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АННОТАЦИЯ
Обоснование. Показатели заболеваемости населения Российской Федерации патологиями системы кровообращения 
за прошедшие два десятилетия постоянно повышались, и с 2000 г. до 2019 г. увеличились в 2,047 раза. Процесс каль-
цификации сосудов включает отложение солей кальция в стенке артерий, что приводит к ремоделированию сосуди-
стой стенки. Лучевые методы исследования — золотой стандарт диагностики кальцификации сосудов. Однако в связи 
с возрастающим объёмом данных и необходимостью сокращения времени постановки диагноза неизбежно снижается 
эффективность работы. Активное развитие и внедрение в клиническую практику искусственного интеллекта открыло 
перед специалистами возможности для решения этих проблем.
Цель — проанализировать отечественную и зарубежную литературу, посвящённую использованию искусственного 
интеллекта в диагностике различных типов кальцификации сосудов, а также обобщить прогностическую ценность 
кальцификации сосудов и оценить аспекты, препятствующие диагностике кальцификации сосудов без применения 
искусственного интеллекта.
Материалы и методы. Авторы провели поиск публикаций в электронных базах данных PubMed, Web of Science, Google 
Scholar и eLibrary. Поиск проводился по следующим ключевым словам: «artificial intelligence», «machine learning», 
«vascular calcification», «искусственный интеллект», «машинное обучение», «кальцификация сосудов». Поиск прово-
дился во временном интервале с момента основания соответствующей базы данных до июля 2023 года.
Результаты. Основная методология включённых в обзор исследований заключалась в сравнении диагностических 
способностей клиницистов и искусственного интеллекта с применением одних и тех же изображений и последующей 
оценкой точности, скорости и других показателей. Участки возникновения сосудистых кальцификаций весьма разно-
образны, что обусловливает их различную прогностическую ценность. 
Заключение. Искусственный интеллект отлично зарекомендовал себя в диагностике сосудистой кальцификации. По-
мимо повышения точности и эффективности, способности к детализации превосходят возможности ручного метода 
диагностики. Искусственный интеллект достиг уровня, позволяющего помогать врачам инструментальной диагностики 
в автоматическом выявлении кальцификации сосудов. Возможности искусственного интеллекта могут способствовать 
эффективному развитию рентгенологии в будущем.

Ключевые слова: искусственный интеллект; машинное обучение; кальцификация сосудов; рентгенология; 
диагностическая визуализация.
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ABSTRACT
BACKGROUND: The incidence of circulatory system diseases in the Russian Federation has been steadily increasing during 
the last two decades, growing 2,047 times between 2000 and 2019. Vascular calcification involves the deposition of calcium 
salts in the artery wall, which leads to vascular wall remodeling. X-ray imaging is the gold standard for diagnosing of vascular 
calcification. However, because of the need to process an increasing amount of data in a shorter period of time, the number 
of diagnostic errors inevitably increases, and work efficiency inevitably decreases. The active development and introduction of 
artificial intelligence into clinical practice have created opportunities for specialists to address these issues.
AIM: To analyze the national and international literature on the use of artificial intelligence in the diagnosis of various vascular 
calcifications, summarize the prognostic value of vascular calcification, and evaluate aspects that prevent the diagnosis of 
vascular calcification without using artificial intelligence.
MATERIALS AND METHODS: A search was performed in PubMed, Web of Science, Google Scholar, and eLibrary. The search was 
conducted using the following keywords: artificial intelligence, machine learning, vascular calcification, and their analogues in 
Russian. The search covered the period from inception till July 2023.
RESULTS: The studies included in the review compared the diagnostic abilities of clinicians and artificial intelligence using the 
same images, with subsequent assessment of the accuracy, speed, and other parameters. The sites of vascular calcification 
varied, resulting in differences in their prognostic value.
CONCLUSION: Artificial intelligence has proven to be effective in the diagnosis of vascular calcification. In addition to improved 
accuracy and efficiency, the level of detail is superior to manual diagnosis methods. Artificial intelligence has advanced to 
the point that imaging specialists can automatically detect vascular calcification. Artificial intelligence can contribute to the 
successful development of X-ray imaging in the future.
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摘要

