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Introduction

This thesis aims to develop deep learning methods for cardiac segmentation and 
prediction tasks in computed tomography (CT) to investigate heart characteristics 
and their predictive value for future cardiac events, support medical experts in daily 
routine tasks and accelerate and improve clinical treatment. This section will provide an 
introduction to machine learning, present different concepts and applications, followed 
by the thesis outline.

Deep Learning in medical imaging
Deep learning (DL) is a sub-field of machine learning that has made huge improvements 
in recent years, utilizing the high computational power of state-of-the-art computer 
hardware and the availability of massive amounts of digital data, achieving equal and 
even superior performance to humans in task- specific applications1–4. Typically, traditional 
machine learning systems consist of one or two transformation layers5–7. DL emerged 
from the idea of stacking multiple layers in a ML system, with “deep” describing the 
number of layers as the depth of a system8–10, that has shown great results in many areas 
(e.g. face recognition11, speech recognition12, natural language processing13, self driving 
cars14, playing AlphaGo4, and many more). Furthermore, DL was successfully developed 
and applied in several medical applications, such as medical imaging and diagnostic, risk 
management, or virtual assistants, as well as medical image segmentation tasks, with 
U-Nets and U-Net-derived networks being prominent models15–19. These networks were 
successfully applied for brain tumor segmentation20, lung nodule segmentation21, whole 
heart segmentation22,23, and others. Recently, the success of deep learning has led to a vast 
amount of proof-of-principle studies in various clinical application areas24–26. However, 
often real world applicability of the proposed systems was not demonstrated due to a 
lack in sufficiently large, diverse and independent data sets for model development and 
validation. Hence, before clinical introduction can be considered, generalizability of these 
systems needs to be demonstrated as they need to perform reliably across multiple clinical 
scenarios, and work robustly on data recorded with various settings across institutions.
 In this thesis, novel deep learning methods for clinical applications were developed 
and evaluated. Their performance, robustness, and generalizability was rigorously 
assessed in large, independent and distinctive cohorts. The presented deep learning 
methods focus on enhancing, supporting and improving clinical treatment of cardiac 
diseases.

Deep learning for cardiovascular risk prediction
Cardiovascular disease is the most common preventable cause of death, accounting for 
up to 45% of mortality in Europe27 and 31% in the United States28. One of the strongest 
known predictors of adverse cardiovascular events is coronary artery calcification, which 
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can be quantified on computed tomography (CT)29,30. The CT coronary calcium score is a 
measure of the burden of coronary atherosclerosis and is one of the most widely accepted 
measures of cardiovascular risk29,30. Coronary calcium scoring has been recommended 
by guidelines for risk stratification, specifically in the setting of primary prevention in 
asymptomatic individuals31,32. In symptomatic patients, the presence of coronary calcium 
is associated with future cardiovascular events in the stable chest pain setting33 and low 
likelihood of acute coronary syndrome in patients with acute chest pain34. Additionally, 
showing patients their coronary calcium provides a “teachable moment” to empower 
them to make informed, individualized decisions, and to improve long-term compliance 
for preventative therapy and lifestyle changes including smoking cessation35,36.
 While the calcium score has been traditionally measured on specialized ECG-gated 
cardiac CT, it can also be measured on nearly every standard chest CT, performed without 
contrast agent32. However, the measurement requires radiological expertise, time, and 
specialized coronary calcium quantification equipment. As a result, this essentially free 
available information is usually not reported. A deep learning system for fully automatic 
coronary calcium quantification could help put this actionable information into the hands 
of patients and their physicians. 

Deep learning for whole heart segmentation in computed tomography scans
Whole heart segmentation in CT is a critical task performed in medical research and 
care22,23. Moreover, heart segmentation represents the foundation for a wide range of 
applications, such as coronary calcium segmentation37 or quantification of pericardial 
fat38. According to the most recent European Society of Cardiology Guidelines, cardiac 
CT represents a first-line diagnostic method to assess cardiovascular risk in patients with 
chronic coronary syndromes, including those with stable chest pain, 39. It is increasingly 
used to exclude obstructive coronary artery disease in patients presenting with stable 
chest pain. Still, assessment of cardiovascular risk in CT remains difficult, especially in those 
with non-obstructive diseases40, which account for the majority of future cardiovascular 
events41,42, thus requiring advanced risk stratification and frequently are referred to further 
testing. On the other hand, cardiac CT has the advantage to image anatomical structures. 
For example, the diameter of the heart is an established predictor of cardiovascular risk, 
which is traditionally measured on X-ray23,43,44. However, the prognostic value of CT-
derived whole heart volume, a detailed 3D measure of heart size, available in all cardiac CT 
scans, has not been evaluated yet. Additionally, epicardial adipose tissue, located within 
the pericardial sac and neighboring coronary arteries, represents a metabolically active 
tissue with paracrine atherogenic effects related to hypertension, dyslipidemia, diabetes 
mellitus, and obesity45,46. There is a growing body of evidence, mainly based on data from 
large cohorts with low cardiovascular risk, suggesting that elevated epicardial adipose 
tissue volume may be associated with coronary artery disease severity and adverse cardiac 
events47. However, little is known about the predictive value of epicardial adipose tissue 
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in symptomatic patients with elevated cardiovascular risk. Therefore, a publicly available, 
robust and fully automatic heart segmentation system has the potential to accelerate 
cardiac research and could allow translation to medical care.

