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Introduction

Advances in digital health and particularly in artificial intelligence (Al)
have led us very close to the true implementation of personalized
medicine. The year 2020 has brought an exponential increase of stud-
ies using various forms of Al, from supervised machine learning to un-
supervised deep learning, with applications across all domains of
cardiovascular medicine. Al is now moving from research to imple-
mentation, affecting all aspects of clinical cardiology. The studies
bringing Al close to clinical practice span from fast clinical and bio-
chemical data analysis and interpretation of results to image analysis,
electrocardiogram (ECG) interpretation, arrhythmia detection, or
even the use of face recognition to diagnose cardiovascular diseases.
We review some of the most exciting development if the field of Al
in cardiology, published from fall of 2019 up until now. The studies
highlighted in this article give only a small glimpse into this booming
field, creating more anticipation for what will come to clinical practice
in the coming years.

Digital health and particularly artificial intelligence (Al) are getting
fast ground during the last few years in cardiovascular diagnostics and
therapeutics. Indeed, the number of publications using various Al
techniques has been increased by >20-fold from 2010 to 2020. Since
last year’s European Society of Cardiology (ESC) congress, the role
of Al in cardiovascular medicine had been highlighted as the next
frontier in cardiovascular diagnostics, paving the way to the imple-
mentation of personalized strategies in cardiovascular therapeutics.”
In a similar line, the last American Heart Association 2020 meeting
also had a session entitled ‘Hype or Hope? Artificial Intelligence and
Machine Learning in Imaging, reminding us the importance paid by
the major clinical cardiovascular medicine societies in this field.
Indeed, issues like algorithm transparency and data open access trans-
parency were key issues introduced. The concept of using digital in-
novation and particularly Al and Big Data to optimize treatments in
clinical trials and eventually in clinical practice was brought up as a
fundamental aspect of digital health of the future.

The introduction of Al in research but also in clinical practice is
mainly driven by the technological advances in the handling and ana-
lysis of big data. Al is referred to the ability of a machine to execute
tasks characteristic of human intelligence, such as problem solving or
pattern recognition, and it is typically characterized by the element of
positive or negative reinforcement as part of the learning process,
similar to what typically happens with human learning. Indeed, ma-
chine learning refers to the ability of computers to improve their
knowledge without being explicitly programmed to do so; so the
machines can identify patterns in digital data and make generaliza-
tions, learning from their observations.” Unsupervised deep learning
is used to build convolutional neuronal networks (CNNSs) that recog-
nize features in digital data, not visible to the human eye. These data
can be clinical information, images, ECGs or even standard ‘selfies’
taken using smartphone cameras.

Artificial intelligence o Deep learning ® Atherosclerosis e Cardiovascular diseases ¢ Machine

Al as a tool for arrhythmias’
prediction and management

Management of arrhythmias has always been a challenge, especially
when we have to deal with subclinical conditions such as paroxysmal
atrial fibrillation, which often have stroke as their first presentation.
Indeed, including clinical risk factors into a machine-learning algorithm
was recently found to identify patients at risk for atrial fibrillation in a
primary care population of >600k individuals in the DISCOVER regis-
try in the UK.2 That algorithm could achieve negative predictive value
of 96.7% and sensitivity to detect atrial fibrillation of 91.8%. In another
landmark study published by the Mayo Clinic last year,* it seems now
possible that, by using a CNN to screen standard 12 lead ECGs for
characteristics not visible to the eye of the clinician, we can detect
subclinical paroxysmal atrial fibrillation from sinus rhythm ECGs,
achieving AUC as high as 0.9. This study was conducted in a popula-
tion of >180k individuals with >450k ECGs included in the training
set, >64k ECGs in the internal validation dataset, and >130k in the
testing dataset. Algorithms like this could completely transform
population screening for atrial fibrillation and will most likely enable
timely administration of anticoagulant treatment to prevent cardi-
oembolic stroke. The astonishing size of this dataset gives a clear ex-
ample of how deep learning should be performed, to yield
reproducible, practice-changing tools. Algorithms like this will soon
be available on our portable ECGs in the clinic. One of the major
problems of deep learning algorithms used for ECG interpretation is
their susceptibility to adversarial examples, leading to consistently
wrong classification of the test by detecting false patterns undetect-
able to the human eye. An elegant study by Han et al’ has provided
recently the tools needed to study the impact of these adversarial
patterns in automated ECG classification and provides new opportu-
nities to develop appropriate mitigation measures.

