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Artificial Intelligence in cardiovascular medical imaging
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Abstract: Artificial Intelligence (Al) has become an important tool for computer-aided diagnosis of medical imaging. This

review aims to provide an overview for clinicians, explaining the relevant aspects of artificial intelligence and machine

learning (ML) and presenting up-to-date applications of Al and ML techniques to medical imaging methods such as

angiography, magnetic resonance, and echocardiography.

For each imaging method, we present the acquisition process, the types of diagnostic test interpretation, and the

challenges related to them, as well as how Al/ML techniques, have improved the process of decision making.

A summary of selected works applying Al/ML techniques to medical imaging is organized into a table, which highlights
the scope of the study, the dataset used, the details of each approach as well as the measured results, including objectives

and criteria. The overall benefits of Al in medical imaging are extracted based on the diverse applications and high

evaluation scores. In the end, cardiologists should have an advanced understanding of using Al to integrate clinical data

and making the final decision in diagnosis.
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INTRODUCTION

The application of Al algorithms to a data set has the usual
initial steps of developing the algorithm's ability to "learn"
based on the training data and to apply the knowledge
gained in making predictions. The “learning phase” of an
algorithm consists of an incremental optimization of the
model parameters with which it is configured, so that
performance on a given training objective (e.g. classification

1 Carol Davila University Central Emergency Military Hospital
Bucharest, Romania

2 Faculty of Automatic Control and Computers,“Politehnica”
University of Bucharest, Romania

3 “Carol Davila” University of Medicine and Pharmacy, Bucharest,
Romania

4 University of Illinois Chicago, USA

of the most likely diagnosis, regression of numerical value of
a health parameter) increases.

Machine Learning is a methodology used to recognize such
patterns; the applicability of this can be extended very well
in the context of medical imaging. Usually, this technique
starts with the use of an ML-based system that determines
those characteristics of the images that are considered to be
important in making the prediction or diagnosis. As a result,
the system identifies the best combination of these
characteristics for the image classification and computes
statistical data for the different regions identified.

The last decade demonstrates the huge potential of machine
learning techniques in many domains along with the
development of the graphical processing units (CPU/GPU),
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the availability of big data, and the growth of the learning
algorithm efficiency [1].

Figure 1 shows the principal categorization of ML algorithms
according to their main functionality. One can distinguish
between Supervised Machine Learning (i.e. having an expert
provide the so-called ground truth - the correct class or value
- for each example in a dataset) and Unsupervised Machine
Learning, where the objective is to find interesting patterns
and frequent associations between examples in a dataset,
without any human supervision (e.g. finding an automatic

grouping of diseases by the similarity of symptoms).

Medical imaging applications mostly belong to the
supervised ML category, because the correct interpretation
(e.g. diagnosis, the classification of severity of a disease) of
the result is provided by the medical experts who have
analyzed it.

In the past decades, there was substantial growth in the
healthcare applications one example is the deep learning
algorithm that proved to have an outstanding accuracy in
diabetic retinopathy identification [2].

Figure 1: Grouping the different types of machine learning algorithms according to the type of learning [3]
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Yang et al [4] demonstrated the importance of Al about big
data and parallel programming in medicine, especially in the
field of cardiac imaging.

These last decades have also demonstrated the importance
of medical imaging in the detection, diagnosis, and
treatment of various conditions. In clinical applications,
medical imaging is largely performed by a group of experts,
such as cardiologists, radiologists, endocrinologists, and so
on [5]. In this regard, the computer-assisted analysis enables
a better interpretation of the medical image database
available. Regarding the decoding of the parameters
highlighted by the medical images, it is worth noticing the
recent advances in deep learning techniques, which
in the
classification, and quantification of medical conditions
and/or health parameters based on input from different
medical imaging techniques [6].

represent a considerable leap identification,

ARTIFICIAL INTELLIGENCE IN ECHOCARDIOGRAPHY

In the world of multimodal imaging in cardiology,
echocardiography remains crucial for the diagnosis and
management of patients with cardiovascular disease [7]. The
advantages of the ultrasound of the heart compared to other
imaging tools are low price, portability, the possibility of
being repeated, short examination time, and the fact that
the administration of contrast medium is unnecessary.

However, errors in echocardiography quantification and

Unsupervised machine learning |
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conflict in the interpretation of echo images are frequent in

everyday clinical practice.

Although it remains the main imagining modality used in
cardiology, echocardiography has several shortcomings that
can be improved. The echo machines have developed
intensively during the last year (leading to accurate 2D and
Doppler imaging and new technologies like tissue Doppler,
speckle tracking, or 3D echocardiography). However, one of
the main limitations of this method is high operator
dependence. The learning curve in echocardiography is very
steep and the knowledge, the experience, and sometimes
even the mood of the echocardiographer are very important
for the exam interpretation. For example, left ventricle
ejection fraction is a crucial parameter for patient
management but has a high inter- and intraobserver
variability. Therefore, the result given by one observer can
be different compared to another one or, even more, the
same observer can give different interpretations when the
reading is repeated. The purpose of Al is to overcome these
issues.

