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Jurica Šprema, Bob D. de Vosa, Pim A. de Jongb, Max A. Viergevera, and Ivana Išguma
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ABSTRACT

Coronary artery calcification (CAC) is a strong and independent predictor of cardiovascular events (CVEs). CAC
can be quantified in chest CT scans acquired in lung screening. However, in these images the reproducibility
of CAC quantification is compromised by cardiac motion that occurs during scanning, thereby limiting the
reproducibility of CVE risk assessment. We present a system for the identification of CACs strongly affected by
cardiac motion artifacts by using a convolutional neural network (CNN).

This study included 125 chest CT scans from the National Lung Screening Trial (NLST). Images were acquired
with CT scanners from four different vendors (GE, Siemens, Philips, Toshiba) with varying tube voltage, image
resolution settings, and without ECG synchronization. To define the reference standard, an observer manually
identified CAC lesions and labeled each according to the presence of cardiac motion: strongly affected (positive),
mildly affected/not affected (negative). A CNN was designed to automatically label the identified CAC lesions
according to the presence of cardiac motion by analyzing a patch from the axial CT slice around each lesion.

From 125 CT scans, 9201 CAC lesions were analyzed. 8001 lesions were used for training (19% positive) and
the remaining 1200 (50% positive) were used for testing. The proposed CNN achieved a classification accuracy
of 85% (86% sensitivity, 84% specificity).

The obtained results demonstrate that the proposed algorithm can identify CAC lesions that are strongly
affected by cardiac motion. This could facilitate further investigation into the relation of CAC scoring repro-
ducibility and the presence of cardiac motion artifacts.

Keywords: coronary calcium scoring, chest CT, convolutional neural networks, motion detection, cardiac mo-
tion

1. INTRODUCTION

Quantification of coronary artery calcifications (CACs) is an established independent predictor of cardiovas-
cular events (CVEs).1–3 CAC is standardly quantified in dedicated ECG-synchronized cardiac CT scans, but
several studies have shown that CVE risk can be determined by CAC quantification in non-dedicated non-ECG-
synchronized low-dose chest CT.2,3 Moreover, it has been demonstrated that in the population undergoing lung
cancer screening, the number of subjects affected by a CVE is similar to the number of subjects affected by lung
cancer.4

In lung cancer screenings, CT scans are not optimized for CAC quantification. Hence, the obtained scans
contain CACs highly affected by cardiac motion,5,6 high level of image noise and more pronounced partial volume
effects.7–9 These may lead to high interscan variability.8,10,11 Jacobs et al.8 showed that 24.7% of scans acquired
in the Dutch-Belgian lung cancer screening trial (NELSON) were assigned to a different CVE risk category based
on two scans acquired from the same subject within a short time interval. The authors reported a mean interscan
variability of up to 71% for the total calcium score. With the implementation of lung screening in USA,12 the
interest in identifying individuals undergoing screening who are not only at risk of having lung cancer, but also
at risk of CVEs has increased as well.3,13 Hence, it would be advantageous to identify scans in which the CAC
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Figure 1: Left: A baseline scan showing a coronary artery calcification in the right coronary artery strongly
affected by cardiac motion. Calcium quantification resulted in the Agatston score of 99 indicating a moderate
risk of CVE. Right: The same calcification shown in a one year follow-up scan. The calcification in this scan is
not affected by cardiac motion. The Agatston score of this lesion is 67 indicating a mild risk of CVE.

quantification is hampered by artifacts and thus the CAC score and determination of CVE risk category might
not be reproducible. Figure 1 illustrates an example of a CAC lesion imaged in two different scans within one
year follow-up time. Estimated CAC quantities led to different CVE risk estimations.

In this study a method identifying CAC lesions strongly affected by cardiac motion artifacts is proposed. The
method employs a convolutional neural network (CNN) performing analysis in axial slices. The CNN labels CAC
lesions as either affected by severe cardiac motion that are therefore likely leading to over- or underestimation
of a CVE risk, or as CAC lesions mildly affected or not affected by cardiac motion where CAC quantification
likely does not lead to an incorrect determination of a CVE risk.

