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Abstract: Artificial Intelligence (Al) is redefining electrocardiogram (ECG) analysis in pre-partici-
pation examination (PPE) of athletes, enhancing the detection and monitoring of cardiovascular
health. Cardiovascular concerns, including sudden cardiac death, pose significant risks during
sports activities. Traditional ECG, essential yet limited, often fails to distinguish between benign
cardiac adaptations and serious conditions. This narrative review investigates the application of
machine learning (ML) and deep learning (DL) in ECG interpretation, aiming to improve the detec-
tion of arrhythmias, channelopathies, and hypertrophic cardiomyopathies. A literature review over
the past decade, sourcing from PubMed and Google Scholar, highlights the growing adoption of Al
in sports medicine for its precision and predictive capabilities. Al algorithms excel at identifying
complex cardiac patterns, potentially overlooked by traditional methods, and are increasingly inte-
grated into wearable technologies for continuous monitoring. Overall, by offering a comprehensive
overview of current innovations and outlining future advancements, this review supports sports
medicine professionals in merging traditional screening methods with state-of-the-art Al technolo-
gies. This approach aims to enhance diagnostic accuracy and efficiency in athlete care, promoting
early detection and more effective monitoring through Al-enhanced ECG analysis within athlete
PPEs.

Keywords: artificial intelligence; pre-participation examination; athlete’s heart; sudden cardiac
death; sports cardiology

1. Introduction

Cardiovascular health is a critical concern for sports medicine physicians and a key
component of athletic performance. Sudden cardiac death (SCD) is a leading cause of
mortality among athletes and may result from congenital heart diseases such as hyper-
trophic cardiomyopathy (HCM), channelopathies, and arrhythmogenic right ventricular
cardiomyopathy [1]. Sports medicine doctors aim to prevent SCD through regular and
effective screening. The pre-participation examination (PPE), which includes a structured
protocol proposed by the International Olympic Committee (IOC) and the European Fed-
eration of Sports Medicine Associations (EFSMA), prioritizes the screening for cardiovas-
cular diseases [2]. Sports and Exercise Medicine (SEM) professionals play a critical role in
this process, ensuring athletes’ safety through systematic health screenings that
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encompass cardiovascular assessments including medical history and a resting 12-lead
electrocardiogram (ECG), occasionally supplemented by additional investigations. ECG,
a non-invasive, inexpensive, and easily performed diagnostic tool, can provide critical in-
formation about a patient’s cardiovascular health and uncover potentially dangerous car-
diac diseases. A study assessing the effectiveness of pre-participation screening algo-
rithms highlights the limitations of questionnaire-based approaches, showing that cardi-
ovascular abnormalities could be missed without thorough medical evaluation, under-
scoring the importance of comprehensive PPE [3]. Specialized protocols for interpreting
athletes” ECGs have been established [1]. Athletes” ECGs often exhibit characteristics in-
dicative of cardiac adaptation to increased physical demands, which, while potentially
pathological in the general population, are normal and harmless for highly trained ath-
letes. Consequently, the European Society of Cardiology (ESC) has proposed a standard
for ECG interpretation in athletes [1]. Cardiac adaptation is beneficial for physical perfor-
mance; however, subtle deviations in a normal ECG may indicate serious cardiac condi-
tions, making it imperative for physicians to identify them accurately. The challenge lies
in differentiating between normal cardiac adaptations in athletes and abnormalities that
suggest potential disorders, requiring a comprehensive understanding of both the physi-
ological changes in an athlete’s heart and the indicators of possible medical conditions,
thereby necessitating a detailed step-by-step multimodality approach for accurate diag-
nosis [2,4,5].

The field of artificial intelligence (Al) is rapidly expanding, and its applications are
being explored in various sectors of the healthcare system [6]. Many countries are grap-
pling with immense workloads in their medical systems, frequently compounded by staff-
ing shortages. In this context, Al has the potential to alleviate this burden and enhance the
efficiency of medical care. The use of Al in interpreting ECGs has a considerable history
[7] and recent advancements highlighted by Adasuriya and Haldar [8] demonstrate Al's
potential to significantly improve the detection and analysis of complex cardiac conditions
through advanced algorithms, offering a more sophisticated, precise, and predictive ap-
proach to ECG interpretation in athletes [8].

The leading cause of mortality in athletes during sports and exercise is cardiovascu-
lar-related sudden death [1,9-11], emphasizing the critical need for effective screening
methods. We aimed to explore the utility of Al in enhancing electrocardiogram ECG
screenings during PPE for athletes. By integrating Al technologies, we aim to advance the
early detection and prevention of cardiac anomalies, thereby significantly improving the
safety and well-being of athletes engaged in intense physical activities. The potential of
Al to augment the diagnostic accuracy and efficiency of ECG interpretations offers a
promising avenue to transform traditional screening practices into more sophisticated,
precise, and predictive healthcare interventions. This narrative review will consolidate
current research and delve into the implications of Al-enhanced ECG screening within
sports medicine, highlighting its benefits not only for the general population but also spe-
cifically for the athletic community. By providing a comprehensive overview of current
innovations and identifying future advancements, this study supports SEM professionals
in bridging the gap between conventional methods and cutting-edge technologies.

2. Methods

We reviewed articles published within the past 10 years, utilizing the PubMed and
Google Scholar databases. The search was performed using the following keywords: “ar-
tificial intelligence” and “ECG”, “machine learning” and “ECG”, “deep learning” and
“ECG”, “artificial intelligence” and “sports cardiology”, “machine learning” and “sports
cardiology”, and “deep learning” and “sports cardiology”. After consulting MeSH, we
found an exhaustive list of entry terms. However, we deemed a broader search too exten-
sive and not sufficiently focused on our research questions. We included only articles writ-
ten in English, comprising original studies and reviews. We selected studies in alignment
with the ESC standards for ECG interpretation in athletes, particularly focusing on
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research that addresses borderline and abnormal ECG findings to ensure clinical rele-
vance and applicability to sports cardiology. The research question was structured as rec-
ommended by formulating the population to comprise patients undergoing ECG testing
for cardiovascular diseases. The intervention involved utilizing Al technology for ECG
interpretation, while the control encompassed traditional ECG interpretation by profes-
sionals.

3. Results

The complexity of Al technologies involved in ECG interpretation is not the focus of
this article. However, acknowledging that multiple mechanisms enable this process, each
with its own limitations and advantages, is important. Table 1 summarizes the key studies
reviewed, presenting their design, main findings, utilized Al technologies, and their ap-
plicability and limitations in sports cardiology. Subsequent sections provide an in-depth
discussion of how Al is transforming ECG interpretation. This analysis addresses the tech-
nological advancements, challenges faced, and future prospects as suggested by the liter-
ature. It critically examines the role of Al in sports medicine, focusing on its practical im-
plementation to enhance athlete safety and performance in clinical settings.

