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LISTADO DE PUBLICACIONES SOBRE INTELIGENCIA ARTIFICIAL EN CARDIOLOGIA (PubMed)

Metodologia

Se realizé una busqueda de publicaciones en la base de datos PubMed por dos grupos de términos,
tomando todas las publicaciones de los ultimos 5 afios completos y de enero a marzo 2019 (ambos
meses inclusive), que contuvieran en el titulo o abstract uno o mas términos del grupo 1y uno o mas

términos del grupo 2.

e Grupo 1: “machine learning”, “deep learning”, “neural network”, “neural network(s)”,
convolutional, “artificial intelligence”.
e Grupo 2: cardiac, cardiology, "heart failure", coronary, ventricle, aortic, atrial, fibrillation,

myocardium, pericardium, endocardium, "heart disease", cardiotoxicity, arrhythmia, ischemic.

La instruccion al buscador de PubMed fue:

("machine learning"[Title/Abstract] OR "deep learning"[Title/Abstractf OR  "neural
network"[Title/Abstract] OR "neural networks"[Title/Abstract] OR convolutional[Title/Abstract] OR
"artificial intelligence"[Title/Abstract]) AND (cardiac[Title/Abstract] OR cardiology[Title/Abstract] OR
"heart failure"[Title/Abstract] OR coronary[Title/Abstract] OR ventricle[Title/Abstract] OR
aortic[Title/Abstract] OR atrial[Title/Abstract] OR fibrillation[Title/Abstract] OR
myocardium[Title/Abstract] OR pericardium|[Title/Abstract] OR endocardium[Title/Abstract] OR
"heart disease"[Title/Abstract] OR cardiotoxicity[Title/Abstract] OR arrhythmia[Title/Abstract]) OR
ischemic[Title/Abstract])

De la lista inicial obtenida (1.111 publicaciones) se realizé un filtrado manual por revisidn por pares
(JSP, PLS) para excluir las publicaciones de revisién y no estrictamente relacionadas con el drea de la
cardiologia. La lista de publicaciones originales final (673 publicaciones) se clasificé en 5 areas, en

funcién de la aparicidn de los siguientes términos en titulo y abstract y la revision de cada articulo:
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- Arritmias: arrhythmia, fibrillation, ECG

- Cardiopatia Isquémica: risk, ischem*, hemodynam*, acute

- Insuficiencia cardiaca: insufficiency, failure, transplant

- Imagen cardiaca: image, imaging, MR, MRI, CT, CTA, tomography, echocard*

- Otros: cardiotoxicity, pericardium, myocardium, endocard*, disease, surgery, surgical,

percutaneous, structural, congenital, hypertension, systolic, perfusion.



Tabla 1 del material adicional

Publicaciones inteligencia artificial en arritmias cardiacas
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Referencia Titulo Modalidad | Observacion
Li et al. (2014)* Ventricular fibrillation and tachycardia classification using | ML Identificacion de fibrilacidn ventricular o taquicardia
a machine learning approach ventricular a partir de datos del ECG
Das et al. (2014)? ECG Beats Classification Using Mixture of Features DL Clasificacion en 5 tipos de latidos a partir de datos del
ECG
Mahajan et al. Performance of an automatic arrhythmia classification ML Clasificacion y adjudicacién de episodios arritmicos en
(2014)3 algorithm: comparison to the ALTITUDE portadores de DAI
electrophysiologist panel adjudications
Caravaca et al. Application of machine learning techniques to analyse ML, DL Analisis de la influencia del ejercicio previo durante
(2014)* the effects of physical exercise in ventricular fibrillation eventos de fibrilacién ventricular en un modelo animal
Dagrouq et al. Neural network and wavelet average framing percentage | DL Clasificacion de fibrilacién auricular
(2014)° energy for atrial fibrillation classification
Ebrahimzadeh et A novel approach to predict sudden cardiac death (SCD) ML, DL Predictor de muerte subita a partir de analisis de la
al. (2014)® using nonlinear and time-frequency analyses from HRV variabilidad de frecuencia cardiaca en el ECG
signals
Behar et al. (2014)” | A comparison of single channel fetal ECG extraction DL Estimacién de la frecuencia cardiaca fetal a partir de la
methods monitorizacion de mujeres embarazadas
Li et al. (2014)® A machine learning approach to multi-level ECG signal ML Clasificacién de arritmias a partir del ECG
quality classification
Sunkaria et al. An ANN-based HRV classifier for cardiac health prognosis | ML Clasificador de salud cardiovascular basada en analisis
(2014)° de variabilidad de frecuencia cardiaca en el ECG
Prakosa et al. Cardiac electrophysiological activation pattern estimation | ML Estimacidn de los patrones de activacidn
(2014)%° from images using a patient-specific database of electromecdnica a partir del analisis de contractilidad

synthetic image sequences
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Beudel et al. Small-world characteristics of EEG patterns in post-anoxic | DL Prediccidn de encefalopatia andxica a partir del andlisis
(2014)1* encephalopathy de electroencefalogramas tras parada cardiaca
resucitada

Nguyen et al. Neural network approach for non-invasive detection of DL Clasificacidn de estados de hiperglucemia o

(2014)*? hyperglycemia using electrocardiographic signals normoglucemia a partir del andlisis electrocardiograficos

Wander et al. A combined segmenting and non-segmenting approach ML Optimizacién de la medida de frecuencia cardiaca a

(2014)% to signal quality estimation for ambulatory partir de ondas dpticas de sistemas de monitorizacién
photoplethysmography moviles

Juhola et al. On computation of calcium cycling anomalies in ML Clasificacion de sefiales para detectar picos en las

(2014)% cardiomyocytes data corrientes de Ca2+ en cardiomiocitos

Kennedy el al Using Time Series Analysis to Predict Cardiac Arrest in a ML Modelo de prediccién de parada cardiaca en pacientes

(2015)%° PICU pediatricos ingresados en unidades de criticos

Kora et al. (2015)*® | Improved Bat algorithm for the detection of myocardial ML Sistema de deteccidn de infarto de miocardio utilizando
infarction en andlisis de ECG

Naseri et al. Electrocardiogram signal quality assessment using an DL Optimizacién de las sefiales electrocardiograficas

(2015)Y artificially reconstructed target lead resultantes del dataton: Computing-in-Cardiology

Challenge 2011

Attin et al. (2015)*® | Electrocardiogram characteristics prior to in-hospital ML Predictores de parada cardiaca resucitada en el ECG
cardiac arrest

Zhang et al. Automatic recognition of cardiac arrhythmias based on ML Clasificador automatico de arritmias cardiacas

(2015)*° the geometric patterns of Poincaré plots

He et al. (2015)% Combining multiple ECG features does not improve ML, DL Prediccidn de éxito de desfibrilacién combinando
prediction of defibrillation outcome compared to single multiples variables
features in a large population of out-of-hospital cardiac
arrests

Lillo-Castellano et Symmetrical compression distance for arrhythmia ML Clasificacidn de arritmias en la nube a partir de datos de

al. (2015)**

discrimination in cloud-based big-data services

DAl procedentes de la plataforma SCOOP
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Tanantong et al. False alarm reduction in BSN-based cardiac monitoring ML Reduccion de falsas alarmas en la monitorizacion de las
(2015)% using signal quality and activity type information unidades de criticos
Ravens et al. Application of the RIMARC algorithm to a large data set ML Clasificacion preoperatoria del ritmo cardiaco
(2015)® of action potentials and clinical parameters for risk
prediction of atrial fibrillation
Jiang et al. (2015)?* | Noninvasive reconstruction of cardiac transmembrane ML Reconstruccidn de los potenciales transmembrana
potentials using a kernelized extreme learning method cardiacos a partir de los potenciales de superficie
corporal
Kiranyaz el al Real-Time Patient-Specific ECG Classification by 1-D DL Sistema rdpido y preciso de clasificacién y control de
(2016)% Convolutional Neural Networks ECG
Rosier et al. Personalized and automated remote monitoring of atrial | ML Sistema de filtrado de alertas en fibrilacion auricular
(2016)%® fibrillation seglin su importancia clinica
Rad et al. (2016)*’ Automatic cardiac rhythm interpretation during ML Sistema de interpretacién automatica del ritmo cardiaco
resuscitation en la parada cardiaca
Shandilya et al. Integration of Attributes from Non-Linear ML Sistema para predecir el éxito de la desfibrilacion
(2016)% Characterization of Cardiovascular Time-Series for eléctrica
Prediction of Defibrillation Outcomes
Yu et al. (2016)%* A new method without reference channels used for DL Sistema de deteccidn de fibrilacién ventricular que
ventricular fibrillation detection during cardiopulmonary clasifica los artefactos que se producen durante las
resuscitation maniobras de RCP
Mert (2016)% ECG feature extraction based on the bandwidth ML, DL Sistema de clasificacion de arritmias
properties of variational mode decomposition
Elhaj et al. (2016)3! | Arrhythmia recognition and classification using combined | ML, DL Sistema de clasificacion de arritmias
linear and nonlinear features of ECG signals
Zahid et al. (2016)*? | Patient-derived models link re-entrant driver localization | ML Utilizacidn de modelos auriculares para probar la

in atrial fibrillation to fibrosis spatial pattern

hipétesis que los modelos de fibrilacién auricular por
reentrada son propios de regiones con patrones de
fibrosis especificos
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Pant et al. (2016)* | Efficient compressive sensing of ECG segments based on | ML Telemonitorizacion de arritmias basado en en andlisis
machine learning for QRS-based arrhythmia detection del QRS

Ansari et al. Suppression of false arrhythmia alarms in the ICU: a ML Supresién de falsas alarmas por arritmias en unidades de

(2016)3 machine learning approach criticos

Eerikainen et al. Reduction of false arrhythmia alarms using signal ML Clasificacidn de alarmas por arritmias en verdaderas o

(2016)* selection and machine learning falsas

Figuera et al. Machine Learning Techniques for the Detection of ML Clasificacidn de ritmos desfibrilables a partir de ECG y

(2016)%® Shockable Rhythms in Automated External Defibrillators holters para mejorar los desfibriladores externos

automaticos

Immanuel et al. T-wave morphology can distinguish healthy controls from | DL Analisis automatico de la onda T para clasificar pacientes

(2016)*’ LQTS patients con sindrome de QT largo frente a controles

Li et al. (2016)% Integrated Machine Learning Approaches for Predicting ML Prediccidn de ictus cardioembdlico y tromboembolismo
Ischemic Stroke and Thromboembolism in Atrial pulmonar en pacientes con fibrilacidn auricular
Fibrillation

Nemati et al. Monitoring and detecting atrial fibrillation using ML Identificacion de fibrilacidn auricular a partir de

(2016)*° wearable technology dispositivos electrénicos de pulsera

Xiong et al. (2016)*° | A stacked contractive denoising auto-encoder for ECG DL Desarrollo de un filtro para evitar artefactos
signal denoising electrocardiograficos

Yanting et al. Risk prediction for cardiovascular disease using ECG data | ML Clasificacién de patologias cardiacas y prediccién de

(2016)* in the China kadoorie biobank riesgo a partir del ECG

Zhang et al. In silico prediction of hERG potassium channel blockage ML Identificacion de alertas de prolongacion del QT por

(2016)* by chemical category approaches bloqueo del gen del canal hERG para la valoracién de

nuevos farmacos
He et al. (2016)* Combining Amplitude Spectrum Area with Previous DL Prediccion del éxito de desfibrilacién

Shock Information Using Neural Networks Improves
Prediction Performance of Defibrillation Outcome for
Subsequent Shocks in Out-Of-Hospital Cardiac Arrest
Patients
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Lancaster et al. Improved Prediction of Drug-Induced Torsades de ML Prediccidn de aparicién de torsidon de puntas en el
(2016)* Pointes Through Simulations of Dynamics and Machine desarrollo de farmacos
Learning Algorithms
Khan et al. (2016)* | A cardiac electrical activity model based on a cellular ML, DL Modelo del comportamiento autdmata celular
automata system in comparison with neural network
model
Algaraawi et al. Heart rate variability estimation in ML Algoritmo para estimar la frecuencia cardiaca por
2016% photoplethysmography signals using Bayesian learning fotopletismografia para dispositivos electrénicos de
approach mufieca
Kalidas et al. 2016*” | Cardiac arrhythmia classification using multi-modal signal | ML Clasificador de alarmas para identificar falsas alarmas a
analysis partir de monitorizacién de intensivos resultado del
dataton: Physionet/Computing in Cardiology 2015
Challenge
Lee et al. (2016)* Prediction of Ventricular Tachycardia One Hour before DL Predictor de la aparicién de taquicardia ventricular en
Occurrence Using Artificial Neural Networks pacientes monitorizados en unidades de criticos
Abdul-Kadir et al. Dynamic ECG features for atrial fibrillation recognition ML, DL Clasificador de fibrilacion auricular
(2016)*°
Erem et al. (2016)*° | Extensions to a manifold learning framework for time- ML Explorar la estructura geométrica de la integracién
series analysis on dynamic manifolds in bioelectric signals temporal de ECG y electroencefalogramas
Kurzendorfer et al. | Cryo-Balloon Catheter Localization Based on a Support- ML Localizacién automatica de catéteres de crioablacion
(2016)*! Vector-Machine Approach
Evangelista et al. Predicting adherence to use of remote health monitoring | ML Identificacion de pacientes con insuficiencia cardiaca
(2017)°? systems in a cohort of patients with chronic heart failure candidatos a utilizar sistemas de monitorizacidn remota
Giffard-Roisin et al. | Noninvasive Personalization of a Cardiac ML Modelo predictivo de la respuesta a diferentes
(2017)%3 Electrophysiology Model From Body Surface Potential condiciones de estimulacién
Mapping
Li et al. (2017) Genetic algorithm for the optimization of features and DL Clasificacion de sefiales a partir del ECG

neural networks in ECG signals classification
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Mjahad et al. Ventricular Fibrillation and Tachycardia detection from ML, DL Clasificador automatico de arritmias ventriculares
(2017)* surface ECG using time-frequency representation images utilizando imagenes
as input dataset for machine learning
Okutucu et al. Data mining experiments on the Angiotensin II- ML Predictores clinicos de aparicién de fibrilacidn auricular
(2017)%® Antagonist in Paroxysmal Atrial Fibrillation (ANTIPAF-
AFNET 2) trial: 'exposing the invisible'
Acharya et al. A deep convolutional neural network model to classify DL Clasificacién de arritmias basado en la identificacidn de
(2017)*” heartbeats diferentes latidos cardiacos
Arvanaghi et al. Fusion of ECG and ABP signals based on wavelet DL Clasificacidn de hasta 5 tipos de ritmo cardiaco
(2017)%® transform for cardiac arrhythmias classification
Tripathy et al. Automated detection of heart ailments from 12-lead ECG | ML Clasificacion de arritmias, infarto, y bloqueo de rama a
(2017)*° using complex wavelet sub-band bi-spectrum features partir del ECG de 12 derivaciones
Luo et al. (2017)%° Patient-Specific Deep Architectural Model for ECG DL Clasificador automatico de la imagen tiempo-frecuencia
Classification electrocardiografica
Li et al. (2017)%! High-Performance Personalized Heartbeat Classification DL Clasificador de arritmias cardiacas a partir de ECG
Model for Long-Term ECG Signal
Pandit et al. A lightweight QRS detector for single lead ECG signals DL Algoritmo para clasificar arritmias basado en una
(2017)%2 using a max-min difference algorithm derivacion electrocardiografica
Rad et al. (2017)%3 ECG-Based Classification of Resuscitation Cardiac ML, DL Clasificacién automatica de los ritmos resucitables
Rhythms for Retrospective Data Analysis
Zhou et al. (2017)%* | Premature ventricular contraction detection combining DL Deteccion de extrasistoles ventriculares
deep neural networks and rules inference
Kiranyaz et al. Personalized Monitoring and Advance Warning System DL Sistema de clasificacion de arritmias cardiacas
(2017)% for Cardiac Arrhythmias
Mustageem et al. Wrapper method for feature selection to classify cardiac | ML Clasificador de arritmias cardiacas a partir de ECG

(2017)%

arrhythmia
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(2017)7

simulated body surface P-wave integral maps

Wang et al. An integrated anti-arrhythmic target network of a ML Prediccion del efecto antiarritmico del Wenxin Keli

(2017)%” Chinese medicine compound, Wenxin Keli, revealed by (medicina china patentada) sobre el uso de la quinidina
combined machine learning and molecular pathway en modelo animal
analysis

Sadrawi et al. Arrhythmia Evaluation in Wearable ECG Devices DL Algoritmo clasificador de arritmia en dispositivos

(2017)%8 electréonicos comparado con otros algoritmos previos

Lemkaddem et al. An autonomous medical monitoring system: Validation ML Plataforma para clasificacién de arritmias

(2017)%° on arrhythmia detection

Liu et al. (2017)7° Precision Cohort Finding with Outcome-Driven Similarity | ML Identificacion de pacientes en fibrilacién auricular con
Analytics: A Case Study of Patients with Atrial Fibrillation bajo riesgo de ictus cardioembdlico

Sharifi et al. Development of models for predicting Torsade de DL Desarrollo de un modelo estructura-actividad que se

(2017)"* Pointes cardiac arrhythmias using perceptron neural pueda utilizar como una prueba temprana para detectar
networks el potencial proarritmico (torsién de puntas) en

candidatos a farmacos

Sahoo et al. ECG beat classification using empirical mode DL Clasificador de seis tipos de arritmias

(2017)"2 decomposition and mixture of features

Lenning et al. Real-Time Monitoring and Analysis of Zebrafish ML Estudio monitorizacion electrocardiografica en pez cebra

(2017)7 Electrocardiogram with Anomaly Detection con inteligencia artificial

Clifford et al. AF Classification from a Short Single Lead ECG Recording: | ML, DL Identificacion de ritmo sinusal frente a fibrilacion

(2017)* the PhysioNet/Computing in Cardiology Challenge 2017 auricular o artefactos en el datatén:

PhysioNet/Computing in Cardiology Challenge 2017

Yuetal. (2017)” [Research on malignant arrhythmia detection algorithm DL Algoritmos para deteccién automadtica de arritmias
using neural network optimized by genetic algorithm] ventriculares que se puedan aplicar a desfibriladores

Ferrer-Albero et al. | Non-invasive localization of atrial ectopic beats by using ML Agrupacién espacial y clasificacion de focos auriculares

ectdpicos mediante el uso del mapa integral de la onda
P de la superficie corporal




Document downloaded from http://www.elsevier.es, day 10/02/2026. This copy is for personal use. Any transmission of this document by any media or format is strictly prohibited.

Li et al. (2017)"7 Modeling of the hERG K+ Channel Blockage Using Online | ML Modelo predictivo de prolongacidn de QT a partir del

Chemical Database and Modeling Environment (OCHEM) efecto de otros farmacos publicados en la literatura en
relacion con la inhibicidn de los canales de potasio hERG

Yildirim et al. Arrhythmia detection using deep convolutional neural DL Clasificacidn de arritmias cardiacas basada en el andlisis

(2018)7® network with long duration ECG signals de sefales electrocardiograficas de larga duracion

Marzec et al. Device-measured physical activity data for classification ML Prediccidn de aparicién de taquicardia ventricular a

(2018)”° of patients with ventricular arrhythmia events: A pilot partir de sujetos con holter implantable
investigation

Igbal et al. (2018)%° | Deep Deterministic Learning for Pattern Recognition of DL Clasificacion de fibrilacién auricular e infarto de
Different Cardiac Diseases through the Internet of miocardio combinando actividades cardiacas
Medical Things predefinidas con conjunto de datos fusionados

Yao et al. (2018)8! Arrhythmia Classification from Single Lead ECG by Multi- | DL Clasificador de arritmias a partir de una Unica derivacién
Scale Convolutional Neural Networks electrocardiogriéfica

Nguyen el al Deep Feature Learning for Sudden Cardiac Arrest DL, ML Algoritmo para la deteccion de TV/FV a partir de la sefial

(2018)%? Detection in Automated External Defibrillators electrocardiografica

Liu et al. (2018)% Classification of Heart Diseases Based On ECG Signals DL Clasificacion de patologias cardiacas a partir del ECG
Using Long Short-Term Memory utilizando secuencias temporales

Yu et al. (2018)% QRS Detection and Measurement Method of ECG Paper DL Deteccién automatica del QRS a partir de imagenes
Based on Convolutional Neural Networks

Malik et al. (2018)% | A machine learning approach to reconstruction of heart DL Reconstruccidn de potenciales cardiacos de superficie a
surface potentials from body surface potentials partir de potenciales de superficie corporales

He et al. (2018)8%¢ LiteNet: Lightweight Neural Network for Detecting DL Sistema de deteccidn de arritmias para dispositivos
Arrhythmias at Resource-Constrained Mobile Devices moviles

Lee et al. (2018)%” Heart Rate Estimated from Body Movements at Six DL Estimacién de la frecuencia cardiaca a partir de
Degrees of Freedom by Convolutional Neural Networks movimiento toracico respiratorio

Yildirim (2018)88 A novel wavelet sequence based on deep bidirectional DL Clasificacidon de ritmo sinusal, extrasistolia ventricular,

LSTM network model for ECG signal classification

latido estimulado, bloqueo de rama izquierda y rama
derecha.

