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Cardiovascular disease (CVD), despite the significant advances in the diagnosis and treatments, still represents the leading cause
of morbidity and mortality worldwide. In order to improve and optimize CVD outcomes, artificial intelligence techniques have
the potential to radically change the way we practice cardiology, especially in imaging, offering us novel tools to interpret data and
make clinical decisions. AI techniques such as machine learning and deep learning can also improve medical knowledge due to the
increase of the volume and complexity of the data, unlocking clinically relevant information. Likewise, the use of emerging
communication and information technologies is becoming pivotal to create a pervasive healthcare service through which elderly
and chronic disease patients can receive medical care at their home, reducing hospitalizations and improving quality of life. The
aim of this review is to describe the contemporary state of artificial intelligence and digital health applied to cardiovascular
medicine as well as to provide physicians with their potential not only in cardiac imaging but most of all in clinical practice.

1. Introduction

According to the fifth edition of the European Cardiovas-
cular Disease Statistics (published in 2017 by the European
Heart Network (EHN)), cardiovascular diseases (CVD)
represent the leading cause of death and morbidity in
Europe. In 2015, over 85 million people were affected by
CVD (48% men and 52% women) in the continent, leading
to 3.9 million deaths (45% of all causes of death). In the
European Union (EU), 49 million people were dealing with
CVD, out of which over 1.8 million resulted in death
(European Cardiovascular Disease Statistics 2017).

CVD represent a significant economic cost for society,
around $351.2 billion in US, chronically affecting patients’
quality of life [1]. The EU has estimated that the overall
yearly cost amounts to €210 billion, allocating around 53%
to healthcare costs (€111 billion), with 26% related to
productivity losses (€54 billion), and the remaining 21%

(€45 billion) to the informal care of people with CVD
(European Cardiovascular Disease Statistics 2017).

In 2017, in Italy, 4.4 patients per every thousand in-
habitants suffer from some kind of cardiovascular disease
and 232 992 people died from it (Istat data).

The incidence of disability in those who survived was
very high, chronically impacting patients’ quality of life and
healthcare costs. The Italian pharmaceutical industry uses
23.5% of its fund expenditures for CVD treatment drugs
(https://www.epicentro.iss.it).

This data supports the fact that CVD, despite the sig-
nificant advances that occurred in the diagnosis and treat-
ments, are still the most common cause of morbidity and
mortality in Europe.

Early accurate diagnosis and prognosis evaluation are
key to improve and optimize CVD outcomes.

Artificial intelligence (AI) techniques such as machine
learning (ML), deep learning (DL), and cognitive computer
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can play a critical role in the early detection and diagnosis of
CVD, as well as outcome prediction and prognosis evalu-
ation. Widespread data acquisitions of electronic health
records (EHRs) have generated massive datasets (quanti-
tative, qualitative, and transactional data) that require Al
techniques to be interpreted [2].

Al techniques can also assist physicians to make better
clinical decisions enabling early detection of subclinical
organ dysfunction, through the use of clinically relevant
information that can be found in the massive amount of data
and, thus, improving quality and efficiency of healthcare
delivery [3].

Telemedicine and mobile health (mHealth) are also
becoming important in the prevention of CVD and general
improvement of healthcare [4-6]. Likewise, Internet of
Things (IoT) can be a radical game changer in heart disease
healthcare environment; patients’ acquired data can be sent
to remote physicians who will be able to constantly know
patients’ physical status in real time [7, 8]. The aim of this
review is to describe the contemporary status of artificial
intelligence applied to cardiovascular medicine and its po-
tential to change the way of how we generate knowledge,
interpret data, and make decisions.

2. What Is Artificial Intelligence?

Artificial intelligence (AI) is a computer system able to
perform tasks that ordinarily require human intelligence
such as receiving perceptions from the environment and
performing actions using algorithms, heuristics, pattern
matchings, rules, deep learning, and cognitive computing.
A group of pioneers first coined the term in 1956 at
Dartmouth College in New Hampshire, USA. In 1958,
Rosenblatt [9] developed the first precursor to current
neural networks: the perceptron, a “brain model” for su-
pervised learning of binary classifiers. In 1986, Rymelhart
et al. [10] described a new learning procedure, back-
propagation, for networks of neurone-like units able to
learn any function. Although big progress was made
through the’90s and 2000s, only in 2012, when Krizhevsky
and colleagues won the ImageNet ILSVRC contest with a
deep convolutional neural network to classify objects using
GPUs (graphics processing units) to accelerate network
training, an explosion of research activity in the neural
network field started to happen [11, 12].

The continuous development of AI techniques, mainly in
the subdomains of ML and DL, has quickly attracted the
attention of clinicians to create new integrated, reliable, and
efficient methods for providing quality healthcare.

Imaging is the focus of interest and research when it
comes to Al in cardiovascular medicine.

The advantages of using ML models in echocardiography
lie in the reduction of inter- and intraoperator variability as
well as in the provision of additional predictive information
that may be too subtle to be detected by human eyes [13-15].

Another interesting potential application of Al tech-
niques could be in cardiac CT, for patients with suspected
CAD. For patients suffering from these conditions, the as-
sociation between cardiac CT and ML algorithms has shown
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a potential in clinical practice to take noninvasive ap-
proaches and to detect functional information beyond
atherosclerotic plaque characterization [16-18].

Besides diagnostic imaging, another interesting appli-
cation of ML in cardiology could be in the automatic de-
tection of anomalies in electrocardiograms.

2.1. Machine Learning. Machine learning (ML) is a subfield
of Al intended to “teach” computers to analyze vast datasets
in a quick, accurate, and efficient way, through the use of
complex computing and statistical algorithms [13].

These algorithms are able to identify patterns on new
data that match with existing data they already “learned
from” and make predictions based on them [19].

In ML, an input x and an output y follow a functional
relationship y=f(x), called the predictive model [19].

