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ABSTRACT: Cardiovascular disease is the leading cause of mortality in Western countries and leads to a spectrum of complications that can

complicate patient management. The emergence of artificial intelligence (Al) has garnered significant interest in many industries, and the field of

cardiovascular imaging is no exception. Machine learning (ML) especially is showing significant promise in various diagnostic imaging modalities.

As conventional statistics are reaching their apex in computational capabilities, ML can explore new possibilities and unravel hidden relationships.

This will have a positive impact on diagnosis and prognosis for cardiovascular imaging. In this in-depth review, we highlight the role of Al and ML for

various cardiovascular imaging modalities.

INTRODUCTION

Revolutionary progress in cloud infrastructures, processing
capabilities in computers, and broadband technology has opened
new frontiers in information technology.' As a result, many of these
technological advances have trickled down into cardiovascular
imaging. Single photon emission computed tomography,

cardiac magnetic resonance imaging, and other technologies
have allowed us to capture more images with each respective
scan, leading to exponential growth in the complexity and sheer
size of data.>® While this may appear to be a significant step
forward in medicine, it actually creates a paradox: A surplus of
information at a physician's disposal can potentially be daunting,
counterproductive, and lead to profound ramifications in patient
management.* This is where artificial intelligence (Al) comes in.

From self-driving cars to voice recognition software such as
Siri or Alexa, Al has propelled significant developments in
technology and commercial industries.® Machine learning (ML),
a component of Al, will play a paramount role in cardiovascular
imaging in the years to come.® The algorithms produced in

ML can analyze and comprehend a vast expanse of imaging
data and lead to data-driven discoveries.” Furthermore,

they can efficiently automate a number of tasks and provide
additional insight to physicians.® By properly harnessing ML in
cardiovascular imaging, it can reduce the cost and improve the
quality of care. In this review, we discuss how Al can increase
the diagnostic and prognostic capabilities of cardiovascular
imaging and its potential to enhance patient care.

RELEVANCE OF MACHINE LEARNING
Conventional statistics currently play a paramount role in clinical

trials and studies. However, new data is arising from multiple
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sources—including wearable devices, smartphone apps, and
electronic medical records.! As data evolves in complexity,
magnitude, and dimension, it will exceed the threshold of
analysis by conventional statistics. Conversely, due to its data-
driven capabilities, the diagnostic performance of ML algorithms
will increase significantly with more data.® Unlike traditional
statistical approaches, ML can unravel hidden relationships
within the data.’® In addition, certain ML approaches can
operate independently and provide further insight regarding the
nature of the data.

One example of this kind of ML-inspired insight is in
cardiovascular imaging of coronary artery disease (CAD), the
leading cause of global mortality. Because CAD can trigger

a number of complications, there has been a progressive
increase in cardiovascular imaging to predict the occurrence
of underlying CAD." Nevertheless, many of these conditions
are heterogeneous in nature and can have varied presentations
depending on the type of imaging modality used.'”? A number
of factors could be responsible for these varied observations,
and prediction is not a strong suite of conventional statistics.” In
contrast, ML algorithms can identify unique patterns or groups
within large and heterogeneous data.® By identifying these
unique subtypes, it can lead to more effective therapies and
medical management.

TYPES OF MACHINE LEARNING

ML is an umbrella term encompassing a wide variety of
algorithms that can automatically learn and improve with
experience. Each of these algorithms has unique properties
and features (Figure 1),2 and the investigator must determine
which one is most appropriate for any initiative. ML algorithms
can be broadly subdivided into supervised, unsupervised,
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Figure 1.
Progression of machine learning.

semi-supervised, and reinforcement learning. Among these,
supervised and unsupervised learning are frequently used.

Supervised learning requires the dataset to have labels and
clearly defined outcomes for the algorithm to “learn,” whereas
unsupervised learning can operate independently and identify
relationships with minimal guidance and without predefined
datasets.?® Semi-supervised learning is a mix of supervised
and unsupervised learning and works with both labelled and
unlabeled datasets.® Reinforcement learning is less commonly
used and has yet to gain a significant foothold in cardiovascular
imaging.® This approach draws comparisons to human
psychology because it uses rewards criteria for the algorithm to
execute a desired function in a dataset.

