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Table S1 Summary of search sources, search terms and strategy
	Search sources, terms and strategy
	Description 

	Searched sources
	PubMed, Embase, CINAHL, Scopus, Web of Science

	Search conduction date
	December 19, 2023

	Publication date
	No limits and restrictions

	Textual content
	Title, abstract and keyword

	
Fundamental keywords to be explored
	(i) Electrocardiogram AND 
(ii) Artificial intelligence AND 
(iii) cardiovascular diseases (type, symptoms, condition) AND
(iv) Device mode (POC, wearable, portable, app)/settings (healthcare, on spot, bed side etc.)

	


Search Terms expanded for basic keywords
	PubMed: Mesh terms, All fields, synonyms and wildcard symbol (*) to retrieve variation of a term

	
	Embase: Emtree terms and synonym, explosion

	
	CINAHL: CINAHL subject headings and as Keyword, Explosion

	
	Scopus: related words and synonyms, and wildcard symbol (*) to retrieve variation of a term

	
	Web of Science: related words and synonyms, and wildcard symbol (*) to retrieve variation of a term



Table S2 Embase Search History (19 Dec 2023)
	#
	Search
	Results

	1
	'electrocardiogram'/exp OR 'cardiogram' OR 'e.c.g.' OR 'ecg' OR 'ecg analysis' OR 'ekg' OR 'electric cardiogram' OR 'electro cardiogram' OR 'isoelectric ecg' OR 'orthogonal ecg' OR 'praecordial ecg' OR 'precordial ecg' OR 'electrocardiogram' OR 'electrocardiography'/exp OR 'electro cardiography' OR 'electromyocardiography' OR 'electrocardiography'
	474,433

	2
	'artificial intelligence'/exp OR 'machine intelligence' OR 'artificial intelligence' OR 'machine learning'/exp OR 'machine learning' OR 'deep learning'/exp OR 'hierarchical learning' OR 'deep learning' OR 'artificial neural network'/exp OR 'algorithmic neural network' OR 'ann (artificial neural network)' OR 'ann analysis' OR 'ann approach' OR 'ann method' OR 'ann methodology' OR 'ann methods' OR 'ann model' OR 'ann modeling' OR 'ann modelling' OR 'ann models' OR 'ann output' OR 'ann technique' OR 'ann techniques' OR 'ann training' OR 'anns (artificial neural networks)' OR 'artificial neural networks' OR 'artificial nn' OR 'artificial nns' OR 'computational neural network' OR 'computer neural network' OR 'computer neural networks' OR 'computerized neural network' OR 'connectionist model' OR 'connectionist network' OR 'connectionist neural network' OR 'connectionist system' OR 'mathematical neural network' OR 'neural network (artificial)' OR 'neural network (computer)' OR 'neural network algorithm' OR 'neural network model' OR 'neural networks (computer)' OR 'neural networks, computer' OR 'artificial neural network' OR 'support vector machine'/exp OR 'support vector' OR 'support vector classification' OR 'support vector classifier' OR 'support vector classifiers' OR 'support vector machines' OR 'support vector network' OR 'support vector regression' OR 'support vectors' OR 'svc (support vector classification)' OR 'svm (support vector machine)' OR 'svr (support vector regression)' OR 'support vector machine' OR 'federated learning'/exp OR 'federated learning' OR 'long short term memory network'/exp OR 'long short term memory (lstm) network' OR 'long short term memory (lstm) neural network' OR 'long short term memory (neural network)' OR 'long short-term memory (lstm) recurrent neural network' OR 'long short-term memory recurrent neural network' OR 'lstm based rnn' OR 'lstm model' OR 'lstm network' OR 'lstm neural network' OR 'lstm recurrent neural network' OR 'lstm technique' OR 'lstm-based deep network' OR 'lstm-nn (long short term memory neural network)' OR 'lstm-rnn' OR 'lstm-rnns' OR 'lstmnn (long short term memory neural network)' OR 'rnn-lstm' OR 'long short term memory network' OR 'random forest'/exp OR 'random decision forest' OR 'random forest algorithm' OR 'random forests' OR 'random forest' OR 'convolutional neural network'/exp OR 'cnn (convolutional neural network)' OR 'cnns (convolutional neural networks)' OR 'convnet' OR 'convoluted neural network' OR 'convolution neural network' OR 'convolutional anns' OR 'convolutional artificial neural network' OR 'convolutional deep neural network' OR 'convolutional nn' OR 'convolutionary neural network' OR 'deep convolutional neural network' OR 'convolutional neural network' OR 'recurrent neural network'/exp OR 'rann (recurrent artificial neural network)' OR 'recurrent ann' OR 'recurrent artificial neural network' OR 'recurrent nn' OR 'recurrent nns' OR 'rnn (recurrent neural network)' OR 'rnns (recurrent neural networks)' OR 'recurrent neural network' OR 'decision tree'/exp OR 'decision trees' OR 'decision tree'
	544,013

	3
	'heart infarction'/exp OR 'cardiac infarct' OR 'cardiac infarction' OR 'cardial infarct' OR 'heart attack' OR 'heart infarct' OR 'heart micro infarction' OR 'heart muscle infarction' OR 'infarction, heart' OR 'myocardial infarct' OR 'myocardial infarction' OR 'myocardium infarct' OR 'myocardium infarction' OR 'premonitory infarction sign' OR 'second heart attack' OR 'subendocardial infarction' OR 'transmural cardiac infarction' OR 'transmural heart infarction' OR 'transmural infarction, heart' OR 'heart infarction' OR 'heart arrhythmia'/exp OR 'arrhythmia' OR 'arrhythmias, cardiac' OR 'arrhytmia, heart' OR 'cardiac arrhythmia' OR 'cardiac arrhythmias' OR 'cardiac arrythmia' OR 'cardiac disrhythmia' OR 'cardiac dysrhythmia' OR 'cardial arrhythmia' OR 'ectopic heart rhythm' OR 'ectopic rhythm' OR 'heart aberrant conduction' OR 'heart arrhytmia' OR 'heart arrythmia' OR 'heart dysrhythmia' OR 'sinus arrhythmia'/exp OR 'arrhythmia, sinus' OR 'sinus arrhythmia' OR 'heart ectopic beat' OR 'heart ectopic ventricle contraction' OR 'heart rhythm disease' OR 'heart rhythm disorder' OR 'heart rhythm problem' OR 'myocardial arrhythmia' OR 'heart arrhythmia' OR 'heart'/exp OR 'cardiac effect' OR 'heart' OR 'heart atrium'/exp OR 'atrium' OR 'atrium cordis' OR 'atrium, heart' OR 'cardiac atrium' OR 'heart atria' OR 'heart atrium' OR 'atrial fibrillation'/exp OR 'atrium fibrillation' OR 'auricular fibrilation' OR 'auricular fibrillation' OR 'cardiac atrial fibrillation' OR 'cardiac atrium fibrillation' OR 'fibrillation, heart atrium' OR 'heart atrial fibrillation' OR 'heart atrium fibrillation' OR 'heart fibrillation atrium' OR 'non-valvular atrial fibrillation' OR 'nonvalvular atrial fibrillation' OR 'atrial fibrillation' OR 'cardiovascular system'/exp OR 'cardiovascular system' OR 'cardiovascular disease'/exp OR 'cardiovascular complication' OR 'cardiovascular diseases' OR 'cardiovascular disorder' OR 'cardiovascular disturbance' OR 'cardiovascular lesion' OR 'cardiovascular syndrome' OR 'complication, cardiovascular' OR 'disease, cardiovascular' OR 'major adverse cardiovascular event' OR 'cardiovascular disease' OR 'ischemic heart disease'/exp OR 'coronary artery insufficiency' OR 'coronary heart disease' OR 'coronary insufficiency' OR 'heart disease, coronary' OR 'heart disease, ischaemic' OR 'heart disease, ischemic' OR 'ischaemia heart disease' OR 'ischaemic cardiac disease' OR 'ischaemic cardial disease' OR 'ischaemic cardiopathy' OR 'ischaemic heart disease' OR 'ischemia heart disease' OR 'ischemic cardiac disease' OR 'ischemic cardial disease' OR 'ischemic cardiopathy' OR 'ischemic heart disease' OR 'heart disease'/exp OR 'cardiac anomaly' OR 'cardiac disease' OR 'cardiac disturbance' OR 'cardiopathy' OR 'heart deficiency' OR 'heart deformity' OR 'heart diseases' OR 'heart disorder' OR 'heart dysfunction' OR 'heart disease' OR 'myocardial disease'/exp OR 'heart muscle disease' OR 'myocardial diseases' OR 'myocardial disease' OR 'heart function'/exp OR 'cardiac function' OR 'function, heart' OR 'heart muscle function' OR 'myocardial function' OR 'myocardium function' OR 'heart function' OR 'tachycardia'/exp OR 'acute tachycardia' OR 'cardiac tachyarrhythmia' OR 'heart hyperfunction' OR 'tachyarrhythmia' OR 'wide complex tachycardia' OR 'tachycardia' OR 'heart ventricle fibrillation'/exp OR 'cardiac ventricle fibrillation' OR 'cardiac ventricular fibrillation' OR 'fibrillation, heart ventricle' OR 'heart ventricular fibrillation' OR 'ventricle fibrillation' OR 'ventricle fibrillation, heart' OR 'ventricular fibrillation' OR 'heart ventricle fibrillation' OR 'heart arrest'/exp OR 'arrest, heart' OR 'asystole' OR 'asystolia' OR 'asystoly' OR 'cardiac arrest' OR 'circulation arrest' OR 'circulatory arrest' OR 'heart arrest, induced' OR 'heart asystole' OR 'heart standstill' OR 'induced heart arrest' OR 'heart arrest' OR 'cardiopulmonary arrest'/exp OR 'cardiopulmonary arrest' OR 'hypertension'/exp OR 'acute hypertension' OR 'arterial hypertension' OR 'blood pressure, high' OR 'cardiovascular hypertension' OR 'controlled hypertension' OR 'endocrine hypertension' OR 'high blood pressure' OR 'high renin hypertension' OR 'htn (hypertension)' OR 'hypertensive disease' OR 'hypertensive effect' OR 'hypertensive response' OR 'neurogenic hypertension' OR 'preexistent hypertension' OR 'salt high blood pressure' OR 'salt hypertension' OR 'secondary hypertension' OR 'systemic hypertension' OR 'hypertension' OR 'heart atrium pressure'/exp OR 'atrial pressure' OR 'atrium pressure' OR 'cardiac atrial pressure' OR 'cardiac atrium pressure' OR 'heart atrial pressure' OR 'heart atrium tension' OR 'pressure, heart atrium' OR 'heart atrium pressure' OR 'arterial pressure'/exp OR 'arterial blood pressure' OR 'artery blood pressure' OR 'artery pressure' OR 'intraarterial blood pressure' OR 'intraarterial pressure' OR 'systemic arterial pressure' OR 'systemic artery pressure' OR 'arterial pressure' OR 'heart atrium flutter'/exp OR 'atrial flutter' OR 'atrium flutter' OR 'atrium flutter, heart' OR 'auricular flutter' OR 'cardiac atrial flutter' OR 'cardiac atrium flutter' OR 'flutter, heart atrium' OR 'heart atrial flutter' OR 'supraventricular flutter' OR 'heart atrium flutter' OR 'heart rate'/exp OR 'cardiac frequency' OR 'cardiac rate' OR 'heart frequency' OR 'rate, heart' OR 'ventricle rate' OR 'heart rate' OR 'heart rhythm'/exp OR 'cardiac rhythm' OR 'heart ventricle rhythm' OR 'intrinsic heart rate' OR 'rhythm, heart' OR 'heart rhythm' OR 'bradycardia'/exp OR 'brachycardia' OR 'bradyarrhythmia' OR 'bradycardy' OR 'bradykardia' OR 'heart rate, low' OR 'hypoarrhythmia' OR 'vagal bradycardia' OR 'bradycardia'
	7,229,258

	4
	'point of care testing'/exp OR 'bed-side testing' OR 'bedside testing' OR 'poct (point-of-care testing)' OR 'point-of-care testing' OR 'point of care testing' OR 'point of care system'/exp OR 'point-of-care information system' OR 'point-of-care systems' OR 'point of care system' OR 'self care'/exp OR 'self treatment' OR 'selfcare' OR 'selftreatment' OR 'self care' OR 'primary health care'/exp OR 'first line care' OR 'health care, primary' OR 'primary care nursing' OR 'primary healthcare' OR 'primary nursing care' OR 'primary health care' OR 'health care delivery'/exp OR 'delivery of health care' OR 'delivery of healthcare' OR 'health care supply' OR 'healthcare delivery' OR 'healthcare supply' OR 'provider-sponsored organisations' OR 'provider-sponsored organizations' OR 'service delivery' OR 'health care delivery' OR 'patient monitoring'/exp OR 'patient surveillance' OR 'patient monitoring' OR 'smartphone'/exp OR 'smart phone' OR 'smartphones' OR 'smartphone' OR 'mobile phone'/exp OR 'cell phone' OR 'cell phones' OR 'cellphone' OR 'cellphones' OR 'cellular phone' OR 'cellular telephone' OR 'mobile telephone' OR 'mobile phone' OR 'smartwatch'/exp OR 'smartwatch' OR 'mobile application'/exp OR 'mobile app' OR 'mobile applications' OR 'mobile apps' OR 'portable software app' OR 'portable software application' OR 'portable software applications' OR 'portable software apps' OR 'tablet application' OR 'mobile application' OR 'wearable device'/exp OR 'wearable apparatus' OR 'wearable equipment' OR 'wearables' OR 'wearable device' OR 'holter monitoring'/exp OR 'holter technique' OR 'holter monitoring' OR 'holter monitor'/exp OR 'biomedical technology assessment'/exp OR 'health technology assessment' OR 'technology assessment, biomedical' OR 'biomedical technology assessment' OR 'telemedicine'/exp OR 'tele medicine' OR 'virtual medicine' OR 'telemedicine' OR 'digital health'/exp OR 'digital health' OR 'digital health technology'/exp OR 'digital health technology' OR 'ambulatory care'/exp OR 'ambulatory care center' OR 'ambulatory service' OR 'dispensary care' OR 'extramural care' OR 'office visits' OR 'ambulatory care' OR 'ambulatory care clinic' OR 'ambulatory care department' OR 'ambulatory care facilities' OR 'ambulatory care unit' OR 'lead'/exp OR 'lead' OR 'emergency health service'/exp OR 'emergency center' OR 'emergency centre' OR 'emergency health care service' OR 'emergency healthcare service' OR 'emergency medical service' OR 'emergency medical service communication systems' OR 'emergency medical services' OR 'emergency service' OR 'health service, emergency' OR 'emergency health service' OR 'paramedical personnel'/exp OR 'paramedic' OR 'paramedics' OR 'electrode'/exp OR 'electrode' OR 'hospital'/exp OR 'clinic' OR 'emergency hospital' OR 'hospital'
	14,757,588

	5
	#1 AND #2 AND #3 AND #4
	4,927

	6
	#1 AND #2 AND #3 AND #4 AND [english]/lim
	4,863

	7
	#6 AND ('article'/it OR 'article in press'/it OR 'conference paper'/it)
	3,034



Table S3 PubMed Search History (19 Dec 2023)
	#
	Search
	Result

	1
	"electrocardiographies"[All Fields] OR "electrocardiography"[MeSH Terms] OR "electrocardiography"[All Fields] OR "ecg"[All Fields] OR "e.c.g." [All Fields] OR "ekg"[All Fields] OR "cardiogram"[All Fields] OR "cardiograms"[All Fields] OR "ecg analysis"[All Fields] OR "electric cardiogram"[All Fields] OR "electro cardiogram"[All Fields] OR "orthogonal ecg"[All Fields] OR "praecordial ecg"[All Fields] OR "precordial ecg"[All Fields] OR "electrocardiogram"[All Fields] OR "electrocardiograms"[All Fields]
	272,965

	2
	"artificial intelligence"[MeSH Terms] OR "artificial intelligence"[All Fields] OR "machine intelligence"[All Fields] OR "machine learning"[MeSH Terms] OR "machine learning"[All Fields] OR "deep learning"[MeSH Terms] OR "deep learning"[All Fields] OR "hierarchical learning"[All Fields] OR "neural networks, computer"[MeSH Terms] OR "computer neural network*"[All Fields] OR "neural network*"[All Fields] OR "support vector machine"[MeSH Terms] OR "support vector machine*"[All Fields] OR "support vector*"[All Fields] OR "support vector classif*"[All Fields] OR "support vector network*"[All Fields] OR "support vector regression*"[All Fields] OR "SVM (support vector machine)"[All Fields] OR "SVR (support vector regression)" [All Fields] OR "federated learning"[All Fields] OR "Privacy preserving"[All Fields] OR "Long short term memory"[All Fields] OR "LSTM"[All Fields] OR "random forest"[MeSH Terms] OR "random forest"[All Fields] OR "Convolution neural network"[All Fields] OR "recurrent neural network"[All Fields] OR "decision trees"[MeSH Terms] OR "decision tree"[All Fields]
	367,624