ML can be classified into three groups based on the way
the predictive model learns and accumulates data [20-24].

(1) Supervised learning (e.g., logistic regression, SVM,
and neural networks): uses human labelled datasets,
generally used to develop models that predict or
classify future events or find the most relevant
variables to the outcome. Both x and y are known
and the predictive model improves and benefits from
data training.

(2) Unsupervised learning (e.g., cluster analysis): the
software is capable of finding hidden structures in
datasets, without prior categorization of the training
set (only x is known). This has the potential to
identify novel relationships within the data.

(3) Reinforcement learning: reward-based learning
(typically used in gaming and robotic applications),
based on interactions with an environment in which
positive and negative reinforcements contribute to
the improvement of the predictive model. It requires
the machine to be equipped with systems and tools
that can not only improve its learning but also
understand the characteristics of the surrounding
environment, such as sensors, cameras, and GPS.

2.2. Deep Learning. Deep learning (DL) is a supervised ML
technique that uses neural networks and is characterized by
automated algorithms that are able to extract meaningful
patterns from data collections [4]. It mimics the complexity
of a human brain, being able to learn complex hierarchical
representations from data that has multiple levels of ab-
straction [4, 25]. The programmer enters known data into
the machine in a way that allows algorithms to respond
correctly even when faced with fully new data. The neural
network learns through experience, reads data, builds hi-
erarchical architectures, and provides advanced input-out-
put levels. It can capture complex nonlinear relationships
between input-output outcome variables. The average error
of outcomes and their predictions can be minimized by
estimating the weights of input and outcome data [3].
Physicians diagnose based on their knowledge, experi-
ence, and cultural background. Deep learning could be very



Cardiology Research and Practice

successful at this point, broadening and improving medical
knowledge, particularly for nonexpert physicians.

DL can explore more complex nonlinear patterns in the
data than classic neural networks by using more hidden
layers. For this reason, the application of DL in the medical
research field has recently become popular due to the in-
crease in volume and complexity of data, particularly for the
imaging analysis area [3, 26].

DL is also playing a prominent role in Facebook’s image
recognition program, speech recognition in Apple’s Siri and
Amazon’s Alexa, Google brain and robots, etc. [27].

In the medical context, the most widespread deep
learning algorithms are convolution neural networks
(CNN), recurrent neural networks, deep belief networks,
and deep neural networks.

3. Electronic Health: Mobile Health and IoT

Electronic health (eHealth), or digital health, refers to the use
of emerging communication and information technologies,
basically the Internet, and aims to improve health and
healthcare [5].

3.1. Mobile Health. Mobile health (mHealth) is a subfield of
eHealth, characterized by the use of mobile and wireless
technologies to improve healthcare.

When it comes to the prevention of CVD, mobile devices
are a great promise especially thanks to dietary self-moni-
toring apps, physical activity monitors, and blood pressure
(BP) monitors. These applications can help patients achieve
a healthful weight, improve physical activity, quit smoking,
control blood glucose, and manage BP and lipids to achieve
target levels [5, 28-32].

Apple, in collaboration with Stanford Medicine, suc-
cessfully conducted a research study [33] to evaluate whether
the Apple heart Study App (a mobile medical app that
analyzes pulse rate data) could use data collected on the
Apple Watch to identify irregular heart rhythms (atrial fi-
brillation and other arrhythmias). This study paved the way
to a novel large-scale pragmatic study, in which outcomes
and findings can be reliably assessed with user-owned
devices.

mHealth became also important in cardiovascular
medicine with the development of portable computer de-
vices and miniaturized cardiac imaging devices. Moreover,
“big data” from mHealth and telemedicine can be integrated
with AI techniques, helping cardiologists make better
clinical decisions [4, 34, 35].

3.2. Internet of Things. The Internet of Things (IoT) is the
network of physical objects, devices, vehicles, buildings, and
other items that are embedded with electronics, software,
sensors, and network connectivity, that enables the collec-
tion and exchange data [8].

The general architecture of IoT medical applications
consists of three layers: the sensing layer composed of

sensors worn or carried by patients, the transport layer
composed of connecters, and the application layer composed
of remote server [7]. Thanks to these, acquired data is
transmitted to a remote server and saved in a database or
displayed in real time by physicians.

It is especially useful for elderly and chronic disease
patients, shifting healthcare from a passive activity into a
pervasive one. In cardiovascular medicine, physicians are
able to monitor patients in real time thank to the collection
of data such as blood pressure, ECG, and SpO,, being aware
of patient’s health conditions and diagnosing or forecasting
dangerous events. This will radically change patient’s quality
of life: they will be able to lead a more normal life, receiving
medical care at their homes and thus reducing hospital visit
frequencies. When IoT techniques are combined with real-
time analytical algorithms, they can also become a mean to
warn about potential attacks in advance.

In the heart failure care field, wearable sensors coupled
with ML analytics can be potentially used to improve clinical
outcomes and reduce hospitalizations [36-38]. Heart failure
is a chronic disease with acute exacerbations that reports
high rates of hospitalization and mortality year after year
(one-year hospital readmission rate of more than 50%, and
one-year mortality rates of 30%) [39] and involves a
worldwide expenditure of around $31 billion [40] yearly. Itis
estimated to affect over 26 million adults worldwide [41], 6.5
million only in the United States [42], 14 million in Europe,
and 1 million in Italy, with an increasing prevalence rate
related to aging (over 10% of the patients are 70 years old or
older) [43]. It is the leading cause of hospitalization among
people over the age of 65 [44] in Italy, with over 190,000
hospitalizations every year and an expenditure of at least
€500 million [45] with 9.4 days of hospital stay on average
[45]. Due to the fact that the patient care cost increases in
relation to the severity of the disease, for NYHA IV patients,
it is 8 to 30 times higher than that for NYHA II patients [46].

