
Heliyon 8 (2022) e10872
Contents lists available at ScienceDirect

Heliyon

journal homepage: www.cell.com/heliyon
Review article
Application of AI in cardiovascular multimodality imaging

Giuseppe Muscogiuri a,b,*, Valentina Volpato c,j, Riccardo Cau d, Mattia Chiesa e, Luca Saba d,
Marco Guglielmo f, Alberto Senatieri b, Gregorio Chierchia b, Gianluca Pontone e,
Serena Dell’Aversana g, U. Joseph Schoepf h, Mason G. Andrews h, Paolo Basile i,
Andrea Igoren Guaricci i, Paolo Marra k, Denisa Muraru b,c, Luigi P. Badano b,c, Sandro Sironi b,k

a Department of Radiology, Istituto Auxologico Italiano IRCCS, San Luca Hospital, Italy
b School of Medicine, University of Milano-Bicocca, Milan, Italy
c Department of Cardiac, Neurological and Metabolic Sciences, San Luca Hospital, Istituto Auxologico Italiano IRCCS, Milan, Italy
d Department of Radiology, Azienda Ospedaliero Universitaria (A.O.U.), di Cagliari, Polo di Monserrato, Cagliari, Italy
e Centro Cardiologico Monzino IRCCS, Milan, Italy
f Department of Cardiology, Division of Heart and Lungs, Utrecht University, Utrecht University Medical Center, Utrecht, the Netherlands
g Department of Radiology, Ospedale S. Maria Delle Grazie - ASL Napoli 2 Nord, Pozzuoli, Italy
h Division of Cardiovascular Imaging, Department of Radiology and Radiological Science, Medical University of South Carolina, Ashley River Tower, 25 Courtenay Dr.,
Charleston, SC, USA
i University Cardiology Unit, Department of Emergency and Organ Transplantation, University of Bari, Bari, Italy
j IRCCS Ospedale Galeazzi - Sant'Ambrogio, University Cardiology Department, Milan, Italy
k Department of Radiology, ASST Papa Giovanni XXIII, 24127 Bergamo, Italy
A R T I C L E I N F O

Keywords:
Cardiac computed tomography angiography
Cardiac magnetic resonance
echocardiography
Artificial intelligence
Coronary plaque
Late gadolinium enhancement
* Corresponding author.
E-mail address: giuseppe.muscogiuri@unimib.it

https://doi.org/10.1016/j.heliyon.2022.e10872
Received 2 June 2022; Received in revised form 23
2405-8440/© 2022 The Authors. Published by Else
A B S T R A C T

Technical advances in artificial intelligence (AI) in cardiac imaging are rapidly improving the reproducibility of
this approach and the possibility to reduce time necessary to generate a report.

In cardiac computed tomography angiography (CCTA) the main application of AI in clinical practice is focused
on detection of stenosis, characterization of coronary plaques, and detection of myocardial ischemia.

In cardiac magnetic resonance (CMR) the application of AI is focused on post-processing and particularly on the
segmentation of cardiac chambers during late gadolinium enhancement. In echocardiography, the application of
AI is focused on segmentation of cardiac chambers and is helpful for valvular function and wall motion
abnormalities.

The common thread represented by all of these techniques aims to shorten the time of interpretation without
loss of information compared to the standard approach.

In this review we provide an overview of AI applications in multimodality cardiac imaging.
1. Introduction

Cardiovascular imaging represents a wide field of application in di-
agnostics in medicine characterized by a fast technological improvement
in order to satisfy the pressing clinical and therapeutical needs [1, 2, 3, 4,
5, 6, 7]. Despite this strong push and the attempt to perform compre-
hensive evaluations, the clinical and prognostic value of current tradi-
tional imaging tools is limited owing to different reasons including intra
and interobserver variability, suboptimal image quality, time-consuming
exams, operators fatigue and so on [8, 9, 10]. On parallel, the application
of artificial intelligence (AI) in medical imaging has been rapidly growing
(G. Muscogiuri).
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during recent years [11, 12], especially with developing of Machine
learning (ML) and deep learning algorithms [13]. ML needs that some
features are provided manually by the user while in deep learning (DL)
the same features are automatically extrapolated by the algorithm [13].

Focusing on cardiovascular imaging, the application of AI in the field
ranges from image acquisition, to image analysis, and then ultimately to
evaluation and prognosis [13, 14, 15, 16, 17]. The main advantage of AI
applications in cardiovascular imaging is the possibility to provide
optimal image quality, fast image analysis, and prognostic stratification
in a relatively brief time, with high reproducibility, and with low
involvement by the reader [13, 14, 16].
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In cardiac computed tomography (CT) the application of AI can be
useful in both non-contrast and contrast-enhanced acquisitions [13].

Beyond the role of AI in the evaluation of calcium scores [18, 19], the
main application of AI in cardiac CT imaging is the analysis of cardiac
computed tomography angiography (CCTA) to evaluate the severity of
coronary stenosis [15], evaluation of coronary plaques [20] and allowing
thorough evaluation of myocardial ischemia with Fractional Flow
Reserve CT (FFR-CT) andmyocardial perfusion (MP) [21, 22, 23, 24, 25].

In Cardiovascular Magnetic Resonance (CMR) the application of AI is
well established to be useful in image acquisition [26, 27]], as well as
post-processing in both ventricular function [28] and tissue character-
ization [14].

In echocardiography, the application of AI can be useful for the
automatic evaluation of biventricular volumes, function, strain analysis,
wall motion, and power doppler acquisition [29].

AI in cardiac imaging and analysis has a potential role in terms of
prognostic stratification, especially if imaging findings are combined
with clinical data [16].

The aim of this review is to show the application of AI in multi-
modality imaging represented by cardiac CT, CMR, and echocardiogra-
phy. All patients signed informed written consent for this review.

2. AI algorithms for cardiovascular imaging

Deep learning is a class of artificial intelligence methods that can
learn abstract representations from structured and unstructured data,
such as images [30]and bio-signals [31]. Deep learning models are a
boosted version of the first generations of neural networks in which
specialized layers of neurons, able to handle any source of data, have
been embedded. In the imaging field, the ‘convolutional layer’ plays a
central and crucial role centered on its ability to identify relevant pat-
terns in images, such as edges, color gradients, and shapes, by performing
the convolution operation between image and a set of specific filters. The
pattern learned by the network is subsequently used to face two kinds of
analysis: classification or segmentation. Classification aims to discrimi-
nate between two or more classes of patients, while segmentation aims to
detect specific structures or objects by performing pixel-level labeling.

Corresponding to the task to be accomplished, specific neural
network architectures have been proposed. Convolutional Neural Net-
works (CNN) and Recurrent Neural Networks (RNN), such as the Long-
Short Term memory (LSTM) and the Gated Recurrent Units (GRU), are
commonly implemented to perform classification tasks. Whereas, Unet,
Generative-Adversial Networks (GANs) and auto-encoders (AE) are
widely used for segmentation analysis.

For instance, Betancur et al. [32] developed a standard CNN network
with 3 convolutional layers to produce reproducible tomography of
myocardial perfusion imaging in more than 2 thousand patients to pre-
dict major adverse cardiac events (MACE) after 3 years follow-up. This
simple architecture was found to be superior to existing methods for
predicting outcomes. Moreover, Tison et al. [33]trained more complex
CNN architecture with 8 consecutive convolutional layers on about 10
thousand 12-lead ECGs. The network showed an AUC ¼ 0.97 vs. 0.91 of
current ECG algorithms. Choi et al. [34]employed a GRU neural network
to detect new onset heart failure (HF) from electronic health records
combined with temporal information. These networks were shown to
have c-statistic for incident of HF of 0.78 at 12-month observation and
0.88 at 18-month observation.

Using the segmentation method, Zreik et al. [25] applied a combined
strategy consisting of an autoencoder and a support vector machine to
automatically detect coronary stenosis in rest coronary CT angiograms,
which showed great improvement compared to fractional flow reserve
(FFR) measurements. Bai et al. adapted a VGG-16 network to segment left
and right ventricles on 100,000 MRI images from the UK Biobank [35];
and Avendi et al. [36] developed a stacked autoencoder to infer the LV
shape obtaining a relevant improvement over the existing manual
methods.
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Regarding informatic resources, few effective frameworks have been
developed to build end-to-end deep learning models. At this time, the
three most used frameworks are Tensorflow, Keras, and PyToch [37].
Tensorflow, developed by Google's Brain team, supports languages like
Python and R, and uses dataflow graphs strategically to effectively pro-
cess data. Keras is an R/Python package which provides high-level
functions to easily build Tensorflow or Theano models as a stack of
consecutive layers. Finally, PyTorch developed by Facebook's AI
Research lab employs Python along with CUDA and was designed to scale
both the production of building models and overall flexibility.

3. AI in cardiac computed tomography

The application of AI in cardiac CT ranges from diagnosis to prognosis
[13, 38] and seems likely to play a key role in the future for speeding up
the time of reporting [15, 39], providing information regarding coronary
plaques [20], and detection of myocardial ischemia [21, 40].
3.1. Calcium score

The coronary calcium score (CAC) is one of the best predictors of
coronary artery disease (CAD) outcome and a validated tool for prog-
nostic stratification [41, 42, 43]. Currently, the calcium score is acquired
using ECG-gated non-contrast acquisitions [44] and subsequently, im-
ages are commonly analyzed using semi-automated software, which re-
quires time [13]. A fully automated approach would be extremely helpful
in clinical practice, however until now these approaches have been
inaccurate and poorly reproducible [18].

The application of AI in the evaluation of CAC would be extremely
helpful in clinical practice because it would provide clinicians informa-
tion regarding the prognostic stratification and probability of significant
CAD in a relatively abbreviated time [16].

One of the first approaches described in the literature regarding the
application of AI in the evaluation of CAC was performed by Isgum et al.
[45]; the authors analyzed a pool of images obtained from ECG gated
non-contrast images and they correctly identified the patient's risk score
group in 93.4% of cases and identified coronary calcification in 73.8% of
cases [45].

Subsequently, Sandsted et al. compared the semi-automated
approach with a fully AI automated technique for the evaluation of
CAC [46]. Interestingly, the authors found a Spearman's rank correlation
coefficient between AI and semiautomated software for Agatston Score,
Calcium Volume score, and Calcium Mass of 0.935, 0.932, and 0.934
respectively, while intraclass correlation were of 0.996, 0.996, and 0.991
respectively [46].

Recently a manuscript has been published by Winkel et al. showing
that the application of deep learning (DL) software in a multicenter study
which was able to obtain values of CAC compared with human readers in
a vessel analysis with an accuracy of 93% and in the absence of calcium
was found to have a sensitivity, specificity, and accuracy of 97%, 93%
and 95% respectively [47].

The application of AI in the evaluation of CAC is primarily focused on
the evaluation of ECG-gated non-contrast images, yet there are several
manuscripts emerging in the literature that are exploring the possibility
to calculate calcium scores from chest CT scans without any ECG-gated
acquisition [19, 48, 49].

Takx et al. recently analyzed the impact of CAC analysis in patients
who underwent non-contrast CT acquisition for the evaluation of lung
cancer screening [50]. In a cohort of 1793 patients, the authors found a
good reliability with a weighted k of 0.85 for the Agatston risk score
between manual and automated software [50]; however, the automated
approach showed an underestimation of calcium volume if compared
with manual software [50].

These analyses exemplify the key role of AI for the evaluation of CAC
which will be fundamentally focused on the evaluation of images
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acquired without ECG-gating allowing an evaluation of CAC score with
high reproducibility.
3.2. Coronary stenosis

It has been demonstrated that CAD-RADS is an excellent tool for the
classification of stenosis using a model where patients undergoing CCTA
are able to be risk stratified given their specific CAD-RADS score [51].
The evaluation of CAD-RADS has an important impact in terms of
prognosis [52] with a 5 year event-free survival of 95.2% in patients with
a CAD-RADS score of 0 compared to 69.3% of patients with a CAD-RADS
score of 5 [52].