Table 1. Summary of Key Studies on Cardiovascular Health and Artificial Intelligence Applications
in Sports Cardiology.

Study

Al Technol- Relevance to Sports

No Authors Design Main Findings ogy Used Medicine Limitations
The study notes
Al in cardiology is at an early The insights into Al- the lack of exten-
stage but has potential benefits in driven diagnostics  sive clinical trials
diagnostics and treatments. Key =~ Machine and risk predictions and the challenges
Danilov A, applications include imaging, elec- Learning, could inform person- of model interpret-
1 Aronow WS Review trocardiography, wearable devices, Deep Learn- alized training and  ability, which

(2023) [12]

risk prediction, and disease classi- ing, Neural rehabilitation pro- could impact the
fication. Major hurdles remainin Networks grams for athletes, broader adoption

model understanding, bias, evalu- helping prevent car- and effectiveness

ation, legal and ethical dilemmas. diovascular issues. of Al technologies
in sports medicine.
Challenges include
. . . L the dependency on
Reviews the integration of deep Can assist in enhanc- .
. . . . o large, diverse da-
learning with electrocardiography, ing monitoring and .
e . . . .o tasets which may
highlighting improved diagnosis diagnostics in sports

not always be

and management of cardiac condi- settings, particularly

Somani S, et Deep Learn- available or of suf-
Review tions such as arrhythmias, cardio- P for conditions like ar- . . o
al. (2021) [13] : . ing . ) ficient quality in
myopathy, and ischemia. Also rhythmias which .
. . . sports settings, and
notes the importance of large, di- may be triggered by
. _ . the need for exter-
verse datasets and the potential of intense physical ac- .
L L . nal validation in
novel clinical applications. tivity. e
sports-specific
populations.
Discusses the transformative effect As AI-ECG tools

Konstantinos
C. Siontis KC,
etal. (2021)
[14]

Review diagnostics in cardiovascular med-

The advanced detec-
Convolu-  tion capabilities of
tional Neu- Al-enhanced ECGs
ral Net- can be crucial in
works sports medicine for
early identification of

of Al on ECG interpretation, high-
lighting its potential to improve

continue to evolve,
their real-world
implementation
icine. Al techniques can detect pat-
terns in ECGs that are unrecog-
nizable to humans, potentially

faces challenges
like ensuring data
quality, model
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identifying early signs of diseases
like left ventricular dysfunction
and hypertrophic cardiomyopa-
thy.

athletes at risk of car- validation across

diovascular diseases. diverse popula-

tions, and integra-
tion into clinical

workflows.

Examines advancements in Al for
ECG monitoring via wearable de-
vices, focusing on arrhythmias and
Neri L et al.

coronary artery disease. Highlights

Limitations of
Convolu- Wearable ECG de-  wearable ECGs
tional Neu- vices with Al can sig-compared to stand-
ral Net-  nificantly enhance  ard multi-lead
works the monitoring and ECGs include less

4 Revi CNNs), Re- detecti bilities, data rich: d
(2023) [15] VIEW the use of deep learning methods ( ), Re ? ection capabtities, data r%c ?ess an
. current Neu- important for ath- potential inaccura-
such as CNNs and RNNs for im- . . .
. . ral Net- letes in managing ar- cies in data collec-
proved disease detection and pre- . . .
. e works  rhythmias and coro-  tion, especially
diction capabilities. L
(RNNs) nary health. during intense
physical activity.
Machine
Explores Al and ML in cardiology, Learning, Al reliance on ex-
highlighting how th hnolo- Deep Learn- ive, high-qual-
‘1g _1g .tmg ow these technolo : eep Learn Enhances data inter- tcenswe, 1g qu.a
gies aid in the management of car- ing, Neural ) ity datasets, which
) . . pretation and man-
diovascular diseases through im- Networks, . may not always be
.. agement, crucial for . )
proved prediction and personal-  Convolu- o , available in sports
Johnson KW, . . . monitoring athletes .
. ized treatment plans. Discusses the tional Neu- settings, and the
5 etal. (2018) Review . . heart health and )
[16] use of Al in feature selection for ~ ral Net- adaptine trainin general complexity
models, enhancing predictive ac- works, Re- PHng traifiing of Al models
.. . programs to individ- . ]
curacy beyond traditional statisti- current Neu- . which require spe-
e . ual cardiovascular . . )
cal methods, and aiding in the in-  ral Net- rofiles cialized expertise
terpretation of complex data from works, Sup- P ' to manage and in-
various sources. port Vector terpret.
Machines
Reviews the use of ML techniques
in researching the athlete’s heart,
highlighting the integration of dif- Directly addresses Highlights t}}e
ferent ML approaches to better un- . . challenges of lim-
. . the integration of ML | .
derstand and manage physiologi- . . . ited dataset sizes
. ! Machine in sports cardiology
. cal changes and disease risks due . and the need for
Bellfield to inten hvsical trainine. Di Learning, to better understand mor orehen
6 RAA,etal. Review © thiense pysica’ Halhiig. 15" A itificial ~ the physiological im- ore comprene

(2022) [17] cusses current applications, identi-

. . sive studies to en-
Neural Net- pacts of intense train-

fies gaps, and suggests future di- . . hance the validity
. . . works ing and to improve L
rections for research including the . . and applicability of
. early diagnostic ca- .
need for larger, diverse datasets o, ML models in
. pabilities. .
and the potential development of sports cardiology.
models for better disease predic-
tion and management.
Evaluates the impact of Essential for as- ~ While resampling
resampling techniques on machine Decision sessing cardiovascu- improves classifi-
.. learning classification performance Trees, Lo- lar risk in athletes,  cation accuracy,
Barbieri D, et . D . R . . :
Researchin predicting cardiovascular risk in gistic Re- enabling early inter- challenges persist
al. (2020) [18] . . . . . .
athletes. Demonstrates that tech- ~ gression, vention and tailored in balancing sensi-
niques like SMOTE can signifi- SMOTE  health management tivity and specific-

cantly improve sensitivity and

strategies. ity, especially in
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predictive accuracy in imbalanced medical contexts
datasets, making it valuable for where misclassifi-
medical diagnostic systems, partic- cation costs are
ularly in identifying at-risk ath- high.
letes.

