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Abstract

Purpose: Coronary artery calcium (CAC) score has shown to be an accurate predictor of future
cardiovascular events. Early detection by CAC scoring might reduce the number of deaths by
cardiovascular disease (CVD). Automatically excluding scans which test negative for CAC could
significantly reduce the workload of radiologists. We propose an algorithm that both excludes
negative scans and segments the CAC.

Method: The training and internal validation data were collected from the ROBINSCA study. The
external validation data were collected from the Imalife study. Both contain annotated low-dose
non-contrast cardiac CT scans. 60 scans of participants were used for training and 2 sets of 50 CT
scans of participants without CAC and 50 CT scans of participants with an Agatston score between 10
and 20 were collected for both internal and external validation. The effect of dilated convolutional
layers was tested by using 2 CNN architectures. We used the patient-level accuracy as metric for
assessing the accuracy of our pipeline for detection of CAC and the Dice coefficient score as metric
for the segmentation of CAC.

Results: Of the 50 negative cases in the internal and external validation set, 62% and 86% were
classified correctly, respectively. There were no false negative predictions. For the segmentation
task, Dice Coefficient scores of 0.63 and 0.84 were achieved for the internal and external validation
datasets, respectively.

Conclusions: Our algorithm excluded 86% of all scans without CAC. Radiologists might need to spend
less time on participants without CAC and could spend more time on participants that need their

attention.



Introduction

Cardiovascular disease (CVD) is one of the major causes of death in the western world. In Europe,
19.9 million new cases of CVD were diagnosed in 2017[1]. 65,5 percent of patients in the
Netherlands present with a severe CVD at first diagnosis[2]. Screening on CVD in an early stage is
being investigated, since the survival rate for CVD is better at earlier stages than at later stages. [2—
5]. It can be done by quantifying coronary artery calcium (CAC), because the amount of CAC is a
strong risk marker for future cardiac events, related to underlying coronary atherosclerosis[6].
Screening programs would add a large number of additional scans to be seen by radiologists, due to
the large number of eligible participants. The ROBINSCA trial showed that 40% of participants who
are at elevated risk for CVD, have no CAC, suggesting even higher percentages of negative scores in
general population screening[7]. CAC scoring is currently done semi-automatically by selecting
calcifications in the coronaries with a CT density 2130 HU. Automatically excluding the participants
without CAC from the workflow would result in an enormous reduction of the total screening
workload. The objective of this study is to determine the feasibility to reduce the workload of
radiologists and technicians by automatically detecting participants without CAC on non-contrast
cardiac CT images without having false negatives by applying deep learning methods. Two different

model architectures, with and without dilated convolutional layers, are developed and assessed.

Materials and Methods

Nomenclature

To avoid confusion in the use of nomenclature, we adopt the terminology coined by Liu and Faes et
al.[8] for the description of our dataset: a training set is used directly for optimization of the model
weights. The internal and external validation sets are used to independently assess model

performance.



Study population

The data used for training and internal validation were acquired from the ROBINSCA trial. The
ROBINSCA trial was focused on reducing the morbidity and mortality of CVD by detecting the disease
in an early stage so that treatment could be started earlier[9]. 13,000 Dutch participants who
underwent a non-contrast cardiac CT scan were included in this study. Inclusion criteria were a waist
circumference of 288cm and 2102 for women and men, respectively; body mass index of 230; family
history of CVD, defined as myocardial infarctions or cardiac arrests in first or second degree relatives
before the age of 65 years; or current smokers and an age between 45 and 74 for men, and 55 and
74 for women([7,10]. In the present study, 60 participants with a calcium score higher than zero for
the training dataset were randomly selected. The low calcium scores are usually the most difficult to
detect since the calcifications are small and have a relatively low density close to the threshold of
130 HU. Therefore, we selected 50 participants with a calcium score of zero and 50 with a calcium

score between 10 and 20 to check for false negatives for the internal validation.

The external validation dataset was selected from an independent cohort to ensure that the
proposed algorithm also works on other data and that it is not over fitting on the training dataset.
The external validation dataset was collected from the ImalLife study[11]. The ImalLife study is an
embedded study of the Lifelines cohort[12], which was designed to establish references values of
imaging biomarkers in the Dutch population for the early stage of the big three diseases : lung
cancer, chronic obstructive pulmonary disease and coronary artery disease. Lifelines participants,
with age > 45 years, were invited for a low dose CT scan for the heart. The Imalife study used a
different CT system than the ROBINSCA study. The current study sampled 100 Imalife participants.
Similar to the internal validation dataset, we selected 50 participants with a calcium score of zero

and 50 with a calcium score between 10 and 20 to test for false negatives.