Despite the big progresses in therapies and prevention
techniques, the incidence of rehospitalization is of 25% in a
1-month period and increases to ¢.50% in a 6-month [46]
period, with the mortality rate still being ¢.50% in a 5-year
period after diagnosis [47].

Due to the high cost of hospitalizations (the average
length is 5-10 days) [41] and the high rates of morbidity and
mortality (especially between the elderly population), the
potential of IoT-based devices stands out. In the LINK-HF
study [36], it was demonstrated that machine learning
models that use data from VitalPatch®, a wearable sensor,
can more accurately forecast heart failure exacerbation than
invasive devices. The sensor layer used in the mentioned
study was made up of a multisensory patch placed on the
chest that recorded physiological data. Data was uploaded
via smartphone (transport layer) to a cloud analytics plat-
form (application layer) which used ML algorithms to an-
alyze the collected data. Sensible Medical Innovations Ltd.
(Netanya, Israel) developed ReDS™ [48], a wearable he-
modynamic noninvasive technology able to detect the
amount of lung fluid concentration. Comparing ReDS™
technology to high-resolution chest computed tomography
(CT) in patients with acute heart failure resulted in ReDS™



being more suitable for the management of acute events
recurrence in recently discharged patients [49].

With the aim to significantly improve heart failure pa-
tients’ life, Vectorious has created V-LAP™. It is the first
battery-less wireless microcomputer for cardiac monitoring,
a novel Left Atrial Pressure monitoring system with a real-
time tracking method based on Al that introduces remote
heart failure care. By tracking trends of left atrial pressure
readings with theV-LAP™, physicians can detect heart
failure exacerbation before the onset of symptoms, change
treatments, or modify doses of medication in order to reduce
adverse complications (https://www.vectoriousmedtech.
com).

Sievert et al. [50] successfully performed the first human
experience with the V-LAP™. The V-LAP™ sensor was
implanted using a transseptal access, with angiographic and
echocardiographic guidance, and showed successful results
in NYHA Class III patients regarding to implantation safety
and feasibility. Other invasive device developed to manage
HF hospitalizations was CardioMEMS™ HF System (Abbott,
Lake Bluff, Illinois, United States): a permanent wireless
pulmonary artery pressure (PAP) monitoring system. The
device granted a big impact on the reduction of hospitali-
zations, as it allowed a tailored online management designed
through the PAP data. The CHAMPION trial demonstrated
effectiveness in the use of CardioMEMS™, reducing on
average a 33% of the HF hospitalizations in NYHA Class III
Heart Failure Patients over a follow-up period of 18 months
[38].

4. Applications in Cardiovascular Imaging

AT techniques such as machine learning, deep learning, and
cognitive computing have the potential to change the way in
which cardiology and cardiovascular medicine are practiced
(e.g., how we generate knowledge, interpret data, and make
decisions), especially in cardiovascular imaging.

4.1. Echocardiography. The role of echocardiography is
crucial in the diagnosis and management of cardiovascular
diseases and accurate quantitative assessment of cardiac
structures and functions. However, it still depends on the
interoperator variability and experience. Al tools, in par-
ticular machine learning, provide new possibilities to en-
hance the accuracy of image interpretation in clinical
echocardiography practice, especially between nonexpert
clinicians. ML models trained to learn different features in
an image are able to recognize a wide range of specific
disease patterns, taking account of each pixel and their
relationships [13].

ML models bring the potential to interpret, in an au-
tomated manner, the unused data that is generated by the
advent of multidimensional imaging modalities (such as 3D
echocardiography and speckle tracking) [13]. This leads to
advantages in the reduction of analysis time and in the
increase of reproducibility [4].

3D echocardiographic automated analysis can be per-
formed thanks to HeartModel®", a software package that
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uses a model-based algorithm. The algorithm that is inte-
grated in the software is capable of automatically calculate
the following in few seconds: (i) the volumes of the left
chambers (atrium and ventricle), (ii) the systolic flow, and
(iii) the ejection fraction of the LV from the data acquired
with 3D echocardiographic techniques (https://www.
ultrasound-heartmodel.it). In addition, the software also
obtains simultaneously the atrium volume from the same
eco-3D dataset, providing a more complete assessment of
the function of the atrium, if we compare it to conventional
measurement systems [51]. Another important advantage of
this algorithm is that it has been designed to analyze eco-3D
datasets acquired in single-beat mode. This can be partic-
ularly useful in patients whose 3D analysis is difficult, as
could be the case of patients with frequent arrhythmias or
those with breathing difficulties.

A wide range of cardiovascular diseases can benefit from
ML models in clinical echocardiography practice.

Sengupta et al. [52] developed a cognitive machine-
learning algorithm, trained with speckle tracking echocar-
diographic (STE) data, to differentiate constrictive peri-
carditis from restrictive cardiomyopathy. This study
demonstrated the feasibility and effectiveness of a cognitive
computing machine learning approach for automated in-
terpretations of STE data.

Narula et al. [14] also showed that supervised learning
algorithms could differentiate athlete heart and hypertrophic
cardiomyopathy, using STE data, more accurately than
traditional measure systems. Another potential field of
application of ML models in echocardiography is heart valve
disease (HVD) [53, 54]. HVD is an increasingly common
pathology which can benefit from cardiac imaging ML in-
tegration through early diagnosis, treatment, or surgery
planning [54]. Playford et al. [55] evaluated whether Al
could impute the aortic valve area (AVA) in aortic valve
stenosis from other echocardiographic data, without the
need of measuring left ventricular outflow tract (LVOT); a
high accuracy (0.95) was obtained. In order to assess mitral
regurgitation severity, Moghaddasi and Nourian [56] in-
troduced novel features to detect micropatterns out of
echocardiography images. Their proposed method achieves
a 99.38% sensitivity and 99.63% specificity rates in the de-
tection of MR severity.