Study limited to a
small cohort of ath-
. Focuses on real-time letes, and did not
Demonstrated an energy-efficient

E o th
framework for AloT wearable car- Convolu- o~ mon.ltormg a.nd compare with
Caamal-Her- Observa- arrhythmia detection other diagnostic

di hythmia detecti tem. ti 1 Neu-
lac arfiytifia detection system. Hoha el during sports activi- tools beyond ECG.

§ reraAetal tional Achieved a high arrhythmia detec- ral Net-

(2022) [19]  Study . .. . ties, essential for Potential biases
tion precision of 98.6% using con-  works L ,
. monitoring athletes” due to small sam-
volutional neural networks. . . .
cardiac health. ple size and lim-

ited environment
test.

Although not directly
related to sports

dicine, the Al- .
Atrial fibrillation was detected in medieine, The the potential for

Prospec- guided screening ap- .
false positives or

1.6% of patients with low risk and e
. 11 Artificial in- proach could poten- .
7.6% of patients with high risk. AI- . false negatives in
telligence al- tially be adapted for i
Al algorithm pre-

guided screening increased atrial orithm ab- athletes to screen for
fibrillation detection compared to & P dictions, as well as

Limitations include

tive non-
Noseworthy random-
10 PA,etal. izedin-

2022) [20] t - lied to ECG cardi hythmi
( ) [20] CIVEN" isual care (10.6% vs. 3.6% in high- pred to carenac arrhytiilias e need for fur-
tional | o o - data or other heart condi- e
. risk group; 2.4% vs. 0.9% in low- . . . ther validation in
trial . tions during routine |
risk group). diverse popula-
check-ups or pre-par- . .
L tions and settings.
ticipation evalua-
tions.
Provides insight
Reviewed the current and future . rovides 1ns1g >
- i o 1 . into the potential use
applications of artificial intelli- . . Does not present
, . . . of Al in improving ..
Martinez-Sel- gence in electrocardiography, in- ) ) original research
, .. ) ECG diagnosis and . 7 ]
lés M, Ma- cluding interpretation and detec- . . . findings; mainly a
. . . . . Various Al management, which . !
11 nuel Marina- Review tion of ECG abnormalities, risk . . . review of the exist-
- o . algorithms could have implica- . .
Breysse M prediction, monitoring ECG sig- . . ing literature and
. . tions for sports medi-
(2023) [7] nals, signal processing, therapy .. . future perspec-
. . . . cine in detecting car- .
guidance, and integration with _ tives.
- diovascular abnor-
other modalities. e
malities in athletes.
Limitations may
Could potentially aid include the retro-
Developed an Al-enabled electro- in the identification spective nature of
cardiograph using a convolutional of individuals with the analysis, poten-
. Retro- neural network to detect the elec- Convolu- atrial fibrillation dur- tial biases in the
Attia ZI, et al. ) ) .. 1. . .
12 spective trocardiographic signature of atrialtional neural ing normal sinus  dataset, and the
(2019) [21] e . .
analysis fibrillation present during normal network rhythm, thus provid- need for further
sinus rhythm using standard 10-s, ing a rapid, inexpen- validation in pro-
12-lead ECGs. sive means of screen- spective studies
ing. and clinical set-

tings.
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Reviewed specific applications of
Al for screening, diagnosis, and
treatment of atrial fibrillation (AF),

Limitations include

lack of racial diver-

Provides insights
into how Al can en- ing/testing cohorts,

sity in train-
Various Al y

lgorith
Harmon DM including prediction models, en- aif?litii?& hance AF detection  concerns about
13 etal. (2023) ’ Review hanced electrocardiographs (Al- machineg and management, data integrity, po-
[' 2] ECG), photoplethysmography, riskleamin and potentially improv- tential misdiagno-
stratification, and intracardiac sig- dee lfarn ing screening and  sis, operator de-
nal analysis. Highlighted suc- }i)n treatment strategies pendence, and the
cesses, limitations, and future di- & for athletes with AF. need for further
rections. validation and cali-
bration.
Limited to a single-
Although not directly centre study with-
The AI-ECG model successfully Deeb neural mentioned, the abil- out external valida-
Diagnos- distinguished patients with long net}:/vorks ity to diagnose and tion; focused on a
Bos JM, et al. tic case- QT syndrome from those without convolu " manage cardiac con- highly specific pa-
(2021) [23]  control and provided a simple and inex- tional neural ditions like LQTSis  tient group (ge-
study pensive method for early detection network crucial in sports med- netic heart rhythm
of congenital long QT syndrome. icine for athlete clinic patients),
safety. which may limit
generalizability.
Al enhances the accuracy and effi- .
hall 1
ciency of ECG interpretation for . Cha e?ges' mc': ude
diagnosing Long QT Syndrome Provides tools for potential bias in Al
(L Q%, S) AIgalgor?thms 1?; duce in- early detection and training data, pa-
Raissi terobs;erver variabilitv and can  Deeb learn- continuous monitor- tient privacy con-
Dehkordi N, Review |, ey Y ] p ing of LQTS in ath- cerns, and the need
15 . . identify risk individuals by analyz- ing, neural . . .
etal. (2023) Article , letes, potentially im- for enhanced inter-
ing subtle ECG features not appar- networks X e
[24] ent to the human eye. Al-driven proving safety and  pretability of Al
devices like smartwat(;hes may fa- preventive carein  decisions to gain
t icine.  trust lini-
cilitate early detection of LQTS-re- sports medicine s aCT;;I;g et
lated complications. ]
Developed a novel system using Can potentially im-
Echo State Networks (ESNs) for di- Recurrent PTOVe early detection Larger datasets
agnosing type 1 Brugada Syn- Neural Net- of BrSin athletes, needed to improve
16 Vozzi F, et al. Diagnos- drome (BrS) with good accuracy. works (Echo aiding in safer partic- model perfor-
(2022) [25] tic Study The system uses ECG pattern State Net ipation in sports by mance and validate
recognition, showing good perfor- works) identifying individu- its effectiveness in
mance particularly when using als at risk of arrhyth- clinical practice.
lead V2 only. mias.
An Al model usine a convolu Useful for predicting Requires further
tional neural netw grk cedicted VF in athletes with validation in
Nakamura T, Diagnos theo resence of VentZicullgar fibrilla Convolu- Brugada syndrome, broader clinical set-
17  etal. (2023) e Sgt ud tionp(VF) in patients with Brueada tional Neu- potentially prevent- tings to enhance re-
[26] y svndrome fliom ECGs with h% h ral Network ing sudden cardiac liability and deter-
Y precision and reliability & death during sports mine general ap-
] activities. plicability.
. Developed a deep learning model Enhances the detec- Further validation
Melo L 1. D - D 1
18 0 etal. Diagnos to diagnose Brugada Syndrome eep Neura tion of BrS in ath- required to confirm

