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Automatic Calcium Detection in Echocardiography based
on Deep Learning: A Systematic Review
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Abstract. The diagnosis of many heart diseases involves the analysis of images
from Computed Tomography (CT) or echocardiography, which is mainly done
by a medical professional. By using Deep Learning (DL) algorithms, it is possi-
ble to create a data-driven tool capable of processing and classifying this type of
image, to support physicians in their tasks, improving healthcare efficiency by
offering faster and more accurate diagnoses. The aim of this paper is to perform
a systematic review on DL uses for automated methods for calcium detection,
identifying the state of this art. The systematic review was based on PRISMA
methodology to identify relevant articles about image processing using Convo-
lutional Neural Networks (CNN) in the cardiac health context. This search was
conducted in Scopus and Web of Science Core Collection, and the keywords
considered included (1) Deep Learning, (2) Calcium Score, (3) CT-Scan, (4)
Echocardiography. The review yielded 82 research articles, 38 of which were in
accordance with the initial requirements by referring to image processing and
calcium score quantification using DL models. DL is reliable in the implemen-
tation of classification methods for automatic calcium scoring. There are several
developments using CT-Scan, and a need to replicate such methods to echocar-
diography.

1 Keywords: Neural network, Deep Learning, Computer Vision, Classification,
Artery Calcification, Echocardiography

1 Introduction

Cardiovascular diseases are the main cause of mortality and a major contributor to
disability increasing, representing one-third of world’s deaths in 2019 [1]. The preva-
lence of all cardiovascular disorders in the same year doubled from 271 million in
1990 to 523 million in 2019. Also, the number of cardiovascular fatalities progres-
sively increased from 12.1 million in 1990 to 18.6 million in 2019 [2].

Vascular calcification is of great interest in terms of risk factors and subsequent ef-
fects. As referred on [3], the presence of Coronary Artery Calcium (CAC) is strongly
correlated with coronary artery diseases and may perform a powerful indicator on
prediction of cardiovascular occurrences and death. Aortic Valve Sclerosis (AVS) or
Aortic Valve Calcification (AVC) is generally understood to refer to the development
of calcific structures that are contained inside the aortic valve leaflets and do not af-
fect the aortic annulus or coronary artery ostia [4]. Aortic Stenosis (AS) is nowadays



the most prevalent primary heart valve disease and a significant contributor to cardio-
vascular mortality [5].

Digital images are essential for the early detection of anomalies or diseases in any
system of the human body thanks to advancements in biomedical imaging. The heart
system is regarded as one of the most vulnerable systems. Due to the lack of exposure
to the complexities of pertinent technology, cardiology is perceived as a complex field
of practice. Through imaging modalities such as CT-scan, Magnetic Resonance Imag-
ing (MRI), Angiogram, Electrocardiogram (ECG), and others, medical imaging is a
powerful diagnostic tool that offers information about anatomical structures [6].

Cardiovascular calcifications are often seen during regular CT-scans or echocardi-
ograms. One of the major concerns about the use of CT for CAC detection is the ion-
izing radiation exposure to the patient [7]. It is fundamental to weight whether the
information obtained from this method offers an improvement in predictive ability
over the radiation risk factor and the higher costs associated with it.

According to the European Society of Cardiology, echocardiography is the first-
line approach for diagnosing and following the treatment of aortic stenosis, due to its
portability, high temporal resolution, absence of radiation and low cost [8]. The echo-
cardiogram (also known as an echo) is arguably the tool used the most frequently in
the field of the cardiovascular system. It is utilized primarily because it may diagnose
and treat cardiac illnesses early on. It is a quick, painless, and affordable method that
can accurately display the pressure gradient of heart lesions. The Echo is regarded as
being safe because it employs sound waves rather than radiation [6].

Every aspect of cardiovascular imaging, from acquisition to reporting, has been
impacted by Artificial Intelligence (Al). Examples of Al-based applications include
automated acquisition, segmentation, and report production; coronary calcium quanti-
fication; computed tomography and magnetic resonance imaging measurements; and
diagnosis of coronary diseases. Related to echocardiography, Al can reduce observer
variation and offer an accurate diagnosis [9].