	3
	"chest pain"[MeSH Terms] OR "chest pain"[All Fields] OR "myocardial infarction"[MeSH Terms] OR "myocardial infarction"[All Fields] OR "arrhythmias, cardiac"[MeSH Terms] OR "arrhythmia*"[All Fields] OR "dysrhythmia*"[All Fields] OR "arrhythmia, sinus"[MeSH Terms] OR "sinus arrhythmia"[All Fields] OR "heart"[MeSH Terms] OR "heart"[All Fields] OR "cardiac*"[All Fields] OR "heart atria"[MeSH Terms] OR "heart atria"[All Fields] OR "cardiac atrium"[All Fields] OR "atrial fibrillation"[MeSH Terms] OR "atrial fibrillation"[All Fields] OR "cardiovascular system"[MeSH Terms] OR "cardiovascular system*"[All Fields] OR "cardiovascular*"[All Fields] OR "cardiovascular diseases"[MeSH Terms] OR "cardiovascular disease*"[All Fields] OR "coronaries"[All Fields] OR "coronary"[All Fields] OR "coronary artery disease"[MeSH Terms] OR "coronary artery disease"[All Fields] OR "myocardial ischemia"[MeSH Terms] OR "myocardial ischemia"[All Fields] OR "myocardial ischaemia"[All Fields] OR "ischaemic heart disease"[All Fields] OR "ischemic heart disease"[All Fields] OR "myocardium"[MeSH Terms] OR "myocardium"[All Fields] OR "myocardia"[All Fields] OR "heart diseases"[MeSH Terms] OR "heart"[All Fields] OR "heart diseases"[All Fields] OR "cardiopathies"[All Fields] OR "cardiopathy"[All Fields] OR "tachycardia"[MeSH Terms] OR "tachycardia*"[All Fields] OR "ventricular fibrillation"[MeSH Terms] OR "ventricular fibrillation"[All Fields] OR "heart arrest"[MeSH Terms] OR "heart arrest"[All Fields] OR "heart failure"[MeSH Terms] OR "heart failure"[All Fields] OR "cardiac arrest"[All Fields] OR "cardiopulmonary arrest"[All Fields] OR "hypertension"[MeSH Terms] OR "hypertension"[All Fields] OR "blood pressure"[MeSH Terms] OR "blood pressure"[All Fields] OR "blood pressure determination"[MeSH Terms] OR "blood pressure determination"[All fields] OR "blood pressure monitors"[MeSH Terms] OR "blood pressure monitor*"[All Fields] OR "arterial pressure"[MeSH Terms] OR "arterial pressure"[All fields] OR "normotensive"[All Fields] OR "atrial flutter"[MeSH Terms] OR "atrial flutter"[All Fields] OR "auricular fibrillation"[All Fields] OR "heart rate"[MeSH Terms] OR "heart rate"[All Fields] OR "tachyarrhythmia*"[All Fields] OR "cardiac disease*"[All Fields] OR "cardiac complexes, premature"[MeSH Terms] OR "ectopic rhythm"[All Fields] OR "bradycardia"[MeSH Terms] OR "bradycardia*"[All Fields]
	5,426,169

	4
	"point of care systems"[MeSH Terms] OR "point of care systems"[All Fields] OR "point of care"[All Fields] OR "POC"[All Fields] OR "POCT"[All Fields] OR "lead"[MeSH Terms] OR "lead"[All Fields] OR "12-lead"[All Fields] OR "12-channel"[All Fields] OR "electrodes"[MeSH Terms] OR "electrodes"[All Fields] OR "bedside test*"[All Fields] OR "self care"[MeSH Terms] OR "self care"[All Fields] OR "primary health care"[MeSH Terms] OR "primary health care"[All Fields] OR "primary care"[All Fields] OR "primary nursing"[MeSH Terms] OR "primary care nursing"[All Fields] OR "primary care nursing"[MeSH Terms] OR "first line care"[All Fields] OR "delivery of health care"[MeSH Terms] OR "delivery of health care"[All Fields] OR "healthcare"[All Fields] OR "patient monitor*"[All Fields] OR "patient surveillance"[All Fields] OR "smartphone"[MeSH Terms] OR "smartphone*"[All Fields] OR "cell phone"[MeSH Terms] OR "mobile phone"[All Fields] OR "smartwatch*"[All Fields] OR "mobile applications"[MeSH Terms] OR "mobile applications"[All Fields] OR "mobile app"[All Fields] OR "wearable*"[All Fields] OR "holter monitor*"[All Fields] OR "biomedical technology"[MeSH Terms] OR "biomedical technology"[All Fields] OR "health technology"[All Fields] OR "telemedicine"[MeSH Terms] OR "telemedicine"[All Fields] OR "virtual medicine"[All Fields] OR "digital health"[All Fields] OR "ambulatory care facilities"[MeSH Terms] OR "ambulatory care facilit*"[All Fields] OR "clinic*"[All Fields] OR "paramedics"[MeSH Terms] OR "paramedic*"[All Fields] OR "emergency medical technicians"[MeSH Terms] OR "emergency medical techn*"[All Fields] OR "hospitalization"[MeSH Terms] OR "hospitalization"[All Fields] OR "hospitalisation"[All Fields] OR "hospitals"[MeSH Terms] OR "hospitals"[All Fields]
	10,313,254

	5
	1 AND 2 AND 3 AND 4
	2,530

	6
	5 NOT (Review [Publication type]) NOT (Systematic Review [Publication type]) 
	2,278

	7
	6 Filters: English
	2,229



Table S4 CINAHL Search History (19 Dec 2023)
	#
	Search
	Result

	1
	(MH "Electrocardiography") OR "Electrocardiography" OR "ECG" OR "EKG" OR "electrocardiogram"
	59,178

	2
	(MH "Artificial Intelligence") OR "artificial intelligence" OR "'machine intelligence" OR (MH "Machine Learning") OR "machine learning" OR (MH "Deep Learning") OR "deep learning" OR "hierarchical learning" OR (MH "Neural Networks (Computer)") OR "neural network" OR (MH "Support Vector Machine") OR "support vector" OR "federated learning" OR "long short term memory" OR (MH "Random Forest") OR "random forest" OR (MH "Decision Trees") OR "decision tree"
	42,496

	3
	(MH "Chest Pain") OR "chest pain" OR (MH "Myocardium") OR "myocardium" OR (MH "Myocardial Contraction") OR "Myocardial Contraction" OR (MH "Ventricular Pressure") OR "Ventricular Pressure" OR (MH "Myocardial Infarction") OR "Myocardial Infarction" OR (MH "Myocardial Diseases") OR "Myocardial Diseases" OR (MH "Heart") OR "Heart") OR (MH "Acute Coronary Syndrome") OR "Acute Coronary Syndrome" OR "heart infarction" OR "cardiac infarction" OR (MH "Arrhythmia") OR "arrhythmia" OR (MH "Arrhythmia, Sinus") OR (MH "Arrhythmia, Atrial") OR (MH "Arrhythmia, Ventricular") OR "dysrhythmia" OR (MH "Atrial Fibrillation") OR "Atrial Fibrillation" OR (MH "Ventricular Fibrillation") OR "Ventricular Fibrillation" OR (MH "Heart Atrium") OR "Heart Atrium" OR (MH "Heart Atrium, Left") OR "Heart Atrium, Left" OR (MH "Heart Atrium, Right") OR "Heart Atrium, Right" OR "atrium fibrillation" OR (MH "Atrial Flutter") OR "atrial flutter" OR (MH "Cardiovascular Diseases") OR "Cardiovascular Diseases" OR (MH "Cardiovascular Abnormalities") OR "Cardiovascular Abnormalities" OR "cardiovascular" OR (MH "Cardiovascular System") OR "Cardiovascular System" OR (MH "Diagnosis, Cardiovascular") OR "Diagnosis, Cardiovascular" OR (MH "Cardiovascular Risk Factors") OR "Cardiovascular Risk Factors" OR (MH "Coronary Disease") OR "Coronary Disease" OR (MH "Acute Coronary Syndrome") OR "Acute Coronary Syndrome" OR "coronary" OR (MH "Myocardial Ischemia") OR "Myocardial Ischemia" OR "myocardial ischemia" OR (MH "Heart Diseases") OR "Heart Diseases" OR (MH "Pulmonary Heart Disease") OR "Pulmonary Heart Disease" OR "heart disease" OR (MH "Tachycardia") OR "tachycardia" OR (MH "Tachycardia, Ventricular") OR (MH "Tachycardia, Supraventricular") OR (MH "Tachycardia, Atrial") OR (MH "Tachycardia, Sinus") OR (MH "Heart Arrest") OR "heart arrest" OR (MH "Heart Failure") OR "Heart Failure" OR (MH "Heart Rate Variability") OR "Heart Rate Variability" OR (MH "Hypertension") OR "hypertension" OR (MH "Pulmonary Arterial Hypertension") OR "Pulmonary Arterial Hypertension" OR (MH "Blood Pressure") OR "blood pressure" OR (MH "Arterial Pressure") OR "arterial pressure" OR (MH "Ventricular Pressure") OR "Ventricular Pressure" OR (MH "Heart Rate") OR "heart rate" OR (MH "Heart Rate Variability") OR "Heart Rate Variability" OR (MH "Heart Rate, Fetal") OR "Heart Rate, Fetal" OR (MH "Bradycardia") OR "bradycardia"
	750,381

	4
	(MH "Point-of-Care Testing") OR "point of care" OR "POCT" OR "bedside test" OR (MH "Self Care") OR "self care" OR (MH "Self-Diagnosis") OR (MH "Self Assessment") OR "Self Assessment" OR "self diagnosis" OR (MH "Primary Health Care") OR "primary health care" OR (MH "Health Care Delivery") OR "health care delivery" OR (MH "Health Care Delivery, Integrated") OR (MH "Smartphone") OR "smartphone" OR (MH "Cellular Phone") OR "Cellular Phone" OR (MH "Mobile Applications") OR "Mobile Applications" OR (MH "Portable Equipment") OR "portable" OR (MH "Wearable Sensors") OR (MH "Smart Glasses") OR "wearable" OR "holter monitor" OR (MH "Digital Health") OR "digital health" OR (MH "Digital Technology") OR "Digital Technology" OR (MH "Telemedicine") OR "telemedicine" OR (MH "Telehealth") OR "telehealth" OR (MH "Lead") OR "lead" OR (MH "Electrodes") OR "electrodes" OR (MH "Ambulatory Care Facilities") OR "ambulatory care facilities" OR (MH "Ambulatory Care") OR (MH "Paramedics") OR "paramedics" OR (MH "Emergency Medical Technicians") OR "emergency medical technicians" OR (MH "Hospitals") OR "hospitals" OR (MH "Hospitalization") OR "hospitalization"
	784,482

	5
	1 AND 2 AND 3 AND 4
	121

	6
	5 NOT "Systematic Review" NOT Review
	109

	7
	6 Narrow by Language: - english
	109



Table S5 Scopus Search History (19 Dec 2023)
	#
	Search
	Result

	1
	TITLE-ABS-KEY ( ( electrocardiograph* OR ecg OR ekg OR cardiogram* OR "Electric cardiogram*" OR electrocardiogram* OR electromyocardiograph* ) AND ( "artificial intelligence" OR "machine intelligence" OR "machine learning" OR "deep learning" OR "hierarchical learning" OR "neural network*" OR "support vector machine*" OR "support vector classif*" OR "Support vector regression" OR "SVM (support vector machine)" OR "SVR (support vector regression)" OR "federated learning" OR "privacy preserving" OR "Long short term memory" OR "LSTM" OR "random forest" OR "decision tree" OR "decision forest" OR "Convolution neural network*" OR "recurrent neural network*" ) AND ( "chest pain" OR myocardi* OR infarct* OR arrhythmia* OR dysrhythmia* OR heart OR atria* OR "atria* flutter" OR atrium OR "atrium flutter" OR "atria* fibrillation" OR "ventric* fibrillation" OR "supraventric* flutter" OR cardiac OR cardiovascular OR coronar* OR arter* OR cardio* OR "myocardial ischemia*" OR "ventricular fibrillation*" OR tachycardia* OR "blood pressure" OR hypertens* OR "auricular fibrillation" OR "tachyarryhtmia*" OR "ectopic rhythm*" OR "bradycardia*" OR "sinus atria*" OR "heart frequency" OR "ectopic beat*" OR "ventric* contraction" OR "valv*" ) AND ( "Point of care" OR poc OR poct OR "bedside test*" OR "self care" OR "health care" OR "primary care" OR "primary nursing" OR "first line care" OR "patient monitor*" OR "patient surveillance" OR "smartphone*" OR "Cell phone*" OR "Mobile app*" OR "wearable*" OR "smartwatch*" OR "holter monitor*" OR "biomedical tech*" OR "health tech*" OR "digital health" OR "telemedicine*" OR "telehealth" OR "virtual medicine*" OR lead* OR 12-lead OR 12-channel OR electrod* OR "ambulatory care facility" * OR "ambulatory care*" OR "ambulatory service*" OR paramedic* OR emergenc* OR clinic* OR hospital* ) )
	2,136

	2
	1 AND ( LIMIT-TO ( DOCTYPE , "ar" ) OR LIMIT-TO ( DOCTYPE , "cp" ) )
	1,793

	3
	2 AND ( LIMIT-TO ( LANGUAGE , "English" ) )
	1,764



Table S6 Web of Science Search History (19 Dec 2023)
	#
	Search
	Result

	1
	TS=((Electrocardiograph* OR ECG OR EKG OR cardiogram* OR “Electric cardiogram*” OR electrocardiogram* OR Electromyocardiograph*))
	155,076

	2
	TS=((“artificial intelligence” OR “machine intelligence” OR “machine learning” OR “deep learning” OR “hierarchical learning” OR “neural network*” OR “support vector machine*” OR “support vector classif*” OR “Support vector regression” OR “SVM (support vector machine)” OR “SVR (support vector regression)” OR “federated learning” OR “privacy preserving” OR “Long short term memory” OR “LSTM” OR “random forest” OR “decision tree” OR “decision forest” OR “Convolution neural network*” OR “recurrent neural network*”))
	1,245,376

	3
	TS=((“chest pain” OR myocardi* OR infarct* OR Arrhythmia* OR dysrhythmia* OR heart OR atria* OR “atria* flutter” OR atrium OR “atrium flutter” OR “atria* fibrillation” OR “ventric* fibrillation” OR “supraventric* flutter” OR cardiac OR cardiovascular OR coronar* OR arter* OR cardio* OR “myocardial ischemia*” OR “ventricular fibrillation*” OR tachycardia* OR “blood pressure” OR hypertens* OR “auricular fibrillation” OR “tachyarryhtmia*” OR “ectopic rhythm*” OR “bradycardia*” OR “sinus atria*” OR “heart frequency” OR “ectopic beat*” OR “ventric* contraction” OR “valv*”) )
	
4,288,345

	4
	TS=((“Point of care” OR POC OR POCT OR “bedside test*” OR “self care” OR “health care” OR “primary care” OR “primary nursing” OR “first line care” OR “patient monitor*” OR “patient surveillance” OR “smartphone*” OR “Cell phone*” OR “Mobile app*” OR “wearable*” OR “smartwatch*” OR “holter monitor*” OR “biomedical tech*” OR “health tech*” OR “digital health” OR “telemedicine*” OR “telehealth” OR “virtual medicine*” OR lead* OR 12-lead OR 12-channel OR electrod* OR “ambulatory care facility”* OR “ambulatory care*” OR “ambulatory service*” OR paramedic* OR emergenc* OR clinic* OR hospital*) )
	11,677,548

	5
	1 AND 2 AND 3 AND 4
	4,010

	6
	5 AND Article OR Proceeding Paper OR Early Access (Document Types)
	3,744

	7
	6 AND English (Languages)
	3,713





Table S7 Summary of study inclusion and exclusion criteria
	Criteria 
	Inclusion
	Exclusion

	
	
	Title and abstract screening stage
	Full text review stage

	
Publication Type
	Peer-reviewed original journal article (published and in press)

	Conference abstract, commentaries, letter, erratum, book, chapter, editorial, review, systematic review, retracted studies, technical notes, conference article.
	

	Content
	1. Studies that applied AI methods to data from gold standard 12-lead ECG —where the leads were either used individually or in various combinations—for detecting CVDs.


	1.  Studies that have not applied any AI methods to data from gold standard 12-lead ECG—where the leads were used individually or in various combinations—for detecting CVDs.
2. Studies applying AI methods to data other than gold-standard 12-lead ECG—where leads were used individually or in combinations—or to data from wearables and portable devices for CVD detection.
3. Directly irrelevant studies.
4. Full-text irretrievable
	Studies applying AI methods to data other than gold-standard 12-lead ECG—where leads were used individually or in combinations—or to data from wearables and portable devices for CVD detection.