2023) [27] ti
(2023) [27] tic Study (BrS) from ECGs without the need

Network

letes, potentially  effectiveness and
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for sodium channel blockers. The
model achieved high accuracy and
AUC, indicating potential for clini-
cal application to detect BrS more

allowing for earlier generalizability in

and safer identifica- diverse clinical set-

tion of those at risk of
sudden cardiac

tings.

safely and effectively. death.
Al model can identify Brugada
y oris Could aid in identify-
syndrome based only on P-wave . . . Larger and more
. Machine  ing at-risk athletes .
characteristics from ECGs, show- . . . diverse datasets
Learning with atrial abnormal-

ing an alternative diagnostic path-
Zanchi B, et Diagnos- & & P

h ical icul

al. (2023) [28] tic Stu dyway beyond the tyPlca Yentrlcu ar
phenotype analysis. This under-
scores an atrial aspect to BrS pa-

thology with practical applications

are required to en-

various
( hance the robust-

classifiers,

ities potentially
linked to B1S, en-
including  hancing preventive
AdaBoost)

ness and applica-
bility of the model

measures in sports linical .
in clinical settings.

in diagnosis using AL contexts.
Developed a deep learning model
DLM) to detect various electrolyte Could significantl
y 8 y

imbalances (e.g., hyperkalemia,
hypokalemia, hypernatremia, hy-

aid in monitoring Further validation
electrolyte status in  with prospective

Kwon J my- _. ponatremia, hypercalcemia, hy- Deep Learn- athletes, particularly studies and in dif-
Diagnos- . . . . . .
20 oung, et tic Study pocalcemia) using ECG data. ing Model for those undergoing ferent clinical envi-
al.(2021) [29] Achieved high AUCs in both inter-  (DLM) intense training or ronments is needed
nal and external validations, endurance sports,  to generalize the
demonstrating effectiveness in where imbalance findings.
non-invasively detecting these risks are elevated.
conditions.
Al applications in cardiology, es-
pecially in ECG interpretation,
show high efficacy in diagnosing AI-ECG could signifi- Editorial does not
conditions like left ventricular ejec- cantly enhance discuss specific
Aro AL, Jaak- tion fraction (LVEF) < 35% and hy- Deep Learn- screening for heart  limitations, but
21 kolaI(2021) Editorial  pertrophic cardiomyopathy ing Algo-  conditions in ath-  general challenges
[30] (HCM). Attia et al. reported Al- rithms letes, potentially include data diver-
ECG algorithms from the Mayo identifying risks  sity and algorithm
Clinic demonstrating high discrim- early. transparency.
ination abilities with impressive
AUC, sensitivity, and specificity.
A convolutional neural network
(CNN) model u31.ng 12-lead ];CG The study was lim-
and one-lead median-beat saliency ited by the subjec-
maps demonstrated effective iden- Al-based ECG analy- . . s
P . . . . 7 tive interpretation
tification of hypertrophic cardio- sis could be crucial of saliency maps
myopathy (HCM). The study high- Convolu- for early detection of

lighted specific ECG segments,
such as the ST-T segment, atrial
depolarization, and QRS complex,
which were crucial for the CNN
model’s performance in detecting
HCM. The use of saliency maps
helped reveal which segments of
the ECG were most influential in
diagnosing HCM.

Siontis KC, et Research
al. (2023) [31] Article

tional Neu-
ral Network

and only included
patients with a
high AI-ECG likeli-
hood of HCM, po-
tentially biasing
the results towards
already known
cases of HCM.

HCM in athletes, al-
lowing for timely in-
tervention and man-
agement to prevent
severe cardiac out-
comes.

(CNN)
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Developed an automated heart de-
fect detection model using ECG
and Artificial Neural Network
(ANN) for athletes. The model
achieved classification accuracy,

Adetiba E, et Research  sensitivity, and specificity of

Limited discussion
on the real-world
applicability and

integration into

Implementing this
model in sports

Artificial ~ could help monitor

23 Neural Net- athletes” heart health daily athleti i-
al. (2017) [32] Article  90.00%, 91.96%, and 97.06%, re- o - arvetes eait iealth dally aretc mon
. . i work (ANN) in real-time, poten- toring. Lack of vali-
spectively, and identified four clas- . . C
o tially preventing sud- dation in diverse
ses of heart conditions. The model . )
. den cardiac death.  athletic popula-
can help reduce sudden cardiac tions
death among athletes by enabling '
early detection of heart defects.
Used .mathem?tlcal modeling famd Advanced ECG phe-
machine learning to analyze high- . . The study’s scope
fidelity 12-lead Holter ECGs from notyping may refine and impact on
HCM patients, identifying distinct risk stratification and ractical clinical
patients, ymg Machine aid in early diagnosis P
phenotypic subgroups. The study . o\ . outcomes were
Lyon A, et al. Research . . > Learning, of conditions leading .. . .
24 . - linked these subgroups with varia- . . limited by the size
(2018) [33]  Article . . X Mathemati- to sudden cardiac >
tions in clinical risk factors and an- _ . and specific char-
. ... . cal Modeling death in athletes, po- -
atomical features, providing in- . . . acteristics of the
sights that might help refine risk tentially improving patient population
stratification for sudden cardiac management and studied.
death in HCM patients preventive strategies.
This study developed an Al ap-
proach using a convolutional neu- The AI-ECG model’s
ral network (CNN) to detect hy- high accuracy in de- Requires further
pertrophic cardiomyopathy Convolu- tecting HCM could refinement and ex-
Ko WY et al. Research (HCM) based on 12-lead ECGs. tional Neu revolutionize cardiac ternal validation to
25 (2022 OI) 3 4]' Article The CNN was trained on a large ral Network health monitoring in ensure its effective-
dataset and achieved high diag- (CNN) sports, offering a ness across diverse
nostic performance, particularly in non-invasive and ef- populations and
younger patients, suggesting po- ficient screening tool clinical settings.
tential for broad HCM screening for early detection.
applications.
Investigated the association be-
twee.n prematur.e ventricular and Wearable ECG moni- o
atrial contractions (PVCs and torine of prematur Study findings are
PACs) detected on wearable-for- orng © _P eIty ased on associa-
. contractions could .
mat ECGs and cardiovascular out- enhance earlv detec tions and require
. comes in individuals without car- . Y further investiga-
Orini M, et al. Research . . None Speci- tion and manage- . :
. diovascular disease (CVD). Found . .o tion to confirm
(2023) [35]  Article strong associations between PVCs fied ment of cardiac risks causality and prac
& ) in athletes, poten- | y ane pra
and heart failure (HF) and be- . . . tical applications in
tween PACs and atrial fibrillation tially improving pre- routine clinical
(AF), suggesting that wearable ventative care and practice
’ t : '
ECGs could be useful for early car- outcornes
diovascular risk stratification.
Developed an Al model to inter- ~ Machi
Inder M, Di- Initiative evelopec an A mode O mer A Direct application in Requires further
. pret pediatric ECGs for SCA risk, Learning, . e
27  wakarIB  Descrip- preventing sudden validation in clini-

(2023) [36] tion Blog specificity.

achieving high sensitivity and Deep Learn-

cardiac arrests in  cal settings; data

ng
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athletes through  on long-term out-
early detection.  comes are lacking.