Deep learning systems beyond the initial field of development
Medical knowledge is increasing exponentially with an estimated doubling every few 
months as of 202048. While this has improved healthcare across the world49, it is paralleled by 
increasingly specialized expert knowledge, which may be disproportionately distributed 
to high resource medical centers, thus increasing health care disparities50. Recent advances 
in AI, and deep learning in particular, offer a novel way to improve and automate complex 
tasks that up until now could only be performed by professionals51. Typically, deep 
learning applications are developed using labeled data generated by medical experts for 
domain-specific problems. As a result, this expert knowledge is encapsulated in the deep 
learning system, providing the opportunity to disseminate this highly skilled expertise 
across medical domains, institutions and countries, with the potential to optimize patient 
care and reduce knowledge and economic disparities in undersupplied settings.
 One area that could benefit from this concept includes imaging-related tasks, such 
as radiology and radiation oncology. While the former uses imaging studies primarily 
for diagnosis, the latter relies on the same information for organ and tumor targeting, 
treatment planning and delivery, and monitoring. An integral part of radiotherapy 
treatment planning is segmenting organs at risk in the radiation field on CT scans22. If 
appropriate resources are available, this is done manually by trained experts who require 
considerable time and are prone to inter- and intra-observer variability. More importantly, 
if time or knowledge are limited, this crucial step to ensure treatment quality and patient 
safety may be neglected. Therefore, automating and optimizing the process of organ at 
risk segmentation using deep learning could improve clinical care at high speed and low 
additional cost, especially in underprivileged healthcare settings52.
 Among the organs at risk, the heart is of special interest as it is known that increasing 
radiation exposure is associated with future cardiac adverse events, such as coronary 
artery disease and heart failure53,54. Given their training, the highest anatomic expertise 
in cardiac imaging is likely found among cardiovascular radiologists, who focus on the 
diagnosis and monitoring cardiac-related diseases using dedicated image acquisition, 
reconstruction, and analysis techniques. Hence, disseminating this highly specific but 
narrow expert knowledge across medical domains and to institutions or countries with 
limited resources may enable more accurate treatment planning and measurement of 
cardiac radiation dose to optimize cardioprotective strategies in radiation oncology. This 
is of particular interest for patients with breast cancer as the heart and its substructures 
are in close proximity to the target area. Thus, reducing heart radiation dose is of great 
importance to not harm the generally favourable outcomes of these patients.
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Objectives and outline of the thesis
To address the mentioned challenges, several deep learning models for cardiac related 
tasks were developed in this thesis. In several projects a cooperation between technical 
and medical experts from renowned scientific and medical institutes was formed to 
process and analyze data from unprecedentedly large clinical cohorts.
 Chapter 2 presents a DL system for automatic cardiovascular risk prediction. The 
proposed system consists of four consecutive steps (1) to localize and (2) segment the heart 
in a CT scan, (3) segment coronary calcium and (4) calculate a risk score. The system was 
developed using cardiac ECG-gated CT scans from the community based, observational 
Framingham Heart Study (FHS)55. It was tested in over 20,000 CT scans from 4 distinct 
clinical cohorts, including low-dose chest screening CTs of asymptomatic individuals 
from the National Lung Screening Trial (NLST)56 as well as cardiac gated CTs of individuals 
with acute chest pain from the Prospective Multicenter Imaging Study for Evaluation 
of Chest Pain (PROMISE)57 and Rule Out Myocardial Infarction using Computer Assisted 
Tomography II study (ROMICAT-II)58. The scans were gathered by over 200 participating 
medical sites and manual segmentations were provided by experienced medical experts 
from the Cardiovascular Imaging Research Center at the Massachusetts General Hospital. 
Accuracy, compared to the gold standard of expert human readers, was assessed in 5,521 
subjects across all four cohorts. The results demonstrate that deep learning methods can 
automate cardiovascular risk prediction from medical images acquired in several clinical 
scenarios. These observations provide a rationale to implement this technique in both 
screening and hospital settings to improve population health, at high speed and low 
costs.
 Chapter 3 presents a reliable and accurate deep learning system for fully automatic 
heart segmentation in non-contrast enhanced cardiac ECG-gated CT and low-dose chest 
screening CT scans. The model was trained on high quality scans from FHS59,60, with 
manual segmentations provided by experienced medical experts. The system was tested 
on two large and distinct clinical cohorts including cardiac ECG-gated CTs from PROMISE57 
as well as low-dose chest screening CTs from NLST56. In the test cohorts totalling 1,534 
CT scans acquired in 226 medical sites, performance, generalizability, and applicability of 
the proposed deep learning system was assessed. The system is suitable for a vast array 
of research and medical applications. By making the code open-source and providing 
the fully trained model to the public without restrictions, this study has the potential to 
accelerate clinical research and improve medical treatment.
 Chapter 4 presents a study to determine the association of whole heart volume with 
major adverse cardiovascular events, adjusting for traditional measures of cardiovascular 
risk and coronary artery disease (CAD) characteristics on CT. Furthermore, a subgroup 
analysis across CAD categories was performed to determine whether whole heart volume 
had discriminatory capacity incremental to atherosclerosis cardiovascular disease risk 
score and CT-derived CAD characteristics.
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 Chapter 5 investigates the relationship between epicardial adipose tissue 
volume and traditional cardiovascular risk factors, CT-derived coronary artery disease 
characteristics, and incident adverse events in symptomatic individuals with increased 
cardiovascular risk from PROMISE57.
 Chapter 6 investigates whether a deep learning system developed in cardiovascular 
radiology can be used for radiation oncology treatment planning. Therefore, a deep learning 
system for whole heart segmentation was developed using multi-center data including 
dedicated cardiac CTs and low dose chest screening CTs, with manual segmentations 
from expert cardiovascular radiologists. This system was validated in an independent 
real-world dataset including 5,677 breast cancer patients which were treated at the Dana-
Farber and Brigham and Women’s Cancer Center between 2008-2018. The performance of 
the deep learning system was compared to radiation oncology experts as well as to heart 
segmentations used in the clinic for treatment delivery. This study may serve as proof 
of principle to repurpose and leverage AI applications for optimizing patient care and 
reducing healthcare disparities across specialties, institutions, and countries.
 Chapter 7 presents a summary of this work and next steps, future improvements 
and applications.
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Abstract