10
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Sengupta et al. Prediction of Abnormal Myocardial Relaxation From ML Prediccidn de la relajacién anormal miocardica a partir

(2018)%° Signal Processed Surface ECG de la sefial de superficie electrocardiografica

Mustageem et al. Multiclass Classification of Cardiac Arrhythmia Using ML Clasificador en 16 tipos de arritmias cardiacas a partir de

(2018)%° Improved Feature Selection and SVM Invariants analisis electrocardiograficos

Sadr et al. (2018)* | A low-complexity algorithm for detection of atrial DL Modelo de prediccidn de fibrilaciéon auricular basado en
fibrillation using an ECG el andlisis de intervalos RR

Mathews et al. A novel application of deep learning for single-lead ECG DL Clasificacién de ECG de una sola derivacion

(2018)* classification

Godoy et al. Atrial Fibrosis Hampers Non-invasive Localization of Atrial | ML Analizar el efecto de la fibrosis auricular sobre los

(2018)* Ectopic Foci From Multi-Electrode Signals: A 3D sistemas de mapeo de superficie en la prediccién de
Simulation Study focos ectépicos auriculares

Shaik et al. (2018)** | Protein phenotype diagnosis of autosomal dominant ML Algoritmo para diagnosticar cambios en las propiedades
calmodulin mutations causing irregular heart rhythms fenotipicas, de estabilidad y de unién del canal Ca2+ de

las mutaciones causantes de sindromes arritmicos

Dobkowska- Detecting cerebrovascular changes in the brain caused by | ML Comparacion de la sefial de acustocerebrografia en

Chudon et al. hypertension in atrial fibrillation group using pacientes con fibrilacion auricular con y sin hipertension

(2018)%*° acoustocerebrography arterial

Parvaneh et al. Analyzing single-lead short ECG recordings using dense DL Deteccién de fibrilacién auricular en una sola derivacion

(2018)%® convolutional neural networks and feature-based post- electrocardiogriéfica
processing to detect atrial fibrillation

Bollepalli et al. Robust Heartbeat Detection from Multimodal Data via DL Fusidn de la informacion de multiples sefales

(2018)*7 CNN-based Generalizable Information Fusion (fundamentalmente ECG)

Warrick et al. Ensembling convolutional and long short-term memory DL Identificacion de fibrilacidn auricular en el ECG

(2018)%8 networks for electrocardiogram arrhythmia detection

Faust et al. (2018)*° | Automated detection of atrial fibrillation using long DL Deteccidn automatica de fibrilacién auricular utilizando

short-term memory network with RR interval signals

los intervalos RR

11
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therapy

Xu et al. (2018)1° Atrial Fibrillation Beat Identification Using the DL Identificacion automatica de fibrilacién auricular
Combination of Modified Frequency Slice Wavelet
Transform and Convolutional Neural Networks
Amezquita-Sanchez | A Novel Wavelet Transform-Homogeneity Model for DL Prediccidn de muerte subita a partir del andlisis del ECG
et al. (2018)%! Sudden Cardiac Death Prediction Using ECG Signals
Rubin et al. Densely connected convolutional networks for detection | DL Identificacion de fibrilacion auricular a partir de una
(2018)102 of atrial fibrillation from short single-lead ECG recordings derivacion electrocardiogréfica
Bond et al. Automation bias in medicine: The influence of automated | ML Interpretacién automatica de trazados
iagnoses on interpreter accuracy and uncertainty when electrocardiograficos
2018)12 di int t d tainty wh lect diogréfi
reading electrocardiograms
Attia et al. (2018)* | Noninvasive assessment of dofetilide plasma DL Evaluacién de los cambios morfoldgicos
concentration using a deep learning (neural network) electrocardiograficos asociados al uso de dofetilide
analysis of the surface electrocardiogram: A proof of
concept study
Budzianowski et al. | Predictors of atrial fibrillation early recurrence following ML Prediccidon de nueva aparicion de fibrilacién auricular
(2018)1%° cryoballoon ablation of pulmonary veins using statistical tras crioablacidn a partir de datos bioquimicos y clinicos
assessment and machine learning algorithms
Kropf et al. Cardiac anomaly detection based on time and frequency | ML Método combinado de andlisis de sefales
(2018)%6 domain features using tree-based classifiers electrocardiogréficas durante el datatén: CinC 2017
Zhao et al. ECG authentication system design incorporating a DL Sistema para la autenticacion de sefales
(2018)’ convolutional neural network and generalized S- electrocardiograficas
Transformation
Blecker et al. Early Identification of Patients With Acute ML Identificacion de pacientes hospitalizados con
(2018)%8 Decompensated Heart Failure insuficiencia cardiaca aguda
Cikes et al. Machine learning-based phenogrouping in heart failure ML Identificacion de pacientes respondedores a
(2018)%° to identify responders to cardiac resynchronization resinscronizacion cardiaca a partir de datos clinicos y

ecocardiograficos
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Heam et al. Neural Networks for Prognostication of Patients With DL Prediccidn de la situacion evolucidn clinica funcional de
(2018)%0 Heart Failure pacientes con insuficiencia cardiaca a partir de datos de
la ergoespirometria

Kalscheur et al. Machine Learning Algorithm Predicts Cardiac ML Identificacion de pacientes respondedores a terapia de

(2018)11 Resynchronization Therapy Outcomes: Lessons From the resincronizacién cardiaca y prediccion de sucesos
COMPANION Trial cardiovasculares

Sodmann et al. A convolutional neural network for ECG annotation as ML, DL Mejorar la estimacién del tipo de ritmo cardiaco a partir

(2018)112 the basis for classification of cardiac rhythms del ECG

Xu et al. (2018)*3 Towards End-to-End ECG Classification with Raw Signal DL Clasificacidn de arritmias cardiacas utilizando datos
Extraction and Deep Neural Networks brutos electrocardiograficos

Yang et al. (2018)!* | Automatic recognition of arrhythmia based on principal ML, DL Combinacion de ambos métodos de inteligencia artificial
component analysis network and linear support vector para filtrar artefactos y clasificar arritmias
machine automaticamente desde el ECG

Fan et al. (2018)> | Multiscaled Fusion of Deep Convolutional Neural DL Identificacion de fibrilacion auricular a partir de una
Networks for Screening Atrial Fibrillation From Single derivacién Unica electrocardiografica
Lead Short ECG Recordings

Plesinger et al. Parallel use of a convolutional neural network and ML, DL Deteccidn automatica de arritmias a partir de datos de

(2018)16 bagged tree ensemble for the classification of Holter ECG holter tras el datatén PhysioNet/CinC Challenge 2017

Das et al. (2018)*” | Unsupervised heart-rate estimation in wearables with DL Estimacién de la frecuencia cardiaca en dispositivos
Liquid states and a probabilistic readout electrénicos

Xiang et al. Automatic QRS complex detection using two-level DL Deteccién automatica de complejos QRS

(2018)118 convolutional neural network

Tison et al. Passive Detection of Atrial Fibrillation Using a DL Deteccion de fibrilacion auricular a partir de datos de

(2018)%° Commercially Available Smartwatch dispositivos de mufieca

Lyon et al. (2018)!%° | Distinct ECG Phenotypes Identified in Hypertrophic ML Identificacion de distintos fenotipos de miocardiopatia

Cardiomyopathy Using Machine Learning Associate With
Arrhythmic Risk Markers

hipertrofica familiar basados en el andlisis del ECG y
caracterizar las diferencias clinicas y anatdmicas con Rm
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Gliner et al. An SVM approach for identifying atrial fibrillation ML Algoritmo para identificar fibrilacidn auricular basado en
(2018)*! el pico de laonda R
Faganel et al. A topological approach to delineation and arrhythmic ML Algoritmo basado en principios topolégicos (teoria de
(2018)122 beats detection in unprocessed long-term ECG signals Morse) para detectar latidos arritmicos en el ECG
Clerx et al. Predicting changes to INa from missense mutations in ML Estudio de simulacidn mecanicista con resultados no
(2018)23 human SCN5A consistentes en la prediccién de cambios en el canal de
Na secundarios a mutaciones del gen SCN5A
Lawson et al. Slow Recovery of Excitability Increases Ventricular ML Simulaciéon de escenarios electrofisiolégicos para
(2018)*%4 Fibrillation Risk as Identified by Emulation investigar el papel de la variabilidad en la densidad y
cinética de los canales idnicos en el comportamiento
arritmico impulsado por rotor
He et al. (2018)'» Automatic Detection of Atrial Fibrillation Based on DL Sistema automatico de deteccién de fibrilacién auricular
Continuous Wavelet Transform and 2D Convolutional basado en caracteristicas tiempo-frecuencia del ECG
Neural Networks
Ebrahimzadeh et Prediction of paroxysmal Atrial Fibrillation: A machine ML Identificacion de fibrilacidn auricular de datos del ECG
al. (2018)*¢ learning based approach using combined feature vector utilizando una combinacidn de algoritmos
and mixture of expert classification on HRV signal
Isasi et al. (2018)'?” | A Machine Learning Shock Decision Algorithm for use ML Algoritmo para mejorar la RCP con decisiones sobre
during Piston-driven Chest Compressions ritmos a desfibrilar y compresiones en el LUCAS2
Xie et al. (2018)*?® | Bidirectional Recurrent Neural Network And DL Clasificacién automatica de latidos cardiacos desde el
Convolutional Neural Network (BiRCNN) For ECG Beat ECG
Classification
Miyatani et al. Deniosing Autoencoder-based Modification of RRI data DL Mejora en la estimacion de la variabilidad de frecuencia
(2018)*%° with Premature Ventricular Contraction for Precise Heart cardiaca evitando contabilizar latidos prematuros
Rate Variability Analysis
Khamis et al. Detection of Atrial Fibrillation from RR Intervals and DL Algoritmo para detector fibrilacidn auricular establecido
(2018)1%0 PQRST Morphology using a Neural Network Ensemble en el datatdon: PhysioNet Computing in Cardiology

Challenge 2017
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Zhou et al. Premature Ventricular Contraction Detection from DL Deteccidn de extrasistolia ventricular
(2018)131 Ambulatory ECG Using Recurrent Neural Networks
Hernandez et al. Atrial Fibrillation Detection in Short Single Lead ECG DL Deteccién automatica de fibrilacidn auricular
(2018)*32 Recordings Using Wavelet Transform and Artificial Neural
Networks
Anwar et al. Arrhythmia Classification of ECG Signals Using Hybrid ML Clasificacion automatica de arritmias cardiacas
(2018)*33 Features
Rizwan et al. AF detection from ECG recordings using feature ML Clasificacidon automadtica de fibrilacion auricular
(2018)%** selection, sparse coding, and ensemble learning resultante del datatén: 2017 PhysioNet Challenge
Yang et al. (2018)'* | Localization of Origins of Premature Ventricular DL Identificacion de extrasitolia ventricular a partir de ECG
Contraction by Means of Convolutional Neural Network de 12 derivaciones
From 12-Lead ECG
Xia et al. (2018)*3¢ Detecting atrial fibrillation by deep convolutional neural DL Deteccién de fibrilacion auricular
networks
Kamaleswaran et A robust deep convolutional neural network for the DL Clasificador de arritmias a partir de una derivacién
al. (2018)* classification of abnormal cardiac rhythm using single electrocardiografica
lead electrocardiograms of variable length
Deng et al. Extracting cardiac dynamics within ECG signal for human | DL Sistema dinamico de clasificacion de patologias
(2018)38 identification and cardiovascular diseases classification cardiacas a partir del ECG
Zhong et al. A deep learning approach for fetal QRS complex ML, DL Sistema de deteccidn de complejos QRS fetales
(2018)1%° detection
Hajimolahoseini et | Inflection point analysis: A machine learning approach for | ML Algoritmo de deteccién de fibrilacidn auricular mediante
al. (2018)° extraction of IEGM active intervals during atrial el anélisis de intervalos intracardiacos
fibrillation
Xiong et al. ECG signal classification for the detection of cardiac DL Sistema para clasificar arritmia desarrollado a partir del
(2018)'4 arrhythmias using a convolutional recurrent neural dataton: 2017 PhysioNet/Computing in Cardiology (CinC)

network

Challenge
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Mena et al. Mobile Personal Health Monitoring for Automated ML Sistema de monitorizacién mavil del ECG disefiado para

(2018)142 Classification of Electrocardiogram Signals in Elderly personas mayores

Teijeiro et al. Abductive reasoning as a basis to reproduce expert ML, DL Identificaciéon automatica de fibrilacién auricular a partir

20183 criteria in ECG atrial fibrillation identification del datatén: 2017 PhysioNet/CinC Challenge

Poh et al. (2018)*** | Diagnostic assessment of a deep learning system for DL Identificacion de fibrilacidn auricular a partir de ondas
detecting atrial fibrillation in pulse waveforms de pulso en pletismografia

Oh et al. (2018)'%® Automated diagnosis of arrhythmia using combination of | DL Deteccidén de patrones electrocardiograficos diferentes
CNN and LSTM techniques with variable length heart con RR variables
beats

Kumar et al. Heart rate monitoring and therapeutic devices: A wavelet | ML Monitorizacidn de la frecuencia cardiaca a partir de la

(2018)14 transform based approach for the modeling and deteccién del QRS del electrocardiograma
classification of congestive heart failure

Savalia et al. Cardiac Arrhythmia Classification by Multi-Layer DL Identificacion de diferentes arritmias a partir del ECG

(2018)¥ Perceptron and Convolution Neural Networks

McGillivray et al. Machine learning methods for locating re-entrant drivers | ML Modelo celular para ubicar los rotores en fibrilacion

(2018)%8 from electrograms in a model of atrial fibrillation auricular de forma automatica usando mediciones

indirectas de ECG

G et al. (2018)'% Classification of ECG beats using deep belief network and | DL Modelo para identificar arritmias a partir de QRS
active learning aislados del ECG

Ma et al. (2018)**° | A novel real-time computational framework for detecting | ML Sistema para distinguir catéteres de guia de otros
catheters and rigid guidewires in cardiac catheterization artefactos similares en la radioscopia durante
procedures procedimientos de electrofisiologia

Zhu et al. (2018)™! | A lightweight piecewise linear synthesis method for DL Sistema para reconstruccién en un ECG de 12
standard 12-lead ECG signals based on adaptive region derivaciones a partir de 3 derivaciones (I, II, V2)
segmentation

Wu et al. (2018)*? | A Comparison of 1-D and 2-D Deep Convolutional Neural | DL Clasificacidn del electrocardiograma entre normal y

Networks in ECG Classification

anormal
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(2019)**

by Applying Machine Learning Methods to Electronic
Health Records in Patients With Hypertrophic
Cardiomyopathy (HCM-VAr-Risk Model)

Nagaraj et al. The revised Cerebral Recovery Index improves ML Prediccion del dafio por encefalopatia andxica tras la
(2018)*3 predictions of neurological outcome after cardiac arrest muerte subita recuperada a partir del analisis de
electroencefalogramas
Nanayakkara et al. | Characterising risk of in-hospital mortality following ML Prediccién de mortalidad en pacientes ingresados con
(2018)*>* cardiac arrest using machine learning: A retrospective muerte subita resucitada
international registry study
Akca et al. (2018)**° | Is There Any Difference in Risk Factors between Male and | ML Algoritmo de prediccién de entrada en fibrilacién
Female Patients in New-Onset Atrial Fibrillation after auricular tras cirugia de pontaje aorto coronario
Coronary Artery Bypass Grafting?
Kwon et al. An Algorithm Based on Deep Learning for Predicting In- DL Prediccidn de parada cardiaca intrahospitalaria
(2018)%°¢ Hospital Cardiac Arrest
Sbrollini et al. Serial electrocardiography to detect newly emerging or DL Deteccidn de patologias cardiacas en fase temprana o
(2019)*7 aggravating cardiac pathology: a deep-learning approach avanzada a partir de electrocardiografia seriada
Erdenebayar et al. | Automatic Prediction of Atrial Fibrillation Based on DL Prediccién automatica de fibrilacidn auricular basada en
(2019)*8 Convolutional Neural Network Using a Short-term redes neuronales convolucionales aplicadas a
Normal Electrocardiogram Signal electrocardiogramas de corto plazo
Biswas et al. CorNET: Deep Learning Framework for PPG-Based Heart DL Estimacién del pulso cardiaco basado en PPG a través de
(2019)1° Rate Estimation and Biometric Identification in Ambulant deep learning con dispositivos wireless en escenarios
Environment ambulatorios
Hannun et al. Cardiologist-level arrhythmia detection and classification | DL Deteccidn y clasificacidon de arritmias en escenarios
(2019)%60 in ambulatory electrocardiograms using a deep neural ambulatorios
network
Bhattacharya et al. | Identifying Ventricular Arrhythmias and Their Predictors ML Identificacion y prediccidn de arritmias ventriculares en

pacientes de cardiomiopatia hipertréfica basada en
registros clinicos electrdnicos
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Attia et al. (2019)%2 | Screening for cardiac contractile dysfunction using an DL Deteccién de disfuncién de la contractilidad cardiaca a
artificial intelligence-enabled electrocardiogram través de deep learning aplicado a sefial
electrocardiogriéfica
Gradolewski et al. A Wavelet Transform-Based Neural Network Denoising DL Eliminacién de ruido en sefales fonocardiograficas
(2019)*63 Algorithm for Mobile Phonocardiography
Karaoguz et al. The quality of ECG data acquisition, and diagnostic ML Inteligencia artificial para la evaluacién de dispositivos
(2019)%64 performance of a novel adhesive patch for ambulatory Holter
cardiac rhythm monitoring in arrhythmia detection
Lozoya et al. Model-Based Feature Augmentation for Cardiac Ablation | DL Modelo para la generacién automatica de datos para la
(2019)*6° Target Learning From Images mejora de algoritmos deep learning de clasificacion de
pacientes candidatos a ablacién cardiaca por
radiofrecuencia
Oliveira et al. Geometrical features for premature ventricular ML Machine learning para la deteccidn de caracteristicas
(2019)¢® contraction recognition with analytic hierarchy process geométricas de contraccion ventricular prematura
based machine learning algorithms selection
Coult et al. Ventricular Fibrillation Waveform Analysis During Chest ML Analisis de formas de onda de fibrilacién ventricular
(2019)¢7 Compressions to Predict Survival From Cardiac Arrest durante compresiones toracicas para la prediccidn de
supervivencia tras parada cardiaca
Gordon et al. PVC Detection Using a Convolutional Autoencoder and DL Deteccién de contracciones ventriculares prematuras
(2019)8 Random Forest Classifier con redes neuronales convolucionales
Sutton et al. PhysOnline: An Open Source Machine Learning Pipeline ML PhysOnline: plataforma de machine learning cédigo
(2019)1° for Real-Time Analysis of Streaming Physiological abierto para el andlisis en tiempo real de
Waveform electrocardiogramas
Cazeau et al. Statistical ranking of electromechanical dyssynchrony ML Clasificacidn estadistica de parametros de
(2019)7° parameters for CRT desincronizacién electromecanica para aplicacién de
terapias de resincronizacién cardiaca
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catecholaminergic polymorphic ventricular tachycardia
family