The recent release of large, publically available ECG databases
such as the PTB-XL (that includes ~21k records from ~19k
patients)® or the one from the Shaoxing Hospital Zhejiang University
School of Medicine (~10k patients)” brings further optimism that, by
increasing the variability and ethnic diversity of the training and valid-
ation datasets, these ECG applications are not far from clinical imple-
mentation. Further to the use of Al to detect atrial fibrillation, a
recent study built a deep neural network to classify various types of
ECGs using >2.3m ECGs from >1.6 m patients, demonstrating a re-
markable ability of these networks to provide accurate interpretation
of these tests.? Finally, in the Apple Heart Study,” the use of smart-
phones was demonstrated to be a very effective way to detect
patients with subclinical paroxysmal atrial fibrillation. That was a large
study that included ~420k participants followed up for a median of
117 days through their smartphones. The technology developed by
apple identified 0.5% with potentially irregular pulse (34% of which
were proven to have atrial fibrillation confirmed by ECG). Although
the exact nature of the technology used in the smartphone is not
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available, this study demonstrates that large volumes of data can be
collected even using standard smartphones or portable devices like
apple watches, opening new opportunities for big data research and
development of Al algorithms for timely detection of cardiac arrhyth-
mias in asymptomatic individuals.

Al for the management of heart
failure

Risk stratification plays a key role in designing the therapeutic strat-
egies in heart failure, given that the expected survival inevitably affects
the decision for device implantation.'® Currently, decision of implant-
ing a defibrillator and/or applying cardiac resynchronization therapy
(CRT) in patients with heart failure relies on well-defined clinical,
electrophysiological and imaging characteristics.'®"" However, a re-
cent study published in European Heart Journal (EH)) earlier this
year12 came to remind us that the prediction of responsiveness to
CRT focused on mid- or long-term outcomes should be a key driver
in decision-making. Indeed, Tokodi et al."* used machine learning to
help them build a risk score for the prediction of mortality following
CRT. The score used information from medical history, physical
examination, medication records, ECG, echocardiographic and la-
boratory data commonly obtained as part of routine hospital visits of
patients with heart failure, and after it was trained in 1510 patients
using a random forest algorithm, it has achieved a remarkable prog-
nostic value for all-cause mortality, with AUC in ROC analysis ranging
from 0.77 (in 1-year prediction) to 0.8 (in 5-year prediction). The risk
calculator is now available for use (SEMMELWEIS-CRT Score,
https://arguscognitive.com/crt, Figure 1).'> As the authors mention,
this score could facilitate the prompt recognition of high-risk patients,
guiding deployment of the appropriate prophylactic measures.'> It
could also assist the patients and the families in making advance care
decisions,"® while it could assist clinicians in deciding which patients
are most suitable for CRT.

The results of that study were in line with another recent study
showing that the use of machine learning to integrate clinical data to-
gether with imaging characteristics can provide meaningful informa-
tion about the future responsiveness of heart failure patients to CRT
in a population of >1.1k patients from the MADIT-CRT study."*

CRT would have meaningful impact in patient’s prognosis. Before
we reach at that stage though, it seems important to understand how
to manage the high-risk individuals identified through such algorithms,
given that most of the factors included into these models are non-
modifiable.”” Randomized clinical trials are needed, to evaluate the
clinical benefit and cost-effectiveness of applying such algorithms in
clinical practice.

The last year brought also new advances in the use of Al for the
diagnosis of heart failure. Indeed, a CNN was trained based on paired
ECGs and transthoracic echocardiograms from ~45k patients and
validated in an independent cohort of >52k patients.'® The ROC for
detection of systolic dysfunction using this Al-enhanced ECG inter-
pretation reached an AUC of 0.93. This impressive result confirms
the notion that Al could extract invaluable information even from
simple, low-cost tests like ECG, which could even be used as screen-
ing tests for the detection of subclinical heart failure in the
community.
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Figure | The 12 most important predictors of all-cause mortality
as assessed by the SEMMELWEIS-CRT score. The importance of
each feature was quantified by calculating the decrease in the mod-
el’s performance (area under the receiver operating characteristic
curve) after permuting its values (permutation feature importance
method). The higher its value, the more important the feature is. As
the values of feature importance were spread over a wide range
(more orders of magnitude), base-10 logarithmic transformation
was performed to facilitate plotting. CRT, cardiac resynchronization
therapy; LVEF, left ventricular ejection fraction; NYHA, New York
Heart Failure Association functional class (from Tokodi et al.").

Al in cardiac imaging

This year has been extraordinary for medical imaging, as a wide range
of Al-powered algorithms has been introduced in clinical care by the
hardware vendors and software manufacturers. These algorithms
range from image reconstruction, to automated segmentation and
improvement of workflows, or even to the detection of imaging char-
acteristics not visible to the human eye assisting diagnosis.'”"'® The
year 2020 is considered by many as the year of cardiac computed
tomography angiography (CTA), as this has just been incorporated
into the recent ESC guidelines as a first-line investigation for the man-
agement of chest pain.19 This approach came a few years after a simi-
lar recommendation was published in the UK NICE guidelines, but it
is still more advanced compared to the US standard of care.?’ Given
the standardized way by which computed tomography (CT) images
are captured, the modality is particularly attractive to machine-
learning methods to improve segmentation and interpretation.
Indeed, in a study by AUAref et al?" from the CONFIRM registry, a
population of >13k patients undergoing coronary calcium score
measurements (CCS) was used to examine whether including CCS
in a machine-learning model together with clinical risk factors could
improve risk stratification. Indeed, adding CCS in a baseline model
that included clinical risk factors resulted in ~9% improvement in the
ability to estimate the pre-test probability of obstructive coronary ar-
tery disease, with remarkable diagnostic accuracy. Particularly in the
young patients (<65 years old), the algorithm improved the ability to
detect coronary artery disease by ~17%. However, it remains to be
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Figure 2 Artificial intelligence can be used to combine different types of information, from clinical and laboratory data, to imaging or any other
type of information, to assist clinical diagnosis and decision-making (from Oikonomou et al."®).