Another important role of Al in this field is to solve the
problem of a mismatch between the high number of
echocardiography required in clinical practice and the
number of cardiologists/echocardiographers available to
interpret the studies. Moreover, a large volume of already
routine

acquired data is under-utilized during a
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echocardiogram and Al offers the possibility to interpret
multiple datasets in a very short time [8].

The purpose of artificial intelligence in echocardiography is
to detect the
echocardiographic criteria [9, 10]. Al can be used in the
image-acquisition process as well and helps people with

disease based on some specific

limited echocardiography training to obtain standard views
by anatomic guidance.

Although the implication of Al in echocardiography is still
less important compared to other imaging modalities, there
are many examples of applications already being used.

Software algorithms are capable of correct identification of
the ultrasound modality (2D, pulse wave Doppler or
continuous wave Doppler) or the view (four-, two- or three-
chamber view) [11]. Moreover, the identification of
structures and even the quantification of some related
parameters based on border detection are also possible.
One of the first applications of Al in echocardiography was
the assessment of left ventricular volumes and function
initially based on 2D and subsequently on 3D [12]. Based on
3D echocardiography, the correct identification of the heart
chamber borders offers results comparable to those
measured by cardiac magnetic resonance (left ventricle
volumes and function [13], right ventricle volumes, and
function [14]. The new software can compute the chamber
volumes not only at a maximum or minimum level but also
dynamically through the cardiac cycle [15]. Some models for
the automated diagnosis of regional wall motion
abnormalities and myocardial infarction using deep learning
algorithms are still developing [16].

Al is already aiding in valvular heart disease; there is
automated software that offers the assessment of mitral
[17] or aortic valve.

Some applications can already differentiate, with high
sensitivity, between some pathological conditions that need
an experienced human examination: left ventricular
hypertrophy in athletic population vs. in hypertrophic
cardiomyopathy [18], constrictive pericarditis vs. restrictive

cardiomyopathy [19].

Al can change the way we read echocardiograms. Normally
the interpretation of an echocardiogram is based on
consecutive views analysis. For example, in aortic stenosis
grading, the observer has to integrate information from
multiple non-consecutive views (annulus diameter from the
parasternal long axis, continuous wave and pulse wave
Doppler data from apical 5 chamber or right parasternal). Al
allows the classification of these images and the analysis of
the ones related to aortic stenosis grading although they

have not been acquired consecutively. Therefore, in the
future, the reading of an echocardiogram will be based on
the chamber or valve analysis in multiple views and not on
the interpretation of consecutively acquired views.

A very important aspect is that using artificial intelligence in
echocardiography can modify our understanding regarding
the echocardiographic data. Our knowledge of echo
interpretation is based on clinical trials that have included a
target population. However, this population may not always
be representative of the entire population. The large amount
of data obtained by including artificial intelligence and
machine learning in echocardiography can change our
classifications, cut-offs, and interpretation of these data. For
example, a recent study based on the NEDA registry
(Australian New Zealand Clinical Trials registry) showed that
patients with moderate aortic stenosis have similarly high
rates of mortality compared to patients with severe aortic
stenosis and, likely, we’ll need to reevaluate our current data
regarding the indications for intervention in aortic stenosis
[20].

Therefore, in echocardiography, Al offers the possibility to
interpret data from the real world and not from selected
patients included in clinical trials and probably a better
understanding of the diseases.

Recently, machine learning and deep learning have become
the main direction of development in echocardiography,
which is proved by the number of publications in PubMed
[21]. The possible impact of artificial intelligence on
echocardiography is impressive but for now, the human
mind is still far too complex compared to Al [22].

Although we all dream of an automated program for
echocardiogram interpretation, there is still a long journey
ahead. Thus, cardiologists should have advanced knowledge
and the capability to use artificial intelligence as extended
intelligence.

ARTIFICIAL  INTELLIGENCE
RESONANCE IMAGING

IN CARDIAC MAGNETIC

There is a concern among radiologists and medical students
that Al will replace the radiologist. This is not likely to be the
natural evolution, but radiologists who use artificial
intelligence will replace those who do not or do not think
they can use it.

The modern principles of medical imaging are based on the
most efficient use of the techniques that bring the maximum
amount of information in the shortest time possible, starting
from the moment of clinical suspicion. This aspect makes it
necessary for the clinician to know the value and the limits
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of each type of sectional imaging exploration, to optimize
the indications of the examinations. Cardiac MRI has a very
wide range of clinical applications and has been included in
the guidelines for the assessment of congenital heart
disease, heart tumors, pericardial disease, cardiac
ventricular dysplasia, or myocardial ischemia - hibernating
myocardium [23]. Other indications such as the evaluation
of myocardial perfusion, ventricular or valvular function can
be accurately evaluated by MRI, but compete with other
imaging modalities, such as single-photon emission
computed tomography (SPECT) and echocardiography, more

commonly used in outpatient settings.