论证。近二十年来，俄罗斯联邦居民循环系统疾病的发病率持续上升。从2000年到2019年，

此类疾病的数量增加了2.047倍。血管钙化过程包括钙盐在动脉壁的沉积，这导致血管壁重

塑。放射性检查方法是诊断血管钙化的金标准。然而，随着数据量的增加和诊断时间的需

要，工作效率不可避免地下降，人工智能的积极发展和应用于临床为专家解决这些问题提供

了机会。

目的。本研究的目的是分析国内外关于使用人工智能诊断不同类型血管钙化的文献，同时，

总结血管钙化的预后价值，并评估在不使用人工智能的情况下阻碍血管钙化诊断的方面。

材料与方法。在电子数据库PubMed、Web of Science、Google Scholar和eLibrary中搜索了相关出

版物。搜索时使用了以下关键词：“artificial intelligence”，“machine learning”，“vascular 

calcification”，“人工智能”、“机器学习”、“血管钙化”。检索时间为相关数据库建立至2023年7

月。

结果。综述中包含的研究的主要方法是比较临床医生和人工智能使用相同图片的诊断能力，

然后评估准确性、速度和其他指标。血管钙化发生的部位差异很大，这也是其预后价值不同

的原因。 

结论。事实证明，人工智能在诊断血管钙化方面表现出色。除了提高准确性和效率外，其细

节处理能力也超过人工诊断方法。人工智能已经达到了帮助仪器诊断医生自动检测血管钙化

的水平。未来，人工智能的能力可以促进放射学的有效发展。

关键词：人工智能；机器学习；血管钙化；放射学；诊断成像。
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BACKGROUND
The incidence of circulatory system diseases in the 

Russian Federation has been steadily increasing in the 
last two decades, growing 2.047 times between 2000 and 
2019 [1]. Vascular calcification involves the deposition of 
calcium salts in the arterial wall, which leads to vascular 
wall remodeling [2]. Intimal calcification is focal and 
associated with atherosclerosis, whereas medial calcification 
is diffuse and involved in the pathogenesis of conditions such 
as diabetes mellitus, peripheral artery disease, and chronic 
kidney disease [3]. X-ray imaging is the gold standard for 
diagnosing vascular calcifications [4]. However, because 
of increasing data and the need to reduce the time for 
diagnosing, work efficiency inevitably decreases [5]. These 
circumstances necessitate the search for innovative ways to 
improve the quality of work of imaging specialists. 

The active development and introduction of artificial 
intelligence (AI) into clinical practice have helped specialists 
address these issues. According to the available literature, 
until recently, AI was used for X-ray diagnosis of five types 
of vascular calcifications: coronary artery calcification 
(CAC), thoracic aorta calcification (TAC), abdominal aorta 
calcification (AAC), carotid artery calcification (CaAC), and 
mammary artery calcification (MAC). 

This study aimed to analyze the national and international 
literature on the use of AI in the diagnosis of various vascular 
calcifications, summarize the prognostic value of vascular 
calcification, and evaluate aspects that hinder the diagnosis 
of vascular calcification without using AI. 

MATERIALS AND METHODS
A literature search was performed in PubMed, Web 

of Science, Google Scholar, and eLibrary. The search was 

conducted using the following keywords: artificial intelligence, 
machine learning, vascular calcification, and their equivalents 
in Russian. The search covered the period from database 
inception till July 2023. The authors reviewed independently 
the titles and abstracts of the articles and retrieved the full 
text of relevant publications. Moreover, the reference lists of 
relevant studies were reviewed. 

RESULTS
The studies included in the review compared the 

diagnostic abilities of clinicians and AI using the same images 
and subsequently assessed the accuracy, speed, and other 
parameters. 

The sites of vascular calcification vary greatly, resulting 
in differences in their prognostic value. Table 1 summarizes 
the prognostic value of vascular calcifications depending on 
the location.

Coronary artery calcification
The Framingham risk score is a tool for cardiovascular 

risk assessment, which includes the assessment of risk 
factors such as age, sex, and blood pressure [7]. However, a 
large-scale prospective study with 7 years of follow-up found 
that CACs detected using computed tomography (CT) can 
improve the risk prognosis obtained using the Framingham 
risk score alone. In a study with 7.6 years of follow-up, 
M.H. Criqui et al. demonstrated a good prognostic value of the 
assessment of CAC severity based on the vascular volume 
and density [8]. The risk of coronary artery disease (CAD) 
positively correlated with the CAC volume and negatively 
correlated with the CAC density [8]. 

The CAC severity was assessed by multiplying the density 
of calcified plaques by the area of calcification. The overall 
CAC was the sum of the results calculated at each level. 