Ortiz et al. in 1995 [57] leaded the way to the application
of AI tools in the field of heart failure (HF). They used a
neural network method, based on echocardiographic data, to
assess a one-year prognosis in a HF patient. Their work
concluded that neural networks could more accurately
predict outcomes than linear discriminant analysis (accu-
racy of 90% and sensitivity of 71.4% vs 67.4% and 67.5%,
resp.).

Subsequent studies also showed that echocardiographic
data and clinical factors can be used by Al tools to facilitate
HF diagnosis, classification, severity estimation, and pre-
diction of adverse events [21, 58-60], particularly in patients
with preserved ejection fraction [61, 62]. Recently, Ouyang
et al. [63] developed and performed successfully with an
accuracy over 0.92 a novel video-based deep learning al-
gorithm: EchoNet-Dynamic. This model, using 3D
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convolutional neural network, is able to assess from echocar-
diogram videos alone cardiac function (segmentation of left
ventricle and estimation of ejection fraction) with an accuracy
equal to or better than human experts.

4.2. Magnetic Resonance Imaging. In cardiac MRI, ventric-
ular segmentation is one of the fields with more potential for
the application of ML models. It makes it possible to
quantify the volumetry and improve the efficiency and re-
producibility of clinical assessments [64-66]. Avendi et al.
[65] used deep learning algorithms (i.e., convolutional
neural networks and stacked autoencoders) trained through
cardiac MRI datasets, for the automatic detection and
segmentation of right ventricular (RV) chamber foreseeing
the accuracy of these algorithms. Likewise, for left ven-
tricular segmentation, several automated neural networks
have been successfully developed, especially for cardiac cine
MRI [66-68]. Another application of ML in cardiac MRI
takes place in the detection of subacute or chronic myo-
cardial scar [69].

Dawes et al. [70] used supervised machine learning of 3D
patterns of systolic cardiac motions, to predict (independent
of conventional risk factors) adverse outcomes (early death
or right heart failure) in patients with pulmonary diseases.

4.3. Cardiac Computed Tomography. ML image analysis
techniques in cardiac CT are increasingly used in the di-
agnosis and risk assessment of coronary artery disease
(CAD) and atherosclerosis (e.g., coronary artery calcium
scoring and fractional flow estimation). Coronary computed
tomographic angiography (CCTA) is a noninvasive mo-
dality to detect coronary artery disease. It generally over-
estimates  stenosis severity compared to invasive
angiography, and angiographic stenosis does not necessarily
imply hemodynamic relevance when fractional flow reserve
(FFR) is used as a reference [71]. Therefore, several ML
models have been developed [17, 18, 71] to determine
noninvasive FFR and improve the performance of CCTA by
correctly reclassifying stenosis that are hemodynamically
nonsignificant.

In order to characterize coronary plaque, automatic
coronary artery calcium scoring in CCTA using ML models
provide added clinical value by reducing false positive and
interobserver variability [72, 73]. Wolterink et al. [73] used
supervised machine learning to directly identify and
quantify coronary artery calcification (CAC).

Gonzales et al. [74] used convolutional neural network to
calculate Agatston score from CT without prior segmen-
tation of coronary artery calcification.

Another application of ML on cardiac CT is in the
prognosis [75] and myocardial infarction detection, through
the use of texture analysis methods [76].

Preliminary Results of the SMARTool Project [77] in-
troduced a novel concept on the management of CAD
patients (diagnosis, prognosis, and treatment) based on ML
risk stratification and Computational Biomechanics. ML
analysis was performed from retrospective and prospective
data (clinical, biohumoral, CCTA imaging, lipidomics, etc.)

in order to discriminate low- and medium-to-high risk
patients. The CAD diagnosis module was based on the 3D
reconstruction of the coronary arteries and the noninvasive
estimation of smartFFR, whereas CAD predictions are based
on complex plaque growth computational models.

4.4. Applications in Electrocardiography. Besides diagnostic
imaging, electrocardiography is another field that could also
benefit from the application of ML to its activities.

The electrocardiogram (ECG) is the most widely used
tool to identify abnormalities in the electrical heart activity.
ML models, especially the subfield DL, have enabled the
automatic detection of anomalies in electrocardiograms,
reducing the time of interpretation and the dependency on
individual variability [78, 79].

Supervised learning algorithms have been largely de-
veloped to be applied on heart rhythm classification [80, 81].

The possibility to both train and test the different al-
gorithms is provided by public databases such as MIT-BIH
Arrhythmia from Physionet Project (https://physionet.org/
physiobank/database/). In contrary, in the unsupervised
learning analysis, the algorithms process datasets that lack a
default categorization [82]. Data that has not previously been
labelled is treated with this approach and afterwards
grouped with different methods into ECG phenotypes
subgroups [83, 84].

In particular, Lyon et al. [79], putting together data with
similar structures, have identified and classified ECG phe-
notypes associated with arrhythmic risk markers in hy-
pertrophic cardiomyopathy.

DL optimizes ECG interpretation performing patient
stratification as documented by recent reports [85, 86].
Interestingly, Hannum et al. have trained a 34-layer deep
neuronal network (DNN) as a DL model, to identify and
classify 12 different types of arrhythmia. The obtained results
are excellent compared to a dataset of recordings annotated
by a certified board of cardiologist [85].

Similarly, in the study of Attia et al., they trained a 6-
layer DNN to detect left ventricular systolic dysfunction
through the performance of a stratification superior to
B-type natriuretic peptide (BNP) screening blood tests [86].

