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Background:  Separate noncontrast CT to quantify the coronary artery calcium (CAC) score often precedes coronary CT angiography
(CTA). Quantifying CAC scores directly at CTA would eliminate the additional radiation produced at CT but remains challenging.

Purpose:  To quantify CAC scores automatically from a single CTA scan.

Materials and Methods:  In this retrospective study, a deep learning method to quantify CAC scores automatically from a single CTA
scan was developed on training and validation sets of 292 patients and 73 patients collected from March 2019 to July 2020. Virtual
noncontrast scans obtained with a spectral CT scanner were used to develop the algorithm to alleviate tedious manual annotation of
calcium regions. The proposed method was validated on an independent test set of 240 CTA scans collected from three different CT
scanners from August 2020 to November 2020 using the Pearson correlation coefficient, the coefficient of determination, or 7, and
the Bland-Altman plot against the semiautomatic Agatston score at noncontrast CT. The cardiovascular risk categorization perfor-
mance was evaluated using weighted k based on the Agatston score (CAC score risk categories: 0~10, 11-100, 101-400, and >400).

Results: Two hundred forty patients (mean age, 60 years * 11 [standard deviation]; 146 men) were evaluated. The positive correla-
tion between the automatic deep learning CTA and semiautomatic noncontrast CT CAC score was excellent (Pearson correlation

= 0.96; 7 = 0.92). The risk categorization agreement based on deep learning CTA and noncontrast CT CAC scores was excellent
(weighted k = 0.94 [95% CI: 0.91, 0.97]), with 223 of 240 scans (93%) categorized correctly. All patients who were miscategorized
were in the direct neighboring risk groups. The proposed method’s differences from the noncontrast CT CAC score were not statisti-
cally significant with regard to scanner (P = .15), sex (P = .051), and section thickness (P = .67).

Conclusion: A deep learning automatic calcium scoring method accurately quantified coronary artery calcium from CT angiography
images and categorized risk.

© RSNA, 2021

oronary artery calcium (CAC) scoring is an effec-
Ctive risk stratification tool for coronary artery dis-
ease (1). Multiple types of calcium scoring exist, among
which, to our knowledge, the Agatston calcium score
is the most widely used (2). Traditionally, the Agatston
score is based on noncontrast CT scans. Voxels within
the course of a coronary artery that display an attenua-
tion exceeding a predefined threshold of more than 130
HU are defined as calcium. The score is then computed
by means of a predefined equation (2). In the past, a
semiautomatic approach was adopted, in which human
interaction was needed to differentiate coronary calcium
from calcium deposits in other locations, such as the
aorta and bones, at noncontrast CT. Recently, attempts
have been made to automatically calculate Agatston

scores at noncontrast CT (3-10), including deep learn-
ing—based methods (3,5,8,10,11).

CT angiography (CTA), using an injected contrast ma-
terial to enhance the coronary arteries, is a common non-
invasive modality to evaluate the anatomic and functional
information of the coronary artery tree (12,13). Ordinarily,
CTA is preceded by a noncontrast CT CAC scoring study.
It is desirable to evaluate CAC scores directly at CTA, as it
eliminates the additional radiation associated with the need
for extra noncontrast CT imaging. However, the finding of
automatic CAC scoring at CTA, which is equivalent to the
widely used Agatston scores for noncontrast CT, has not pre-
viously been well established in the literature. Because of the
hyperattenuating appearance of a contrast materialfilled
artery, it is challenging to extract the CAC region at CTA.

This copy is for personal use only. To order printed copies, contact reprints@rsna.org



Calcium Scoring at Coronary CT Angiography Using Deep Learning

Abbreviations

CAC = coronary artery calcium, CTA = CT angiography, ICC =
intraclass correlation coefficient, VNC = virtual noncontrast

Summary

An automatic deep learning approach accurately quantified cal-
cium scores at coronary CT angiography and was validated against
noncontrast CT coronary artery calcium scores using multiple
imaging protocols.