The possibility to provide the CAD-RADS score in a quick and auto-
matic way would represent a fundamental tool during the reporting of
CCTA [15]. Considering the expected increase in CCTA examinations
during the years ahead, it would be important to at least have an algo-
rithm that can adequately differentiate patients with CAD-RADS ¼ 0 and
CAD-RADS 6¼ 0 [15].

One of the first applications of CAD-RADS classification using a deep
learning algorithm was described by Muscogiuri et. al [15]. The authors
developed three models: Model A (CAD-RADS 0 vs CAD-RADS 1-2 vs
CAD-RADS 3,4,5), Model 1 (CAD-RADS 0 vs CAD-RADS>0), Model 2
(CAD-RADS 0-2 vs CAD-RADS 3-5) [15]. The sensitivity, specificity,
negative predictive value, positive predictive value and accuracy for
Model A, Model 1 and Model 2 were respectively: 47%, 74%, 77%, 46%
and 60% (Model A); 66%, 91%, 92%, 63%, 86% (Model 1); 82%, 58%,
74%, 69%, 71% (Model 2) [15]. Furthermore, it is not surprising that the
algorithm provided a CAD-RADS score in a significantly shorter time
compared to human readers (104.3� 1.4 s vs 530.5� 179.1 s, p¼ 0.01).
The most important findings demonstrated by the work of Muscogiuri
et al. is the high diagnostic accuracy of the algorithm for the differenti-
ation between patients with CAD-RADS>0; this finding can be extremely
important in clinical routine helping to speed up the reporting of CCTAs.

Another article regarding coronary stenosis evaluation was written by
Paul et al. [53].

The authors developed a model that was able to predict stenosis <50
and �50% based on deep learning, CAD-RADS classification, and MPR
reconstruction [53] which reached a sensitivity, specificity, positive
predictive value, negative predictive value and accuracy, respectively, of
93%, 97%, 93%, 97% and 96% in a patient-based model [53].

Also, Xu et al. developed a deep learning model centered on the
evaluation of coronary stenosis as compared to ICA [54]. The sensitivity,
specificity, positive predictive value and negative predictive value that
the authors observed for deep learning algorithm vs readers for detection
of stenosis >50% were, respectively, 58.6%, 92.2%, 83.6%, and 76.7%
via vessel-based analysis, while they were 84.0 %, 71.0 %, 93.6% and
46.7% via patient-based analysis [54]. Furthermore, the authors showed
a significant reduction in time of analysis if compared to manual work (p
< 0.01) [54].
Figure 1. 64-year-old female patient underwent to coronary computed tomography a
no atherosclerosis (A) as well as right coronary artery (B) and circumflex (C).
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Like the results of the previous manuscripts mentioned above, Choi
et al. developed an algorithm that was able to identify stenosis >70%
with an accuracy, sensitivity, specificity, positive predictive value and
negative predictive value of 99.7%, 90.9%, 99.8%, 93.3%, 99.9%
respectively [55]. Meanwhile, Griffin et al. tested an AI-algorithm that
was able to identify stenosis with a sensitivity, specificity, positive pre-
dictive value, negative predictive value, and accuracy of 94%, 82%, 69%,
97%, and 86% respectively for stenosis �70% [56].

Analysis of stenosis using AI, regardless of CAD-RADS scores, has
clear potential as an interesting field with suspected high clinical
impact in the future. The application of a deep learning algorithm in
CCTA reporting will undoubtedly be helpful for reduction of reporting
time, particularly by avoiding the examinations of CAD-RADS scores
of 0.

A case of CAD-RADS 0 and has been shown in Figure 1 (A-C) and a
case of CADRADS 5 has shown in Figure 2 (A-C).
3.3. Plaque analysis

In cardiac computed tomography, AI may have several strengths in
coronary atherosclerotic plaque analysis including the promise of
providing more efficient and rapid methods for characterization of pla-
que morphology [13, 16, 20].

As described above, AI may be useful in helping with coronary cal-
cium score evaluation (CACS). In parallel with this assessment, AI may
simplify the assessment of atherosclerotic plaque vulnerability using its
characteristic features. Choi et al. proposed an AI algorithm to evaluate
vessel morphology and degree of stenosis, comparing the new model
with the consensus of three expert readers [55]. The authors reported
that the AI model achieved an excellent performance in detecting a de-
gree of stenosis >70% with accuracy, sensitivity, specificity, positive
predictive value and negative predictive values of 99.7%, 90.9%, 99.8%,
93.3%, and 99.9%, respectively with excellent agreement between expert
readers and AI (intraclass correlation coefficient ¼ 0.91) [55]. In addi-
tion, the authors demonstrated that AI detected and quantified high-risk
plaque features more often than that of expert readers (21,1% vs 13,4 %,
respectively) [55]. Similarly, Masuda et al used a ML algorithm with a
histogram analysis for the identification of fibrous, fatty, or fibrous-fatty
plaques showing an accuracy of 0.92 in comparison with an accuracy of
0.83 of the conventional CT method [57].

In addition, AI algorithms have been proposed for the assessment of
ischemia risk scores based on computed tomography angiography im-
aging. In particular Dey et al. investigated a ML approach with quanti-
tative plaque metrics using CTA to measure the functional significance of
coronary stenoses in comparison with FFR 7. The authors reported that an
integratedML algorithm combining quantitative CTAmeasures showed a
higher area under the curve (0.84) than individual quantitative CTA
metrics, stenosis (0.76), low-density non calcified plaque (0.77), and
total plaque volume (0.74) [58]. The authors concluded that a combined
ngiography for dispnea. The left main and left anterior descending artery showed



Figure 2. 62-year-old male patient underwent coronary computed tomography angiography for chest pain in patient with previous PTCA and stent on left anterior
descending artery. Left main coronary artery (A, arrow) and circumflex (A,arrowhead) show severe ostial mixed plaque, as well as left anterior descendant (B, arrow);
the right artery only shows moderate calcific plaque at mid segment (C, arrow).
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ischemia risk score based on an integrated ML approach from combining
quantitative CTA measures improved the prediction of lesion-specific
ischemia 7.

Finally, the application of AI can be extended beyond plaque quan-
tification to include adjacent tissues. Commandeur et al. evaluated the
performance of DL models for fully automated quantification of epicar-
dial adipose tissue from cardiac CT. The proposed models achieved a
quantification in a mean time of 1.57 s compared to 15 min for human
observers with high agreement between the automated method and the
observer (R ¼ 0,905, p < 0001) [59].

A case has been shown in Figure 3 (A-E).
4

3.4. FFRct and myocardial perfusion

Fractional flow reserve Computed Tomography (FFRct) is a useful
tool that increases the positive predictive value of CCTA [60, 61]. FFRct
using a fluid-dynamic model evaluates the potential for ischemia caused
by coronary plaques [62]. In recent developments, the application of
machine learning algorithms for the evaluation of FFRct has been
extremely helpful for the evaluation of different ischemic lesions [22, 57,
63, 64].

Clinical validation of ML-FFRct has been published in the literature by
the MACHINE Registry [65].
Figure 3. An example of quantitative plaque
AI -based measurements in a 58-year-old
make with exertional chest pain. A straight-
ened MPR demonstrated a diffuse calcified
atherosclerotic plaque in left circumflex ar-
tery (A). The curved multiplanar reformatted
image of the left anterior descending artery,
with different plaque components (B, C). The
cross-sectional view of the proximal left
anterior descending artery (D) and of the
mid left anterior descending artery (E)
demonstrated different plaque components.
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In a multicenter registry across the United States, Europe, and Asia,
the accuracy of ML-FFRct has been compared with invasive FFR as a
reference standard [65]; furthermore, the results of ML-FFRct were
compared also with values of FFRct obtained by the classic fluid-dynamic
FFRct (CFD-FFRct). A comparison of ML-FFRct and CFD-FFRct showed
the same area under the curve (AUC: 0.84) compared to the low AUC of
CCTA (AUC: 0.69) [65]. On a vessel-based analysis the diagnostic accu-
racy of ML-FFRct reached 78% compared to 58% of CCTA while the
patient accuracy reached 85% compared to 71% of CCTA [65]. The re-
sults of this multicenter study were confirmed by a single-center study
[21, 23] that demonstrated the increased diagnostic accuracy of
ML-FFRct compared to CCTA alone.

The advantage of ML-FFRct for diagnostic accuracy has been shown
compared to CCTA in the presence of calcified lesions [66]. With an
Agatston score �400, the AUC increased from 0.55 of CCTA to 0.71 for
ML-FFRct. With an Agatston score between 0 and 400, the AUC increased
from 0.63 of CCTA to 0.86 of ML-FFRct [66]. Interestingly, the ML-FFRct
showed also an increased prognostic value in short follow up (1 year) for
development of MACE if compared to CCTA (p < 0.04).

Like FFRct, myocardial CT perfusion (CTP) can be extremely useful
for detection of ischemic coronary plaques [67, 68, 69]. The application
of AI in CTP is still very limited, though there are some interesting arti-
cles recently published in the literature [24, 40]. Xiong et al first
described this application using an ML algorithm trained on normalized
perfusion intensity, transmural perfusion ratio, and myocardial wall
thickness. It demonstrated a better performance with AdaBoost produc-
ing a sensitivity of 0.79 and specificity of 0.64 if compared to quantitative
coronary angiography [24]. Another interesting article on the applica-
tion of ML in CTP, was published by Han et al. [70]. The authors
5

developed an ML algorithm that was able to identify deficits of perfusion
at rest using datasets from CCTAwith an accuracy, sensitivity, specificity,
positive predictive, and negative predictive of 68.3%, 52.7%, 84.6%,
78.2%, and 63.0% respectively in patient-based analysis [70].

Recently Muscogiuri et al. developed a DL algorithm that was able to
identify ischemic myocardium at rest on CCTA and in addition to
anatomical evaluation with a sensitivity, specificity, NPV, PPV, accuracy,
and AUC respectively of 100%, 72%, 100%, 74%, 84%, 96% [40].
Though the populations these methods were applied to were small, this
article highlights the possibilities available to develop algorithms that
provide quality information about the presence of ischemic myocardium
using the appropriate Hounsfield unit for ischemic myocardium at rest.

Application of FFRct and CTP have shown respectively in Figure 4 (A-
F) and 5 (A-F)..

4. AI in cardiac magnetic resonance

The application of AI in CMR ranges from image acquisition to image
analysis [13, 27].

The main application of AI in post-processing has been focused on
segmentation and tissue characterization [13, 71].

4.1. Function

Evaluation of cardiac function is extremely important in CMR consid-
ering the impact related to prognosis [1, 72]. Several techniques have been
described evaluating biventricular cardiac volumes and function from cine
images, however all these manual or semi-automated approaches require
time-consuming analysis [35, 73]. The application of fully automated
Figure 4. 70-year-old male patient under-
went to coronary computed tomography for
chest pain. Left anterior descending artery
shows a severe mixed plaque stenosis (A,
arrowhead); left circumflex artery shows a
moderate proximal fibro-lipid plaque (B,
arrowhead) while right coronary artery
shows a severe fibro-fatty plaque stenosis (C,
arrowhead). The FFRct assessment confirmed
the functional significance of the stenosis on
left anterior descending artery and right
coronary artery (D), while FFRct values of the
left circumflex artery were above the
ischemia threshold of 0.80. The invasive
coronary angiogram shows severe stenosis of
the mid segment of left anterior descending
artery (E) and mid segment of right coronary
artery.



Figure 5. 81-year-old male patient underwent perfusion CT for atypical pain and dispnea. Right coronary artery (A, arrow) and left circumflex (B, arrow) shows mild
mixed plaque while left anterior descending artery demonstrates severe fibrofatty stenosis (C, arrow). The findings are then confirmed by the perfusion study, which
shows antero septal mid-ventricle (D, arrow) and anterior mid-ventricle (E, arrow) and anterior apical segment (F, arrow).
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software based on AI should decrease the variability of volumes between
readers and concurrently increase the speed of reporting [13].