5. Conclusion and Future Prospects

Physicians have both a big opportunity and responsibility to
actively track the continuous developments of AI techniques
and use and apply them according to their needs, in order to
find concrete supporting tools for their clinical practices. The
onset of artificial intelligence in the cardiovascular field is
bringing wide possibilities also to provide new personalized
cares. The way we practice cardiology, especially in the
cardiac imaging field, is going to change and physicians need
to be ready. mHealth and telemedicine are establishing new
connections between patients and physicians, switching
healthcare from a passive activity into a pervasive one.
Physicians should not be afraid of the integration of Al into
cardiology but should embrace it, since their expert
knowledge will keep being vital under any circumstances.


https://physionet.org/physiobank/database/
https://physionet.org/physiobank/database/

Conflicts of Interest

The authors declare no potential conflicts of interest with
respect to the research, authorship and/or publication of this
article.

References

[1] S.S.Virani, A. Alonso, E. J. Benjamin et al., “Heart disease and
stroke statistics-2020 update: a report from the American
heart association,” Circulation, vol. 141, no. 9, pp. e139-e596,
2020.

[2] T.B.Murdoch and A. S. Detsky, “The inevitable application of
big data to health care,” Journal of the American Medical
Association, vol. 309, no. 13, pp. 1351-1352, 2013.

[3] F. Jiang, Y. Jiang, H. Zhi et al., “Artificial intelligence in
healthcare: past, present and future,” Stroke and Vascular
Neurology, vol. 2, no. 4, pp. 230-243, 2017.

[4] K. Seetharam, N. Kagiyama, and P. P. Sengupta, “Application
of mobile health, telemedicine and artificial intelligence to
echocardiography,” Echo Research and Practice, vol. 6, no. 2,
pp. R41-R52, 2019.

[5] L. E. Burke, J. Ma, K. M. J. Azar et al., “Current science on
consumer use of mobile health for cardiovascular disease
prevention,” Circulation, vol. 132, no. 12, pp. 1157-1213, 2015.

[6] R. V. Tuckson, M. Edmunds, and M. L. Hodgkins, “Tele-
health,” New England Journal of Medicine, vol. 377, no. 16,
pp. 1585-1592, 2017.

[7] C. Li, X. Hu, and L. Zhang, “The IoT-based heart disease
monitoring system for pervasive healthcare service,” Procedia
Computer Science, vol. 112, pp. 2328-2334, 2017.

[8] A. Kulkarni and S. Vijaykumar, “Application of Internet of
Things in artificial heart pacemakers and its impact on se-
curity,” International Journal of Current Trends in Engineering
& Research (IJCTER), vol. 2, no. 5, pp. 604-610, 2016.

[9] F. Rosenblatt, “The perceptron: a probabilistic model for
information storage and organization in the brain,” Psycho-
logical Review, vol. 65, no. 6, pp. 386-408, 1958.

[10] D. E. Rumelhart, G. E. Hinton, and R. J. Williams, “Learning
representations by back-propagating errors,” Nature, vol. 323,
no. 6088, pp. 533-536, 1986.

[11] T. A. Retson, A. H. Besser, S. Sall, D. Golden, and A. Hsiao,
“Machine learning and deep neural networks in thoracic and
cardiovascular imaging,” Journal of Thoracic Imaging, vol. 34,
no. 3, pp. 192-201, 2019.

[12] J. W. Benjamins, T. Hendriks, J. Knuuti, L. E. Juarez-Orozco,
and P. van der Harst, “A primer in artificial intelligence in
cardiovascular medicine,” Netherlands Heart Journal, vol. 27,
no. 9, pp. 392-402, 2019.

[13] M. Alsharqi, W.]J. Woodward, J. A. Mumith, D. C. Markham,

R. Upton, and P. Leeson, “Artificial intelligence and echo-

cardiography,” Echo Research and Practice, vol. 5, pp. R115-

R125, 2018.

S. Narula, K. Shameer, A. M. Salem Omar, J. T. Dudley, and

P. P. Sengupta, “Machine-learning algorithms to automate

morphological and functional assessments in 2D echocardi-

ography,” Journal of the American College of Cardiology,

vol. 68, no. 21, pp. 2287-2295, 2016.

[15] A.Madani, R. Arnaout, M. Mofrad, and R. Arnaout, “Fast and
accurate view classification of echocardiograms using deep
learning,” NPJ Digital Medicine, vol. 1, no. 1, 2018.

[16] G. Singh, S.]. AI'Aref, M. Van Assen et al., “Machine learning
in cardiac CT: basic concepts and contemporary data,”

(14

Cardiology Research and Practice

Journal of Cardiovascular Computed Tomography, vol. 12,
no. 3, pp. 192-201, 2018.

[17] B.-K. Koo, A. Erglis, J.-H. Doh et al., “Diagnosis of ischemia-
causing coronary stenoses by noninvasive fractional flow
reserve computed from coronary computed tomographic
angiograms: results from the prospective multicenter DIS-
COVER-FLOW (diagnosis of ischemia-causing stenoses ob-
tained via Noni),” Journal of the American College of
Cardiology, vol. 58, no. 19, pp. 1989-1997, 2011.

[18] B. L. Norgaard, J. Leipsic, S. Gaur et al., “Diagnostic per-
formance of noninvasive fractional flow reserve derived from
coronary computed tomography angiography in suspected
coronary artery disease: the NXT trial (analysis of coronary
blood flow using CT angiography: next steps),” Journal of the
American College of Cardiology, vol. 63, no. 12, pp. 1145-1155,
2014.

[19] M. Wernick, Y. Yang, J. Brankov, G. Yourganov, and
S. Strother, “Machine learning in medical imaging,” IEEE
Signal Processing Magazine, vol. 27, no. 4, pp. 25-38, 2010.

[20] R. Cuocolo, T. Perillo, E. De Rosa, L. Ugga, and M. Petretta,
“Current applications of big data and machine learning in
cardiology,” Journal of Geriatric Cardiology: JGC, vol. 16,
no. 8, pp. 601-607, 2019.