Scan protocols



The complete scan protocols and designs of the used studies can be found in the design papers of
ROBINSCA[9] and ImalLife[11]. We will mention the main differences between the two. In the
ROBINSCA trial, second-generation dual source CT was used, while in the ImalLife study, a third-
generation dual source CT was used. The Tube voltage was set to 120 kVp in both studies. The tube
current was 80 reference mAs in ROBINSCA and 64 reference mAs in Imalife. The reconstruction
kernels were B35f (sharp) and Qr36 (medium-sharp) for the ROBINSCA trial and ImalLife study

respectively.

Data annotation and processing

All scans were semi-automatically annotated for CAC by experienced analysts in the University
Medical Center Groningen using dedicated software (CaScoring, Syngo.via, version VB30A, Siemens
Healthineers). The software colour coded all voxels above the threshold of 2130 HU. The reader
could then select objects that were coronary calcifications and select which coronary it is in (Figure
1). These CAC related colour masks were later extracted to binary masks to be used as labels for the
convolutional neural network. For the classification task, If the binary mask contained any positive
voxels, the participants were classified as positive for CAC. For the segmentation tasks, the binary
mask contained the CAC lesions as found by the analysts. The binary mask was, therefore, used in
both tasks as the reference.

Automatic Heart segmentation

The CT images are slices of 512 by 512 voxels. To reduce the memory usage of the neural network
and reduce the redundant information in the images, we developed an image processing pipeline to
crop the images to 320 by 320 voxels around the heart. The algorithm was based on the work of
Larrey-Ruiz et al. [13] (Figure 2). By thresholding the image, a binary map of the slice was acquired
(Figure 2B). By creating a one-dimensional profile of each column, the thorax wall was deleted. In
the one-dimensional profile for each column, when two large objects (>150 voxels) were found near

the edges of the image, both were removed. When three large objects were found, i.e., the heart



and the chest wall and back, the outer objects near the edge of the image were removed. Small
objects were then removed and the central object was selected as the heart. A bounding box was
then selected around the center of gravity of the heart segmentation (Figure 2C). A 3D volume was
created by stacking the cropped slices and adding empty slices until the volume consists of 120 slices
in the axial direction. From this volume, the axial, sagittal and coronal slices were selected.

Therefore, the dimensions of the sagittal and coronal slices were 120x320 voxels.

Architecture

To segment CAC, three dilated convolutional neural networks were used for axial, sagittal and
coronal images to reduce the number of false positives. This 2.5D method makes use of more spatial
information than only a single network. The design was based on U-net[14] with a number of
adaptations (Figure 3). First, we included dilation in the first two and last two convolutional layers.
Two architectures, one with and one without dilated convolutional layers, were tested to investigate
the effect of these layers. Second, the amount of up- and down sampling layers was reduced.

By thresholding the cropped CT at 130HU, we created a binary image. The input of the network
consisted of the cropped image slice concatenated with the binary image created by the threshold of
130HU. This focused the network on high intensity regions in which CAC potentially is present. The
network output consisted of a binary segmentation of CAC per slice. After prediction, the slices were
again combined to create a volume. The procedure was repeated for each of the three view planes,
and the three resulting output volumes were then multiplied to create an intersection that served as

output for further processing.

Model Training
The three CNNs were trained separately on their respective axial, coronal and sagittal slices. 60 CT
image volumes were used to generate 2029 axial, 6544 sagittal and 6423 coronal slices that all

contain CAC. The CNNs were trained for 30 epochs and the Dice coefficient was used for the loss



function[15,16]. We used the Adam[15] learning rate starting at 1e”. The Adam algorithm helps
updating the weight parameters to minimize the loss function. Drop-out was set to 50% of the
features after each convolutional layer, meaning that 50% of learned features get randomly dropped
to help regularize the CNN and prevent overfitting. The activation function of the convolutional
layers is a rectified linear unit (ReLU). The networks were implemented in Keras v2.1.5[17]. Training
was performed on the Peregrine high-performance computing cluster of the Center for Information

Technology of the University of Groningen.

Post processing
After the predictions of the CNNs, the final volume was created by intersection of the output
volumes. This final volume was then post-processed by removing any 2D objects, meaning that

objects only visible in one slice in one orientation were removed.