Alqudah et al. Developing of robust and high accurate ECG beat ML Clasificacion de sefiales electrocardiograficas
(2019)*"1 classification by combining Gaussian mixtures and

wavelets features
Xie et al. (2019)" A compound heterozygosity of Tecrl gene confirmedina | ML Identificacion de genes responsables de taquicardia

ventricular

DL: deep learning (aprendizaje profundo); ML: machine learning (aprendizaje automatico).
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Referencia Titulo Modalidad | Observacion
Liu et al. (2014)'73 Prediction of adverse cardiac events in emergency ML Prediccién de sucesos adversos en unidades de dolor
department patients with chest pain using machine tordcico
learning for variable selection
Kumar et al. Classification of atherosclerotic and non-atherosclerotic ML Clasificacidn entre individuos con o sin enfermedad
(2014)%74 individuals using multiclass state vector machine coronaria
Alshurafa et al. Remote health monitoring: predicting outcome success ML Determinacion del riesgo cardiovascular a partir del
(2014)7° based on contextual features for cardiovascular disease analisis de factores de riesgo y otros parametros clinicos
Zellweger et al. A new memetic pattern based algorithm to ML Algoritmo para excluir enfermedad coronaria
(2014)%7® diagnose/exclude coronary artery disease
Guidi et al. A machine learning system to improve heart failure ML, DL Clasificacion de gravedad de insuficiencia cardiaca
2014)7 atient assistance
p
Liu et al. (2014)'78 Risk stratification for prediction of adverse coronary ML Prediccidn de sindrome coronario agudo en las unidades
events in emergency department chest pain patients de dolor tordcico
with a machine learning score compared with the TIMI
score
Nakajima et al. Diagnostic Performance of Artificial Neural Network for DL Diagndstico automatico de cardiopatia isquémica
(2015)7° Detecting Ischemia in Myocardial Perfusion Imaging
Chen et al. Using Blood Indexes to Predict Overweight Statuses: An ML Este estudio explora una nueva técnica que utiliza
(2015) Extreme Learning Machine-Based Approach mediciones de sangre y bioquimicas para reconocer la
condicion de sobrepeso; y por ende riesgo
cardiovascular
Panahiazar et al. Using EHRs for Heart Failure Therapy Recommendation ML Individualizacién del tratamiento médico en insuficiencia

(2015)8

Using Multidimensional Patient Similarity Analytics

cardiaca
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Panahiazar et al. Using EHRs and Machine Learning for Heart Failure ML Prediccidn de mortalidad en pacientes con insuficiencia
(2015)*82 Survival Analysis cardiaca
Torii et al. (2015)'8 | Risk factor detection for heart disease by applying text NLP Deteccién de patologia cardiovascular identificando
analytics in electronic medical records factores de riesgo cardiovascular en el andlisis de textos
Arsanjani et al. Prediction of revascularization after myocardial perfusion | ML Prediccidn de revascularizacidn coronaria a partir de
(2015)8 SPECT by machine learning in a large population datos clinicos y de SPECT
Drenos et al. Networks in Coronary Heart Disease Genetics As a Step ML Prediccién de enfermedad coronaria a partir de
(2015)*#° towards Systems Epidemiology multiples datos que incluyen polimorfismos genéticos
Roberts et al. The role of fine-grained annotations in supervised NLP Identificacion automatica de factores de riesgo
(2015) recognition of risk factors for heart disease from EHRs cardiovascular a partir de textos
Poddar et al. Automated diagnosis of coronary artery diseased ML Diagnéstico automatico de enfermedad coronaria a
(2015)*¥ patients by heart rate variability analysis using linear and partir del anélisis de la variabilidad de frecuencia
non-linear methods cardiaca
Sladojevic et al. Data Mining Approach for in-Hospital Treatment ML Prediccidn de riesgo en el sindrome coronario agudo
(2015)88 Outcome in Patients with Acute Coronary Syndrome sometido a revascularizacién percutanea
Yang et al. (2015)% | A hybrid model for automatic identification of risk factors | NLP Identificacion automatica de factores de riesgo
for heart disease cardiovascular a partir de textos consecuencia del
dataton i2b2/UTHealth NLP Challenge
Jonnagaddala et al. | Identification and Progression of Heart Disease Risk NLP Identificacion automatica de factores de riesgo
(2015)*%° Factors in Diabetic Patients from Longitudinal Electronic cardiovascular a partir de textos
Health Records
Chen et al. An automatic system to identify heart disease risk factors | NLP Identificacion automatica de factores de riesgo
(2015)™1 in clinical texts over time cardiovascular a partir de textos
Isma'eel et al. Artificial neural network modeling enhances risk DL Uso de redes neuronales artificiales para mejorar la
(2016)°? stratification and can reduce downstream testing for estratificacién de riesgo y la prediccidén de isquemia

patients with suspected acute coronary syndromes,
negative cardiac biomarkers, and normal ECGs

miocardica
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(2016)***

with the risk of future cardiovascular disease in type 2
diabetes

Tylman et al. Real-time prediction of acute cardiovascular events using | ML Sistema de apoyo en la estimacion del estado general de
(2016)3 hardware-implemented Bayesian networks un paciente y riesgo de eventos cardiovasculares
Churpek et al. Multicenter Comparison of Machine Learning Methods ML Algoritmo de deteccidn para identificar pacientes
(2016)%4 and Conventional Regression for Predicting Clinical criticamente enfermos en plantas de hospitalizacion
Deterioration on the Wards
Wiharto et al. Intelligence System for Diagnosis Level of Coronary Heart | ML Sistema para predecir enfermedad coronaria
(2016)*° Disease with K-Star Algorithm
Hoyt et al. (2016)%® | Digital Family History Data Mining with Neural Networks: | DL Sistema basado en redes neuronales para predecir
A Pilot Study riesgo de padecer diabetes, hipertensién o enfermedad
coronaria
Araki et al. A new method for IVUS-based coronary artery disease ML Evaluacién de riesgo coronario mediante la combinacién
(2016)%7 risk stratification: A link between coronary & carotid de la escala de grises de placas ateroscleréticas por IVUS
ultrasound plaque burdens y gorsor intima-media carotidea
Araki et al. PCA-based polling strategy in machine learning ML Sistema de evaluacién de riesgo utilizando el analisis de
(2016)*%® framework for coronary artery disease risk assessment in morfologia de placas de ateroma
intravascular ultrasound: A link between carotid and
coronary grayscale plaque morphology
Celutkiene et al. Combination of single quantitative parameters into ML Modelo para detectar isquemia miocdrdica durante la
(2016)**° multiparametric model for ischemia detection is not ecocardiografia de estrés
superior to visual assessment during dobutamine stress
echocardiography
Motwani et al. Machine learning for prediction of all-cause mortality in ML Sistema de prediccién de mortalidad en pacientes con
(2016)%0° patients with suspected coronary artery disease: a 5-year sospecha de cardiopatia isquémica sometidos a TC
multicentre prospective registry analysis coronario
Afarideh et al. Complex association of serum alanine aminotransferase DL Evaluacién de la asociacidn prospectiva entre los niveles

séricos ALT y enfermedad cardiovascular en diabéticos
tipo 2 usando redes neuronales
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Liu et al. (2016)%% Beatquency domain and machine learning improve ML Evaluacién de la frecuencia y dominios de frecuencia en
prediction of cardiovascular death after acute coronary la prediccidn de riesgo tras un sindrome coronario
syndrome agudo

Ross et al. (2016)?® | The use of machine learning for the identification of ML Algoritmo para predecir mortalidad a partir de pacientes
peripheral artery disease and future mortality risk sometidos a angiografia coronaria

Lopez-de-Andres et | Predictors of in-hospital mortality following major lower | DL Prediccidn de mortalidad en pacientes diabéticos

al. (2016)* extremity amputations in type 2 diabetic patients using sometidos amputados
artificial neural networks

Hu et al. (2016)%% Utilizing Chinese Admission Records for MACE Prediction | ML Prediccidn de sucesos adversos cardiovasculares tras
of Acute Coronary Syndrome sindrome coronario agudo

Narain et al. Cardiovascular risk prediction: a comparative study of DL Prediccion del riesgo cardiovascular comparado con el

(2016)%% Framingham and quantum neural network based score clasico de Framingham
approach

Spertus et al. Assessing Hospital Performance After Percutaneous ML Evaluacién mortalidad en pacientes sometidos a

(2016)%"’ Coronary Intervention Using Big Data revascularizacién percutanea

Mirian et al. A Hybrid ANN-GA Model to Prediction of Bivariate Binary | DL Predicciéon de muerte o bloqueo AV en pacientes con

(2016)%%8 Responses: Application to Joint Prediction of Occurrence infarto de miocardio
of Heart Block and Death in Patients with Myocardial
Infarction

Orphanou et al. DBN-Extended: A Dynamic Bayesian Network Model DL Prediccidon de enfermedad coronaria

(2016)%%° Extended With Temporal Abstractions for Coronary Heart
Disease Prognosis

Berikol et al. Diagnosis of Acute Coronary Syndrome with a Support ML Clasificacién de sindrome coronario agudo en unidades

(2016)%° Vector Machine de dolor toracico en urgencias

Verma et al. A Hybrid Data Mining Model to Predict Coronary Artery ML Prediccidn de enfermedad coronaria a partir de datos

(2016)** Disease Cases Using Non-Invasive Clinical Data clinicos
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McRae et al. Programmable Bio-nanochip Platform: A Point-of-Care ML “Point of care” nanochip en combinacion con algoritmos
(2016)%2 Biosensor System with the Capacity To Learn computacionales para el diagndstico de infarto agudo de
miocardio y otras enfermedades
Karimi et al. A Combination of Constitutive Damage Model and DL Prediccidn de remodelado de las fibras de colageno de
(2017)%3 Artificial Neural Networks to Characterize the Mechanical las arterias coronarias
Properties of the Healthy and Atherosclerotic Human
Coronary Arteries
Schafer et al. Titin-truncating variants affect heart function in disease ML Asociacion de variantes del gen de titina con variables
(2017)%4 cohorts and the general population clinicas y de imagen en el desarrollo de miocardiopatia
dilatada en humanos y modelos animales
Arabasadi et al. Computer aided decision making for heart disease DL Modelo para diagnosticar enfermedad coronaria
(2017)%%° detection using hybrid neural network-Genetic algorithm
Podda et al. Prediction of high on-treatment platelet reactivity in ML, DL Prediccidn de reactividad plaquetaria en pacientes que
(2017)%6 clopidogrel-treated patients with acute coronary reciben clopidogrel tras sindrome coronario agudo
syndromes
Alghamdi et al. Predicting diabetes mellitus using SMOTE and ensemble ML Prediccidn de diabetes en pacientes sin enfermedad
(2017)%Y machine learning approach: The Henry Ford Exerclse coronaria o insuficiencia cardiaca conocidas sometidos a
Testing (FIT) project prueba de esfuerzo
Gao et al. (2017)%8 | Changes and classification in myocardial contractile ML Identificacion de incremento de la tension en la pared
function in the left ventricle following acute myocardial ventricular izquierda como signo indirecto de aumento
infarction en la demanda contractil de los segmentos adyacentes al
infarto
Shah et al. Association of Multiorgan Computed Tomographic ML Riesgo de enfermedad cardiaca (infarto, ictus o muerte
(2017)%%° Phenomap With Adverse Cardiovascular Health cardiovascular) en participantes del estudio Framingham
Outcomes: The Framingham Heart Study sometidos a TC téracoabdominal
Oguz et al. Genotype-driven identification of a molecular network ML, DL Predictor de encontrar calcio coronario
(2017)%%° predictive of advanced coronary calcium in ClinSeq® and

Framingham Heart Study cohorts
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Hu et al. (2017)?% Acute Coronary Syndrome Risk Prediction Based on ML Estimacién de riesgo en el sindrome coronario agudo
GRACE Risk Score comparado con el score GRACE
Karimi et al. A combination of experimental and numerical methods DL Prediccidn de la alteracién del angulo de las fibras de
(2017)%*? to investigate the role of strain rate on the mechanical colageno en arterias coronarias aterosclerdticas
properties and collagen fiber orientations of the healthy
and atherosclerotic human coronary arteries
Lee et al. (2017)*2® | Physiome approach for the analysis of vascular flow ML Algoritmo automatico para estimar la reserva de flujo
reserve in the heart and brain coronario a partir de datos existentes de simulacién
fisiémica
Weng et al. Can machine-learning improve cardiovascular risk ML Prediccidn del primer evento cardiovascular a 10 afios,
(2017)%%4 prediction using routine clinical data? estimado el riesgo cardiovascular
Forssen et al. Evaluation of Machine Learning Methods to Predict ML Prediccidn de enfermedad coronaria a partir de datos
(2017)%* Coronary Artery Disease Using Metabolomic Data metaboldmicos
Takeuchi et al. Novel Risk Assessment Tool for Immunoglobulin ML Algoritmo para predecir la resistencia del tratamiento
(2017)%% Resistance in Kawasaki Disease: Application Using a con inmunoglobulina en la enfermedad coronaria de
Random Forest Classifier Kawasaki en nifios
Buchan et al. Automatic prediction of coronary artery disease from NLP Prediccidn de enfermedad coronaria a partir del andlisis
(2017)% clinical narratives de texto de historias clinicas
Wallert et al. Predicting two-year survival versus non-survival after first | ML Prediccidn de mortalidad tras infarto agudo de
(2017)%%8 myocardial infarction using machine learning and miocardio con datos procedentes del registro
Swedish national register data SWEDEHEART
Ambale-Venkatesh | Cardiovascular Event Prediction by Machine Learning: ML Prediccidn de sucesos cardiovasculares en comparacién
et al. (2017)?¥ The Multi-Ethnic Study of Atherosclerosis con scores de riesgo cardiovascular clasicos
Basu et al. (2017)° | Development and validation of Risk Equations for ML Prediccidn de sucesos cardiovasculares en diabéticos a

Complications Of type 2 Diabetes (RECODe) using
individual participant data from randomised trials

partir de datos demograficos, clinicos, comorbilidades,
medicacion y biomarcadores
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Shouval et al. Machine learning for prediction of 30-day mortality after | ML Prediccidn de mortalidad a 30 dias en pacientes con
(2017)%1 ST elevation myocardial infraction: An Acute Coronary infarto agudo de miocardio con elevacion del segmento
Syndrome lIsraeli Survey data mining study ST y comparacion con scores clasicos
Kim et al. (2017)%*> | Neural Network-Based Coronary Heart Disease Risk DL Prediccion de riesgo cardiovascular comparado con
Prediction Using Feature Correlation Analysis otros scores clasicos
El-Askary et al. Remote sensing observation of annual dust cycles and DL Modelo predictivo de brotes para la enfermedad de
(2017)%3 possible causality of Kawasaki disease outbreaks in Japan Kawasaki con el objetivo final de pronosticar e intervenir
de forma temprana utilizando un sistema de alerta
temprana
Huang et al. MACE prediction of acute coronary syndrome via ML Prediccidn de sucesos cardiovasculares adversos en
(2017)%4 boosted resampling classification using electronic pacientes con sindrome coronario agudo
medical records
Isma'eel et al. Artificial neural network-based model enhances risk DL Prediccidn de enfermedad coronaria en sujetos
(2018)%° stratification and reduces non-invasive cardiac stress sometidos a test de isquemia
imaging compared to Diamond-Forrester and Morise risk
assessment models: A prospective study
Tao el al (2018)%¢ Magnetocardiography based Ischemic Heart Disease ML Algoritmo de localizacién automatica de isquemia
Detection and Localization using Machine Learning miocardica a partir del analisis delaonda T
Methods
Hae et al. (2018)%*” | Machine learning assessment of myocardial ischemia ML Sistema para predecir territorios isquémicos
using angiography: Development and retrospective
validation
Shi et al. (2018)%3 Vulnerable Plague Recognition Based on Attention Model | DL Identificacion de placas vulnerables con datos
with Deep Convolutional Neural Network provenientes del datatdn 2017 CCCV-IVOCT Challenge
Pieszko et al. Machine-learned models using hematological ML Algoritmo de prediccién de sucesos adversos en el
(2018)%° inflammation markers in the prediction of short-term sindrome coronario agudo utilizando marcadores

acute coronary syndrome outcomes

inflamatorios
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Tomorrow's approach to diagnosing acute coronary
syndromes?

van Rosendael et Maximization of the usage of coronary CTA derived ML Prediccion del riesgo cardiovascular con la informacion
al. (2018)*° plague information using a machine learning based del arbol coronario de 16 segmentos derivada de TCy
algorithm to improve risk stratification; insights from the comparacion con escalas convencionales
CONFIRM registry
Duggal et al. Survival outcomes post percutaneous coronary ML Algoritmo para predecir sucesos cardiovasculares tras el
(2018)* intervention: Why the hype about stent type? Lessons intervencionismo percutaneo coronario
from a healthcare system in India
Alizadehsani et al. Non-invasive detection of coronary artery disease in ML Algoritmo de identificacién de enfermedad coronaria
(2018)%42 high-risk patients based on the stenosis prediction of que especifica arteria coronaria afectada
separate coronary arteries
Xiao et al. (2018)?*3 | A Deep Learning Approach to Examine Ischemic ST DL Identificador de cambios en el ST para detectar isquemia
Changes in Ambulatory ECG Recordings precoz
Rose et al. (2018)** | Double robust estimation for multiple unordered ML Evaluacidn de stents farmacoldgicos a través de datos
treatments and clustered observations: Evaluating drug- heterogéneos
eluting coronary artery stents
Dozio et al. Plasma fatty acid profile as biomarker of coronary artery | DL Papel diagndstico de los acidos grasos en el diagnéstico
(2018)%%° disease: a pilot study using fourth generation artificial de la enfermedad coronaria
neural networks
Steele et al. Machine learning models in electronic health records can | ML Prediccidon de muerte en la enfermedad coronaria
(2018)%% outperform conventional survival models for predicting
patient mortality in coronary artery disease
Zellweger et al. A new non-invasive diagnostic tool in coronary artery ML Estimacién del riesgo coronario en comparacién con el
(2018)%¥ disease: artificial intelligence as an essential element of score de Framingham
predictive, preventive, and personalized medicine
Body (2018)*® Acute coronary syndromes diagnosis, version 2.0: ML Identificacion de sindrome coronario agudo en el dolor

tordacico en urgencias
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Yahyaie et al. Use of Internet of Things to Provide a New Model for DL Modelo predictivo para sucesos cardiacos adversos
(2018)* Remote Heart Attack Prediction siguiendo el concepto “Internet of Things” es decir
dispositivos con acceso a internet que permite
estratificacion inmediata
Brown et al. Does Twitter language reliably predict heart disease? A ML Analisis de las expresiones utilizadas en Twitter
(2018)%° commentary on Eichstaedt et al. (2015a) (categorizadas como buen o mal lenguaje) y su
asociacién con mortalidad isquémica
McAllister et al. Combining deep residual neural network features with DL Clasificacion por imagen del tipo de comida para control
(2018)%1 supervised machine learning algorithms to classify dietético en pacientes diabéticos o con riesgo
diverse food image datasets cardiovascular
Zhang et al. Predicting Locations of High-Risk Plaques in Coronary ML Prediccidn de localizacion y tipo de placa aterosclerética
(2018)%>2 Arteries in Patients Receiving Statin Therapy coronaria en pacientes de alto riesgo con estatinas
Huang et al. A Regularized Deep Learning Approach for Clinical Risk DL Estratificacidn clinica en pacientes con sindrome
(2018)%3 Prediction of Acute Coronary Syndrome Using Electronic coronario agudo
Health Records
Tan et al. (2018)** | Application of stacked convolutional and long short-term | DL Deteccién automatica de signos de isquemia miocardica
memory network for accurate identification of CAD ECG a partir de sefales electrocardiograficas
signals
Margulis et al. Combining Desorption Electrospray lonization Mass ML Modelo para diferenciar infarto de miocardio por
(2018)%° Spectrometry Imaging and Machine Learning for espectometria de masas en modelo animal murino
Molecular Recognition of Myocardial Infarction
Yang et al. (2018)%® | Multi-dimensional proprio-proximus machine learning for | ML Clasificacion de grado de infarto en regiones del
assessment of myocardial infarction ventriculo izquierdo basado en informacidn extraida de
resonancia magnética
Kigka et al. A Machine Learning Approach for the Prediction of the ML Prediccidon de enfermedad coronaria a partir de datos
(2018)%7 Progression of Cardiovascular Disease based on Clinical clinicos y de imagen

and Non-Invasive Imaging Data
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(2019)26

segmentation of left ventricle myocardial scar from 3D
late gadolinium enhancement MR images