Key Results

= In this retrospective study of 240 patients undergoing coronary
CT angiography, the correlation between the deep learning
calcium scoring and noncontrast CT coronary artery calcium

(CAC) score was excellent ( = 0.92, P < .001).

m The risk categorization agreement between deep learning and
noncontrast CT CAC was excellent (weighted k = 0.94), with 223
of 240 patients (93%) categorized correctly.

m The proposed method’s differences from the noncontrast CT
CAC score in the test set were not significantly different with
regard to scanner (P = .15), sex (P = .051), and section thickness
(P=.67).

Typically, a threshold is used to define the CAC region; for
example, a scan-specific threshold is heuristically determined
using either an aorta Hounsfield unit (14,15) or a coronary ar-
tery Hounsfield unit such as fitting a trendline (16) or analyzing
histogram (17) along a coronary artery. These heuristic thresh-
olding schemes are usually validated in relatively small patient
populations using a single imaging protocol (14,15,17), which

Training and Validation Set

Independent Test Set

may not have been robust enough to handle larger variations.
Previous attempts to derive CAC scores from CTA using seg-
mentation-based deep learning on small data sets have been con-
ducted; however, they relied on manual voxel-level calcification
annotation (18). Manual annotation is not only tedious, but it
is also prone to error. Additionally, such segmentation methods
cannot directly provide the widely used Agatston score and the
corresponding risk categories. This is because of the attenuation-
modulated weighted summation no longer being applicable as
the attenuation values may vary with imaging protocols.

Spectral CT exploits the energy dependence of x-ray pho-
ton attenuation, providing more detailed tissue analysis based
on the material decomposition under multiple energy levels
(19). By using the material decomposition virtual iodine sub-
traction algorithm, spectral CT scanners are able to generate
virtual noncontrast (VNC) CT scans. Also, without requiring
extra radiation, postimaging reconstructions may replace true
noncontrast CT (20,21).

In this study, a deep learning method was proposed to
automatically quantify CAC scores at CTA. In the train-
ing stage, VNC scans, alongside the CTA scans obtained
with spectral CT, were used to efficiently obtain the refer-
ence calcium region masks in the training set using an au-
tomatic initial mask followed by expert review. The model
was comprehensively evaluated on an independent testing
set with multiple imaging protocols. VNC scans were used
to develop the algorithm; however, the final algorithm was
tested on contrast-enhanced coronary CTA scans without

spectral postprocessing.

Materials and Methods

The ethics committee of Nanjing

415 patients with spectral CTA
(CTA & VNC) and noncontrast CT
from March 2019 to July 2020

258 patients with spectral or single-
energy CTA and noncontrast CT
from August to November 2020

i

v

Exclusion (n=50):
scans with existing stents (n=18)
scans with severe artifacts (motion,
missing sections, etc.) (n=32)

Exclusion (n=18):
scans with existing stents (n=6)
scans with severe artifacts (motion,
missing sections, etc.) (h=12)

Training & Validation (n=365):
split by 8:2 into training (n=292) and
internal validation (n=73). Trained on
training, tuned on internal validation sets

Independent Test (n=240):
automatic assessment of CAC score using
developed model on CTA, and validated
against noncontrast CT CAC score

noncontrast CT

DL-CTA training

CAC score

derived model

noncontrast CT

noncontrast
CT CAC score

compare

Figure 1:  Flowchart of training and validation set and independent test set. For method development, CT

angiography (CTA) and virtual noncontrast (VNC) CT scans from spectral CT scanner and noncontrast CT scans
in 415 patients were obtained from March 2019 to July 2020. After applying exclusion criteria, fraining and
validation set (n = 365) was used for training and parameter tuning. Independent test set (n = 240) with CTA scans

from three different spectral or single-energy scanners and noncontrast CT scans were obtained from August 2020

to November 2020. This was used to validate derived method after applying same exclusion criteria. CAC =

coronary artery calcium, DL = deep learmning.

Drum Tower Hospital, a major teach-
ing hospital affiliated with Nanjing
University Medical School in Nan-
jing, China, approved the study, and
the need to obtain informed written
consent for participation was waived.