Coronary artery calcium is an accurate predictor of cardiovascular events. While it is 
visible on all computed tomography (CT) scans of the chest, this information is not 
routinely quantified as it requires expertise, time, and specialized equipment. Here, 
we show a robust and time-efficient deep learning system to automatically quantify 
coronary calcium on routine cardiac-gated and non-gated CT. As we evaluate in 20,084 
individuals from distinct asymptomatic (Framingham Heart Study, NLST) and stable 
and acute chest pain (PROMISE, ROMICAT-II) cohorts, the automated score is a strong 
predictor of cardiovascular events, independent of risk factors (multivariable-adjusted 
hazard ratios up to 4.3), shows high correlation with manual quantification, and robust 
test-retest reliability. Our results demonstrate the clinical value of a deep learning 
system for the automated prediction of cardiovascular events. Implementation 
into clinical practice would address the unmet need of automating proven imaging 
biomarkers to guide management and improve population health.

Figure 1. Overview of the deep-learning framework, the training and test cohorts, and the implemented 
evaluation steps. a The deep-learning framework was trained and tuned on 1,636 computed tomography (CT) 
scans from FHS-CT1. In four consecutive steps a coronary calcium risk score was calculated in a fully automatic 
fashion. Independent testing was performed on 20,084 CT scans from four different clinical cohorts. b The 
performance of the framework was evaluated with respect to its clinical value and robustness. c CT scans 
of three representative patients of FHS-CT2 outlined with the deep learning system heart (blue contours) 
and coronary calcium (orange contours). FHS-CT117, FHS-CT217: Framingham Heart Study, (CT1) participants 
from the seventh examination cycle of the Offspring Cohort or first examination cycle of the Third Generation 
Cohort (2002-05) and (CT2) participants from the second examination cycle of the Third Generation Cohort 
(2008-11); NLST18: National Lung Screening Trial; PROMISE19: Prospective Multicenter Imaging Study for 
Evaluation of Chest Pain; ROMICAT-II20: Rule Out Myocardial Infarction using Computer Assisted Tomography 
II; ECG: Electrocardiographic; CT: Computed tomography; ASCVD: Atherosclerotic cardiovascular disease; ACS: 
Acute coronary syndrome.
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Introduction

