
 

 

 University of Groningen

Quantitative cardiac dual source CT; from morphology to function
Assen, van, Marly

DOI:
10.33612/diss.93012859

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2019

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Assen, van, M. (2019). Quantitative cardiac dual source CT; from morphology to function. [Thesis fully
internal (DIV), University of Groningen]. Rijksuniversiteit Groningen. https://doi.org/10.33612/diss.93012859

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://doi.org/10.33612/diss.93012859
https://research.rug.nl/en/publications/645f5fcf-d87f-46c3-adec-a57e78d23b1f
https://doi.org/10.33612/diss.93012859


50

3



51

Deep Learning-based Automated CT  
Coronary Artery Calcium Scoring

Simon S. Martin, Marly van Assen, Saikiran Rapaka, Andreas M. Fischer, Akos Varga-
Szemes, H. Todd Hudson Jr., Pooyan Sahbaee, Chris Schwemmer, Mehmet A. Gulsun, 

Serkan Cimen, Puneet Sharma, Thomas J. Vogl, U. Joseph Schoepf

Submitted



52

ABSTRACT

Objectives: The aim of this study was to evaluate a deep learning-based automated 
coronary artery calcium scoring application for electrocardiogram (ECG)-triggered 
non-contrast cardiac computed tomography (CT).

Background: Coronary artery calcium scores (CACS) are routinely acquired in CT 
examinations of the heart. The measurement of CACS usually requires the manual 
input of a human operator to identify and mark calcified coronary lesions in each image 
section. As this approach is labor-intensive and time-consuming, a more automated 
workflow is desirable to reduce the need for human interaction.

Methods: We analyzed a fully automated calcium scoring application that is composed 
of multiple deep learning models, including voxel segmentation and computing the 
likelihood of a voxel being coronary calcium. The software automatically identifies 
the coronaries and calcified lesions, whereas aortic plaques are excluded from the 
calculations using a model for aorta segmentation. This algorithm was trained on 2000 
annotated ECG-triggered cardiac CT scans. Then, the application was evaluated on 
511 consecutive patients (mean age, 56.4±10.2 years; 211 men) undergoing non-contrast 
cardiac CT. Results were compared to CACS obtained via standard manual assessment 
by independent cardiovascular imagers.

Results: CACS values revealed no significant differences between the automated 
algorithm and the reference standard (P=0.282). CACS using the automated application 
showed an excellent correlation with the reference standard (Pearson, r=0.97). In 
addition, 476 of the 511 patients (93.2%) were classified into the same risk category (0, 
1-10, 11-100, 101-400, or >400) by the deep learning algorithm as by the human observers.

Conclusion: Deep learning-based automated calcium scoring for non-contrast ECG-
triggered cardiac CT shows high accuracy when compared to manually obtained 
reference scores. The use of this fully automated software application may reduce the 
need for human user interaction and interpretation time.
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INTRODUCTION

Coronary artery calcification has been shown to be an independent predictor for 
coronary events (1-5) and is generally recommended for cardiovascular risk assessment 
(6). Therefore, coronary artery calcium scores (CACS) are routinely acquired in 
computed tomography (CT) examinations of the heart and most commonly assessed 
by the method according to Agatston (7). The measurement of CACS usually requires 
the manual input of a human operator to identify and mark calcified coronary lesions 
in each image section. The selected calcified lesions are subsequently quantified by 
calcium scoring software available on a multitude of commercial image processing 
workstations (8). As this approach is labor-intensive and time-consuming, a more 
automated workflow is desirable to reduce the need for human interaction.

Several studies have evaluated (semi)automatic methods for CACS in CT, based on 
standard non-contrast electrocardiogram (ECG)-triggered cardiac calcium scoring 
CT (9-12), contrast-enhanced coronary CT angiography (CCTA) (13-16), and non-ECG-
triggered non contrast chest CT (17,18). Recently, deep learning and artificial intelligence 
(AI) methods have been evaluated in medical imaging for classification, detection, and 
segmentation tasks (19). These algorithms have shown promising results for breast 
cancer detection (20), classification of interstitial lung disease (21), and the calculation 
of CCTA-derived fractional flow reserve (FFR) (22,23), among other applications.

The aim of this study was to evaluate a novel deep learning-based software for 
automated coronary artery calcium scoring in non-contrast ECG-triggered cardiac CT.