proven that machine learning performs better than simple statistical
regression models, when risk factors are combined with results from
tests like CCS.*? Further to the use of machine learning to integrate
imaging with other datasets, the practical value of Al lies with the im-
provement of image analysis workflows.'® Automated segmentation
of coronary atherosclerotic plaques, coronary calcification or even
epicardial fat in CT makes image interpretation faster and more ac-
curate and eliminates user-dependent variability.23

The true power of Al though comes from its ability to ‘see the in-
visible’. The field of radiomics allows extraction of thousands of dif-
ferent pieces of information from images, which provide information
on the texture and composition of the tissue visualized (Figure 2).
Indeed, further to the analysis of the composition and volume of cor-
onary atherosclerotic plaques, it is now widely accepted that vascular
inflammation causes changes in the composition and texture of

perivascular fat, which activates lipolysis and increases its hydrophilic
content around inflamed vascular structures.** Visualizing perivascu-
lar fat using standard CTA allows the calculation of a metric of these
changes, driven by the 3D changes in perivascular fat attenuation. An
Al-derived biomarker that captures that biology, the fat attenuation
index (FA), has striking prognostic value*® that goes beyond athero-
sclerotic plaque characteristics,”® as demonstrated in ~4000 patients
from the CRISP-CT outcomes study. In a recent paper published by
¥ published in EH, the same principle, i.e. the ability
of perivascular fat to change its texture and composition in response

Oikonomou et a

to inflammatory signals coming from the vascular wall, was trans-
ferred in the field of radiomics. The concept of radiotranscriptomics
has been introduced in the cardiovascular dictionary, as by using the
gene expression profile of adipose tissue in fat biopsies obtained
from 167 patients undergoing cardiac surgery, they created
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Figure 3 (A) Coronary inflammation first drives changes in peri-coronary adipocyte size, while at a later stage it leads to perivascular fibrosis and
angiogenesis. (B) These changes can be visualised in standard coronary CT angiography by a method called Fat Attenuation Indexing. By using a radio-

transcriptomic approach, Oikonomou et al.”’

have built an imaging signature that captures these changes (Fat Radiomic Profile). (C) That signature

has striking prognostic value over and above risk factors including coronary calcium score, as it was validated in the SCOTHEART population. CAD,
coronary artery disease; BMI, body mass index; FAI, Fat attenuation index; MACE, Majod Adverse Cardiac Events (from Bartelt et al.*%).

molecular classifiers for inflammation, fibrosis, and angiogenesis, all
features characterizing perivascular fat after prolonged exposure to
vascular inflammation. Then, they extracted the radiomic features
from the CT images of the same adipose tissue, and by using machine
learning they built a radiomic signature to detect chronic vascular in-
flammation (capturing perivascular fibrosis, angiogenesis, and inflam-
mation). The new radiotranscriptomic metric generated, the Fat
Radiomic Profile (FRP) index (Figure 3), was then tested for its per-
formance in 1575 patients from the SCOTHEART trial, who were
followed up for 5years after their CTA2*?® Indeed, FRP had a re-
markable prognostic value, as those people with abnormal FRP had
>10 times higher risk for a fatal or non-fatal cardiac event, with an
AUC to detect those who will have the event, of 0.88. When abnor-
mal FRP was combined with the presence of high risk plaque, the
patient’s relative risk for cardiac event was >43 times higher than the
reference group (Figure 3). As it was discussed in the associated edi-
torial,?? this technology could guide therapeutic interventions; this
could be done in the future either in the form of a companion diag-
nostic to allow targeted deployment of expensive treatments, or as
an enrichment tool for clinical trials. Other papers published this
year30 seem to confirm the validity of this approach, while the strat-
egies for Imaging residual inflammatory risk have been presented in a
recent state of the art review published in EH).>" This method needs
further validation in non-Caucasian ethnic groups, while its transla-
tion into a clinically applicable tool is challenging due to the complex-
ity of the analysis, which makes it difficult to perform on standard
clinical workstations onsite.