	Language
	English publications
	Non-English publications
	


*AI refers to artificial intelligence, CVD refers to cardiovascular disease






Table S8 Summary of the number of studies and study references detecting different cardiovascular diseases sorted in category and subcategory. 
	Cardiovascular diseases category
	Cardiovascular diseases subcategory
	Study references
	Total study (according to subcategory)
	Total study (according to category)

	Coronary artery disease
	NA
	[1-10]
	NA
	10

	Cardiomyopathies
	Cardiomyopathy
	[11-16]
	6
	20

	
	Dilated cardiomyopathy
	[17-20]
	4
	

	
	Hypertrophic Cardiomyopathy
	[12, 17, 18, 20-24]
	8
	

	
	Left atrial myopathy
	[25]
	1
	

	
	Ischemic/nonischemic cardiomyopathy
	[26]
	1
	

	
	Peripartum cardiomyopathy
	[27]
	1
	

	
	Takatsubo syndrome 
	[28]
	1
	

	
	Restrictive Cardiomyopathy 
	[29, 30]
	2
	

	Arrhythmias

	Arrhythmia/ dysrhythmia
	[11, 15, 16, 31-34]
	7
	147

	
	Atrial Fibrillation 
	[14, 31, 35-137]
	105
	

	
	Atrial Flutter
	[35-37, 50, 52, 54, 57, 59, 62, 63, 65, 70, 72, 92, 97, 99, 102, 107, 109, 118, 122, 124, 127, 132, 135, 137-140]
	29
	

	
	Premature Atrial Contractions
	[14, 31, 37-40, 49, 50, 54, 55, 61, 63-65, 67, 69, 70, 73-75, 92-96, 98-101, 104-106, 108, 110-117, 120-123, 126, 128-130, 132-136, 141-150]
	64
	

	
	Supraventricular Tachycardia
	[35-37, 41, 52, 57, 59, 63, 72, 92, 97-99, 107, 109, 118, 122, 138, 151-157]
	25
	

	
	Atrial Tachycardia
	[31, 36, 37, 52, 57, 63, 65, 68, 97, 107, 109, 118, 128, 132, 138, 139, 147, 158, 159]
	19
	

	
	Ventricular Fibrillation 
	[137, 157, 160-164]
	7
	

	
	Ventricular Tachycardia 
	[165-167]
	3
	

	
	Premature Ventricular Contractions
	[14, 31, 37-40, 49, 50, 54, 55, 61, 63-65, 67-70, 73-75, 92-96, 98-101, 104-106, 108, 110-117, 120-124, 126, 128-130, 132-136, 141-150, 168-173]
	72
	

	
	Sinus Arrhythmia (Brady/Tachy)
	[31, 35, 36, 41, 45, 50, 52, 57, 59, 63, 65, 66, 70, 75, 92, 97-99, 101, 103, 107, 109, 118, 122, 124, 126-128, 132, 138, 146, 148, 158, 161-163]
	36
	

	Acute Coronary Syndromes
	Acute coronary syndrome
	[174, 175]
	2
	139

	
	Myocardial infarction (MI)
	[1, 2, 5, 11, 12, 14-18, 20, 34, 41, 45, 54, 63, 70, 91, 98, 115, 129-132, 135, 137, 143, 146, 148, 150, 170, 176-224]
	80
	

	
	ST-Elevation MI
	[176, 225-234]
	11
	

	
	Non-ST-Elevation MI 
	[225, 231]
	2
	

	
	Angina
	[225]
	1
	

	
	Endocardial MI
	[235, 236]
	2
	

	
	Anterior (lateral, septal) MI
	[14, 28, 63, 68, 178, 207, 235-275]
	47
	

	
	Inferior (lateral, posterior) MI
	[14, 63, 68, 178, 207, 235, 236, 238-255, 257, 258, 260-279]
	47
	

	
	Lateral MI
	[14, 63, 235, 236, 238, 240, 241, 244-248, 250, 252-255, 260-262, 267, 273]
	22
	

	
	Posterior MI
	[14, 63, 235, 236, 238, 240, 241, 245, 247, 248, 250, 254, 255, 260-262, 264, 267, 273]
	19
	

	
	Posterior lateral MI
	[14, 63, 68, 238, 240, 241, 243, 247, 250, 254, 255, 260-262, 264, 267, 273]
	17
	

	Heart failure (reduced or preserved ejection fraction)
	NA
	[1, 2, 12, 13, 34, 280-294] 
	NA
	20

	Cardiac flatline, arrest
	NA
	[161-163, 295, 296]
	NA
	5

	Hypertrophy (ventricular, atrial, septal)

	NA
	[14, 16, 29, 31, 34, 41, 63, 65, 70, 75, 91, 98, 115, 128-130, 132, 137, 146, 150, 181, 190, 194, 217, 218, 220, 221, 244-246, 248, 297-302]
	NA
	37

	Conduction disorders 
	Conduction disorder
	[41, 70, 98, 115, 129, 130, 150, 170, 181, 190, 194, 218, 220, 221]
	14
	93

	
	Heart block (fascicular, atrioventricular, sinoatrial block)
	[14, 31, 37-40, 50, 54, 55, 61, 65-70, 72-75, 92-96, 98-101, 104, 106, 108, 110-117, 119, 120, 122-126, 128-130, 132-136, 146, 147, 217, 244-246, 248]
	62
	

	
	bundle branch block (Left, Right, Double)
	[11, 12, 14-17, 26, 31, 34, 37-40, 44, 50, 54, 55, 61, 66, 67, 69, 70, 73-75, 91, 93-96, 98-101, 104-106, 108, 110-117, 119, 120, 123, 125, 126, 128-130, 133-136, 141, 143-147, 150, 157, 177, 185, 217, 244-246, 248, 297, 303, 304]
	76
	

	
	Brugada syndrome
	[132, 305, 306]
	3
	

	Heart Muscle defect (pericarditis/myocarditis)
	NA
	[12, 16, 177, 185, 227]
	NA
	5

	Heart valve diseases


	Valvular heart disease
	[12, 16, 17, 34]
	4
	21

	
	Aortic stenosis
	[307, 308]
	2
	

	
	Aortic regurgitation
	[309]
	1
	

	
	Mitral valve prolapse
	[310, 311]
	2
	

	
	Mitral regurgitation
	[308, 312]
	2
	

	
	Atrial septal defect
	[313-315]
	3
	

	
	Wolff-Parkinson-White syndrome
	[217, 244-246, 248, 316]
	6
	




Table S9 Rational of using various lead configurations with lead description and study references
	No. of leads
	Leads
	Study references
	Rationales of use (detail)

	1-lead
	Each of conventional 12-lead location
	[22, 118, 123, 229, 292]
	Performance evaluation

	
	Lead II of 12 lead ECG
Limb leads location
	[1, 2, 4, 5, 8, 18, 60, 61, 64, 88, 89, 103, 124, 149, 163, 184, 196, 203, 213, 247, 250, 284, 295]
	1. Leads I and II are commonly used due to their ease of acquisition and their preference among cardiologists for quick evaluations. These leads effectively represent sufficient information for the six limb leads, as supported by certain principles and equations. Additionally, most wearable devices are designed to utilize limb locations for lead placement [317]
2. They can be easily recorded using wearable devices, adhesive pads, and other everyday devices that maintain contact with the extremities [318]

	
	Lead I of 12 lead ECG
Limb leads location
	[3, 64, 115, 215, 286, 295]
	

	
	V3 or V5 
	[241]
	

	2-lead
	Lead II Chest location of ambulatory ECG and V1/V2/V3/V4/V5/V6
	[47-50, 53, 85, 141-145, 162, 168, 285]
	Surgical dressings and anatomical variations often prevent the use of consistent electrode placement across all patient cases [319]

	
	Lead I and II of 12 lead ECG
Limb leads
	[22, 167]
	Most of the wearable uses limb locations [317]

	
	Lead II and aVR
	[110, 121]
	

	3-lead
	Lead II, III and aVF of 12 lead ECG
Limb leads
	[276, 278]
	IMIs primarily originate from the right coronary artery, left circumflex artery, and anterior descending artery. The leads corresponding to these blood vessels provide more targeted and directional detection of IMIs. [276]

	
	Lead I, II and V1
	[37]
	1. Leads I and II are commonly used due to their ease of acquisition and their preference among cardiologists for quick evaluations. These leads effectively represent sufficient information for the six limb leads, as supported by certain principles and equations. Additionally, most wearable devices are designed to utilize limb locations for lead placement [317]
2. the combination of three leads I, II, and V1 resemble an orthogonal set of leads, which can constitute all ECG leads by a good linear approximation [320, 321]

	
	leads V1, V4 and III from the standard 12-lead ECG
	[191]
	This ECG lead subset resulted to be optimal for the diagnosis of MI among all the 3-lead subsets derived from the standard 12-lead ECG [322]

	4-lead
	Chest leads V1-V4
	[235]
	Represent the affected anterior wall and septum where anteroseptal MI (AMI) arise

	6-lead
	Lead I, II, III, aVL, aVR, aVF Limb leads of ECG
	[176, 277, 293, 295]
	1. They can be easily recorded using wearable devices, adhesive pads, and other everyday devices that maintain contact with the extremities [318]
2. IMIs primarily originate from the right coronary artery, left circumflex artery, and anterior descending artery. The leads corresponding to these blood vessels provide more targeted and directional detection of IMIs [276]

	8-lead
	Limb leads (Lead I and II) and chest leads (V1-V6)
	[22, 31, 75, 128, 231, 308, 314]
	1. These are independent leads [22]
2. Data from leads III,
aVF, aVL, and aVR was considered to provide no additional information since these leads can be derived from linear operations on the vectors of other leads [323]
4. Other leads can be derived from these 8 lead

	9-lead
	Lead I, II, III, aVL, aVR, aVF ,V1, V3, V5
	[65]
	1. Due to the limited acquisition area of the chest in paediatric
patients, signals were absent in leads V2, V4, and V6 for many participants, resulting in only the signal from the first nine leads being included in this
investigation.

	12-lead
	
	[9, 12-17, 19-21, 23-30, 32, 34-36, 38-46, 49-52, 54-57, 59, 62, 63, 66-74, 76, 77, 79-84, 86, 87, 90-102, 104-109, 111-114, 116, 117, 119, 120, 122, 123, 125-127, 129-131, 135-140, 142-148, 150-161, 164-166, 168-175, 177-183, 185-190, 193, 194, 197-202, 204, 205, 207-212, 214, 217-220, 223, 224, 226-228, 230, 232-234, 236-240, 242-246, 248, 249, 251-265, 267, 268, 270-275, 279-281, 285, 287-293, 295, 297, 298, 300-307, 309-313, 315, 316][6, 7, 10, 33, 58, 132-134, 221, 222, 282, 283, 294, 296]
	Traditional setting, increasing detection accuracy, provide comprehensive pattern




Table S10 Summary of rational of using various lead configuration (summarised from Table 9)
	Rationale of use (summarised from Table A2)
	Leads

	Cardiologist preference
	Lead I, II, V1

	Wearable device compatibility
	Lead I, II, III, aVL, aVR, aVF

	Surgical dressing restriction, AMI detection suitability
	Ambulatory, V1-V6

	IMI detection suitability
	Lead I, II, III, aVL, aVR, aVF

	Independent leads
	Lead I, II, V1-V6

	Derived from linear operation
	Lead III, aVL, aVR, aVF

	Provide complex morphological pattern
	Whole 15 lead

	Traditional setting, increasing detection accuracy and provide comprehensive pattern
	All 12 lead







