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Abstract
Objective  To investigate an automated aortic calcium segmentation and scoring tool at abdominal CT in an adult screening 
cohort.
Methods  Using instance segmentation with convolutional neural networks (Mask R-CNN), a fully automated vascular 
calcification algorithm was applied to a data set of 9914 non-contrast CT scans from 9032 consecutive asymptomatic adults 
(mean age, 57.5 ± 7.8 years; 4467 M/5447F) undergoing colonography screening. Follow-up scans were performed in a subset 
of 866 individuals (mean interval, 5.4 years). Automated abdominal aortic calcium volume, mass, and Agatston score were 
assessed. In addition, comparison was made with a separate validated semi-automated approach in a subset of 812 cases.
Results  Mean values were significantly higher in males for Agatston score (924.2 ± 2066.2 vs. 564.2 ± 1484.2, p < 0.001), 
aortic calcium mass (222.2 ± 526.0 mg vs. 144.5 ± 405.4 mg, p < 0.001) and volume (699.4 ± 1552.4 ml vs. 426.9 ± 1115.5 
HU, p < 0.001). Overall age-specific Agatston scores increased an average of 10%/year for the entire cohort; males had a 
larger Agatston score increase between the ages of 40 to 60 than females (91.2% vs. 75.1%, p < 0.001) and had significantly 
higher mean Agatston scores between ages 50 and 80 (p < 0.001). For the 812-scan subset with both automated and semi-
automated methods, median difference in Agatston score was 66.4 with an r2 agreement value of 0.84. Among the 866-patient 
cohort with longitudinal follow-up, the average Agatston score change was 524.1 ± 1317.5 (median 130.9), reflecting a mean 
increase of 25.5% (median 73.6%).
Conclusion  This robust, fully automated abdominal aortic calcification scoring tool allows for both individualized and 
population-based assessment. Such data could be automatically derived at non-contrast abdominal CT, regardless of the 
study indication, allowing for opportunistic assessment of cardiovascular risk.
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Abbreviations
R-CNN	� Convolutional neural networks
CVD	� Cardiovascular disease
CT	� Computed tomography

ROI	� Region of interest
HU	� Hounsfield unit

Introduction

Cardiovascular disease (CVD) is the leading cause of mor-
tality in the US and remains one of the greatest public health 
concerns of our time. CVD currently affects an estimated 
92.1 million Americans, and the American Heart Associa-
tion expects nearly 44% of the US population to have some 
form of heart disease by 2030 [1, 2]. Many clinical meth-
ods have been developed to assess the risk factors of CVD, 
including the Framingham Risk Score [3], lipid screening 
[4], hypertension management [5], as well as imaging tech-
niques that measure atherosclerosis and calcium aggregation 
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[6–10]. Though utilized less frequently than other clinical 
techniques due to cost and accessibility, imaging modalities 
such as computed tomography (CT) have shown to be robust 
tools at characterizing CVD and its associated comorbidi-
ties [11–14].

CT imaging is generally considered the most effective 
technique to characterize aortic calcification in adults. 
Though calcification can be assessed by either dual energy 
X-ray absorptiometry or non-contrast CT, the latter offers 
the distinct advantage of quantifying the extent of mural 
calcium in the aorta [6, 7, 15]. Manual, semi-automated, 
and automated methods have been developed for CT to 
accurately detect and score aortic calcification at both the 
patient and population levels [12, 16, 17]. Furthermore, 
deep-learning-based algorithms that detect and compute aor-
tic calcification have the potential to be a valuable clinical 
asset when applied to both individual patient scans and more 
broadly to adult screening populations. Few studies have 
investigated the utilization of a fully automated approach to 
characterize abdominal aortic calcification at the population 
level, including changes over time. The purpose of this study 
was to apply an automated CT-based abdominal aortic cal-
cium segmentation algorithm to a large asymptomatic adult 
cohort undergoing low-dose non-contrast abdominal CT to 
determine normal age- and gender-related differences at the 
population level.

Materials and methods

Patient population

This was an IRB-approved, HIPAA-compliant retrospective 
cohort study. 9032 consecutive adults underwent initial low-
dose non-contrast abdominal CT for colonography screen-
ing at a single academic medical center between April 2004 
and December 2016. 9930 studies were initially considered 
for inclusion, with 16 excluded based on algorithmic seg-
mentation failures, yielding a total of 9914 eligible studies 
which served as the primary cohort. 882 patients had at least 
one follow-up CTC study, which was included to assess for 
longitudinal changes over time. A subset of 812 consecu-
tive patients were also evaluated with a validated semi-auto-
mated technique. All patient information was anonymized 
prior to investigation.

