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Applications of Convolutional Neural Networks in different types of diagnostic imaging methods in cardiology. AF: Atrial Fibrilation; CAD: Coronary
artery disease; CT: Computed Tomography; ECO: Echocardiography; HCM: Hypertrophic Cardiomyopathy; IAC: Interatrial Communication;
MRI: Magnetic Imaging Resonance; OCT: Optical Coherence Tomography; PAH: Pulmonary Arterial Hypertension; PDA: Patent Ductus Arteriosus;
SPECT-MPI: Single Photon Emission Computed Tomography — Myocardial Perfusion Imaging.

by means of interconnected artificial neurons that propagate
information from raw layers to refined layers, sometimes of a
weighted nature, weaving in the classification or identification
of non-linear patterns. The Convolutional Neural Network
(CNN) is a specialized deep learning architecture designed to
extract and analyze spatial patterns within images, enabling
applications in diagnostic decision-making and longitudinal

Abstract

Neural networks are computer models that mimic the
workings of the human brain, learning from large volumes
of data to perform increasingly complex tasks. This is done
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clinical monitoring. Its use in Computed Tomography
and Magnetic Resonance Imaging through cardiac image
segmentation makes it possible to quickly and efficiently
define cardiac structures, playing an important role in the
reconstruction of three-dimensional images and in supporting
preoperative procedures. In addition, compared to other forms
of conventional analysis, it guarantees objective interpretations
and superior image quality, based on the removal of artifacts
from the studied segment. Echocardiograms have shown
good results in identifying pathologies such as pulmonary
hypertension, amyloidosis, hypertrophic cardiomyopathy
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and congenital diseases, and studies on the automation
of these exams have shown an opening for what could be
a dissemination framework in more remote areas where
manual operators are not available. Consequently, CNN-based
approaches have the potential to streamline cardiovascular
imaging workflows, minimize inter-observer variability, and
expand diagnostic capabilities to underserved and remote
regions with limited access to specialized care.

Introduction

The human nervous system is one of the most efficient
ways of capturing and interpreting data, reflecting the stimuli
and experiences to which the body is subjected throughout
life.m According to the phenomenon of neuroplasticity, all
these interactions dictate brain modifications, being adapted
for decision-making and allowing pre-existing knowledge
to be learned and act as a basis for the creation of new
information circuits.?

Neural networks have emerged as artificial models that
try to recover this processing quickly and effectively in order
to solve the problems raised, becoming important tools in
the dynamic field of artificial intelligence (Al).3 In order to
overcome this challenge, networks are trained to identify
recognition patterns from thousands or millions of examples,
making it possible to build the system’s own learning.* This
happens through what is called “input”, i.e. any new concept
that is inserted into the ordering. The set of inputs generates a
response, the “output”, which can be influenced in a weighted
way, always taking a reference standard as its essence.’

This can be exemplified simply: in the assessment of
a patient with suspected atrial fibrillation (AF), when an
electrocardiogram is requested for investigation, each voltage
in the tracing can take on the role of an input neuron, which
can continue to influence the cascade and serve as a new
input for the next neuron, solidifying the final response.® Thus,
if the diagnosis is AF when there is no corresponding tracing,
the weights that led to that result are reduced. On the other
hand, if there is a match, they are strengthened and reused
in subsequent analyses.” In addition, extra notions can be
added, such as the patient’s age, gender and comorbidities.

The application of Al in the medical field has been widely
explored and, in recent years, has become a disruptive
technology for interpreting images.® Within this context,
the Convolutional Neural Network (CNN) has emerged
as a version of this processing aimed at recognizing and
classifying images, reducing the computational effort and
improving its robustness.® The hierarchical arrangement of
multiple convolutional layers allows CNNs to progressively
transform low-level features — such as pixel intensity
gradientes — into increasingly abstract and clinically relevant
representations.? During the training period, the CNN
exercises and individualizes its filters according to the task to
be performed. In a way, image classification starts by detecting
the edges of coarser pixels in the initial layer, using this to
detect simple shapes in the second layer and so on, allowing
more complex features to be distinguished. Finally, the last
layer is responsible for advanced image reading, based on
the filters built."

The advantages of CNN over other neural networks is
that it establishes the vital resources for successful prediction,
reducing the dimensionality of the resources in the previous
layer.”