[21] S.J. ATAref, K. Anchouche, G. Singh et al., “Clinical appli-
cations of machine learning in cardiovascular disease and its
relevance to cardiac imaging,” European Heart Journal,
vol. 40, no. 24, pp. 1975-1986, 2019.

[22] R. Vidal Perez, “Utility of artificial intelligence in cardiology,”
HealthManagement, vol. 18, no. 1, 2018.

[23] S. Shrestha and P. P. Sengupta, “Machine learning for nuclear
cardiology: the way forward,” Journal of Nuclear Cardiology,
vol. 26, no. 5, pp. 1755-1758, 2019.

[24] K. Shameer, K. W. Johnson, B. S. Glicksberg, J. T. Dudley, and
P. P. Sengupta, “Machine learning in cardiovascular medicine:
are we there yet?” Heart, vol. 104, no. 14, pp. 1156-1164, 2018.

[25] R.Miotto, F. Wang, S. Wang, X. Jiang, and J. T. Dudley, “Deep
learning for healthcare: review, opportunities and challenges,”
Briefings in Bioinformatics, vol. 19, no. 6, pp. 1236-1246, 2017.

[26] D. Ravi, C. Wong, F. Deligianni et al., “Deep learning for
health informatics,” IEEE Journal of Biomedical and Health
Informatics, vol. 21, no. 1, pp. 4-21, 2017.

[27] C.Krittanawong, H. Zhang, Z. Wang, M. Aydar, and T. Kitai,
“Artificial intelligence in precision cardiovascular medicine,”
Journal of the American College of Cardiology, vol. 69, no. 21,
pp. 2657-2664, 2017.

[28] A. Petakov and K. Nesmith, “Weight loss using evidence-
based strategies in mobile apps,” American Journal of Pre-
ventive Medicine, vol. 47, no. 1, 2014.

[29] J. Rivera, A. McPherson, J. Hamilton et al., “Mobile apps for
weight management: a scoping review,” JMIR mHealth and
uHealth, vol. 4, no. 3, p. e87, 2016.

[30] M. Neve, P. J. Morgan, P. R. Jones, and C. E. Collins, “Ef-
fectiveness of web-based interventions in achieving weight
loss and weight loss maintenance in overweight and obese
adults: a systematic review with meta-analysis,” Obesity Re-
views, vol. 11, no. 4, pp. 306-321, 2010.

[31] J. A. Walsh, E. J. Topol, and S. R. Steinhubl, “Novel wireless
devices for cardiac monitoring,” Circulation, vol. 130, no. 7,
pp. 573-581, 2014.

[32] K. M. J. Azar, L. L. Lesser, B. Y. Laing et al., “Mobile appli-
cations for weight management,” American Journal of Pre-
ventive Medicine, vol. 45, no. 5, pp. 583-589, 2013.

[33] M. V. Perez, K. W. Mahaffey, H. Hedlin et al., “Large-scale
assessment of a smartwatch to identify atrial fibrillation,” New



Cardiology Research and Practice

England Journal of Medicine, vol. 381, no. 20, pp. 1909-1917,

2019.

M. Bansal, S. Singh, P. Maheshwari et al., “Value of interactive

scanning for improving the outcome of new-learners in

transcontinental tele-echocardiography (VISION-in-Tele-

Echo) study,” Journal of the American Society of Echocardi-

ography, vol. 28, no. 1, pp. 75-87, 2015.

[35] K. Boman, M. Olofsson, P. Berggren, P. P. Sengupta, and
J. Narula, “Robot-assisted remote echocardiographic exami-
nation and teleconsultation: a randomized comparison of
time to diagnosis with standard of care referral approach,”
JACC: Cardiovascular Imaging, vol. 7, no. 8, pp. 799-803,
2014.

[36] J. Stehlik, C. Schmalfuss, B. Bozkurt et al., “Continuous
wearable monitoring analytics predict heart failure hospi-
talization: the LINK-HF multicenter study,” Circulation:
Heart Failure, vol. 13, no. 3, 2020.

[37] L. Perl, E. Soifer, J. Bartunek et al., “A novel wireless left atrial
pressure monitoring system for patients with heart failure,
first ex-vivo and animal experience,” Journal of Cardiovas-
cular Translational Research, vol. 12, no. 4, pp. 290-298, 2019.

[38] P. B. Adamson, W. T. Abraham, M. Aaron Jr. et al,
“CHAMPION= trial rationale and design: the long-term
safety and clinical efficacy of a wireless pulmonary artery
pressure monitoring system,” Journal of Cardiac Failure,
vol. 17, no. 1, pp. 3-10, 2011.

[39] A.Buja, G. Solinas, M. Visca et al., “Prevalence of heart failure
and adherence to process indicators: which socio-demo-
graphic determinants are involved?” International Journal of
Environmental Research and Public Health, vol. 13, no. 2,
p. 238, 2016.

[40] G. Savarese and L. H. Lund, “Global public health burden of
heart failure,” Cardiac Failure Review, vol. 3, no. 1, pp. 7-11,
2017.

[41] P.Ponikowski, S. D. Anker, K. F. AlHabib et al., “Heart failure:
preventing disease and death worldwide,” ESC Heart Failure,
vol. 1, no. 1, pp. 4-25, 2014.

[42] P. Ware, H.J. Ross, JA. Cafazzo, C. Boodoo, M. Munnery, and
E. Seto, “Outcomes of a heart failure telemonitoring program
implemented as the standard of care in an outpatient heart
function clinic: pretest-posttest pragmatic study,” Journal of
Medical Internet Research, vol. 22, no. 2, 2020.

[43] P. Ponikowski, A. A. Voors, S. D. Anker et al., “2016 ESC
Guidelines for the diagnosis and treatment of acute and
chronic heart failure,” European Heart Journal, vol. 37, no. 27,
pp. 2129-2200, 2016.