Patient Data Sets

This retrospective study was designed
to evaluate a deep learning CAC
score quantification from a single
CTA scan against noncontrast CT
CAC scoring. The study included a
training and validation set of patients
who had undergone spectral CT and
an independent test set of patients
who had undergone spectral CT or
conventional single-energy CT (Fig
1). Exclusion criteria included scans
with existing stents and scans with
severe artifacts (ie, motions, missing
sections, etc). The reference semiau-
tomatic noncontrast CT CAC score
was computed using the Agatston
method (2). Patients were stratified
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into four different risk categories (ie, 0-10, 11-100, 101-
400, and >400), according to the Agatston score (6,15).
The training and validation sets (2 = 365) and test
set (n = 240), which were randomly selected from those
who underwent both CTA and noncontrast CT ex-
aminations, were obtained temporally independently
(ie, from March 2019 to July 2020 and from August 2020
to November 2020, respectively) from Nanjing Drum Tower
Hospital. Figure 1 shows how data sets were obtained while
applying exclusion criteria, training, and validation.

Imaging Protocol

Coronary CT scans were obtained following standard
imaging protocols. The CTA and noncontrast CT scans
from each patient were obtained at the same imaging ses-
sion. All images in the training and validation set were
obtained with a spectral CT scanner (IQon Spectral CT,
Philips). The tube voltage range was 120-140 kV, and
the tube current range was 148-752 mA. Images in the
temporally independent test set were obtained using the
IQon Spectral CT scanner (Philips), the iCT 256 scan-
ner (Philips), or the Revolution CT scanner (GE Health-
care). The tube voltage range was 100-140 kV, and the
tube current range was 163-992 mA. For CTA imaging,
50 mL of iopromide (370 mg/mL; Ultravist, Bayer) was
injected at a flow rate of 4-5 mL/sec.

Semiautomatic Calcium Scoring at Noncontrast

CT and VNC CT

The reference Agatston scores at noncontrast CT were semi-
automatically obtained by an experienced radiologist (reader
1, J.L., with more than 8 years of experience) using the Intel-
liSpace Portal (version 10.0, Philips). To study the intra- and
interobserver variability, another radiologist (reader 2, W.C.,
with more than 8 years of experience) was asked to evaluate
all 240 noncontrast CT scans in the test set with an interval
of 2 weeks. The mean of the two readers” first scoring was
used as the reference noncontrast CT CAC score. Addition-

ROI
Extraction

3D CTA Image NI
Skip
Connection:
Calcium Detection Module
Figure 2:
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ally, calcium scores from the VNC images in the test set (7 =
100) CT were semiautomatically obtained for comparison.

Automatic Calcium Scoring at CTA Using Deep Learning

A deep learning method was proposed to take a CTA scan, and
from it, to generate a calcium segmentation and corresponding
CAC score (Fig 2). It consists of a calcium detection module and a
CAC score regression module, both using three-dimensional con-
volutional neural networks. The calcium detection module gener-
ates a calcium region mask using a multiresolution encoder and
decoder structure with skip connections, similar to U-Net (22).
The CAC score regression module uses features from multiple
scales to regress the corresponding CAC score.

During training, calcium region masks corresponding to the
CTA scans were required. To avoid the labor-intensive and error-
prone task of manually annotating calcium regions, VNC scans
obtained at spectral CT alongside CTA were used to obtain the
initial calcium region masks (Fig 3). First, candidate CAC regions
on VNC scans were demarcated as regions higher than 130 HU.
Second, coronary artery segmentation was automatically per-
formed at CTA using a deep learning algorithm (23-25). As the
VNC scan had perfect alignment with CTA, only candidate CAC
regions within a 3-mm proximity to the coronary artery were kept
asa CAC region mask. One radiologist (J.L.) reviewed the calcium
region mask for quality assurance as well as exclusion of aortic cal-
cium near the ostia.