Several approaches have been shown in the literature demonstrating
differences in accuracy when evaluating the volumes resulting in
competition and comparison [74].

Isensee et al. took part in the competition at the 20th International
Conference on Medical Image Computing and Computer Assisted Inter-
vention (MICCAI) and showed that the algorithm they developed based on
2D and three-dimensional (3D) U-net model had the highest Dice co-
efficients in the diastolic phase for the left ventricle (0.96), right ventricle
(0.94), and myocardium (0.90) [75]. Several research groups have devel-
oped algorithms for cardiac segmentation based on the population of the
MICCAI competition [74]; however, these approaches have been limited
due to a small population [74]. In order to overcome this limitation, Bai
et al. proposedanalgorithmof analysis basedona largerpopulation coming
from the UK biobank [35]. The authors developed an algorithm consisting
of a fully convolutional neural network (FCN) trainedon cine imageswhich
revealed high DICE coefficients for the left ventricle cavity (0.94), left
ventricular myocardium (0.88), and right ventricle (0.90) [35]; further-
more, the authors demonstrated a close correlation between biventricular
volumes and left ventricular mass compared tomanual segmentation [35].

Interestingly, Penso et al. using a large dataset, developed a U-Net
that was able to segment images in a cohort of patients with three
different cardiac phenotypes with good agreement compared to manual
segmentation resulting in a DICE score for left ventricle, right ventricle
and myocardial mass respectively of 0.94, 0.90 and 0.85 [28].

The main characteristic of automatic segmentation is represented by
the possibility to obtain results like manual segmentation in a short time;
therefore, it is not surprising that several software vendors are pushing
this AI solution for the analysis of volume and function.

A representative case is shown in Figure 6 (A-B).

4.2. Tissue characterization

One of the main advantages of CMR over the other techniques are the
ability todeeplyevaluateandcharacterize tissues [76,77,78].T1-weighted
6

black blood sequences are mainly focused on the evaluation of fibro-fatty
infiltration and cardiac masses [79, 80], while T2-weighted images are
mainly focused on the evaluation of myocardial edema [80, 81].

T1-mapping with ECV sequences can provide information regarding
the extracellular volume [77, 82] while T2-mapping can provide the
presence of myocardial edema [83, 84]. Another method that is useful for
the evaluation of myocardial fibrosis and decreased gadoliniumwash-out
is the acquisition of late gadolinium enhancement (LGE) sequences [13].
These sequences are based on different settings of cardiac disease so
using LGE can be helpful in terms of prognostic stratification and plan-
ning of therapy [76, 85, 86, 87].

LGE can be quantified using manual contouring or semi-automated
software however, like the evaluation of volumes, this approach is
frequently time consuming [13].

In order to overcome this issue, an automatic approachwas developed
byZabihollahy et al.The authors validated a3D-CNNsegmentationusinga
3D LGE dataset of the left ventricle [88]. Comparing the data of 3D-CCN
with manual segmentation showed a Dice similarity coefficient (DSC) of
0.94 [88]. Moccia et al. developed a segmentation model based on a fully
convolutional neural network for LGE segmentation and provided a
sensitivity, specificity, accuracy, and DSC of 88.1%, 97.9%, 96.8%, and
71.3%, respectively. Another interesting approach was shown by Zhang
et al. [89]the authors developedanalgorithm thatwas able to identify LGE
from cine images showing a sensitivity, specificity, and AUC of 89.8%,
99.1%, and 0.94% respectively on non-contrast cine images [89]. As
highlighted in the manuscript of Zhang et al [89]the possibility to obtain
images of fibrosis from cine images represents an interesting tool
considering the future application of AI in non-contrast images.

Another interesting approach using deep learning was developed for
atrial segmentation of scar by Li et al. [90]. The authors found that their
network provided an accuracy of 0.86%� 0.03% and amean DSC of 0.70
� 0.07 [90].

Automatic segmentation of myocardial and atrial LGE represents an
important tool for the reporting of CMR providing medical teams the
opportunity to obtain key information regarding prognosis in a short
time.



Figure 6. 19-year-old male patient underwent cardiac magnetic resonance for follow-up of a COVID19 related myocarditis. Deep learning algorithm provided
contours of left endocardium (red line), epicardium (green line), and endocardium of right ventricle (yellow line) in systolic phase (A). The same contours were
automatically depicted on systole (B).
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5. Artificial intelligence in echocardiography

Due to its worldwide availability, echocardiography is usually the first-
level imaging technique in the setting of cardiovascular disease [91].
Accurate and reproducible measurements are of crucial importance in the
diagnostic work-up and during the follow-up of several cardiac disorders
and might significantly impact clinical decision-making [92, 93]. Despite
advancements in echocardiography in recent years, and the development
of three-dimensional (3D) software packages for strain analysis [94, 95],
the operator dependency of acquisition and interpretation of imaging data
remains amajor drawback [96]. The assessment of left ventricular ejection
fraction (LVEF), one of the most important echo parameters on which
many clinical decisions rely [97], has been shown to be closely influenced
by the reader's experience, commonly resulting in a subjective interpre-
tation [98]. Using AI might create new clinical advantages - shifting image
interpretation from a subjective to an objective field, thereby resulting in
more accurate and reproducible analyses.

Additionally, the development of new technologies has led to an
increasing number of parameters that can be derived during each echo-
cardiographic examination, but this growing degree of complexity might
be difficult to understand by the ordering physician. Arterial hyperten-
sion is one of the most common cardiovascular diseases requiring
echocardiographic evaluation [99]. In these patients, the assessment of
myocardial mass, volume, and function is of particular importance. On
top of the standard parameters, measurement of left atrial (LA) strain
might detect early diastolic dysfunction and LV strain could uncover
early systolic dysfunction. The LV strain pattern may help in the differ-
ential diagnosis between hypertension and infiltrative disease requiring a
second-level imaging study [100, 101]. In day-to-day practice, it can be
difficult for the clinician to manage the multitude of information pro-
vided and correctly link the data to each other. AI has potential to
improve the analysis of an exponential amount of information at an
advanced level of interpretation, helping to improve patient diagnosis
and prognostic stratification.

Finally, it is noteworthy that the high workflow in many of the echo
labs around the world likely increases the risk of medical errors that
could be avoided, or at least reduced through using a double-checking
surveillance system potentially provided using AI.

However, despite achievable advantages in image analysis and
interpretation, AI may also guarantee wider access to care and help
reduce the cost of undergoing testing via a primary imaging modality
such as echocardiography [102].
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A representative figure for the application of AI in echocardiography
was shown in Figure 7.

5.1. AI in image localization and segmentation

Appropriate automated detection of adequate echocardiographic
views featuring the cardiac chambers are the primary focus of automated
echocardiographic analysis, and several papers have already shown the
use of AI to allow accurate view identification. In a recent study by Zhang
et al, the authors used a deep learning (DL) model with a convolutional
neural network (CNN) to derive a view classification system and image
segmentation model derived from more than 270 echocardiograms and
more than 700 images. It was subsequently deployed on more than
14,000 echocardiograms where the authors found that AI correctly
identified 23 viewpoints, including those of suboptimal image quality,
and correctly performed chamber segmentation using the 5 most com-
mon views with an accuracy up to 96% [103]. Similarly, DL with CNN
was used in another recently published study in which a view classifi-
cation model trained on over 800,000 images showed an accuracy up to
97.8% for 15-view classification [104].

Based on these results, the application of AI in view and segmentation
echocardiographic models seem to be promising, with differences in
vendors and poor image quality representing the major limitation in
reaching perfect accuracy [105].

5.2. AI in analysis of cardiac chambers’ size and function

Analysis of cardiac chambers’ size and function is the primary goal in
the current practice of echocardiography. Accurate measurement of
cardiac volume, mass, and function requires trained readers. Accuracy is
known to be affected by a high degree of interobserver variability and
likely affected by errors in a high workflow lab [98]. In direct comparison
between automated and manual measurement of LV wall thickness, LV
and LA volume, and global longitudinal strain (GLS), more than 8,000
two-dimensional (2D) echocardiographic images have shown a median
absolute deviation between 15 and 17% for mass and volumes, while
LVEF and GLS showed smaller differences with a median absolute devi-
ation of 6% and 1.4%, respectively [103].

However, since 3D echocardiography has proved to provide more
accurate and reproducible results compared to 2D, there has been a push
for the development of fully automated 3D software packages that allow
direct measurement of cardiac mass, volume, and function without



Figure 7. After the acquisition of images by the operator,
Artificial Intelligence is able to provide a wide spectrum of
critical information ranging from the simple definition of
image quality and segmentation of cardiac structures to more
complex processes such as the evaluation of valvular diseases
or differential diagnosis between cardiovascular diseases.
This may support the daily practice in echo lab, improving
diagnostic accuracy and reproducibility with a reduction of
the examination time.
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reader influence. There is currently several commercially available
software packages available for 3D analysis of the left ventricle (LV), left
atrium (LA), and right ventricle (RV), primarily based on adaptative
analytics algorithms [106] or probabilistic contouring algorithms [107].
Several studies have demonstrated how the use of these automated
software packages provide accurate analysis of cardiac chamber volume,
and function, as well asLV mass similar to cardiac magnetic resonance
imaging [106, 108, 109, 110, 111, 112]. Particularly, the study by Nar-
ang et al., demonstrated how the use of fully automated software pack-
ages for the assessment of LV/LA volume and function results also in
time-saving analyses with a mean time of 35 � 17 s for automated
analysis compared to 3.6� 0.9 min and 96� 14 min for semi-automated
3D echo and CMR analysis, respectively [106].

As for view and segmentation models, the use of AI for automated
assessment of cardiac chamber's size and function is still limited by the
quality and quantity of the image datasets used in the training process.
This has been reflected by suboptimal analysis of volume and function in
patients with distorted LV shape secondary to the small number of those
pathological datasets available for machine learning training [105].

5.3. AI in assessment of valvular function

Of particular importance in the setting of echocardiography is the
Doppler-analyses using pulsed wave and continuous wave Doppler set-
tings. Inaccuracies in assessment of Doppler velocity and tracing may
lead to overestimation or underestimation of valvular disease. In a study
by Gaillard et al., an automated detection of wave contour velocity based
on active contour models measured at the aortic valve and LV outflow
tract which showed good agreement compared to manual tracing in both
patients with sinus rhythm and atrial fibrillation [113]. Recently, the use
of unsupervised models for automated detection of bioprosthetic aortic
valve degeneration has been shown to have a high sensitivity for the
detection of valve degeneration which can be particularly useful in the
follow-up of patients with aortic valve replacement [114]. Additionally,
the use of AI has been shown to be promising in the appropriate selection
of patients eligible for mitral valve repair [115].

5.4. AI in assessment of myocardial wall motion

Assessment of regional wall motion abnormalities (RWMA) is one of
the central clinical concerns that need to be investigated when using
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echocardiography for the diagnosis and management of coronary artery
disease. However, as already demonstrated, assessment of myocardial
motion is subjective and heavily dependent on the operator's experience
[116]. A recent study by Kusunose et al. showed how the use of DL al-
gorithms, specifically a CNN model, was able to identify RWMA with an
accuracy similar to that of experienced sonographers (AUC 0.99 for DL
model vs 0.98 for sonographers), but the accuracy of the algorithm was
significantly higher when compared to RWMA detection by
fellowship-trained interpreters (0.99 vs 0.90, respectively) [105]. There
was a lower yet still highly accurate detection of RWMA shown using a
CNN model in patients undergoing 3D echo Dobutamine stress tests
compared to experienced readers [117].