Singh et al. Effective heart disease prediction system using data DL Sistema de prediccién de enfermedad coronaria a partir
(2018)%8 mining techniques de datos como edad, sexo, presidn arterial, colesterol y
obesidad.
Haro Alonso et al. Prediction of cardiac death after adenosine myocardial ML Prediccidn de muerte cardiovascular a partir de datos
(2018)%° perfusion SPECT based on machine learning clinicos y de SPECT
Naushad et al. Machine learning algorithm-based risk prediction model ML Modelo predictivo de enfermedad coronaria y
(2018)%*° of coronary artery disease porcentaje de estenosis
Stuckey et al. Cardiac Phase Space Tomography: A novel method of ML Determinacion del rendimiento diagndstico del analisis
(2018)%¢1 assessing coronary artery disease utilizing machine del TC en el espacio espacial en pacientes con dolor
learning tordacico remitidos para angiografia coronaria
Good et al. Temporal Performance of Laplacian Eigenmaps and 3D ML Deteccién de isquemia aguda por el analisis automatico
(2018)%¢2 Conduction Velocity in Detecting Ischemic Stress electrocardiografico en modelo animal
Chen et al. A Meta-Prediction of Methylenetetrahydrofolate- ML Analisis entre los polimorfismos de la
(2018)%¢3 Reductase Polymorphisms and Air Pollution Increased metilenotetrahidrofolato reductasa y el riesgo de
the Risk of Ischemic Heart Diseases Worldwide enfermedad coronaria
Oman et al. 3D convolutional neural networks applied to CT DL Deteccién de lesiones isquémicas en angiografias por
(2019)%%4 angiography in the detection of acute ischemic stroke tomografia computarizada
Heo et al. (2019)*%° | Machine Learning-Based Model for Prediction of ML Prediccion de evolucién de pacientes infarto agudo
Outcomes in Acute Stroke basado en modelos machine learning
Vallée et al. Coronary heart disease diagnosis by artificial neural DL Clasificacién de riesgo de enfermedad coronaria con
(2019)%%¢ networks including aortic pulse wave velocity index and redes neuronales artificiales a partir de datos clinicos y
clinical parameters velocidades de pulso adrtico
Balanescu et al. A Cancer Paradox: Machine-Learning Backed Propensity- | ML Evaluacién del riesgo de enfermedad cardiovascular en
(2019)%¢7 Score Analysis of Coronary Angiography Findings in pacientes oncoldgicos
Cardio-Oncology
Zabihollahy et al. Convolutional neural network-based approach for DL Segmentacién de lesiones en el miocardio del ventriculo

izquierdo en imagenes por resonancia magnética con
realce tardio de gadolinio
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Yu et al. (2019)%%° The best predictor of ischemic coronary stenosis: ML Comparativa de predictores de estenosis coronaria con
subtended myocardial volume, machine learning-based isquemia, con FFRCT basada en machine learning, entre
FFRCT, or high-risk plaque features? ellos

Vernon et al. Utilizing state-of-the-art "omics" technology and ML Utilizacién del estado del arte en tecnologias dmicas,

(2019)%7° bioinformatics to identify new biological mechanisms and bioinformatica y machine learning para la identificacién
biomarkers for coronary artery disease de nuevos mecanismos y biomarcadores de enfermedad

coronaria

Chen et al. Prediction of cardiovascular outcomes with machine ML Prediccidn de diagndsticos. Aplicacién al estudio CORAL

(2019)?"1 learning techniques: application to the Cardiovascular (Cardiovascular Outcomes in Renal Atherosclerotic
Outcomes in Renal Atherosclerotic Lesions (CORAL) study Lesions)

Li et al. (2019)?"2 Unhealthy Behaviors, Prevention Measures, and ML Identificacion de predictores de enfermedad coronaria e
Neighborhood Cardiovascular Health: A Machine infarto a partir de datos poblacionales, geograficos y de
Learning Approach habitos saludables

Freiman et al. Unsupervised abnormality detection through mixed DL Deteccién automatica de lesiones

(2019) 273 structure regularization (MSR) in deep sparse
autoencoders

Goto et al. Artificial intelligence to predict needs for urgent ML Inteligencia artificial para la prediccion de

(2019)%4 revascularization from 12-leads electrocardiography in revascularizaciones urgentes a partir de
emergency patients electrocardiografia de 12 sefiales en pacientes en

unidades de emergencia

Pieszko et al. Predicting Long-Term Mortality after Acute Coronary ML Prediccidn de mortalidad a largo plazo tras sindrome

(2019)?7® Syndrome Using Machine Learning Techniques and coronario agudo
Hematological Markers

Cho et al. (2019)?® | Angiography-Based Machine Learning for Predicting ML Calculo de la reserva fraccional de flujo en coronarias
Fractional Flow Reserve in Intermediate Coronary Artery con lesiones intermedias basado en angiografia
Lesions

Duan et al. Utilizing dynamic treatment information for MACE DL Prediccidn de sindrome coronario agudo a partir de

(2019)?”7 prediction of acute coronary syndrome registros clinicos electrénicos
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Bazylev et al. [Predictors of early occlusion of coronary bypass graftsin | ML Identificacion de predictores de oclusién de bypasses
(2019)%78 patients with extremely low ejection fraction] coronarios en pacientes con fraccidon de eyeccion
severamente deprimida

Adela et al. Serum protein signature of coronary artery disease in ML Identificacion de biomarcadores proteinicos de
(2019)?7° type 2 diabetes mellitus enfermedad coronaria en pacientes de diabetes tipo 2
Sharma et al. Patient Phenotypes, Cardiovascular Risk, and Ezetimibe ML Fenotipado, estratificacion de riesgo y tratamiento en
(2019)%° Treatment in Patients After Acute Coronary Syndromes pacientes de sindrome coronario agudo

(from IMPROVE-IT)

DL: deep learning (aprendizaje profundo); ML: machine learning (aprendizaje automatico); NLP: natural language processing (procesamiento del lenguaje

natural).
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Tabla 3 del material adicional

Publicaciones inteligencia artificial en insuficiencia cardiaca

(2015)%#

Status Classification in Clinical Narrative Documents

Referencia Titulo Modalidad | Observacion
Myers et al. A neural network approach to predicting outcomes in DL Prediccién de mortalidad en pacientes con insuficiencia
(2014)%1 heart failure using cardiopulmonary exercise testing cardiaca crénica a partir de datos de la ergoespirometria
Schmitz et al. Identification of genetic markers for treatment success in | ML Identificacion de respondedores a la terapia de
(2014)%2 heart failure patients: insight from cardiac resincronizacién a partir de datos clinicos y variantes
resynchronization therapy genéticas
Ooi et al. (2014)*®3 | Robust aortic valve non-opening detection for different ML Deteccidon automatica del grado de apertura valvular
cardiac conditions aodrtico en la optimizacidn de asistencias ventriculares y
recuperacion miocardica
Bondar et al. Comparison of whole blood and peripheral blood ML Prediccidn de fallo multiorgdnico en insuficiencia
(2014)%4 mononuclear cell gene expression for evaluation of the cardiaca a partir del andlisis de genes compartidos por
perioperative inflammatory response in patients with células mononucleares periféricas y sangre total
advanced heart failure
Summers et al. Functionality of empirical model-based predictive ML Simulador computacional de inestabilizaciones
(2014)%5 analytics for the early detection of hemodynamic hemodinamicas
instability
Guidi et al. A multi-layer monitoring system for clinical management | ML Sistema de monitorizacién remota para pacientes con
(2015)%% of Congestive Heart Failure insuficiencia cardiaca
Nilsson et al. The International Heart Transplant Survival Algorithm ML Prediccidn de supervivencia en pacientes trasplantados
(2015)% (IHTSA): a new model to improve organ sharing and
survival
Meystre et al. Heart Failure Medications Detection and Prescription ML Identificacion de tratamiento médico en pacientes con

insuficiencia cardiaca
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Xu et al. (2015)%° Multi-objective optimization of pulsatile ventricular assist | DL Optimizacién de la hemocompatibilidad de las
device hemocompatibility based on neural networks and asistencias ventriculares
a genetic algorithm
Alonso-Betanzos et | Exploring Guidelines for Classification of Major Heart ML Clasificacion del tipo de insuficiencia cardiaca (con FE
al. (2015)%° Failure Subtypes by Using Machine Learning reducida o preservada) determinando el punto de corte
ideal de la FE
Mohammadzadeh | Chronic Heart Failure Follow-up Management Based on ML Monitorizacidn de insuficiencia cardiaca
et al. (2015)%1 Agent Technology
Liu et al. (2015)%? Blood pressure and heart rate from the arterial blood ML Estimacion del gasto cardiaco en un modelo animal
pressure waveform can reliably estimate cardiac output
in a conscious sheep model of multiple hemorrhages and
resuscitation using computer machine learning
approaches
Steventon et al. Effect of telehealth on hospital utilisation and mortality ML Sistema de monitorizacién en domicilio en pacientes con
(2016)%3 in routine clinical practice: a matched control cohort insuficiencia cardiaca
study in an early adopter site
Sideris et al. A flexible data-driven comorbidity feature extraction ML Sistema no supervisado para predecir evolucién en una
(2016)%4 framework cohorte extensa que incluye pacientes con insuficiencia
cardiaca
Hou et al. (2016)*°> | [Investigation into Feasibility of Congestive Heart Failure | DL Andlisis de la variabilidad de la frecuencia cardiaca en el
Diagnosis Based on Analysis of Very Short-term Heart diagndstico de insuficiencia cardiaca
Rate Variability]
Blecker et al. Comparison of Approaches for Heart Failure Case ML Desarrollo de un algoritmo que utilizando datos clinicos
(2016)%°® Identification From Electronic Health Record Data identifica pacientes con insuficiencia cardiaca
Karanasiou et al. Predicting adherence of patients with HF through ML Sistema de prediccién de adherencia terapéutica en
(2016)%’ machine learning techniques pacientes con insuficiencia cardiaca
Altan et al. A new approach to early diagnosis of congestive heart DL Clasificacidn de pacientes con insuficiencia cardiaca o
(2016)%%® failure disease by using Hilbert-Huang transform enfermedad coronaria a partir de datos del ECG
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Mortazavi et al. Analysis of Machine Learning Techniques for Heart ML Prediccidn de reingresos hospitalarios en insuficiencia
(2016)%° Failure Readmissions cardiaca
Farhan et al. A Predictive Model for Medical Events Based on ML Modelo predictivo combinando diferentes variables
(2016)30° Contextual Embedding of Temporal Sequences (diagndstica, prescripciones, test laboratorios) aplicado a
la insuficiencia cardiaca
Argerich et al. Evaluation of periodic breathing in respiratory flow signal | ML Identificacion de insuficiencia cardiaca mediante el
(2016)3** of elderly patients using SVM and linear discriminant analisis de la amplitud del patrén respiratorio
analysis
Ng et al. (2016)3 Early Detection of Heart Failure Using Electronic Health ML Prediccidn de insuficiencia cardiaca en atencién primaria
Records: Practical Implications for Time Before Diagnosis,
Data Diversity, Data Quantity, and Data Density
Tsai et al. (2016)** | Length of Hospital Stay Prediction at the Admission Stage | DL Prediccidn de la estancia hospitalaria en tres patologias:
for Cardiology Patients Using Artificial Neural Network insuficiencia cardiaca, infarto de miocardio y
aterosclerosis coronaria
Masetic et al. Congestive heart failure detection using random forest ML, DL Diagndstico de insuficiencia cardiaca a partir de datos
(2016)304 classifier electrocardiograficos
Buzaev et al. Artificial intelligence: Neural network model as the DL Prediccidn de éxito de revascularizacion (quirurgico vs.
(2016)3% multidisciplinary team member in clinical decision Percutdneo) en pacientes con enfermedad coronaria
support to avoid medical mistakes
Choi et al. (2017)*% | Using recurrent neural network models for early DL Sistema para mejora en el diagnéstico inicial de
detection of heart failure onset insuficiencia cardiaca
Frizell et al. Prediction of 30-Day All-Cause Readmissions in Patients ML Prediccidn de rehospitalizaciones en insuficiencia
(2017)37 Hospitalized for Heart Failure: Comparison of Machine cardiaca
Learning and Other Statistical Approaches
Shameer et al. Predictive Modeling of Hospital Readmission Rates Using | ML Prediccidn de reingresos hospitalarios en insuficiencia

(2017)%®

Electronic Medical Record-Wide Machine Learning: A
Case-Study Using Mount Sinai Heart Failure Cohort

cardiaca
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Katz et al. (2017)*® | Phenomapping for the Identification of Hypertensive ML Algoritmo de identificacién de pacientes hipertensos
Patients with the Myocardial Substrate for Heart Failure gue puedan desarrollar insuficiencia cardiaca con
with Preserved Ejection Fraction funcién ventricular conservada
Zhang et al. Automatic Methods to Extract New York Heart NLP Identificacion de la clase funcional a partir de notas en la
(2017)310 Association Classification from Clinical Notes historia electrénica
Sanchez-Martinez Characterization of myocardial motion patterns by ML Caracterizacién automatica de los patrones de respuesta
et al. (2017)3% unsupervised multiple kernel learning al estrés en la insuficiencia cardiaca con fraccion de
eyeccién preservada
Meystre et al. Congestive heart failure information extraction NLP Optimizacidén del tratamiento médico de la insuficiencia
(2017)%*2 framework for automated treatment performance cardiaca utilizando sistemas de reconocimiento
measures assessment automatico de texto
Gleeson et al. ECG-derived spatial QRS-T angle is associated with ICD ML Algoritmo de prediccidn prondstica en pacientes con
(2017)%8 implantation, mortality and heart failure admissions in insuficiencia cardiaca con fraccién de eyeccion entre 31-
patients with LV systolic dysfunction 40% evaluando la relacidon entre el angulo espacial QRS-
T
Xing et al. (2017)*** | Machine-Learning-Assisted Approach for Discovering ML Prediccidn de la probabilidad que un compuesto sea un
Novel Inhibitors Targeting Bromodomain-Containing inhibidor de la proteina 4 que contiene bromodominio
Protein 4 (BRD4) implicada en la patogénesis de la insuficiencia
cardiaca
Iborra-Egea et al. Mechanisms of action of sacubitril/valsartan on cardiac ML Sistema in silico para conocer los mecanismos de accién
(2017)3%® remodeling: a systems biology approach del sacubitrilo-valsartan
Oskouie et al. Differences in Repolarization Heterogeneity Among Heart | ML Diferenciacion entre diferentes grupos de insuficiencia
(2017)31® Failure With Preserved Ejection Fraction Phenotypic cardiaca con fraccién de eyeccién preservada en funcién

Subgroups

de la heterogeneidad de la repolarizaciéon
electrocardiografica
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Steinhoff et al. Cardiac Function Improvement and Bone Marrow ML Identificacién de respondedores a terapia celular tras
(2017)3Y Response -: Outcome Analysis of the Randomized infarto de miocardio y mala funciéon ventricular
PERFECT Phase Il Clinical Trial of Intramyocardial CD133+
Application After Myocardial Infarction
Al-Mallah et al. Using Machine Learning to Define the Association ML Prediccidn de mortalidad a 10 afios en una cohorte de
etween Cardiorespiratory Fitness an -Cause pacientes que fueron sometidos a prueba de esfuerzo
(2017)%8 b Cardi i Fi d All-C i f id ba de esf
Mortality (from the Henry Ford Exercise Testing Project)
Myers et al. Machine Learning Improves Risk Stratification After ML Prediccién mortalidad en el sindrome coronario agudo
cute Coronary Syndrome sin elevacion del segmento
(2017)3%° Acute C Synd in elevacion del ST
van der Ster et al. Support Vector Machine Based Monitoring of Cardio- ML Algoritmo para predecir parametros hemodinamicos
erebrovascular Reserve during Simulated Hemorrhage que facilitarian la deteccion del shock hipovolémico
(2017)%% Cereb lar R during Simulated H h facilitarian la d ion del shock hi [émi
Wenhu et al. A CHF detection method based on deep learning with RR | DL Deteccidn de insuficiencia cardiaca basada en el analisis
(2017)3% intervals de la variabilidad de frecuencia cardiaca
Mustageem et al. A statistical analysis based recommender model for heart | ML Modelo predictivo de enfermedad coronaria y
(2017)32 disease patients recomendaciones medicamentosas
Sakr et al. (2017)32® | Comparison of machine learning techniques to predict ML Prediccidn de mortalidad utilizando datos provenientes
all-cause mortality using fitness data: the Henry ford de ergometria
exerclse testing (FIT) project
Au-Yeung et al. Development and validation of warning system of ML Algoritmo para predecir arritmias ventriculares
(2018)%%* ventricular tachyarrhythmia in patients with heart failure utilizando la variabilidad de la frecuencia cardiaca en
with heart rate variability data pacientes con DAl procedentes del estudio SCD-HeFT
Wang et al. CHF Detection with LSTM Neural Network DL Clasificacién de insuficiencia cardiaca a partir de la
(2018)3%® variabilidad de la frecuencia cardiaca
Zhang et al. Congestive Heart Failure Detection Via Short-Time DL, ML Clasificacion de insuficiencia cardiaca utilizando
(2018)3% Electrocardiographic Monitoring For Fast Reference intervalos RR, variabilidad frecuencia cardiaca y datos

Advice In Urgent Medical Conditions

clinicos
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McKinley et al. Impact of a Pharmacist-Led Intervention on 30-Day ML Sistema de prediccidn de reingreso por insuficiencia
(2018)3%/ Readmission and Assessment of Factors Predictive of cardiaca en afro-americanos sometidos a un sistema de
Readmission in African American Men With Heart Failure adherencia e intervencién farmacolégica
Xiao et al. (2018)**® | Readmission prediction via deep contextual embedding DL Modelo de prediccidn de reingresos hospitalarios en
of clinical concepts pacientes con insuficiencia cardiaca
Wang et al. Mortality prediction system for heart failure with ML Sistema de prediccidn de mortalidad en insuficiencia
(2018)3%° orthogonal relief and dynamic radius means cardiaca
Mahajan et al. Predicting Risk of 30-Day Readmissions Using Two ML Prediccidn de reingreso en paciente con insuficiencia
(2018)3%0 Emerging Machine Learning Methods cardiaca
Rasmy et al. A study of generalizability of recurrent neural network- DL Prediccidn de insuficiencia cardiaca
(2018)331 based predictive models for heart failure onset risk using
a large and heterogeneous EHR data set
Lindholm et al. Bioimpedance and New-Onset Heart Failure: A ML Establecer nuevos factores de riesgo de insuficiencia
(2018)332 Longitudinal Study of >500 000 Individuals From the cardiaca para un diagndstico precoz y tratamiento
General Population preventivo
Kwon et al. RetainVis: Visual Analytics with Interpretable and DL Sistema interactivo para la prediccion de riesgo basado
(2018)333 Interactive Recurrent Neural Networks on Electronic en codigos médicos individuales usado en insuficiencia
Medical Records cardiaca
Kakarmath et al. Validating a Machine Learning Algorithm to Predict 30- ML Prediccidn rehospitalizacion en pacientes con
(2018)3%* Day Re-Admissions in Patients With Heart Failure: insuficiencia cardiaca
Protocol for a Prospective Cohort Study
Tabassian et al. Diagnosis of Heart Failure With Preserved Ejection ML Andlisis del tiempo, amplitud y deformacién ventricular
(2018)33° Fraction: Machine Learning of Spatiotemporal Variations izquierda durante el ciclo cardiaco como criterios
in Left Ventricular Deformation diagndsticos de insuficiencia cardiaca con funcion
sistdlica preservada
Bose et al. (2018)*3¢ | Using Unsupervised Machine Learning to |dentify ML Identificacion de usuarios ideales para monitorizacion