METHODS

Patient selection and study design
This single-center, retrospective study was approved by the ethics committee of 
our university hospital and the need for informed consent was waived. A total of 511 
consecutive patients (mean age, 56.4 ± 10.2 years) with clinically indicated coronary 
calcium CT were included in the present study. All CT scans were performed between 
September 2014 and May 2018. The study population consisted of 211 men and 300 
women. The mean body mass index (BMI) was 29.7 ± 8.3 kg/m2 and the mean heart rate 
during CT was 62 ± 14 beats/min. Patient characteristics and cardiac risk factors are 
demonstrated in Table 1.

chapter 3: deep learning-based automated ct coronary artery calcium scoring

3



54

Cardiac CT acquisition
All data were acquired on a third-generation dual-source CT scanner (SOMATOM Force, 
Siemens Healthineers, Forchheim, Germany). CACS was performed via a prospectively 
ECG-triggered non-contrast sequential acquisition using the following parameters: 
tube voltage 120 kV, automated tube current modulation (CARE Dose4D, Siemens), 
reference tube current-time product of 80 mAs, collimation: 2×192×0.6 mm, gantry 
rotation time 0.25 sec. Examinations were performed during inspiratory breath hold 
and in the craniocaudal direction. The standard 120 kV scans were reconstructed with a 
routine filtered back projection (WFBP) algorithm, using a medium sharp convolution 
kernel (Qr36), 3.0 mm section thickness, and an increment of 1.5 mm.

Table 1: Patient characteristics

Characteristics Value

Age (years) 56.4 ± 10.2

Male patients 41.3% (211)

Female patients 58.7% (300)

BMI (kg/m2) 29.7 ± 8.3

Cardiac Risk Factors

Hypertension 44.2% (226)

Diabetes mellitus 17.4% (89)

Dyslipidemia 48.1% (246)

Family history of CAD 47.7% (244)

Smoking (current or past) 35.0% (179)

Values are mean ± standard deviation (SD) or percentages with number 
of patients in parenthesis. BMI = body mass index; CAD = coronary artery disease.

Automated calcium scoring technique
Deep learning-based automated calcium analysis was performed using a research 
prototype (Automated CaScoring, Siemens Healthineers), which is currently not 
commercially available. The calcium scoring application depends on multiple 
underlying models for understanding the context of the CT image (Figure 1). First, 
a deep learning model is used to identify and segment the region belonging to the 
pericardium in the entire image to minimize false positive calcium detections from 
other organs. A list of potential calcium candidates is then computed using a threshold 
of 130 HU in this region.

part 1: coronary plaque and vessel wall analysis
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Figure 1: The automatic calcium scoring model is composed of multiple AI models. First the 
cardiac region is automatically identified, and potential calcium candidates are identified using 
a specific threshold. The calcium likelihood model uses a ResNet architecture for image features, 
as well as a fully connected network for spatial features. Finally, an aortic segmentation model is 
employed to eliminate false positive calcified lesions in the aorta.

Using a database of coronary CTA images with labeled coronaries, a voxel-wise model 
was built to determine the likelihood of each voxel belonging to a coronary artery in 
a patient-specific coordinate system. The calcium scoring model was trained using an 
annotated dataset of 2000 coronary calcium CT scans to determine the probability of 
a voxel being a coronary calcification, given that the local image data and the coronary 
weights for each calcium candidate served as input. Finally, the model predictions are 
post-processed using a separate deep learning model for aorta segmentation to ensure 
that calcium within the aorta is not included in the CACS calculations (Figure 2).

CT data analysis
Standard CACS on non-contrast CT was measured using commercially available software 
(CT CaScoring, Siemens) according to the Agatston convention (7,24). Coronary artery 
calcifications were manually selected in the coronary arteries by subspecialty-trained 
cardiac imagers during clinical routine and served as the reference standard. The same 
datasets were evaluated using the fully automated deep learning-based CACS software. 
The diagnostic accuracy of this application was validated by systematic comparison 
with manually obtained CACS. Based on the resulting Agatston score, patients were 
classified according to their CACS in standard risk categories (0, 1-10, 11-100, 101-400, 
or >400) (25).
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Figure 2: The calcium scoring tool is composed of multiple deep learning models and uses a 
voxel-wise model for the likelihood of each voxel belonging to the coronary arteries in a patient-
specific coordinate system (A). This algorithm was trained on an annotated dataset of 2000 
coronary calcium CT scans to learn the probability of a given voxel being a coronary calcification. 
Finally, the model predictions are post-processed using a separate deep learning model for aorta 
segmentation to ensure that calcium within the aorta is not included in the CACS calculations (B, 
arrow).