References 
[1]	V. Jahmunah, E. Y. K. Ng, T. R. San, and U. R. Acharya, "Automated detection of coronary artery disease, myocardial infarction and congestive heart failure using GaborCNN model with ECG signals," Comput Biol Med, vol. 134, p. 104457, Jul 2021, doi: 10.1016/j.compbiomed.2021.104457.
[2]	O. S. Lih et al., "Comprehensive electrocardiographic diagnosis based on deep learning," Artif Intell Med, vol. 103, p. 101789, Mar 2020, doi: 10.1016/j.artmed.2019.101789.
[3]	L. Yao et al., "Enhanced Automated Diagnosis of Coronary Artery Disease Using Features Extracted From QT Interval Time Series and ST–T Waveform," IEEE Access, vol. 8, pp. 129510-129524, 2020, doi: 10.1109/access.2020.3008965.
[4]	F. Azuaje et al., "Predicting coronary disease risk based on short-term RR interval measurements: A neural network approach," Artificial Intelligence in Medicine, vol. 15, no. 3, pp. 275-297 %@ 0933-3657, 1999.
[5]	R. Kumar, Y. Aggarwal, and V. Kumar Nigam, "Heart rate dynamics in the prediction of coronary artery disease and myocardial infarction using artificial neural network and support vector machine," J Appl Biomed, vol. 20, no. 2, pp. 70-79, Jun 2022, doi: 10.32725/jab.2022.008.
[6]	S. Balasubramaniam, C. Vijesh Joe, C. Manthiramoorthy, and K. Satheesh Kumar, "ReliefF based feature selection and Gradient Squirrel search Algorithm enabled Deep Maxout Network for detection of heart disease," Biomedical Signal Processing and Control, vol. 87, 2024, doi: 10.1016/j.bspc.2023.105446.
[7]	M. Abdar, U. R. Acharya, N. Sarrafzadegan, and V. Makarenkov, "NE-nu-SVC: A New Nested Ensemble Clinical Decision Support System for Effective Diagnosis of Coronary Artery Disease," IEEE Access, vol. 7, pp. 167605-167620, 2019, doi: 10.1109/access.2019.2953920.
[8]	J. H. Tan et al., "Application of stacked convolutional and long short-term memory network for accurate identification of CAD ECG signals," Comput Biol Med, vol. 94, pp. 19-26, Mar 1 2018, doi: 10.1016/j.compbiomed.2017.12.023.
[9]	Y. H. Lee et al., "Improving detection of obstructive coronary artery disease with an artificial intelligence-enabled electrocardiogram algorithm," Atherosclerosis, vol. 381, p. 117238, Sep 2023, doi: 10.1016/j.atherosclerosis.2023.117238.
[10]	S. H. Choi et al., "Electrocardiogram-based deep learning algorithm for the screening of obstructive coronary artery disease," BMC Cardiovasc Disord, vol. 23, no. 1, p. 287, Jun 7 2023, doi: 10.1186/s12872-023-03326-4.
[11]	M. A. Sheikh Beig Goharrizi, A. Teimourpour, M. Falah, K. Hushmandi, and M. S. Isfeedvajani, "Multi-lead ECG heartbeat classification of heart disease based on HOG local feature descriptor," Computer Methods and Programs in Biomedicine Update, vol. 3, 2023, doi: 10.1016/j.cmpbup.2023.100093.
[12]	J. Lee, K. Oh, B. Kim, and S. K. Yoo, "Synthesis of Electrocardiogram V-Lead Signals From Limb-Lead Measurement Using R-Peak Aligned Generative Adversarial Network," IEEE J Biomed Health Inform, vol. 24, no. 5, pp. 1265-1275, May 2020, doi: 10.1109/JBHI.2019.2936583.
[13]	S. Togo et al., "Model for classification of heart failure severity in patients with hypertrophic cardiomyopathy using a deep neural network algorithm with a 12-lead electrocardiogram," Open Heart, vol. 10, no. 2, Dec 6 2023, doi: 10.1136/openhrt-2023-002414.
[14]	S. Yang, C. Lian, Z. Zeng, B. Xu, J. Zang, and Z. Zhang, "A Multi-View Multi-Scale Neural Network for Multi-Label ECG Classification," IEEE Transactions on Emerging Topics in Computational Intelligence, vol. 7, no. 3, pp. 648-660, 2023, doi: 10.1109/tetci.2023.3235374.
[15]	Y. Deng et al., "ST-Net: Synthetic ECG tracings for diagnosing various cardiovascular diseases," Biomedical Signal Processing and Control, vol. 61, 2020, doi: 10.1016/j.bspc.2020.101997.
[16]	M. B. Terzi and O. Arikan, "Machine learning based hybrid anomaly detection technique for automatic diagnosis of cardiovascular diseases using cardiac sympathetic nerve activity and electrocardiogram," Biomed Tech (Berl), vol. 69, no. 1, pp. 79-109, Feb 26 2024, doi: 10.1515/bmt-2022-0406.
[17]	H. Dai, H. G. Hwang, and V. S. Tseng, "Convolutional neural network based automatic screening tool for cardiovascular diseases using different intervals of ECG signals," Comput Methods Programs Biomed, vol. 203, p. 106035, May 2021, doi: 10.1016/j.cmpb.2021.106035.
[18]	M. Adam et al., "Automated characterization of cardiovascular diseases using relative wavelet nonlinear features extracted from ECG signals," Comput Methods Programs Biomed, vol. 161, pp. 133-143, Jul 2018, doi: 10.1016/j.cmpb.2018.04.018.
[19]	S. Shrivastava et al., "Artificial Intelligence-Enabled Electrocardiography to Screen Patients with Dilated Cardiomyopathy," Am J Cardiol, vol. 155, pp. 121-127, Sep 15 2021, doi: 10.1016/j.amjcard.2021.06.021.
[20]	A. Mohsin and O. Faust, "Automated Characterization of Cardiovascular Diseases Using Wavelet Transform Features Extracted from Ecg Signals," Journal of Mechanics in Medicine and Biology, vol. 19, no. 01, 2019, doi: 10.1142/s0219519419400098.
[21]	W. Y. Ko et al., "Detection of Hypertrophic Cardiomyopathy Using a Convolutional Neural Network-Enabled Electrocardiogram," J Am Coll Cardiol, vol. 75, no. 7, pp. 722-733, Feb 25 2020, doi: 10.1016/j.jacc.2019.12.030.
[22]	N. Hirota et al., "Identification of patients with dilated phase of hypertrophic cardiomyopathy using a convolutional neural network applied to multiple, dual, and single lead electrocardiograms," Int J Cardiol Heart Vasc, vol. 46, p. 101211, Jun 2023, doi: 10.1016/j.ijcha.2023.101211.
[23]	K. C. Siontis et al., "Detection of hypertrophic cardiomyopathy by an artificial intelligence electrocardiogram in children and adolescents," Int J Cardiol, vol. 340, pp. 42-47, Oct 1 2021, doi: 10.1016/j.ijcard.2021.08.026.
[24]	Q. A. Rahman, L. G. Tereshchenko, M. Kongkatong, T. Abraham, M. R. Abraham, and H. Shatkay, "Utilizing ECG-Based Heartbeat Classification for Hypertrophic Cardiomyopathy Identification," IEEE Trans Nanobioscience, vol. 14, no. 5, pp. 505-12, Jul 2015, doi: 10.1109/TNB.2015.2426213.
[25]	F. H. Verbrugge et al., "Detection of Left Atrial Myopathy Using Artificial Intelligence-Enabled Electrocardiography," Circ Heart Fail, vol. 15, no. 1, p. e008176, Jan 2022, doi: 10.1161/CIRCHEARTFAILURE.120.008176.
[26]	M. Shimojo et al., "A novel practical algorithm using machine learning to differentiate outflow tract ventricular arrhythmia origins," J Cardiovasc Electrophysiol, vol. 34, no. 3, pp. 627-637, Mar 2023, doi: 10.1111/jce.15823.
[27]	Y. M. Jung et al., "Electrocardiogram-based deep learning model to screen peripartum cardiomyopathy," Am J Obstet Gynecol MFM, vol. 5, no. 12, p. 101184, Dec 2023, doi: 10.1016/j.ajogmf.2023.101184.
[28]	M. Shimizu, M. Suzuki, H. Fujii, S. Kimura, M. Nishizaki, and T. Sasano, "Machine learning of microvolt-level 12-lead electrocardiogram can help distinguish takotsubo syndrome and acute anterior myocardial infarction," Cardiovasc Digit Health J, vol. 3, no. 4, pp. 179-188, Aug 2022, doi: 10.1016/j.cvdhj.2022.07.001.
[29]	J. S. Haimovich et al., "Artificial intelligence-enabled classification of hypertrophic heart diseases using electrocardiograms," Cardiovasc Digit Health J, vol. 4, no. 2, pp. 48-59, Apr 2023, doi: 10.1016/j.cvdhj.2023.03.001.
[30]	M. Grogan et al., "Artificial Intelligence-Enhanced Electrocardiogram for the Early Detection of Cardiac Amyloidosis," Mayo Clin Proc, vol. 96, no. 11, pp. 2768-2778, Nov 2021, doi: 10.1016/j.mayocp.2021.04.023.
[31]	Y. Bian, J. Chen, X. Chen, X. Yang, D. Z. Chen, and J. Wu, "Identifying Electrocardiogram Abnormalities Using a Handcrafted-Rule-Enhanced Neural Network," IEEE/ACM Trans Comput Biol Bioinform, vol. 20, no. 4, pp. 2434-2444, Jul-Aug 2023, doi: 10.1109/TCBB.2022.3140785.
[32]	S. Jadhav, S. Nalbalwar, and A. Ghatol, "Feature elimination based random subspace ensembles learning for ECG arrhythmia diagnosis," Soft Computing, vol. 18, no. 3, pp. 579-587, 2013, doi: 10.1007/s00500-013-1079-6.
[33]	K. Polat and S. Güneş, "Detection of ECG Arrhythmia using a differential expert system approach based on principal component analysis and least square support vector machine," Applied Mathematics and Computation, vol. 186, no. 1, pp. 898-906, 2007, doi: 10.1016/j.amc.2006.08.020.
[34]	M. Deng, C. Wang, M. Tang, and T. Zheng, "Extracting cardiac dynamics within ECG signal for human identification and cardiovascular diseases classification," Neural Netw, vol. 100, pp. 70-83, Apr 2018, doi: 10.1016/j.neunet.2018.01.009.
[35]	T. Yoon and D. Kang, "Multi-Modal Stacking Ensemble for the Diagnosis of Cardiovascular Diseases," J Pers Med, vol. 13, no. 2, Feb 20 2023, doi: 10.3390/jpm13020373.
[36]	B. Andayeshgar, F. Abdali-Mohammadi, M. Sepahvand, A. Daneshkhah, A. Almasi, and N. Salari, "Developing Graph Convolutional Networks and Mutual Information for Arrhythmic Diagnosis Based on Multichannel ECG Signals," Int J Environ Res Public Health, vol. 19, no. 17, Aug 28 2022, doi: 10.3390/ijerph191710707.
[37]	K. H. Le, H. H. Pham, T. B. T. Nguyen, T. A. Nguyen, T. N. Thanh, and C. D. Do, "LightX3ECG: A Lightweight and eXplainable Deep Learning System for 3-lead Electrocardiogram Classification," Biomedical Signal Processing and Control, vol. 85, 2023, doi: 10.1016/j.bspc.2023.104963.
[38]	T. M. Chen, C. H. Huang, E. S. C. Shih, Y. F. Hu, and M. J. Hwang, "Detection and Classification of Cardiac Arrhythmias by a Challenge-Best Deep Learning Neural Network Model," iScience, vol. 23, no. 3, p. 100886, Mar 27 2020, doi: 10.1016/j.isci.2020.100886.
[39]	S. Jiang, D. Li, and Y. Zhang, "A deep neural network based on multi-model and multi-scale for arrhythmia classification," Biomedical Signal Processing and Control, vol. 85, 2023, doi: 10.1016/j.bspc.2023.105060.
[40]	S. Dhyani, A. Kumar, and S. Choudhury, "Arrhythmia disease classification utilizing ResRNN," Biomedical Signal Processing and Control, vol. 79, 2023, doi: 10.1016/j.bspc.2022.104160.
[41]	H. Zhang, W. Liu, S. Chang, H. Wang, J. He, and Q. Huang, "ST-ReGE: A Novel Spatial-Temporal Residual Graph Convolutional Network for CVD," IEEE J Biomed Health Inform, vol. PP, Oct 23 2023, doi: 10.1109/JBHI.2023.3327025.
[42]	L. Vasconcelos, B. P. Martinez, M. Kent, S. Ansari, H. Ghanbari, and I. Nenadic, "Multi-center atrial fibrillation electrocardiogram (ECG) classification using Fourier space convolutional neural networks (FD-CNN) and transfer learning," J Electrocardiol, vol. 81, pp. 201-206, Nov-Dec 2023, doi: 10.1016/j.jelectrocard.2023.09.010.
[43]	Y. Y. Jo et al., "Explainable artificial intelligence to detect atrial fibrillation using electrocardiogram," Int J Cardiol, vol. 328, pp. 104-110, Apr 1 2021, doi: 10.1016/j.ijcard.2020.11.053.
[44]	T. Bender et al., "Analysis of a Deep Learning Model for 12-Lead ECG Classification Reveals Learned Features Similar to Diagnostic Criteria," IEEE J Biomed Health Inform, vol. PP, May 1 2023, doi: 10.1109/JBHI.2023.3271858.
[45]	M. Kent, L. Vasconcelos, S. Ansari, H. Ghanbari, and I. Nenadic, "Fourier space approach for convolutional neural network (CNN) electrocardiogram (ECG) classification: A proof-of-concept study," J Electrocardiol, vol. 80, pp. 24-33, Sep-Oct 2023, doi: 10.1016/j.jelectrocard.2023.04.004.
[46]	H. Zhang et al., "Atrial fibrillation classification based on the 2D representation of minimal subset ECG and a non-deep neural network," Front Physiol, vol. 14, p. 1070621, 2023, doi: 10.3389/fphys.2023.1070621.
[47]	Y. Cheng, Y. Hu, M. Hou, T. Pan, W. He, and Y. Ye, "Atrial Fibrillation Detection Directly from Compressed ECG with the Prior of Measurement Matrix," Information, vol. 11, no. 9, 2020, doi: 10.3390/info11090436.
[48]	X. Chen et al., "Atrial fibrillation detection based on multi-feature extraction and convolutional neural network for processing ECG signals," Comput Methods Programs Biomed, vol. 202, p. 106009, Apr 2021, doi: 10.1016/j.cmpb.2021.106009.
[49]	C. Ma, K. Lan, J. Wang, Z. Yang, and Z. Zhang, "Arrhythmia detection based on multi-scale fusion of hybrid deep models from single lead ECG recordings: A multicenter dataset study," Biomedical Signal Processing and Control, vol. 77, 2022, doi: 10.1016/j.bspc.2022.103753.
[50]	P. A. Warrick, V. Lostanlen, M. Eickenberg, M. N. Homsi, A. C. Rodriguez, and J. Andén, "Arrhythmia classification of 12-lead and reduced-lead electrocardiograms via recurrent networks, scattering, and phase harmonic correlation," Physiological Measurement, vol. 43, no. 9, pp. 094002 %@ 0967-3334, 2022.
[51]	M. Deng et al., "An intelligent computer-aided diagnosis method for paroxysmal atrial fibrillation patients with nondiagnostic ECG signals," Biomedical Signal Processing and Control, vol. 88, 2024, doi: 10.1016/j.bspc.2023.105683.
[52]	M. Sepahvand and F. Abdali-Mohammadi, "A novel method for reducing arrhythmia classification from 12-lead ECG signals to single-lead ECG with minimal loss of accuracy through teacher-student knowledge distillation," Information Sciences, vol. 593, pp. 64-77, 2022, doi: 10.1016/j.ins.2022.01.030.
[53]	D. Kong, J. Zhu, S. Wu, C. Duan, L. Lu, and D. Chen, "A novel IRBF-RVM model for diagnosis of atrial fibrillation," Comput Methods Programs Biomed, vol. 177, pp. 183-192, Aug 2019, doi: 10.1016/j.cmpb.2019.05.028.
[54]	Y. Huang, G. G. Yen, and V. S. Tseng, "A Novel Constraint-Based Knee- Guided Neuroevolutionary Algorithm for Context-Specific ECG Early Classification," IEEE J Biomed Health Inform, vol. 26, no. 11, pp. 5394-5405, Nov 2022, doi: 10.1109/JBHI.2022.3199377.
[55]	L. Qin, Y. Xie, X. Liu, X. Yuan, and H. Wang, "An End-to-End 12-Leading Electrocardiogram Diagnosis System Based on Deformable Convolutional Neural Network With Good Antinoise Ability," IEEE Transactions on Instrumentation and Measurement, vol. 70, pp. 1-13, 2021, doi: 10.1109/tim.2021.3073707.
[56]	W. Cai et al., "Accurate detection of atrial fibrillation from 12-lead ECG using deep neural network," Comput Biol Med, vol. 116, p. 103378, Jan 2020, doi: 10.1016/j.compbiomed.2019.103378.
[57]	O. Yildirim, M. Talo, E. J. Ciaccio, R. S. Tan, and U. R. Acharya, "Accurate deep neural network model to detect cardiac arrhythmia on more than 10,000 individual subject ECG records," Comput Methods Programs Biomed, vol. 197, p. 105740, Dec 2020, doi: 10.1016/j.cmpb.2020.105740.
[58]	Y. S. Baek, S. C. Lee, W. Choi, and D. H. Kim, "A new deep learning algorithm of 12-lead electrocardiogram for identifying atrial fibrillation during sinus rhythm," Sci Rep, vol. 11, no. 1, p. 12818, Jun 17 2021, doi: 10.1038/s41598-021-92172-5.
[59]	M. N. Meqdad, F. Abdali-Mohammadi, and S. Kadry, "A New 12-Lead ECG Signals Fusion Method Using Evolutionary CNN Trees for Arrhythmia Detection," Mathematics, vol. 10, no. 11, 2022, doi: 10.3390/math10111911.
[60]	S. W. E. Baalman et al., "A morphology based deep learning model for atrial fibrillation detection using single cycle electrocardiographic samples," Int J Cardiol, vol. 316, pp. 130-136, Oct 1 2020, doi: 10.1016/j.ijcard.2020.04.046.
[61]	J. Zhu, Y. U. Pu, H. A. O. Huang, Y. Wang, X. Li, and T. Yan, "A Feature Selection-Based Algorithm for Detection of Atrial Fibrillation Using Short-Term Ecg," Journal of Mechanics in Medicine and Biology, vol. 21, no. 05, 2021, doi: 10.1142/s0219519421400133.
[62]	B. Chen et al., "A deep learning model for the classification of atrial fibrillation in critically ill patients," Intensive Care Med Exp, vol. 11, no. 1, p. 2, Jan 13 2023, doi: 10.1186/s40635-022-00490-3.