Derman W, et Review
al. (2019) [37] Article through enhanced heart rate moni-

More empirical
data needed to
substantiate the

e Can inform training
Outlines the potential of Al in im Artificial
" P a Neural Net-
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Al comprises technologies that process data and can emulate human cognitive pro-
cesses [12]. This term is often confused with machine learning (ML), a distinct field. ML
recognizes patterns from previous inputs, and its outcome generation does not adhere to
specific rules. Consequently, ML relies on opaque black-box models that can be challeng-
ing to comprehend, making them less trustworthy for both doctors and patients [12].

Moreover, ML is prone to biases if the input data are not representative of the general
population or do not reflect local management protocols. This issue is particularly biased
in the context of rare diseases or underrepresented groups. ML encompasses both super-
vised and unsupervised learning systems [12]. Deep learning (DL), a subset of ML, simu-
lates human cognitive processes through artificial neural networks (ANNs) with intricate
mechanisms that produce outcomes [12,13]. DL does not require large, labeled datasets to
process raw data and infer conclusions [13]. In contrast to traditional models, DL learns
to internalize data representation, eliminating the need for human-selected features. This
approach is highly effective in ECG analysis, enabling the detection of complex patterns
without human bias [14].

Convolutional neural networks (CNNs), which optimize both data representation
and analytical rules [14], are frequently employed for this purpose. DL is used in ECG
analysis for screening a variety of cardiac and non-cardiac conditions. The selection
among DL, CNN, and recurrent neural networks depends on the available datasets [13].
Widely used datasets include PhysioNet, the MIT-BIH arrhythmia database, the MIT-BIH
AF database, the MIMIC database, and Computing in Cardiology [13,15]. CNNs can also
serve as a DL technique [15]. Unsupervised learning, another promising concept in cardi-
ology, can identify latent structures and relationships in datasets without the need for
labeled observations. This method has the potential to transform cardiology by enabling
“precision phenotyping”, paving the way for precision medicine [9].

Common parameters used to assess the efficacy of Al methods in ECG include preci-
sion or positive predictive value, sensitivity, specificity, area under the curve (AUC), c-
statistics, and F1-statistics [13].

Various Al technologies have been developed to identify different cardiac diseases
using ECG. Bellfield et al. [17] highlighted a critical challenge in ML applications for sports
cardiology: small sample sizes and imbalanced data often lead to overfitting and reduced
generalizability, undermining the reliability of models for accurately diagnosing heart de-
fects in athletes. The extensive analysis comprised 28 research studies. The review re-
vealed a significant trend in sports medicine, particularly regarding the understanding of
the athlete’s heart, with a pronounced shift towards adopting ML techniques. This trend
was evidenced by 57% of the studies, characterized by their use of ML for developing
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models to address specific cardiac health-related challenges or for evaluating ML imple-
mentation in research areas with similar focuses [17].

Notably, Barbieri et al. [18] conducted an extensive analysis involving 26,002 partici-
pants to evaluate cardiovascular risk among athletes. Their methodology incorporated the
analysis of tabular records and ECG characteristics, applying both decision tree and lo-
gistic regression models. The logistic regression model demonstrated notable efficacy
with an AUC of 0.78. By contrast [17,18], Castillo-Atoche et al. [19] employed a more sub-
stantial dataset, consisting of 56,542 ECG samples from 487 patients. They utilized a CNN
for real-time arrhythmia prediction. Their findings revealed an impressive accuracy of
94.3% on the training set and 93.9% on the test set, with these datasets originating from
wearable devices [17,19].

The role of Al in ECG interpretation is to redefine diagnostic approaches, particularly
through its ability to identify both known and novel physiological patterns, thereby en-
hancing diagnostic accuracy [39]. Key to this evolution are physiological experimentation
and in silico modeling tools, such as saliency maps and generalized adversarial networks,
which are crucial for refining Al-enhanced ECG (AI-ECG) models [39].

3.1. Cardiac Structural and Electrical Alterations
3.1.1. Atrial Fibrillation

Atrial fibrillation (AF) is the most commonly encountered arrhythmia [40], with a
significant portion of studies focusing on the ability of AI-ECG to monitor this condition.
Research demonstrates AI-ECG'’s effectiveness in detecting AF, including concealed par-
oxysmal AF, which does not appear on an ECG during examination [7,12,14,15,20-
22,40,41]. The early diagnosis of AF through AI-ECG could decrease the incidence of un-
explained embolic strokes and overall mortality associated with AF [14,41]. AI-ECG may
also serve as a risk stratification tool for patients with AF, with or without additional clin-
ical data, aiding clinicians in determining the necessity for anticoagulation therapy
[7,20,40,41]. While some researchers argue that AI-ECG can identify “silent” AF but can-
not predict its onset [14], others have found that DL algorithms can predict both the risk
of AF occurrence and the progression from transient to persistent AF [7]. The most fre-
quently cited AI-ECG method for AF identification and stroke risk assessment employs
CNN techniques [13,14,21]. CNN is generally the preferred Al method for ECG analysis
[13]. Attia et al. [21] conducted a retrospective study that demonstrated an AI-ECG tech-
nique’s ability to detect AF with an accuracy of 79.4% and an AUC of 0.79 [21]. Al tech-
niques in wearable devices, such as smartwatches, have received FDA approval for AF
detection using a single-lead ECG mechanism [15]. A study utilizing a CNN-trained sin-
gle-lead recorder system with the AliveCor dataset screened for AF, showing Al tech-
niques’ promising accuracy compared to insertable cardiac monitor devices [13]. A pro-
spective study indicated a fivefold increase in the risk of AF diagnosis during 30-day con-
tinuous ambulatory ECG monitoring for individuals identified as high-risk by a normal,
single AI-ECG scan [12].