CT scanning protocol

Specifics relating to CT colonography technique such as 
bowel preparation and distention have been previously 
described and are beyond the scope or concern of this study 
[18]. Breath-hold CT acquisition of the abdomen and pel-
vis without IV contrast was obtained in both supine and 

prone positions, but only the former was utilized herein for 
abdominal aortic calcium assessment. All CT scans were 
performed on 8–64 multi-detector-row scanners (GE Health-
care). Scanning was performed at 120 kV with reduced-dose 
mA settings (typically modulated between 30 and 300). 
Axial images for extracolonic evaluation reconstructed using 
5 mm slice thickness at 3 mm intervals were utilized for our 
study.

Algorithms for abdominal aortic calcium 
measurements

The atherosclerotic plaque detection and segmentation 
algorithm utilized in this study represents a fully automated 
deep-learning system developed and trained at our institu-
tion on a separate low-dose CT cohort [19–21]. Specifically, 
the system was primarily trained on an independent training 
dataset of 112 low-dose CT scans from a different institu-
tion, consisting of over 4500 aortic plaques [19].

The CT images are first processed by fully automated 
spine segmentation and labeling software that identifies 
the slice that corresponds to the superior and inferior end-
plates of each vertebral body from T12 to L5 [22]. Then, a 
semi-supervised learning method with Mask R-CNN was 
utilized for automated detection and segmentation of ath-
erosclerotic plaques, due to its precise and rapid segmenta-
tion [23]. Mask R-CNN extends Faster R-CNN [22] with 
a segmentation branch to generate masks with different 
classes. It employs a single-stage training process to jointly 
detect, classify, and segment plaques. In this study, a first 
Mask R-CNN with ResNet50 is initialized with COCO pre-
trained model and fine-tuned with the supervisedly labeled 
plaques. For hard negative mining, false positives with high 
prediction scores are unsupervisedly clustered by k-means. 
A second Mask R-CNN is retrained by fine-tuning the first 
Mask R-CNN model with the plaques and clustered false 
positives. To further reduce false-positive plaque detections, 
the system analyzes both axial and sagittal CT image vol-
umes. Plaque detections are retained for voxels detected on 
both the axial and sagittal image volumes, and can be viewed 
image-by-image for confirmation. A schematic example of 
the visual appearance of this segmentation and quantifica-
tion is shown in (Fig. 1).

Atherosclerotic plaque quantification is performed by 
calculating the Agatston, volume, and mass scores of each 
plaque according to published methods [24]. The scores 
for each slice from the superior endplate of L1 through the 
middle of L4 were summed to create a per-patient score. 
Note that the scores can be much higher than those typi-
cally encountered in the coronary arteries due to the greater 
diameter and length of the abdominal aorta.

The atherosclerotic plaque detection, segmentation and 
measurement algorithm takes about 6 min to process an 
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abdominal study (2.4 GHz Intel E5-2680v4, NVIDIA K80 
GPU and 8 GB memory per CPU).

For comparison with this fully automated method, we 
utilized abdominal aortic calcium results in a subset of 812 
patients that were previously obtained using a validated 
semi-automated coronary calcium screening tool applied 
to the abdominal aorta (V3D-Calcium Scoring; Viatronix) 
[17]. Of note, this semi-automated univariate method has 
been shown to be more predictive of future cardiovascular 
events than the multivariate Framingham risk score (FRS) 
[17]. This semi-automated method consisted of direct 
manual ROI segmentation of the abdominal aorta, which 
differs from the vertebral level method for the automated 
technique. A Hounsfield unit (HU)-based region-growing 
algorithm (threshold set at 130 HU) captured the calcium 
load, which was reported as volume, mass, and Agatston 
score. For the purposes of comparison with the automated 
method in this study, we considered only the semi-automated 
Agatston scores.

Statistical analysis

Summary statistics were collected for the patient popula-
tion based on age and gender. In patients with follow-up 
CT scans, changes in Agatston score, volume, and mass 
were recorded, as was annual change, which was derived 
by dividing by the time interval between initial and follow-
up CT for each patient. Percent change was calculated by 
taking the difference between the two scans, dividing by 
the initial value, and multiplying by 100. Percent change 
over time was calculated by taking the percent change and 
dividing by the time interval between scans. Comparison 
of means was done using independent t tests between gen-
ders and ages with a null hypothesis value of 0.05. Data 
processing and analysis were performed using base R (R 
Core Team, v. 3.4.2).