DL models have been employed in many computer vision applications, such as im-
age classification, object detection and image segmentation. From the different types
of DL models, CNNSs are those typically used on Al-based image analysis tasks. This
type of neural networks is suitable for several computer vision tasks based on ma-
chine learning, due to their ability to automatically find the best features for the appli-
cation context. Some studies such as [3], [10]-[14] show that CNNs have been suc-
cessfully used for medical image segmentation and classification applications.

As referred on [15], for CT-scans there are several studies performed on (semi) au-
tomated techniques for CAC quantification; however, only a few applications are
fully automated. Furthermore, in the field of echocardiography, the best approach
found is a semi-automated model, so there is a need on filling this gap by constructing
a fully automated model for calcium detection on this type of images, leading to faster
and accurate diagnoses, while minimizing negative impacts on patients’ health.



2 State of the art

2.1  Methods

This systematic review is based on PRISMA methodology [16], which means Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses. PRISMA is fo-
cused on assisting authors in better evaluation and reporting of systematic reviews,
allowing readers to understand what authors researched and concluded, which im-
proves reporting standards and facilitates peer reviews. In this context, the question
this review aims to answer is “What is the state of the art on DL-based models for
automatic calcium detection on cardiac images?”

2.2  Data Extraction

The search was conducted on Scopus and Web of Science Core Collection (WoSCC)
databases, in October 2022. Searching keywords have been split into 3 categories:
Concept, Population and Context. As shown on Table 1, the search query was built by
intercepting all the columns, that is Concept AND Population AND Context. Publica-
tion years have also been restricted to the last 4 years (2019-2022) and documents had
to be reviews or articles.

Table 1- Keywords selection

"deep learning"”
"neural network"
""computer vision"

"computed tomography" naortic stenosis™ year: 2019-
"ct-scan” I IR 2022
"echocardiography” aortic calcification

1.004.076 + " . " "calcium score"
414.288 ultrassound image maortic sclerosis” tys;{c;rrt?sgtor
11.068 + 4.078 review
109 + 20
80 +12

2.3  Results

The search described in the previous section yielded 92 results, 80 from Scopus and
12 from WoSCC, which were submitted to some filtering steps, in line with PRISMA
methodology. These successive steps are represented in Fig. 1.

Firstly, from those 92 results, the duplicates were removed, resulting in 82 distinct
documents. These documents were analyzed and categorized, and the less significant
ones were excluded, as they were out of the review scope. At the end of this cleaning
process, the initial selection was reduced to 50 documents.

The document set was then refined by analyzing the research’s purpose of each
document. The main purpose expressed on 22 out of 50 documents is “calcium quan-
tification ”. Other significant expressed purposes are “Image Analysis/Detection” and
“Review”. These three categories were selected for the current review, and therefore



documents stating other objectives were discarded. After this purpose-oriented selec-
tion, the final document set included 38 references.

=== | = | =
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Fig. 1 — PRISMA Workflow diagram

By analyzing the topics addressed on these documents, as represented on the
charts depicted in Fig. 2, it can be observed that the primary addressed topics are
Convolutional Neural Network for ML techniques, CT-scan for imaging data types
and Calcium quantification/Risk analysis in the field of application goals. For the
majority of documents, these three topics are presented simultaneously.

a) ML Techniques b) Imaging Data Types

Convolutional NN I cT-scan [

Fully connected NN | ENSH
Echocardiography [l2
Recurrent NN 3

Other ML approaches 0N Multimodal [HIEH

c) Main Application Goal

Calcium quantification/Risk

: | E—— ]
analysis
Detection of aortic disease [N
Detection of other diseases [l3
Detection of Covid-19 2

Other  |INNNIRN

Fig. 2 — Documents distribution by ML techniques (a), imaging data types (b) and applica-
tion goals (c)

Neural networks were employed in 10 documents, 26% of total selected references,
with 87% of them being used for CT-Scan processing and only 13% for echocardiog-
raphy, as we can see on Fig. 3.