3.1.2. Channelopathies

In children and adolescents, SCD is frequently caused by channelopathies such as
long QT syndrome (LQTS) and Brugada syndrome (BrS) [42]. The risk of SCD is elevated
in young athletes because intense physical activity may trigger ventricular arrhythmias
associated with these conditions. The application of AI-ECG is vital for the accurate de-
tection of these cardiac abnormalities. AI-ECG has been demonstrated in some retrospec-
tive studies to detect long QT intervals in patients without measurements above the upper
limit on the ECG trace by analyzing the T-wave [7,41].

Certain medications, such as azithromycin and hydroxychloroquine, which were
widely used during the COVID-19 pandemic, as well as antiarrhythmic drugs, can pro-
long the QT interval. A CNN-based Al study that analyzed the ECGs of over 2000 patients
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concluded that AI-ECG significantly improved the diagnosis of concealed LQTS com-
pared to traditional methods. AI-ECG was particularly effective in identifying LQTS in
patients with normal QT intervals and distinguishing between different LQTS subtypes
[23].

A comprehensive review of studies highlighted the significant potential of Al, partic-
ularly DL and neural networks, in diagnosing and monitoring LQTS [24]. The integration
of Al into clinical practice promises to enhance the precision of LQTS diagnosis, improve
patient outcomes, and potentially reshape the approach to cardiac arrhythmia monitoring
and treatment [24]. Therefore, the capability of AI-ECG to predict drug concentrations and
prevent side effects [14]. Long QT syndrome or short QT syndrome can cause life-threat-
ening ventricular arrhythmias, which may be triggered by certain sports, including swim-
ming. Evidence suggests that Al technology, integrated into mobile applications, can be
used to detect abnormal QT interval prolongation [12].

The BrAID project highlights the capabilities of echo state networks, a type of recur-
rent neural network, in diagnosing type 1 BrS through ECG pattern analysis. Employing
ECGs from diverse patient cohorts, the echo state network model exhibited robust accu-
racy in identifying type 1 BrS, yielding comparable outcomes when analyzing either three
leads (79.21%) or solely the V2 lead (80.20%) [25].

Analyzing over 2000 ECGs from 157 patients, Nakamura et al.’s study [26] demon-
strated the potential of an Al-enabled algorithm, specifically a CNN, in predicting ventric-
ular fibrillation in patients with BrS. The model’s high precision in predicting the presence
of ventricular fibrillation is particularly noteworthy, offering a promising tool for the early
detection and prevention of SCD in patients with BrS [26].

Early detection and management of BrS are crucial in the ECG screening of athletes.
Many cases of BrS remain undiagnosed due to the absence of ECG changes. However, the
study by Melo et al. [27] yielded promising results by employing a deep neural network
model to detect BrS signatures in standard ECGs, eliminating the need for proarrhythmic
drug challenges. This model successfully identifies subtle ECG abnormalities that are of-
ten undetected by physicians [27].

Zanchi et al. [28] provided an interesting perspective in their study that employed an
Al-based ML model to diagnose BrS by analyzing P-wave characteristics in ECGs. The
study’s successful use of Al to identify BrS solely based on P-wave attributes represents a
significant advancement in non-invasive, Al-guided BrS diagnosis [28].

Numerous review articles have cited studies demonstrating the potential of AI-ECG
to recognize non-cardiac variables, such as serum potassium levels, particularly hyper-
kalemia, using CNN/DL [7,12-14,41], as well as age, sex [13,41], and glycemia [12,15]. Fur-
thermore, Kwon et al. [29] developed a DL model that uses ECGs to detect and monitor
electrolyte imbalances, showing high accuracy in both internal and external validations
across various electrolyte conditions, potentially offering a reliable, non-invasive tool for
daily clinical use [29]. Detecting electrolyte imbalances through ECG adds significant
value to sports medicine. It has great potential for monitoring athletes experiencing elec-
trolyte imbalances due to strenuous exercise or the misuse of performance-enhancing sub-
stances. Additionally, it proves useful in identifying reversible causes of long QT and Bru-
gada-like patterns [1], thus avoiding costly and unnecessary further evaluations and en-
suring efficient, accurate diagnoses in sports medicine.

3.1.3. Hypertrophic Cardiomyopathy

In athletes, isolated QRS voltage criteria indicating left ventricular hypertrophy usu-
ally do not signify pathology, as they are rarely associated with HCM. Pathological left
ventricular hypertrophy, on the other hand, often presents with additional ECG abnor-
malities such as T-wave inversion, ST-segment depression, and pathological Q waves.
High QRS voltages alone, without other suggestive modifications, are typically consid-
ered normal adaptations in athletes [1].
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HCM is a congenital heart disease that can be difficult to distinguish from athletic left
ventricular hypertrophy, which results from increased physical activity. AI-ECG was
proven to be a useful method to distinguish HCM from cardiac adaptation [14,21]. DL can
detect this condition and other cardiomyopathies [13]. Studies also demonstrated the util-
ity of the CNN modality, combined DL and ML methods, or modified CNN architectures
in identifying HCM [15]. Recent research indicated that AI-ECG algorithms are more ac-
curate in detecting HCM in young adolescents and adults but less effective in small chil-
dren, due to the complex ECG characteristics present in small children that Al mecha-
nisms do not take into account [30].

The study by Siontis et al. [31] has significant implications for ECG screening in ath-
letes. Diagnosing HCM in this population can be challenging due to their unique cardiac
adaptations. The application of Al, specifically CNN models, to interpret ECGs represents
an innovative approach to enhance screening accuracy. The study demonstrated that the
one-lead, median-beat CNN model achieved a high accuracy level, with an AUC of 0.90,
in detecting HCM, particularly when analyzed through saliency maps. This model can
effectively identify HCM by focusing on specific ECG segments, such as the ST-T segment,
atrial depolarization, and the QRS complex. The main outcome indicates that ventricular
repolarization is the primary region of interest for HCM detection [31].

Adetiba et al. [32] developed an automated model to detect heart defects in athletes
using ECG and ANN. The study included 40 participants, both athletes and non-athletes,
to encompass various heart conditions such as tachyarrhythmia, bradyarrhythmia, and
HCM. The ECG data were pre-processed and analyzed using ANNs, with the Levenberg—
Marquardt algorithm demonstrating superior performance. The study successfully devel-
oped a neural network model achieving an accuracy, sensitivity, and specificity of 90.00%,
91.96%, and 97.06%, respectively [32].

Lyon et al. [33] employed ML to identify four distinct HCM phenotypes using QRS
morphology and T-wave biomarkers from high-fidelity ECGs. Their findings showed var-
iations in HCM risk-SCD scores and left ventricular hypertrophy distributions. Group 1A,
characterized by normal QRS and primary T-wave inversion, displayed the highest risk,
with a combination of septal and apical hypertrophy [33]. This study highlights the po-
tential of ML and the relevance of ECG phenotyping in sports cardiology to detect subtle
cardiac abnormalities in athletes, which is vital for early intervention.