RISE OF DEEP LEARNING

Deep learning (DL) is a type of ML that is programmed with
large artificial neural networks that mimic the workings of
the human brain.® From voice recognition software to self-
driving cars, it is gaining significant prominence in various
sectors of commercial industry and information technology.'®
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The architecture of DL is arranged in a series of layers, with
information passed from preceding and subsequent layers in

a dynamic manner. The algorithm learns by processing both
unstructured and unlabeled data and creating patterns to use

in decision making.* Convolutional neural networks (CNN) are
commonly used in DL for cardiovascular imaging and research.™
Simply speaking, CNN algorithms broadly encompass a
convolutional part, which can extract features and recognize
images, and a fully connected part, which can classify images.*

Transition of Machine Learning to Deep Learning

From an evolutionary standpoint, DL can be seen as the next
transition point for contemporary algorithms. Compared to other
ML algorithms, DL improves significantly with larger datasets,
giving it boundless potential for application in cardiovascular
imaging.'® Deep learning can analyze and learn from the data
and then make appropriate decisions,'® whereas traditional ML
still requires extensive guidance, and engineers may need to
step in at various points to help the algorithm function properly.
As stated earlier, DL processes information in layers to create

a neural network that is independently capable of executing
decisions.’® An excellent example is Google's AlphaGo DL
program, which was able to process information and defeat
renowned players in chess.'” Increasing integration of DL in
cardiovascular imaging can create clinical pipelines that can aid
in clinical diagnosis and medical management.'”

ROLE OF Al IN ECHOCARDIOGRAPHY

Echocardiography (echo) frequently serves as the first

line of diagnostic imaging and is indispensable in clinical
management.'® It is an inexpensive test that provides abundant
information regarding various pathologies. With the advent

of speckle tracking, echo provides an array of information
regarding myocardial function beyond conventional metrics
such as ejection fraction.'® This vast plethora of information
allows ML algorithms additional opportunities to analyze various
clinical entities.

Samad et al. used a random forest algorithm to predict all-
cause mortality in 171,510 patients. A random forest algorithm
uses a large number of uncorrelated decision trees that
operate together to form a prediction. Using echocardiographic
and clinical parameters in over 300,000 patients,?° this ML
algorithm was able to demonstrate a superior prediction

model (all AUC > 0.82) compared to clinical risk scores

(AUC = 0.69 to 0.79) and logistic regression models for all
survival intervals (P <.001). Khamis et al. used a supervised
learning ML algorithm to enable spatial-temporal extraction and
showed that apical two-chamber, four-chamber, and long-axis
images could achieve accuracies of 97%), 91%, and 97%),
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respectively.? In another study, Knackstedst et al. demonstrated
that ML algorithms could accurately compute ejection strain
and longitudinal strain.?? In addition to the superior speed,

ML algorithms were able to provide accurate values to visual
estimation and manual tracing. Narula et al. examined the

role of an ensemble algorithm for distinguishing hypertrophic
cardiomyopathy from an athlete's heart. Both volume and mid-
left ventricular segment were found to be the best predictors
for separating hypertrophic cardiomyopathy and athlete's
heart.?® Sengupta et al. used an associate memory classifier ML
algorithm for separating constrictive pericarditis from restrictive
cardiomyopathy. The diagnostic area under the curve (AUC)
was 89.2% and 96.2% with echocardiographic parameters and
63.7% for left ventricular strain.?*

Automation of echocardiographic measurements can alter and
greatly improve the clinical pipelines in various echo labs, saving
time, reducing costs, and enabling rapid reporting and greater
accuracy.” Medvedofsky et al. utilized an automated algorithm
to measure left atrial and ventricular volumes and ejection
fraction in 180 patients for 3-dimensional (3D) echo. Strong
correlations between manual and automated calculations were
observed (left ventricular end diastolic volume = 0.97, left

atrial volume = 0.96, and ejection fraction = 0.88).2° Similarly,
Tsang et al. assessed the role of an automated algorithm for

3D transthoracic echo evaluation of left ventricular, left atrial,
and ejection fraction?” and found solid correlations between
automated and manual (r = 0.89 to 0.96) and CMR (r=0.84 to
0.95).

A number of disease subtypes can be deciphered by various
ML architectures by examining different patterns within
pathologies.® In unsupervised ML, clustering is frequently
used for this purpose. In addition, a number of novel
algorithms can be used for this purpose. Casaclang-Verzosa
et al. used a topological data analysis (TDA) to discern patient
similarity for precise phenotypic recognition of left ventricular
responses during the natural course of aortic stenosis (AS).®
The TDA algorithm created a loop that uniquely grouped
patients with mild and severe AS (P <.0001) on the right and
left sides. Both components were connected by moderate
AS, with the upper arm showing patients with reduced
ejection fractions and the lower arm showing patients with
preserved ejection fractions (P <.001); these findings

were corroborated in mice (P <.001). Similarly, Todoki et

al. used an unsupervised learning approach by integrating
echocardiographic properties of left ventricular function and
structure to predict major adverse cardiac events (MACE) in
866 patients. A loop was created that subdivided patients
into four groups, and Kaplan Meier curves demonstrated
significant differences in MACE-related complications

and death (both P <.001). With the addition of network
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information to clinical risk predictors, there were substantial
improvements in net regression and median risk scores for
predicting MACE (P < .05).2°

ROLE OF Al IN COMPUTED TOMOGRAPHY

Computed tomography (CT) is a primary diagnostic modality
for a number of clinical entities.® It provides a comprehensive
description of entire coronary artery anatomy, from the presence
of plaques to stenosis.®® As CT angiography (CTA) is becoming
increasingly integrated into many diagnostic algorithms,

this further emphasizes the importance of ML algorithms.