From an ultrasound point of view, 2020 has been a year for the
consolidation of earlier technical developments in how to train neural

networks to handle raw images and video loops from echocardio-
grams to segment and extract useful metrics such as ejection fraction
and myocardial strain>? The study by Ouyang et alFis probably the
most significant advancement in the field, driven by Al in 2020. In that
study, they took echocardiography analysis from still frame segmenta-
tion to a video-based deep learning approach through development
of a specific EchoNet-Dynamic algorithm that combines temporal
and spatial information within the neural network. Training networks
for the evaluation of segmentation and quantification achieve an ac-
ceptable accuracy for the estimation of ejection fraction on a beat-
to-beat basis that can help in identification of heart failure. The next
interesting phase is going to be the application of these approaches
to larger scale datasets to improve accuracy of disease prediction, in
large databases like the UK Biobank>* This approach could open
new horizons in applying deep learning in image interpretation for
risk prediction. Indeed, this year the outputs of the UK-Biobank con-
firmed its potential to drive innovation for years to come. In a study
just published,®® >26k cardiac MRI scans were used in machine-
learning algorithms to allow the detection of >2k interactions be-
tween imaging phenotypes and non-imaging phenotypes in the UK-
Biobank, providing new insights into the influence of early-life factors
and diabetes on cardiac and aortic structure and function, linking
them also with cognitive phenotypes.

Al and COVID-19

Above all, 2020 will be remembered as the year when COVID-19
brought the world upside down.>® As our knowledge accumulates
about the disease, it becomes clear that COVID-19 is, in the end, a
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vascular endothelial disease.*”*® The need for rapid integration of
large volumes of data collected from around the world to facilitate
the urgent development of treatments to combat the disease
brought to the surface the power of Al to give solutions fast and ac-
curately.39 Indeed, fast and accurate data collection has been in the
centre of the efforts to combat the disease. European registries like
the CAPACITY-COVID* are actively collecting data around the dis-
ease, working together with international efforts from the
International Severe Acute Respiratory and Emerging Infection
Consortium and World Health Organization. The use of Al to inter-
rogate these datasets is expected to improve our understanding on
the incidence and pattern of cardiovascular complications in patients
with COVID-19 and evaluate the vulnerability and clinical course of
patients with underlying cardiovascular diseases. In addition, Al algo-
rithms have been used to integrate chest CT findings with clinical
symptoms, laboratory testing and exposure history to rapidly diag-
nose COVID-19. In a very recent study®' that included 905 patients
tested with (419 of which tested positive for SARS-CoV-2), the Al
system achieved an area under the curve of 0.92 to diagnose the dis-
ease without the need of a PCR method, having sensitivity compar-
able to a senior thoracic radiologist.*’ The use of computational
learning methods to integrate biomarkers of inflammation and myo-
cardial injury (e.g. C-reactive protein, N-terminus pro B type natri-
uretic peptide, myoglobin, D-dimer, procalcitonin, creatine kinase-
myocardial band and cardiac troponin I) in COVID-19 was recently
found to predict mortality with AUC 0.94.*% These initial models
could lead to point-of-care Severity Score systems and could have
major impact in clinical decision-making, in the coming months. In the
post-COVID-19 period, the expertise gained in applying machine
learning to integrate multi-omic and clinical data™® is expected to
revolutionise cardiac diagnostics.

Al: from pattern recognition to
analysis of ‘selfies’!

Al and particular convolutional neural networks are being accused as
‘black boxes’ that combine features that are individually meaningless
into algorithms that give meaningful predictions. Indeed, in a landmark
study just published in the EH},** a Chinese group of scientist has
developed a deep convolutional neural network that detects coron-
ary artery disease (with stenosis >50% documented by angiography),
by analysing the patient’s facial photos (Figure 4). They included >5k
patients in their training dataset and 580 in the test dataset. The algo-
rithm had sensitivity 80% and specificity 54% to detect significant cor-
onary artery disease from the faces of the patients, with an AUC
0.73. Could this be demonstrating genetic predisposition to athero-
sclerosis? Could it demonstrate secondary effects on the skin and
structure of the face due to risk factors or the disease itself? Or is it
just the result of training the algorithm in an ethnically homogenous
population that will not survive the test of time?*® If the concept be-
hind this study is confirmed, then medical confidentiality may be at
risk; walking into a train station or walking through the doors of an in-
surance company (where CCTV is in operation) may already give
away health problems that you would like to keep private (breaching
individual confidentiality), or inform you about health issues you are

not aware of (saving your life). These issues will definitely spark ex-
tensive debates in the coming years.

Challenges of Al application in
clinical practice

Further to the great opportunities presented by Al, these technolo-
gies also generate significant scepticism. The results generated by
most machine-learning algorithms often fail to generalize in different
populations. Since these algorithms are often in the form of a ‘black
box’, it is hard to understand (and therefore criticize and edit) their
content, and this generates unavoidable bias. Such bias could lead to
results applicable only to specific populations, specific technical
equipment, or specific clinical practices included into the training
datasets. Many deep learning algorithms are also susceptible to adver-
sarial examples, leading to consistently wrong classification of the
measured parameter(s) by detecting false patterns undetectable to
the human eye.