[63]	A. H. Kashou, W. Y. Ko, Z. I. Attia, M. S. Cohen, P. A. Friedman, and P. A. Noseworthy, "A comprehensive artificial intelligence-enabled electrocardiogram interpretation program," Cardiovasc Digit Health J, vol. 1, no. 2, pp. 62-70, Sep-Oct 2020, doi: 10.1016/j.cvdhj.2020.08.005.
[64]	J. Hong, H.-J. Li, C.-c. Yang, C.-L. Han, and J.-c. Hsieh, "A clinical study on Atrial Fibrillation, Premature Ventricular Contraction, and Premature Atrial Contraction screening based on an ECG deep learning model," Applied Soft Computing, vol. 126, 2022, doi: 10.1016/j.asoc.2022.109213.
[65]	L. Hu et al., "A cardiologist-like computer-aided interpretation framework to improve arrhythmia diagnosis from imbalanced training datasets," Patterns (N Y), vol. 4, no. 9, p. 100795, Sep 8 2023, doi: 10.1016/j.patter.2023.100795.
[66]	A. H. Ribeiro et al., "Automatic diagnosis of the 12-lead ECG using a deep neural network," Nat Commun, vol. 11, no. 1, p. 1760, Apr 9 2020, doi: 10.1038/s41467-020-15432-4.
[67]	X. Ye, Y. Huang, and Q. Lu, "Automatic Multichannel Electrocardiogram Record Classification Using XGBoost Fusion Model," Front Physiol, vol. 13, p. 840011, 2022, doi: 10.3389/fphys.2022.840011.
[68]	H. Zhu et al., "Automatic multilabel electrocardiogram diagnosis of heart rhythm or conduction abnormalities with deep learning: a cohort study," Lancet Digit Health, vol. 2, no. 7, pp. e348-e357, Jul 2020, doi: 10.1016/S2589-7500(20)30107-2.
[69]	X. Yang, X. Zhang, M. Yang, and L. Zhang, "12-Lead ECG arrhythmia classification using cascaded convolutional neural network and expert feature," J Electrocardiol, vol. 67, pp. 56-62, Jul-Aug 2021, doi: 10.1016/j.jelectrocard.2021.04.016.
[70]	T. Dissanayake, T. Fernando, S. Denman, S. Sridharan, and C. Fookes, "DConv-LSTM-Net: A Novel Architecture for Single- and 12-Lead ECG Anomaly Detection," IEEE Sensors Journal, vol. 23, no. 19, pp. 22763-22776, 2023, doi: 10.1109/jsen.2023.3300752.
[71]	H. Gruwez et al., "Detecting Paroxysmal Atrial Fibrillation From an Electrocardiogram in Sinus Rhythm: External Validation of the AI Approach," JACC Clin Electrophysiol, vol. 9, no. 8 Pt 3, pp. 1771-1782, Aug 2023, doi: 10.1016/j.jacep.2023.04.008.
[72]	Y. Y. Jo et al., "Detection and classification of arrhythmia using an explainable deep learning model," J Electrocardiol, vol. 67, pp. 124-132, Jul-Aug 2021, doi: 10.1016/j.jelectrocard.2021.06.006.
[73]	Y. Dong et al., "Detection of arrhythmia in 12-lead varied-length ECG using multi-branch signal fusion network," Physiol Meas, vol. 43, no. 10, Oct 31 2022, doi: 10.1088/1361-6579/ac7938.
[74]	J. Sun, "Domain knowledge enhanced deep learning for electrocardiogram arrhythmia classification," Frontiers of Information Technology & Electronic Engineering, vol. 24, no. 1, pp. 59-72, 2023, doi: 10.1631/fitee.2100519.
[75]	J. Cai, W. Sun, J. Guan, and I. You, "Multi-ECGNet for ECG Arrythmia Multi-Label Classification," IEEE Access, vol. 8, pp. 110848-110858, 2020, doi: 10.1109/access.2020.3001284.
[76]	K. H. Boon, M. Khalil-Hani, M. B. Malarvili, and C. W. Sia, "Paroxysmal atrial fibrillation prediction method with shorter HRV sequences," Comput Methods Programs Biomed, vol. 134, pp. 187-96, Oct 2016, doi: 10.1016/j.cmpb.2016.07.016.
[77]	S. Khurshid et al., "ECG-Based Deep Learning and Clinical Risk Factors to Predict Atrial Fibrillation," Circulation, vol. 145, no. 2, pp. 122-133, Jan 11 2022, doi: 10.1161/CIRCULATIONAHA.121.057480.
[78]	S. Dupulthys et al., "Single-lead electrocardiogram Artificial Intelligence model with risk factors detects atrial fibrillation during sinus rhythm," Europace, vol. 26, no. 2, Feb 1 2024, doi: 10.1093/europace/euad354.
[79]	Y. Kim et al., "Predicting Future Incidences of Cardiac Arrhythmias Using Discrete Heartbeats from Normal Sinus Rhythm ECG Signals via Deep Learning Methods," Diagnostics (Basel), vol. 13, no. 17, Sep 3 2023, doi: 10.3390/diagnostics13172849.
[80]	C. Han et al., "Evaluating the Risk of Paroxysmal Atrial Fibrillation in Noncardioembolic Ischemic Stroke Using Artificial Intelligence-Enabled ECG Algorithm," Front Cardiovasc Med, vol. 9, p. 865852, 2022, doi: 10.3389/fcvm.2022.865852.
[81]	Z. I. Attia et al., "An artificial intelligence-enabled ECG algorithm for the identification of patients with atrial fibrillation during sinus rhythm: a retrospective analysis of outcome prediction," Lancet, vol. 394, no. 10201, pp. 861-867, Sep 7 2019, doi: 10.1016/S0140-6736(19)31721-0.
[82]	S. Suzuki et al., "Identifying patients with atrial fibrillation during sinus rhythm on ECG: Significance of the labeling in the artificial intelligence algorithm," Int J Cardiol Heart Vasc, vol. 38, p. 100954, Feb 2022, doi: 10.1016/j.ijcha.2022.100954.
[83]	E. Caires Silveira, "Automated atrial fibrillation recognition in 12-lead electrocardiographic records: a signal to image and transfer learning approach: A case-control accuracy study," Precision and Future Medicine, vol. 5, no. 4, pp. 184-189, 2021, doi: 10.23838/pfm.2021.00058.
[84]	A. A. Laghari, Y. Sun, M. Alhussein, K. Aurangzeb, M. S. Anwar, and M. Rashid, "Deep residual-dense network based on bidirectional recurrent neural network for atrial fibrillation detection," Sci Rep, vol. 13, no. 1, p. 15109, Sep 13 2023, doi: 10.1038/s41598-023-40343-x.
[85]	Y. Wang et al., "Recognition of Atrial Fibrillation Based on Cnn-Lstm and Laplacian Support Vector Machine," Journal of Mechanics in Medicine and Biology, 2023, doi: 10.1142/s0219519423500914.
[86]	H. W. Yang et al., "Identification of Patients with Potential Atrial Fibrillation during Sinus Rhythm Using Isolated P Wave Characteristics from 12-Lead ECGs," J Pers Med, vol. 12, no. 10, Sep 29 2022, doi: 10.3390/jpm12101608.
[87]	S. Raghunath et al., "Deep Neural Networks Can Predict New-Onset Atrial Fibrillation From the 12-Lead ECG and Help Identify Those at Risk of Atrial Fibrillation-Related Stroke," Circulation, vol. 143, no. 13, pp. 1287-1298, Mar 30 2021, doi: 10.1161/CIRCULATIONAHA.120.047829.
[88]	P. Zhang et al., "Global hybrid multi-scale convolutional network for accurate and robust detection of atrial fibrillation using single-lead ECG recordings," Comput Biol Med, vol. 139, p. 104880, Dec 2021, doi: 10.1016/j.compbiomed.2021.104880.
[89]	P. Zhang et al., "D2AFNet: A dual-domain attention cascade network for accurate and interpretable atrial fibrillation detection," Biomedical Signal Processing and Control, vol. 82, 2023, doi: 10.1016/j.bspc.2023.104615.
[90]	A. Petroni, F. Cuomo, G. Scarano, P. Francia, M. Pediconi, and S. Colonnese, "MUSE: MUlti-lead Sub-beat ECG for remote AI based atrial fibrillation detection," Journal of Network and Computer Applications, vol. 212, 2023, doi: 10.1016/j.jnca.2022.103544.
[91]	S. Al-Zaiti et al., "Machine learning-based prediction of acute coronary syndrome using only the pre-hospital 12-lead electrocardiogram," Nat Commun, vol. 11, no. 1, p. 3966, Aug 7 2020, doi: 10.1038/s41467-020-17804-2.
[92]	K. C. Chang et al., "Usefulness of Machine Learning-Based Detection and Classification of Cardiac Arrhythmias With 12-Lead Electrocardiograms," Can J Cardiol, vol. 37, no. 1, pp. 94-104, Jan 2021, doi: 10.1016/j.cjca.2020.02.096.
[93]	Z. Li and H. Zhang, "Fusing deep metric learning with KNN for 12-lead multi-labelled ECG classification," Biomedical Signal Processing and Control, vol. 85, 2023, doi: 10.1016/j.bspc.2023.104849.
[94]	J. Li, S. P. Pang, F. Xu, P. Ji, S. Zhou, and M. Shu, "Two-dimensional ECG-based cardiac arrhythmia classification using DSE-ResNet," Sci Rep, vol. 12, no. 1, p. 14485, Aug 25 2022, doi: 10.1038/s41598-022-18664-0.
[95]	J. Yoo, T. J. Jun, and Y. H. Kim, "xECGNet: Fine-tuning attention map within convolutional neural network to improve detection and explainability of concurrent cardiac arrhythmias," Comput Methods Programs Biomed, vol. 208, p. 106281, Sep 2021, doi: 10.1016/j.cmpb.2021.106281.
[96]	S. Ran, X. Li, B. Zhao, Y. Jiang, X. Yang, and C. Cheng, "Label correlation embedding guided network for multi-label ECG arrhythmia diagnosis," Knowledge-Based Systems, vol. 270, 2023, doi: 10.1016/j.knosys.2023.110545.
[97]	F. Murat et al., "Exploring deep features and ECG attributes to detect cardiac rhythm classes," Knowledge-Based Systems, vol. 232, 2021, doi: 10.1016/j.knosys.2021.107473.
[98]	W. Liu et al., "Dense lead contrast for self-supervised representation learning of multilead electrocardiograms," Information Sciences, vol. 634, pp. 189-205, 2023, doi: 10.1016/j.ins.2023.03.099.
[99]	N. Sakli et al., "ResNet-50 for 12-Lead Electrocardiogram Automated Diagnosis," Comput Intell Neurosci, vol. 2022, p. 7617551, 2022, doi: 10.1155/2022/7617551.
[100]	D. U. Jeong and K. M. Lim, "Convolutional neural network for classification of eight types of arrhythmia using 2D time-frequency feature map from standard 12-lead electrocardiogram," Sci Rep, vol. 11, no. 1, p. 20396, Oct 14 2021, doi: 10.1038/s41598-021-99975-6.
[101]	X. Yang and Z. Ji, "Automatic Classification Method of Arrhythmias Based on 12-Lead Electrocardiogram," Sensors (Basel), vol. 23, no. 9, Apr 28 2023, doi: 10.3390/s23094372.
[102]	O. Faust, M. Kareem, A. Ali, E. J. Ciaccio, and U. R. Acharya, "Automated Arrhythmia Detection Based on RR Intervals," Diagnostics (Basel), vol. 11, no. 8, Aug 10 2021, doi: 10.3390/diagnostics11081446.
[103]	J. H. Jang, T. Y. Kim, H. S. Lim, and D. Yoon, "Unsupervised feature learning for electrocardiogram data using the convolutional variational autoencoder," PLoS One, vol. 16, no. 12, p. e0260612, 2021, doi: 10.1371/journal.pone.0260612.
[104]	M. Jiang et al., "Visualization deep learning model for automatic arrhythmias classification," Physiol Meas, vol. 43, no. 8, Aug 12 2022, doi: 10.1088/1361-6579/ac8469.
[105]	R. Ge et al., "Convolutional squeeze-and-excitation network for ECG arrhythmia detection," Artif Intell Med, vol. 121, p. 102181, Nov 2021, doi: 10.1016/j.artmed.2021.102181.
[106]	C. Che, P. Zhang, M. Zhu, Y. Qu, and B. Jin, "Constrained transformer network for ECG signal processing and arrhythmia classification," BMC Med Inform Decis Mak, vol. 21, no. 1, p. 184, Jun 9 2021, doi: 10.1186/s12911-021-01546-2.
[107]	H. Lee et al., "Cardiac Arrhythmia Classification Based on One-Dimensional Morphological Features," Applied Sciences, vol. 11, no. 20, 2021, doi: 10.3390/app11209460.
[108]	R. Zhou, J. Yao, Q. Hong, Y. Zheng, and L. Zheng, "DAMS-Net: Dual attention and multi-scale information fusion network for 12-lead ECG classification," Methods, vol. 220, pp. 134-141, Dec 2023, doi: 10.1016/j.ymeth.2023.10.013.
[109]	Z. Ozpolat and M. Karabatak, "Performance Evaluation of Quantum-Based Machine Learning Algorithms for Cardiac Arrhythmia Classification," Diagnostics (Basel), vol. 13, no. 6, Mar 14 2023, doi: 10.3390/diagnostics13061099.
[110]	H. Zhang et al., "Recurrence Plot-Based Approach for Cardiac Arrhythmia Classification Using Inception-ResNet-v2," Front Physiol, vol. 12, p. 648950, 2021, doi: 10.3389/fphys.2021.648950.
[111]	C. Ji, L. Wang, J. Qin, L. Liu, Y. Han, and Z. Wang, "MSGformer: A multi-scale grid transformer network for 12-lead ECG arrhythmia detection," Biomedical Signal Processing and Control, vol. 87, 2024, doi: 10.1016/j.bspc.2023.105499.
[112]	T.-M. Chen et al., "SRECG: ECG Signal Super-Resolution Framework for Portable/Wearable Devices in Cardiac Arrhythmias Classification," IEEE Transactions on Consumer Electronics, vol. 69, no. 3, pp. 250-260, 2023, doi: 10.1109/tce.2023.3237715.
[113]	Z. Li and H. Zhang, "Automatic Detection for Multi-Labeled Cardiac Arrhythmia Based on Frame Blocking Preprocessing and Residual Networks," Front Cardiovasc Med, vol. 8, p. 616585, 2021, doi: 10.3389/fcvm.2021.616585.
[114]	W. Zhang, X. Di, G. Wei, S. Geng, Z. Fu, and S. Hong, "Cardiac arrhythmia classification with rejection of ECG recordings based on uncertainty estimation from deep neural networks," Neural Computing and Applications, vol. 36, no. 8, pp. 4047-4058, 2023, doi: 10.1007/s00521-023-09267-5.
[115]	Y. Qin et al., "MVKT-ECG: Efficient single-lead ECG classification for multi-label arrhythmia by multi-view knowledge transferring," Comput Biol Med, vol. 166, p. 107503, Nov 2023, doi: 10.1016/j.compbiomed.2023.107503.
[116]	D. Li, H. Wu, J. Zhao, Y. Tao, and J. Fu, "Automatic Classification System of Arrhythmias Using 12-Lead ECGs with a Deep Neural Network Based on an Attention Mechanism," Symmetry, vol. 12, no. 11, 2020, doi: 10.3390/sym12111827.
[117]	J. Zhang, A. Liu, M. Gao, X. Chen, X. Zhang, and X. Chen, "ECG-based multi-class arrhythmia detection using spatio-temporal attention-based convolutional recurrent neural network," Artif Intell Med, vol. 106, p. 101856, Jun 2020, doi: 10.1016/j.artmed.2020.101856.
[118]	M. Baygin, T. Tuncer, S. Dogan, R.-S. Tan, and U. R. Acharya, "Automated arrhythmia detection with homeomorphically irreducible tree technique using more than 10,000 individual subject ECG records," Information Sciences, vol. 575, pp. 323-337, 2021, doi: 10.1016/j.ins.2021.06.022.
[119]	J. Zhang et al., "MLBF-Net: A Multi-Lead-Branch Fusion Network for Multi-Class Arrhythmia Classification Using 12-Lead ECG," IEEE J Transl Eng Health Med, vol. 9, p. 1900211, 2021, doi: 10.1109/JTEHM.2021.3064675.
[120]	Q. Yao, R. Wang, X. Fan, J. Liu, and Y. Li, "Multi-class Arrhythmia detection from 12-lead varied-length ECG using Attention-based Time-Incremental Convolutional Neural Network," Information Fusion, vol. 53, pp. 174-182, 2020, doi: 10.1016/j.inffus.2019.06.024.
[121]	J. Park et al., "Study on the use of standard 12-lead ECG data for rhythm-type ECG classification problems," Comput Methods Programs Biomed, vol. 214, p. 106521, Feb 2022, doi: 10.1016/j.cmpb.2021.106521.
[122]	K. C. Chang et al., "Usefulness of multi-labelling artificial intelligence in detecting rhythm disorders and acute ST-elevation myocardial infarction on 12-lead electrocardiogram," Eur Heart J Digit Health, vol. 2, no. 2, pp. 299-310, Jun 2021, doi: 10.1093/ehjdh/ztab029.
[123]	D. Zhang, S. Yang, X. Yuan, and P. Zhang, "Interpretable deep learning for automatic diagnosis of 12-lead electrocardiogram," iScience, vol. 24, no. 4, p. 102373, Apr 23 2021, doi: 10.1016/j.isci.2021.102373.
[124]	J. Park, J.-k. Kim, S. Jung, Y. Gil, J.-I. Choi, and H. S. Son, "ECG-Signal Multi-Classification Model Based on Squeeze-and-Excitation Residual Neural Networks," Applied Sciences, vol. 10, no. 18, 2020, doi: 10.3390/app10186495.
[125]	Y. Jin et al., "Multi-class 12-lead ECG automatic diagnosis based on a novel subdomain adaptive deep network," Science China Technological Sciences, vol. 65, no. 11, pp. 2617-2630, 2022, doi: 10.1007/s11431-022-2080-6.
[126]	S. Wang, R. Li, X. Wang, S. Shen, B. Zhou, and Z. Wang, "Multiscale Residual Network Based on Channel Spatial Attention Mechanism for Multilabel ECG Classification," J Healthc Eng, vol. 2021, p. 6630643, 2021, doi: 10.1155/2021/6630643.
[127]	M. T. Tahmid, M. E. Kader, T. Mahmud, and S. A. Fattah, "MD-CardioNet: A Multi-Dimensional Deep Neural Network for Cardiovascular Disease Diagnosis from Electrocardiogram," IEEE J Biomed Health Inform, vol. PP, Aug 31 2023, doi: 10.1109/JBHI.2023.3308856.
[128]	X. Xu, H. Xu, L. Wang, Y. Zhang, and F. Xaio, "Hygeia: A Multilabel Deep Learning-Based Classification Method for Imbalanced Electrocardiogram Data," IEEE/ACM Trans Comput Biol Bioinform, vol. 20, no. 4, pp. 2480-2493, Jul-Aug 2023, doi: 10.1109/TCBB.2022.3176905.