By analyzing these vast troves of CTA data, ML can provide
additional insight that can aid in clinical practice.

Motwani et al. compared the role of an ML algorithm to predict
5-year mortality versus traditional cardiac metrics in CT for
10,030 patients with supposed CAD.®' Interestingly, the ML
algorithm showed a substantially higher AUC than CT severity
scores for 5-year all-cause mortality prediction. Santini et al.
used a CNN algorithm for classifying and segmenting lesions in
cardiac CT imaging and demonstrated a Pearson correlation of
0.983 after adequate training with various CT volumes.3?

Baskaran et al. used an ML algorithm for automatic
segmentation of cardiac structures on computed tomography
angiography.®® The overall Dice score was 0.932 and was
consistent across structures. In addition, the automatic
segmentation took an average of 440 seconds, far quicker than
manual or semi-automated segmentation. In addition, Baskaran
et al. used a DL algorithm for assessing cardiovascular
structures from CTA in 166 patients.®* The combined Dice
score was 0.9246, and the ML algorithm verified with manual
annotation for left ventricular volume (r = 0.98), right ventricular
volume (r = 0.97), left atrial volume (r = 0.78), and right atrial
volume (r = 0.97) with substantial statistical significance
(P<.05).

Han et al. explored the role of an ML algorithm for predicting
rapid coronary plaque progression in 1,083 patients with CTA
from the Progression of Atherosclerotic Plaque Determined by
Computed Tomographic Angiography Imaging (PARADIGM)
registry.®® The ML framework exhibited superior performance
for identifying patients with rapid coronary plaque progression
compared with conventional metrics and statistical models (area
under the receiver operating characteristic curve [ROC] in ML
model 3 was 0.83 [95% ClI, 0.78-0.89] versus 0.60 [0.52-0.67]
for atherosclerotic cardiovascular disease risk score and 0.74
[0.68-0.79] for the Duke coronary artery disease score). This
study, in particular, demonstrates the ability of ML algorithms

to offer new insights that are currently not possible with clinical
tools.
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ROLE OF Al IN NUCLEAR CARDIOLOGY

Single photon emission computed tomography (SPECT)
myocardial perfusion imaging (MPI) enables risk stratification in
cardiac imaging and is the hallmark test in nuclear cardiology.”
It encompasses a broad role in cardiovascular imaging by
providing vital information regarding ventricular function and
perfusion defects.®® ML algorithms can open new pathways

in nuclear cardiology for their ability to predict coronary artery
disease and cardiovascular complications.

Betancur et al. used a DL algorithm to predict CAD events with
MPI.5” The algorithm clearly showed a higher area under the
receiver-operating curve than total perfusion deficit (TPD) for
predicting CAD (per patient: 0.80 vs 0.78; per vessel: 0.76

vs 0.783: P<.01). The researchers also used a DL algorithm

to predict CAD occurrence with both semi-upright and supine
stress MPI relative to TPD.%® The area under the receiver-
operating curve for predicting disease per patient and per
vessel with an ML algorithm was superior (per patient: 0.81 vs
0.78; per vessel 0.77 vs 0.73; P<.001). Arsajani integrated
SPECT imaging with clinical information to predict CAD.* The
ROC curve for the ML approach was substantially superior to

TPD and two readers with considerable significance (P <.001).

Alonso et al. used a supervised ML algorithm to predict the
risk of cardiac death with adenosine myocardial perfusion
SPECT and clinical characteristics in 8,321 patients and 551
cases of cardiac death.*® The ML framework was substantially
better than logistic regression (AUC = 0.76; 14 features), and
demonstrated a higher discriminatory capacity (AUC = 0.83;
P <.0001; 49 features). Notably, many ML studies to date
have leveraged the data from databases while multivariable
logistic regression models—to which ML algorithms are often
compared—have more limited numbers of variables (eg, 49 vs
14 features in the Alonso study). Thus, future studies should
evaluate both approaches equally, using the same type and
number of features embedded in an ML framework as those
used in a logistic regression model.

ROLE OF Al IN CARDIAC MAGNETIC RESONANCE IMAGING

Cardiac magnetic resonance (CMR) imaging is heralded as
the benchmark for noninvasive depiction of ejection fraction
and ventricular volume.’® Furthermore, CMR facilitates tissue
characterization and provides excellent temporal and spatial
resolution.'”® As a result, CMR has become instrumental for
evaluating a number of pathological entities in cardiology. With
the implementation of ML algorithms, it can expand the existing
capabilities to greater heights.