Fig. 1   Non-contrast CT images of the abdominal aorta over time in 
57-year-old man (at time of initial CT) for schematic depiction of 
the automated calcium tool segmentation. a–c Transverse (axial) 
images at the L3 level show progressive increase in abdominal aor-
tic calcification over a 13-year interval. d and e Coronal image with-

out (d) and with (e) schematic overlays depict the prescribed L1–L4 
level (between the dotted lines) localized by the automated tool, as 
well as the segmented aortic calcification (red areas) for quantifica-
tion. In practice, the automatically segmented plaques can be quickly 
reviewed on an image-by-image basis
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Results

The mean age (± SD) of the 9032 individual patients 
included in this study was 57.5 ± 7.8 years (range 23–95); 
there were 4011 men and 5021 women. 866 patients (445 
men and 421 women) underwent a follow-up study (mean 
interval, 5.4 years). Of the 812 patients evaluated by both 
automated and semi-automated techniques, 369 were male 
and 443 were female. Exclusions (n = 16) were primar-
ily due to algorithmic failure to accurately determine the 
vertebral level, resulting in an overall failure rate of 0.2% 
(16/9930).

Aortic volume, mass, and Agatston score all showed 
non-normal population distributions irrespective of age or 
gender, with skew towards higher values (Fig. 2). Strong 
age-related increases were seen in the patient cohort for 
Agatston score, calcium volume, and mass (Fig.  3a). 
When separated by sex, mean male Agatston score was 
greater than that of females for every age category above 
the age of 40 (Fig. 3b). Mean values were also signifi-
cantly higher in males for Agatston score (924.2 ± 2066.2 
vs. 564.2 ± 1484.2, p < 0.001), aortic calcium mass 

(222.2 ± 526.0  mg vs. 144.5 ± 405.4  mg, p < 0.001) 
and volume (699.4 ± 1552.4  ml vs. 426.9 ± 1115.5 
HU, p < 0.001). A total of 3054 adults (30.8%) had an 
Agatston score of zero, 5309 (53.6%) had a score < 100, 
6641 (67.0%) had a score < 300, and 3273 (33.0%) had a 
score > 300.

Population-based data according to age and gender are 
shown in Table 1. Overall age-specific Agatston scores 
were higher by age an average of 10%/year; males had a 
larger Agatston score increase between the ages of 40 to 
60 than females (91.2% vs. 75.1%, p < 0.001) and had sig-
nificantly higher mean Agatston scores between ages 50 
and 80 (p < 0.001) (Table 1). When compared with patient 
BMI, Agatston score showed nearly no association with an 
r2 correlation coefficient of 0.0031. However, patients with 
a reported BMI of ≥ 30 had a mean Agatston score of 845.7 
versus 649.3 for those with a BMI ≤ 29 (p < 0.001).

For the patient subset evaluated with both semi-auto-
mated and automated techniques, Agatston scores showed 
an r2 correlation coefficient of 0.84, and the median differ-
ence in Agatston score was 66.4 (mean difference, 383.6). 
Bland–Altman analysis is shown in Fig.  4. Among the 
patient subset with longitudinal follow-up, the average 

Fig. 2   Population density plot for automated abdominal aortic Agatston score (a), calcium volume (b), and calcium mass (c) for the entire study 
cohort. Note relatively normal peak near zero, but long tail skewing towards higher calcium loads
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Agatston score change was 524.1 ± 1317.5 (median, 130.9), 
reflecting a mean percent increase of 25.5% (median, 
73.6%). The mean male Agatston change was 618.7 (13% 
from baseline) while the mean female change was 424.0 
(39% from baseline).

Discussion

Given our relatively unique abdominal CT cohort of asymp-
tomatic outpatient adults, our study provides useful norma-
tive values for abdominal aortic calcium levels, including 
age- and gender-related differences. In addition, we dem-
onstrate the potential utility of the fully automated abdomi-
nal aortic calcification algorithm that we employed. To our 
knowledge, this retrospective cohort study is the first to 
achieve fully automated abdominal aortic calcium measure-
ments on a large-asymptomatic screening population. With 
the information and CT tool provided by this study, clini-
cians and researchers can potentially assess for cardiovascu-
lar risk in adults on non-contrast abdominal CT scans, either 
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prospectively or retrospectively, performed for a variety of 
indications.

This study found mean Agatston scores to be significantly 
different for males and females within certain age ranges. 
On average, adult males had an approximately 33% greater 
Agatston score and calcium volume, and 27% more calcium 
mass than females. While both sexes gained abdominal 
aortic calcium (as measured by Agatston score) at about 
the same rate, males had significantly more calcium than 
females between the ages of 50 and 80. Furthermore, norma-
tive values for every age category were established for adult 
asymptomatic patients of both sexes between the ages of 
40 and 80. Additionally, though CVD is related to obesity, 
and obesity is associated with both BMI and aortic calcium 
[25, 26], this study found no correlation between BMI and 
aortic calcium, which corresponds to the results found in 
other studies [27].