[129]	D. Jyotishi and S. Dandapat, "An Attentive Spatio-Temporal Learning-Based Network for Cardiovascular Disease Diagnosis," IEEE Transactions on Systems, Man, and Cybernetics: Systems, vol. 53, no. 8, pp. 4661-4671, 2023, doi: 10.1109/tsmc.2023.3257022.
[130]	Q. Geng et al., "An ECG Classification Method Based on Multi-Task Learning and CoT Attention Mechanism," Healthcare (Basel), vol. 11, no. 7, Mar 31 2023, doi: 10.3390/healthcare11071000.
[131]	W. Liu et al., "Lead Separation and Combination: A Novel Unsupervised 12-Lead ECG Feature Learning Framework for Internet of Medical Things," IEEE Internet of Things Journal, vol. 9, no. 23, pp. 23897-23914, 2022, doi: 10.1109/jiot.2022.3188771.
[132]	V. J. Ribas Ripoll, A. Wojdel, E. Romero, P. Ramos, and J. Brugada, "ECG assessment based on neural networks with pretraining," Applied Soft Computing, vol. 49, pp. 399-406, 2016, doi: 10.1016/j.asoc.2016.08.013.
[133]	Z. Ge et al., "Multi-label correlation guided feature fusion network for abnormal ECG diagnosis," Knowledge-Based Systems, vol. 233, 2021, doi: 10.1016/j.knosys.2021.107508.
[134]	Z. Liu, H. Wang, Y. Gao, and S. Shi, "Automatic Attention Learning Using Neural Architecture Search for Detection of Cardiac Abnormality in 12-Lead ECG," IEEE Transactions on Instrumentation and Measurement, vol. 70, pp. 1-12, 2021, doi: 10.1109/tim.2021.3109396.
[135]	C. Y. Chen et al., "Automated ECG classification based on 1D deep learning network," Methods, vol. 202, pp. 127-135, Jun 2022, doi: 10.1016/j.ymeth.2021.04.021.
[136]	Y. Dong, M. Zhang, L. Qiu, L. Wang, and Y. Yu, "An Arrhythmia Classification Model Based on Vision Transformer with Deformable Attention," Micromachines (Basel), vol. 14, no. 6, May 30 2023, doi: 10.3390/mi14061155.
[137]	P. Lu et al., "A New Multichannel Parallel Network Framework for the Special Structure of Multilead ECG," J Healthc Eng, vol. 2020, p. 8889483, 2020, doi: 10.1155/2020/8889483.
[138]	M. U. Yang, D. I. Lee, and S. Park, "Automated diagnosis of atrial fibrillation using ECG component-aware transformer," Comput Biol Med, vol. 150, p. 106115, Nov 2022, doi: 10.1016/j.compbiomed.2022.106115.
[139]	A. Sau et al., "Artificial intelligence-enabled electrocardiogram to distinguish cavotricuspid isthmus dependence from other atrial tachycardia mechanisms()," Eur Heart J Digit Health, vol. 3, no. 3, pp. 405-414, Sep 2022, doi: 10.1093/ehjdh/ztac042.
[140]	G. Luongo et al., "Non-Invasive Characterization of Atrial Flutter Mechanisms Using Recurrence Quantification Analysis on the ECG: A Computational Study," IEEE Trans Biomed Eng, vol. 68, no. 3, pp. 914-925, Mar 2021, doi: 10.1109/TBME.2020.2990655.
[141]	S. Ghousia Begum, E. Priyadarshi, S. Pratap, S. Kulshrestha, and V. Singh, "Automated Detection of Abnormalities in ECG signals using Deep Neural Network," Biomedical Engineering Advances, vol. 5, 2023, doi: 10.1016/j.bea.2022.100066.
[142]	W. Ullah, I. Siddique, R. M. Zulqarnain, M. M. Alam, I. Ahmad, and U. A. Raza, "Classification of Arrhythmia in Heartbeat Detection Using Deep Learning," Comput Intell Neurosci, vol. 2021, p. 2195922, 2021, doi: 10.1155/2021/2195922.
[143]	H. M. Rai, K. Chatterjee, and S. Dashkevych, "The prediction of cardiac abnormality and enhancement in minority class accuracy from imbalanced ECG signals using modified deep neural network models," Comput Biol Med, vol. 150, p. 106142, Nov 2022, doi: 10.1016/j.compbiomed.2022.106142.
[144]	B. T. Pham, P. T. Le, T. C. Tai, Y. C. Hsu, Y. H. Li, and J. C. Wang, "Electrocardiogram Heartbeat Classification for Arrhythmias and Myocardial Infarction," Sensors (Basel), vol. 23, no. 6, Mar 9 2023, doi: 10.3390/s23062993.
[145]	J. Wang et al., "Automated ECG classification using a non-local convolutional block attention module," Comput Methods Programs Biomed, vol. 203, p. 106006, May 2021, doi: 10.1016/j.cmpb.2021.106006.
[146]	F. Li, P. Wang, and X. Wang Li, "Deep learning-based regional ECG diagnosis platform," Pacing Clin Electrophysiol, vol. 47, no. 1, pp. 139-148, Jan 2024, doi: 10.1111/pace.14891.
[147]	Y. Li et al., "Detection and diagnosis of myocarditis in young patients using ECG analysis based on artificial neural networks," Computing, vol. 102, no. 1, pp. 1-18, 2019, doi: 10.1007/s00607-019-00725-4.
[148]	J. Shi et al., "Optimized Solutions of Electrocardiogram Lead and Segment Selection for Cardiovascular Disease Diagnostics," Bioengineering (Basel), vol. 10, no. 5, May 18 2023, doi: 10.3390/bioengineering10050607.
[149]	Z. Cai et al., "Rule-based rough-refined two-step-procedure for real-time premature beat detection in single-lead ECG," Physiol Meas, vol. 41, no. 5, p. 054004, Jun 10 2020, doi: 10.1088/1361-6579/ab87b4.
[150]	L. T. Duong, T. T. H. Doan, C. Q. Chu, and P. T. Nguyen, "Fusion of edge detection and graph neural networks to classifying electrocardiogram signals," Expert Systems with Applications, vol. 225, 2023, doi: 10.1016/j.eswa.2023.120107.
[151]	N. Fayyazifar et al., "A novel convolutional neural network structure for differential diagnosis of wide QRS complex tachycardia," Biomedical Signal Processing and Control, vol. 81, 2023, doi: 10.1016/j.bspc.2022.104506.
[152]	L. Wang, S. Dang, S. Chen, J. Y. Sun, R. X. Wang, and F. Pan, "Deep-Learning-Based Detection of Paroxysmal Supraventricular Tachycardia Using Sinus-Rhythm Electrocardiograms," J Clin Med, vol. 11, no. 15, Aug 5 2022, doi: 10.3390/jcm11154578.
[153]	O. Perlman, A. Katz, G. Amit, and Y. Zigel, "Supraventricular Tachycardia Classification in the 12-Lead ECG Using Atrial Waves Detection and a Clinically Based Tree Scheme," IEEE J Biomed Health Inform, vol. 20, no. 6, pp. 1513-1520, Nov 2016, doi: 10.1109/JBHI.2015.2478076.
[154]	F. N. Mazandarani and M. Mohebbi, "Wide complex tachycardia discrimination using dynamic time warping of ECG beats," Comput Methods Programs Biomed, vol. 164, pp. 238-249, Oct 2018, doi: 10.1016/j.cmpb.2018.04.009.
[155]	Y. Y. Jo et al., "Artificial intelligence to diagnose paroxysmal supraventricular tachycardia using electrocardiography during normal sinus rhythm," Eur Heart J Digit Health, vol. 2, no. 2, pp. 290-298, Jun 2021, doi: 10.1093/ehjdh/ztab025.
[156]	S. Higuchi et al., "Identification of supraventricular tachycardia mechanisms with surface electrocardiograms using a convolutional neural network," Heart Rhythm O2, vol. 4, no. 8, pp. 491-499, Aug 2023, doi: 10.1016/j.hroo.2023.07.004.
[157]	X. Zhang, H. Wu, T. Chen, and G. Wang, "Automatic diagnosis of arrhythmia with electrocardiogram using multiple instance learning: From rhythm annotation to heartbeat prediction," Artif Intell Med, vol. 132, p. 102379, Oct 2022, doi: 10.1016/j.artmed.2022.102379.
[158]	B. Dhananjay and J. Sivaraman, "Analysis and classification of heart rate using CatBoost feature ranking model," Biomedical Signal Processing and Control, vol. 68, 2021, doi: 10.1016/j.bspc.2021.102610.
[159]	F. Mohammadi, A. Sheikhani, F. Razzazi, and A. Ghorbani Sharif, "Non-invasive localization of the ectopic foci of focal atrial tachycardia by using ECG signal based sparse decomposition algorithm," Biomedical Signal Processing and Control, vol. 70, 2021, doi: 10.1016/j.bspc.2021.103014.
[160]	T. Nakamura, T. Aiba, W. Shimizu, T. Furukawa, and T. Sasano, "Prediction of the Presence of Ventricular Fibrillation From a Brugada Electrocardiogram Using Artificial Intelligence," Circ J, vol. 87, no. 7, pp. 1007-1014, Jun 23 2023, doi: 10.1253/circj.CJ-22-0496.
[161]	O. Sayadi and M. B. Shamsollahi, "Life-threatening arrhythmia verification in ICU patients using the joint cardiovascular dynamical model and a Bayesian filter," IEEE Trans Biomed Eng, vol. 58, no. 10, pp. 2748-57, Oct 2011, doi: 10.1109/TBME.2010.2093898.
[162]	Q. Zhang, X. Chen, Z. Fang, Q. Zhan, T. Yang, and S. Xia, "Reducing false arrhythmia alarm rates using robust heart rate estimation and cost-sensitive support vector machines," Physiol Meas, vol. 38, no. 2, pp. 259-271, Feb 2017, doi: 10.1088/1361-6579/38/2/259.
[163]	S. Mousavi, A. Fotoohinasab, and F. Afghah, "Single-modal and multi-modal false arrhythmia alarm reduction using attention-based convolutional and recurrent neural networks," PLoS One, vol. 15, no. 1, p. e0226990, 2020, doi: 10.1371/journal.pone.0226990.
[164]	A. Sammani et al., "Life-threatening ventricular arrhythmia prediction in patients with dilated cardiomyopathy using explainable electrocardiogram-based deep neural networks," Europace, vol. 24, no. 10, pp. 1645-1654, Oct 13 2022, doi: 10.1093/europace/euac054.
[165]	S. Zhou et al., "Improving localization accuracy for non-invasive automated early left ventricular origin localization approach," Front Physiol, vol. 14, p. 1183280, 2023, doi: 10.3389/fphys.2023.1183280.
[166]	P. K. Gyawali, B. M. Horacek, J. L. Sapp, and L. Wang, "Sequential Factorized Autoencoder for Localizing the Origin of Ventricular Activation From 12-Lead Electrocardiograms," IEEE Trans Biomed Eng, vol. 67, no. 5, pp. 1505-1516, May 2020, doi: 10.1109/TBME.2019.2939138.
[167]	R. Salas-Boni, Y. Bai, P. R. Harris, B. J. Drew, and X. Hu, "False ventricular tachycardia alarm suppression in the ICU based on the discrete wavelet transform in the ECG signal," J Electrocardiol, vol. 47, no. 6, pp. 775-80, Nov-Dec 2014, doi: 10.1016/j.jelectrocard.2014.07.016.
[168]	J. Wang, "Automated detection of premature ventricular contraction based on the improved gated recurrent unit network," Comput Methods Programs Biomed, vol. 208, p. 106284, Sep 2021, doi: 10.1016/j.cmpb.2021.106284.
[169]	S. Bajaj, M. T. Bennett, and S. W. Rabkin, "Identifying Premature Ventricular Complexes from Outflow Tracts Based on PVC Configuration: A Machine Learning Approach," J Clin Med, vol. 12, no. 17, Aug 26 2023, doi: 10.3390/jcm12175558.
[170]	A. Anand, T. Kadian, M. K. Shetty, and A. Gupta, "Explainable AI decision model for ECG data of cardiac disorders," Biomedical Signal Processing and Control, vol. 75, 2022, doi: 10.1016/j.bspc.2022.103584.
[171]	K. Nakasone et al., "Development of a Visualization Deep Learning Model for Classifying Origins of Ventricular Arrhythmias," Circ J, vol. 86, no. 8, pp. 1273-1280, Jul 25 2022, doi: 10.1253/circj.CJ-22-0065.
[172]	S. N. Chang et al., "An artificial intelligence-enabled ECG algorithm for identifying ventricular premature contraction during sinus rhythm," Eur J Med Res, vol. 27, no. 1, p. 289, Dec 14 2022, doi: 10.1186/s40001-022-00929-z.
[173]	W. Zhao et al., "Machine learning for distinguishing right from left premature ventricular contraction origin using surface electrocardiogram features," Heart Rhythm, vol. 19, no. 11, pp. 1781-1789, Nov 2022, doi: 10.1016/j.hrthm.2022.07.010.
[174]	S. Goto et al., "Artificial intelligence to predict needs for urgent revascularization from 12-leads electrocardiography in emergency patients," PLoS One, vol. 14, no. 1, p. e0210103, 2019, doi: 10.1371/journal.pone.0210103.
[175]	Z. Bouzid et al., "Novel ECG features and machine learning to optimize culprit lesion detection in patients with suspected acute coronary syndrome," J Electrocardiol, vol. 69S, pp. 31-37, Nov-Dec 2021, doi: 10.1016/j.jelectrocard.2021.07.012.
[176]	Y. Cho et al., "Artificial intelligence algorithm for detecting myocardial infarction using six-lead electrocardiography," Sci Rep, vol. 10, no. 1, p. 20495, Nov 24 2020, doi: 10.1038/s41598-020-77599-6.
[177]	R. K. Tripathy and S. Dandapat, "Detection of Cardiac Abnormalities from Multilead ECG using Multiscale Phase Alternation Features," J Med Syst, vol. 40, no. 6, p. 143, Jun 2016, doi: 10.1007/s10916-016-0505-6.
[178]	C. Han and L. Shi, "ML-ResNet: A novel network to detect and locate myocardial infarction using 12 leads ECG," Comput Methods Programs Biomed, vol. 185, p. 105138, Mar 2020, doi: 10.1016/j.cmpb.2019.105138.
[179]	C. Han and L. Shi, "Automated interpretable detection of myocardial infarction fusing energy entropy and morphological features," Comput Methods Programs Biomed, vol. 175, pp. 9-23, Jul 2019, doi: 10.1016/j.cmpb.2019.03.012.
[180]	W. Liu, J. Ji, S. Chang, H. Wang, J. He, and Q. Huang, "EvoMBN: Evolving Multi-Branch Networks on Myocardial Infarction Diagnosis Using 12-Lead Electrocardiograms," Biosensors (Basel), vol. 12, no. 1, Dec 29 2021, doi: 10.3390/bios12010015.
[181]	J. Jing, J. Zhang, A. Liu, M. Gao, R. Qian, and X. Chen, "ECG-Based Multiclass Arrhythmia Classification Using Beat-Level Fusion Network," J Healthc Eng, vol. 2023, p. 1755121, 2023, doi: 10.1155/2023/1755121.
[182]	D. Chumachenko, M. Butkevych, D. Lode, M. Frohme, K. J. G. Schmailzl, and A. Nechyporenko, "Machine Learning Methods in Predicting Patients with Suspected Myocardial Infarction Based on Short-Time HRV Data," Sensors (Basel), vol. 22, no. 18, Sep 17 2022, doi: 10.3390/s22187033.
[183]	M. K. Chaitanya and L. D. Sharma, "Automated detection of myocardial infarction using binary Harry Hawks feature selection and ensemble KNN classifier," Comput Methods Biomech Biomed Engin, pp. 1-17, Oct 20 2023, doi: 10.1080/10255842.2023.2270101.
[184]	G. Zhang, Y. Si, D. Wang, W. Yang, and Y. Sun, "Automated Detection of Myocardial Infarction Using a Gramian Angular Field and Principal Component Analysis Network," IEEE Access, vol. 7, pp. 171570-171583, 2019, doi: 10.1109/access.2019.2955555.
[185]	R. K. Tripathy and S. Dandapat, "Automated detection of heart ailments from 12-lead ECG using complex wavelet sub-band bi-spectrum features," Healthc Technol Lett, vol. 4, no. 2, pp. 57-63, Apr 2017, doi: 10.1049/htl.2016.0089.
[186]	M. Sharma, R. S. Tan, and U. R. Acharya, "A novel automated diagnostic system for classification of myocardial infarction ECG signals using an optimal biorthogonal filter bank," Comput Biol Med, vol. 102, pp. 341-356, Nov 1 2018, doi: 10.1016/j.compbiomed.2018.07.005.
[187]	R. K. Tripathy, A. Bhattacharyya, and R. B. Pachori, "A Novel Approach for Detection of Myocardial Infarction From ECG Signals of Multiple Electrodes," IEEE Sensors Journal, vol. 19, no. 12, pp. 4509-4517, 2019, doi: 10.1109/jsen.2019.2896308.
[188]	Q. Sun et al., "A dynamic learning-based ECG feature extraction method for myocardial infarction detection," Physiol Meas, vol. 43, no. 12, Jan 4 2023, doi: 10.1088/1361-6579/acaa1a.
[189]	M. Deng et al., "Classification of cardiac electrical signals between patients with myocardial infarction and normal subjects by using nonlinear dynamics features and different classification models," Biomedical Signal Processing and Control, vol. 79, 2023, doi: 10.1016/j.bspc.2022.104105.
[190]	J. Zhu, J. Lv, and D. Kong, "CNN-FWS: A Model for the Diagnosis of Normal and Abnormal ECG with Feature Adaptive," Entropy (Basel), vol. 24, no. 4, Mar 28 2022, doi: 10.3390/e24040471.
[191]	A. Aranda Hernandez, P. Bonizzi, R. Peeters, and J. Karel, "Continuous monitoring of acute myocardial infarction with a 3-Lead ECG system," Biomedical Signal Processing and Control, vol. 79, 2023, doi: 10.1016/j.bspc.2022.104041.
[192]	W. G. Baxt and J. Skora, "Prospective validation of artificial neural network trained to identify acute myocardial infarction," The Lancet, vol. 347, no. 8993, pp. 12-15 %@ 0140-6736, 1996.
[193]	A. K. Dohare, V. Kumar, and R. Kumar, "Detection of myocardial infarction in 12 lead ECG using support vector machine," Applied Soft Computing, vol. 64, pp. 138-147, 2018, doi: 10.1016/j.asoc.2017.12.001.
[194]	R. Xiao et al., "Integrating multimodal information in machine learning for classifying acute myocardial infarction," Physiol Meas, vol. 44, no. 4, Apr 18 2023, doi: 10.1088/1361-6579/acc77f.