2. DATA DESCRIPTION

In this study, 125 subjects, with at least one calcification found in the coronary arteries, were consecutively
selected from a set of 6000 available baseline scans from the National Lung Screening Trial (NLST). Participants
enrolled in the trial were between 55 and 74 years of age, and were either current or former smokers having a
smoking history of at least 30 pack-years and without signs, symptoms, or history of lung cancer.14

Scans were acquired with CT scanners from four different vendors (General Electrics, Siemens, Philips,
Toshiba). Depending on the weight of the participant, the tube voltage was either set to 120 or 140 kVp, and
the tube current ranged from 40 to 80 mAs. Scans were made without contrast enhancement and without
ECG-synchronization. The scans were reconstructed with different reconstruction kernels (sharp or soft). In
plane voxel sizes ranged from 0.51 to 0.87 mm with 1 to 5 mm slice thickness. Prior to analysis, the scans
were reconstructed to 3 mm slice thickness with 1.5 mm slice spacing to perform CAC quantification with
recommended settings.15

An expert manually segmented all CACs in the coronary arteries using an intensity level threshold of 130
HU. To define the reference standard, each segmented CAC was labeled as affected by severe cardiac motion
(positive) or mildly affected/not affected by cardiac motion (negative) as judged by visual inspection (Figure 2).
CACs were labeled separately per axial slice, according to CAC scoring as performed in the clinical setting.
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Figure 2: Examples of the two CACs affected by severe cardiac motion (A, B) and of two CACs mildly
affected/not affected by cardiac motion (C, D). The used reconstruction kernels were either sharp (A, D) or soft
(B, C).

3. METHOD

To automatically identify CAC lesions strongly affected by cardiac motion, a CNN was trained with patches (48
x 48 pixels) which were extracted from the axial image slices containing the annotated lesion in the center of the
patch. The patch size was chosen as such because more than 90% of segmented CACs from the dataset were
entirely contained within that patch size. Figure 3 illustrates the network architecture.

Figure 3: Convolutional neural network architecture. Input patches of 48 x 48 pixels are fed to the network
containing 3 convolutional layers, each with 32 3 x 3 filters that are followed by sub-sampling layers applying 2 x
2 max-pooling. Resulting feature maps are connected to a fully-connected layer consisting of 16 neurons followed
by another fully connected layer of 4 neurons that are connected to the final two (positive and negative) output
nodes.
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The CNN contains three convolutional layers each made of 32 filters and followed by a sub-sampling 2 x 2
max-pooling layer. Resulting feature maps are connected to two fully-connected layers with 16 and 4 neurons,
respectively, which are jointly connected to a softmax output layer containing two nodes corresponding to the
positive and negative class. Sub-sampling layers are used to reduce the size of the resulting feature maps and
to reduce the number of optimization parameters. In order to reduce the chance of over-fitting, the Dropout
strategy16 was used. Batch normalization17 was applied to accelerate the training process.

4. RESULTS AND DISCUSSION

In total, 9201 patches containing CAC lesions were extracted. Among them 1725 were positive and 7476 were
negative. The training set contained 8001 CAC lesions (1125 positive, 6876 negative). Ten percent of randomly
selected training CAC lesions were used for validation during training. During training, 200 patches (100 positive
and 100 negative) were used in each training epoch.

On the test set the network achieved a classification accuracy of 85%, with 86% sensitivity and 84% specificity.

Figure 4: Examples of true positive (A), false positive (B), true negative (C) and false negative (D) CACs.

It can be noted that the number of extracted CAC lesions in our data set is high: on average 74 lesions
per scan. In a previous study, Takx et al.1 analyzed CACs in the population from the Dutch-Belgian lung
cancer screening trial and reported on average 1-12 lesions per scan.1 However, this was computed over all
analyzed images thus, including scans without calcifications. In our work only images containing CACs were
included. Moreover, in the current study CACs were analyzed in 2D following clinical practice, while Takx et
al.1 performed 3D analysis.

Visual inspection of the false-positive and false-negative CAC lesions revealed that classifying, while only
inspecting 2D patches showing limited vicinity of a lesion, may in some cases be difficult. In such cases, analysis
of the neighboring slices or the region around larger vicinity of the CAC would likely be beneficial. Therefore,
future work could investigate multiplanar (2.5D) or 3D analysis of the calcifications. Both of these approaches
would require manual annotations to be made in 3D.
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The appearance of the CACs affected by motion artifacts found in coronary arteries has large variations. Most
of the CAC lesions affected by motion artifacts are star- or crescent-shaped, but greatly varying in orientation and
size. To further improve the performance of the method, training the CNN with most of the possible variations
would be needed. This would require using a larger set of annotated scans.

In future work, we will aim at assessing the degree to which CAC lesions are affected by cardiac motion and
investigate the effect this has on the reproducibility of CAC quantification and thereby on the assessment of
CVE risk.

5. CONCLUSION

An algorithm for automatic identification of CAC lesions strongly affected by cardiac motion has been presented.
The algorithm performs the analysis using a convolutional neural network that analyzes axial patches containing
CAC lesions. This may enable identification of scans from lung screening in which the CAC quantification is
compromised and hence, identification of subjects at risk of a CVE may not be reliable.
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