Winther et al. found that DL for automatic segmentation of
the right and left ventricular endocardium and epicardium
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to evaluate cardiac mass and function parameters achieved
outcomes similar to human counterparts.*' In a similar fashion,
Tan et al. used DL for automatic segmentation of the left
ventricle in all short-axis slices in a publicly available datasets.*?
Surprisingly, they achieved a Jaccard index—which measures
the intersection and union of observed versus predicted
segmentation—of 0.77 in the left ventricular segmentation
challenge dataset and demonstrated a continuous ranked
probability score of 0.0124 with the Kaggle second annual data
science bowel. Leng et al. demonstrated superior DL-based left
ventricular contour identification with exceptional agreement
(r=.975) and fractional area changes (r =.959 to .971) with
manual tracing.*®

POTENTIAL OF Al IN BIG DATA

Big data continues to be a valuable means of providing
additional clinical insight and is frequently used to improve
patient care or aid in clinical guidelines (Table 1).#* Although
it plays an important role, many valuable findings may

go unrecognized due to the immense scope of captured
information and the uncertainty of how to handle it. Al can
have a profound impact in this regard since it can decipher

a number of key relationships and findings within troves of
information present. Zhang et al. demonstrated the potential
of a DL framework for automatic interpretation in 14,035
echocardiograms over a large time span.*® The algorithm
identified 96% parasternal long-axis views and facilitated
cardiac chamber segmentation. In a number of aspects, such
as the correlation of left atrial and ventricular volumes, the
automatic measurements outperformed manual measurements.
Hu et al. examined an ML algorithm for predicting coronary
revascularization following SPECT MPI in 1,980 patients.

Per vessel, the AUC for discriminating future coronary
revascularization by ML framework (AUC 0.79, 95% CI, 0.77-
0.80) was higher than regional stress TPD (0.71) or combined-
view stress TPD (AUC 0.71, 95% CI, 0.69-0.72; P<.001).
Similarly, for each patient, the AUC was superior to stress or
ischemic TPD (P <.001).%®

Al'Aref et al. used an ML model incorporating clinical
characteristics with calcium score to predict coronary artery
events in 35,281 patients from the CONFIRM registry.*¢ The AUC
for ML and coronary calcium was superior to Ml alone (0.881

vs 0.773, P<.005), coronary calcium (0.866), and updated
Diamond-Forrester score (.682). Han et al. evaluated ML-derived
prediction of all-cause mortality in 86,155 patients and found the
AUC (0.82) to be superior to the Framingham risk score, coronary
artery calcium score (0.74), and atherosclerotic cardiovascular
disease and coronary calcium score (0.72, P<.05).#’ In addition,
the ML algorithm performed better reclassification in low-to-
intermediate risk individuals (P < .001 for all).
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STUDY MACHINE LEARNING ALGORITHM TYPE OF IMAGING BRIEF STUDY DESCRIPTION

Samad et al. Supervised learning Echocardiography Utilizing clinical and echocardiographic
variables to predict complications

Khamis et al. ? Supervised learning Echocardiography To automatically detect correct views on
echocardiography
Knackstedt et al. 22 Machine learning Echocardiography To automatically calculate ejection fraction

and longitudinal strain

Casaclang-Verzosa et al. Unsupervised learning Echocardiography To detect unique phenotypes of aortic
stenosis
Todoki et al. @ Unsupervised learning Echocardiography Utilizing echocardiographic variables to

predict MACE complications

Motwani et al. ' Multiple machine learning Computed Tomography To estimate 5 year mortality in patients with
algorithms CAD

Santini et al. 3 Deep learning algorithm Computed Tomography To classify and segment lesions on CTA

Baskaran et al. 34 Machine learning algorithm Computed Tomography To perform automatic segmentation of

structures on CTA
Baskaran et al. 33 Deep learning algorithm Computed Tomography To identify CTA cardiovascular structures

Arasajani et al. Supervised learning algorithm Nuclear Cardiology Integrated echocardiographic and clinical
characteristics to predict CAD.

Betancur et al. 3® Deep learning Nuclear Cardiology To predict CAD and compare to TPD
Betancur et al. 37 Supervised learning Nuclear Cardiology To estimate the occurrence of MACE events
Winteretal. # Deep learning Magnetic Resonance Imaging To automatically calculate right and left

ventricular mass and volumes

Lengetal. 2 Deep learning Magnetic Resonance Imaging To identify ventricular contours and compare
with manual tracing

Table 1.