Subgroups Among Home Health Patients With Heart
Failure Using Telehealth

domiciliaria con insuficiencia cardiaca
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Michalik et al. An interactive assistant for patients with cardiac ML Disefio de un estudio multicéntrico para encontrar un
(2018)3%7 implantable electronic devices: A study protocol of the modelo predictivo que identifique beneficiarios de un
LUCY trial seguimiento de dispositivos implantables en pacientes
con insuficiencia cardiaca
Seah et al. (2018)**® | Chest Radiographs in Congestive Heart Failure: DL Diagnéstico de insuficiencia cardiaca a partir de la
Visualizing Neural Network Learning clasificacion de radiografias de térax convencionales
Kashihara (2018)**® | Nonlinear System Identification Based on Convolutional DL Prediccidn de la respuesta hemodinamica a agentes
Neural Networks for Multiple Drug Interactions inotrépicos y vasodilatadores
Etemadi et al. Wearable ballistocardiogram and seismocardiogram ML Estimacién automatica del gasto cardiaco, contractilidad
(2018)3% systems for health and performance y presion arterial con dispositivos moviles
Dogan et al. Integrated genetic and epigenetic prediction of coronary | ML Prediccidn de enfermedad coronaria utilizando
(2018)34 heart disease in the Framingham Heart Study informacién del estudio Framingham que incluye datos
genéticos
Inan et al. (2018)3%? | Novel Wearable Seismocardiography and Machine ML Clasificacion en estados de descompensacién de
Learning Algorithms Can Assess Clinical Status of Heart insuficiencia cardiaca utilizando dispositivos mdviles y la
Failure Patients respuesta de la frecuencia cardiaca al ejercicio
submaximo
Medved et al. Improving prediction of heart transplantation outcome DL Prediccidn de mortalidad en el trasplante cardiaco y
(2018)343 using deep learning techniques comparacion con scores clasicos
Yoon et al. Personalized survival predictions via Trees of Predictors: ML Algoritmo de prediccidén prondstica en pacientes
(2018)34 An application to cardiac transplantation trasplantados
Samad et al. Predicting deterioration of ventricular function in ML Prediccidn de deterioro ventricular derecho en pacientes
(2018)3% patients with repaired tetralogy of Fallot using machine con tetralogia de Fallot
learning
Guaricci et al. CarDiac MagnEtic Resonance for Primary Prevention ML Diseiio de estudio que pretende mejorar la seleccién de
201834 Implantable CardioVerter DebrillAtor ThErapy pacientes con insuficiencia cardiaca que se beneficiaran

international registry: Design and rationale of the
DERIVATE study

del implante de DAI
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Sanchez-Martinez Machine Learning Analysis of Left Ventricular Functionto | ML Clasificacion de insuficiencia cardiaca con FE preservada
et al. (2018)*% Characterize Heart Failure With Preserved Ejection frente a sujetos sanos a partir del andlisis automatico de
Fraction la funcién del ventriculo izquierdo en reposo y ejercicio
Nirschl et al. A deep-learning classifier identifies patients with clinical DL Clasificador para detectar insuficiencia cardiaca a partir
(2018)3%® heart failure using whole-slide images of H&E tissue de imagenes de biopsias endomiocardicas tefiidas con
hematoxilina-eosina
Ahmad et al. Machine Learning Methods Improve Prognostication, ML Identificacion de distintos fenotipos de pacientes con
(2018)3% Identify Clinically Distinct Phenotypes, and Detect insuficiencia cardiaca y la heterogeneidad en la
Heterogeneity in Response to Therapy in a Large Cohort respuesta al tratamiento
of Heart Failure Patients
Golas et al. A machine learning model to predict the risk of 30-day ML Modelo predictivo de reingreso hospitalario a 30 dias en
(2018)3%° readmissions in patients with heart failure: a pacientes con insuficiencia cardiaca
retrospective analysis of electronic medical records data
Zhang et al. Discovering and identifying New York heart association NLP Identificacion de la clase funcional en pacientes
(2018)%1 classification from electronic health records sometidos a terapia de resincronizacidn cardiaca
Puyol et al. Regional Multi-view Learning for Cardiac Motion ML Clasificacién automatica de pacientes con
(2018)3>2 Analysis: Application to Identification of Dilated miocardiopatia dilatada
Cardiomyopathy Patients
Sahl et al. (2019)3> | Multiscale characterization of heart failure ML Caracterizacién multiescala de pacientes de insuficiencia
cardiaca
Awan et al. Machine learning-based prediction of heart failure ML Prediccidn de riesgo de readmisién o muerte en
(2019)3>* readmission or death: implications of choosing the right pacientes de insuficiencia cardiaca
model and the right metrics
Przewlocka- Contribution of Cardiovascular Reserve to Prognostic ML Clasificacidn de pacientes de insuficiencia cardiaca con

Kosmala et al.
(2019)%°

Categories of Heart Failure With Preserved Ejection
Fraction: A Classification Based on Machine Learning

fraccién de eyeccién preservada
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Maragatham et al. | LSTM Model for Prediction of Heart Failure in Big Data DL Redes neuronales LSTM (long short term memory) y big

(2019)%¢ data para la prediccion de insuficiencia cardiaca

Al'Aref et al. Determinants of In-Hospital Mortality After Percutaneous | ML Identificacion de predictores de mortalidad

(2019)%7 Coronary Intervention: A Machine Learning Approach intrahospitalaria tras intervencidn coronaria percutdnea

Chung et al. Unsupervised classification of multi-omics data during DL Clasificacién no supervisada de datos multi-dmicos

(2019)38 cardiac remodeling using deep learning durante el proceso de remodelacién cardiaca

Wang et al. Detection of Congestive Heart Failure Based on LSTM- DL Deteccidén de pacientes de insuficiencia cardiaca

(2019)3° Based Deep Network via Short-Term RR Intervals congestiva

Li et al. (2019)3¢° Time Series Characteristics of Serum Branched-Chain ML Identificacion de biomarcadores para el diagndstico
Amino Acids for Early Diagnosis of Chronic Heart Failure temprano de insuficiencia cardiaca crénica

DL: deep learning (aprendizaje profundo); ML: machine learning (aprendizaje automatico); NLP: natural language processing (procesamiento del lenguaje

natural).
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Tabla 4 del material adicional

Publicaciones inteligencia artificial en imagen cardiaca

emission tomography

Referencia Titulo Modalidad | Observacion
Sheet et al. Joint learning of ultrasonic backscattering statistical ML Caracterizacion tisular de placas de ateroma a partir de
(2014)3%61 physics and signal confidence primal for characterizing imagenes de IVUS
atherosclerotic plaques using intravascular ultrasound
Sun et al. (2014)%*% | A computer-aided diagnostic algorithm improves the DL Identificacion de trombo en orejuela izquierda a partir
accuracy of transesophageal echocardiography for left del ecocardiograma transesofagico
atrial thrombi: a single-center prospective study
Takx et al. (2014)3%® | Automated coronary artery calcification scoring in non- ML Cuantificacidon automatica del score de calcio coronario
gated chest CT: agreement and reliability en pacientes con cancer sometidos a TC
Afshin et al. Regional assessment of cardiac left ventricular ML Segmentacién automadtica del ventriculo izquierdo a
(2014)3%4 myocardial function via MRI statistical features partir de imagenes de RM
Sheet et al. Hunting for necrosis in the shadows of intravascular ML Clasificacion automatica de imagenes de placa de
ultrasoun ateroma proveniente de
(2014)%% It d t iente de IVUS
Yamak et al. Non-calcified coronary atherosclerotic plaque ML, DL Caracterizacién de la placa de ateroma a partir del
(2014)3¢¢ characterization by dual energy computed tomography analisis de los pixeles procedentes de TC
Wei et al. (2014)%¢” | Computerized detection of noncalcified plaques in ML Deteccién de placas coronarias vulnerables a partir de
coronary CT angiography: evaluation of topological soft imagenes del TC
gradient prescreening method and luminal analysis
Sankaran et al. Real-time sensitivity analysis of blood flow simulations to | ML Estimacién en tiempo real de simulaciones del flujo
(2014)3¢8 lumen segmentation uncertainty coronario
Ralovich et al. 6DoF catheter detection, application to intracardiac ML Deteccién de catéteres intracardiacos para mejorar la
(2014)%° echocardiography fusién de imagenes
Otaki et al. Relationship of epicardial fat volume from noncontrast ML Relacion entre volumen de grasa epicdrdica medido por
(2015)37° CT with impaired myocardial flow reserve by positron TCy reserva de flujo miocardico alterada cuantificada

por PET
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FAST-EFs Multicenter Study

Xiong et al. Myocardial perfusion analysis in cardiac computed ML Determinacion de la perfusion miocardica a partir de
(2015)3" tomography angiographic images at rest imagenes de TC
Gopalakrishnan et | cMRI-BED: A novel informatics framework for cardiac ML Caracterizacién automatica miocardica a partir de RM
al. (2015)372 MRI biomarker extraction and discovery applied to
pediatric cardiomyopathy classification
Zha et al. (2015)3*”® | 3-D Stent Detection in Intravascular OCT Using a Bayesian | ML Analisis e identificacion automadtica de stents a partir de
Network and Graph Search imagenes de OCT
Sankaran et al. Fast Computation of Hemodynamic Sensitivity to Lumen ML Segmentacidn automadtica coronaria
(2015)374 Segmentation Uncertainty
Kang et al. Structured learning algorithm for detection of ML Clasificacidn de lesiones coronarias a partir de TC
(2015)%7® nonobstructive and obstructive coronary plaque lesions
from computed tomography angiography
Born et al. (2015)3’® | Stent Maps--Comparative Visualization for the Prediction | ML Prediccidn de leak paravalvular tras el implante
of Adverse Events of Transcatheter Aortic Valve percutaneo de protesis adrtica
Implantations
Dey et al. (2015)%”7 | Relationship Between Quantitative Adverse Plaque ML Estimacién cuantitativa de la placa de ateromay la
Features From Coronary Computed Tomography disfuncion vascular coronaria a partir del TCy PET
Angiography and Downstream Impaired Myocardial Flow
Reserve by 13N-Ammonia Positron Emission
Tomography: A Pilot Study
Macedo et al. A bifurcation identifier for IV-OCT using orthogonal least | ML Clasificacidn de las imagenes de OCT para identificar
squares and supervised machine learning ifurcaciones coronarias
(2015)%"® d ised hine | i bif i i
Emad et al. Automatic localization of the left ventricle in cardiac MRl | DL Localizacién automatica del ventriculo izquierdo en
(2015)%7° images using deep learning imagenes de eje corto por RM
Knackstedt et al. Fully Automated Versus Standard Tracking of Left ML Andlisis automatizado de las imagenes ecocardiograficas
(2015)3%° Ventricular Ejection Fraction and Longitudinal Strain: The y estimacion reproducible de fraccion de eyeccién y

strain longitudinal
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Shalev et al. Classification of calcium in intravascular OCT images for DL Método para la clasificacion automatica de calcio en
(2016)%# the purpose of intervention planning imagenes de OCT
Nam et al. (2016)*%2 | Automated detection of vessel lumen and stent strutsin | DL Algoritmo que utiliza imagenes de intensidad en la OCT
intravascular optical coherence tomography to evaluate para la deteccidon automatica del stent
stent apposition and neointimal coverage
Moghaddasi et al. Automatic assessment of mitral regurgitation severity ML Patrones para clasificar el grado de insuficiencia mitral
(2016)3%83 based on extensive textural features on 2D
echocardiography videos
Yu et al. (2016)%% The Potential of Computational Fluid Dynamics DL Modelos de simulacidn de dinamica de fluidos
Simulation on Serial Monitoring of Hemodynamic Change computacional en la monitorizaciéon del cambio
in Type B Aortic Dissection hemodindmico de la diseccidn adrtica tipo B
Leni et al. (2016)%°> | Development of a 4D numerical chest phantom with DL Aplicacion que simula la posicion y volumen de
customizable breathing pulmones, corazén y eséfago en cada ciclo respiratorio
Ma et al. (2016)%%¢ | An SPCNN-GVF-based approach for the automatic DL Modelo autocorrector para la segmentacidon automatica
segmentation of left ventricle in cardiac cine MR images del ventriculo izquierdo
Zhou et al. Watertight modeling and segmentation of bifurcated DL Segmentacion y construccion de la geometria de las
(2016)%¥ Coronary arteries for blood flow simulation using CT arterias coronarias a partir de imagenes de TC para
imaging aplicar directamente en la simulacidén del flujo coronario
sanguineo
Ciompi et al. Computer-aided detection of intracoronary stent in ML, DL Sistema automatico para la deteccidn de stents
(2016)%88 intravascular ultrasound sequences intracoronarios a partir de secuencias de imagenes de
IVUS
Narula et al. Machine-Learning Algorithms to Automate ML Diferenciacion automatica entre miocardiopatia
(2016)%#° Morphological and Functional Assessments in 2D hipertrofica familiar y corazén de atleta utilizando datos
Echocardiography ecocardiograficos
Norlem et al. Automatic pericardium segmentation and quantification ML Segmentacién del pericardio y cuantificacién de grasa
(2016)3%° of epicardial fat from computed tomography angiography epicardica
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Nasr-Esfahani et al. | Vessel extraction in X-ray angiograms using deep learning | DL Reconstruccion arbol coronario a partir de angiografia
(2016)%**
Alzubiedi et al. Pharmacogenetic-guided Warfarin Dosing Algorithm in ML, DL Algoritmo para dosificacidon de warfarina
(2016)3? African-Americans
Rodrigues et al. A novel approach for the automated segmentation and ML, DL Cuantificacion y diferenciacién de la grasa epicardica y
volume quantification of cardiac fats on compute mediastinica a partir de imagenes de
(2016)%%3 I ificati f cardiac f d diastini ir de ima deTC
tomography
Avendi et al. A combined deep-learning and deformable-model DL Segmentacidn automadtica del ventriculo izquierdo a
(2016)3%* approach to fully automatic segmentation of the left partir de RM utilizando datos del dataton MICCAI 2009
ventricle in cardiac MRl
Itu et al. (2016)3%° A machine-learning approach for computation of ML Determinacion automatica de la FFR a partir de
fractional flow reserve from coronary computed imagenes de TC
tomography
Wong et al. Regional infarction identification from cardiac CT images: | ML Identificacion automatica de infarto de miocardio a
(2016)%° a computer-aided biomechanical approach partir de imagenes de TC
Wolterink et al. Automatic coronary artery calcium scoring in cardiac CT DL Cuantificacidon automatica del score de calcio coronario
(2016)%7 angiography using paired convolutional neural networks a partir de imagenes de TC
Lungu et al. Diagnosis of pulmonary hypertension from magnetic ML Clasificador de hipertension pulmonar a partir de datos
(2016)3%8 resonance imaging-based computational models and de RM
decision tree analysis
Hagenah et al. Prediction of individual prosthesis size for valve-sparing ML Prediccién preoperatoria del tamafio de las proétesis
(2016)3*° aortic root reconstruction based on geometric features quirdrgicas en posicidn adrtica a partir de datos
ecocardiograficos
Liang et al. Machine learning-based 3-D geometry reconstruction ML, DL Método computacional para reconstruir
(2017)400 and modeling of aortic valve deformation using 3-D anatémicamente las geometrias en 3D de la valvula

computed tomography images

aodrtica a partir de imagenes de TC
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Su et al. (2017)%? An artificial neural network method for lumen and media | DL Algoritmos de aprendizaje para la deteccion de los

adventitia border detection in IVUS limites de la luz y margenes vasculares en imagenes de
IVUS

Dawes et al. Machine Learning of Three-dimensional Right Ventricular | ML, DL Modelo de supervivencia que utiliza el movimiento

(2017)%02 Motion Enables Outcome Prediction in Pulmonary cardiaco 3D en pacientes con hipertensién pulmonar
Hypertension: A Cardiac MR Imaging Study

Avendi et al. Automatic segmentation of the right ventricle from DL Segmentacién automadtica del ventriculo derecho a

(2017)%03 cardiac MRI using a learning-based approach partir de imagenes de RM

Yu et al. (2017)%4 Segmentation of Fetal Left Ventricle in Echocardiographic | DL Segmentacidn automatica ecocardiografica del
Sequences Based on Dynamic Convolutional Neural ventriculo izquierdo
Networks

Liao et al. (2017)*® | Estimation of the Volume of the Left Ventricle From MRl | DL Segmentacion del ventriculo izquierdo y célculo de
Images Using Deep Neural Networks volumen con datos del datatén: Second Annual Data

Science Bowl

Betancur et al. Automatic Valve Plane Localization in Myocardial ML Definicion del plano valvular mitral durante la

(2017)%08 Perfusion SPECT/CT by Machine Learning: Anatomic and segmentacién por SPECT utilizando datos de TC
Clinical Validation

Freiman et al. Improving CCTA-based lesions' hemodynamic significance | ML, DL Algoritmo automatico de segmentacion de la luz

(2017)%7 assessment by accounting for partial volume modeling in coronaria a partir de TC utilizando datos del datatdn
automatic coronary lumen segmentation MICCAI 2012

Wang et al. Detecting Cardiovascular Disease from Mammograms DL Deteccién de calcio intracoronario a partir de imagenes

(2017)408 With Deep Learning de mamografia para identificar enfermedad coronaria

Rodrigues et al. Machine learning in the prediction of cardiac epicardial ML Cuantificacidn automatica grasa epicardica y

(2017)%%° and mediastinal fat volumes mediastinica a partir de TC

Lian et al. (2017)*° | An automatic segmentation method of a parameter- DL Segmentacién automadtica que integran en uno varios
adaptive PCNN for medical images pasos utilizados habitualmente

Tan etal. (2017)*! | Convolutional neural network regression for short-axis DL Segmentacion ventricular izquierda en eje corto a partir

left ventricle segmentation in cardiac cine MR sequences

de imagenes de RM
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segmentation of the left ventricle of the heart from
cardiac cine magnetic resonance