5.5. AI in assessment of cardiac disease

The primary aim when performing echocardiography is the early
detection of several disease statuses in patients with cardiovascular risk
factors or cardiovascular morbidities. However, frequently to achieve
this goal several echocardiographic studies are required. In this setting,
the use of AI may facilitate prompt diagnosis with low-cost workflows.
Currently, several AI-based models for the early detection of cardiac
dysfunction or disease identification have been trained. ML based algo-
rithms using echocardiographic parameters at rest and during exercise
have been demonstrated to improve the accuracy in the diagnosis of
heart failure with preserved ejection fraction [118].

In a recent paper by Zhang et al., the authors trained a CNN black-box
models to detect hypertrophic cardiomyopathy, amyloidosis, and pul-
monary arterial hypertension. The resulting models showed high diag-
nostic accuracy in disease diagnosis (AUC 0.93, 0.87, 0.85, respectively)
[103]. Sengupta et al. demonstrated how the use of a cognitive machine
learning (ML) model based on clinical and multimodality imaging data
allows proper differentiation between constrictive pericarditis and
restrictive cardiomyopathies with an accuracy of 96% [119]. The use of
ML model is also promising in differentiation between athlete's heart and
hypertrophic cardiomyopathy [120].

5.6. Future perspective

The application of AI in cardiovascular imaging as described above is
rapidly increasing considering the possibilities to reduce reporting times
while doing so with high accuracy. In this review, the potential



G. Muscogiuri et al. Heliyon 8 (2022) e10872
applications of AI algorithm have been described focusing on the impact
that these algorithms could have in clinical practice. These algorithms
can improve the diagnostic accuracy leading to a model of “precision
medicine” and at the same time speeding up the time of reporting.
Furthermore the numerous data obtained by the AI analyses can provide
in a short time several indications for the management of patients.

In CCTA, the application of AI is focused on detection of stenosis and
analysis of plaques, however it is notable that information on the pres-
ence of ischemia can be obtained from rest images. Using this opportu-
nity, the application of AI algorithms on CCTA could minimize the
overestimation of pathology, providing a depth of information from a
single examination data particularly for anatomy and potential ischemia.

In CMR, the application of AI is focused on solving delays in reporting
time and the potential application on the reporting of examinations
thoroughly completed in just a few steps.

The use of AI in the field of echocardiography has the potential to
improve the diagnostic accuracy of cardiovascular disease, moving the
interpretation of imaging data to a more advanced level, and helping in
prognostic stratification while enhancing lab workflow.

The application of AI in clinical practice is rapidly growing. However,
it is important to consider that AI algorithms may represent a helpful tool
for the evaluation of images in cardiac imaging, allowing to speed up the
reporting and interpretation [13, 121]. AI algorithms can not substitute
human readers but they represent a useful tool for implementation of
clinical workflow.

However, despite the methods in which the application of AI in car-
diac imaging can be extremely helpful, several limitations need to be
addressed. In particular, it is not negligible that all these algorithms need
to be approved by the FDA or the European Community before their use
in clinical practice. European Commission for application of AI in med-
icine suggested some rules regarding requirements on data collecting,
analysis and transparency [13], furthermore it is important to evaluate
carefully the data collected considering that development of an AI al-
gorithm need a heterogeneous population that should not be unbalanced
in terms of ethnicity or gender [13].

Furthermore it is important to consider that although many algo-
rithms are available also as open source, the development of a robust
algorithm needs training and validation on a large dataset. Therefore,
vendors need a large amount of data in order to develop a reliable tool;
the latter can be considered a limitation in terms of AI algorithms
development.

Therefore, despite the bright future of cardiac imaging linked to the
application of AI, it is important to consider the clinical safety of these
algorithms should they be approved for use in clinical practice.

Declarations

Author contribution statement

All authors listed have significantly contributed to the development
and the writing of this article.

Funding statement

This research did not receive any specific grant from funding agencies
in the public, commercial, or not-for-profit sectors.

Data availability statement

No data was used for the research described in the article.

Declaration of interests statement

The authors declare no conflict of interest.
9

Additional information

No additional information is available for this paper.

References

[1] G. Pontone, A.I. Guaricci, D. Andreini, G. Ferro, M. Guglielmo, A. Baggiano, et al.,
Prognostic stratification of patients with ST-segment-elevation myocardial
infarction (PROSPECT): a cardiac magnetic resonance study, Circ. Cardiovasc.
Imaging 10 (11) (2017 Nov). PubMed PMID: 29146587.

[2] N. Gaibazzi, T. Porter, V. Lorenzoni, G. Pontone, D. De Santis, A. De Rosa, et al.,
Effect of coronary revascularization on the prognostic value of stress myocardial
contrast wall motion and perfusion imaging, J. Am. Heart Assoc. 6 (6) (2017 May
31). PubMed PMID: 28566297. Pubmed Central PMCID: PMC5669203. Epub
2017/06/02. eng.

[3] M. Guglielmo, A. Baggiano, G. Muscogiuri, L. Fusini, D. Andreini, S. Mushtaq, et
al., Multimodality imaging of left atrium in patients with atrial fibrillation,
J. Cardiovasc. Comput. Tomogr. 13 (6) (2019 Nov-Dec) 340–346. PubMed PMID:
30952613. Epub 2019/04/07. eng.

[4] M. Guglielmo, L. Fusini, G. Muscogiuri, F. Baessato, A. Loffreno, A. Cavaliere, et
al., T1 mapping and cardiac magnetic resonance feature tracking in mitral valve
prolapse, Eur. Radiol. 31 (2) (2021 Feb) 1100–1109. PubMed PMID: 32803414.
Epub 2020/08/18. eng.

[5] G. Pontone, A.I. Guaricci, S.C. Palmer, D. Andreini, M. Verdecchia, L. Fusini, et al.,
Diagnostic performance of non-invasive imaging for stable coronary artery
disease: a meta-analysis, Int. J. Cardiol. 300 (2020 Feb 1) 276–281. PubMed
PMID: 31748186. Epub 2019/11/22.

[6] S. Motoyama, H. Ito, M. Sarai, T. Kondo, H. Kawai, Y. Nagahara, et al., Plaque
characterization by coronary computed tomography angiography and the
likelihood of acute coronary events in mid-term follow-up, J. Am. Coll. Cardiol. 66
(4) (2015 Jul 28) 337–346. PubMed PMID: 26205589.

[7] E. Maffei, S. Seitun, C. Martini, A. Palumbo, G. Tarantini, E. Berti, et al., CT
coronary angiography and exercise ECG in a population with chest pain and low-
to-intermediate pre-test likelihood of coronary artery disease, Heart 96 (24) (2010
Dec) 1973–1979. PubMed PMID: 21051457. Epub 2010/11/06. eng.

[8] E. Maffei, S. Seitun, C. Martini, A. Aldrovandi, G. Cervellin, C. Tedeschi, et al.,
Prognostic value of computed tomography coronary angiography in patients with
chest pain of suspected cardiac origin, Radiol. Med. 116 (5) (2011 Aug) 690–705.
PubMed PMID: 21424322. Epub 2011/03/23.

[9] A.I. Guaricci, G. Pontone, L. Fusini, M. De Luca, F.P. Cafarelli, M. Guglielmo, et al.,
Additional value of inflammatory biomarkers and carotid artery disease in
prediction of significant coronary artery disease as assessed by coronary computed
tomography angiography, Eur. Heart J. Cardiovasc. Imaging 18 (9) (2017 Sep 1)
1049–1056. PubMed PMID: 27742738. Epub 2016/10/16.

[10] A.I. Guaricci, T. Arcadi, N.D. Brunetti, E. Maffei, D. Montrone, C. Martini, et al.,
Carotid intima media thickness and coronary atherosclerosis linkage in
symptomatic intermediate risk patients evaluated by coronary computed
tomography angiography, Int. J. Cardiol. 176 (3) (2014 Oct 20) 988–993. PubMed
PMID: 25213576. Epub 2014/09/13. eng.

[11] J.R. England, P.M. Cheng, Artificial intelligence for medical image analysis: a
guide for authors and reviewers, AJR Am. J. Roentgenol. 212 (3) (2019 Mar)
513–519. PubMed PMID: 30557049. Epub 2018/12/18.

[12] P. Sharma, M. Suehling, T. Flohr, D. Comaniciu, Artificial intelligence in
diagnostic imaging: status Quo, challenges, and future opportunities, J. Thorac.
Imag. 35 (Suppl 1) (2020 May) S11–S16. PubMed PMID: 32205816.

[13] M. van Assen, G. Muscogiuri, D. Caruso, S.J. Lee, A. Laghi, C.N. De Cecco,
Artificial intelligence in cardiac radiology, Radiol. Med. 125(11) (2020 Sep 18)
1186–1199. PubMed PMID: 32946002. Epub 2020/09/19.

[14] S. Moccia, R. Banali, C. Martini, G. Muscogiuri, G. Pontone, M. Pepi, et al.,
Development and testing of a deep learning-based strategy for scar segmentation
on CMR-LGE images, Magma 32 (2) (2019 Apr) 187–195. PubMed PMID:
30460430.

[15] G. Muscogiuri, M. Chiesa, M. Trotta, M. Gatti, V. Palmisano, S. Dell'Aversana, et
al., Performance of a deep learning algorithm for the evaluation of CAD-RADS
classification with CCTA, Atherosclerosis 294 (2020 Feb) 25–32. PubMed PMID:
31945615. Epub 2020/01/17.

[16] G. Muscogiuri, M. Van Assen, C. Tesche, C.N. De Cecco, M. Chiesa, S. Scafuri, et
al., Artificial intelligence in coronary computed tomography angiography: from
anatomy to prognosis, BioMed Res. Int. 2020 (2020), 6649410. PubMed PMID:
33381570. Pubmed Central PMCID: PMC7762640. Epub 2021/01/01.

[17] H. Choi, W. Chang, J.H. Kim, C. Ahn, H. Lee, H.Y. Kim, et al., Dose reduction
potential of vendor-agnostic deep learning model in comparison with deep
learning-based image reconstruction algorithm on CT: a phantom study, Eur.
Radiol. 32(2) (2021 Aug 14) 1247–1255. PubMed PMID: 34390372. Pubmed
Central PMCID: PMC8364308. Epub 2021/08/15.

[18] B.D. de Vos, J.M. Wolterink, T. Leiner, P.A. de Jong, N. Lessmann, I. Isgum, Direct
automatic coronary calcium scoring in cardiac and chest CT, IEEE Trans. Med.
Imag. 38 (9) (2019 Sep) 2127–2138. PubMed PMID: 30794169. Epub 2019/02/
23.

[19] J.M. Wolterink, T. Leiner, B.D. de Vos, R.W. van Hamersvelt, M.A. Viergever,
I. Isgum, Automatic coronary artery calcium scoring in cardiac CT angiography
using paired convolutional neural networks, Med. Image Anal. 34 (2016 Dec)
123–136. PubMed PMID: 27138584. Epub 2016/05/04.

http://refhub.elsevier.com/S2405-8440(22)02160-0/sref1
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref1
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref1
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref1
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref2
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref2
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref2
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref2
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref2
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref3
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref3
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref3
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref3
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref3
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref4
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref4
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref4
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref4
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref4
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref5
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref5
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref5
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref5
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref5
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref6
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref6
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref6
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref6
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref6
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref7
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref7
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref7
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref7
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref7
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref8
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref8
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref8
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref8
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref8
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref9
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref9
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref9
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref9
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref9
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref9
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref10
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref10
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref10
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref10
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref10
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref10
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref11
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref11
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref11
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref11
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref12
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref12
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref12
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref12
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref13
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref13
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref13
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref13
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref14
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref14
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref14
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref14
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref14
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref15
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref15
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref15
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref15
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref15
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref16
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref16
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref16
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref16
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref17
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref17
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref17
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref17
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref17
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref17
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref18
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref18
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref18
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref18
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref18
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref19
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref19
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref19
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref19
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref19


G. Muscogiuri et al. Heliyon 8 (2022) e10872
[20] R. Cau, A. Flanders, L. Mannelli, C. Politi, G. Faa, J.S. Suri, et al., Artificial
intelligence in computed tomography plaque characterization: a review, Eur. J.
Radiol. 140 (2021 Jul), 109767. PubMed PMID: 34000598. Epub 2021/05/18.