Cardiovascular disease is the most common preventable cause of death, accounting 
for up to 45% of mortality in Europe1 and 31% in the United States2. Effective lifestyle 
and pharmacological prevention is available, but identifying those who would benefit 
most remains an ongoing challenge3. Traditional risk factors, such as age and sex, have 
limited accuracy for predicting cardiovascular desease among individuals. Hence, efforts 
are needed to further improve cardiovascular risk prediction and stratification on an 
individual basis4.
 One of the strongest known predictors for adverse cardiovascular events is coronary 
artery calcification, which can be quantified on computed tomography (CT)5,6. The CT 
coronary calcium score is a measure of the burden of coronary atherosclerosis and is one 
of the most widely accepted measures of cardiovascular risk5,6. Coronary calcium scoring 
has been recommended by guidelines for risk stratification, specifically in the setting of 
primary prevention in asymptomatic individuals7,8. In symptomatic patients, the presence 
of coronary calcium is associated with future cardiovascular events in the stable chest 
pain setting9 and low likelihood of acute coronary syndrome in patients with acute 
chest pain10. Additionally, showing patients their coronary calcium provides a “teachable 
moment” to empower them to make informed, individualized decisions, and to improve 
long-term compliance for preventative therapy and lifestyle changes including smoking 
cessation11,12.
 While the calcium score has been traditionally measured on specialized ECG-gated 
cardiac CT, it can also be measured on nearly every standard CT scan of the chest performed 
without contrast8. However, the measurement requires radiological expertise, time, 
and specialized coronary calcium quantification equipment. As a result, this essentially 
free available information is usually not reported. An automated system for quantifying 
calcium on medical imaging could help put this actionable information into the hands of 
patients and their physicians. 
 Recent strides in artificial intelligence, deep learning in particular, have shown its 
viability in several medical applications such as medical diagnostic and imaging, risk 
management, or virtual assistants. Especially in medical imaging there is a large potential 
as deep learning can successfully be used for identifying and segmenting objects within 
the 3-dimensional image space13–16. A major advantage is that deep learning can automate 
complex assessments that previously could only be done by radiologists, but now is 
feasible at scale with a higher speed and lower cost. This makes deep learning a promising 
technology for automating cardiovascular event prediction from imaging. Before clinical 
introduction can be considered; however, generalizability of these systems needs to be 
demonstrated as they need to be able to predict cardiovascular events of asymptomatic 
and symptomatic individuals across multiple clinical scenarios, and work robustly on data 
from multiple institutions.
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 Here, we present a deep learning system that automatically and accurately can 
predict cardiovascular events by quantifying the presence and extent of coronary calcium. 
The system was evaluated in 20,084 individuals from four well-established prospective 
cohorts and randomized controlled trials - a healthy asymptomatic community-dwelling 
sample from the Framingham Heart Study (FHS)17, older asymptomatic heavy smokers in 
the National Lung Screening Trial (NLST)18, a symptomatic stable chest pain population 
evaluated for suspected coronary artery disease in the outpatient setting in the Prospective 
Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE)19, and a symptomatic 
acute chest pain population presenting to the emergency department in the Rule Out 
Myocardial Infarction using Computer Assisted Tomography (ROMICAT-II)20 trial. Overall, 
the association between the algorithm’s prediction and adverse cardiovascular events 
was tested in individuals who were imaged using different CT scanners, applying a variety 
of CT scan protocols, including ECG-gated and non-gated CT scans. Accuracy compared 
to the gold standard of expert human readers was assessed in 5,521 subjects across 
all four cohorts. Our results demonstrate that deep learning methods can automated 
cardiovascular risk predictions from medical images acquired in several clinical scenarios. 
These observations provide a rationale to implement this technique in both screening 
and hospital settings to improve population health, at high speed and low costs.

Results

We developed a deep learning system to automatically identify individuals at high risk 
for cardiovascular disease and tested the system’s performance in four large independent 
held-out cohorts with a variety of clinical presentations and CT scanning techniques. Fig. 1  
provides an overview of the test cohorts and analyses. Clinical characteristics of the test 
cohorts can be found in Table 1.

Table 1. Baseline characteristics of subjects in the four test cohorts.