Statistical evaluation
Statistical analysis was performed using MedCalc (MedCalc Software bvba, version 18, 
Ostend, Belgium). Normal distribution was assessed using the Kolmogorov-Smirnov 
test. Continuous variables were expressed as a mean ± standard deviations (SD) and 
non-parametric variables were expressed as a median with interquartile ranges (IQR). 
Student’s t-test was applied for data showing normal distribution, whereas the Wilcoxon 
signed-rank test was applied for data showing non-normal distribution. Pearson 
correlation coefficients and intraclass correlation (ICC) with 95% confidence intervals 
(CI) were calculated to correlate between the manually annotated CACS and the fully 
automated CACS method. A P-value < 0.05 was considered statistically significant.

RESULTS

In the study group of 511 consecutive patients, 50.5% (272/511) of patients had a CACS 
of 0 according to human evaluation. The percentage of patients for the remaining 
risk categories (1-10, 11-100, 101-400, or >400) were 9.6% (49/511), 17.8% (91/511), 11.7% 
(60/511), and 7.6% (39/511), respectively. The median time needed by the deep learning 
application to generate the final CACS value was 2.7 sec (IQR, 2.3–3.5 sec).
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There were no significant differences for CACS values between the automated algorithm 
(median, 0; IQR, 0–59.1) and the reference standard (median, 0; IQR, 0–58.0) (P=0.282). 
The median absolute error for the fully automated classification was 0 (IQR, 0 –1.0). The 
CACS results of the automated algorithm correlated highly with the reference standard 
(r=0.97 and ICC=0.956; 95%CI, 0.948 to 0.963) (Figure 3).

Figure 3: The coronary artery calcium scoring (CACS) results of the automated algorithm were 
highly correlated with the manual evaluation (r=0.97 and ICC=0.956; 95%CI, 0.948 to 0.963). There 
were no significant differences for CACS values between the automated algorithm (median, 0; 
IQR, 0–59.1) and the reference standard (median, 0; IQR, 0–58.0) (P=0.282).

The agreement between the two methods is displayed in Table 2. The fully automated 
software classified 476 of 511 (93.2%) patients into the same risk category as the human 
observers, whereas 35 (6.8%) patients were misclassified into a different category. 
Overall, 15 (2.9%) patients were downgraded to a lower category and 20 (3.9%) patients 
were upgraded to a higher category. In the group of patients with no calcified coronary 
lesions, 258 (94.9%) patients were accurately classified as free of calcified atherosclerosis 
(i.e., CACS) of 0 by the deep learning-based application, whereas 14 (2.7%) patients with 
a CACS of 0 by human evaluation were classified as positive for calcium by the deep 
learning algorithm and subsequently placed into a higher risk category. In addition, in 
the CACS category of 1–10 (n=49), 36 (73.5%) patients remained in the same category 
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and 9 (18.4%) patients with a median CACS of 1 were wrongly classified into the CACS 
category of 0. The remaining 4 (8.2%) patients were upgraded to one risk category 
higher. Of the 91 patients with a CACS of 11–100, 87 (95.6%) patients remained in the 
same category and 2 (2.2%) patients each were shifted to a lower or higher category. In 
the CACS category of 101-400, 59 (98.3%) patients remained in the same category and 
only one patient was downgraded to a lower category. Finally, three patients (7.7%) 
with a CACS of >400 were placed into the next lower category by the deep learning-
based approach.

Consequently, the overall diagnostic performance of the automated CACS approach for 
predicting the correct coronary risk category was 93.2%.

Table 2: Coronary calcium score category

Automated CACS algorithm

Re
fe

re
nc

e 
st

an
da

rd

CACS Category 0 0–10 11–100 101-400 >400

0 258 10 4 0 0

0–10 9 36 4 0 0

11–100 0 2 87 2 0

101-400 0 0 1 59 0

>400 0 0 0 3 36

Agreement within the CACS risk categories between the fully automated deep learning-based algorithm and the 
reference standard. The overall diagnostic performance was 93.2%. CACS = coronary artery calcium score.