Accurate segmentation of cardiac images is essential for
clinical decision making, and Deep Learning techniques and
the use of CNN have shown remarkable results in this area,
although their quantification and analysis remains an ongoing
challenge due to the complexity of cardiac substructures
and existing anatomical variability. The individualization of
this analysis is essential to solidify objective evidence of the
most varied pathologies investigated, facilitating diagnosis,
monitoring and clinical follow-up of the patient.'

In this approach, through the image segmentation method,
the convolutional neural network enables fast and efficient
responses. This is because in certain situations, the presence
of certain features is more important than others. Sometimes
recognizing the location of an alteration in the heart chamber
is the only essential objective, and it is not necessary to see
these structures with high pixel definition."

The application scenario covers a wide range of imaging
exams, from use in echocardiography to calculate end-
systolic and end-diastolic volume, through to the ability to
assess the ventricular or atrial space in multiple slices, as
well as the observation of coronary calcification plaques
through CT-guided coronary angiography (CCTA). The range
of applications of CNNs in cardiac imaging is highlighted in
the Central lllustration. For the most part, these aspects are
supported by figures and engravings from atlases or other
documents that are included in the model’s database. Another
interesting point is that there are already studies using the
system itself to weave in and ensure the quality of ultrasounds
and other tests made available.

Applications of CNN in CT

The use of convolutional neural networks has excelled in
automating the segmentation of cardiac and vascular structures
in computed tomography (CT) images, a process by which
cardiac structures or pathological lesions are delimited.>'*"
The segmentation of cardiac images by CT has clinical
relevance in the identification of valvular heart disease,
evaluation of coronary artery disease, diagnosis of congenital
heart disease, preoperative planning and in extracardiac
indications." The application of CNNs has brought speed
and efficiency to the cardiac segmentation process, since
it was previously carried out manually and subjectively by
radiologists. In a study of the segmentation of cardiac chambers
and great vessels, Sharkey et al. presented results indicating
that the variability of analysis between observers is similar to
the variability between the observer and the CNN." These
findings support the premise that CNN-based segmentation
can deliver reproducible, objective, and diagnostically
accurate results, comparable to expert manual assessment.

With regard to the identification of anatomical structures,
Chen, et al. showed that the convolutional neural network
proved to be an accurate and efficient tool for assessing the
volume and three-dimensional reconstruction of the left
atrium."” The calculation of volume by CNN proved to be
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capable of predicting the risk of recurrence of atrial fibrillation
in patients after catheter ablation. Astudillo, et al. used a CNN
technique to identify the coronary cusps and the right and left
coronary ostia on multi-detector row computed tomography.'®
These structures are important reference points for defining the
perimeter and area of the aortic annulus and, consequently,
the aortic valve prostheses to be implanted by transcatheter
means. The method proved to be reproducible and reliable,
and could be applied in routine preoperative planningin order
to reduce time spent and accuracy in defining reference points.

CNNs have also proved to be excellent tools for identifying
pathological images in coronary angiography. Coronary
computed tomography angiography is an important method
for assessing the severity of arterial stenosis, as well as being
highly accurate in quantifying atherosclerosis when compared
to intravascular ultrasound. In a multicenter study, a neural
network was trained to segment coronary plaques.’” The study
showed excellent agreement between the Deep Learning tool
and the measurements of experienced readers regarding the
volume of the atheroma plaque and the degree of arterial
stenosis. There was also agreement with vascular ultrasound
measurements, as well as prognostic value in terms of the risk
of future acute myocardial infarction.

Quantification of epicardial adipose tissue can also be
optimized through the use of CNNs. Epicardial adipose tissue
is a metabolically active depot of visceral fat and may be
related to visceral obesity and metabolic syndrome.'® Coronary
angiography is the gold standard for identifying epicardial
adipose tissue, but its manual quantification is laborious and
challenging. In this scenario, West et al. developed a CNN to
automatically quantify epicardial adipose tissue and identify
its clinical association with cardiac and non-cardiac diseases."
The method proved to be accurate, fast and reproducible for
quantifying epicardial adiposity using coronary angiography.
The tool was also able to show good prognostic value for
mortality in general and for cardiovascular events.