The limited generalizability in machine learning (i.e. the poor adapt-
ability of these models to previously unseen data) comes to limit the
applicability of these algorithms to clinical practice. This issue is miti-
gated by applying beyond training and internal validation (which inev-
itably leads to overestimation of the model’s performance), also
independent testing. For the proper generalizability assessment, inde-
pendent test dataset should represent the population of interest, but
in a dataset totally independent of the training dataset (typically from
independent institutions and/or geographically distant populations).
The training part should be used for dimension reduction, develop-
ment of the model and for hyperparameter tuning (and can use
methods like cross-validation, random sampling or nested cross-
validation). To prevent bias in performance evaluation, the model
should be locked before the independent testing. The lack of trans-
parency on the true links between the training and the independent
validation dataset often makes it hard to evaluate the quality of the
published literature. Transparent reporting can be ensured by follow-
ing specific principles,*® while open data sharing would allow inde-
pendent reproducibility tests, securing high standards in publishing in
the field.

Conclusions

There is no doubt that 2020 has been an extraordinary year, domi-
nated by the COVID-19 pandemic. Under these difficult circumstan-
ces for humanity, and with most areas of cardiovascular research
compromised due to national lockdowns, the data science endured.
The ability of Al to extract and analyse large volumes of data remote-
ly allowed this field of cardiovascular medicine to continue its evolu-
tion, and we have seen major discoveries transforming many aspects
of clinical care. From workflow improvements to automated image
segmentation, accurate cardiovascular risk prediction or event facial
recognition to screen for cardiac diseases, Al is now major part of
cardiovascular medicine. The studies highlighted in this article give
only a small glimpse into this booming field, creating more anticipa-
tion for what will come to clinical practice in the coming years.
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of coronary artery disease in 84% of the cases, while there was >1 vessel disease in ~42% of the cases (C) (from Lin et al.
used for screening in the community (D) (from Kotanidis and Antoniades*).

The European Society of Cardiology has early recognized the im-
portance of the fast evolving field of digital health technologies and
has prioritized it as a strategic domain of cardiovascular medicine. The
European Heart Journal family is at the forefront of the international ef-
fort to set high standards in publishing Al studies, actively promoting
the translation of Al technologies into clinical applications. A new sec-
tion on digital health has recently been included in the EH], aiming to
cultivate the culture of digitization in the full spectrum of cardiovascu-
lar medicine. In addition, a new journal (EH) Digital Health) has been
added into the EH) family. Finally, the European Union has recently
launched an effort to regulate the use of Al algorithms as medical devi-
ces, especially for risk prediction. Al algorithms will need to receive
CE mark as medical devices from May next year.*’ This approach is
being adopted by both Food and Drugs Administration and European
Medicines Authority and will have direct implications on the clinical
implementation of newly developed Al cardiovascular risk calculators
that will be included in the clinical guidelines in the future.

Conflict of interest: CA. is Founder, shareholder and director of
Caristo Diagnostics, an Oxford Spinout company; he is also head
of Oxford Academic Cardiovascular CT Core lab, and is inventor of in-
tellectual property relevant to this work (GB2015/052359, GB2016/
1620494.3, GB2018/1818049.9, GR2018/0100490, GR2018/0100510).

Acknowledgements

The authors are grateful to Dr Christos Kotanidis for his technical
contribution in drafting the graphical abstract.

Funding

C.A. is supported by the British Heart Foundation (FS/16/15/32047 and
TG/19/2/34831), the National Institute for Health Research (NIHR)
Oxford Biomedical Research Centre and Innovate UK. FW.A. is

1*%). This technology can be

supported by UCL Hospitals NIHR Biomedical Research Centre and the
EU/EFPIA  Innovative Medicines Initiative 2 Joint Undertaking
BigData@Heart grant n° 116074. P.V. is supported by the Hygeia
Hospitals Group, Athens, Greece. P.V. is supported by the Hygeia
Hospitals Group, Athens, Greece

References

1. Nicholls M. Machine learning-state of the art. Eur Heart | 2019;40:3668-3669.

2. Lamata P. Teaching cardiovascular medicine to machines. Cardiovascular
Research 2018;114:e62—e64. 10.1093/cvr/cvy127

3. Sekelj S, Sandler B, Johnston E, Pollock KG, Hill NR, Gordon J, Tsang C, Khan S,
Ng FS, Farooqui U. Detecting undiagnosed atrial fibrillation in UK primary care:
validation of a machine learning prediction algorithm in a retrospective cohort
study. Eur | Prev Cardiol 2020.

4. Attia ZI, Noseworthy PA, Lopez-Jimenez F, Asirvatham SJ, Deshmukh AJ, Gersh
BJ, Carter RE, Yao X, Rabinstein AA, Erickson BJ, Kapa S, Friedman PA. An artifi-
cial intelligence-enabled ECG algorithm for the identification of patients with
atrial fibrillation during sinus rhythm: a retrospective analysis of outcome predic-
tion. Lancet 2019;394:861-867.

5. Han X, Hu Y, Foschini L, Chinitz L, Jankelson L, Ranganath R. Deep learning
models for electrocardiograms are susceptible to adversarial attack. Nat Med
2020;26:360-363.

6. Wagner P, Strodthoff N, Bousseljot RD, Kreiseler D, Lunze Fl, Samek W,
Schaeffter T. PTB-XL, a large publicly available electrocardiography dataset. Sci
Data 2020;7:154.