The reference CAC region mask, alongside the reference
Agatston score obtained at noncontrast CT, was used in conjunc-
tion to train the proposed deep learning model in the training
and validation set. Once trained, the model could be applied to
CTA scans without VNC or noncontrast CT in the test set to
directly quantify CAC.

The code to reproduce the results in this study is available at
hitps:/github.com/deronmontaldl_cta_calcium.

Statistical Analysis

The trained deep learning model’s performance was evaluated
using the independent test set, which had no time overlap with

Risk Category

0: 0-10
1: 11-100
3: > 400

CAC Score Regression Module

Diagram of proposed deep learning method for coronary artery calcium (CAC) quantification from CT angiography (CTA) scans. Calcium detection module

detects calcification from CTA scans, and the CAC score regression module estimates CAC scores based on CTA scan and calcium defection results. Risk categorization is

then performed based on estimated CAC score. ROl = region of interest, 3D = three-dimensional.
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CTA

Figure 3:

virtual noncontrast (VNC)

<+— 65 HU

noncontrast CT

(A-F) Calcifications (blue arrows) are shown on CT angiography (CTA), VNC CT, and noncontrast CT scans in fwo patients

in training set. Appearance of calcifications on VNC CT scans (B, E) and noncontrast CT scans (€, F) is similar and can be easily obtained

using predefined threshold of 130 HU, as coronary artery attenuation (orange arrow in B, €, E, and F) is clearly smaller than 130 HU.

However, obtaining coronary artery calcium (CAC) region and estimating corresponding CAC score by means of CTA (A, D) can be chal-

lenging because of variable attenuation of contrast-enhanced artery.

the training and validation sets. Statistical analysis was per-
formed with R software (version 4.0.2, R Foundation for Sta-
tistical Computing), and statistical significance was defined as
two-sided P < .05. Analysis of variance tests and Fisher exact
tests were used to compare the differences among the different
groups within the continuous and dichotomous variables,
respectively. Continuous variables were expressed as means with
standard deviations, whereas categoric variables were expressed
as frequencies with percentages.

‘The intra- and interobserver repeatability of CAC scoring at
noncontrast CT and VNC CT was analyzed using the intra-
class correlation coefficient (ICC) and root mean square error.
The correlation between the proposed method and the refer-
ence Agatston score was assessed using the Pearson correlation
coefficient, the coefficient of determination, or 7, and ICC.
The agreement was evaluated using the Bland-Altman plot.
Because errors tended to be higher with greater CAC scores,
the regression method for nonuniform differences was used to
estimate the 95% limits of agreement as in van Velzen et al (10)
and Sevrukov et al studies (26). The agreement of risk catego-
rization was evaluated using weighted k.

Results

Characteristics of Patient Data Sets
Table 1 lists the baseline patient information for the train-
ing and validation set and test set, respectively. A total of 365

patients (mean age, 57 years = 11 [standard deviation]; 207
men) were included in the final training and validation set.
Both VNC and CTA scans, which had identical spatial infor-
mation with perfect alignment, were reconstructed with a spac-
ing 0f 0.32-0.66 mm, a section thickness of 0.8-1.0 mm, and
a section interval of 0.4—-0.45 mm. The test set contained a
total of 240 patients (mean age, 60 years = 11; 146 men), with
100 scanned with the IQon Spectral CT scanner (Philips), 100
scanned with the iCT 256 scanner (Philips), and 40 scanned
with the Revolution CT scanner (GE Healthcare). The CTA
scans were reconstructed with a spacing of 0.33-0.71 mm, a
section thickness of 0.63—0.9 mm, and a section interval of
0.45—-0.63 mm. The noncontrast CT scans were reconstructed
with a spacing of 0.31-0.98 mm, a section thickness of 2.5
mm, and a section interval of 2.5 mm. The dose-length prod-
uct for noncontrast CT and CTA was 49.3 mGy - cm * 8.6
and 462.1 mGy - cm * 85.7, respectively. The estimated radia-
tion dose for noncontrast CT and CTA was 0.7 mSv * 0.1 and
6.5 mSv * 1.2, respectively.