Applications of CNN in MRI

In recent years, magnetic resonance imaging has become
an excellent tool for investigating cardiovascular diseases, with
a high capacity to provide complex diagnoses.?*?' It is a non-
invasive, versatile method free of ionizing radiation, capable
of identifying structure, function, flow and characterization
of cardiac tissue. Late gadolinium enhancement and T1/
T2 mapping have added important information about
cardiac viability and pathologies such as tissue infarction and
diffuse myocardial fibrosis. The development of flow MRI
has also brought major advances by providing blood flow
information in several planes, which allows the identification
of intracardiac shunts.?® However, the lengthy scanning process
and slow image production are disadvantages of MRI. MRI
images must take cardiac and respiratory movement into
account to avoid artifacts, which must be suppressed by
reconstruction algorithms. In this scenario, Deep learning—
based reconstruction methods have demonstrated superior
performance compared with conventional algorithms, yielding
higher-fidelity images, enhanced artifact suppression, and
substantially reduced processing times.
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Hauptmann, et al. trained a three-dimensional residual
CNN in U-Net to remove spatio-temporal artifacts in
subsampling real-time MRI data from images of patients
with congenital heart disease.?? Artifact removal by the CNN
was compared with the conventional compression sensing
technique, a tool that requires intense and time-consuming
computational reconstruction. The CNN-based method
achieved artifact suppression over five times faster than the
compressed sensing approach, while delivering superior
image quality and more accurate ventricular volumetric
measurements. El-Rewaidy et al. also presented important
results on the reconstruction of MRI images with delayed
gadolinium enhancement using a convolutional neural
network.?> Compared to the compression sensing technique,
image reconstruction using CNN was 300 times faster.

CNNs have influenced multiple stages of the MRI
workflow, from image acquisition planning and real-
time reconstruction to post-processing tasks such as
quantitative analysis and prognostic modeling. Like CT,
MRI also plays an important role in the segmentation
and consequent identification of cardiac structures.? In
this process using MRI, the use of CNNs has also been
related to greater efficiency.?® Sander et al. used a CNN
to perform the segmentation of cardiac structures and
another auxiliary CNN to automatically identify areas of
segmentation failure.?® The study showed that cardiac
image segmentation using CNNs associated with the
manual correction of detected segmentation failures
resulted in increased performance.

In terms of disease identification, many studies have used
conventional image indices as input data for neural networks to
diagnose heart disease. For example, cardiac scarring identified
on magnetic resonance imaging is associated with unfavorable
cardiovascular outcomes. Bekheet, et al., developed a CNN
called FibrosisNet to diagnose cardiac fibrosis on MRI, showing
high diagnostic accuracy and precision.?” Sharifrazi et al.,
obtained important results by combining a deep convolutional
neural network with the K-means clustering technique, forming
CNN-KCL, to diagnose and classify myocarditis based on
MRI image data.?® The technique using CNN outperformed
other traditional Machine Learning algorithms in classifying
myocarditis in terms of accuracy and precision.

Applications of CNN in echocardiography

Echocardiography is the most easily accessible and
widely used imaging method for assessing cardiac structure
and function. Its advantages include rapid image acquisition
and the absence of ionizing radiation, which make it an
efficient and democratic method. Echocardiography can
be used both to screen asymptomatic patients and to
diagnose and follow up cardiac conditions.?>*° As it is an
operator-dependent test, it requires a certain degree of
experience on the part of the professional, and there can
be variations in interpretation.?:*'

When it comes to applying automated image
interpretation to echocardiography, there are some intrinsic
challenges to this method. The echocardiogram consists
of generating both static images, as well as videos and
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Doppler recordings collected from different points of view
to obtain the desired parameters. In addition, the values
obtained in the measurements can vary greatly due to the
intrinsic variability of heartbeats. There is also the variation
that already exists when extrapolating measurements from
two-dimensional images to measurements of the three-
dimensional object.??33

Despite these impasses and given the complexity of
the diagnostic method in question, an automated learning
approach would bring many benefits and assist human
interpretation, as it would allow automatic identification
and classification of views. In fact, the use of Deep Learning
(DL), and more specifically Convolutional Neural Networks
(CNNs), to train artificial intelligence in the interpretation
of echocardiograms would make it possible to reduce costs
and, consequently, democratize this test. This technological
integration could enable echocardiographic acquisition by
operators with limited specialized training, thereby facilitating
access to cardiac imaging in geographically remote or
resource-limited settings.*?

