOC > 0.88 for all left heart valve diseases) [265]. All of these
findings support the effectiveness of a tool to be trained on routine echocardiographic



Diagnostics 2024, 14, 1103

48 of 64

datasets to classify, quantify, and examine the severity of conditions most common in
medical practice.

Furthermore, the potential of Al in developing algorithms for CVD diagnosis and
prediction will receive major research attention in the coming years. Thus, the application
of Al in the field of CVD has gained significant momentum, especially in the diagnosis
of coronary heart disease but also in the classification of cardiac arrhythmias, which is
a future trend. In addition to echocardiography, other non-invasive imaging techniques
such as cardiovascular magnetic resonance imaging (CMRI) possess robust computing
power, as well as large datasets and advanced models. In today’s world, this is the
cornerstone of cardiovascular diagnostics. CMRI is a widely used and accepted tool for
assessing cardiovascular risk. It incorporates Al, especially in image recognition and in
revolutionizing cardiomyopathy prognostic analyses using late gadolinium enhancement
(LGE) [266].

The role of Al extends to minimizing artifacts in CMRI and identifying scar tis-
sues [73,173], thereby increasing diagnostic accuracy and speed [71,153,174]. Studies such
as those using RF differentiate hypertrophic from dilated cardiomyopathies and also from
healthy patients via CMR analysis [71].

Studies examining ischemic coronary artery disease [11,173-187] use Al both in pre-
dicting the disease [180,181,191] and in its diagnosis [179,183,184] or prognosis [41,186-190].
Other studies use machine learning models in patients undergoing coronary artery by-
pass graft (CABG) surgery to create predictive models of the risk of continuous renal
replacement therapy (CRRT) after surgery [267].

A recent study has addressed the topic of CABG patients, who are often frail patients
with multiple comorbidities, including chronic obstructive pulmonary disease (COPD),
sleep apnea, high blood pressure, and diabetes. COPD is currently one of the most worrying
and significant public health problems in many countries. COPD causes an estimated
3.5 million deaths annually and affects over 600 million people worldwide [268]. The most
commonly implemented Al algorithms in the diagnosis, prevention, and classification of
COPD disease are decision trees and neural networks [269].

In patients with diabetes mellitus, atherosclerotic coronary artery disease is even
more common but often more advanced. In these cases, the benefits of percutaneous
interventions, which may have a higher risk of in-stent restenosis, have been outweighed
by CABG surgery. The authors’ perspective thus contributes to a nuanced view of post-
CABG outcomes in these patients through appropriate drug treatments but also through
post-CABG rehabilitation programs in patients included in their study with/without type
2 diabetes and with /without chronic kidney disease. They demonstrate the clear superior
benefit of innovative treatment in cardiology, the SGLT2 inhibitor, which was used during
a cardiovascular rehabilitation program and reduced ischemic risk in patients included
in their study. This study may represent future research directions in the field of Al in
cardiology in patients with ischemic heart disease, especially since the authors mention that
their paper is the first in the literature to address this topic (the impact of SGLT2 inhibitors
on CABG patients with/without chronic kidney disease and with/without type 2 diabetes
mellitus who are undergoing a cardiac rehabilitation program) [270]. There are already
studies that have relied on machine learning models that have been designed to perform
virtual screening in terms of exploring sodium-glucose cotransporter (SGLT2) inhibitors
using Al The authors have already raised some future research topics, such as identifying
new types of drugs as possible next-generation SGLT2 inhibitors and chemotherapy [271].

3.1.4. Treatment

As far as the treatment of cardiovascular disease is concerned, artificial intelligence
has found its place even in acute treatment, such as in patients with cardiogenic shock
treated with ECMO. When the authors analyzed a group of 258 elderly patients with
cardiogenic shock, the mortality rate at 6 months after ECMO treatment was 52 patients
(20.16%). Using algorithms, predictive models were constructed to determine the mortality
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rate and prognosis of the patients in the study. The accuracy, sensitivity, and specificity
of the random forest (RF) model were 0.987, 1.000, and 0.929, respectively, which were
higher than those of the decision tree model [49]. Additionally, in the treatment of chronic
diseases via treatment paradigms for patients with heart failure with acute kidney disease,
the authors outlined how Al technologies can be adapted to address major issues among
HF patients with acute kidney injury. They identified both personalized interventions and
treatment planning using Al without real-time monitoring. In addition, they drew attention
to the need for validation and the importance of collaboration between cardiologists and
nephrologists [115].