[21] C. Tesche, C.N. De Cecco, S. Baumann, M. Renker, T.W. McLaurin, T.M. Duguay, et
al., Coronary CT angiography-derived fractional flow reserve: machine learning
algorithm versus computational fluid dynamics modeling, Radiology 288 (1)
(2018 Jul) 64–72. PubMed PMID: 29634438. Epub 2018/04/11.

[22] C. Tesche, H.N. Gray, Machine learning and deep neural networks applications in
coronary flow assessment: the case of computed tomography fractional flow
reserve, J. Thorac. Imag. 35 (Suppl 1) (2020 May) S66–S71. PubMed PMID:
32091446. Epub 2020/02/25.

[23] P.L. von Knebel Doeberitz, C.N. De Cecco, U.J. Schoepf, T.M. Duguay,
M.H. Albrecht, M. van Assen, et al., Coronary CT angiography-derived plaque
quantification with artificial intelligence CT fractional flow reserve for the
identification of lesion-specific ischemia, Eur. Radiol. 29 (5) (2019 May)
2378–2387. PubMed PMID: 30523456. Epub 2018/12/14.

[24] G. Xiong, D. Kola, R. Heo, K. Elmore, I. Cho, J.K. Min, Myocardial perfusion
analysis in cardiac computed tomography angiographic images at rest, Med.
Image Anal. 24 (1) (2015 Aug) 77–89. PubMed PMID: 26073787. Pubmed Central
PMCID: PMC4536577. Epub 2015/06/16.

[25] R.W. van Hamersvelt, M. Zreik, M. Voskuil, M.A. Viergever, I. Isgum, T. Leiner,
Deep learning analysis of left ventricular myocardium in CT angiographic
intermediate-degree coronary stenosis improves the diagnostic accuracy for
identification of functionally significant stenosis, Eur. Radiol. 29 (5) (2019 May)
2350–2359. PubMed PMID: 30421020. Pubmed Central PMCID: PMC6443613.
Epub 2018/11/14.

[26] G. Muscogiuri, C. Martini, M. Gatti, S. Dell’Aversana, F. Ricci, M. Guglielmo, et al.,
Feasibility of late gadolinium enhancement (LGE) in ischemic cardiomyopathy
using 2D-multisegment LGE combined with artificial intelligence reconstruction
deep learning noise reduction algorithm, Int. J. Cardiol. 343 (2021 Sep 10)
164–170. PubMed PMID: 34517017. Epub 2021/09/14. eng.

[27] T. Kustner, N. Fuin, K. Hammernik, A. Bustin, H. Qi, R. Hajhosseiny, et al.,
CINENet: deep learning-based 3D cardiac CINE MRI reconstruction with multi-coil
complex-valued 4D spatio-temporal convolutions, Sci. Rep. 10 (1) (2020 Aug 13),
13710. PubMed PMID: 32792507. Pubmed Central PMCID: PMC7426830. Epub
2020/08/15.

[28] M. Penso, S. Moccia, S. Scafuri, G. Muscogiuri, G. Pontone, M. Pepi, et al.,
Automated left and right ventricular chamber segmentation in cardiac magnetic
resonance images using dense fully convolutional neural network, Comput.
Methods Progr. Biomed. 204 (2021 Jun), 106059. PubMed PMID: 33812305.
Epub 20210321. eng.

[29] J. Zhou, M. Du, S. Chang, Z. Chen, Artificial intelligence in echocardiography:
detection, functional evaluation, and disease diagnosis, Cardiovasc. Ultrasound 19
(1) (2021 Aug 20) 29. PubMed PMID: 34416899. Pubmed Central PMCID:
PMC8379752. Epub 2021/08/22.

[30] M. Nagendran, Y. Chen, C.A. Lovejoy, A.C. Gordon, M. Komorowski, H. Harvey, et
al., Artificial intelligence versus clinicians: systematic review of design, reporting
standards, and claims of deep learning studies, BMJ (2020 Mar 25), 368:m689.
PubMed PMID: 32213531. Pubmed Central PMCID: PMC7190037 at www
.icmje.org/coi_disclosure.pdf and declare: no support from any organisation for
the submitted work; CAL worked as clinical data science and technology lead for
Cera, a technology enabled homecare provider; ACG reports that outside of this
work he has received speaker fees from Orion Corporation Orion Pharma and
Amomed Pharma, has consulted for Ferring Pharmaceuticals, Tenax Therapeutics,
Baxter Healthcare, Bristol-Myers Squibb and GSK, and received grant support from
Orion Corporation Orion Pharma, Tenax Therapeutics, and HCA International
with funds paid to his institution; HH was previously clinical director of Kheiron
Medical Technologies and is now director at Hardian Health; EJT is on the
scientific advisory board of Verily, Tempus Laboratories, Myokardia, and Voxel
Cloud, the board of directors of Dexcoman, and is an advisor to Guardant Health,
Blue Cross Blue Shield Association, and Walgreens; MM is a cofounder of Cera, a
technology enabled homecare provider, board member of the NHS Innovation
Accelerator, and senior advisor to Bain and Co. Epub 2020/03/28.

[31] C. Krittanawong, K.W. Johnson, R.S. Rosenson, Z. Wang, M. Aydar, U. Baber, et
al., Deep learning for cardiovascular medicine: a practical primer, Eur. Heart J. 40
(25) (2019 Jul 1) 2058–2073. PubMed PMID: 30815669. Pubmed Central PMCID:
PMC6600129. Epub 2019/03/01.

[32] J. Betancur, F. Commandeur, M. Motlagh, T. Sharir, A.J. Einstein, S. Bokhari, et
al., Deep learning for prediction of obstructive disease from fast myocardial
perfusion SPECT: a multicenter study, JACC Cardiovasc. Imaging 11 (11) (2018
Nov) 1654–1663. PubMed PMID: 29550305. Pubmed Central PMCID:
PMC6135711. Epub 2018/03/20.

[33] G.H. Tison, J.M. Sanchez, B. Ballinger, A. Singh, J.E. Olgin, M.J. Pletcher, et al.,
Passive detection of atrial fibrillation using a commercially available smartwatch,
JAMA Cardiol. 3 (5) (2018 May 1) 409–416. PubMed PMID: 29562087. Pubmed
Central PMCID: PMC5875390. Epub 2018/03/22.

[34] E. Choi, A. Schuetz, W.F. Stewart, J. Sun, Using recurrent neural network models
for early detection of heart failure onset, J. Am. Med. Inf. Assoc. 24 (2) (2017 Mar
1) 361–370. PubMed PMID: 27521897. Pubmed Central PMCID: PMC5391725.
Epub 2016/08/16.

[35] W. Bai, M. Sinclair, G. Tarroni, O. Oktay, M. Rajchl, G. Vaillant, et al., Automated
cardiovascular magnetic resonance image analysis with fully convolutional
networks, J. Cardiovasc. Magn. Reson. 20 (1) (2018 Sep 14) 65. PubMed PMID:
30217194. Pubmed Central PMCID: PMC6138894. Epub 20180914.

[36] M.R. Avendi, A. Kheradvar, H. Jafarkhani, A combined deep-learning and
deformable-model approach to fully automatic segmentation of the left ventricle
10
in cardiac MRI, Med. Image Anal. 30 (2016 May) 108–119. PubMed PMID:
26917105.

[37] R. Elshawi, A. Wahab, A. Barnawi, S. Sakr, DLBench: a comprehensive
experimental evaluation of deep learning frameworks, Cluster Comput. 24 (2021)
2017–2038.

[38] C.B. Monti, M. Codari, M. van Assen, C.N. De Cecco, R. Vliegenthart, Machine
learning and deep neural networks applications in computed tomography for
coronary artery disease and myocardial perfusion, J. Thorac. Imag. 35 (Suppl 1)
(2020 May) S58–S65. PubMed PMID: 32195886.

[39] A.M. Fischer, M. Eid, C.N. De Cecco, M.A. Gulsun, M. van Assen, J.W. Nance, et al.,
Accuracy of an artificial intelligence deep learning algorithm implementing a
recurrent neural network with Long short-term memory for the automated
detection of calcified plaques from coronary computed tomography angiography,
J. Thorac. Imag. 35 (Suppl 1) (2020 May) S49–S57. PubMed PMID: 32168163.

[40] G. Muscogiuri, M. Chiesa, A. Baggiano, P. Spadafora, R. De Santis, M. Guglielmo,
et al., Diagnostic performance of deep learning algorithm for analysis of computed
tomography myocardial perfusion, Eur. J. Nucl. Med. Mol. Imag. 49(9) (2022 Feb
23) 3119–3128. PubMed PMID: 35194673. Epub 20220223.

[41] P. Greenland, R.O. Bonow, B.H. Brundage, M.J. Budoff, M.J. Eisenberg,
S.M. Grundy, et al., ACCF/AHA 2007 clinical expert consensus document on
coronary artery calcium scoring by computed tomography in global
cardiovascular risk assessment and in evaluation of patients with chest pain: a
report of the American college of cardiology foundation clinical expert consensus
task force (ACCF/AHA writing committee to update the 2000 expert consensus
document on electron beam computed tomography) developed in collaboration
with the society of atherosclerosis imaging and prevention and the society of
cardiovascular computed tomography, J. Am. Coll. Cardiol. 49 (3) (2007 Jan 23)
378–402. PubMed PMID: 17239724. Epub 2007/01/24.

[42] B.O. Hartaigh, V. Valenti, I. Cho, J. Schulman-Marcus, H. Gransar, J. Knapper, et
al., 15-Year prognostic utility of coronary artery calcium scoring for all-cause
mortality in the elderly, Atherosclerosis 246 (2016 Mar) 361–366. PubMed PMID:
26841073. Pubmed Central PMCID: PMC4764445. Epub 2016/02/04.

[43] C. Tesche, T.M. Duguay, U.J. Schoepf, M. van Assen, C.N. De Cecco,
M.H. Albrecht, et al., Current and future applications of CT coronary calcium
assessment, Expert Rev. Cardiovasc Ther. 16 (6) (2018 Jun) 441–453. PubMed
PMID: 29734858. Epub 2018/05/08.

[44] A.S. Agatston, W.R. Janowitz, F.J. Hildner, N.R. Zusmer, M. Viamonte Jr.,
R. Detrano, Quantification of coronary artery calcium using ultrafast computed
tomography, J. Am. Coll. Cardiol. 15 (4) (1990 Mar 15) 827–832. PubMed PMID:
2407762. Epub 1990/03/15.

[45] I. Isgum, A. Rutten, M. Prokop, B. van Ginneken, Detection of coronary
calcifications from computed tomography scans for automated risk assessment of
coronary artery disease, Med. Phys. 34 (4) (2007 Apr) 1450–1461. PubMed PMID:
17500476. Epub 2007/05/16.

[46] M. Sandstedt, L. Henriksson, M. Janzon, G. Nyberg, J. Engvall, J. De Geer, et al.,
Evaluation of an AI-based, automatic coronary artery calcium scoring software,
Eur. Radiol. 30 (3) (2020 Mar) 1671–1678. PubMed PMID: 31728692. Pubmed
Central PMCID: PMC7033052. Epub 2019/11/16.

[47] D.J. Winkel, V.R. Suryanarayana, A.M. Ali, J. Gorich, S.J. Buss, A. Mendoza, et al.,
Deep learning for vessel-specific coronary artery calcium scoring: validation on a
multi-centre dataset, Eur. Heart J. Cardiovasc. Imaging 23(6) (2021 Jul 29)
846–854. PubMed PMID: 34322693. Epub 2021/07/30.