Analysis

Several analysis steps were performed to determine the feasibility of the use of the proposed
pipeline for CAC detection. The first analysis was performed to evaluate the effect of the dilated
convolutional layers by comparing the accuracies of the two architectures compared to the
reference by manual scoring that was done earlier by trained experts. Participants were first
classified as either having CAC or not having CAC based on the presence of lesions. If any object
present was classified as CAC, the participant was classified as having CAC. Accuracy, specificity,

sensitivity and precision were calculated based on these results compared to the reference.

The second analysis was done to evaluate the segmentation of the CAC lesions. The annotations
made by the experts were used as a reference for this evaluation. This evaluation was done voxel
based, meaning each voxel was classified either as CAC or not CAC. For each participant, a volume

containing the segmentations was created. From these volumes, we calculated the false positive



(FP), false negative (FN) and true positive (TP) voxels. These values were then used to calculate the
Dice coefficient[18], specificity, precision and sensitivity of the pipeline on segmenting calcification
in the internal and external validation dataset. The average volume of TP, FP and FN calcium plaques

per scan was also calculated.

The results of the classification step were compared to recent similar studies on CAC[19-22].
Although there are more studies on deep learning algorithms for CAC, many originate from the same
imaging research groups. Only the latest results are discussed. These studies usually have different
outputs, such as the Agatston score class[20]. Confusion matrices were built based on these studies
by using the group that had no CAC as negative group and the group that had the lowest calcium
score as the positive class. The confusion matrices from both our own work and the other authors
were then used for calculating the accuracy metrics. Bootstrapping with 1000 iterations was used to

estimate confidence intervals.

Results

The pipeline without the dilated convolutional layers in the participants without CAC predicted 28 of
50 (56%) and 35 of the 50 (70%) correctly on the internal and external validation datasets,
respectively. Of the participants with CAC, 50 of 50 (100%) were classified as positive on the internal
validation dataset. On the external dataset, 48 of 50 (96%) participants were classified correctly. Two
false negative cases were found in the external validation dataset. After adding the dilated
convolutional layers to the CNN, of the participants without CAC in the internal and external
validation set, 31 of 50 (62%) and 43 of 50 (86%) were predicted correctly as having no CAC. Of the
participants with a 10 to 20 score, no participants were categorized as false negatives. The use of
dilated convolutions resulted in an increase in precision, sensitivity, negative predictive value and
specificity of the network (Table 1). Especially for the external validation, the number of false

positives was reduced from 15 to 7 when using dilated convolutional layers. This resulted in an



increase of precision from 0.76 to 0.88 and an increase in specificity of 0.70 to 0.86. The processing
pipeline found 19 false positives in the internal validation set and 7 in the external dataset (Table 2).
Figure 4-6 show examples of correct and incorrect classification and segmentation results. The
processing pipeline achieved a DC score of 0.63 and 0.84 on the internal and external datasets,
respectively. The volume of the total CAC lesions in the internal and external datasets was similar,
but the number of FP lesions was higher in the internal validation dataset (Table 3). With this
implementation, which was not optimized for speed, the software pipeline needed approximately 30

seconds to predict the presence of CAC.

Discussion

This research shows that artificial intelligence (Al) might be used for automatically excluding patients
without CAC. By using dilated convolutional layers to reduce the number of false positives
significantly, a hypothetical workload of 100 CAC scans be reduced by 34, based on a model
specificity of 86% and a prior probability for a scan to be CAC positive of 60 with very little to no false

negatives. Our algorithm takes 30 seconds and can run without supervision.

A large gap in accuracy between our internal and external validation is found. The internal
validation set contained more high CT density spots (HU > 130) actually not being CAC, such as
calcium in the valves of the heart or in the aorta. This occurred because it was acquired from a high-
risk population, whereas our external validation dataset came from a low- to medium-risk
population. Visual inspection showed that the processing pipeline was sensitive to these high CT
density spots. Therefore, a higher number of false positives was found in the internal validation
dataset. The same was seen in the segmentation results in Table 3. Although the number of CAC
lesions was similar between datasets, the number of false positive lesions was higher in the internal

validation.