Intra- and Interobserver Variability of CAC Scoring at
Noncontrast CT and VNC CT

Table 2 shows the intra- and interobserver variability of semi-
automatic CAC scoring at noncontrast CT and VNC CT, re-
spectively. The intraobserver variability was measured between
reader 2’s two readings. The interobserver variability was mea-
sured between reader 1’s and reader 2’s first reading for simplic-
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Table 1: Characteristics of Patient Data Sets

Scanner used

IQon Spectral CT (Philips), iCT
256 (Philips), and Revolution (GE)

Training and Validation Set Independent Test Set
Parameter All (7 = 605) (n =365) (n = 240)
Age (y) 58 = 11 57 = 11 60 = 11
No. of men* 353 (58) 207 (57) 146 (61)

IQon Spectral CT (Philips)

IQon Spectral CT (Philips), iCT 256
(Philips), and Revolution (GE)

Tube voltage (kV) 117 = 8
Tube current (mA) 349 + 137
Section thickness (mm)  0.88 = 0.07

120 £ 2 112 £ 10
296 £ 91 431 = 155
0.90 = 0.01 0.85 = 0.10

* Numbers in parentheses are percentages.

Note.—Except where indicated, data are means * standard deviations.

Table 2: Intra- and Interobserver Variability of Semiautomatic CAC Scoring on Noncontrast CT and VNC Scans in Test Set

Observer Type No. of Patients ~ Readings Compared Continuous Variable* ICC’ RMSE
NCCT intraobserver 240 R2 (first reading) vs R2 (second reading) 0.1 = 4 1(1,1) 4
NCCT interobserver 240 R1 vs R2 (first reading) 40 *+ 185 0.96 (0.95,0.97) 188
VNC intraobserver 100 R2 (first reading) vs R2 (second reading) 0.2 = 1 1(1,1) 1
VNC interobserver 100 R1 vs R2 (first reading) 1x7 1(1,1) 7

* Numbers are means * standard deviations.

" Numbers in parentheses are 95% Cls.

Note.—All patients in the test set (7 = 240) had noncontrast CT scans, among which only scans obtained with the IQon Spectral CT
scanner (Philips) (7 = 100) had virtual noncontrast (VNC) scans. CAC = coronary artery calcium, ICC = intraclass correlation coeflicient,
NCCT = noncontrast CT, RMSE = root mean square error, R1 = reader 1 (J.L.), R2 = reader 2 (W.C.).

Intra-observer CAC scoring repeatability on noncontrast CT
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Inter-observer CAC scoring repeatability on noncontrast CT
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Bland-Altman plots of intra- and interobserver repeatability of semiautomatic Agatston scoring at noncontrast CT. The equation, difference = = 1.96 - (w/2)%°

“(b+ a- mean®), represented 95% limits of agreement. For intraobserver difference, a and b were 0.15 and 0.05, respectively. For interobserver difference, a and b were

7.5 and 16.3, respectively. CAC = coronary artery calcium.

ity, as reader 2’s two readings were quite close. The ICCs were
1(95% CI: 1, 1) and 0.96 (95% CI: 0.95, 0.97) for the intra-
and interobserver variability at noncontrast CT semiautomatic
reading, respectively. Both showed great consistency with
slightly better consistency for intraobserver readings. Agree-
ment of intra- and interobserver readings at noncontrast CT is
shown in the Bland-Altman plot in Figure 4. The 95% limits
of agreement were represented by the following equation: dif-
ference = = 1.96 - (1/2)*° . (b + a - mean®?). For intraobserver

Radiology: Volume 000: Number O—Month 2021 a radiology.rsna.org

distance, 2 and & were 0.15 and 0.05, respectively. For interob-
server difference, # and & were 7.5 and 16.3, respectively.