Several studies have shown the effectiveness of using CNNs
in echocardiography. Among the applications observed, the
majority are for quantifying the structure and function of the
heart and for cardiac segmentation.’®*3%3% |t has also been
used in the detection of left ventricular hypertrophy,**#' aortic
stenosis,*** identification of cardiac phases,* early detection
of acute myocardial infarction** and classification of cardiac
visualizations.***” The model used by Ghorbani et al, in
addition to accurately identifying elements of cardiac structure
and function, trained a CNN to predict systemic phenotypes
that modify cardiovascular risk, such as age, gender, height
and weight, from echocardiogram images.*’

Zhang et al went further and trained a convolutional
neural network for fully automated interpretation of
echocardiograms, including visualization identification,
image segmentation, quantification of heart structure and
function, and disease detection. This study demonstrated
success in the automated analysis of view type and image
segmentation. With regard to the structure and function of
the heart, there was some discrepancy between manual and
automated measurements, especially of the structure, with a
tendency to overestimate the values. Finally, the model was
successful in identifying pulmonary arterial hypertension
(PAH), amyloidosis and hypertrophic cardiomyopathy,
based on analysis of the masses, structure and function of
the heart chambers.??

Recent studies have also evaluated the capacity for
automatic diagnosis of pulmonary arterial hypertension
and,*® according to the results obtained by DuBrock et al,*’
the algorithm used is capable of speeding up the diagnosis
of PAH by 6 to 18 months, an extremely relevant aspect in a
disease where early diagnosis is crucial for effective control
of the condition.*#°

Another described pathology that can be identified by
echocardiography using CNNs is occult atrial fibrillation (AF).
Yuan et al developed a model that was able to distinguish
between sinus rhythm and AF, as well as predicting the
concomitant presence of paroxysmal AF in those with sinus

rhythm. The model performed better than using clinical risk
factors, transthoracic echocardiogram measurements, left atrial
size or CHA,DS,VASc score.*® Research using DL has also
been carried out and obtained favorable results in the area of
fetal and neonatal echocardiography, such as for the prenatal
diagnosis of atrial septal defect™ and for the identification of
patent ductus arteriosus in neonates.*?

Application of CNN in other methods

Single Photon Emission Computed Tomography (SPECT)
of myocardial perfusion is a test that can identify the
presence of myocardial ischemia and therefore coronary
artery disease. Betancur et al analyzed the application of
deep learning to this diagnostic method, aiming to verify
the ability to automatically predict coronary disease through
CNN:s trained with myocardial perfusion images, compared
to the usual method currently used. The result was greater
efficacy and better detection sensitivity with the deep
learning method.** Other studies have also evaluated the
ability to automatically classify myocardial perfusion images.
Papadrianos et al trained CNNs to identify three possible
outputs - infarction, ischemia and normal perfusion - and all
models evaluated presented positive and reliable results.>
Su et al demonstrated the feasibility and accuracy of CNN-
based diagnosis for CAD, with a system that is already used
in practice and is capable of considerably reducing the time
needed to interpret images.*

X-ray fluoroscopy allows real-time visualization of the
cardiac structure, which makes it an indispensable method
for performing image-guided procedures, such as cardiac
resynchronization therapy, angiography and endovascular
aortic repair. Deep learning has also been successfully tested
to aid these procedures, either by reducing video noise or
by fusing preoperative data with intraoperative x-ray images
in order to guide the intervention and reduce contrast
exposure.”®% Studies have also shown better sensitivity and
specificity in characterizing coronary lesions using optical
coherence tomography when deep learning is applied.®*¢2

Conclusion

The application of CNN in cardiac image analysis has
emerged as a versatile tool, contributing to accurate and
rapid diagnoses. Its incorporation into cardiovascular imaging
makes it possible to remove the bias of inter-observer
variability, reduce image artifacts, improve the automation
of measurements and, finally, overcome geographical
barriers by allowing the evaluation of images acquired
remotely and thus democratizing care. Future perspectives
should focus on large-scale validation studies to confirm
the generalizability and clinical robustness of CNN-based
approaches across diverse patient populations and imaging
protocols. Furthermore, integrating these algorithms into
routine workflows will require addressing regulatory and
interoperability challenges to ensure safe and effective
adoption in real-world cardiovascular practice.
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