[48] M. van Assen, S.S. Martin, A. Varga-Szemes, S. Rapaka, S. Cimen, P. Sharma, et al.,
Automatic coronary calcium scoring in chest CT using a deep neural network in
direct comparison with non-contrast cardiac CT: a validation study, Eur. J. Radiol.
134 (2021 Jan), 109428. PubMed PMID: 33285350. Epub 2020/12/08.

[49] S.G.M. van Velzen, N. Lessmann, B.K. Velthuis, I.E.M. Bank, D. van den Bongard,
T. Leiner, et al., Deep learning for automatic calcium scoring in CT: validation
using multiple cardiac CT and chest CT protocols, Radiology 295 (1) (2020 Apr)
66–79. PubMed PMID: 32043947. Pubmed Central PMCID: PMC7106943. Epub
2020/02/12.

[50] R.A. Takx, P.A. de Jong, T. Leiner, M. Oudkerk, H.J. de Koning, C.P. Mol, et al.,
Automated coronary artery calcification scoring in non-gated chest CT: agreement
and reliability, PLoS One 9 (3) (2014), e91239. PubMed PMID: 24625525.
Pubmed Central PMCID: PMC3953377.

[51] R.C. Cury, S. Abbara, S. Achenbach, A. Agatston, D.S. Berman, M.J. Budoff, et al.,
CAD-RADS: coronary artery disease - reporting and data system: an expert
consensus document of the society of cardiovascular computed tomography
(SCCT), the American college of radiology (ACR) and the North American society
for cardiovascular imaging (NASCI). Endorsed by the American college of
cardiology, J. Am. Coll. Radiol. 13 (12 Pt A) (2016 Dec) 1458–1466, e9. PubMed
PMID: 27318576. Epub 2016/06/20.

[52] J.X. Xie, R.C. Cury, J. Leipsic, M.T. Crim, D.S. Berman, H. Gransar, et al., The
coronary artery disease-reporting and data system (CAD-RADS): prognostic and
clinical implications associated with standardized coronary computed tomography
angiography reporting, JACC Cardiovasc. Imaging 11 (1) (2018 Jan) 78–89.
PubMed PMID: 29301713. Epub 2018/01/06.

[53] J.F. Paul, A. Rohnean, H. Giroussens, T. Pressat-Laffouilhere, T. Wong, Evaluation
of a deep learning model on coronary CT angiography for automatic stenosis
detection, Diag. Interv. Imaging 103(6) (2022 Jan 25) 316–323. PubMed PMID:
35090845. Epub 20220125.

[54] L. Xu, Y. He, N. Luo, N. Guo, M. Hong, X. Jia, et al., Diagnostic accuracy and
generalizability of a deep learning-based fully automated algorithm for coronary
artery stenosis detection on CCTA: a multi-centre registry study, Front Cardiovasc.
Med. 8 (2021), 707508. PubMed PMID: 34805297. Pubmed Central PMCID:
PMC8602896. Epub 20211105.

http://refhub.elsevier.com/S2405-8440(22)02160-0/sref20
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref20
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref20
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref21
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref21
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref21
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref21
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref21
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref22
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref22
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref22
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref22
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref22
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref23
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref23
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref23
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref23
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref23
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref23
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref24
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref24
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref24
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref24
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref24
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref25
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref25
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref25
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref25
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref25
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref25
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref25
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref26
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref26
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref26
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref26
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref26
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref26
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref27
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref27
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref27
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref27
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref27
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref28
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref28
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref28
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref28
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref28
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref29
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref29
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref29
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref29
http://www.icmje.org/coi_disclosure.pdf
http://www.icmje.org/coi_disclosure.pdf
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref31
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref31
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref31
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref31
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref31
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref32
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref32
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref32
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref32
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref32
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref32
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref33
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref33
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref33
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref33
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref33
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref34
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref34
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref34
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref34
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref34
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref35
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref35
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref35
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref35
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref36
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref36
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref36
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref36
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref36
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref37
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref37
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref37
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref37
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref38
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref38
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref38
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref38
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref38
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref39
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref39
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref39
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref39
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref39
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref39
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref40
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref40
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref40
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref40
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref40
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref41
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref42
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref42
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref42
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref42
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref42
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref43
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref43
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref43
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref43
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref43
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref44
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref44
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref44
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref44
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref44
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref45
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref45
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref45
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref45
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref45
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref46
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref46
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref46
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref46
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref46
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref47
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref47
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref47
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref47
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref47
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref48
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref48
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref48
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref48
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref49
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref49
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref49
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref49
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref49
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref49
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref50
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref50
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref50
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref50
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref51
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref52
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref52
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref52
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref52
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref52
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref52
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref53
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref53
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref53
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref53
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref53
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref54
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref54
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref54
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref54
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref54


G. Muscogiuri et al. Heliyon 8 (2022) e10872
[55] A.D. Choi, H. Marques, V. Kumar, W.F. Griffin, H. Rahban, R.P. Karlsberg, et al.,
CT evaluation by artificial intelligence for atherosclerosis, stenosis and vascular
morphology (CLARIFY): a multi-center, international study, J. Cardiovasc.
Comput. Tomogr. 15 (6) (2021 Nov-Dec) 470–476. PubMed PMID: 34127407.
Epub 20210612.

[56] W.F. Griffin, A.D. Choi, J.S. Riess, H. Marques, H.J. Chang, J.H. Choi, et al., AI
evaluation of stenosis on coronary CT angiography, comparison with quantitative
coronary angiography and fractional flow reserve: a CREDENCE trial substudy,
JACC Cardiovasc. Imaging (2022 Feb 15). PubMed PMID: 35183478. Epub
20220215.

[57] T. Masuda, T. Nakaura, Y. Funama, T. Okimoto, T. Sato, T. Higaki, et al., Machine-
learning integration of CT histogram analysis to evaluate the composition of
atherosclerotic plaques: validation with IB-IVUS, J. Cardiovasc. Comput. Tomogr.
13 (2) (2019 Mar - Apr) 163–169. PubMed PMID: 30529218. Epub 20181021.

[58] D. Dey, S. Gaur, K.A. Ovrehus, P.J. Slomka, J. Betancur, M. Goeller, et al.,
Integrated prediction of lesion-specific ischaemia from quantitative coronary CT
angiography using machine learning: a multicentre study, Eur. Radiol. 28 (6)
(2018 Jun) 2655–2664. PubMed PMID: 29352380. Pubmed Central PMCID:
PMC5940537. Epub 20180119.

[59] F. Commandeur, M. Goeller, A. Razipour, S. Cadet, M.M. Hell, J. Kwiecinski, et al.,
Fully automated CT quantification of epicardial adipose tissue by deep learning: a
multicenter study, Radiol. Artif. Intell. 1 (6) (2019 Nov 27), e190045. PubMed
PMID: 32090206. Pubmed Central PMCID: PMC6884062. Epub 20191127.

[60] G. Pontone, A. Baggiano, D. Andreini, A.I. Guaricci, M. Guglielmo, G. Muscogiuri,
et al., Dynamic stress computed tomography perfusion with a whole-heart
coverage scanner in addition to coronary computed tomography angiography and
fractional flow reserve computed tomography derived, JACC Cardiovasc. Imaging
12 (12) (2019 Dec) 2460–2471. PubMed PMID: 31005531. Epub 2019/04/22.

[61] A. Baggiano, L. Fusini, A. Del Torto, P. Vivona, M. Guglielmo, G. Muscogiuri, et al.,
Sequential strategy including FFR(CT) plus stress-CTP impacts on management of
patients with stable chest pain: the stress-CTP RIPCORD study, J. Clin. Med. 9 (7)
(2020 Jul 8). PubMed PMID: 32650379. Pubmed Central PMCID: PMC7408909.
Epub 2020/07/12. eng.

[62] A.L. Huang, P.L. Maggiore, R.A. Brown, M. Turaga, A.B. Reid, J. Merkur, et al., CT-
derived fractional flow reserve (FFRCT): from gatekeeping to roadmapping, Can.
Assoc. Radiol. J. 71 (2) (2020 May) 201–207. PubMed PMID: 32063007. Epub
2020/02/18.

[63] L. Itu, S. Rapaka, T. Passerini, B. Georgescu, C. Schwemmer, M. Schoebinger, et
al., A machine-learning approach for computation of fractional flow reserve from
coronary computed tomography (1985), J. Appl. Physiol. 121 (1) (2016 Jul 1)
42–52. PubMed PMID: 27079692. Epub 2016/04/16.

[64] C.X. Tang, C.Y. Liu, M.J. Lu, U.J. Schoepf, C. Tesche, R.R. Bayer 2nd, et al., CT FFR
for ischemia-specific CAD with a new computational fluid dynamics algorithm: a
Chinese multicenter study, JACC Cardiovasc. Imaging 13(4) (2019 Aug 14)
980–990. PubMed PMID: 31422138. Epub 2019/08/20.

[65] A. Coenen, Y.H. Kim, M. Kruk, C. Tesche, J. De Geer, A. Kurata, et al., Diagnostic
accuracy of a machine-learning approach to coronary computed tomographic
angiography-based fractional flow reserve: result from the MACHINE consortium,
Circ. Cardiovasc. Imaging 11 (6) (2018 Jun), e007217. PubMed PMID: 29914866.
Epub 2018/06/20.

[66] C. Tesche, K. Otani, C.N. De Cecco, A. Coenen, J. De Geer, M. Kruk, et al.,
Influence of coronary calcium on diagnostic performance of machine learning CT-
FFR: results from MACHINE registry, JACC Cardiovasc. Imaging 13(3) (2019 Aug
14) 760–770. PubMed PMID: 31422141. Epub 2019/08/20.

[67] G. Pontone, G. Muscogiuri, D. Andreini, A.I. Guaricci, M. Guglielmo, S. Mushtaq,
et al., The new frontier of cardiac computed tomography angiography: fractional
flow reserve and stress myocardial perfusion, Curr. Treat. Options Cardiovasc.
Med. 18 (12) (2016 Dec) 74. PubMed PMID: 27783337. Epub 2016/10/27.

[68] G. Pontone, D. Andreini, A.I. Guaricci, M. Guglielmo, A. Baggiano, G. Muscogiuri,
et al., Quantitative vs. qualitative evaluation of static stress computed tomography
perfusion to detect haemodynamically significant coronary artery disease, Eur.
Heart J. Cardiovasc. Imaging 19 (11) (2018 Nov 1) 1244–1252. PubMed PMID:
30107557. Epub 2018/08/15. eng.

[69] G. Pontone, A. Baggiano, D. Andreini, A.I. Guaricci, M. Guglielmo, G. Muscogiuri,
et al., Stress computed tomography perfusion versus fractional flow reserve CT
derived in suspected coronary artery disease: the PERFECTION study, JACC
Cardiovasc. Imaging 12 (8 Pt 1) (2019 Aug) 1487–1497. PubMed PMID:
30343073. Epub 2018/10/22.

[70] D. Han, J.H. Lee, A. Rizvi, H. Gransar, L. Baskaran, J. Schulman-Marcus, et al.,
Incremental role of resting myocardial computed tomography perfusion for
predicting physiologically significant coronary artery disease: a machine learning
approach, J. Nucl. Cardiol. 25 (1) (2018 Feb) 223–233. PubMed PMID: 28303473.
Epub 2017/03/18.

[71] R. Cau, V. Cherchi, G. Micheletti, M. Porcu, L. Mannelli, P. Bassareo, et al.,
Potential role of artificial intelligence in cardiac magnetic resonance imaging: can
it help clinicians in making a diagnosis? J. Thorac. Imag. 36(3) (2021) 142–148.
Mar 25. PubMed PMID: 33769416. Epub 2021/03/27.