Artificial intelligence has also found its place in the treatment of hypertension [134]
and in the treatment of COVID-19 in patients with pulmonary hypertension [148]. The
authors discuss patients” adherence to antihypertensive treatment and suggest through
this paper that artificial intelligence is an effective alternative to conventional methods for
understanding treatment adherence. This finding may be used as a useful tool in educating
patients about the importance of medication in the management of hypertension [134].

Artificial intelligence is also involved in the treatment of patients with AMI [175] or
acute aortic dissection [226]. The authors created a predictive model based on XGBoost
that aims to identify high-risk AAAD patients and develop individualized treatment and
diagnostic plans to improve the prognosis of patients diagnosed with AAAD.

To predict the future, we should probably visualize the potential limitations and short-
comings of artificial intelligence at the current stage, as these important elements will have
the power to guide us toward new research that will lead to new advances in the years
to come. As far as cardiac ultrasound is concerned, Al algorithms are based on datasets
that already exist in the real world but which carry the same risks and limits of possible
misclassification, the presence of arrhythmias (difficult to handle by artificial intelligence
models), and the possibility of sub-optimal image quality (implying limited authenticity or
exclusion of some acquisitions, and therefore limited authenticity) when detecting wall mo-
tion abnormalities. Additionally, given the frequently inadequate standardization datasets
and the limited number and representativeness of datasets, automated software is currently
inferior to semi-automatic software in terms of measuring anatomy and morphofunctional
structure [272].

3.2. Ethical Considerations of Al in Cardiology

When it comes to artificial intelligence in cardiology, ethical concerns take center stage,
especially regarding the privacy of patient data and algorithmic biases. The introduction
of Al in cardiology prompts worries about how patient data, often large and sensitive,
will be handled to train and test these algorithms. Protecting patient privacy is crucial
to maintain trust in the healthcare system. Moreover, there is the issue of algorithmic
biases, which can arise from the data used to train AI models. These biases could lead
to disparities in healthcare, affecting everything from diagnosis to treatment outcomes.
To tackle these ethical challenges, we need transparency in Al development, robust data
protection measures, and ongoing efforts to detect and correct algorithmic biases. It is
also vital for healthcare professionals, data scientists, ethicists, and policy makers to work
together closely to ensure that Al in cardiology is used responsibly and fairly.

3.3. Bias Risk Assessment

A significant concern in the use of Al in cardiology is the risk of bias that can affect
outcomes and interpretations. Bias can occur at several stages of the process, including data
collection and selection, algorithm construction, and result interpretation. For instance, the
input data used for training algorithms may be influenced by population characteristics,
collection methods, or human errors. Additionally, the algorithms themselves can be
affected by implicit biases embedded in the datasets or in the training process. This can
lead to distorted results or incorrect generalizations, compromising the effectiveness and
reliability of Al systems in diagnosing and treating cardiac conditions. Therefore, it is
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crucial to conduct a careful assessment of bias risk in studies utilizing artificial intelligence
in cardiology and to apply appropriate methods to minimize and manage this risk.

For a robust design of cardiovascular disease prediction based on machine learning,
it is crucial to consider the following aspects: (i) the use of stronger outcomes, such as
death, calcium arterial coronary score, or coronary stenosis; (ii) ensuring scientific and
clinical validation; (iii) adapting to multi-ethnic groups while practicing unseen Al; and
(iv) amalgamating conventional, laboratory, imaging, and pharmacological biomarkers. In
the studies we analyzed from the high-quality scientific literature, all these aspects have
been assessed and accounted for.

Summary of findings from the papers reviewed:

Common themes: The integration of Al in cardiology has seen substantial growth,
particularly in addressing various cardiovascular diseases (CVDs) such as arrhythmias,
ischemia, and heart failure. Significant focus on structural heart disease, cardiomyopathies,
and ischemic heart disease, alongside emerging areas like pulmonary hypertension, in-
dicates diverse research interests. Utilization of machine learning techniques, especially
in analyzing electrocardiogram (ECG) signals and echocardiograms, highlights the im-
portance of Al in data analysis for diagnostic purposes. There is emphasis on the role
of cardiovascular imaging techniques, including ECG, echocardiography, coronary an-
giography, and cardiac MRI, as essential sources of information for Al applications in
cardiology.