In the comprehensive study by Koo et al. [34], involving a cohort of 3060 patients
diagnosed with HCM and 63,941 control individuals, the authors rigorously tested a
model that demonstrated high effectiveness, with an AUC of 0.96, a sensitivity of 87%,
and a specificity of 91%. The model performed exceptionally well in younger patients,
achieving 95% sensitivity and 92% specificity [34]. Although further refinement and ex-
ternal validation are required, this model, tested on a significantly larger population than
is typical in such studies, shows considerable promise for HCM screening applications.

3.1.4. Valvular Disease

AI-ECG is efficient in detecting valvular diseases from early, asymptomatic stages,
and its effectiveness has been confirmed for the most common types of valvulopathies,
namely, aortic stenosis and mitral regurgitation [41]. Other studies suggested that both
12-lead and single-lead AI-ECG can predict the presence of aortic stenosis or mitral regur-
gitation when these conditions are severe [7]. DL techniques have been tested for identi-
fying valvulopathies with promising results. CNNs have been used to predict the pres-
ence of atrial stenosis using ECG data, such as T-wave abnormalities in V1-V4 [13]. CNNs
have also been employed to detect mitral regurgitation by analyzing the P-wave flattening
pattern and T-wave anomalies in patients with valvulopathy, as well as ORS complex data
in those without mitral regurgitation [13].
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3.2. Role of AI-ECG in Detecting Heart Failure and Arrhythmias

Due to its capability to detect reduced left ventricular ejection fraction and to differ-
entiate between ejection fractions below and above 35%, AI-ECG can be effectively utilized
in the emergency department [7,41]. AI-ECG can identify impairment of left ventricular
systolic function even in the subclinical initial phase, where echocardiogram measure-
ments may not indicate a reduced fraction [14]. Some false-positive results from AI-ECG
were monitored over several years to determine whether the patients developed heart
failure; the findings indicated that the patients were at potential risk of developing cardiac
failure [14].

The theory is that ECG changes in heart failure could be explained by impulse and
conduction alterations, as well as atrial and ventricular remodeling. However, it is crucial
to avoid confounding factors such as arrhythmias, poor electrode contact, paced rhythms,
and incorrect electrode placement [43]. The accuracy of AI-ECG in detecting impaired left
ventricular ejection fraction has been demonstrated in both sinus and AF rhythms [30].
Left ventricular systolic dysfunction can be identified by AI algorithms, even in one-lead
ECG scans [7]. Al algorithms can predict the need for hospital admission due to heart
failure. One of the key advantages of AI-ECG is its ability to detect a low ejection fraction,
identifying new cases of heart failure that might be missed if only an ECG were used
without additional diagnostic tools [12].

Several studies demonstrated that AI-ECG methods surpass doctors from various
specialties in accurately detecting arrhythmias. Martinez-Selles et al. reported a 98% ac-
curacy rate in the detection and classification of arrhythmias [7]. Al has proven effective
in identifying life-threatening arrhythmias, potentially reducing analysis time in emer-
gency rooms and aiding in pinpointing the origin of ventricular ectopic beats [7].

Considering the advancements in AI-ECG technology and its proven accuracy in de-
tecting heart failure, left ventricular dysfunction, and life-threatening arrhythmias, the fu-
ture incorporation of Internet of Things wearables into sports cardiology holds immense
promise. These devices may soon enable us to predict and potentially prevent cardiac ar-
rest during training or matches for athletes. This represents a pinnacle achievement in the
integration of Al within sports medicine and athlete safety.

3.3. Internet of Things Wearables

Internet of things wearables represent a technological evolution, offering continuous
health monitoring and seamless data integration. They provide a convenient method for
monitoring various parameters, commonly used to track heart rate, heart rate variability,
and R-R intervals [37]. These metrics are instrumental in guiding training sessions, evalu-
ating the body’s response to physical activity, assessing cardiovascular capacity for en-
durance training, estimating energy expenditure, and controlling training intensity based
on heart rate to engage specific energy-providing mechanisms. Such monitoring can be
achieved through ANN, support vector regression, or evolutionary neural networks. The
adaptive particle swarm optimization dataset can be utilized to develop training models
for athletes [37].

The Apple Heart Study pioneered digital health research, demonstrating the feasibil-
ity and effectiveness of large-scale, remote health monitoring studies. In a study involving
419,297 participants using a smartwatch app to detect irregular pulses, 0.52% received
notifications for potential atrial fibrillation. Among those notified of an irregular pulse,
the positive predictive value was 0.84 (95% CI, 0.76 to 0.92) for concurrent atrial fibrillation
on the ECG with a subsequent irregular pulse notification. This indicates the potential of
wearable technology for large-scale, remote monitoring of cardiac health [38]. Such tech-
nology could be beneficial in providing real-time data and early detection of cardiac ir-
regularities, thereby enhancing preventive care and optimizing athletic performance.

Several studies highlight the capabilities of Al technologies in wearables, including
the detection of premature atrial and ventricular contractions with an accuracy exceeding
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97% [15]. However, other papers indicate that wearable devices possess limited capabili-
ties in identifying arrhythmias other than AF [15].

An extensive study, which included more than 83,000 participants from two large
UK Biobank sub-studies, highlights the significant association between premature atrial
contractions and ventricular contractions (PVCs) detected in 15-s, single-lead ECGs and
the increased future risk of cardiovascular diseases, including atrial fibrillation and heart
failure [35].

In athletes, multiple PVCs are rare but may indicate underlying heart disease, partic-
ularly when originating from the right ventricular outflow tract with a prolonged QRS.
Evaluation should include Holter monitoring, echocardiography, and stress testing. For
athletes with high arrhythmic risk profiles, further investigation such as cardiac MRI and
electrophysiology studies may be needed. Detraining can be considered in managing ath-
letes with PVCs, as it may help in selected high-risk cases by suggesting a benign nature
of the arrhythmia if the burden decreases during the detraining period. For atrial tach-
yarrhythmias such as sinus tachycardia, SVT, atrial fibrillation, and flutter, assessing for
structural heart disease and potential genetic causes is essential. Ventricular arrhythmias,
including couplets, triplets, and non-sustained ventricular tachycardia, always require
comprehensive investigation due to their link with cardiac pathology and the risk of SCD
[1,44-46].

Therefore, these studies offer a promising perspective for the use of wearable ECG
screening in athletes to detect arrhythmias and assess their response to exercise. However,
they also raise important considerations regarding the potential anxiety and over-investi-
gation that athletes might experience upon discovering arrhythmic abnormalities on their
ECGs.