Various other studies have validated the efficacy of CT-
based measurements of coronary artery calcification (CAC) 
or thoracic aortic calcification, typically using manual or 
semi-automated methods [28–30]. Agatston score is cur-
rently one of the most common measures to assess CVD 
risk at CT using Hounsfield Unit (HU) measurements to 
detect and quantify hard plaque accumulation. Many stud-
ies have employed a manual, automated, or semi-automated 
algorithms to simply detect the presence or absence of cal-
cification or produce an Agatston score for patients with 
CAC [6, 7, 10–13]. Few studies have employed a fully auto-
mated method in a large-asymptomatic screening cohort 
to provide normative values for abdominal aortic calcium 
at CT. However, comparison with the previously validated 
semi-automated measurement method presented in this 

study [17] demonstrated the validity of the measurements 
obtained using this fully automated technique. A strong 
correlation was observed between the semi-automated and 
automated measurement techniques for the subset of patients 
who received both, despite the fact that the two techniques 
differed slightly in terms of anatomic segmentation. Cases 
with greater discrepancies tended to have a large calcium 
burden, such that the difference in scoring would likely have 
no clinical impact.

Abdominal CT is a commonly performed study on mid-
dle-age and older adults in the U.S. [31], which provides 
an opportunity to screen for multiple conditions beyond 
the study indication itself, such as osteoporosis, abdominal 
aortic aneurysm, hepatic steatosis, and metabolic syndrome 
[32–37]. If abdominal aortic calcium assessment is com-
bined with other opportunistic screening tasks, such as bone 
mineral density, visceral fat, and muscle bulk, significant 
potential value may be added [17, 38–41]. These additional 
measures can be added without any additional time or dose 
to the patient, and with relatively little or no input from the 
radiologist. Going forward, we plan to investigate whether 
these automated measures are predictive of future adverse 
events, such as myocardial infarction, stroke, and death, 
among others. In a smaller cohort, semi-automated CT-
based abdominal aortic calcification scoring was more pre-
dictive of future cardiovascular events than the Framingham 
risk score [17]. Ideally, risk profile screening for a wide vari-
ety of unsuspected conditions could help referring provid-
ers to initiate management plans for patients with concern-
ing opportunistic screening results. Identification of such 
patients whose Agatston score drastically increases over time 
could be useful for studying the relationship between other 

Fig. 4   Bland--Altman plot 
comparing Agatston scores 
for abdominal aortic calcifi-
cation using automated and 
semi-automated techniques. 
The upper and lower limits of 
agreement were 2280.1 (95% CI 
2120.1–2440.2) and − 3047.3 
(95% CI − 2887 to − 3207) with 
a bias of − 383.6 (95% CI − 290 
to − 477) toward the semi-
automated measurement. Of 
note, the more discrepant scores 
involve patients with higher cal-
cium loads, where classification 
is unlikely to be impacted
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adverse health outcomes. Furthermore, we are not aware of 
studies to date that have established a relationship between 
changes in abdominal aortic calcium over time and adverse 
clinical outcomes, which is also something we plan to inves-
tigate further.

We acknowledge certain limitations to our study. All 
cases were derived from a single medical center employing 
scanners from a single CT vendor and non-contrast tech-
nique. Further external validation of the tool using a vari-
ety of different patient care settings and CT techniques is 
warranted. Testing and validation on contrast-enhanced CT 
scans is warranted to further expand the potential impact 
of this tool. The automated segmentation failed in 16 cases 
(0.2%), largely due to an inability of the algorithm to deter-
mine the proper vertebral level. An exact determination into 
the specific causes of these failures has not yet been ascer-
tained but could conceivably be due to CT artifact or noise, 
spinal hardware, or vertebral compression fractures, all of 
which could lead to segmentation error. Future work will 
focus on the source of computational errors in failed cases, 
with the hope of further improving the automated technique. 
Given the large cohort size, we did not review segmentation 
individually for each case. Lastly, this initial study did not 
attempt to correlate abdominal aortic calcium values with 
downstream adverse clinical outcomes. As mentioned, this 
critical next step will be the focus of future research. If we 
are successful in demonstrating clinical utility of this auto-
mated calcium tool in risk profiling, the next logical step 
would be widespread implementation as a prospective clini-
cal tool.

In summary, we provide validation for a deep-learning-
based automated aortic calcium segmentation tool at abdom-
inal CT. This automated CT tool has the potential to provide 
both rapid and objective assessment and allowed us to apply 
it to a large retrospective research cohort and derive popula-
tion-based normative values. We also found significant and 
interesting differences in Agatston score according to gen-
der and age. By assessing the sub-cohort with longitudinal 
CT follow-up, this fully automated calcium segmentation 
method can also characterize interval changes in volume and 
mass over time. With further research, it may be possible to 
translate this information into an opportunistic approach to 
evaluate CVD risk on any routine abdominal CT, regardless 
of the study indication.
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