[72] A.I. Guaricci, P.G. Masci, V. Lorenzoni, J. Schwitter, G. Pontone, CarDiac MagnEtic
resonance for primary prevention implantable CardioVerter DebrillAtor ThErapy
international registry: design and rationale of the DERIVATE study, Int. J. Cardiol.
261 (2018 Jun 15) 223–227. PubMed PMID: 29550015.

[73] A. Varga-Szemes, G. Muscogiuri, U.J. Schoepf, J.L. Wichmann, P. Suranyi, C.N. De
Cecco, et al., Clinical feasibility of a myocardial signal intensity threshold-based
semi-automated cardiac magnetic resonance segmentation method, Eur. Radiol.
26 (5) (2016 May) 1503–1511. PubMed PMID: 26267520. Epub 20150813.
11
[74] O. Bernard, A. Lalande, C. Zotti, F. Cervenansky, X. Yang, P.A. Heng, et al., Deep
learning techniques for automatic MRI cardiac multi-structures segmentation and
diagnosis: is the problem solved? IEEE Trans. Med. Imag. 37 (11) (2018 Nov)
2514–2525. PubMed PMID: 29994302. Epub 20180517.

[75] F. Isensee, P. Jaeger, P. Full, I. Wolf, S. Engelhardt, K.H. Maier-Hein, Automatic
cardiac disease assessment on cine-MRI via time-series segmentation and domain
specific features, STACOM-MICCAI, LNCS. 10663 (2017) 120–129.

[76] G. Muscogiuri, F. Ricci, S. Scafuri, M. Guglielmo, A. Baggiano, V. De Stasio, et al.,
Cardiac magnetic resonance tissue characterization in ischemic cardiomyopathy,
J. Thorac. Imag. 37(1) (2021 Sep 15) 2–16. PubMed PMID: 34524203. Epub
2021/09/16.

[77] G. Muscogiuri, P. Suranyi, U.J. Schoepf, C.N. De Cecco, A. Secinaro,
J.L. Wichmann, et al., Cardiac magnetic resonance T1-mapping of the
myocardium: technical background and clinical relevance, J. Thorac. Imag. 33 (2)
(2018 Mar) 71–80. PubMed PMID: 28471811. Epub 2017/05/05.

[78] M. Gatti, A. Carisio, T. D'Angelo, F. Darvizeh, S. Dell'Aversana, D. Tore, et al.,
Cardiovascular magnetic resonance in myocardial infarction with non-obstructive
coronary arteries patients: a review, World J. Cardiol. 12 (6) (2020 Jun 26)
248–261. PubMed PMID: 32774777. Pubmed Central PMCID: PMC7383353.

[79] N. Rastegar, A.S. Te Riele, C.A. James, A. Bhonsale, B. Murray, C. Tichnell, et al.,
Fibrofatty changes: incidence at cardiac MR imaging in patients with
arrhythmogenic right ventricular dysplasia/cardiomyopathy, Radiology 280 (2)
(2016 Aug) 405–412. PubMed PMID: 26967143. Pubmed Central PMCID:
PMC4976459. Epub 20160311.

[80] O. Buckley, R. Madan, R. Kwong, F.J. Rybicki, A. Hunsaker, Cardiac masses, part
1: imaging strategies and technical considerations, AJR Am. J. Roentgenol. 197
(5) (2011 Nov) W837–W841. PubMed PMID: 22021530. Pubmed Central PMCID:
PMC4382355.

[81] N.C. Edwards, H. Routledge, R.P. Steeds, T2-weighted magnetic resonance
imaging to assess myocardial oedema in ischaemic heart disease, Heart 95 (16)
(2009 Aug) 1357–1361. PubMed PMID: 19447836. Epub 20090515.

[82] V.O. Puntmann, G. Carr-White, A. Jabbour, C.Y. Yu, R. Gebker, S. Kelle, et al.,
Native T1 and ECV of noninfarcted myocardium and outcome in patients with
coronary artery disease, J. Am. Coll. Cardiol. 71 (7) (2018 Feb 20) 766–778.
PubMed PMID: 29447739. Epub 2018/02/16.

[83] S. Nakamori, K. Dohi, Myocardial tissue imaging with cardiovascular magnetic
resonance, J. Cardiol. 80(5) (2022 Mar 1) 377–385. PubMed PMID: 35246367.
Epub 20220301.

[84] J.D. Haslbauer, S. Lindner, S. Valbuena-Lopez, H. Zainal, H. Zhou, T. D'Angelo, et
al., CMR imaging biosignature of cardiac involvement due to cancer-related
treatment by T1 and T2 mapping, Int. J. Cardiol. 275 (2019 Jan 15) 179–186.
PubMed PMID: 30360992. Epub 20181011.

[85] G. Muscogiuri, M. Guglielmo, A. Serra, M. Gatti, V. Volpato, U.J. Schoepf, et al.,
Multimodality imaging in ischemic chronic cardiomyopathy, J. Imaging 8 (2)
(2022 Feb 1). PubMed PMID: 35200737. Pubmed Central PMCID: PMC8877428.
Epub 20220201.

[86] G. Muscogiuri, W.G. Rehwald, U.J. Schoepf, P. Suranyi, S.E. Litwin, C.N. De Cecco,
et al., T(Rho) and magnetization transfer and INvErsion recovery (TRAMINER)-
prepared imaging: a novel contrast-enhanced flow-independent dark-blood
technique for the evaluation of myocardial late gadolinium enhancement in
patients with myocardial infarction, J. Magn. Reson. Imag. 45 (5) (2017 May)
1429–1437. PubMed PMID: 27690324. Epub 2016/10/01.

[87] A.I. Guaricci, P.G. Masci, G. Muscogiuri, M. Guglielmo, A. Baggiano, L. Fusini, et
al., CarDiac magnEtic Resonance for Prophylactic Implantable-cardioVerter
defibrillAtor ThErapy in Non-ischaemic Dilated CardioMyopathy: an International
Registry. Europace : European Pacing, Arrhythmias, and Cardiac
Electrophysiology : Journal of the Working Groups on Cardiac Pacing,
Arrhythmias, and Cardiac Cellular Electrophysiology of the European Society of
Cardiology (7) 23, 2021 Jul 18, pp. 1072–1083. PubMed PMID: 33792661.

[88] F. Zabihollahy, J.A. White, E. Ukwatta, Convolutional neural network-based
approach for segmentation of left ventricle myocardial scar from 3D late
gadolinium enhancement MR images, Med. Phys. 46 (4) (2019 Apr) 1740–1751.
PubMed PMID: 30734937.

[89] N. Zhang, G. Yang, Z. Gao, C. Xu, Y. Zhang, R. Shi, et al., Deep learning for
diagnosis of chronic myocardial infarction on nonenhanced cardiac cine MRI,
Radiology 291 (3) (2019 Jun) 606–617. PubMed PMID: 31038407.

[90] L. Li, F. Wu, G. Yang, L. Xu, T. Wong, R. Mohiaddin, et al., Atrial scar
quantification via multi-scale CNN in the graph-cuts framework, Med. Image Anal.
60 (2020 Feb), 101595. PubMed PMID: 31811981. Pubmed Central PMCID:
PMC6988106. Epub 20191116.

[91] C. Mitchell, P.S. Rahko, L.A. Blauwet, B. Canaday, J.A. Finstuen, M.C. Foster, et al.,
Guidelines for performing a comprehensive transthoracic echocardiographic
examination in adults: recommendations from the American society of
echocardiography, J. Am. Soc. Echocardiogr. 32 (1) (2019 01) 1–64. PubMed
PMID: 30282592. Epub 2018/10/01. eng.

[92] L. Reardon, W.J. Scheels, A.J. Singer, R.F. Reardon, Feasibility and accuracy of
speckle tracking echocardiography in emergency department patients, Am. J.
Emerg. Med. 36 (12) (2018 12) 2254–2259. PubMed PMID: 30322665. Epub
20180904. eng.

[93] M. Rady, S. Ulbrich, F. Heidrich, S. Jellinghaus, K. Ibrahim, A. Linke, et al., Left
ventricular torsion - a new echocardiographic prognosticator in patients with non-
ischemic dilated cardiomyopathy, Circ. J. 83 (3) (2019 02 25) 595–603. PubMed
PMID: 30662022. Epub 20190120. eng.

[94] A. Narang, N. Hitschrich, V. Mor-Avi, M. Schreckenberg, G. Schummers,
K. Tiemann, et al., Virtual reality analysis of three-dimensional echocardiographic

http://refhub.elsevier.com/S2405-8440(22)02160-0/sref55
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref55
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref55
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref55
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref55
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref55
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref56
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref56
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref56
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref56
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref56
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref57
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref57
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref57
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref57
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref57
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref58
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref58
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref58
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref58
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref58
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref58
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref59
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref59
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref59
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref59
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref60
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref60
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref60
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref60
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref60
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref60
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref61
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref61
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref61
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref61
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref61
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref62
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref62
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref62
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref62
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref62
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref63
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref63
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref63
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref63
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref63
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref64
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref64
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref64
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref64
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref64
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref65
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref65
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref65
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref65
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref65
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref66
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref66
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref66
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref66
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref66
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref67
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref67
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref67
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref67
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref68
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref68
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref68
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref68
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref68
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref68
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref69
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref69
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref69
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref69
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref69
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref69
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref70
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref70
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref70
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref70
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref70
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref70
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref71
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref71
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref71
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref71
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref71
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref72
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref72
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref72
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref72
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref72
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref73
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref73
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref73
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref73
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref73
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref74
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref74
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref74
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref74
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref74
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref75
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref75
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref75
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref75
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref76
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref76
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref76
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref76
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref76
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref77
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref77
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref77
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref77
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref77
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref78
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref78
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref78
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref78
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref78
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref79
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref79
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref79
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref79
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref79
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref79
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref80
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref80
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref80
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref80
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref80
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref81
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref81
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref81
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref81
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref82
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref82
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref82
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref82
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref82
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref83
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref83
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref83
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref83
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref84
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref84
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref84
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref84
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref84
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref85
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref85
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref85
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref85
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref86
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref86
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref86
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref86
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref86
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref86
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref86
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref87
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref88
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref88
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref88
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref88
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref88
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref89
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref89
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref89
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref89
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref90
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref90
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref90
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref90
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref91
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref91
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref91
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref91
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref91
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref91
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref92
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref92
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref92
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref92
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref92
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref93
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref93
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref93
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref93
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref93
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref94
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref94


G. Muscogiuri et al. Heliyon 8 (2022) e10872
and cardiac computed tomographic data sets, J. Am. Soc. Echocardiogr. 33 (11)
(2020 Nov) 1306–1315. PubMed PMID: 32981791. Epub 2020/09/25. eng.

[95] H. Kawakami, L. Wright, M. Nolan, E.L. Potter, H. Yang, T.H. Marwick, Feasibility,
reproducibility, and clinical implications of the novel fully automated assessment
for global longitudinal strain, J. Am. Soc. Echocardiogr. 34 (2) (2021 02)
136–145, e2. PubMed PMID: 33293202. Epub 20201205. eng.

[96] M. Galderisi, B. Cosyns, T. Edvardsen, N. Cardim, V. Delgado, G. Di Salvo, et al.,
Standardization of adult transthoracic echocardiography reporting in agreement
with recent chamber quantification, diastolic function, and heart valve disease
recommendations: an expert consensus document of the European Association of
Cardiovascular Imaging, Eur. Heart J. Cardiovasc. Imaging 18 (12) (2017 Dec)
1301–1310. PubMed PMID: 29045589. eng.