Larroza et al. Differentiation between acute and chronic myocardial ML Diferenciacion entre infarto de miocardio agudo y
(2017)%2 infarction by means of texture analysis of late gadolinium crénico a partir de RM
enhancement and cine cardiac magnetic resonance
imaging
Mazo et al. Classification of cardiovascular tissues using LBP based ML Clasificacidon automadtica de tejidos cardiovasculares
escriptors and a cascade asada en su composicién
(2017)*3 d i d de SVM basad icié
Molaei et al. Deep Convolutional Neural Networks for left ventricle DL Segmentacidn del ventriculo izquierdo en RM
segmentation
(2017)*4 i
Yang et al. (2017)**> | Convolutional Neural Network for the Detection of End- DL Identificacion automatica tanto de la didstole como la
Diastole and End-Systole Frames in Free-Breathing sistole en imagenes de RM de respiracion libre
Cardiac Magnetic Resonance Imaging
Duguay et al. Coronary Computed Tomographic Angiography-Derived ML Evaluacién prondstica del FFR determinado por TC en
(2017)% Fractional Flow Reserve Based on Machine Learning for pacientes con sindrome coronario agudo
Risk Stratification of Non-Culprit Coronary Narrowings in
Patients with Acute Coronary Syndrome
Nakajima et al. Diagnostic accuracy of an artificial neural network DL Diagnéstico a partir de imagenes de gated-SPECT
compared with statistical quantitation of myocardia
(2017)* d with istical itati f dial
perfusion images: a Japanese multicenter study
Mengdi et al. Fibroatheroma identification in Intravascular Optical DL Identificacion de fibroateroma a partir de imagenes de
(2017)%8 Coherence Tomography images using deep features OoCT
uetal. etermination of Fetal Left Ventricular Volume Based on uantificacion de volumen ventricular izquierdo fetal por
Y l. (2017)*° D inati f Fetal Left V icular Vol Based DL C ificacion d I icular izquierdo fetal
Two-Dimensional Echocardiography ecocardiografia
Jeganathan et al. Artificial intelligence in mitral valve analysis ML Evaluacién automatica de la valvula mitral a partir de
(2017)420 imagenes de ecocardiografia transesofagica
Ngo et al. (2017)** | Combining deep learning and level set for the automated | DL Segmentacién automatica del ventriculo izquierdo a

partir de imagenes de RM
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Abdolmanafi et al. | Deep feature learning for automatic tissue classification ML, DL Clasificacion automatica de las capas arteriales
(2017)%2? of coronary artery using optical coherence tomography coronarias a partir de imagenes de OCT provenientes de
nifios con Kawasaki
Tabassian et al. Machine learning of the spatio-temporal characteristics ML Andlisis automatico de los perfiles temporales de las
(2017)43 of echocardiographic deformation curves for infarct curvas de deformacién segmentaria del ventriculo
classification izquierdo y sus interrelaciones para poder identificar
cambios en su mecdnica y funcién
Yang et al. (2017)*** | 3D Motion Modeling and Reconstruction of Left Ventricle | DL Modelado de movimiento 3D y analisis de la pared del
Wall in Cardiac MRI ventriculo izquierdo en imagenes de RM
Wolterink et al. Generative Adversarial Networks for Noise Reduction in DL Optimizacién de imagenes TC adquiridas con dosis bajas
(2017)%%° Low-Dose CT de radiacién
Xue et al. (2017)** | Direct Multitype Cardiac Indices Estimation via Joint DL Estimacion del indice cardiaco a partir de imagenes de
Representation and Regression Learning RM
Salem Omar et al. Artificial Intelligence-Based Assessment of Left ML, DL Estimacién automatica de las presiones de llenado del
(2017)* Ventricular Filling Pressures From 2-Dimensional Cardiac ventriculo izquierdo a partir de imagenes
Ultrasound Images ecocardiograficas
Zahnd et al. Contour segmentation of the intima, media, and ML Segmentacidn y clasificacién automatica de arterias
(2017)%%8 adventitia layers in intracoronary OCT images: coronarias sanas o enfermas a partir de imagenes de
application to fully automatic detection of healthy wall OoCT
regions
Solecki et al. What is the optimal anatomic location for coronary ML Distancia 6ptima tras la estenosis coronaria donde
(2017)**° artery pressure measurement at CT-derived FFR? estimar la FFR en TC coronario
Banchhor et al. Wall-based measurement features provides an improved | ML Prediccidn del riesgo sumando las caracteristicas de la
(2017)%0 IVUS coronary artery risk assessment when fused with pared y la textura de la placa medidas por IVUS
plague texture-based features during machine learning
paradigm
Tesche et al. Coronary Computed Tomographic Angiography-Derived ML Prediccidn de FFR a partir de TC comparada con estudio
(2017)%1 Fractional Flow Reserve for Therapeutic Decision Making invasivo angiografico
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Learning for a Fully Automatic Delineation of the Left
Atrium and Pulmonary Veins from Late Gadolinium-
Enhanced Cardiac MRI Images

Yong et al. Linear-regression convolutional neural network for fully DL Segmentacion coronaria a partir de imagenes de OCT
(2017)%2 automated coronary lumen segmentation in intravascular
optical coherence tomography
Dangi et al. Cine Cardiac MRI Slice Misalignment Correction Towards | DL Segmentacidn del ventriculo izquierdo
(2018)%3 Full 3D Left Ventricle Segmentation
Wardziak et al. Coronary CTA enhanced with CTA based FFR analysis ML Valoracidn de la prediccidn de estenosis coronaria
(2018)** provides higher diagnostic value than invasive coronary mediante andlisis de FFR en el TC coronario
angiography in patients with intermediate coronary
stenosis
Zhang et al. Fully Automated Echocardiogram Interpretation in DL Segmentacidn cardiaca automatica de imagenes
(2018)%° Clinical Practice ecocardiograficas para cuantificar volimenes, masa
ventricular izquierda, FEVI, y strain longitudinal
Abdolmanafi et al. | Characterization of coronary artery pathological DL Modelo para la caracterizacion del tejido coronario en la
(2018)*%% formations from OCT imaging using deep learning enfermedad de Kawasaki procedente de imagenes de
OoCT
Mazo et al. Transfer learning for classification of cardiovascular DL Reconocimiento y clasificacion automatica de tejidos y
(2018)*7 tissues in histological images érganos
Yao et al. (2018)*%® | An Adaptive Seismocardiography (SCG)-ECG Multimodal DL Sistema que utiliza ECG y sismocardiografia para mejorar
Framework for Cardiac Gating Using Artificial Neural adquisicion y reducir la exposicion a la radiacion en el TC
Networks
van Hamersvelt et Deep learning analysis of left ventricular myocardium in DL Analisis miocardico del ventriculo izquierdo a partir del
al. (2018)*° CT angiographic intermediate-degree coronary stenosis TC de pacientes con enfermedad coronaria para
improves the diagnostic accuracy for identification of identificar lesiones funcionalmente significativas
functionally significant stenosis
Yang et al. (2018)*° | Multiview Sequential Learning and Dilated Residual DL Método para segmentacion de la auricula izquierda y

venas pulmonares a partir de imagenes de RM con
gadolinio
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Moccia et al. Development and testing of a deep learning-based DL Segmentacion de cicatrices en ventriculo izquierdo a
(2018)** strategy for scar segmentation on CMR-LGE images partir de imagenes de RM
Masuda et al. Machine-learning integration of CT histogram analysisto | ML Caracterizacién de la placa coronaria con analisis de
(2018)%42 evaluate the composition of atherosclerotic plaques: histograma de la angiografia coronaria por TC en
Validation with IB-IVUS comparacion con el método de corte convencional
Kolluru et al. Deep neural networks for A-line-based plaque DL Clasificador de tipos de placas de ateroma coronarias a
(2018)%43 classification in coronary intravascular optical coherence partir de OCT
tomography images
Zreik et al. A Recurrent CNN for Automatic Detection and DL Clasificacion de tipo de placa coronaria y gravedad a
(2018)*4 Classification of Coronary Artery Plaque and Stenosis in partir de imagenes de TC
Coronary CT Angiography
Tesche et al. Coronary CT Angiography-derived Fractional Flow ML Comparacion de la determinacién de reserva de flujo
(2018)*° Reserve: Machine Learning Algorithm versus fraccional derivada de la angiografia por TC o angiografia
Computational Fluid Dynamics Modeling
Toth et al. (2018)*¢ | 3D/2D model-to-image registration by imitation learning | DL Creacién de modelos anatémicos a partir de TC para el
for cardiac procedures diagnéstico, planificacién y orientacidn de
procedimientos terapéuticos
Yu et al. (2018)* CT morphological index provides incremental value to ML Algoritmo para diferenciar funcionalmente las lesiones
machine learning based CT-FFR for predicting coronarias observadas en TC con referencia al FFR
hemodynamically significant coronary stenosis
Slomka et al. Rationale and design of the REgistry of Fast Myocardial ML, DL Disefio de un registro multicéntrico con datos clinicos e
(2018)*48 Perfusion Imaging with NExt generation SPECT (REFINE imagenes de SPECT para analizar con inteligencia
SPECT) artificial
Jin et al. (2018)*9 Left Atrial Appendage Segmentation Using Fully DL Segmentacidn automadtica de la orejuela izquierda
Convolutional Neural Networks and Modified Three-
Dimensional Conditional Random Fields
Zheng et al. 3-D Consistent and Robust Segmentation of Cardiac DL Segmentacion cardiaca desde la base al dpex del corazén
(2018)*° Images by Deep Learning With Spatial Propagation procedente de RM
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Hu et al. (2018)%1 Diagnostic performance of machine-learning-based DL Comparativa diagnédstica de FFR (fraccion de reserva de
computed fractional flow reserve (FFR) derived from flujo) determinada por TC vs. Invasiva
coronary computed tomography angiography for the
assessment of myocardial ischemia verified by invasive
FFR
Wong et al. Building medical image classifiers with very limited data DL Segmentacidn automadtica y clasificacion de diferentes
(2018)%2 using segmentation networks estructuras (torax, aorta, arteria pulmonar)
Cano-Espinosa et Automated Agatston Score Computation in non-ECG DL Cuantificacidon automatica del score de Agatston
al. (2018)%3 Gated CT Scans Using Deep Learning
Parikh et al. Decision Tree Based Classification of Abdominal Aortic DL Cuantificacion automatica de aneurismas de aorta
(2018)%* Aneurysms Using Geometry Quantification Measures abdominal
Gessert et al. Automatic Plaque Detection in IVOCT Pullbacks Using DL Deteccidon automatica de placas de ateroma a partir de
(2018)%° Convolutional Neural Networks imagenes de OCT
Dormer et al. Heart Chamber Segmentation from CT Using DL Segmentacion cdmaras cardiacas a partir de imagenes
(2018)*° Convolutional Neural Networks deTC
Garcia et al. Diagnostic performance of an artificial intelligence-driven | ML, DL Sistema automatico de analisis de los 17 segmentos
(2018)%7 cardiac-structured reporting system for myocardial cardiacos del SPECT comparado con la cuantificacién
perfusion SPECT imaging manual
Bai et al. (2018)%® Automated cardiovascular magnetic resonance image DL Analisis automatico funcional a partir de RM
analysis with fully convolutional networks
Xu et al. (2018)*° Direct delineation of myocardial infarction without DL Desarrollo de un sistema de segmentacién del miocardio
contrast agents using a joint motion feature learning y caracterizacidn tisular
architecture
Sulas et al. Automatic Recognition of Complete Atrioventricular DL Identificacion de las caracteristicas mas importantes de
(2018)4¢° Activity in Fetal Pulsed-Wave Doppler Signals la ecocardiografia-Doppler fetal para el diagndstico

temprano de cardiopatias fetales
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(2018)*"

ischemia using a Japanese multicenter database

Duchateau et al. Model-Based Generation of Large Databases of Cardiac ML, DL Diferenciacion automatica de secuencias cardiacas
(2018)%¢1 Images: Synthesis of Pathological Cine MR Sequences patoldgicas de secuencias reales sanas
From Real Healthy Cases
Ouzir et al. Motion Estimation in Echocardiography Using Sparse ML, DL Estimacién automatica de la movilidad cardiaca a partir
(2018)%62 Representation and Dictionary Learning de imagenes ecocardiogréficas 2D
Luo et al. (2018)%3 | Multi-Views Fusion CNN for Left Ventricular Volumes DL Estimacién automatica de los volimenes del ventriculo
Estimation on Cardiac MR Images izquierdo
Mannil et al. Texture Analysis and Machine Learning for Detecting ML, DL Deteccién de infarto de miocardio en imagenes de T de
(2018)4¢4 Myocardial Infarction in Noncontrast Low-Dose baja dosis de radiacion sin contraste
Computed Tomography: Unveiling the Invisible
Dey et al. (2018)%> | Integrated prediction of lesion-specific ischaemia from ML Prediccidn de FFR a partir de imdgenes de TC
quantitative coronary CT angiography using machine
learning: a multicentre study
Larroza et al. Texture analysis of cardiac cine magnetic resonance ML Identificacion automatica de segmentos miocardicos no
(2018)%¢® imaging to detect nonviable segments in patients with viables a partir de RM
chronic myocardial infarction
Kolluru et al. Voxel-based plaque classification in coronary ML Clasificacién de tipos de placas por voxels obtenidos de
(2018)%¢7 intravascular optical coherence tomography images using OCT de arterias coronarias de cadaveres
decision trees
Schlemper et al. A Deep Cascade of Convolutional Neural Networks for DL Reconstruccidn de imagenes a partir de RM
(2018)%¢8 Dynamic MR Image Reconstruction
Betancur et al. Prognostic Value of Combined Clinical and Myocardial ML Predictor prondstico combinando datos clinicos y de
(2018)%° Perfusion Imaging Data Using Machine Learning SPECT
Zreik et al. Deep learning analysis of the myocardium in coronary CT | DL Identificacion de isquemia miocardica a partir de TC de
(2018)47° angiography for identification of patients with pacientes con enfermedad coronaria
functionally significant coronary artery stenosis
Nakajima et al. Artificial neural network retrained to detect myocardial DL Deteccién automatica de isquemia miocardica usando

SPECT
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Dormer et al. Convolutional Neural Networks for the Detection of DL Modelo para identificar enfermedad estructural cardiaca
(2018)%72 Diseased Hearts Using CT Images and Left Atrium Patches a partir de TC convenionales
Shao et al. Texture analysis of magnetic resonance T1 mapping with | ML Diagnéstico de miocardiopatia dilatada a partir de
(2018)%73 dilated cardiomyopathy: A machine learning approach parametros del T1 en resonancia magnética
Dong et al. A Combined Fully Convolutional Networks and DL Segmentacidn del ventriculo izquierdo a partir de
(2018)474 Deformable Model for Automatic Left Ventricle imagenes 3D ecocardiograficas
Segmentation Based on 3D Echocardiography
Betancur et al. Deep Learning Analysis of Upright-Supine High-Efficiency | DL Prediccidn de enfermedad coronaria tras analisis
(2018)%7° SPECT Myocardial Perfusion Imaging for Prediction of combinado de SPECT en posiciones semivertical y supina
Obstructive Coronary Artery Disease: A Multicenter Study
Shibutani et al. Accuracy of an artificial neural network for detecting a DL Cuantificacidon automatica de la extensién y gravedad de
(2018)*7® regional abnormality in myocardial perfusion SPECT la isquemia miocardica a partir de imagenes de SPECT
Narang et al. Machine learning based automated dynamic ML Algoritmo automatico para el andlisis volumétrico de
(2018)*"7 quantification of left heart chamber volumes datos ecocardiograficos 3D en la medicidn precisa de
volumenes de ventriculo y auricula izquierdos
Hasegawa et al. [Automated Classification of Calcification and Stent on DL Reconocer automaticamente calcificaciones o stents en
(2018)478 Computed Tomography Coronary Angiography Using las arterias coronarias y diferenciarlas de arterias
Deep Learning] normales a partir de imagenes de TC
Abdolmanafi et al. Intra-slice motion correction of intravascular OCT images | DL Correccion del movimiento para el andlisis automatico
(2018)*7° using deep features de las variaciones de volumen y formas de imagenes en
ocT
Du et al. (2018)*9 Direct Segmentation-based Full Quantification for Left DL Segmentacién del ventriculo izquierdo, pero en lugar de
Ventricle via Deep Multi-task Regression Learning usar imagenes crudas, se crea un contorno segmentado
Network para estimar los indices cardiacos
Mastrodicasa et al. | Artificial intelligence machine learning-based coronary CT | DL Algoritmo de reconstruccién a partir de imagenes de TC

(2018)%!

fractional flow reserve (CT-FFRML): Impact of iterative
and filtered back projection reconstruction techniques

para estimar el FFR
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Jun et al. (2018)*2 | Automated detection of vulnerable plaque in ML, DL Clasificacion de placa vulnerable a partir de imagenes de
intravascular ultrasound images IVUS
Huang et al. Coronary Artery Segmentation by Deep Learning Neural DL Segmentacidn automadtica de la luz arterial coronaria a
(2018)%83 Networks on Computed Tomographic Coronary partir de imagenes de TC
Angiographic Images
Que et al. (2018)** | CardioXNet: Automated Detection for Cardiomegaly DL Sistema de identificacién automatica de cardiomegalia
Based on Deep Learning en la radiografia de térax convencional
Nasr-Esfahani et al. | Left Ventricle Segmentation in Cardiac MR Images Using DL Segmentacidn automadtica del ventriculo a partir de
(2018)%° Fully Convolutional Network imagenes de resonancia magnética
Omar et al. Automated Myocardial Wall Motion Classification using ML, DL Clasificacidon automatica de la motilidad cardiaca a partir
(2018)48 Handcrafted Features vs a Deep CNN-based mapping de ecocardiografia
Leng et al. (2018)*®’ | Computational Platform Based on Deep Learning for DL Segmentacion automatica endocardica de ventriculos
Segmenting Ventricular Endocardium in Long-axis Cardiac izquierdo y derecho
MR Imaging
Ostvik et al. Real-Time Standard View Classification in Transthoracic DL Automatizacidn en la secuencia de trabajo y adquisicion
(2018)488 Echocardiography Using Convolutional Neural Networks de planos en ecocardiografia
Xue et al. (2018)*° | Extraction of Aortic Knuckle Contour in Chest DL Segmentacion automatica del botdn adrtico
Radiographs Using Deep Learning
Kang et al. Cycle Consistent Adversarial Denoising Network for DL Optimizacién de la adquisicién de imagenes de TC
(2018)%° Multiphase Coronary CT Angiography obtenidas con baja radiacion
Lossau et al. Motion artifact recognition and quantification in DL Optimizacién del movimiento en la adquisicién de
(2018)*1 coronary CT angiography using convolutional neural imagenes de TC
networks
Zhang et al. Automatic Assessment of Full Left Ventricular Coverage DL Segmentacion ventricular izquierda de base a apex a
(2018)%2 in Cardiac Cine Magnetic Resonance Imaging with Fisher partir de imagenes de RM

Discriminative 3D CNN
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Huang et al. Enhancing the prediction of acute kidney injury risk after | ML Modelo predictivo de dafio renal tras administracién de
(2018)%3 percutaneous coronary intervention using machine contraste en el intervencionismo percutaneo
learning techniques: A retrospective cohort study
Nous et al. Comparison of the Diagnostic Performance of Coronary ML Estimacién de FFR a partir de imagenes de TC
(2018)** Computed Tomography Angiography-Derived Fractional comparativo entre diabéticos y no diabéticos
Flow Reserve in Patients With Versus Without Diabetes
Mellitus (from the MACHINE Consortium)
Kwon et al. Deep learning for predicting in-hospital mortality among | DL Modelo predictivo de mortalidad intrahospitalaria a
(2018)%° heart disease patients based on echocardiography partir de datos ecocardiograficos durante la
hospitalizacién
von Knebel Coronary CT angiography-derived plaque quantification DL Estimacién de FFR a partir de imagenes de TC
Doeberitz et al. with artificial intelligence CT fractional flow reserve for
(2018)%¢ the identification of lesion-specific ischemia
Han et al. (2018)*7 | Incremental role of resting myocardial computed ML Prediccidn de isquemia miocdardica a partir de imagenes
tomography perfusion for predicting physiologically de miocardio y coronarias por TC
significant coronary artery disease: A machine learning
approach
Isgum et al. Automatic determination of cardiovascular risk by CT ML Cuantificacidon automatica del calcio score coronario a
(2018)%# attenuation correction maps in Rb-82 PET/CT partir de PET/TC
Baessler et al. Subacute and Chronic Left Ventricular Myocardial Scar: ML Clasificacién e identificacidn de tejido cardiaco como
(2018)*° Accuracy of Texture Analysis on Nonenhanced Cine MR isquémico/necrdtico a partir de imagenes de RM
Images
Oktay et al. Anatomically Constrained Neural Networks (ACNNs): DL Sistema de segmentacidn que incorpora las propiedades
(2018)°% Application to Cardiac Image Enhancement and anatdmicas globales de la anatomia subyacente en