Cano-Espinosa et al.[21] use a two step method to directly predict Agatston scores on non-ECG
gated chest CT scans. The first step is an object detector for cropping the image around the heart
and the second step is a 3D CNN for the regression. They have trained on 5973 scans and used 1000
scans for validation. They categorized the participants into 5 classes depending on the score. The
lowest class contains both participants with a zero score as participants with a score lower than 10.
Therefore, we can still make a comparison between participants under 10 and between 10 and 100,
but we cannot make the comparison zero score and non-zero score. They reach similar precision
(0.88) and specificity (0.92) as our work. However, they find 114 false negatives in their predictions
on the lowest 2 classes. Therefore, their sensitivity (0.61), Cohen’s kappa (0.53) and negative
predictive values (NPV) (0.71) are lower than our work.

Wang et al. used also used a 3D deep learning algorithm trained on 530 ECG triggered CT scans to
make segmentations of the CAC and then calculate the Agatston scores based on these
segmentations. In the validation set of 54 patients with scores between 1 and 99, five were classified
as false negative, yielding negative and positive predictive values of 84% and 88%[19]. Overall, on
their lowest 2 classification groups, a Cohen’s kappa of 0.70 was reached. De Vos et al., using deep
learning to directly predict CAC scores from chest or cardiac CT, obtained negative and positive
predictive values of 97% and 100%, in line with our work[20], but with higher precision and
specificity, but with false negative predictions. Their pipeline uses 3D atlas registration to align the
cardiac and chest CT’s FOV. Van Velzen et al. used a combination of six datasets containing a
combination of 7240 CT scans[23]. They have used a combination of cardiac PET, radiation therapy
treatment planning, diagnostic chest, ECG gated CAC screening and low-dose chest CT scans.
Validation of the algorithm was done on each dataset containing one of the specific types of CT
scans. The algorithm was trained in three different ways for further validation. Either on only the
cardiac CT scans, on all the scan protocols, or on the same scan protocol that the validation was
done on. By training on the combined dataset of 2563 scans, a kappa of 0.92 was reached. Two false

negatives were found on the validation dataset of 323 cardiac CT scans.



A detailed comparison between our results and those reported in the literature is given in Table 4.
The other groups all used patients with no CAC next to patients with CAC for the training stage of
their network. In the other papers, this might have resulted in the false negative predictions. By
training on only positive cases, we managed to reduce our false negative predictions to zero. This

might make implementation of our software, once validated on a larger dataset, more likely.

Limitations
There are a number of limitations to this research. We only used a limited number of screening
scans for training the data. This does not allow the pipeline to learn much anatomical variation.

However, even with this small amount of data, the results are promising.

We did not include any participants with a score between 0 and 10 in our cohort. In general, the
reproducibility of these cases is low, making them less suitable for this pilot study. In the future,

these cases will be included.

During post-processing, 2D objects were removed. This might mean that objects thinner than 3
millimetre in axial direction might have gotten removed. However, no such cases were seen in our
validation process. A larger validation study might have to proof whether calcium spots are usually

larger than 3 millimetres or whether simply no such cases were present in our validation datasets.

Cases that were misclassified are often participants with calcium in different places than the heart,
for instance, the bronchi or the liver. Improving the algorithm for the automatic heart segmentation

would help to mitigate this. In Figure 5, such an example can be seen.



Other cases often misclassified are participants with calcium in the valves of the heart, as shown in
Figure 6. For these cases, combining our algorithm with an algorithm for automatic segmentation of

the substructures in the heart might result in improved performance.

Our external validation set only consists of 100 participants. Although no false negatives were found,
we need to do more validation on a larger dataset to proof that our pipeline can be safely used for
detection of participants with no CAC. We will then also include cases with a CAC score <10. Larger

validation tests are currently ongoing.

Implications

Assuming a prevalence for CAC of 60% in a screening population at elevated risk, deploying our
model would allow for a direct CAC negative classification of 34 out of 100 scans. That implies a 34%
reduction in the number of scans due for manual evaluation, and represents a considerable
reduction in radiologists’ workload in such a screening setting. However, we expect CAC screening
may become combined with lung cancer screening[24—-26]. This would shift the screening population
from elevated risk for CVD to medium risk for CVD, more like as in the ImalLife study. Results of a
sample of 3111 male participants of the NELSON study (a trial for lung a cancer screeningin a
population of heavy smokers)[27] indicate that 79% of the participants would have CAC, so our
pipeline might exclude fewer participants than in CAC screening. With these numbers, 17 out of 100
scans might be excluded. Potentially, only a chest CT scan would be made for lung cancer screening,
instead of a cardiac ECG-triggered CT, so for future work, we will develop our pipeline for use in

thorax scans.