7. Zheng |, Zhang }, Danioko S, Yao H, Guo H, Rakovski C. A 12-lead electrocar-
diogram database for arrhythmia research covering more than 10,000 patients.
Sci Data 2020;7:48.

8. Ribeiro AH, Ribeiro MH, Paixao GMM, Oliveira DM, Gomes PR, Canazart JA,
Ferreira MPS, Andersson CR, Macfarlane PW, Meira W, Jr., Schon TB, Ribeiro
ALP. Automatic diagnosis of the 12-lead ECG using a deep neural network. Nat
Commun 2020;11:1760.

9. Perez MV, Mahaffey KW, Hedlin H, Rumsfeld ]S, Garcia A, Ferris T,
Balasubramanian V, Russo AM, Rajmane A, Cheung L, Hung G, Lee ], Kowey P,
Talati N, Nag D, Gummidipundi SE, Beatty A, Hills MT, Desai S, Granger CB,
Desai M, Turakhia MP; Apple Heart Study |. Large-scale assessment of a smart-
watch to identify atrial fibrillation. N Engl ] Med 2019;381:1909-1917.

10. Ponikowski P, Voors AA, Anker SD, Bueno H, Cleland JGF, Coats AJS, Falk V,
Gonzalez-Juanatey JR, Harjola VP, Jankowska EA, Jessup M, Linde C,



The year in cardiovascular medicine 2020

739

20.

21.

22.

23.

24.

25.

26.

Nihoyannopoulos P, Parissis JT, Pieske B, Riley JP, Rosano GMC, Ruilope LM,
Ruschitzka F, Rutten FH, van der Meer P; Group ESCSD. 2016 ESC Guidelines for
the diagnosis and treatment of acute and chronic heart failure: the Task Force for
the diagnosis and treatment of acute and chronic heart failure of the European
Society of Cardiology (ESC) Developed with the special contribution of the Heart
Failure Association (HFA) of the ESC. Eur Heart | 2016;37:2129-2200.

. Gutman §J, Costello BT, Papapostolou S, Voskoboinik A, lles L, Ja ], Hare JL,

Ellims A, Kistler PM, Marwick TH, Taylor AJ. Reduction in mortality from
implantable cardioverter-defibrillators in non-ischaemic cardiomyopathy patients
is dependent on the presence of left ventricular scar. Eur Heart | 2019;40:
542-550.

. Tokodi M, Schwertner WR, Kovécs A, Tésér Z, Staub L, Sarkdny A, Lakatos BK,

Behon A, Boros AM, Perge P, Kutyifa V, Széplaki G, Gellér L, Merkely B, Kosztin
A. Machine learning-based mortality prediction of patients undergoing cardiac
resynchronization therapy: the SEMMELWEIS-CRT score. Eur Heart | 2020;41:
1747-1756.

. Tokodi M, Schwertner WR, Kosztin A, Merkely B. The ongoing quest for

improving machine learning-based risk stratification. Eur Heart | 2020;41:
2914-2915.

. Cikes M, Sanchez-Martinez S, Claggett B, Duchateau N, Piella G, Butakoff C,

Pouleur AC, Knappe D, Biering-Sorensen T, Kutyifa V, Moss A, Stein K, Solomon
SD, Bijnens B. Machine learning-based phenogrouping in heart failure to identify
responders to cardiac resynchronization therapy. Eur | Heart Fail 2019;21:74-85.

. Kim WH, Kim JT. Machine learning-based mortality prediction: how to be con-

nected to daily clinical practice? Eur Heart | 2020;41:2913-2913.

. Attia ZI, Kapa S, Lopez-Jimenez F, McKie PM, Ladewig D), Satam G, Pellikka PA,

Enriquez-Sarano M, Noseworthy PA, Munger TM, Asirvatham §J, Scott CG,
Carter RE, Friedman PA. Screening for cardiac contractile dysfunction using an
artificial intelligence-enabled electrocardiogram. Nat Med 2019;25:70-74.

. Commandeur F, Slomka PJ, Goeller M, Chen X, Cadet S, Razipour A,

McElhinney P, Gransar H, Cantu S, Miller RJH, Rozanski A, Achenbach S,
Tamarappoo BK, Berman DS, Dey D. Machine learning to predict the long-term
risk of myocardial infarction and cardiac death based on clinical risk, coronary
calcium, and epicardial adipose tissue: a prospective study. Cardiovasc Res 2019.

. Oikonomou EK, Siddique M, Antoniades C. Artificial intelligence in medical imag-

ing: a radiomic guide to precision phenotyping of cardiovascular disease.
Cardiovasc Res 2020.

. Collet JP, Thiele H, Barbato E, Barthelemy O, Bauersachs J, Bhatt DL, Dendale P,

Dorobantu M, Edvardsen T, Folliguet T, Gale CP, Gilard M, Jobs A, Juni P,
Lambrinou E, Lewis BS, Mehilli J, Meliga E, Merkely B, Mueller C, Roffi M, Rutten
FH, Sibbing D, Siontis GCM; Group ESCSD. 2020 ESC Guidelines for the man-
agement of acute coronary syndromes in patients presenting without persistent
ST-segment elevation. Eur Heart | 2020.