Table 1. Prognostic value of vascular calcifications depending on the location

Vascular calcification type Prognostic value

Coronary artery calcification

– Marker of the severity of coronary artery atherosclerosis
– Cardiovascular risk assessment according to the Framingham risk score
– CAD predictor
– Marker of chemotherapy-induced cardiotoxicity in patients with cancer

Thoracic aorta calcification
– Marker of increased CAD risk
– Detection of an increased risk of ischemic stroke
– Embolism risk detection

Abdominal aorta calcification
– Detection of obstructive CAD
– Prediction of asymptomatic CAD
– Marker of congestive heart failure

Carotid artery calcification
– Marker of atherosclerosis of the head and neck blood vessels
– Stroke risk detection
– Prediction of the risk of cerebrovascular adverse events in young people

Mammary artery calcification – Detection of the risk of cardiovascular events in women
– Association with chronic kidney disease, diabetes mellitus, and bone diseases

Note: CAD, coronary artery disease.
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Generally, older patients represent a major risk group for 
CAD [1]. However, a 12.5-year study revealed an increased 
risk for CAD and death among individuals aged 32–46 years, 
even in cases of mild CAC [9]. These findings suggest that 
CAC-related information has a high prognostic value for 
detecting cardiovascular risk in nearly all age groups. Table 2 
shows the relationship between CAC severity and risk for 
adverse cardiovascular events.

Thoracic aorta calcification
TAC is commonly found in patients with hypertension [10]. 

Furthermore, recurrent evidence has linked TAC to an 
increased risk for CAD and death [10, 11]. In a study of 
2,618 patients, Y. Itani et al. found that TAC was efficient in 
ischemic stroke risk assessment [12]. In a study of patients 
with indications for cardiovascular surgery, R. Lee et al. found 
that preoperative CT screening for TAC can identify high-risk 
areas and reduce the risk of aortic embolism and stroke [13]. 
Thus, TAC severity can be used not only to predict the risk of 
cardiovascular accidents but also to detect cerebrovascular 
changes.

Abdominal aorta calcification
A study of 58 patients revealed that CT-AAC assessed AAC 

correlated with CAC severity. In turn, the absence of AAC made 
it possible to rule out CAD [14]. Moreover, AAC can be used 
as an additional tool for detecting asymptomatic CAD and an 
independent risk factor for congestive heart failure [15, 16]. 
AAC has a significant prognostic value for the skeletal system. 
Y.Z. Bagger et al. analyzed 2,662 healthy postmenopausal 
women and reported that AAC correlated with an increased 
risk of osteoporosis of the proximal femur [17]. Moreover, in 
a study of 5,994 men aged 65 years, P. Szulc et al. confirmed 
the correlation between AAC and an increased risk for 
femoral fracture in older men [18].

Carotid artery calcification
CaAC is an important predictor of cerebrovascular 

diseases [19]. Intracranial internal carotid artery calcification 
(ICAC) is an important marker of intracranial hypertension in 
patients of various ethnicities and strongly correlated with 
the risk for stroke [19–21]. A study of approximately 2,000 
patients revealed that ICAC was common in young people. 

However, whether ICAC at a young age is similar to that at 
an older age is unclear and, therefore, may increase the risk 
of stroke later in life [22].

Mammary artery calcification
Z. Huang et al. analyzed 213 female patients and 

revealed that MAC correlated with CAC and CAD severity [23]. 
EV Bochkareva et al. analyzed 4,274 digital mammograms of 
women aged 40–93 years and found a significant and strong 
correlation between age and MAC [24]. E.V. Bochkareva et 
al. also demonstrated that MAC was associated with chronic 
kidney disease, diabetes mellitus, cerebrovascular diseases, 
and low bone mineral density [25–27]. Unfortunately, female 
patients are often unaware of cardiovascular diseases, which 
pose one of the most serious threats to women’s health [28]. 
Thus, considering the availability of MAC assessment and its 
diagnostic value in assessing cardiovascular risk in women, 
imaging specialists should pay close attention to this issue.

Difficulties in imaging diagnosis of vascular 
calcifications

An analysis of the evolution of X-ray diagnostic services 
in Russia in 2014–2019 showed that the number of medical 
images is increasing annually, and imaging specialists have to 
interpret images every 3–4 s during an 8-h working day [29]. 
A study of the physical condition of 40 imaging specialists 
before and after a working day revealed that after working 
for 1 day, their ability to concentrate decreases dramatically, 
whereas symptoms of asthenopathy increase [30]. According 
to available data, 75% of claims concerning the low quality 
of medical care provided by imaging specialists are related 
to diagnostic errors [31]. 