[97] V. Kutyifa, A. Kloppe, W. Zareba, S.D. Solomon, S. McNitt, S. Polonsky, et al., The
influence of left ventricular ejection fraction on the effectiveness of cardiac
resynchronization therapy: MADIT-CRT (Multicenter Automatic Defibrillator
Implantation Trial with Cardiac Resynchronization Therapy), J. Am. Coll. Cardiol.
61 (9) (2013 Mar 05) 936–944. PubMed PMID: 23449428. eng.

[98] B.A. Kaufmann, S.Y. Min, K. Goetschalckx, A.M. Bernheim, P.T. Buser,
M.E. Pfisterer, et al., How reliable are left ventricular ejection fraction cut offs
assessed by echocardiography for clinical decision making in patients with heart
failure? Int. J. Cardiovasc. Imag. 29 (3) (2013 Mar) 581–588. PubMed PMID:
22965859. Epub 20120911. eng.

[99] K.T. Mills, J.D. Bundy, T.N. Kelly, J.E. Reed, P.M. Kearney, K. Reynolds, et al.,
Global disparities of hypertension prevalence and control: a systematic analysis of
population-based studies from 90 countries, Circulation 134 (6) (2016 Aug 09)
441–450. PubMed PMID: 27502908. Pubmed Central PMCID: PMC4979614. eng.

[100] L. Thomas, D. Muraru, B.A. Popescu, M. Sitges, M. Rosca, G. Pedrizzetti, et al.,
Evaluation of left atrial size and function: relevance for clinical practice, J. Am.
Soc. Echocardiogr. 33 (8) (2020 Aug) 934–952. PubMed PMID: 32762920. eng.

[101] M. Tadic, C. Sala, S. Carugo, G. Mancia, G. Grassi, C. Cuspidi, Myocardial strain
and left ventricular geometry: a meta-analysis of echocardiographic studies in
systemic hypertension, J. Hypertens. 39(11) (2021 06 14) 2297–2306. PubMed
PMID: 34128494. Epub 20210614. eng.

[102] Z. Akkus, Y.H. Aly, I.Z. Attia, F. Lopez-Jimenez, A.M. Arruda-Olson, P.A. Pellikka,
et al., Artificial intelligence (AI)-Empowered echocardiography interpretation: a
state-of-the-art review, J. Clin. Med. (7) (2021 Mar 30) 10. PubMed PMID:
33808513. Pubmed Central PMCID: PMC8037652. Epub 20210330. eng.

[103] J. Zhang, S. Gajjala, P. Agrawal, G.H. Tison, L.A. Hallock, L. Beussink-Nelson, et
al., Fully automated echocardiogram interpretation in clinical practice, Circulation
138 (16) (2018 10 16) 1623–1635. PubMed PMID: 30354459. Pubmed Central
PMCID: PMC6200386. eng.

[104] A. Madani, R. Arnaout, M. Mofrad, Fast and accurate view classification of
echocardiograms using deep learning, NPJ Digit Med. 1 (2018). PubMed PMID:
30828647. Pubmed Central PMCID: PMC6395045. Epub 20180321. eng.

[105] K. Kusunose, A. Haga, T. Abe, M. Sata, Utilization of artificial intelligence in
echocardiography, Circ. J. 83 (8) (2019 07 25) 1623–1629. PubMed PMID:
31257314. Epub 20190629. eng.

[106] A. Narang, V. Mor-Avi, A. Prado, V. Volpato, D. Prater, G. Tamborini, et al.,
Machine learning based automated dynamic quantification of left heart chamber
volumes, Eur. Heart J. Cardiovasc. Imaging 20 (5) (2019 May) 541–549. PubMed
PMID: 30304500. Pubmed Central PMCID: PMC6933871. eng.

[107] L. Yang, B. Georgescu, Y. Zheng, D.J. Foran, D. Comaniciu, A fast and accurate
tracking algorithm of left ventricles in 3D echocardiography, Proc. IEEE Int. Symp.
Biomed. Imaging 5 (2008 May 14) 221–224. PubMed PMID: 19936301. Pubmed
Central PMCID: PMC2779051. eng.

[108] V. Volpato, V. Mor-Avi, A. Narang, D. Prater, A. Gonçalves, G. Tamborini, et al.,
Automated, machine learning-based, 3D echocardiographic quantification of left
12
ventricular mass, Echocardiography 36 (2) (2019 02) 312–319. PubMed PMID:
30592791. Epub 2018/12/28. eng.

[109] D. Genovese, N. Rashedi, L. Weinert, A. Narang, K. Addetia, A.R. Patel, et al.,
Machine learning-based three-dimensional echocardiographic quantification of
right ventricular size and function: validation against cardiac magnetic resonance,
J. Am. Soc. Echocardiogr. 32 (8) (2019 08) 969–977. PubMed PMID: 31174940.
Epub 20190604. eng.

[110] V. Volpato, V. Mantegazza, G. Tamborini, M. Muratori, P. Gripari, D. Andreini, et
al., Diagnostic accuracy of transillumination in mitral valve prolapse: side-by-side
comparison of standard transthoracic three-dimensional echocardiography against
surgical findings, J. Am. Soc. Echocardiogr. 34 (1) (2021 01) 98–100. PubMed
PMID: 33036821. Epub 20201006. eng.

[111] D. Muraru, L.P. Badano, G. Piccoli, P. Gianfagna, L. Del Mestre, D. Ermacora, et al.,
Validation of a novel automated border-detection algorithm for rapid and accurate
quantitation of left ventricular volumes based on three-dimensional
echocardiography, Eur. J. Echocardiogr. 11 (4) (2010 May) 359–368. PubMed
PMID: 20042421. Epub 2009/12/30. eng.

[112] D. Muraru, A. Cecchetto, U. Cucchini, X. Zhou, R.M. Lang, G. Romeo, et al.,
Intervendor consistency and accuracy of left ventricular volume measurements
using three-dimensional echocardiography, J. Am. Soc. Echocardiogr. 31 (2)
(2018 02) 158–168, e1. PubMed PMID: 29229493. Epub 2017/12/08. eng.

[113] E. Gaillard, L. Kadem, M.A. Clavel, P. Pibarot, L.G. Durand, Optimization of
Doppler echocardiographic velocity measurements using an automatic contour
detection method, Ultrasound Med. Biol. 36 (9) (2010 Sep) 1513–1524. PubMed
PMID: 20800178. eng.

[114] B. Vennemann, D. Obrist, T. R€osgen, Automated diagnosis of heart valve
degradation using novelty detection algorithms and machine learning, PLoS One
14 (9) (2019), e0222983. PubMed PMID: 31557196. Pubmed Central PMCID:
PMC6762068. Epub 20190926. eng.

[115] M. Penso, M. Pepi, V. Mantegazza, C. Cefalù, M. Muratori, L. Fusini, et al., Machine
learning prediction models for mitral valve repairability and mitral regurgitation
recurrence in patients undergoing surgical mitral valve repair, Bioengineering 8
(9) (2021 Aug 25). PubMed PMID: 34562939. Pubmed Central PMCID:
PMC8469985. Epub 20210825. eng.

[116] A.F. Parisi, P.F. Moynihan, E.D. Folland, C.L. Feldman, Quantitative detection of
regional left ventricular contraction abnormalities by two-dimensional
echocardiography. II. Accuracy in coronary artery disease, Circulation 63 (4)
(1981 Apr) 761–767. PubMed PMID: 7471330. eng.

[117] K. Kimura, T. Kimura, M. Ishihara, Y. Nakagawa, K. Nakao, K. Miyauchi, et al., JCS
2018 guideline on diagnosis and treatment of acute coronary syndrome, Circ. J. 83
(5) (2019 04 25) 1085–1196. PubMed PMID: 30930428. Epub 20190329. eng.

[118] S. Sanchez-Martinez, N. Duchateau, T. Erdei, G. Kunszt, S. Aakhus, A. Degiovanni,
et al., Machine learning analysis of left ventricular function to characterize heart
failure with preserved ejection fraction, Circ. Cardiovasc. Imaging 11 (4) (2018
04), e007138. PubMed PMID: 29661795. eng.

[119] P.P. Sengupta, Y.M. Huang, M. Bansal, A. Ashrafi, M. Fisher, K. Shameer, et al.,
Cognitive machine-learning algorithm for cardiac imaging: a pilot study for
differentiating constrictive pericarditis from restrictive cardiomyopathy, Circ.
Cardiovasc. Imaging 9 (6) (2016 06). PubMed PMID: 27266599. Pubmed Central
PMCID: PMC5321667. eng.

[120] S. Narula, K. Shameer, A.M. Salem Omar, J.T. Dudley, P.P. Sengupta, Machine-
learning algorithms to automate morphological and functional assessments in 2D
echocardiography, J. Am. Coll. Cardiol. 68 (21) (2016 Nov) 2287–2295. PubMed
PMID: 27884247. eng.

[121] M. van Assen, S.J. Lee, C.N. De Cecco, Artificial intelligence from A to Z: from
neural network to legal framework, Eur. J. Radiol. 129 (2020 Aug), 109083.
PubMed PMID: 32526670. Epub 2020/06/12.

http://refhub.elsevier.com/S2405-8440(22)02160-0/sref94
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref94
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref94
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref95
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref95
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref95
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref95
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref95
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref96
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref96
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref96
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref96
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref96
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref96
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref96
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref97
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref97
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref97
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref97
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref97
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref97
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref98
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref98
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref98
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref98
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref98
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref98
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref99
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref99
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref99
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref99
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref99
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref100
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref100
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref100
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref100
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref101
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref101
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref101
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref101
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref101
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref102
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref102
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref102
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref102
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref103
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref103
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref103
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref103
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref103
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref104
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref104
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref104
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref105
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref105
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref105
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref105
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref106
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref106
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref106
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref106
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref106
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref107
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref107
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref107
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref107
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref107
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref108
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref108
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref108
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref108
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref108
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref109
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref109
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref109
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref109
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref109
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref109
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref110
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref110
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref110
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref110
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref110
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref110
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref111
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref111
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref111
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref111
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref111
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref111
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref112
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref112
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref112
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref112
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref112
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref113
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref113
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref113
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref113
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref113
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref114
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref114
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref114
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref114
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref114
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref115
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref115
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref115
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref115
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref115
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref116
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref116
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref116
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref116
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref116
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref117
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref117
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref117
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref117
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref118
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref118
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref118
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref118
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref119
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref119
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref119
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref119
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref119
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref120
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref120
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref120
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref120
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref120
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref121
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref121
http://refhub.elsevier.com/S2405-8440(22)02160-0/sref121

	Application of AI in cardiovascular multimodality imaging
	1. Introduction
	2. AI algorithms for cardiovascular imaging
	3. AI in cardiac computed tomography
	3.1. Calcium score
	3.2. Coronary stenosis
	3.3. Plaque analysis
	3.4. FFRct and myocardial perfusion

	4. AI in cardiac magnetic resonance
	4.1. Function
	4.2. Tissue characterization

	5. Artificial intelligence in echocardiography
	5.1. AI in image localization and segmentation
	5.2. AI in analysis of cardiac chambers’ size and function
	5.3. AI in assessment of valvular function
	5.4. AI in assessment of myocardial wall motion
	5.5. AI in assessment of cardiac disease
	5.6. Future perspective

	Declarations
	Author contribution statement
	Funding statement
	Data availability statement
	Declaration of interests statement
	Additional information

	References