Description of an array of studies that have leveraged machine learning applications in echocardiography, computed tomography angiography, nuclear imaging,
and cardiac magnetic resonance imaging2>22262933437384143 CTA: computed tomography angiography; CAD: coronary artery disease; TPD: total perfusion deficit;
MACE: major adverse cardiac events

LIMITATIONS OF MACHINE LEARNING case. For any ML architecture to thrive, a number of criteria
must be achieved. Prior to analysis, all ML algorithms must

Although ML has a tremendous impact on clinical prediction, first undergo some form of training and a series of iterations

it is not without pitfalls.®* A common misconception is that Al prior to functioning effectively. Secondly, ML algorithms require

is “all knowing” or “ready from the get go,” but this is not the large datasets for training. It can be a tedious task for smaller
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STUDY

SAMPLE SIZE DESCRIPTION
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Zhangetal. 14,035
Al Aref et al.#6 35,821
Han et al.4’ 86,155
LH et al.>® 1,980
Table 2.

To perform automatic interpretation from echocardiography
To estimate the occurrence of CAD by using calcium score and clinical factors
To predict all-cause mortality with a number of variables and compare with other metrics

To predict coronary revascularization from SPECT MPI

Summary of studies that have evaluated machine learning algorithms for prediction or automated interpretation.*>#"=° SPECT: single photon emission
computed tomography; MPI: myocardial perfusion imaging; CAD: coronary artery disease

academic centers to obtain and/or organize these datasets,’
and there is significant cost associated in obtaining and training
ML algorithms. Furthermore, the findings of ML must be taken
with caution if applied to smaller datasets, as biases in any
given population upon which the ML algorithms were trained
may propagate unpredictably in de novo populations that have
not been seen by the ML.

The “black box" nature of Al—that is, the fact that Al computing
systems are not transparent to the user—is another important
aspect that needs to be considered.® Even with extensive and
careful programming, a number of unintentional biases can

be entered into any model, and this can lead to significant
ramifications in clinical care. As a result, clinical teams must
be actively involved in all stages of ML development to ensure
accurate and safe algorithms for medical care.

Finally, the role of Al in cardiovascular imaging must be
actionable. Limiting ML applications to segmentation of
structures may improve efficiency but does not leverage the vast
potential of ML to identify relationships that are as-yet unknown
using conventional approaches. Linking ML segmentation

of cardiovascular imaging with patient-centric outcomes

will likely maximize the potential for the integration of Al into
cardiovascular medicine.

THE PROMISE OF MACHINE LEARNING

In this current era of medicine, physicians are facing exorbitant
workplace demands and rigorous time constraints since there
are exceedingly high patient volumes in a number of clinical
institutions.*® In parallel, imaging modalities are becoming
increasingly complex and offering an excess of information. This
constant need to multitask and process multidimensional data
can potentially lead to inadvertent errors in medical judgement.®
In this regard, ML algorithms can serve as a valuable clinical
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decision support tool for physicians by automating a number of
tedious or tiring tasks and performing calculations.*® It can also
provide a number of suitable diagnostic options for physicians
while allowing them to focus more on the patient and medical
management (Table 2),45-47.50

Some may fear that Al and ML algorithms may replace physician
judgment altogether, but this is not likely in the foreseeable
future. In any ML output, the physician is still responsible for
evaluating the clinical relevance of the findings. In each patient
encounter, ML algorithms can assist physicians by integrating
information arising from multiple sources and analyzing this
data in real time.? This will allow them to deliver tailored medical
regimens designed according to each patient's specific

needs. In the near future, these algorithms will pave the way

for precision medicine, which assesses an individual's unique
disease characteristics rather than surrogate markers of
population-based risk.

Randomized controlled trials (RCTs) are the benchmark in clinical
research and frequently dictate guidelines,*° yet a number of
RCTs are never completed due to deficient power or incomplete
follow-up. In addition, RCTs may not appropriately enroll the
proper patient population for the study. These weaknesses can
hamper the overall findings of related RCTs and their relevance

to the general community. The integration of Al can potentially
improve the performance of RCTs by analyzing results of a trial
and providing investigators a glimpse of the outcomes.®° In turn,
this information could help investigators restructure their trials to
become more effective or to measure feasibility. These algorithms
can also potentially enhance the randomization process by
incorporating additional characteristics. The integration of Al in
clinical trials will be pivotal in patient care.

Clinical research is often rigid in nature and guided by
hypothesis-driven objectives. While this approach is the sine
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qua non of the scientific process, it can overwhelm even the
most competent clinical investigator due to the sheer amount
and dimension of collected data (eg, physical exam, laboratory
testing, imaging, patient-reported outcomes, etc.). Given our
limited ability to account for the depth and breadth of data

in large-scale studies that alter a single variable, Al can help
recognize and interpret critical patterns emerging from these
various data points.®' To maximize this potential, Al must be
introduced at earlier stages in a physician's career, such as
during medical school or residency training,* and precision
medicine must be simplified so it can be truly appreciated by the
medical community. Collaboration between medical societies,
organizations, and teaching institutions can result in task

forces and/or guidelines to achieve this purpose, thus allowing
physicians to tap the potential of Al and direct it towards clinical
care.