Segmentation

diferentes patologias cardiacas
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Xue et al. (2018)°°! | Full left ventricle quantification via deep multitask DL Cuantificacion del ventriculo izquierdo; que tiene en
relationships learning cuenta dos areas (cavidad y miocardio), espesores
regionales de pared, tres dimensiones y fases diastdlica
y sistélica
Wojnarski et al. Machine-learning phenotypic classification of bicuspid ML Clasificacidn de diferentes tipos de aortopatia en
(2018)°02 aortopathy pacientes con valvula adrtica bictspide a partir de
imagenes de TC
Tan et al. (2018)°% | Fully automated segmentation of the left ventricle in cine | DL Segmentacion automatica del ventriculo izquierdo a
cardiac MRI using neural network regression partir de RM
Winther et al. v-net: Deep Learning for Generalized Biventricular Mass DL Segmentacidn automadtica de ventriculos izquierdo y
and Function Parameters Using Multicenter Cardiac erecho
(2018)>* d Function P ters Using Multicenter Cardiac MRI d h
Data
Lessmann et al. Automatic Calcium Scoring in Low-Dose Chest CT Using DL Deteccién automatica de calcificaciones en arteria
(2018)°%° Deep Neural Networks With Dilated Convolutions coronaria, aorta tordcica, y valvula adrtica a partir de TC
utilizando baja radiacién
Betancur et al. Deep Learning for Prediction of Obstructive Disease From | DL Prediccién de enfermedad coronaria obstructiva a partir
ast Myocardial Perfusion : ulticenter Study e imagenes de perfusion de
2018)°% Fast M dial Perfusion SPECT: A Multicenter Stud de imd d fusién de SPECT
Nakanishi et al. Automated estimation of image quality for coronary ML Evaluacién automatizada de imagenes coronarias
(2018)°" computed tomographic angiography using machine procedentes de TC y comparacién frente al andlisis
learning visual
Gernaat et al. Automatic quantification of calcifications in the coronary | DL Cuantificacidon automatica de la calcificacién de arterias
(2018)°%8 arteries and thoracic aorta on radiotherapy planning CT coronarias y aorta toracica a partir de TC para programar
scans of Western and Asian breast cancer patients radioterapia en cancer de mama
Lancaster et al. Phenotypic Clustering of Left Ventricular Diastolic ML Clasificacién no supervisada de variables

(2018)5%°

Function Parameters: Patterns and Prognostic Relevance

ecocardiograficas para evaluar la disfuncion ventricular
izquierda diastdlica
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Baessler et al. Texture analysis and machine learning of non-contrast ML Clasificacion de la textura del miocardio buscando areas
(2018)>10 T1-weighted MR images in patients with hypertrophic de fibrosis en miocardiopatia hipertréfica a partir de
cardiomyopathy-Preliminary results imagenes de RM sin contraste
Fu et al. (2018)°! Segmentation of histological images and fibrosis DL Segmentacién de imagenes histolégicas,
identification with a convolutional neural network particularmente aquellas con tincidn tricrdmica de
Masson
Coenen et al. Diagnostic Accuracy of a Machine-Learning Approach to ML Estimacioén de FFR a partir de TC coronarioy
(2018)512 Coronary Computed Tomographic Angiography-Based comparacion frente a estimaciones angiograficas
Fractional Flow Reserve: Result From the MACHINE convencionales
Consortium
Cruz-Aceves et al. A Novel Multiscale Gaussian-Matched Filter Using Neural | DL Segmentacidn automadtica de las arterias coronarias a
(2018)°13 Networks for the Segmentation of X-Ray Coronary partir de imagenes angiograficas de fluoroscopia
Angiograms
Vigneault et al. Omega-Net (Omega-Net): Fully automatic, multi-view DL Segmentacidn automadtica simultanea de pixeles en
(2018)>14 cardiac MR detection, orientation, and segmentation pacientes con miocardiopatia hipertréfica
with deep neural networks
Commandeur et al. | Deep Learning for Quantification of Epicardial and DL Cuantificacién automatica de la grasa epicardica 'y
(2018)°%® Thoracic Adipose Tissue From Non-Contrast CT tordcica a partir de imagenes de TC sin contraste
Pavoni et al. Convolutional neural network-based image enhancement | DL Optimizacién de las imagenes angiograficas procedentes
(2018)°%6 for x-ray percutaneous coronary intervention de fluoroscopia con baja radiaciéon
Al et al. (2018)>*7 Automatic aortic valve landmark localization in coronary | ML Optimizacién automatica de la localizacién valvular
CT angiography using colonial walk aodrtica para implante de TAVI a partir de imagenes TC
angiografico
Qin et al. (2018)>*® | Convolutional Recurrent Neural Networks for Dynamic DL Reconstruccidn automdtica de imagenes de RM de alta
MR Image Reconstruction calidad
Chen et al. Correlated Regression Feature Learning for Automated DL Segmentacién automatica del ventriculo derecho a
(2018)5%° Right Ventricle Segmentation partir de imagenes de RM
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Using a Dual Fully Convolutional Neural Network

Wang et al. Neural network fusion: a novel CT-MR Aortic Aneurysm DL Segmentacion de imagen multimodal; RMy TC
(2018)°%° image segmentation method
Green et al. 3-D Neural denoising for low-dose Coronary CT DL Reconstruccidon automadtica de la anatomia coronaria por
(2018)%%1 Angiography (CCTA) TC reduciendo las dosis de radiacion
Strange et al. The National Echocardiography Database Australia ML Base de datos nacional ecocardiografica con el objetivo
(2018)522 (NEDA): Rationale and methodology de realizar analisis con inteligencia artificial
Yang et al. (2018)** | Neural multi-atlas label fusion: Application to cardiac MR | DL Segmentacidon multiatlas y multifusién a partir de
images imagenes de RM
Zotti et al. (2018)°** | Convolutional Neural Network with Shape Prior Applied DL Segmentacion de imagenes de eje corto de RM
to Cardiac MRI Segmentation
Fahmy et al. Automated Cardiac MR Scar Quantification in DL Cuantificacion automatica del tejido fibroso en la
(2018)°* Hypertrophic Cardiomyopathy Using Deep Convolutional miocardiopatia hipertréfica procedente de imagenes de
Neural Networks RM
Samad et al. Predicting Survival From Large Echocardiography and ML Prediccidn de mortalidad en pacientes sometidos a
(2018)°% Electronic Health Record Datasets ecocardiografia
Bratt et al. Machine learning derived segmentation of phase velocity | DL Cuantificacidon automatizada del flujo adrtico a través de
(2019)%%7 encoded cardiovascular magnetic resonance for fully la segmentacidn de resonancias magnéticas con
automated aortic flow quantification machine learning
Togo et al. Cardiac sarcoidosis classification with deep convolutional | DL Clasificacién de pacientes con o sin sarcoidosis cardiaca
(2019)>%8 neural network-based features using polar maps a través de redes neuronales y tomografia
computarizada
Curiale et al. Automatic quantification of the LV function and mass: A DL Cuantificacién de masa y funciéon del ventriculo
(2019)%%° deep learning approach for cardiovascular MRI izquierdo a partir de resonancia magnética
Biswas et al. Dynamic MRI using model-based deep learning and DL Resonancia magnética cardiaca dindmica a través de
OoRM priors: MoDL-STo modelos deep learning
(2019)3%° STORM priors: MoDL-SToRM delos deep learni
Xiong et al. Fully Automatic Left Atrium Segmentation From Late DL Segmentacidon completa de la auricula izquierda a través
(2019)%31 Gadolinium Enhanced Magnetic Resonance Imaging de redes neuronales convolucionales aplicadas a

resonancias magnéticas con realce de gadolinio
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Bahrami et al. Automated selection of myocardial inversion time witha | DL Seleccion automatica del tiempo de inversion
(2019)%32 convolutional neural network: Spatial temporal ensemble miocardica en resonancias magnéticas
myocardium inversion network (STEMI-NET)
Goldfarb et al. Water-fat separation and parameter mapping in cardiac DL Mapeado de tejido adiposo en imagen por resonancia
(2019)°33 MRI via deep learning with a convolutional neural magnética cardiaca a través de redes neuronales
network convolucionales
Du et al. (2019)>** | Cardiac-DeeplED: Automatic Pixel-Level Deep DL Segmentacion de ventriculos derecho e izquierdo en
Segmentation for Cardiac Bi-Ventricle Using Improved imagen por resonancia
End-to-End Encoder-Decoder Network
Khened et al. Fully convolutional multi-scale residual DenseNets for DL Segmentacion y diagndstico automatico de imagenes
(2019)%3° cardiac segmentation and automated cardiac diagnosis por resonancia magnética cardiaca a través de redes
using ensemble of classifiers neuronales convolucionales residuales multiescala
Wang et al. A learning-based automatic segmentation and DL Segmentacién automadtica del ventriculo izquierdo en
(2019)°3%¢ guantification method on left ventricle in gated imagen de perfusién miocardica SPECT
myocardial perfusion SPECT imaging: A feasibility study
Duan et al. Automatic 3D bi-ventricular segmentation of cardiac DL Segmentacidén 3D biventricular de imagenes por
(2019)%%¥ images by a shape-refined multi-task deep learning resonancia magnética cardiaca
approach
Priya et al. Adaptive Fruitfly Based Modified Region Growing DL Segmentacion de tejido adiposo cardiaco
(2019)°%8 Algorithm for Cardiac Fat Segmentation Using Optimal
Neural Network
Hauptmann et al. Real-time cardiovascular MR with spatio-temporal DL Redes neuronales convolucionales para la
(2019)°3° artifact suppression using deep learning-proof of concept reconstruccion de resonancias magnéticas cardiacas
in congenital heart disease
Liu et al. (2019)>* Multi-sequence myocardium segmentation with cross- DL Segmentacién multisecuencia del miocardio

constrained shape and neural network-based
initialization
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Zhao et al. Deep feature regression (DFR) for 3D vessel DL Segmentacion 3D de vasos coronarios

(2019)>% segmentation

De Vos et al. A deep learning framework for unsupervised affine and DL Registro de secuencias de imagenes por resonancia

(2019)°4 deformable image registration magnética cardiaca y tomografias de térax

Wang et al. Diagnostic accuracy of a deep learning approach to DL Precision diagndstica de los enfoques basados en deep

(2019)43 calculate FFR from coronary CT angiography learning para el célculo de la reserva fraccionaria de flujo

a partir de tomografia coronaria

Murphy et al. Noise-robust bioimpedance approach for cardiac output | DL Monitorizacidn de pardmetros cardiacos de pacientes de

(2019)>* measurement insuficiencia cardiaca congestiva

va et al. (2019)°% Application of speCtral computed tomogrAphy to DL Aplicacidn de tomografia espectral para mejorar la
impRove speclficity of cardiac compuTed tomographY especificidad en la deteccion de estenosis de la
(CLARITY study): rationale and design tomografia computarizada cardiaca

Wu et al. (2019)**¢ | Automated anatomical labeling of coronary arteries via DL Reconstructor automatico del arbol coronario a partir de
bidirectional tree LSTMs imagenes de TC

Wolterink et al. Coronary artery centerline extraction in cardiac CT DL Prediccidn de la direccién y diametro de una arteria

(2019)%¥ angiography using a CNN-based orientation classifier coronaria a partir de imagenes de TC

Tao et al. (2019)** | Deep Learning-based Method for Fully Automatic DL Cuantificaciéon automatica de la funcién ventricular
Quantification of Left Ventricle Function from Cine MR izquierda a partir de imagenes de resonancia magnética
Images: A Multivendor, Multicenter Study y evaluacidon multimarca y multicéntrica

Leclerc et al. Deep Learning for Segmentation using an Open Large- DL Segmentacién de ecocardiogramas

(2019)>%° Scale Dataset in 2D Echocardiography

Volpato et al. Automated, machine learning-based, 3D ML Cuantificacion automatizada de masa del ventriculo

(2019)°>° echocardiographic quantification of left ventricular mass izquierdo basada en ecocardiografia 3D

DL: deep learning (aprendizaje profundo); ML: machine learning (aprendizaje automatico).
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Referencia Titulo Modalidad | Observacion
Goldstein et al. Near-term prediction of sudden cardiac death in older ML Predictor de muerte subita en pacientes ancianos en
(2014)%1 hemodialysis patients using electronic health records hemodidlisis
Ahmad et al. Machine learning classification of cell-specific cardiac ML Clasificacion de las células implicadas en el desarrollo
(2014)%52 enhancers uncovers developmental subnetworks cardiaco en modelo animal
regulating progenitor cell division and cell fate
specification
A. Wahab et al. Comparing time to adverse drug reaction signalsin a DL Método para evaluar la seguridad cardiovascular en la
(2014)%°3 spontaneous reporting database and a claims database: a postcomercializacién de farmacos, concretamente
case study of rofecoxib-induced myocardial infarction rofecoxib y rosiglitazona
and rosiglitazone-induced heart failure signals in
Australia
Liu et al. (2014)>** Improvement of adequate use of warfarin for the elderly | ML Mejora en la efectividad del uso de antagonistas de la
using decision tree-based approaches vitamina K en pacientes ancianos
Perry et al. Supervised embedding of textual predictors with NLP, ML Clasificacién de pacientes pediatricos con cardiopatia
(2014)%%° applications in clinical diagnostics for pediatric cardiology
Gharehbaghi et Detection of systolic ejection click using time growing DL Clasificacion de los ruidos cardiacos
(2014)°° neural network
Elgendi et al. Spectral analysis of the heart sounds in children with and | ML Diagnéstico de hipertension pulmonar en nifios a partir
(2014)>7 without pulmonary artery hypertension del analisis de ruidos cardiacos a través de
fonendoscopios
Elgendi et al. Time-domain analysis of heart sound intensity in children | ML Diagnéstico de hipertension pulmonar en nifios a partir
(2014)%%8 with and without pulmonary artery hypertension: a pilot del analisis temporales de ruidos cardiacos a través de

study using a digital stethoscope

fonendoscopios
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Nouei et al. Developing a genetic fuzzy system for risk assessment of | ML, DL Sistema predictivo de mortalidad tras cirugia cardiaca

(2014)%° mortality after cardiac surgery

Gorospe et al. Automated grouping of action potentials of human ML Clasificacion fenotipica de cardiomiocitos derivados de

(2014)°%° embryonic stem cell-derived cardiomyocytes células humanas embrionarias

LaFaro et al. Neural Network Prediction of ICU Length of Stay DL Modelo de red neuronal para predecir la duracién de la

(2015)°¢1 Following Cardiac Surgery Based on Pre-Incision Variables estancia en UCl tras cirugia cardiaca

Economou et al. Exploiting expert systems in cardiology: a comparative DL Sistema de clasificacion de diferentes patologias

(2015)°62 study cardiovasculares: enfermedad coronaria, hipertension

arterial, fibrilacion auricular, insuficiencia cardiaca y
diabetes

Han et al. (2015)°%® | The relationship between left ventricle myocardial DL Relacidn entre los factores geogréficos y el indice de
performance index of healthy women and geographical rendimiento del miocardio del ventriculo izquierdo
factors

Huang et al. Post-operative bleeding risk stratification in cardiac DL Prediccidn de sangrado en pacientes sometidos a

(2015)°%* pulmonary bypass patients using artificial neural network pontaje aortocoronario

Nahato et al. Knowledge mining from clinical datasets using rough sets | ML Clasificador de enfermedad cardiaca en general a partir

(2015)°6° and backpropagation neural network de grandes bases de datos

Wise et al. Prediction of in-hospital mortality after ruptured DL Prediccidn de muerte hospitalaria tras reparacion

(2015)°%8 abdominal aortic aneurysm repair using an artificial quirdrgica de aneurismas abdominales
neural network

Lee et al. (2015)°%” | Machine learning plus optical flow: a simple and sensitive | ML Deteccién de efectos cardiotdxicos de farmacos
method to detect cardioactive drugs

Mendes et al. Predicting reintubation, prolonged mechanical ML, DL Prediccién de complicaciones tras cirugia de

(2015)°¢8 ventilation and death in post-coronary artery bypass revascularizacién coronaria

graft surgery: a comparison between artificial neural
networks and logistic regression models
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Liu et al. (2015)°%° Manifold ranking based scoring system with its ML Prediccidon de muerte subita en pacientes en los
application to cardiac arrest prediction: A retrospective servicios de emergencias
study in emergency department patients
Luo et al. (2015)°’° | Using Comutational Approaches to Improve Risk- ML Disefio de estudio para analizar un modelo predictivo de
Stratified Patient Management: Rationale and Methods resultado en salud y costes clasificando el riesgo del
paciente con diferentes enfermedades crdnicas,
incluyendo cardiacas
Mohamadipanah et | Predictive Model Reference Adaptive Controller to ML Modelo para corregir el movimiento cardiaco durante la
al. (2015)°™ Compensate Heart Motion in Minimally Invasive CABG cirugia minimamente invasiva
Surgery
Gharehbaghi etal. | A Novel Method for Screening Children with Isolated ML, DL Diagnéstico de valvula adrtica bicuspide en nifios a partir
(2015)°72 Bicuspid Aortic Valve del andlisis de ruidos cardiacos
Elgendi et al. The unique heart sound signature of children with ML Analisis de patrones en la auscultacion para identificar
(2016)°73 pulmonary artery hypertension nifios con hipertension pulmonar
Bashir et al. IntelliHealth: A medical decision support application ML Sistema de clasificacion validado en diferentes
(2016)°74 using a novel weighted multi-layer classifier ensemble patologias cardiacas
framework
Monsalve-Torra et | Using machine learning methods for predicting inhospital | ML Sistema para predecir mortalidad hospitalaria tras
al. (2016)°7 mortality in patients undergoing open repair of cirugia de aorta abdominal
abdominal aortic aneurysm
Sengupta et al. Cognitive Machine-Learning Algorithm for Cardiac ML Algoritmo de diferenciacién diagndstica entre
(2016)°7® Imaging: A Pilot Study for Differentiating Constrictive pericarditis constrictiva y miocardiopatia restrictiva
Pericarditis From Restrictive Cardiomyopathy
Wang et al. ADMET Evaluation in Drug Discovery. 16. Predicting hERG | ML Modelo predictivo para evaluar el riesgo de
(2016)>”7 Blockers by Combining Multiple Pharmacophores and cardiotoxicidad en las primeras etapas de disefio de
Machine Learning Approaches farmacos bloqueadores hERG
Antink et al. Reducing false alarms in the ICU by quantifying self- ML Sistema de control de alarmas para unidades de criticos
(2016)°78 similarity of multimodal biosignals
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Hu et al. (2016)°7° Prediction of Clinical Deterioration in Hospitalized Adult DL Sistema de prediccién de alarmas en la monitorizacién
Patients with Hematologic Malignancies Using a Neural de parada cardiaca en pacientes en unidades criticos
Network Model
Seyres et al. Identification and in silico modeling of enhancers reveals | ML Utilizacidn de inteligencia artificial para identificar
(2016)8° new features of the cardiac differentiation network factores de trascripcion responsables en el desarrollo
cardiaco en Drosophila
Hansen et al. Identifying Drug-Drug Interactions by Data Mining: A Pilot | ML Identificacion de interacciones farmacoldgicas de los
(2016)%8 Study of Warfarin-Associated Drug Interactions antagonistas de vitamina K
Thompson et al. Predictive models for mortality after ruptured aortic DL Estudio neutro con un modelo que no mejoraba la
(2016)°82 aneurysm repair do not predict futility and are not useful prediccién de muerte tras cirugia de rotura de aorta
for clinical decision making abdominal
Waardenberg et al. | Prediction and validation of protein-protein interactors ML Prediccidn de las interacciones de la proteina NKX2-5
(2016)°83 from genome-wide DNA-binding data using a knowledge- basadas en datos del genoma completo
based machine-learning approach
Ruiz-Fernandez et Aid decision algorithms to estimate the risk in congenital | ML Clasificacidn de riesgo en la cirugia de cardiopatias
al. (2016)°®* heart surgery congénitas
Wolf et al. (2016)°% | Rationale and methodology of a collaborative learning DL Sistema en red, 5 hospitales,, para mejorar los
project in congenital cardiac care resultados en cardiopatias congénitas
Tang et al. (2017)%%® | A non-invasive approach to investigation of ventricular DL Determinacion de la presion arterial a partir del andlisis
blood pressure using cardiac sound features de ruidos cardiacos
Kario (2017)>%’ Perfect 24-h management of hypertension: clinical ML Sistema para control ambulatorio de la presion arterial
relevance and perspectives
Flores et al. Predicting the physiological response of Tivela stultorum | DL Prediccidn de la concentracidn de digoxina necesaria
(2017)°88 hearts with digoxin from cardiac parameters using para obtener la maxima cardioactividad
artificial neural networks
Schiltz et al. Identifying Specific Combinations of Multimorbidity that | ML Identificacion de enfermedades crdnicas, limitaciones
(2017)%# Contribute to Health Care Resource Utilization: An funcionales y sindromes geriatricos asociados con costes