Conclusion
We proposed an automated pipeline for automatically detecting scans containing CAC. The results

show that our pipeline in a screening population might be used to exclude scans with no CAC



without the risk of false negatives, and thus might be used to reduce the workload for radiologists in

CAC screening.
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Figure 1: An example of an annotation in Syngo.via. In pink are the pixels above the 130 HU threshold. The blue, yellow
and red colors indicate CAC in different coronaries in the heart.

Figure 2: Automated image cropping by image post-processing as developed by the authors. (A) Original CT slice. (B) A
threshold is applied to create a binary image. (C) Region selection after removal of chest wall by removing object near
the edges of the image and small objects. This image is used for finding the center of mass of the heart. The bounding
box is then selected by using the center of mass as center for the bounding box. (D) Cropped image after processing.

Figure 3:Schematic overview of the Architecture of the axial neural network. On the left, two examples of the input, the
upper image is the cropped CT image and beneath that is the thresholded binary image. The grey boxes represent the
feature maps, with the x and y sizes corresponding with the number of channels and the size of the image respectively.
The coloured arrows show the operations used. The number of features for the coronal and sagittal CNNs are the same,
but he input images are 120x320. This is down sampled to 60x160 and 30x80 in the lower layers.

Figure 4: Example of a correct segmentation. From left to right, the cropped CT image (A), the thresholded image (B), the
segmentation as made by an expert reader (C) and the prediction of the pipeline(D) are shown.

Figure 5: Example of an incorrect segmentation result. The pipeline predicts calcium in the aorta and in the cartilage of
the bronchi to be CAC. From left to right, the cropped CT image (A), the thresholded image (B), the segmentation as
made by an expert reader (C) and the prediction of the pipeline(D) are shown.

Figure 6: Example of an incorrect segmentation result. The pipeline predicts calcium in the aortic valve to be CAC. From
left to right, the cropped CT image (A), the thresholded image (B), the segmentation as made by an expert reader (C) and
the prediction of the pipeline(D) are shown.



Table 1: Effect of using dilated convolutions in the CNN on the results of the pipeline. The confidence
intervals are given after the plusminus symbol. Confidence intervals are acquired by bootstrapping to 1000
participants and calculating the confidence intervals over the cohort.

Internal Validation External Validation

Without Dilation With Dilation Without Dilation With Dilation

layers layers layers layers
Precision 0.69+0.10 0.72%0.10 0.76%0.10 0.88+0.10
Sensitivity 1.00+0.00 1.00+0.00 0.96+0.04 1.00+0.00
Negative predictive 1.00+0.00 1.00+0.00 0.95+0.14 1.00+0.00
value
Specificity 0.55+0.14 0.61+0.14 0.70£0.12 0.8610.11

Table 2: Confusion matrix of the positive or negative for CAC analysis.

Internal External
Validation Validation
Predicted: No Predicted: CAC Predicted: No Predicted: CAC
CAC CAC
Reference: No 31 19 43 7
CAC
Reference: CAC 0 50 0 50
K=0.62 k=0.86

CAC = coronary artery calcium, k = Cohen’s kappa coefficient




Table 3: Summary of the validation and testing performance of the proposed pipeline on lesion segmentation
in participants with a positive CAC.

Internal Validation External
Validation
DC score 0.63 0.84
TP (mm3)/scan 31.76 34.75
FP (mm?3)/scan 91.29 39.78
FN (mm3)/scan 7.76 5.77

DC = Dice Coefficient, TP = True Positive, FP = False Positive, FN =
False Negative

Table 4: results of the pipeline compared to similar works.

Proposed Cano- Wang[19] De Van Velzen[23]
work Espinosa Vos[20]
et al.[21]

Precision  0.88+0.10 0.88+0.04 0.88+0.08 1.00%0.00 0.90+0.08
Sensitivity 1.00£0.00 0.62+0.06 0.91+0.08 0.80+0.12 0.95+0.05
NPV 1.00+0.00 0.70+0.05 0.84+0.14 0.97+0.02 0.99+0.01
Specificity 0.86+0.11 0.92+0.03 0.79+0.14 1.00+0.00 0.98+0.02
TP 50 180 49 36 47
FP 7 25 7 0 5
FN 0 114 5 9 2
TN 43 279 26 259 269
kappa 0.86 0.53 0.7 0.87 0.92

NPV = negative predictive value, TP = True Positive, FP = False Positive, FN = False
Negative, kappa = Cohen’s kappa coefficient
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