CONCLUSION

Al and ML algorithms will soon represent the critical

lynchpin connecting patient care and technology. They can
open new pathways in clinical care by extrapolating hidden
relationships and performing beyond conventional statistics.
Al has the potential to greatly expand the diagnostic and
prognostic capabilities in cardiovascular imaging and
augment patient care. But as with any new scientific
development, numerous financial, medical, and social hurdles
must be overcome to achieve widespread adoption of Al into
daily clinical care.

KEY POINTS

* Machine learning is a branch of artificial intelligence
that can be accomplished through supervised learning,
unsupervised learning, and semi-supervised learning.

* Applications of machine learning in cardiovascular
imaging include automated segmentation, diagnosis, and
prognostic risk stratification.

* Machine learning outputs must be carefully considered
for potential biases and non-generalizability, and machine
learning algorithms applied to clinical care must be
actively integrated into our traditional approaches to
improving patient outcomes.

Conflict of Interest Disclosure:
Dr. Min has an ownership interest in Cleerly and is on the medical advisory board
of Arineta and GE Healthcare.

Keywords:
artificial intelligence, machine learning, deep learning algorithms

JOURNAL.HOUSTONMETHODIST.ORG

REVIEW

REFERENCES

1. Seetharam K, Kagiyama N, Sengupta PP. Application of mobile health, tele-
medicine and artificial intelligence to echocardiography. Echo Res Pract.
2019 Jun 1;6(2):R41-R52.

2. Al'ArefSJ, AnchoucheK, Singh G, et al. Clinical applications of machine learn-
ing in cardiovascular disease and its relevance to cardiac imaging. 2019 Jun
21;40(24):1975-86.

3. Seetharam K, Shrestha S, Sengupta PP. Artificial Intelligence in Car-
diovascular Medicine. Curr Treat Options Cardiovasc Med. 2019 May
14;21(6):25.

4. Seetharam K, Shrestha S, Sengupta PP. Artificial Intelligence in Cardiac
Imaging. US Cardiology Review. 2019 Nov;13(2):110-6.

5. Johnson KW, Torres Soto J, Glicksberg BS, et al. Artificial Intelligence in Car-
diology. J Am Coll Cardiol. 2018 Jun 12;71(23):2668-79.

6. Al'Aref SJ, Min JK. Cardiac CT: current practice and emerging applications.
Heart. 2019 Oct;105(20):1597-605.

7. Seetharam K, Shrestha S, Mills JD, Sengupta PP. Artificial Intelligence in
Nuclear Cardiology: Adding Value to Prognostication. Current Cardiovas-
cular Imaging Reports. 2019 May 1;12(5).D0I:10.1007/s12410-019-
9490-8.

8. Sengupta PP, Adjeroh DA. Will Artificial Intelligence Replace the Human
Echocardiographer? Circulation. 2018 Oct 16;138(16):1639-42.

9. Shameer K, Johnson KW, Glicksberg BS, Dudley JT, Sengupta PP. Machine
learning in cardiovascular medicine: are we there yet? Heart. 2018 Jul;
104(14):1156-64.

10. Krittanawong C, Zhang H, Wang Z, Aydar M, Kitai T. Artificial Intelligence
in Precision Cardiovascular Medicine. J Am Coll Cardiol. 2017 May 30;
69(21):2657-64.

11. Benjamin EJ, Virani SS, Callaway CW, et al. Heart Disease and Stroke Statis-
tics-2018 Update: A Report From the American Heart Association. Circula-
tion. 2018 Mar 20;137(12):e67-e492.

12. Shrestha S, Sengupta PP. The Mechanics of Machine Learning: From a Con-
cept to Value. J Am Soc Echocardiogr. 2018 Dec;31(12):1285-7.

13. Krittanawong C, Johnson KW, Rosenson RS, et al. Deep learning for car-
diovascular medicine: a practical primer. Eur Heart J. 2019 Jul 1;40(25):
2058-73.

14. Bizopoulos P, Koutsouris D. Deep Learning in Cardiology. IEEE Rev Biomed
Eng.2019;12:168-93.

269



REVIEW

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

270

Seetharam K, Sengupta PP, Bianco CM. Cardiac mechanics in heart failure
with preserved ejection fraction. Echocardiography. 2020 Jun 28.

Seetharam K, Raina S, Sengupta PP. The Role of Artificial Intelligence in
Echocardiography. Curr Cardiol Rep. 2020 Jul 30;22(9):99.

Min JK. Chess and Coronary Artery Ischemia: Clinical Implications of
Machine-Learning Applications. Circ Cardiovasc Imaging. 2018 Jun;11(6):
e007943.

Kulina R, Seetharam K, Agarwal S, et al. Beamforming algorithms for endo-
cardial border detection. Echocardiography. 2018 Oct;35(10):1499-506.