Taylor A, Yang E. Comparing American and European guidelines for the initial
diagnosis of stable ischaemic heart disease. Eur Heart | 2020;41:811-815.

AlAref §), Maliakal G, Singh G, van Rosendael AR, Ma X, Xu Z, Alawamlh OAH,
Lee B, Pandey M, Achenbach S, Al-Mallah MH, Andreini D, Bax JJ, Berman DS,
Budoff MJ, Cademartiri F, Callister TQ, Chang HJ, Chinnaiyan K, Chow BJW,
Cury RC, Delago A, Feuchtner G, Hadamitzky M, Hausleiter ], Kaufmann PA,
Kim Y], Leipsic JA, Maffei E, Marques H, Goncalves PA, Pontone G, Raff GL,
Rubinshtein R, Villines TC, Gransar H, Lu Y, Jones EC, Pena JM, Lin FY, Min JK,
Shaw LJ. Machine learning of clinical variables and coronary artery calcium scor-
ing for the prediction of obstructive coronary artery disease on coronary com-
puted tomography angiography: analysis from the CONFIRM registry. Eur Heart |
2020;41:359-367.

Sengupta PP, Shrestha S, Zeb I. Solving coronary risk: time to feed machines
some calcium (score) supplements. Eur Heart | 2020;41:368-370.

Pennell D, Delgado V, Knuuti ], Maurovich-Horvat P, Bax JJ. The year in cardi-
ology: imaging. Eur Heart | 2020;41:739-747.

Antonopoulos AS, Sanna F, Sabharwal N, Thomas S, Oikonomou EK, Herdman
L, Margaritis M, Shirodaria C, Kampoli AM, Akoumianakis |, Petrou M, Sayeed R,
Krasopoulos G, Psarros C, Ciccone P, Brophy CM, Digby |, Kelion A, Uberoi R,
Anthony S, Alexopoulos N, Tousoulis D, Achenbach S, Neubauer S, Channon
KM, Antoniades C. Detecting human coronary inflammation by imaging perivas-
cular fat. Sci Transl Med 2017;9(398):eaal2658.

Oikonomou EK, Marwan M, Desai MY, Mancio |, Alashi A, Hutt Centeno E,
Thomas S, Herdman L, Kotanidis CP, Thomas KE, Griffin BP, Flamm SD,
Antonopoulos AS, Shirodaria C, Sabharwal N, Deanfield J, Neubauer S,
Hopewell JC, Channon KM, Achenbach S, Antoniades C. Non-invasive detection
of coronary inflammation using computed tomography and prediction of residual
cardiovascular risk (the CRISP CT study): a post-hoc analysis of prospective out-
come data. Lancet 2018;392:929-939.

Oikonomou EK, Desai MY, Marwan M, Kotanidis CP, Antonopoulos AS,
Schottlander D, Channon KM, Neubauer S, Achenbach S, Antoniades C.
Perivascular fat attenuation index stratifies cardiac risk associated with high-risk
plaques in the CRISP-CT study. ] Am Coll Cardiol 2020;76:755-757.

27.

28.

29.

30.

3

=

32.

3

w

34

35.

36.

37.

38.

3

Nl

4

o

41.

42.

4

w

44,

4

[l

4

o

4

J

EK, Williams MC, Kotanidis CP, Desai MY, Marwan M,
Antonopoulos AS, Thomas KE, Thomas S, Akoumianakis |, Fan LM, Kesavan S,
Herdman L, Alashi A, Centeno EH, Lyasheva M, Griffin BP, Flamm SD, Shirodaria
C, Sabharwal N, Kelion A, Dweck MR, Van Beek EJR, Deanfield J, Hopewell |C,
Neubauer S, Channon KM, Achenbach S, Newby DE, Antoniades C. A novel ma-
chine learning-derived radiotranscriptomic signature of perivascular fat improves
cardiac risk prediction using coronary CT angiography. Eur Heart | 2019;40:
3529-3543.

Investigators S-H, Newby DE, Adamson PD, Berry C, Boon NA, Dweck MR,
Flather M, Forbes ], Hunter A, Lewis S, MacLean S, Mills NL, Norrie J, Roditi G,
Shah ASV, Timmis AD, van Beek EJR, Williams MC. Coronary CT angiography
and 5-year risk of myocardial infarction. N Engl | Med 2018;379:924-933.

Bartelt A, Leipsic J, Weber C. The new age of radiomic risk profiling: perivascular
fat at the heart of the matter. Eur Heart | 2019;40:3544-3546.

Lin A, Kolossvdry M, Yuvaraj J, Cadet S, Mcelhinney P A, Jiang C, Nerlekar N,
Nicholls S J, Slomka P ], Maurovich-Horvat P, Wong D T, Dey D. Myocardial
Infarction Associates With a Distinct Pericoronary Adipose Tissue Radiomic
Phenotype. JACC: Cardiovascular Imaging 2020;13:2371-2383.
10.1016/j.jcmg.2020.06.033

Oikonomou

. Antoniades C, Antonopoulos AS, Deanfield . Imaging residual inflammatory car-

diovascular risk. Eur Heart | 2020;41:748-758.
Leeson P, Fletcher AJ. Combining artificial intelligence with human insight to
automate echocardiography. Circ Cardiovasc Imaging 2019;12:e009727.