Accurate assessment of the severity of vascular 
calcifications is difficult. The shape of the calcified foci is 
variable, and deviations are common. For example, various 
modifications of CT scans have been used to diagnose 
CAC [32]; however, they require additional equipment, 
increasing the economic burden on healthcare facilities 
and the patient’s radiation exposure (which can be reduced 
if the diagnosis is made by standard methods). Moreover, 
radiologists do not always assess vascular calcifications 
detected on CT scans, which could be used for indirect 
assessment of coronary calcification. Nonetheless, the gold 
standard is CT with cardiac synchronization and a specified 
examination area (field of view) [33, 34].

The role of artificial intelligence in the 
assessment of arterial calcification

CACs 
The first automatic assessment of CAC severity using 

AI was performed in 2007. For each candidate, 64 features 
were created, and nearest-neighbor clustering was applied. 
This metric algorithm for automatic object classification or 
regression had an accuracy of 73.8% [35]. Since then, various 
approaches to feature development, including spatial and 

Table 2. Relationship between the severity of coronary artery 
calcification and the risk for adverse cardiovascular events

Coronary artery calcification 
assessment Calcification risk

0 None

1–10 Low

11–100 Moderate

101–400 Moderate to high

>401 High

SYSTEMATIC REVIEWS

DOI: https://doi.org/10.17816/DD623196

https://doi.org/10.17816/DD623196


90
Digital Diagnostics

geometric characteristics, have been actively studied [36–
38]. Because selecting objects on noncontrast CT scans is 
technically challenging, recording information from CT scans 
with the determination of coronary calcification has become 
a common strategy [39–41]. To assess coronary calcification, 
electrocardiographic (ECG) synchronization is commonly used 
to capture images in the diastolic phase, followed by image 
reconstruction by stitching. A support vector machine-based 
algorithm achieved a sensitivity of 98.9% and a prognostic 
value of 94.8% [42]. Such machine-learning (ML) algorithms 
were actively used until 2016; however, their use was 
challenging because of the need for manual control [42]. 

To further improve efficacy, an artificial neural network 
(ANN) with deep learning (DL) function was selected as the 
primary option [43]. DL initially demonstrated low efficacy; 
however, continuous improvement of the ANN allowed for 
increased efficacy and accurate, automatic scoring [44–51]. 

In a study on CAC assessment, B.D. de Vos et al. 
discovered that the results obtained using DL were nearly 
identical to those calculated manually. The Agatston score 
(gold standard of CT calcium scoring in clinical practice) was 
determined in <0.3 s [52]. 

The U-Net algorithm is an extension of the ANN intended 
for more efficient learning requiring fewer resources [53]. 
N. Gogin et al. confirmed the efficacy of DL based on the 
U-Net architecture, which proved to be extremely close to 
the performance of other algorithms [46]. U-Net classified 
the risks correctly in 86% of cases. Notably, U-Net 
allows uploading images directly without losing pixel 
information [49].

CT with cardiac synchronization is less widely used 
globally than CT without ECG [54]. If the reliability of CAC 
information obtained without ECG increases, the number 
of CT scans can be reduced, thus decreasing economic 
expenditures and radiation exposure [55]. Numerous 
interferences and artifacts significantly lower the accuracy 
of manual CAC assessment using CT without ECG [56]. 

AI has played a significant role in CAC diagnosis using CT 
without ECG. More than a decade ago, I. Isgum et al. found 
that ML algorithms ensure the Agatston score assessment 
with an accuracy of 82.2% when using low-dose chest 
CT [57]. Many researchers have attempted to level out 
interference and artifacts and reduce the effect of noncalcified 
components (stents) on the diagnosis. Their developed DL 
algorithms allowed for increasing the diagnostic value of 
low-quality images [58, 59]. According to Z. Sun et al., DL 
algorithms improved the signal-to-noise ratio of low-dose 
CT by 27.7% and increased the specificity of CAC detection by 
41% by eliminating artifacts [60]. Notably, the rate of correct 
interpretation of CT without ECG was only 70%; however, the 
correlation coefficient between the results obtained using AI 
and manual analysis was 0.923 [56]. 

B. Yacoub et al. revealed that the sensitivity, specificity, 
and area under the curve (AUC) of CAC detection on 
noncontrasted chest CT scans using AI were superior to 

those of manual assessment. This suggests that AI can be 
superior to human assessment when analyzing CT findings 
without ECG [34]. In one study, the efficacy of AI in analyzing 
CT findings without ECG was confirmed at four study sites. All 
study samples showed high sensitivity and good prognostic 
value, which increases the quality of the results [61]. The use 
of AI in diagnosing CAC based on CT findings without ECG 
is currently considered a reliable method of assessing data.