For an easier identification of main keywords aborded by included documents, and
existing relationships between them, the diagram shown on Fig. 4 was created by
using VOSviewer. This diagram represents the keywords aborded, with different sizes
based on occurrences. It reveals the existence of two main keywords, “Deep Learn-
ing” and “Artificial Intelligence”, followed by “cardiovascular disease” and “Ma-



chine Learning”. It also divides topics into three clusters, differentiated by colors.
There is evidence of an existing relationship between “computed tomography” and
“Deep Learning”. In contrast, there are no stronger relations evolving echocardiog-
raphy, meaning that developed DL-based studies applied to it are still scarce.

coronary aery disease

|
Echocardiography
13%

deep@” ning *

prediction

computed tomography ~ cardiovasd@lar disease

machinglearning

Fig. 3 — Neural Network studies Fig. 4 — Keywords network

2.4  Goals and outcomes analysis

Considering that the main aim of this article is to identify the current applications of
Al to calcium detection on cardiac images, the included references were organized by
the topics they talk about, as represented on Table 2. It was feasible to recognize the
expansion of Al-based models in last few years, after evaluating selected studies.

Table 2 — References distribution by topics aborded

. # %
Topic References Doc  Doc
Deep/Machine Learning [11, [31, [8], [101-[15], [17]-[43] 36 95%

1], [3], [10]-[15], [171-[19], [22]-
e
Aortic Disease/Calcium Score Eg’] [?E]Z 1[]8_][’2[51](?][’2[81]2_][;[21]5'][' 4[51]7]’ 31 82%

(11, 3], [8], [10]-[14], [17], [18],

Computer Vision [21], [23], [25], [29], [30], [32], 23 61%

[34]-[39], [42]

Neural Network [11, [3], [101-[24], [29], [34], [43] 10 26%
Echocardiography/Ultrasound  [8], [20], [21], [43] 4 11%
Heart Failure [20] 1 3%

Covid-19 [27] 1 3%




Deep Learning on cardiac images - Starting from the most popular topic, Deep
Learning was referenced by 95% of the included documents. DL models have several
useful applications to cardiac imaging. Fig. 5 represents some types of computer vi-
sion (CV) models, such as object detection, image segmentation and prediction,
which can be a classification or regression problem.

N

Detection Segmentation

—_

.
Classification § ’
[ — & = 5
X

Fig. 5 — Computer Vision models

According to review [44], some examples of convolutional neural network (CNN)
uses are: (a) finding a heart in a CT image, returning as output a bounding box indi-
cating the location of the heart; (b) detection of calcium structures, using image seg-
mentation, where the goal is to obtain a “filtered” image showing only the desired
object, as represented on Fig. 6.

Fig. 6 — Heart identification CT-scan (a) and Calcium detection (b) on
CT-scans

Last of all, DL is also helpful for prediction, which can mean classification or re-
gression. When the goal is to determine the presence of cardiac diseases, that is a
classification problem. There are two possible solutions: a binary classification mod-
el, that will separate images in two classes: “sick” or “not sick”, and multiclassifica-
tion model, where each disease represents a class, and each image will be assigned to
a diagnosis: disease “A”, “B” or “C”. Regression consists of predicting a continuous
value. It can be useful on quantifications, such as for calcium score in aortic valve or
left ventricular ejection fraction (LVEF).

Calcium score - CAC is a very strong predictor of Cardiovascular Events (CVE),
coronary heart disease, stroke, and all-cause mortality [17]. It has been an important
biomarker of existing calcium structures in heart valves, which is responsible for



many diseases, particularly in aortic valves, such as aortic stenosis or aortic sclerosis,
especially in asymptomatic individuals. According to study [27], there is a proven
correlation between high coronary calcium score and Covid-19 severity, from oxy-
genation measure an CT image analysis. There are several studies using Al to auto-
mate processes for detection and quantification of calcium in aortic valves. Authors
from [3], with their neural network method implementation, have reached 86% of
correct classification of cardiovascular risk, concluding that its implementation could
increase workflow efficiency for radiologists. Furthermore, a model developed on
[13] shows that it is possible to increase calcium scoring accuracy by training a CNN
architecture to correct blurred CT images, reducing significatively the assessment
variations from 38% to 3.7%.