[44] G. Corrao and A. P. Maggioni, “Inquadramento epi-
demiologico dello scompenso cardiaco,” Giornale Italiano di
Cardiologia, vol. 15, no. 2, 2014.

[45] B. Polistena, D. D’Angela, M. Lattarulo, F. Spandonaro, and
T. Testa, “Il ricorso All'ospedalizzazione in Italia,” Giornale
Italiano di Cardiologia, vol. 15, no. 2, pp. 165-21S, 2014.

[46] E. Marangoni, F. Lissoni, I. R. Cominesi, and S. Tinelli,
“Epidemiologia, impatto organizzativo e costi dello scom-
penso cardiaco in Italia,” Giornale Italiano di Cardiologia,
vol. 13, no. 2, pp. 139S-144S, 2012.

[47] G. A. Mensah, “Heart failure in low-income and middle-
income countries: rising burden, diverse etiology, and high
mortality,” Journal of Cardiac Failure, vol. 24, no. 12,
pp. 833-834, 2018.

[48] J. M. Pevnick, K. Birkeland, R. Zimmer, Y. Elad, and I. Kedan,
“Wearable technology for cardiology: an update and frame-
work for the future,” Trends in Cardiovascular Medicine,
vol. 28, no. 2, pp. 144-150, 2018.

[34

[49] O. Amir, T. Ben-Gal, J. M. Weinstein et al., “Evaluation of
remote dielectric sensing (ReDS) technology-guided therapy
for decreasing heart failure re-hospitalizations,” International
Journal of Cardiology, vol. 240, pp. 279-284, 2017.

[50] H. Sievert, C. Di Mario, L. Perl, D. Meerkin, and
W. T. Abraham, “P4505VECTOR-HF: the first human ex-
perience with the V-LAP, a wireless left atrial pressure
monitoring system for patients with heart failure,” European
Heart Journal, vol. 40, no. 1, 2019.

[51] D. Medvedofsky, V. Mor-Avi, M. Amzulescu et al., “Three-
dimensional echocardiographic quantification of the left-
heart chambers using an automated adaptive analytics al-
gorithm: multicentre validation study,” European Heart
Journal—Cardiovascular Imaging, vol. 19, no. 1, pp. 47-58,
2018.

[52] P. P. Sengupta, Y. M. Huang, M. Bansal et al., “Cognitive
machine-learning algorithm for cardiac imaging; a pilot study
for differentiating constrictive pericarditis from restrictive
cardiomyopathy,” Circulation: Cardiovascular Imaging, vol. 9,
no. 6, 2016.

[53] A. Sengur, “Support vector machine ensembles for intelligent
diagnosis of valvular heart disease,” Journal of Medical Sys-
tems, vol. 36, no. 4, pp. 2649-2655, 2012.

[54] C. Martin-Isla, V. M. Campello, C. Izquierdo et al., “Image-
based cardiac diagnosis with machine learning: a review,”
Frontiers in Cardiovascular Medicine, vol. 7, 2020.

[55] D. Playford, E. Bordin, L. Talbot, R. Mohamad, B. Anderson,
and G. Strange, “Analysis of aortic stenosis using artificial
Intelligence,” Heart, Lung and Circulation, vol. 27, p. S216,
2018.

[56] H. Moghaddasi and S. Nourian, “Automatic assessment of
mitral regurgitation severity based on extensive textural
features on 2D echocardiography videos,” Computers in Bi-
ology and Medicine, vol. 73, pp. 47-55, 2016.

[57] J. Ortiz, C. G. M. Ghefter, C. E. S. Silva, and R. M. E. Sabbatini,
“One-year mortality prognosis in heart failure: a neural
network approach based on echocardiographic data,” Journal
of the American College of Cardiology, vol. 26, no. 7,
pp. 1586-1593, 1995.

[58] M. Cikes, S. Sanchez-Martinez, B. Claggett et al., “Machine
learning-based phenogrouping in heart failure to identify
responders to cardiac resynchronization therapy,” European
Journal of Heart Failure, vol. 21, no. 1, pp. 74-85, 2019.

[59] M. C. Lancaster, A. M. Salem Omar, S. Narula, H. Kulkarni,
J. Narula, and P. P. Sengupta, “Phenotypic clustering of left
ventricular diastolic function parameters: patterns and
prognostic relevance,” JACC: Cardiovascular Imaging, vol. 12,
no. 7, pp. 11491161, 2019.

[60] Y. Horiuchi, S. Tanimoto, A. H. M. M. Latif et al., “Identifying
novel phenotypes of acute heart failure using cluster analysis
of clinical variables,” International Journal of Cardiology,
vol. 262, pp. 57-63, 2018.

[61] M. Tabassian, I. Sunderji, T. Erdei et al., “Diagnosis of heart
failure with preserved ejection fraction: machine learning of
spatiotemporal variations in left ventricular deformation,”
Journal of the American Society of Echocardiography, vol. 31,
no. 12, pp. 1272-1284, 2018.

[62] S.]. Shah, D. H. Katz, S. Selvaraj et al., “Phenomapping for
novel classification of heart failure with preserved ejection
fraction,” Circulation, vol. 131, no. 3, pp. 269-279, 2015.

[63] D. Ouyang, B. He, A. Ghorbani et al., “Video-based AI for
beat-to-beat assessment of cardiac function,” Nature, vol. 580,
no. 7802, pp. 252-256, 2020.



[64] H. B. Winther, C. Hundt, B. Schmidt et al., “y-net: deep
learning for generalized biventricular mass and function
parameters using multicenter cardiac MRI data,” JACC:
Cardiovascular Imaging, vol. 11, no. 7, pp. 1036-1038, 2018.

[65] M. R. Avendi, A. Kheradvar, and H. Jafarkhani, “Automatic
segmentation of the right ventricle from cardiac MRI using a
learning-based approach,” Magnetic Resonance in Medicine,
vol. 78, no. 6, pp. 2439-2448, 2017.