Seetharam K, Lerakis S. Cardiac magnetic resonance imaging: the future is
bright. F1I000Res. 2019 Sep 13;8:F1000 Faculty Rev-1636.

Samad MD, Ulloa A, Wehner GJ, et al. Predicting Survival From Large
Echocardiography and Electronic Health Record Datasets: Optimiza-
tion With Machine Learning. JACC Cardiovasc Imaging. 2019 Apr;12(4):
681-9.

Khamis H, Zurakhov G, Azar V, Raz A, Friedman Z, Adam D. Automatic apical
view classification of echocardiograms using a discriminative learning dic-
tionary. Med Image Anal. 2017 Feb;36:15-21.

Knackstedt C, Bekkers SC, Schummers G, et al. Fully Automated Versus
Standard Tracking of Left Ventricular Ejection Fraction and Longitudi-
nal Strain: The FAST-EFs Multicenter Study. J Am Coll Cardiol. 2015 Sep
29;66(13):1456-66.

Narula S, Shameer K, Salem Omar AM, Dudley JT, Sengupta PP
Machine-Learning Algorithms to Automate Morphological and Func-
tional Assessments in 2D Echocardiography. J Am Coll Cardiol. 2016 Nov
29;68(21):2287-95.

Sengupta PP, Huang YM, Bansal M, et al. Cognitive Machine-Learning Algo-
rithm for Cardiac Imaging: A Pilot Study for Differentiating Constrictive
Pericarditis From Restrictive Cardiomyopathy. Circ Cardiovasc Imaging.
2016 Jun;9(6):e004330.

Nolan MT, Thavendiranathan P. Automated Quantification in Echocardiogra-
phy. JACC Cardiovasc Imaging. 2019 Jun;12(6):1073-92.

Medvedofsky D, Mor-Avi V, Amzulescu M, et al. Three-dimensional echocar-
diographic quantification of the left-heart chambers using an automated
adaptive analytics algorithm: multicentre validation study. Eur Heart J Car-
diovasc Imaging. 2018 Jan 1;19(1):47-58.

TsangW, Salgo IS, Medvedofsky D, et al. Transthoracic 3D Echocardiographic
Left Heart Chamber Quantification Using an Automated Adaptive Analytics
Algorithm. JACC Cardiovasc Imaging. 2016 Jul;9(7):769-82.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

METHODIST DEBAKEY CARDIOVASCJ | 16(4) 2020

Casaclang-Verzosa G, Shrestha S, Khalil MJ, et al. Network Tomography for
Understanding Phenotypic Presentations in Aortic Stenosis. JACC Cardio-
vasc Imaging. 2019 Feb;12(2):236-48.

Tokodi M, Shrestha S, Bianco C, et al. Interpatient Similarities in Cardiac
Function: A Platform for Personalized Cardiovascular Medicine. JACC Car-
diovasc Imaging. 2020 May;13(5):1119-32.

Levsky JM, Haramati LB, Spevack DM, et al. Coronary Computed Tomogra-
phy Angiography Versus Stress Echocardiography in Acute Chest Pain: A
Randomized Controlled Trial. JACC Cardiovasc Imaging. 2018 Sep;11(9):
1288-97.

Motwani M, Dey D, Berman DS, et al. Machine learning for prediction of
all-cause mortality in patients with suspected coronary artery disease: a
5-year multicentre prospective registry analysis. Eur Heart J. 2017 Feb
14;38(7):500-7.

Santini G, DellaLattaD, MartiniN, etal. Anautomatic deep learning approach
for coronary artery calcium segmentation. In: Eskola H, Véisénen O, Viik J,
Hyttinen J, editors. EMBEC & NBC 2017. EMBEC 2017,NBC 2017. IFMBE
Proceedings, vol 65. Singapore: Springer; c2017.p.374-7.

Baskaran L, Maliakal G, Singh G, et al. Automatic Segmentation of Cardio-
vascular Structures Imaged on Cardiac Computed Tomography Angiography
using Deep Learning. J Cardiovasc Comput Tomogr. 2019;13:S9.

Baskaran L, Maliakal G, Al'Aref SJ, et al. Identification and Quantifica-
tion of Cardiovascular Structures From CCTA: An End-to-End, Rapid,
Pixel-Wise, Deep-Learning Method. JACC Cardiovasc Imaging. 2020
May;13(5):1163-71.

Han D, Kolli KK, Al'Aref SJ, et al. Machine Learning Framework to Iden-
tify Individuals at Risk of Rapid Progression of Coronary Atherosclero-
sis: From the PARADIGM Registry. J Am Heart Assoc. 2020 Mar 3;9(5):
e013958.