Workflow efficiency improving - As referred in many studies, the implementa-
tion of a fully-automated DL model would potentially increase clinical workflow
efficiency [3], [8], [15], [18], [21], [26], [37], [43]. In several cases, automated mod-
els return higher accuracy than traditional methods. Authors from review [20] affirm
that in the field of Heart Failure (HF), when predicting 5-year survival rates for pa-
tients with cardiovascular disorders, ML-based Al has been shown to be more accu-
rate (80%) than doctors (60%) in doing so. Another classification problems refer-
enced on review [8] describe DL solutions capable of distinguish between two types
of heart diseases from echocardiography images or detect systemic features such as
age and sex, which is humanly impossible, with performance scores of 96.2% and
88%, respectively. Also, for quantification issues, deep neural networks are particu-
larly helpful. On assessment of calcium score, it would help radiologists not to have
to spend so much time analyzing all the screenings by hand, which is a time-
consuming and boring task. When compared with manual assessment, DL-based au-
tomated calcium quantification model presented on [15] performed excellent results,
supporting viability on its practical implementation. Study [30], which combined
different types of examinations on the training dataset for calcium quantification, also
returned a better performance against manual scoring. Other quantification problems
like Epicardial Adipose Tissue (EAT) volume estimation from CT images described
on [32] has demonstrated excellent results, with obtained scores matching manual
ones in more than 90%. Al is not a kind of replacer of physicians but can have an
important role in improving diagnosis precision.

Radiation exposure reduction - Although CT-scan is primarily used for predic-
tion of cardiovascular diseases and mortality, there is a disadvantage associated with
it: radiation exposure and its risks. Because of this, its utilization has been restricted.
Trying to solve this problem, ultra-low dose (ULD) CT techniques have been created
over the years, trying to decrease the effective radiation dose (ERD), according to
study [17]. However, they increase noise, resulting in lower quality images. Deep
neural networks may help to get around this problem. According to studies [17], [44],
DL algorithms can process “noisy” images obtained by ULD-CT techniques, reducing
this noise and improving images quality, which makes the use of low-radiation tech-
niques more feasible, safeguarding patients’ health. As demonstrated on Fig. 7 from
[44], an ULD-CT image (A) can be transformed into a noise reduced CT image (B).
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Fig. 7 — Noise reduction with DL

Another way to avoid radiation exposure is the use of echocardiography imaging.
Through this method it is possible to detect many types of heart and pulmonary dis-
eases, or assess common metrics like calcium score, without exposing patients to
invasive radiation, thanks to use of sound waves instead. It is also advantageous in
terms of portability and low costs associated. However, Al implementations in the
field of echocardiography are still scarce, due to lower image quality resolution. De-
spite this, echocardiography performs an essential research method in cardiology, as
the large amount of data can get off the existent challenge in quality of images [8].

3 Conclusion

Following PRISMA methodology, this literature review returned 82 distinct refer-
ences, 38 meeting the desired context, which shows there is still a lot to explore in
this scope. The main topics aborded are Deep Learning, calcium score and CT-scan,
primarily with the purpose of calcium quantification. Neural Network is a frequently
studied topic, showing several applications on cardiac images, from classification of
heart diseases to detection and quantification of calcium. 87% of NN included studies
were applied to CT-scans, and only remaining 13% to echocardiography.

Developed studies have obtained very high and promising results, some of them with
higher performances when compared with manual techniques, proving that Al can be
very helpful on increasing clinical workflow efficiency. Diagnoses become faster and
more accurate, and clinical professionals can be saved from time-consuming and bor-
ing tasks.

Despite its associated risk for patients’ health, due to radiation exposure, CT-scan
is currently the principal type of image used on automation of cardiac images pro-
cessing with DL, mainly due to its higher resolution quality. Echocardiography does
not expose patients to such radiation, however results in lower resolution quality im-
ages. But this is no longer a problem since Deep Learning exists. It is possible to train
a deep neural network capable of reducing images noise and improving their quality.
Further developments in this field can fill the existent gap on fully automated classifi-
cation methods for echocardiography, leading to a more frequent and efficient moni-
toring of patients and reducing physicians’ workload.
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