[195]	A. Darmawahyuni et al., "Deep Learning with a Recurrent Network Structure in the Sequence Modeling of Imbalanced Data for ECG-Rhythm Classifier," Algorithms, vol. 12, no. 6, 2019, doi: 10.3390/a12060118.
[196]	H. Martin, W. Izquierdo, M. Cabrerizo, A. Cabrera, and M. Adjouadi, "Near real-time single-beat myocardial infarction detection from single-lead electrocardiogram using Long Short-Term Memory Neural Network," Biomedical Signal Processing and Control, vol. 68, 2021, doi: 10.1016/j.bspc.2021.102683.
[197]	M. Ohlsson, H. Öhlin, S. M. Wallerstedt, and L. Edenbrandt, "Usefulness of serial electrocardiograms for diagnosis of acute myocardial infarction," The American journal of cardiology, vol. 88, no. 5, pp. 478-481 %@ 0002-9149, 2001.
[198]	D. Ge, L. Sun, J. Zhou, and Y. Shao, "Discrimination of myocardial infarction stages by subjective feature extraction," Comput Methods Programs Biomed, vol. 95, no. 3, pp. 270-9, Sep 2009, doi: 10.1016/j.cmpb.2009.03.008.
[199]	H. Haraldsson, L. Edenbrandt, and M. Ohlsson, "Detecting acute myocardial infarction in the 12-lead ECG using Hermite expansions and neural networks," Artif Intell Med, vol. 32, no. 2, pp. 127-36, Oct 2004, doi: 10.1016/j.artmed.2004.01.003.
[200]	S. E. Olsson, M. Ohlsson, H. Ohlin, and L. Edenbrandt, "Neural networks--a diagnostic tool in acute myocardial infarction with concomitant left bundle branch block," Clin Physiol Funct Imaging, vol. 22, no. 4, pp. 295-9, Jul 2002, doi: 10.1046/j.1475-097x.2002.00433.x.
[201]	T. G. Shin, Y. Lee, K. Kim, M. S. Lee, J. M. Kwon, and R. s. group, "ROMIAE (Rule-Out Acute Myocardial Infarction Using Artificial Intelligence Electrocardiogram Analysis) trial study protocol: a prospective multicenter observational study for validation of a deep learning-based 12-lead electrocardiogram analysis model for detecting acute myocardial infarction in patients visiting the emergency department," Clin Exp Emerg Med, vol. 10, no. 4, pp. 438-445, Dec 2023, doi: 10.15441/ceem.22.360.
[202]	M. Sraitih, Y. Jabrane, and A. Hajjam El Hassani, "A Robustness Evaluation of Machine Learning Algorithms for ECG Myocardial Infarction Detection," J Clin Med, vol. 11, no. 17, Aug 23 2022, doi: 10.3390/jcm11174935.
[203]	B. Fatimah, P. Singh, A. Singhal, D. Pramanick, P. S, and R. B. Pachori, "Efficient detection of myocardial infarction from single lead ECG signal," Biomedical Signal Processing and Control, vol. 68, 2021, doi: 10.1016/j.bspc.2021.102678.
[204]	Z. Wang, L. Qian, C. Han, and L. Shi, "Application of multi-feature fusion and random forests to the automated detection of myocardial infarction," Cognitive Systems Research, vol. 59, pp. 15-26, 2020, doi: 10.1016/j.cogsys.2019.09.001.
[205]	X. Ma, X. Fu, Y. Sun, N. Wang, and Y. Gao, "Application of Convolutional Dendrite Net for Detection of Myocardial Infarction Using ECG Signals," IEEE Sensors Journal, vol. 23, no. 1, pp. 460-469, 2023, doi: 10.1109/jsen.2022.3221779.
[206]	K. Feng, X. Pi, H. Liu, and K. Sun, "Myocardial Infarction Classification Based on Convolutional Neural Network and Recurrent Neural Network," Applied Sciences, vol. 9, no. 9, 2019, doi: 10.3390/app9091879.
[207]	K. Liu, T. Liu, D. Wen, M. Zang, S. Zhou, and C. Liu, "SRTNet: Scanning, Reading, and Thinking Network for myocardial infarction detection and localization," Expert Systems with Applications, vol. 240, 2024, doi: 10.1016/j.eswa.2023.122402.
[208]	U. R. Acharya, H. Fujita, S. L. Oh, Y. Hagiwara, J. H. Tan, and M. Adam, "Application of deep convolutional neural network for automated detection of myocardial infarction using ECG signals," Information Sciences, vol. 415-416, pp. 190-198, 2017, doi: 10.1016/j.ins.2017.06.027.
[209]	G. A. Tadesse et al., "DeepMI: Deep multi-lead ECG fusion for identifying myocardial infarction and its occurrence-time," Artif Intell Med, vol. 121, p. 102192, Nov 2021, doi: 10.1016/j.artmed.2021.102192.
[210]	Zhang and Li, "Application of Heartbeat-Attention Mechanism for Detection of Myocardial Infarction Using 12-Lead ECG Records," Applied Sciences, vol. 9, no. 16, 2019, doi: 10.3390/app9163328.
[211]	E. Prabhakararao and S. Dandapat, "Myocardial Infarction Severity Stages Classification From ECG Signals Using Attentional Recurrent Neural Network," IEEE Sensors Journal, vol. 20, no. 15, pp. 8711-8720, 2020, doi: 10.1109/jsen.2020.2984493.
[212]	E. Prabhakararao and S. Dandapat, "Attentive RNN-Based Network to Fuse 12-Lead ECG and Clinical Features for Improved Myocardial Infarction Diagnosis," IEEE Signal Processing Letters, vol. 27, pp. 2029-2033, 2020, doi: 10.1109/lsp.2020.3036314.
[213]	M. B. Shahnawaz, H. Dawood, and A. Lo Schiavo, "An Effective Deep Learning Model for Automated Detection of Myocardial Infarction Based on Ultrashort-Term Heart Rate Variability Analysis," Mathematical Problems in Engineering, vol. 2021, pp. 1-13, 2021, doi: 10.1155/2021/6455053.
[214]	M. Dey, N. Omar, and M. A. Ullah, "Temporal Feature-Based Classification Into Myocardial Infarction and Other CVDs Merging CNN and Bi-LSTM From ECG Signal," IEEE Sensors Journal, vol. 21, no. 19, pp. 21688-21695, 2021, doi: 10.1109/jsen.2021.3079241.
[215]	W. Li, Y. M. Tang, K. M. Yu, and S. To, "SLC-GAN: An automated myocardial infarction detection model based on generative adversarial networks and convolutional neural networks with single-lead electrocardiogram synthesis," Information Sciences, vol. 589, pp. 738-750, 2022, doi: 10.1016/j.ins.2021.12.083.
[216]	W. Zeng, J. Yuan, C. Yuan, Q. Wang, F. Liu, and Y. Wang, "Classification of myocardial infarction based on hybrid feature extraction and artificial intelligence tools by adopting tunable-Q wavelet transform (TQWT), variational mode decomposition (VMD) and neural networks," Artif Intell Med, vol. 106, p. 101848, Jun 2020, doi: 10.1016/j.artmed.2020.101848.
[217]	H. Liu, Z. Zhao, X. Chen, R. Yu, and Q. She, "Using the VQ-VAE to improve the recognition of abnormalities in short-duration 12-lead electrocardiogram records," Comput Methods Programs Biomed, vol. 196, p. 105639, Nov 2020, doi: 10.1016/j.cmpb.2020.105639.
[218]	A. Ayad, M. Barhoush, M. Frei, B. Volker, and A. Schmeink, "An Efficient and Private ECG Classification System Using Split and Semi-Supervised Learning," IEEE J Biomed Health Inform, vol. 27, no. 9, pp. 4261-4272, Sep 2023, doi: 10.1109/JBHI.2023.3281977.
[219]	W. Liu, F. Wang, Q. Huang, S. Chang, H. Wang, and J. He, "MFB-CBRNN: A Hybrid Network for MI Detection Using 12-Lead ECGs," IEEE J Biomed Health Inform, vol. 24, no. 2, pp. 503-514, Feb 2020, doi: 10.1109/JBHI.2019.2910082.
[220]	N. Sinha, M. A. G. Kumar, A. M. Joshi, and L. R. Cenkeramaddi, "DASMcC: Data Augmented SMOTE Multi-Class Classifier for Prediction of Cardiovascular Diseases Using Time Series Features," IEEE Access, vol. 11, pp. 117643-117655, 2023, doi: 10.1109/access.2023.3325705.
[221]	J. Yoo, Y. Jin, B. Ko, and M.-S. Kim, "k-Labelsets Method for Multi-Label ECG Signal Classification Based on SE-ResNet," Applied Sciences, vol. 11, no. 16, 2021, doi: 10.3390/app11167758.
[222]	A. H. Khan, M. Hussain, M. K. Malik, and A. Khan, "Cardiac Disorder Classification by Electrocardiogram Sensing Using Deep Neural Network," Complexity, vol. 2021, pp. 1-8, 2021, doi: 10.1155/2021/5512243.
[223]	J. I. Peláez, J. M. Doña, J. F. Fornari, and G. Serra, "Ischemia classification via ECG using MLP neural networks," International Journal of Computational Intelligence Systems, vol. 7, no. 2, pp. 344-352 %@ 1875-6891, 2014.
[224]	Q. Sun et al., "Early detection of myocardial ischemia in 12-lead ECG using deterministic learning and ensemble learning," Comput Methods Programs Biomed, vol. 226, p. 107124, Nov 2022, doi: 10.1016/j.cmpb.2022.107124.
[225]	R. F. Harrison and R. L. Kennedy, "Artificial neural network models for prediction of acute coronary syndromes using clinical data from the time of presentation," Ann Emerg Med, vol. 46, no. 5, pp. 431-9, Nov 2005, doi: 10.1016/j.annemergmed.2004.09.012.
[226]	J. Heo, J. J. Lee, S. Kwon, B. Kim, S. O. Hwang, and Y. R. Yoon, "A novel method for detecting ST segment elevation myocardial infarction on a 12-lead electrocardiogram with a three-dimensional display," Biomedical Signal Processing and Control, vol. 56, 2020, doi: 10.1016/j.bspc.2019.101700.
[227]	Y. L. Liu, C. S. Lin, C. C. Cheng, and C. Lin, "A Deep Learning Algorithm for Detecting Acute Pericarditis by Electrocardiogram," J Pers Med, vol. 12, no. 7, Jul 15 2022, doi: 10.3390/jpm12071150.
[228]	Y. Zhao et al., "Early detection of ST-segment elevated myocardial infarction by artificial intelligence with 12-lead electrocardiogram," Int J Cardiol, vol. 317, pp. 223-230, Oct 15 2020, doi: 10.1016/j.ijcard.2020.04.089.
[229]	C. M. Gibson et al., "Evolution of single-lead ECG for STEMI detection using a deep learning approach," Int J Cardiol, vol. 346, pp. 47-52, Jan 1 2022, doi: 10.1016/j.ijcard.2021.11.039.
[230]	L. Wu et al., "LASSO Regression-Based Diagnosis of Acute ST-Segment Elevation Myocardial Infarction (STEMI) on Electrocardiogram (ECG)," J Clin Med, vol. 11, no. 18, Sep 15 2022, doi: 10.3390/jcm11185408.
[231]	S. Gustafsson et al., "Development and validation of deep learning ECG-based prediction of myocardial infarction in emergency department patients," Sci Rep, vol. 12, no. 1, p. 19615, Nov 15 2022, doi: 10.1038/s41598-022-24254-x.
[232]	L. M. Tseng, C. Y. Chuang, S. K. Chua, and V. S. Tseng, "Identification of Coronary Culprit Lesion in ST Elevation Myocardial Infarction by Using Deep Learning," IEEE J Transl Eng Health Med, vol. 11, pp. 70-79, 2023, doi: 10.1109/JTEHM.2022.3227204.
[233]	H. Y. Choi et al., "Diagnostic Accuracy of the Deep Learning Model for the Detection of ST Elevation Myocardial Infarction on Electrocardiogram," J Pers Med, vol. 12, no. 3, Feb 23 2022, doi: 10.3390/jpm12030336.
[234]	L. Wu et al., "Deep Learning Networks Accurately Detect ST-Segment Elevation Myocardial Infarction and Culprit Vessel," Front Cardiovasc Med, vol. 9, p. 797207, 2022, doi: 10.3389/fcvm.2022.797207.
[235]	P.-C. Chang, J.-J. Lin, J.-C. Hsieh, and J. Weng, "Myocardial infarction classification with multi-lead ECG using hidden Markov models and Gaussian mixture models," Applied Soft Computing, vol. 12, no. 10, pp. 3165-3175, 2012, doi: 10.1016/j.asoc.2012.06.004.
[236]	Z. He, S. Yuan, J. Zhao, Z. Yuan, and Y. Chen, "A robust myocardial infarction localization system based on multi-branch residual shrinkage network and active learning with clustering," Biomedical Signal Processing and Control, vol. 80, 2023, doi: 10.1016/j.bspc.2022.104238.
[237]	B. Hedén, L. Edenbrandt, W. K. Haisty Jr, and O. Pahlm, "Artificial neural networks for the electrocardiographic diagnosis of healed myocardial infarction," The American journal of cardiology, vol. 74, no. 1, pp. 5-8 %@ 0002-9149, 1994.
[238]	Y. Qiang, X. Dong, and Y. Yang, "Automatic detection and localisation of myocardial infarction using multi-channel dense attention neural network," Biomedical Signal Processing and Control, vol. 89, 2024, doi: 10.1016/j.bspc.2023.105766.
[239]	S. Padhy and S. Dandapat, "Third-order tensor based analysis of multilead ECG for classification of myocardial infarction," Biomedical Signal Processing and Control, vol. 31, pp. 71-78, 2017, doi: 10.1016/j.bspc.2016.07.007.
[240]	N. Strodthoff and C. Strodthoff, "Detecting and interpreting myocardial infarction using fully convolutional neural networks," Physiol Meas, vol. 40, no. 1, p. 015001, Jan 15 2019, doi: 10.1088/1361-6579/aaf34d.
[241]	L. D. Sharma and R. K. Sunkaria, "Myocardial Infarction Detection and Localization Using Optimal Features Based Lead Specific Approach," Irbm, vol. 41, no. 1, pp. 58-70, 2020, doi: 10.1016/j.irbm.2019.09.003.
[242]	L. N. Sharma, R. K. Tripathy, and S. Dandapat, "Multiscale Energy and Eigenspace Approach to Detection and Localization of Myocardial Infarction," IEEE Trans Biomed Eng, vol. 62, no. 7, pp. 1827-37, Jul 2015, doi: 10.1109/TBME.2015.2405134.
[243]	J. Liu, C. Zhang, Y. Zhu, T. Ristaniemi, T. Parviainen, and F. Cong, "Automated detection and localization system of myocardial infarction in single-beat ECG using Dual-Q TQWT and wavelet packet tensor decomposition," Comput Methods Programs Biomed, vol. 184, p. 105120, Feb 2020, doi: 10.1016/j.cmpb.2019.105120.
[244]	S. Smigiel, K. Palczynski, and D. Ledzinski, "Deep Learning Techniques in the Classification of ECG Signals Using R-Peak Detection Based on the PTB-XL Dataset," Sensors (Basel), vol. 21, no. 24, Dec 7 2021, doi: 10.3390/s21248174.
[245]	J. Wang and M. Hauskrecht, "Learning EKG Diagnostic Models with Hierarchical Class Label Dependencies," Artif Intell Med Conf Artif Intell Med (2005-), vol. 13897, pp. 260-270, Jun 2023, doi: 10.1007/978-3-031-34344-5_31.
[246]	K. Palczynski, S. Smigiel, D. Ledzinski, and S. Bujnowski, "Study of the Few-Shot Learning for ECG Classification Based on the PTB-XL Dataset," Sensors (Basel), vol. 22, no. 3, Jan 25 2022, doi: 10.3390/s22030904.
[247]	H. Martin, U. Morar, W. Izquierdo, M. Cabrerizo, A. Cabrera, and M. Adjouadi, "Real-time frequency-independent single-Lead and single-beat myocardial infarction detection," Artif Intell Med, vol. 121, p. 102179, Nov 2021, doi: 10.1016/j.artmed.2021.102179.
[248]	D. W. Feyisa, T. G. Debelee, Y. M. Ayano, S. R. Kebede, and T. F. Assore, "Lightweight Multireceptive Field CNN for 12-Lead ECG Signal Classification," Comput Intell Neurosci, vol. 2022, p. 8413294, 2022, doi: 10.1155/2022/8413294.
[249]	Z. He et al., "A novel myocardial infarction localization method using multi-branch DenseNet and spatial matching-based active semi-supervised learning," Information Sciences, vol. 606, pp. 649-668, 2022, doi: 10.1016/j.ins.2022.05.070.
[250]	J. Zhang et al., "Automated Detection and Localization of Myocardial Infarction With Staked Sparse Autoencoder and TreeBagger," IEEE Access, vol. 7, pp. 70634-70642, 2019, doi: 10.1109/access.2019.2919068.
[251]	J. Xue et al., "Added value of new acute coronary syndrome computer algorithm for interpretation of prehospital electrocardiograms," J Electrocardiol, vol. 37 Suppl, pp. 233-9, 2004, doi: 10.1016/j.jelectrocard.2004.08.063.
[252]	X. Chen et al., "Acute Myocardial Infarction Detection Using Deep Learning-Enabled Electrocardiograms," Front Cardiovasc Med, vol. 8, p. 654515, 2021, doi: 10.3389/fcvm.2021.654515.
[253]	C. Han, S. Pan, W. Que, Z. Wang, Y. Zhai, and L. Shi, "Automated localization and severity period prediction of myocardial infarction with clinical interpretability based on deep learning and knowledge graph," Expert Systems with Applications, vol. 209, 2022, doi: 10.1016/j.eswa.2022.118398.
[254]	K. Sugimoto, Y. Kon, S. Lee, and Y. Okada, "Detection and localization of myocardial infarction based on a convolutional autoencoder," Knowledge-Based Systems, vol. 178, pp. 123-131, 2019, doi: 10.1016/j.knosys.2019.04.023.
[255]	Y. Cao et al., "Detection and Localization of Myocardial Infarction Based on Multi-Scale ResNet and Attention Mechanism," Front Physiol, vol. 13, p. 783184, 2022, doi: 10.3389/fphys.2022.783184.
[256]	W. Liu et al., "Real-Time Multilead Convolutional Neural Network for Myocardial Infarction Detection," IEEE J Biomed Health Inform, vol. 22, no. 5, pp. 1434-1444, Sep 2018, doi: 10.1109/JBHI.2017.2771768.
[257]	W. Liu, Q. Huang, S. Chang, H. Wang, and J. He, "Multiple-feature-branch convolutional neural network for myocardial infarction diagnosis using electrocardiogram," Biomedical Signal Processing and Control, vol. 45, pp. 22-32, 2018, doi: 10.1016/j.bspc.2018.05.013.