Analytic Approach

sanitarios y utilizacion de recursos hospitalarios
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Allyn et al. A Comparison of a Machine Learning Model with ML ML es mas preciso en la prediccién de mortalidad que el
(2017)°%° EuroSCORE Il in Predicting Mortality after Elective Cardiac EuroSCORE Il en pacientes sometidos a cirugia cardiaca
Surgery: A Decision Curve Analysis electiva
Wise et al. Prediction of Prolonged Ventilation after Coronary Artery | DL Identificacion de factores preoperatorios asociados a
(2017)%1 Bypass Grafting: Data from an Artificial Neural Network ventilacién prolongada e identificacidn temprana de
pacientes que la puedan requerir tras cirugia de pontaje
coronario
Pereira et al. Automated detection of coarctation of aorta in neonates | DL Deteccidén de coartacién de aorta utilizando imagenes
(2017)5°2 from two-dimensional echocardiograms ecocardiograficas
Li et al. (2017)°%3 An artificial neural network prediction model of DL Prediccidn de cardiopatias congénitas en fetos de
congenital heart disease based on risk factors: A hospital- mujeres embarazadas
based case-control study
Zhang et al. [Research on prediction method of left ventricular blood | DL Modelo predictivo en perros para determinar la presién
(2017)%%4 pressure based on external heart sounds] ventricular izquierda a partir de los ruidos cardiacos
Gharehbaghi et al. | A Decision Support System for Cardiac Disease Diagnosis | ML Sistema para screening de cardiopatias congénitas en
(2017)%% Based on Machine Learning Methods nifios en atencidn primaria basado en el analisis de los
ruidos cardiacos
Radchenko et al. Computer-aided estimation of the hERG-mediated DL Modelo predictivo de cardiotoxicidad de futuros
(2017)°% cardiotoxicity risk of potential drug components farmacos a través del canal de potasio hERG
Eslamizadeh et al. Heart murmur detection based on wavelet DL Clasificador de soplos cardiacos
(2017)%%7 transformation and a synergy between artificial neural
network and modified neighbor annealing methods
Sudha (2017)>% Evolutionary and Neural Computing Based Decision DL Identificador de enfermedad cardiaca
Support System for Disease Diagnosis from Clinical Data
Sets in Medical Practice
Awad et al. Early hospital mortality prediction of intensive care unit ML Predictor de mortalidad en pacientes ingresados en
(2017)5%° patients using an ensemble learning approach unidades de criticos
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Xiao et al. (2017)%%° | Estimation of aortic systolic blood pressure from radial DL Estimacion de la presion sistdlica en aorta a partir de las
systolic and diastolic blood pressures alone using artificial presiones sistdlicas y diastdlicas de arteria radial
neural networks

Indja et al. Neural network imaging to characterize brain injury in DL Caracterizacion de la lesidon cerebral isquémica

(2017)%01 cardiac procedures: the emerging utility of connectomics postquirdrgica

Liang et al. A machine learning approach to investigate the ML Prediccién automatica de rotura de aneurismas de aorta

(2017)502 relationship between shape features and numerically ascendente
predicted risk of ascending aortic aneurysm

Abdollahpur et al. Detection of pathological heart sounds ML, DL Clasificacion automatica de ruidos cardiacos a partir del

(2017)%03 datatén PhysioNet/CinC Challenge 2016

No listado autores | [Quantitative structure-activity relationship model for ML Prediccidn de la posible cardiotoxicidad de los

(2017)%%4 prediction of cardiotoxicity of chemical components in componentes quimicos de las medicinas tradicionales
traditional Chinese medicines] chinas

Gharehbaghi et al. Intelligent Phonocardiography for Screening Ventricular DL Clasificacidn entre comunicacion interventricular o

(2017)50° Septal Defect Using Time Growing Neural Network insuficiencia valvular auriculo-ventricular a partir de la

auscultacién cardiaca

Silva et al. (2017)%% | Combined Thoracic Ultrasound Assessment during a ML Prediccidn de estrés respiratorio postextubacion a partir

Successful Weaning Trial Predicts Postextubation Distress de datos ecocardiograficos respiratorios, cardiacos y de
diafragma

Ebert et al. Automatic detection of hemorrhagic pericardial effusion | DL Deteccién y segmentacion de hemopericardio

(2017)8%7 on PMCT using deep learning - a feasibility study postmortem a partir de TC

Kay et al. (2017)%%® | DropConnected neural networks trained on time- DL Clasificacién de ruidos cardiacos en normales o
frequency and inter-beat features for classifying heart anormales
sounds

Kublanov et al. Comparison of Machine Learning Methods for the ML Clasificacién en hipertension arterial o no a partir del

(2017)6%°

Arterial Hypertension Diagnostics

analisis de la variabilidad de la frecuencia cardiaca
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Attallah et al. Using multiple classifiers for predicting the risk of ML, DL Prediccion del riesgo de reintervencién en aneurismas
(2017)5%0 endovascular aortic aneurysm repair re-intervention de aorta tratados endovascularmente
through hybrid feature selection
Liang et al. A deep learning approach to estimate chemically-treated | DL Estimacion de las propiedades elasticas del tejido
(2017)541 collagenous tissue nonlinear anisotropic stress-strain colageno directamente de imagenes de microscopia
responses from microscopy images para la fabricacién de bioprdtesis cardiacas
Conant et al. Kinase inhibitor screening using artificial neural networks | DL Prediccidn de cardiotoxicidad de diferentes inhibidores
(2017)52 and engineered cardiac biowires de quinasa utilizados en cancer
Vivekanandan et al. | Optimal feature selection using a modified differential DL Prediccidn de enfermedad cardiaca a partir de multiples
(2017)53 evolution algorithm and its effectiveness for prediction of datos
heart disease
Lee et al. (2017)%'* | Machine Learning of Human Pluripotent Stem Cell- ML Algoritmo de clasificacién para predecir la accién
Derived Engineered Cardiac Tissue Contractility for mecanicista de una droga cardioactiva desconocida
Automated Drug Classification
Bergau et al. Machine-Learning Prediction of Drug-Induced Cardiac ML Sistema para evaluar la seguridad de medicamentos
(2018)5%° Arrhythmia: Analysis of Gene Expression and Clustering realizando analisis de expresidn de genes
Amiriparian et al. Deep Unsupervised Representation Learning for DL Clasificador para identificar ruidos cardiacos anormales
(2018)616 Abnormal Heart Sound Classification
Dey et al. (2018)%7 | InstaBP: Cuff-less Blood Pressure Monitoring on ML Desarrollo de un modelo de prediccién para la
Smartphone using Single PPG Sensor monitorizacién de la presidn arterial por un solo sensor
basado en particiones demograficas y fisiolégicas
Thompson et al. Artificial Intelligence-Assisted Auscultation of Heart ML Algoritmo clasificador de soplos cardiacos
(2018)%8 Murmurs: Validation by Virtual Clinical Trial
Cai et al. (2018)%1° In Silico Pharmacoepidemiologic Evaluation of Drug- ML Desarrollo de modelos in silico para la identificacion

Induced Cardiovascular Complications Using Combined
Classifiers

sistematica de complicaciones cardiovasculares
inducidas por farmacos
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Pan et al. (2018)%%° | Identifying Patients with Atrioventricular Septal Defect in | DL Identificacion de canal auriculo-ventricular en el
Down Syndrome Populations by Using Self-Normalizing Sindrome de Down
Neural Networks and Feature Selection
Elgendi et al. The Voice of the Heart: Vowel-Like Sound in Pulmonary ML Andlisis de patrones de auscultacién para el diagndstico
(2018)5%1 Artery Hypertension no invasivo de hipertensién pulmonar
Burghardt et al. Neural/Bayes network predictor for inheritable cardiac DL Predictor de cardiopatias familiares y fenotipo a partir
(2018)622 disease pathogenicity and phenotype del andlisis genético
Zhu et al. (2018)%2® | [Left ventricle segmentation in echocardiography based ML Segmentacidn automadtica del ventriculo izquierdo en
on adaptive mean shift] ecocardiografia
Maharlou et al. Predicting Length of Stay in Intensive Care Units after DL Modelo para predecir estancias en unidades de criticos
(2018)524 Cardiac Surgery: Comparison of Artificial Neural tras cirugia cardiaca
Networks and Adaptive Neuro-fuzzy System
Liem at al (2018)%%° | Phrase mining of textual data to analyze extracellular ML Asociacion entre los patrones de proteinas de matriz
matrix protein patterns across cardiovascular disease extracelular y enfermedad cardiovascular a partir de
extraccion de datos textuales en la literatura
Juhola et al. Detection of genetic cardiac diseases by Ca2+ transient ML Identificacién de anormalidades en los canales de Ca2+
(2018)5%6 profiles using machine learning methods para el diagndstico de cardiopatias familiares
McCarthy et al. A clinical and proteomics approach to predict the ML Sistema para el diagnéstico de enfermedad vascular
(2018)5%7 presence of obstructive peripheral arterial disease: From periférica
the Catheter Sampled Blood Archive in Cardiovascular
Diseases (CASABLANCA) Study
Hatib et al. Machine-learning Algorithm to Predict Hypotension ML Andlisis de las formas de onda de presidn arterial para
(2018)°628 Based on High-fidelity Arterial Pressure Waveform predecir hipotension
Analysis
Parreco et al. Using artificial intelligence to predict prolonged ML Identificacion de pacientes con ventilacidn prolongaday

(2018)5°

mechanical ventilation and tracheostomy placement

necesidad de traqueostomia
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Giri et al. (2018)%° | Increased Plasma Nitrite and von Willebrand Factor ML Identificar biomarcadores en plasma de carditoxicidad
Indicates Early Diagnosis of Vascular Diseases in
Chemotherapy Treated Cancer Patients
Kan et al. (2018)%*' | Handmade trileaflet valve design and validation for DL Determinacidn de los parametros, incluidos el ancho,
patch-valved conduit reconstruction using generalized longitud y estructura curva, de conductos valvulados
regression machine learning model
Rosler et al. Development and Application of a System Based on ML Sistema experto para la optimizacidn en la seleccién de
(2018)532 Artificial Intelligence for Transcatheter Aortic Prosthesis la TAVI a implantar
Selection
Luo et al. (2018)%3 | Integrating hypertension phenotype and genotype with ML Estratificacidon en pacientes hipertensos a partir de datos
hybrid non-negative matrix factorization feno y genotipicos
Lee et al. (2018)%** | Derivation and Validation of Machine Learning ML Prediccion de fallo renal tras cirugia cardiaca
Approaches to Predict Acute Kidney Injury after Cardiac
Surgery
Luis Ahumadal et Prediction of One-Year Transplant-Free Survival after DL Prediccién de mala evoluciéon en nifios con ventriculo
al. (2018)%%° Norwood Procedure Based on the Pre-Operative Data Unico hipoplasico sometidos a cirugia de Norwood
Lu et al. (2018)5% A Novel Deep Learning based Neural Network for DL Deteccidn automatica de latidos cardiacos durante la
Heartbeat Detection in Ballistocardiograph balistocardiografia (registro de los movimientos
producidos por el impacto de la sangre en el corazén y
grandes vasos)
Chen et al. Artificial Neural Network: A Method for Prediction of DL Prediccién moderada de lesidn por presidn tras cirugia
(2018)5%7 Surgery-Related Pressure Injury in Cardiovascular Surgical cardiaca
Patients
Aviles-Rivero et al. | Sliding to predict: vision-based beating heart motion ML Correccidn de la movilidad cardiaca en la estimacién
(2018)5%8 estimation by modeling temporal interactions estructural para emplear en cirugia robética
Kang et al. Cardiac Auscultation Using Smartphones: Pilot Study DL Utilizacidn de teléfonos méviles para auscultaciéon
(2018)5%° cardiaca
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Llucia-Valldeperas Unravelling the effects of mechanical physiological DL Analisis del proteoma de células cardiacas derivadas de
et al. (2018)%%° conditioning on cardiac adipose tissue-derived progenitor tejido adiposo
cells in vitro and in silico
Matam et al. Machine learning based framework to predict cardiac ML Patrones (frecuencias cardiaca y respiratoria, presion
(2018)84 arrests in a paediatric intensive care unit : Prediction of arterial, saturacidn) predictores de parada cardiaca en
cardiac arrests pacientes pedidtricos ingresados en unidades de criticos
Jordanski et al. Machine Learning Approach for Predicting Wall Shear ML, DL Algoritmo de calculo de la distribucidn de la tensidn de
(2018)542 Distribution for Abdominal Aortic Aneurysm and Carotid cizallamiento de la pared arterial, como mecanismo
Bifurcation Models esencial en el desarrollo de aterosclerosis
Diaz et al. (2018)%* | Modeling the control of the central nervous system over | ML Modelos hemodindmicos de prediccidn del sistema
the cardiovascular system using support vector machines cardiovascular en respuesta a estimulos del sistema
nervioso central
Ferng et al. Study of continuous blood pressure estimation based on | ML Estimacién continua de la presién arterial
(2018)%44 pulse transit time, heart rate and
photoplethysmography-derived hemodynamic covariates
Wacker et al. Performance of Machine Learning Algorithms for ML Modelo predictivo de cardiotoxicidad para evaluar
(2018)54° Qualitative and Quantitative Prediction Drug Blockade of farmacos con capacidad de bloquear el canal de potasio
hERG1 channel hERG
Siramshetty et al. The Catch-22 of Predicting hERG Blockade Using Publicly | ML Clasificador de cardiotoxicidad por farmacos sobre el
(2018)5% Accessible Bioactivity Data canal hERG con datos de bioactividad extraidos del
dominio publico
Lu et al. (2018)%¥ Research on Improved Depth Belief Network-Based DL Clasificador de patologia cardiaca a partir de datos de
Prediction of Cardiovascular Diseases pacientes ingresados en unidades de cuidados intensivos
Vervier et al. TiSAn: estimating tissue-specific effects of coding and ML Discriminacidn de las variantes relevantes para un tejido
2018548 non-coding variants de aquellas que no influyen en su funcion
Bozkurt et al. A study of time-frequency features for CNN-based DL Clasificacidn de patologia cardiaca en pacientes
(2018)54° automatic heart sound classification for pathology pediatricos por el analisis de ruidos cardiacos

detection
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Messner et al. Heart Sound Segmentation-An Event Detection Approach | DL Clasificacion de patologia cardiaca a partir del analisis de
(2018)%>° Using Deep Recurrent Neural Networks primer y segundo ruidos cardiacos con datos
procedentes del dataton 2016 PhysioNet/CinC Challenge
Mejia et al. Predictive performance of six mortality risk scores and ML Prediccidn de riesgo tras cirugia valvular en pacientes
(2018)%°1 the development of a novel model in a prospective con cardiopatia reumatica y comparacidén con scores de
cohort of patients undergoing valve surgery secondary to riesgo clasicos
rheumatic fever
Marateb et al. Prediction of dyslipidemia using gene mutations, family ML Diagnéstico de dislipemia usando datos genéticos,
(2018)552 history of diseases and anthropometric indicators in familiares y antropométricos en nifios y adolescentes
children and adolescents: The CASPIAN-III study
Jalali et al. (2018)%*2 | Prediction of Periventricular Leukomalacia in Neonates ML Prediccidn de leucomalacia periventricular en neonatos
after Cardiac Surgery Using Machine Learning Algorithms sometidos a cirugia cardiaca
Cai et al. (2019)%* Deep Learning-Based Prediction of Drug-Induced DL Prediccidn de cardiotoxicidad inducida por farmacos a
Cardiotoxicity través de deep learning
Diller et al. Utility of machine learning algorithms in assessing ML Evaluacién de pacientes con ventriculo derecho
(2019)%°° patients with a systemic right ventricle sistémico a partir de imagen ecocardiografica
transtoracica
Harford et al. A machine learning based model for Out of Hospital ML Prediccién de paro cardiaco extrahospitalario con
(2019)5%¢ cardiac arrest outcome classification and sensitivity modelos machine learning
analysis
Blomberg et al. Machine learning as a supportive tool to recognize ML Reconocimiento de pacientes en parada cardiaca en
(2019)%7 cardiac arrest in emergency calls llamadas telefdnicas de emergencia a través
Melero-Alegria et SALMANTICOR study. Rationale and design of a ML Disefio de estudio poblacional para la identificacién de
al. (2019)%°8 population-based study to identify structural heart enfermedades cardiacas estructurales.
disease abnormalities: a spatial and machine learning
analysis
Casaclang-Verzosa | Network Tomography for Understanding Phenotypic ML Fenotipado de ventriculos izquierdos en respuesta a la

et al. (2019)%>°

Presentations in Aortic Stenosis

aparicidn de estenosis adrtica
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Bello et al. Deep learning cardiac motion analysis for human survival | DL Analisis del movimiento cardiaco para la prediccion de
(2019)%¢° prediction supervivencia
Huo et al. (2019)%! | A machine learning model to classify aortic dissection ML Clasificacidn de pacientes con riesgo de diseccién de
patients in the early diagnosis phase aorta en fases de diagnéstico
Diller et al. Machine learning algorithms estimating prognosis and ML Evaluacidn pronéstica y terapéutica en pacientes adultos
(2019662 guiding therapy in adult congenital heart disease: data con patologias cardiacas congénitas
from a single tertiary centre including 10 019 patients
Zhao et al. Learning from Longitudinal Data in Electronic Health DL Prediccidn de eventos cardiovasculares a partir del
(2019)663 Record and Genetic Data to Improve Cardiovascular analisis de registros clinicos electrdnicos y datos
Event Prediction genéticos
Daghistani et al. Predictors of in-hospital length of stay among cardiac DL Identificacion de predictores de tiempos de estancia
(2019)%%* patients: A machine learning approach intrahospitalaria de pacientes cardiacos
Sparapani et al. Detection of Left Ventricular Hypertrophy Using Bayesian | ML Deteccién de hipertrofia del ventriculo izquierdo
(2019)66° Additive Regression Trees: The MESA
Pulido et al. Blood Pressure Classification Using the Method of the ML Clasificacidn de presiones arteriales
(2019)°6¢ Modular Neural Networks
Ibrahim et al. A clinical, proteomics, and artificial intelligence-driven ML Prediccion de dafio renal agudo en pacientes sometidos
(2019)°¢7 model to predict acute kidney injury in patients a intervencion coronaria percutanea
undergoing coronary angiography
va et al. (2019)%68 Prognostic value of CT myocardial perfusion imaging and | ML Evaluacién de valores prondsticos de imagen de
CT-derived fractional flow reserve for major adverse perfusidn miocdrdica por tomografia y reserva fraccional
cardiac events in patients with coronary artery disease de flujo a partir de tomografia para la prediccién de
eventos cardiacos mayores en pacientes con
enfermedad coronaria
Ruiz et al. (2019)°%° | Early prediction of critical events for infants with single- ML Prediccidn temprana de eventos criticos en neonatos

ventricle physiology in critical care using routinely
collected data

con ventriculo Unico
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resonance imaging cine sequence for assessing the
severity of mitral value regurgitation]

Ris et al. (2019)%7° Inflammatory biomarkers in infective endocarditis: ML Identificacion de biomarcadores de endocarditis
machine learning to predict mortality

Hsich et al. Variables of importance in the Scientific Registry of ML Identificacién de caracteristicas para la prediccion de

(2019)%7 Transplant Recipients database predictive of heart mortalidad en listas de espera a trasplante cardiaco
transplant waitlist mortality

Emre et al. The analysis of the effects of acute rheumatic fever in ML Analisis de efectos de la fiebre reumatica aguda en

(2019)672 childhood on cardiac disease with data mining pacientes infantiles con patologias cardiacas

Sun et al. (2019)%”® | [Radiomics strategy based on cardiac magnetic ML Evaluacién de severidad de insuficiencias mitrales a

partir de resonancia magnética cardiaca

DL: deep learning (aprendizaje profundo); ML: machine learning (aprendizaje automatico); NLP: natural language processing (procesamiento del lenguaje

natural).
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