. Ouyang D, He B, Ghorbani A, Yuan N, Ebinger |, Langlotz CP, Heidenreich PA,

Harrington RA, Liang DH, Ashley EA, Zou ]Y. Video-based Al for beat-to-beat
assessment of cardiac function. Nature 2020;580:252-256.

Littlejohns T), Holliday J, Gibson LM, Garratt S, Oesingmann N, Alfaro-Almagro
F, Bell JD, Boultwood C, Collins R, Conroy MC, Crabtree N, Doherty N, Frangi
AF, Harvey NC, Leeson P, Miller KL, Neubauer S, Petersen SE, Sellors ], Sheard
S, Smith SM, Sudlow CLM, Matthews PM, Allen NE. The UK Biobank imaging en-
hancement of 100,000 participants: rationale, data collection, management and
future directions. Nat Commun 2020;11:2624.

Bai W, Suzuki H, Huang J, Francis C, Wang S, Tarroni G, Guitton F, Aung N,
Fung K, Petersen SE, Piechnik SK, Neubauer S, Evangelou E, Dehghan A,
O’Regan DP, Wilkins MR, Guo Y, Matthews PM, Rueckert D. A population-
based phenome-wide association study of cardiac and aortic structure and func-
tion. Nat Med 2020;26:1654-1662.

Adao R, Guzik TJ. Inside the heart of COVID-19. Cardiovasc Res 2020;116:
e59—eb1.

Libby P, Luscher T. COVID-19 is, in the end, an endothelial disease. Eur Heart |
2020;41:3038-3044.

Evans PC, Rainger G, Mason ]JC, Guzik T}, Osto E, Stamataki Z, Neil D, Hoefer
IE, Fragiadaki M, Waltenberger J, Weber C, Bochaton-Piallat ML, Back M.
Endothelial dysfunction in COVID-19: a position paper of the ESC Working
Group for Atherosclerosis and Vascular Biology, and the ESC Council of Basic
Cardiovascular Science. Cardiovasc Res 2020.

. Bachtiger P, Peters NS, Walsh SL. Machine learning for COVID-19-asking the

right questions. Lancet Digit Health 2020;2:e391-e392.

. Linschoten M, Asselbergs FW. CAPACITY-COVID: a European Registry to de-

termine the role of cardiovascular disease in the COVID-19 pandemic. Eur Heart
J2020;41:1795-1796.

Mei X, Lee HC, Diao KY, Huang M, Lin B, Liu C, Xie Z, Ma Y, Robson PM,
Chung M, Bernheim A, Mani V, Calcagno C, Li K, Li S, Shan H, Lv J, Zhao T, Xia
J, Long Q, Steinberger S, Jacobi A, Deyer T, Luksza M, Liu F, Little BP, Fayad ZA,
Yang Y. Artificial intelligence-enabled rapid diagnosis of patients with COVID-19.
Nat Med 2020;26:1224-1228.

McRae MP, Simmons GW, Christodoulides NJ, Lu Z, Kang SK, Fenyo D, Alcorn
T, Dapkins IP, Sharif I, Vurmaz D, Modak SS, Srinivasan K, Warhadpande S,
Shrivastav R, McDevitt |T. Clinical decision support tool and rapid point-of-care
platform for determining disease severity in patients with COVID-19. Lab Chip
2020;20:2075-2085.

. Olin JW, Di Narzo AF, d’Escamard V, Kadian-Dodov D, Cheng H, Georges A,

King A, Thomas A, Barwari T, Michelis KC, Bouchareb R, Bander E, Anyanwu A,
Stelzer P, Filsoufi F, Florman S, Civelek M, Debette S, Jeunemaitre X, Bjérkegren
JLM, Mayr M, Bouatia-Naji N, Hao K, Kovacic JC. A plasma proteogenomic signa-
ture for fibromuscular dysplasia. Cardiovasc Res 2020;116:63-77.

Lin S, Li Z, Fu B, Chen S, Li X, Wang Y, Wang X, Lv B, Xu B, Song X, Zhang Y]
Cheng X, Huang W, Pu J, Zhang Q, Xia Y, Du B, Ji X, Zheng Z. Feasibility of
using deep learning to detect coronary artery disease based on facial photo. Eur
Heart | 2020;41:4400-4411.

. Kotanidis CP, Antoniades C. Selfies in cardiovascular medicine: welcome to a

new era of medical diagnostics. Eur Heart | 2020;41:4412-4414.

. Collins GS, Moons KGM. Reporting of artificial intelligence prediction models.

Lancet 2019;393:1577-1579.

. Minssen T, Gerke S, Aboy M, Price N, Cohen G. Regulatory responses to medic-

al machine learning. | Law Biosci 2020;46:1-18