Notably, researchers have begun to use AI capabilities to 
diagnose CAC using other devices, such as when assessing 
chest X-ray images [62]. P.I. Kamel et al. developed a 
classification of total calcium parameters on chest X-ray 
images using deep ANN, making it possible to reduce the 
need for CT in some patients [63]. In this study, the AUC 
reached 0.73 and 0.7 in the anteroposterior and lateral 
images, respectively, when detecting CAC. Moreover, a 
study proposed a neural network that could analyze invasive 
coronary angiography images within seconds and detect CAC 
with a F1 of 0.802 [64].

Thoracic aorta calcification
In contrast to CAC, the accuracy of TAC detection 

on CT scans does not depend on the heart contraction 
intensity [65]. For example, in a study by I. Isgum et 
al., the TAC detection rate was 97.9% when using the 
k-nearest neighbor method, which correlated with manual 
findings [65]. In recent years, DL made it possible to detect 
CAC and TAC simultaneously [66]. Similarly, SGM van 
Velzen et al. used these methods with various CT modalities 
(including CT with the determination of coronary calcium, 
low-dose chest CT, and positron-emission CT), with an 
intraclass correlation coefficient of 0.68–0.98 [67]. Notably, 
a sensitivity of 98.4% was observed in a study using a 
convolutional neural network (CNN) for TAC detection, which 
made it possible not only to detect TAC in the ascending and 
descending aorta and the aortic arch but also to assess the 
risk level [68]. Thus, radiologists now routinely employ AI 
to automatically assess CAC and TAC.

Abdominal aorta calcification
DL advancements made it possible to automatically 

detect AAC, which was confirmed in two studies [69, 70]. 
Dual-energy X-ray absorptiometry is a diagnostic tool that 
assesses the risk for fractures. The increasingly wide use 
of this method suggests the possibility of automating AAC 
assessment; however, because of technical difficulties, it is 
not routinely used for AAC detection. S. Reid et al. classified 
AAC using a densitometry-based CNN, with a high degree of 
agreement with manually obtained findings; the Kappa index 
was 0.71 [69]. CT provides obvious advantages over dual-
energy X-ray absorptiometry for the qualitative assessment of 
aortic calcification. P.M. Graffy et al. effectively implemented 
automatic detection of AAC using abdominal CT in >9,000 
patients; the authors attributed their success to the use of 
mask region-based CNN [70]. This study also assessed the 
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prevalence of AAC based on quantitative data, which supports 
the importance of AI. 

In summary, AI can be used to automatically quantify 
AAC; however, available data are extremely limited.

Carotid artery calcification
CT in combination with AI can be used to detect 

calcification of both extracranial and intracranial internal 
carotid arteries [71, 72, 73]. G. Bortsova et al. used four 
DL networks with a structure similar to that of U-Net. 
The accuracy of ICAC detection was higher than manual 
assessment, with a sensitivity of 83.8% and a prognostic 
value of 88% [73]. Manual assessment of CIC necessitates 
meticulous analysis; moreover, it is prone to errors, with 
similar probability (e.g., bone calcification). Given this, the 
excellent accuracy of DL is of great importance. 

Magnetic resonance imaging (MRI) can detect the most 
significant differences between CaAC and other vascular 
calcifications [71]. In earlier studies, MRI showed low 
accuracy in detecting calcifications [71]. However, the use 
of simultaneous noncontrast angiography and intraplaque 
hemorrhage (SNAP) has improved the ability to detect 
calcifications using MRI. SNAP inverts all signals by pulse 
inversion, followed by T1-weighted inversion recovery and 
a proton density-weighted control scan with dual gradient 
echo, providing high-quality images of the cranial and 
cervical spine arteries [74]. Although SNAP effectively detects 
calcification, it is prone to motion artifacts and has a long 
acquisition time. Goal-SNAP and quick SNAP can be used to 
address this issue [75, 76]. In this study, ML algorithms such 
as random forest are similar to ANNs in terms of calcification 
detection; however, DL may be more effective in segmenting 
vascular components, which requires further research.

Mammary artery calcification
MAC is visualized on mammograms; however, 

calcifications have extremely diverse manifestations. They 
can be bifurcated, overlapping, or truncated, with varying 
intensities [77]. As a result, MAC is difficult to quantify 
manually because of its heterogeneous presentations. 