In addition, the ICC was 1 (95% CI: 1, 1) for both the in-
tra- and interobserver variability of VNC semiautomatic read-
ing with a root mean square error of 7 or less, showing nearly
perfect consistency. The positive correlation between semiauto-
matic CAC scoring obtained at noncontrast CT and VNC CT
was excellent (Pearson correlation coefficient = 0.95 [95% CI:
0.93, 0.97], P < .001; # = 0.90, P < .001).
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Deep learning CAC score from CTA
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Bland-Altman plot shows Agatston coronary artery calcium (CAC)

sented 95% limits of agreement, where a and b were 11.4 and —13.3.

Positive Correlation

The positive correlation between the deep learning CTA and
noncontrast CT' CAC scores was excellent (Pearson correlation
coeflicient = 0.96 [95% CI: 0.95, 0.97], P < .001; # = 0.92,
P <.001), as shown in Figure 5. The ICC was 0.94 (95% CI:
0.92, 0.95). The Bland-Altman plot in Figure 6 shows good ac-
cordance as well. The 95% limits of agreement were represented
with the following equation: difference = = 1.96 - (w/2)* - (b
+ a - mean”), where 2 and & were 11.4 and —13.3, respectively.

Agreement of Risk Categorization

Agreement of risk categorization based on deep learning
CTA and noncontrast CT CAC scores was excellent in the
test set (weighted k = 0.94; 95% CI: 0.91, 0.97). More spe-
cifically, 223 of 240 participants (93%) were placed into
the same category according to both deep learning CTA
and noncontrast CT, as shown in Tables 3 and 4. Those not
placed within the same category were shifted into neighbor-

Table 3: Risk Categorization Based on DL CTA CAC Score
and Noncontrast CT CAC Score in Test Set (n = 240)

DL CTA CAC Score
Noncontrast
CT CAC Score  0-10  11-100 101-400 >400 Total
0-10 115* 1 0 0 116
11-100 1 50* 5 0 56
101-400 0 3 26* 3 32
>400 0 0 4 32% 36

Note.—Data are numbers of patients. CAC = coronary artery
calcium, CTA = CT angiography, DL = deep learning.

* Indicates agreement of both methods.

Table 4: DL CAC Scoring from CTA Risk Categorization
Agreement and Disagreement Compared with Agatston
CAC Score at Noncontrast CT in Test Set (n = 240)

DL CTA CAC Score Risk
Categor

DL CTA vs g

Noncontrast CT Score 0-10 11-100 101-400 >400 Total
DL CTA higher 0 1 5 3 9
DL CTA lower 1 3 4 0 8
Same category 115% 50* 26* 32 223*
Total 116 54 35 35 240

Note.—Data are numbers of patients. CAC = coronary artery
calcium, CTA = CT angiography, DL = deep learning.

* Indicates agreement of both methods.

ing categories. Importantly, the difference between the two
risk categories was never more than one.

Performance Using Different Scanner, Sex, and Section
Thickness

To study the proposed method’s performance using fac-
tors such as different scanner, sex, and section thickness, the
differences between the noncontrast CT CAC score and the
deep learning CTA CAC score were analyzed using analysis of
variance. The differences between noncontrast CT and deep
learning CTA CAC scores according to different factors are
shown in Figure 7. There was no significant difference across
the three factors (scanner [P = .15], sex [P = .051], and section
thickness [P = .67]).

Discussion

Quantifying coronary artery calcium (CAC) scores directly from
CT angiography (CTA) would eliminate the additional radia-
tion produced at separate noncontrast CT but remains chal-
lenging. In this study, a deep learning approach was proposed
to automatically quantify CAC scores at CTA. This model was
developed using spectral CT, which avoided manual annotation
of voxel-level calcifications. Although virtual noncontrast (VNC)
CT was used to develop the algorithm, the final algorithm was
tested on contrast-enhanced coronary CTA scans without spec-
tral postprocessing. The model was developed using 365 patients