The major advantages of MRI are the absence of ionizing
radiation and the very strong contrast and temporal
resolutions (as opposed to CT, where the spatial resolution
is very high [27]. Cardiac MRI provides a wealth of
morphological and functional information about the heart.
In some practices, the evaluation of the heart MRI requires
a long global time, so the tendency is to standardize and
reduce the time required for the exploration, but also for the
analysis of the images obtained, by using the FAST MRI type
techniques. To optimize these protocols for analyzing the
data obtained from the scanning of the heart, Al techniques
have been developed and used in clinical practice.

They are based on automatic machine learning techniques
to enhance the ability to analyze images and data obtained
by MRI scanning. The results are remarkable both in the
optimization of scanning techniques and protocols, as well
as in the analysis and integration of data and results. In an
impressive achievement, the introduction of Al and the
optimization through the machine learning algorithm can
increase the speed of interpretation of the images obtained
by cardiac MRI from an average of 13 minutes to about 4
seconds [24].

Cardiac MRI can establish the most appropriate plan for

cardiac surgical planning, implantation of cardiac
defibrillators, and assessment of cardiac toxicity in patients
with oncological pathology. These decisions are based on the

accuracy measurements made by MRI.

Multiple studies performed on significantly large numbers of
patients have used the information to develop machine
learning protocols [25]. These are based on neural network
learning. For the time being, it is still necessary to validate
the superiority of the efficient application of these Al-type
protocols over the aspect of the presently considered
examinations. At this moment, the cardiac MRI examinations
intend to use a large database which, after a standardized
examination and by using a minimum of subsequent
maneuvers, the results will be offered in the form of

measurements made automatically by the computer
capable of filling an MRI result with multiple preformed
fields. Also included in this result with preformed fields, the
neural network algorithm also offers the diagnostic
suspicions based on which differential diagnoses can be
issued. The vision of those who work and create this
advanced analysis and diagnostic software is to increase the
speed of examination without sacrificing the accuracy and

precision of interpretation.

The use of artificial intelligence is used to solve the following
problems and challenges - the small number of radiologists,
the long time required for each examination, the insufficient
use of radiological equipment without corresponding
efficiency [26].

Traditionally, CT and ultrasound are the most frequent
techniques used for cardiac imaging examinations. However,
MRI can occupy a very important place due to the very
important contrast of tissue structures without ionizing
radiation.

One of the major disadvantages of cardiac MRI is that the
examination lasts for about an hour. For example, an existing
software solution, called Heat Vista (available in the US),
reduces the examination for suspected cardiac ischemia
from 90 minutes to 15 minutes, and the solution is applied
to existing equipment. The software recommends the
protocol for about 10 seconds. All these technological
advances also eliminate the need to examine through
sequences with blocked breathing. This progress is achieved
through sequences that recognize and detect artifacts and
alert the technician if the sequence needs to be redone [28].

Another challenge is MRI examinations for patients with
cardiac and vascular implants of various types of devices. It
is necessary to adapt these protocols to the particular
aspects of each patient and this aspect can be efficiently
optimized by Al protocols depending on the type of implant
and the manufacturer that produced them. Considering all
the above, cardiac imaging and especially cardiac MRI will
benefit from the integration of various Al solutions.

ARTIFICIAL INTELLIGENCE IN CARDIAC ANGIOGRAPHY

X-ray angiography is a medical imaging technique dedicated
to the diagnosis and even treatment of vascular diseases. An
angiography is obtained using an X-ray source and a detector
located on both ends of a C-arm gantry. The imaging
apparatus provides temporal images series for several
seconds.
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There are three types of angiograms: (i) monoplane
angiography, which is the most common method and utilizes
the single view principle, (ii) biplane angiography, which uses
two C-arm systems for simultaneous acquiring of two
different projections, and finally, (iii) rotational angiography,
which can give the most accurate three-dimensional scenes
by making a complete rotation around the patient.

In [33], the angiography and myocardial perfusion imaging
are acquired from the same patient and used as training data
on an artificial neural network (ANN) for an automatic
prediction of obstructive disease. In [34], the coronary
angiography is acquired within 60 days of myocardial
perfusion SPECT for patients with stable coronary artery
disease from a Japanese hospital. The purpose of ANN was
to detect the coronary arteries responsible for the patients’
cardiac ischemia. The algorithm accuracy to diagnose the
culprit artery was similar to that of a medical expert.

Opportunities for Al applications at the peri-intervention

stage are presented in [35] where diverse clinical

investigations such as angiography, EKG, biomarkers are
reunited for diagnosing STEMI patients. Some applications of
machine learning techniques in angiography and other
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CONCLUSIONS

The next challenge will be moving from focusing on
technique and image analysis to tasks dedicated to
physicians in the context of automation of other tasks. This
may increase the time efficiency of the medical procedures,
job satisfaction, better communication between patient-
physician, and improvement of healthcare equality. Al-based
solutions will contribute to fighting modern days’ challenges,
such as the decreasing number of skilled radiologists, leak of
medical equipment used, and time-consuming diagnoses.

The final decision after integrating clinical data belongs to
cardiologists. The role of artificial intelligence is not to
replace humans but to make their work more accurate, fast,
and efficient.
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