Mammography is an X-ray diagnosis method used for 
screening and intended for breast cancer detection. It has 
been included in the scope of preventive medical examination 
since 2012. In line with the regulations of the Ministry of 
Health of the Russian Federation, the frequency of this study 
increases annually. 

Several authors have considered the use of DL in this 
context. Mammograms were divided into sections because 
the amount of data was too large for direct entry [53]. The 
12-layer CNN defines MAC detection as a second-order 
task [28]. Although it successfully distinguished the presence 
and absence of MAC, the accuracy of the quantitative 
assessment was insufficient [28]. Furthermore, data analysis 
and processing were time-consuming because of the need to 
process each segment separately. Subsequently, researchers 

improved the CNN considering the described drawbacks, 
suggesting the use of a simple contextual U-Net (SCU-Net) 
and a dense U-Net (DU-Net) [33, 53]. SCU-Net is a simpler 
version of U-Net that addresses MAC accounting for <1% 
of the images, resulting in a significant amount of data and 
preventing the system’s efficient training. DU-Net eliminates 
this problem by considerably improving the efficacy of 
the CNN, with an accuracy of 91.47% and a sensitivity of 
91.22% [53].

In summary, DL used for automatic MAC detection 
has advanced considerably; however, no public dataset is 
available for the unification in this field, which necessitates 
further studies.

DISCUSSION
AI can facilitate and improve the work of imaging 

specialists regarding vascular calcification by performing 
preliminary screening and enhancing data processing 
efficacy.

The accuracy of AI in X-ray diagnosis was determined by 
AI algorithms and image characteristics. The efficacy of ML 
and DL algorithms has improved significantly, increasing the 
diagnostic value of these techniques. As imaging technology 
evolves, image quality improves, which intensifies the 
efficiency of diagnosis. AI capabilities depend on the high 
quality of databases required for training, which can also be 
useful in creating public databases or testing platforms. Thus, 
engineers and physicians should work to improve AI diagnostic 
capabilities based on AI algorithms and image quality.

Although AI has demonstrated good results in five types 
of vascular calcifications, it also has potential diagnostic 
value in renal artery calcification, a condition with confirmed 
prognostic value for hypertension and proteinuria [79]. 
Moreover, the number of studies on AAC and CaAC is modest, 
which increases interest in their research. Table 3 provides a 
comparison of the efficacy of AI in the diagnosis of each type 
of vascular calcification.

CONCLUSION
Artificial intelligence has proven to be effective in the 

diagnosis of vascular calcifications. In addition to improved 
accuracy and efficiency, its level of detail is superior to that 
of manual diagnosis methods. AI has advanced to the point 
that imaging specialists can automatically detect vascular 
calcification. Artificial intelligence can contribute to the 
successful development of X-ray imaging in the future.
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Table 3. Comparison of the efficacy of AI in the diagnosis of five types of vascular calcification

Vascular 
calcification type

Number of 
studies

Use of X-ray 
imaging Use of CT Use of MRI Use of DL

Coronary artery 
calcification Large Yes Yes No

Pixel-based and end-to-end DL 
in combination with GAN reduces 
the level of noise and artifacts for 
a reliable automatic assessment 
of CAC and interpretation of the 

results

Thoracic aorta 
calcification Moderate No Yes No

DL ensures the automatic detection 
of TAC and CaAC and enables 

the assessment of the findings in 
various portions of the aorta

Abdominal aorta 
calcification

Small, more 
studies are 

required
Yes Yes No

DL techniques such as the mask 
region-CNN enable accurate 

qualitative assessment of AAC 
when using DEXA and CT

Carotid artery 
calcification

Small, more 
studies are 

required
No Yes Yes

The efficacy of DL is similar to 
that of ML and superior to human 

performance, with the added 
possibility of using MRI

Mammary artery 
calcification Moderate Yes No No

U-Net, SCU-Net, DU-Net, and other 
improved DL systems facilitate 

MAC detection

Note: AAC, abdominal aorta calcification; CAC, coronary artery calcification; CT, computed tomography DEXA, dual-energy X-ray absorptiometry; DL, 
deep learning; DU-Net, dense U-Net: GAN, generative adversarial network; MAC, mammary artery calcification; ML, machine learning; MRI, magnetic 
resonance imaging; Mask region-CNN, mask region-based convolutional neural network; SCU-Net, simple contextual U-Net; TAC, thoracic aorta 
calcification. 
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