Challenges: Despite advancements, some Al models exhibit low predictive values,
showing the need for further refinement and development. Ethical and legal considera-
tions regarding the safety of Al diagnostic systems, patient data privacy, and potential
overreliance on Al for diagnosis pose significant challenges.

Areas of consensus: Collaborative efforts between Al engineers and clinicians are
deemed essential for effective technological progress and innovation in medical Al Future
research directions emphasize preventive cardiology, screening, diagnosis, and treatment
of cardiovascular diseases using Al, catering to both adult and pediatric populations.

4. Conclusions

The use of artificial intelligence (Al) in the field of cardiovascular diseases represents
an emerging paradigm in modern medicine, offering significant advantages in the di-
agnosis, prognosis, and management of these conditions. From the early identification
of thromboembolism and pericarditis to the comprehensive evaluation of valvular and
ischemic diseases, Al algorithms provide an essential contribution to improving diagnostic
efficiency and clinical decision making.

In the case of thromboembolic diseases, Al algorithms demonstrate an impressive
capacity to predict the risk of thromboembolic events and assist in the precise diagnosis
of pulmonary embolisms and deep vein thromboses. By identifying subtle patterns in
electrocardiographic and medical imaging data, Al enables early detection and prompt
intervention, significantly enhancing patient management.

Regarding valvular diseases, Al offers advanced tools for assessment and treatment
planning, such as transcatheter aortic valve replacement (TAVR). Al algorithms can make
precise and reliable measurements, comparable to those performed manually by physicians,
optimizing the decision-making process and ensuring better outcomes for patients.

On the other hand, in pericardial diseases, Al facilitates diagnosis and prognosis,
providing a faster and more accurate approach to evaluating ECGs and echocardiographic
images. By identifying subtle signs and characteristic patterns, Al algorithms enable early
identification of pericarditis and pericardial effusions, contributing to improving patient
management.

Last but not least, artificial intelligence holds immense promise in revolutionizing the
management of ischemic heart disease, offering enhanced diagnostic accuracy, risk predic-
tion capabilities, and personalized treatment strategies. Its application in cardiovascular
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care signifies a paradigm shift towards more precise and tailored approaches, ultimately
improving patient outcomes and optimizing healthcare delivery.

The use of deep learning algorithms and data processing techniques contributes to
optimizing clinical decisions and improving outcomes for patients. However, rigorous
implementation and validation are essential to ensure the safety and effectiveness of these
technologies in clinical practice.

Author Contributions: Methodology, data curation, writing—original draft preparation, E.S., A.-L.P,
O.R.C. and O.C.C.; writing—review and editing, R.C., O.D., AE, L.G., V.V. and LF; supervision,
conceptualization and funding, O.R.C. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the “Dundrea de Jos” University of Galati, VAT 27232142, and
The APC was paid by the “Dundrea de Jos” University of Galati, VAT 27232142.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

ACM arrhythmogenic cardiomyopathy

ACR acute cellular rejection

ACS acute coronary syndrome

AF atrial fibrillation

Al artificial intelligence

AI-QCT artificial intelligence-enabled quantitative coronary computed tomography
AMI acute myocardial infarction

ARVD arrhythmogenic heart disease
ATTR-CM transthyretin amyloid cardiomyopathy
CCTA coronary computed tomography angiography
CMR cardiovascular magnetic resonance
CNN convolutional neural network

DL deep learning

DCM dilated cardiomyopathy

DECT dual-energy computed tomography
ECG electrocardiogram

FFR fractional flow reserve

HCA hierarchical

KMCk means clustering

IABP intra-aortic balloon pump

ICA invasive coronary angiography

IE infective endocarditis

LA left atrium

LAAT left atrial appendage thrombus

LCA latent class analysis

LV left ventricle

LVH left ventricular hypertrophy

MACE major adverse cardiovascular events
MAPSE mitral annular plane systolic excursion
MI myocardial infarction

ML machine learning

MLP multiple layer perceptron

MRI magnetic resonance imagining

PAP pulmonary artery pressure
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PCAT per coronary adipose tissue

PPG photoplethysmography

QCA quantitative coronary angiography
RA right atrium

RV right ventricle

STEMI ST-elevation myocardial infarction
TAVR transcatheter aortic valve replacement
TTE transthoracic echocardiography

TOE transesophageal echocardiography
TCN temporal convolutional network

XCB machine learning model based on the xgboost
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