Hachamovitch R, Hayes SW, Friedman JD, Cohen |, Berman DS. Stress myo-
cardial perfusion single-photon emission computed tomography is clinically
effective and cost effective inrisk stratification of patients with a high like-
lihood of coronary artery disease (CAD) but no known CAD. J Am Coll Cardiol.
2004 Jan 21;43(2):200-8.

Betancur J, Commandeur F, Motlagh M, et al. Deep Learning for Prediction of
Obstructive Disease From Fast Myocardial Perfusion SPECT: A Multicenter
Study. JACC Cardiovasc Imaging. 2018 Nov;11(11):1654-63.

Betancur J, Hu LH, Commandeur F, et al. Deep Learning Analysis of
Upright-Supine High-Efficiency SPECT Myocardial Perfusion Imaging for
Prediction of Obstructive Coronary Artery Disease: A Multicenter Study. J
Nucl Med. 2019 May;60(5):664-70.

JOURNAL.HOUSTONMETHODIST.ORG



METHODIST DEBAKEY CARDIOVASC J |

39.

40.

41.

42.

43.

44,

45.

46.

16 (4) 2020

Arsanjani R, Xu Y, Dey D, et al. Improved accuracy of myocardial perfusion
SPECT for detection of coronary artery disease by machine learning in a
large population. J Nucl Cardiol. 2013 Aug;20(4):553-6 2.

Haro Alonso D, Wernick MN, Yang Y, Germano G, Berman DS, Slomka P. Pre-
diction of cardiac death after adenosine myocardial perfusion SPECT based
onmachine learning. J Nucl Cardiol. 2019 Oct;26(5):1746-54.

Winther HB, Hundt C, Schmidt B, et al. v-net: Deep Learning for Generalized
Biventricular Mass and Function Parameters Using Multicenter Cardiac MRI
Data. JACC Cardiovasc Imaging. 2018 Jul;11(7):1036-8.

Tan LK, McLaughlin RA, Lim E, Abdul Aziz YF, Liew YM. Fully automated
segmentation of the left ventricle in cine cardiac MRI using neural network
regression. J Magn Reson Imaging. 2018 Jul;48(1):140-52.

LengS, Yang X, Zhao X, et al. Computational Platform Based on Deep Learn-
ing for Segmenting Ventricular Endocardium in Long-axis Cardiac MR Imag-
ing. Conf Proc IEEE Eng Med Biol Soc. 2018 Ju;2018:4500-3.

Schoenhagen P, Mehta N. Big data, smart computer systems, and doctor-pa-
tient relationship. Eur Heart J. 2017 Feb 14;38(7):508-10.

Zhang J, Gajjala S, Agrawal P, et al. Fully Automated Echocardiogram Inter-
pretation in Clinical Practice. Circulation. 2018 Oct 16;138(16):1623-35.

Al'Aref SJ, Maliakal G, Singh G, et al. Machine learning of clinical variables
and coronary artery calcium scoring for the prediction of obstructive coro-
nary artery disease on coronary computed tomography angiography: analy-
sis from the CONFIRM registry. Eur Heart J. 2020 Jan 14;41(3):359-67.

JOURNAL.HOUSTONMETHODIST.ORG

47.

48.

49.

50.

51.

52.

REVIEW

Han D, Beecy A, Anchouche K, et al. Risk Reclassification With Coronary
Computed Tomography Angiography-Visualized Nonobstructive Coro-
nary Artery Disease According to 2018 American College of Cardiology/
American Heart Association Cholesterol Guidelines (from the Coronary
Computed Tomography Angiography Evaluation for Clinical Outcomes : An
International Multicenter Registry [CONFIRM]). Am J Cardiol. 2019 Nov
1;124(9):1397-1405.

Seetharam K, Kagiyama N, Shrestha S, Sengupta P. Clinical Inference From
Cardiovascular Imaging: Paradigm Shift Towards Machine-Based Intelligent
Platform. Curr Treat Options Cardiovasc Med. 2020 Feb 20;22(8).

Shrestha S, Sengupta PP. Imaging Heart Failure With Artificial Intelligence:
Improving the Realism of Synthetic Wisdom. Circ Cardiovasc Imaging. 2018
Apr;11(4):.e007723.

Hu LH, Betancur J, Sharir T, et al. Machine learning predicts per-vessel early
coronary revascularization after fast myocardial perfusion SPECT: results
from multicentre REFINE SPECT registry. Eur Heart J Cardiovasc Imaging.
2020 May 1;21(5):549-59.

Krittanawong C, Johnson KW, Tang WW. How artificial intelligence could
redefine clinical trials in cardiovascular medicine: lessons learned from

oncology. Per Med. 2019 Mar;16(2):83-8.

Sengupta PP, Shrestha S. Machine Learning for Data-Driven Discovery: The
Rise and Relevance. JACC Cardiovasc Imaging. 2019 Apr;12(4):690-2.

271