radiology.rsna.org = Radiology: Volume 000: Number O—Month 2021
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and evaluated on an independent testing set of 240 patients. The
intraclass correlation coefficient ICC) was 0.96 (95% CI: 0.95,
0.97) and 1 (95% CI: 1, 1) for the inter- and intraobserver vari-
ability at noncontrast CT semiautomatic reading, respectively.
Both showed great consistency with slightly better consistency
for intraobserver readings. The ICC was 1 (95% CI: 1, 1) for
both the inter- and intraobserver variability of the VNC semi-
automatic reading with a root mean square error of 7 or less,
showing nearly perfect consistency. The excellent positive cor-
relation (Pearson correlation coefficient = 0.95 [95% CI: 0.93,
0.97], P < .001; = 0.90, P < .001) was observed between
semiautomatic CAC scoring obtained at noncontrast CT and
VNC CT. More importantly, validation on 240 independent
CTA scans from three different scanners showed excellent posi-
tive correlation (Pearson correlation coefficient = 0.96 [95% CI:
0.95, 0.97], P < .001; # = 0.92, P < .001) with the reference
Agatston score obtained at noncontrast CT. The ICC was 0.94
(95% CI: 0.92, 0.95). The agreement of risk categorization
according to deep learning CTA and noncontrast CT CAC
scores was excellent in the test set (weighted k = 0.94; 95% ClI:
0.91, 0.97). The resulting risk categorization was correct for 223
of 240 patients (93%). The difference between the deep learning
CTA and the semiautomatic noncontrast CT CAC risk catego-
ries was never more than 1. The difference from the reference
Agatston score was also robust, showing no statistical difference
(P> .05) with regard to scanner, sex, and section thickness.
Previous attempts to quantify CAC directly from CTA usu-
ally suffered from one or all of the following three shortcomings:
(2) manual or semiautomatic heuristic methods to select cal-
cium regions (14-17), () using an oversimplified linear regres-
sion model to directly map calcium region volumes to Agatston
scores (14-16), and (c) limited validations using images from
the same scanner and population as the training set (14,15,17).
The proposed method was tailored to overcome these
shortcomings. First, the calcium detection module used deep
learning, which is known to handle larger appearance variations
better than conventional methods, such as thresholding (27,28),
to automatically detect calcium regions accurately. Second, the
CAC score estimation module used deep learning to model
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the complex mapping from variable CTA attenuation to CAC
score instead of the oversimplified linear relationship (29). Third,
scans from three different scanners, including both spectral
and conventional single-energy scanners, were used to validate
the proposed method, even though it was only derived from
images of one spectral scanner.

Thresholding at VNC CT and keeping only components
in proximity to coronary artery segmentation at CTA greatly
alleviate human annotation effort in obtaining the reference
calcium region mask during the training phase (18) by tak-
ing advantage of perfectly aligned CTA and VNC scans
obtained with the spectral CT scanner. VNC CT attenua-
tion was close enough to real noncontrast CT (30) such that
VNC CT could be used to estimate the CAC score (31,32),
which is also confirmed in this study by the high correlation
between VNC CT and noncontrast CT CAC scores (Pear-
son correlation coefficient = 0.95 [95% CI: 0.93, 0.97],
P < .001) in the spectral subset of the test set. Using the
CAC segmentation mask as an intermediate task enabled
the calcium detection module to learn effectively from de-
tailed voxel-level supervision. It also allowed the CAC score
regression module to focus on CAC regions to estimate the
corresponding CAC score.

Our study had some limitations. First, although the test set
contains scans from three different scanners, the training set
scans were obtained from a single spectral CT scanner. Second,
to avoid the tedious and error-prone manual annotation and
registration, VNC CT instead of noncontrast CT was used to
obtain the calcium regions during the training phase. Third,
although the test set is temporally independent from the
training and validation set and from different scanners, all
images were from the same hospital in this study. As a next
step, we plan to collect additional images from more centers
to further evaluate performance in the near future.

To conclude, a deep learning method was proposed to au-
tomatically quantify the coronary artery calcium (CAC) score
from CT angiography (CTA) alone. The results demonstrate
that the proposed method could accurately quantify CAC as
well as categorize risk at CTA.
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