[258]	W. Pan, Y. An, Y. Guan, and J. Wang, "MCA-net: A multi-task channel attention network for Myocardial infarction detection and location using 12-lead ECGs," Comput Biol Med, vol. 150, p. 106199, Nov 2022, doi: 10.1016/j.compbiomed.2022.106199.
[259]	Y. Cao et al., "ML-Net: Multi-Channel Lightweight Network for Detecting Myocardial Infarction," IEEE J Biomed Health Inform, vol. 25, no. 10, pp. 3721-3731, Oct 2021, doi: 10.1109/JBHI.2021.3060433.
[260]	V. Jahmunah, E. Y. K. Ng, R. S. Tan, S. L. Oh, and U. R. Acharya, "Explainable detection of myocardial infarction using deep learning models with Grad-CAM technique on ECG signals," Comput Biol Med, vol. 146, p. 105550, Jul 2022, doi: 10.1016/j.compbiomed.2022.105550.
[261]	P. Xiong et al., "Localization of myocardial infarction with multi-lead ECG based on DenseNet," Comput Methods Programs Biomed, vol. 203, p. 106024, May 2021, doi: 10.1016/j.cmpb.2021.106024.
[262]	U. B. Baloglu, M. Talo, O. Yildirim, R. S. Tan, and U. R. Acharya, "Classification of myocardial infarction with multi-lead ECG signals and deep CNN," Pattern Recognition Letters, vol. 122, pp. 23-30, 2019, doi: 10.1016/j.patrec.2019.02.016.
[263]	C. Han, J. Sun, Y. Bian, W. Que, and L. Shi, "Automated Detection and Localization of Myocardial Infarction With Interpretability Analysis Based on Deep Learning," IEEE Transactions on Instrumentation and Measurement, vol. 72, pp. 1-12, 2023, doi: 10.1109/tim.2023.3258521.
[264]	W. Zhang et al., "Interpretable Detection and Location of Myocardial Infarction Based on Ventricular Fusion Rule Features," J Healthc Eng, vol. 2021, p. 4123471, 2021, doi: 10.1155/2021/4123471.
[265]	W. Xu, L. Wang, B. Wang, and W. Cheng, "Intelligent Recognition Algorithm of Multiple Myocardial Infarction Based on Morphological Feature Extraction," Processes, vol. 10, no. 11, 2022, doi: 10.3390/pr10112348.
[266]	X. Zhang, R. Li, H. Dai, Y. Liu, B. Zhou, and Z. Wang, "Localization of Myocardial Infarction With Multi-Lead Bidirectional Gated Recurrent Unit Neural Network," IEEE Access, vol. 7, pp. 161152-161166, 2019, doi: 10.1109/access.2019.2946932.
[267]	P. D. Barua et al., "Multilevel hybrid accurate handcrafted model for myocardial infarction classification using ECG signals," Int J Mach Learn Cybern, vol. 14, no. 5, pp. 1651-1668, 2023, doi: 10.1007/s13042-022-01718-0.
[268]	L. Fu, B. Lu, B. Nie, Z. Peng, H. Liu, and X. Pi, "Hybrid Network with Attention Mechanism for Detection and Location of Myocardial Infarction Based on 12-Lead Electrocardiogram Signals," Sensors (Basel), vol. 20, no. 4, Feb 14 2020, doi: 10.3390/s20041020.
[269]	R. K. Tripathy, A. Bhattacharyya, and R. B. Pachori, "Localization of Myocardial Infarction From Multi-Lead ECG Signals Using Multiscale Analysis and Convolutional Neural Network," IEEE Sensors Journal, vol. 19, no. 23, pp. 11437-11448, 2019, doi: 10.1109/jsen.2019.2935552.
[270]	Z. He, Z. Yuan, P. An, J. Zhao, and B. Du, "MFB-LANN: A lightweight and updatable myocardial infarction diagnosis system based on convolutional neural networks and active learning," Comput Methods Programs Biomed, vol. 210, p. 106379, Oct 2021, doi: 10.1016/j.cmpb.2021.106379.
[271]	N. Sinha and A. Das, "Identification and Localization of Myocardial Infarction Based on Analysis of ECG Signal in Cross Spectral Domain Using Boosted SVM Classifier," IEEE Transactions on Instrumentation and Measurement, vol. 70, pp. 1-9, 2021, doi: 10.1109/tim.2021.3117663.
[272]	C. Chauhan, R. K. Tripathy, and M. Agrawal, "Patient specific higher order tensor based approach for the detection and localization of myocardial infarction using 12-lead ECG," Biomedical Signal Processing and Control, vol. 83, 2023, doi: 10.1016/j.bspc.2023.104701.
[273]	J. Zhang et al., "A multi-dimensional association information analysis approach to automated detection and localization of myocardial infarction," Engineering Applications of Artificial Intelligence, vol. 97, 2021, doi: 10.1016/j.engappai.2020.104092.
[274]	S. Ramezani Moghadam and B. M. Asl, "Automatic diagnosis and localization of myocardial infarction using morphological features of ECG signal," Biomedical Signal Processing and Control, vol. 83, 2023, doi: 10.1016/j.bspc.2023.104671.
[275]	K. Jafarian, V. Vahdat, S. Salehi, and M. Mobin, "Automating detection and localization of myocardial infarction using shallow and end-to-end deep neural networks," Applied Soft Computing, vol. 93, 2020, doi: 10.1016/j.asoc.2020.106383.
[276]	P. Xiong et al., "Detection of inferior myocardial infarction based on multi branch hybrid network," Biomedical Signal Processing and Control, vol. 84, 2023, doi: 10.1016/j.bspc.2023.104725.
[277]	L. D. Sharma and R. K. Sunkaria, "Inferior myocardial infarction detection using stationary wavelet transform and machine learning approach," Signal, Image and Video Processing, vol. 12, no. 2, pp. 199-206, 2017, doi: 10.1007/s11760-017-1146-z.
[278]	T.-F. Yang, B. Devine, and P. W. Macfarlane, "Use of artificial neural networks within deterministic logic for the computer ECG diagnosis of inferior myocardial infarction," Journal of Electrocardiology, vol. 27, pp. 188-193, 1994.
[279]	J. Z. Jian et al., "Detection of Myocardial Infarction Using ECG and Multi-Scale Feature Concatenate," Sensors (Basel), vol. 21, no. 5, Mar 9 2021, doi: 10.3390/s21051906.
[280]	A. Sbrollini et al., "Automatic diagnosis of newly emerged heart failure from serial electrocardiography by repeated structuring & learning procedure," Biomedical Signal Processing and Control, vol. 79, 2023, doi: 10.1016/j.bspc.2022.104185.
[281]	O. Akbilgic et al., "ECG-AI: electrocardiographic artificial intelligence model for prediction of heart failure," Eur Heart J Digit Health, vol. 2, no. 4, pp. 626-634, Dec 2021, doi: 10.1093/ehjdh/ztab080.
[282]	K. Surendra et al., "Pragmatic screening for heart failure in the general population using an electrocardiogram-based neural network," ESC Heart Fail, vol. 10, no. 2, pp. 975-984, Apr 2023, doi: 10.1002/ehf2.14263.
[283]	Y. Shiraishi et al., "Improved prediction of sudden cardiac death in patients with heart failure through digital processing of electrocardiography," Europace, vol. 25, no. 3, pp. 922-930, Mar 30 2023, doi: 10.1093/europace/euac261.
[284]	D. Li, Y. Tao, J. Zhao, and H. Wu, "Classification of Congestive Heart Failure from ECG Segments with a Multi-Scale Residual Network," Symmetry, vol. 12, no. 12, 2020, doi: 10.3390/sym12122019.
[285]	P. Bachtiger et al., "Point-of-care screening for heart failure with reduced ejection fraction using artificial intelligence during ECG-enabled stethoscope examination in London, UK: a prospective, observational, multicentre study," Lancet Digit Health, vol. 4, no. 2, pp. e117-e125, Feb 2022, doi: 10.1016/S2589-7500(21)00256-9.
[286]	A. Khunte et al., "Detection of left ventricular systolic dysfunction from single-lead electrocardiography adapted for portable and wearable devices," NPJ Digit Med, vol. 6, no. 1, p. 124, Jul 11 2023, doi: 10.1038/s41746-023-00869-w.
[287]	D. M. Harmon et al., "Real-world performance, long-term efficacy, and absence of bias in the artificial intelligence enhanced electrocardiogram to detect left ventricular systolic dysfunction," Eur Heart J Digit Health, vol. 3, no. 2, pp. 238-244, Jun 2022, doi: 10.1093/ehjdh/ztac028.
[288]	T. Golany et al., "Physicians and Machine-Learning Algorithm Performance in Predicting Left-Ventricular Systolic Dysfunction from a Standard 12-Lead-Electrocardiogram," J Clin Med, vol. 11, no. 22, Nov 15 2022, doi: 10.3390/jcm11226767.
[289]	J. C. Jentzer et al., "Left ventricular systolic dysfunction identification using artificial intelligence-augmented electrocardiogram in cardiac intensive care unit patients," Int J Cardiol, vol. 326, pp. 114-123, Mar 1 2021, doi: 10.1016/j.ijcard.2020.10.074.
[290]	Y. A. Chiou et al., "Electrocardiogram lead selection for intelligent screening of patients with systolic heart failure," Sci Rep, vol. 11, no. 1, p. 1948, Jan 21 2021, doi: 10.1038/s41598-021-81374-6.
[291]	Z. I. Attia et al., "Prospective validation of a deep learning electrocardiogram algorithm for the detection of left ventricular systolic dysfunction," J Cardiovasc Electrophysiol, vol. 30, no. 5, pp. 668-674, May 2019, doi: 10.1111/jce.13889.
[292]	J. Cho et al., "Artificial Intelligence Algorithm for Screening Heart Failure with Reduced Ejection Fraction Using Electrocardiography," ASAIO J, vol. 67, no. 3, pp. 314-321, Mar 1 2021, doi: 10.1097/MAT.0000000000001218.
[293]	J. M. Kwon et al., "Artificial intelligence assessment for early detection of heart failure with preserved ejection fraction based on electrocardiographic features," Eur Heart J Digit Health, vol. 2, no. 1, pp. 106-116, Mar 2021, doi: 10.1093/ehjdh/ztaa015.
[294]	G.-M. Lin and H. H.-S. Lu, "Electrocardiographic Machine Learning to Predict Left Ventricular Diastolic Dysfunction in Asian Young Male Adults," IEEE Access, vol. 9, pp. 49047-49054, 2021, doi: 10.1109/access.2021.3069232.
[295]	J. M. Kwon, K. H. Kim, K. H. Jeon, S. Y. Lee, J. Park, and B. H. Oh, "Artificial intelligence algorithm for predicting cardiac arrest using electrocardiography," Scand J Trauma Resusc Emerg Med, vol. 28, no. 1, p. 98, Oct 6 2020, doi: 10.1186/s13049-020-00791-0.
[296]	H. Lee et al., "Real-time machine learning model to predict in-hospital cardiac arrest using heart rate variability in ICU," NPJ Digit Med, vol. 6, no. 1, p. 215, Nov 23 2023, doi: 10.1038/s41746-023-00960-2.
[297]	C. Rueda, A. Rodriguez-Collado, I. Fernandez, C. Canedo, M. D. Ugarte, and Y. Larriba, "A unique cardiac electrocardiographic 3D model. Toward interpretable AI diagnosis," iScience, vol. 25, no. 12, p. 105617, Dec 22 2022, doi: 10.1016/j.isci.2022.105617.
[298]	J. S. Ryu, S. Lee, Y. Chu, M. S. Ahn, Y. J. Park, and S. Yang, "CoAt-Mixer: Self-attention deep learning framework for left ventricular hypertrophy using electrocardiography," PLoS One, vol. 18, no. 6, p. e0286916, 2023, doi: 10.1371/journal.pone.0286916.
[299]	T. Dwivedi, J. Xue, D. Treiman, A. Dubey, and D. Albert, "Machine learning models of 6-lead ECGs for the interpretation of left ventricular hypertrophy (LVH)," J Electrocardiol, vol. 77, pp. 62-67, Mar-Apr 2023, doi: 10.1016/j.jelectrocard.2022.12.001.
[300]	G. M. Lin and H. H. Lu, "A 12-Lead ECG-Based System With Physiological Parameters and Machine Learning to Identify Right Ventricular Hypertrophy in Young Adults," IEEE J Transl Eng Health Med, vol. 8, p. 1900510, 2020, doi: 10.1109/JTEHM.2020.2996370.
[301]	J. Jiang, H. Deng, Y. Xue, H. Liao, and S. Wu, "Detection of Left Atrial Enlargement Using a Convolutional Neural Network-Enabled Electrocardiogram," Front Cardiovasc Med, vol. 7, p. 609976, 2020, doi: 10.3389/fcvm.2020.609976.
[302]	C. Y. Hsu, P. Y. Liu, S. H. Liu, Y. Kwon, C. J. Lavie, and G. M. Lin, "Machine Learning for Electrocardiographic Features to Identify Left Atrial Enlargement in Young Adults: CHIEF Heart Study," Front Cardiovasc Med, vol. 9, p. 840585, 2022, doi: 10.3389/fcvm.2022.840585.
[303]	H. Welle, C. Nagel, A. Loewe, R. Mikut, and O. Dössel, "Classification of Bundle Branch Blocks with QRS Templates Extracted from 12-lead ECGs," Current Directions in Biomedical Engineering, vol. 7, no. 2, pp. 582-585, 2021, doi: 10.1515/cdbme-2021-2148.
[304]	C. Rueda, I. Fernandez, Y. Larriba, A. Rodriguez-Collado, and C. Canedo, "Compelling new electrocardiographic markers for automatic diagnosis," Comput Methods Programs Biomed, vol. 221, p. 106807, Jun 2022, doi: 10.1016/j.cmpb.2022.106807.
[305]	C. M. Liu et al., "A Deep Learning-Enabled Electrocardiogram Model for the Identification of a Rare Inherited Arrhythmia: Brugada Syndrome," Can J Cardiol, vol. 38, no. 2, pp. 152-159, Feb 2022, doi: 10.1016/j.cjca.2021.08.014.
[306]	B. Zanchi et al., "Identification of Brugada syndrome based on P-wave features: an artificial intelligence-based approach," Europace, vol. 25, no. 11, Nov 2 2023, doi: 10.1093/europace/euad334.
[307]	J. M. Kwon et al., "Deep Learning-Based Algorithm for Detecting Aortic Stenosis Using Electrocardiography," J Am Heart Assoc, vol. 9, no. 7, p. e014717, Apr 7 2020, doi: 10.1161/JAHA.119.014717.
[308]	A. Vaid et al., "Multi-center retrospective cohort study applying deep learning to electrocardiograms to identify left heart valvular dysfunction," Commun Med (Lond), vol. 3, no. 1, p. 24, Feb 14 2023, doi: 10.1038/s43856-023-00240-w.
[309]	S. Sawano et al., "Deep learning model to detect significant aortic regurgitation using electrocardiography," J Cardiol, vol. 79, no. 3, pp. 334-341, Mar 2022, doi: 10.1016/j.jjcc.2021.08.029.
[310]	G.-M. Lin and H.-C. Zeng, "Electrocardiographic Machine Learning to Predict Mitral Valve Prolapse in Young Adults," IEEE Access, vol. 9, pp. 103132-103140, 2021, doi: 10.1109/access.2021.3098039.
[311]	G. H. Tison et al., "Identifying Mitral Valve Prolapse at Risk for Arrhythmias and Fibrosis From Electrocardiograms Using Deep Learning," JACC Adv, vol. 2, no. 6, Aug 2023, doi: 10.1016/j.jacadv.2023.100446.
[312]	J. M. Kwon, K. H. Kim, Z. Akkus, K. H. Jeon, J. Park, and B. H. Oh, "Artificial intelligence for detecting mitral regurgitation using electrocardiography," J Electrocardiol, vol. 59, pp. 151-157, Mar-Apr 2020, doi: 10.1016/j.jelectrocard.2020.02.008.
[313]	K. Miura et al., "Deep learning-based model detects atrial septal defects from electrocardiography: a cross-sectional multicenter hospital-based study," EClinicalMedicine, vol. 63 %@ 2589-5370, 2023.
[314]	Q. Luo et al., "Artificial intelligence-enabled 8-lead ECG detection of atrial septal defect among adults: a novel diagnostic tool," Front Cardiovasc Med, vol. 10, p. 1279324, 2023, doi: 10.3389/fcvm.2023.1279324.
[315]	H. Mori, K. Inai, H. Sugiyama, and Y. Muragaki, "Diagnosing Atrial Septal Defect from Electrocardiogram with Deep Learning," Pediatr Cardiol, vol. 42, no. 6, pp. 1379-1387, Aug 2021, doi: 10.1007/s00246-021-02622-0.
[316]	S. Yahyazadeh, N. Jafarnia Dabanloo, A. M. Nasrabadi, and A. Ghorbani Sharif, "A novel feature extraction method for the localization of accessory pathways in patients with Wolff-Parkinson-White syndrome," Biomedical Signal Processing and Control, vol. 88, 2024, doi: 10.1016/j.bspc.2023.105640.
[317]	J. G. Webster, The physiological measurement handbook. CRC Press, 2014.
[318]	J. A. Walsh Iii, E. J. Topol, and S. R. Steinhubl, "Novel wireless devices for cardiac monitoring," Circulation, vol. 130, no. 7, pp. 573-581 %@ 0009-7322, 2014.
[319]	G. B. Moody and R. G. Mark, "The impact of the MIT-BIH arrhythmia database," IEEE engineering in medicine and biology magazine, vol. 20, no. 3, pp. 45-50 %@ 0739-5175, 2001.
[320]	C. L. Levkov, "Orthogonal electrocardiogram derived from the limb and chest electrodes of the conventional 12-lead system," Medical and Biological Engineering and Computing, vol. 25, pp. 155-164 %@ 0140-0118, 1987.
[321]	S. Maheshwari, A. Acharyya, M. Schiariti, and P. E. Puddu, "Frank vectorcardiographic system from standard 12 lead ECG: An effort to enhance cardiovascular diagnosis," Journal of electrocardiology, vol. 49, no. 2, pp. 231-242 %@ 0022-0736, 2016.
[322]	 A. A. Hernandez, P. Bonizzi, J. Karel, and R. Peeters, "Myocardial ischemia diagnosis using a reduced lead system," 2018: IEEE, pp. 5302-5305 %@ 1538636468. 
[323]	J. Malmivuo and R. Plonsey, "Bioelectromagnetism. 15. 12-lead ECG system," Bioelectromagnetism-principles and applications of bioelectric and biomagnetis fields, pp. 277-289, 1975.