[66] L. K. Tan, R. A. McLaughlin, E. Lim, Y. F. Abdul Aziz, and
Y. M. Liew, “Fully automated segmentation of the left ven-
tricle in cine cardiac MRI using neural network regression,”
Journal of Magnetic Resonance Imaging, vol. 48, no. 1,
pp. 140-152, 2018.

[67] Q. Tao, W. Yan, Y. Wang et al., “Deep learning-based method
for fully automatic quantification of left ventricle function
from cine MR images: a multivendor, multicenter study,”
Radiology, vol. 290, no. 1, pp. 81-88, 2019.

[68] T. A. Ngo, Z. Lu, and G. Carneiro, “Combining deep learning
and level set for the automated segmentation of the left
ventricle of the heart from cardiac cine magnetic resonance,”
Medical Image Analysis, vol. 35, pp. 159-171, 2017.

[69] B. Baessler, M. Mannil, S. Oebel, D. Maintz, H. Alkadhi, and
R. Manka, “Subacute and chronic left ventricular myocardial
scar: accuracy of texture analysis on nonenhanced cine MR
images,” Radiology, vol. 286, no. 1, pp. 103-112, 2018.

[70] T.J. W. Dawes, A. de Marvao, W. Shi et al., “Machine learning
of three-dimensional right ventricular motion enables out-
come prediction in pulmonary hypertension: a cardiac MR
imaging study,” Radiology, vol. 283, no. 2, pp. 381-390, 2017.

[71] A. Coenen, Y. H. Kim, M. Kruk et al., “Diagnostic accuracy of
a machine-learning approach to coronary computed tomo-
graphic angiography-based fractional flow reserve result from
the MACHINE Consortium,” Circulation: Cardiovascular
Imaging, vol. 11, no. 6, 2018.

[72] 1. Isgum, M. Prokop, M. Niemeijer, M. A. Viergever, and
B. Van Ginneken, “Automatic coronary calcium scoring in
low-dose chest computed tomography,” IEEE Transactions on
Medical Imaging, vol. 31, no. 12, pp. 2322-2334, 2012.

[73] J. M. Wolterink, T. Leiner, B. D. de Vos,
R. W. van Hamersvelt, M. A. Viergever, and I. I$gum,
“Automatic coronary artery calcium scoring in cardiac CT
angiography using paired convolutional neural networks,”
Medical Image Analysis, vol. 34, pp. 123-136, 2016.

[74] G. Gonzilez, G. R. Washko, R. S. J. Estépar, M. Cazorla, and
C. Cano Espinosa, “Automated Agatston score computation
in non-ECG gated CT scans using deep learning,” in Pro-
ceedings of the Medical Imaging 2018: Image Processing,
Houston, TX, USA, February 2018.

[75] M. Motwani, D. Dey, D. S. Berman et al., “Machine learning
for prediction of all-cause mortality in patients with suspected
coronary artery disease: a 5-year multicentre prospective
registry analysis,” European Heart Journal, vol. 38, no. 7,
pp. 500-507, 2017.

[76] M. Mannil, J. Von Spiczak, R. Manka, and H. Alkadhi,
“Texture analysis and machine learning for detecting myo-
cardial infarction in noncontrast low-dose computed to-
mography: unveiling the invisible,” Investigative Radiology,
vol. 53, no. 6, pp. 338-343, 2018.

[77] A.1 Sakellarios, N. Tachos, E. Georga et al., “A novel concept
of the management of coronary artery disease patients based
on machine learning risk stratification and computational
biomechanics: preliminary results of SMARTool project,” in
IFMBE Proceedings, pp. 629-633, Springer, Berlin, Germany,
2019.

Cardiology Research and Practice

[78] A. Mincholé, J. Camps, A. Lyon, and B. Rodriguez, “Machine
learning in the electrocardiogram,” Journal of Electro-
cardiology, vol. 57, pp. S61-564, 2019.

[79] A. Lyon, A. Mincholé, J. P. Martinez, P. Laguna, and
B. Rodriguez, “Computational techniques for ECG analysis
and interpretation in light of their contribution to medical
advances,” Journal of The Royal Society Interface, vol. 15,
p. 138, 2018.

[80] C. M. Bishop, Machine Learning and Pattern Recoginiton,
Information Science and Statistics, Springer, Berlin, Germany,
2006.

[81] S. Kiranyaz, T. Ince, and M. Gabbouj, “Real-time patient-
specific ECG classification by 1-D convolutional neural
networks,” IEEE Transactions on Biomedical Engineering,
vol. 63, no. 3, pp. 664-675, 2016.

[82] F. Castells, P. Laguna, L. Sornmo, A. Bollmann, and J. M. Roig,
“Principal component analysis in ECG signal processing,”
EURASIP Journal on Advances in Signal Processing, vol. 2007,
no. 1, 2007.

[83] M. H. Costell, N. Ancellin, R. E. Bernard et al., “Comparison
of soluble guanylate cyclase stimulators and activators in
models of cardiovascular disease associated with oxidative
stress,” Frontiers in Pharmacology, vol. 5, p. 128, 2012.

[84] 1. Goodfellow, Y. Bengio, and A. Courville, “Deep lear-
ning-whole book,” Nature Methods, vol. 13, no. 1, p. 35, 2016.

[85] A. Y. Hannun, P. Rajpurkar, M. Haghpanahi et al., “Cardi-
ologist-level arrhythmia detection and classification in am-
bulatory electrocardiograms using a deep neural network,”
Nature Medicine, vol. 25, no. 1, pp. 65-69, 2019.

[86] Z. 1. Attia, S. Kapa, F. Lopez-Jimenez et al., “Screening for
cardiac contractile dysfunction using an artificial intelli-
gence—enabled electrocardiogram,” Nature Medicine, vol. 25,
no. 1, pp. 70-74, 2019.