3.4. eSports Athletes

Cardiovascular health in eSports athletes is a crucial concern, as they may have either
known or hidden heart conditions [47]. The competitive nature of playing against human
opponents typically stimulates the sympathetic nervous system, leading to changes in car-
diovascular function [47,48]. The stress and physiological demands of gaming signifi-
cantly influence ECG patterns in these athletes, often resulting in elevated heart rates and
blood pressure during gaming sessions [40]. Furthermore, research conducted by Rossoni
et al. suggests that eAthletes might face a high risk of developing cardiac arrhythmias and
other cardiovascular conditions due to factors like mental stress, stimulant use, and pro-
longed sitting. Therefore, similar to traditional athletes, eAthletes may benefit from PPE,
including ECG screening, to identify and manage potential heart-related conditions
[47,48].

Current research, although limited, suggests potential cardiovascular risks, including
an increased incidence of arrhythmias and other heart-related issues. This emerging evi-
dence emphasizes the importance of raising awareness and education among healthcare
providers and eSports teams regarding these risks. It also highlights the need to establish
specific health and wellness guidelines and screening protocols to protect the cardiovas-
cular health of eSports athletes. Integrating wearable ECG monitors and other advanced
technologies into eSports training and competition shows considerable promise for im-
proving player performance and health [49].

4. Best Practice Example

The Mayo Clinic serves as a best practice example in applying Al to healthcare, par-
ticularly through its AI-ECG Dashboard [14]. This internal tool enables retrospective anal-
ysis of patient ECGs, offering probabilities for conditions such as LV systolic dysfunction,
silent AF, and HCM, along with Al-predicted age and sex. Integrated into the electronic
medical record, it allows clinicians to quickly access Al analysis results for all available
patient ECGs [14]. Such innovations in AI-ECG technology have significant implications
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for sports cardiology, especially in the pre-participation ECG screening of athletes, where
accurate and rapid assessment is crucial.

In a notable collaboration, Who We Play For joined forces with Amazon web services
to develop an innovative ML tool specifically designed for pediatric SCD risk detection
through ECG screenings [36]. This endeavor began with the digitization and analysis of
ECG traces using a DL algorithm, which initially yielded 78% sensitivity and 90% speci-
ficity. The model’s precision was further enhanced to over 93% accuracy, surpassing the
capabilities of human interpretation, thanks to input from Who We Play For cardiologists
integrated via Amazon Augmented Al [36]. This initiative showcases the use of advanced
technology in preventing SCD by screening young athletes with ECG, offering a cost-ef-
fective and widely applicable method that could save lives.

5. Limitations

This study has several limitations. First, it did not constitute a systematic review en-
compassing all published data on the topic, potentially leading to the omission of im-
portant information. Second, relying on other reviews as data sources implies a depend-
ence on the original authors’ interpretations and analyses, potentially perpetuating biases
and selection errors. Third, the majority of the articles reviewed did not focus exclusively
on athletes, a critical group in sports medicine. This oversight highlights a significant gap
in the literature and underscores the need for further research specifically targeting athlete
populations. Despite these limitations, the review aims to underscore the transformative
potential of Al in sports medicine, particularly in ECG interpretation, and to encourage
the targeted research that could ultimately lead to personalized and precise medical pro-
tocols for athlete care.

6. Conclusions

The application of Al in ECG interpretation aids in distinguishing between physio-
logical adaptations in athletes and pathological conditions, a critical factor in preventing
sudden cardiac events. Nonetheless, employing Al in this field presents several chal-
lenges.

Although Al shows promise in detecting known ECG anomalies, its capability to
identify new or poorly understood cardiac traits necessitates further exploration and ex-
ternal validation.

Another issue pertains to the legal and ethical aspects of the medical profession,
wherein each decision is the responsibility of the doctor, and liability is attributed to the
individual. If Al were the cause of a medical error, it could complicate the determination
of human fault.

Al technologies have demonstrated effectiveness in medicine, and implementing
these methods can offer numerous advantages. We discussed Al's potential to identify
pathological features that might be missed by the human eye or easily overlooked, even
by experienced professionals. Another important aspect is that some pathologies may not
exhibit clinical symptoms at the time of examination, resulting in a lack of abnormal ECG
findings.

This review highlights the transformative potential of Al in sports medicine, partic-
ularly regarding ECG interpretation for athletes. Al technologies, such as ML, DL, and
neural networks, have demonstrated remarkable proficiency in detecting cardiac condi-
tions, including arrhythmias, channelopathies, HCM, and valvular diseases. The integra-
tion of Al into sports cardiology is crucial for two main reasons: it enhances diagnostic
accuracy and deepens our understanding of athletes’ cardiac dynamics. This approach
promises more personalized and effective cardiac health strategies tailored to athletes [17].
The potential extension of Al capabilities to wearable devices opens new avenues for con-
tinuous monitoring and risk assessment in athletes during both training and competition.

The SWOT analysis depicted in Figure 1 emphasizes the profound impact of Al on
sports cardiology, enhancing cardiovascular monitoring and diagnostics for athletes. It
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Enhanced Accuracy

highlights strengths such as improved diagnostic accuracy and real-time data processing
capabilities. However, it also points out significant challenges, including substantial costs,
data privacy concerns, and potential threats like technological dependency and the risk of
data misuse that must be navigated carefully. The opportunities section suggests areas for
growth such as personalized athlete models and cross-disciplinary collaborations, en-
hancing the practical application of Al in sports medicine [50]. This strategic overview
supports the aim of the review, which is to integrate Al in ECG screenings during PPE,
assisting SEM doctors.

Real-Time & Remote Monitoring S

Prevention & Predictive Analytics
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Complexity of Implementation
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Figure 1. Evaluating the Future of Al in Sports Medicine: A SWOT Perspective.

7. Directions

Further research is required to demonstrate the cost-effectiveness of implementing
Al-based ECG interpretation in athletic populations and to confirm the reliability of this
system in the decision-making process.

Al-driven ECG interpretation algorithms stand out from conventional methods due
to their potential for continuous improvement [39]. Once optimized, these models can be
adapted for new uses through transfer learning, thereby expanding their applicability,
particularly in enhancing the efficacy and accuracy of ECG screening in athletes.

Future Al development should focus on creating customized ECG interpretation al-
gorithms for athletes, incorporating age, sex, race, and sport type. Such a personalized
approach will improve the accuracy of detecting cardiac risks, ensuring safer sports par-
ticipation and more effective monitoring of athletes” heart health.
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