DISCUSSION

In this study, we investigated the feasibility and accuracy of a prototype deep learning-
based software application for fully automated CT coronary artery calcium scoring. 
The algorithm was compared to the manual results of seasoned cardiac CT imagers, 
which served as the reference standard. The CACS derived from the deep learning-
based application showed excellent correlation and high diagnostic accuracy compared 
to the reference standard. Moreover, 93.2% of patients were classified into the same risk 
category as by the human observers. Based on our results, the application allows for 
the accurate automated detection and quantification of coronary calcium on standard, 
clinical ECG-triggered non-contrast CT and may therefore reduce the need of manual 
input for CACS in the future.
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Several studies have evaluated (semi)automated CACS methods in the past with 
promising results, using both non-contrast-enhanced and contrast-enhanced cardiac 
CT (9-11,13-18,26,27). Although many cardiac centers have introduced semi-automated 
techniques in their clinical routine, the proportion of fully automated CACS applications 
is low. Wolterink et al. evaluated automated CACS methods for non-contrast CT and 
cardiac CTA (11,28). They showed that use of paired convolutional neural networks 
allows for the correct assignment of 83% of all study patients to the same cardiovascular 
risk category as reference CACS (28). Two further studies by Ebersberger et al. (16) and 
Ahmed et al. (13) showed a high correlation (r=0.97 and r=0.95, respectively) between 
fully automated calculation CACS on contrast-enhanced CTA studies and standard 
non-contrast CT scans.

The introduction of deep learning in medical imaging ushers in substantial 
improvements in a variety of complex tasks, including image segmentation, object 
detection, and disease classification (19-21,29-31). The software prototype evaluated 
in the present study is composed of multiple deep learning models, including cardiac 
segmentation, aortic segmentation and computing the likelihood of a voxel being 
coronary calcium. The application automatically identifies the coronaries and calcified 
lesions using a model for cardiac and aortic segmentation, while aortic and pleural 
plaques are excluded from the calculations. After this segmentation and identification 
process, the software automatically quantifies the calcified lesions and calculates 
the corresponding CACS. This deep learning-based algorithm was trained on 2000 
annotated ECG-triggered cardiac CT scans. Compared to the current literature on 
cardiac AI applications, this represents a comparatively high number of training 
datasets (11,28,32).

The prognostic value of CACS as a risk factor for coronary artery disease has been 
investigated in multiple studies (1-4). Therefore, CACS is used to assign patients to 
a certain risk category to steer appropriate risk modification. Patients assigned to a 
higher CACS risk category have shown a higher mortality rate in large observational 
studies (33,34). The automated deep learning-based CACS application evaluated in 
this study revealed high diagnostic accuracy for classifying patients into the same 
risk category as manual calcium scoring by human observers. Only nine of patients 
with a median CACS of 1 were misclassified into the CACS category of 0. This is an 
important result because it is desired to identify all patients with coronary calcium 
and not incorrectly declare these patients as free of calcified coronary atherosclerosis. 
In addition, an excellent correlation was observed when compared to the reference 
standard. This indicates that this application is performing on a sufficiently high level 
of accuracy for routine clinical use in the context of quantifying coronary calcium and 
clinical decision making, albeit a final quality check of deep learning results by human 
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observers appears still warranted. Nevertheless, substantial workflow improvements 
by minimizing the need for human interaction can be anticipated by the clinical 
integration of artificial intelligence-based algorithms such as the one introduced here.

There are several limitations that have to be considered in the present study. First, 
as we used the data of the cardiac CT reports as the reference standard, observer 
variability for the assessment of CACS was not investigated. However, this approach is 
generally accepted as a robust measurement and reflective of clinical realities. Second, 
all cardiac CT examinations were performed on the same scanner from a single vendor 
and the applicability of this software to data acquired on other vendor scanners should 
be further evaluated in future studies. Third, a large number of patients included in our 
study had a CACS of 0 which also affected the median values of our results. However, 
as we evaluated a dataset of consecutive patients, this represents the typical, real-life 
patient composition in our hospital. Finally, the software requires a non-contrast ECG-
triggered calcium CT scan and can currently not be used for CCTA data sets. However, 
this additional capability is in development and should be available in the near future.

In conclusion, deep learning-based automated CT coronary calcium scoring shows high 
accuracy compared to reference scores obtained manually by human observers. The 
use of this fully automated software application may reduce the need for manual input 
and interpretation time and thus enhance workflow efficiencies for this growing CT 
application.
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