Characteristics* FHS-CT2
(n=663)

NLST
(n=14,959)

PROMISE
(n=4,021)

ROMICAT-II
(n=441)

Woman - n (%)
Age - years
Body mass index - kg/m2

Arterial hypertension - n (%)
Diabetes - n (%)
Hypercholesterolemia - n (%)
Former or current smoker - n (%)
Framingham risk score
TIMI risk score

372 (56.1)
57.2±11.4
28.6±5.5
219 (33.1)
31 (4.87)
236 (35.6)
202 (31.7)
0.10±0.1
n/a

6,110 (40.9)
61.5±5.1
27.9±5.1
5,321 (35.6)
1,427 (9.5)
n/a
14,959 (100)
n/a
n/a

2,047 (50.9)
60.6±8.0
30.4±5.9
2,614 (65.0)
838 (20.8)
2,734 (68.0)
2,078 (51.7)
0.22±0.2
n/a

235 (53.3)
53.7±8.0
29.3±5.2
233 (52.8)
74 (16.8)
198 (44.9)
220 (49.9)
n/a
0.13±0.3

FHS-CT217: Framingham Heart Study, participants from the second examination cycle of the Third Generation Cohort; 
NLST18: National Lung Screening Trial; PROMISE19: Prospective Multicenter Imaging Study for Evaluation of Chest 
Pain; ROMICAT-II20: Rule Out Myocardial Infarction using Computer Assisted Tomography II; TIMI: Thrombolysis In 
Myocardial Infarction. n/a: Data was not available. *Characteristics are presented as mean ± standard deviation, if 
not stated otherwise. 
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Development of the deep learning system. 
The Framingham Heart Study (FHS) is a long-term cardiovascular cohort study including 
asymptomatic persons originally from the city of Framingham in Massachusetts17,21. The 
Offspring and Third Generation FHS cohorts received ECG-gated non-contrast cardiac CT 
and were included in our analysis. We developed the deep learning system in the first 
cohort of FHS participants to have cardiac CT (FHS-CT1), including 1,636 individuals. 
The deep learning system was trained to identify and quantify coronary artery calcium 
based on manual segmentations performed by expert CT readers (Fig. 1a). To localize 
and segment the heart in a given CT scan, two consecutive deep learning networks were 
trained using 129 cardiac ECG-gated CTs with volumetric heart segmentations provided 
by expert readers. These networks were tested in an independent subset of our test 
cohorts including 1,857 cardiac gated and low-dose chest screening CT (Supplementary 
Fig. 2a). In this test cohort the heart localization network was able to predict the heart 
center with an accuracy of 9±7mm, while the heart segmentation network achieved a 
Dice coefficient of 0.90±0.059. Supplementary Table 4 provides details about the results 
of the two networks in the sub-cohorts. Next, the system automatically identified and 
segmented the coronary calcium and computed the coronary artery calcium (CAC) scores, 
and stratified them into clinically relevant categories of very low (CAC=0), low (CAC=1-
100), moderate (CAC=101-300), and high (CAC>300). The system could analyze each 
image on an average of 1.938 seconds per scan on a GPU system. Resulting CAC scores 
were evaluated in the test cohorts in terms of agreement with expert readers as well as 
predicting risk of cardiovascular events on follow-up (Fig. 1b). 
 
Automated coronary calcium scoring in lung cancer screening. 
To evaluate the value of coronary calcium in heavy smokers having lung cancer screening 
CT, we applied our deep learning system to 14,959 participants in the low-dose chest CT 
arm of the National Lung Screening Trial (NLST). NLST low-dose chest CT was performed 
at 33 institutions with a variety of CT scanners using a non ECG-gated low dose chest CT 
protocol18. 
 We investigated the association between our deep learning system’s calcium 
score and incident atherosclerotic cardiovascular disease (ASCVD) death in lung cancer 
screening eligible individuals with a median follow-up time of 6.7 years. Kaplan-Meier 
analysis and Cox regression showed significant differences between all four calcium risk 
groups (Fig. 2a). Adjusted for age, sex, diabetes, heart disease, hypertension and stroke, 
the hazards ratio (HR) for cardiovascular disease compared to the reference (very low risk) 
group was 1.57 (95%CI=0.96-2.57, P=0.069) for the low risk group, 2.79 (95%CI=1.70-4.57, 
P<0.001) for the moderate risk group and 3.87 (95%CI=2.45-6.11, P<0.001) for the high 
risk group (Table 2).
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Risk predictions in stable and acute chest pain patients. 
Furthermore, we tested our deep learning system in outpatients with stable chest pain 
enrolled and randomized to ECG-gated cardiac CT in the Prospective Multicenter Imaging 
Study for Evaluation of Chest Pain (PROMISE). In 4,021 patients acquired at 193 North 
American sites, there was a graded association between extent of deep learning calcium 
score and cardiac events, defined as the composite of death, myocardial infarction, 
or hospitalization for unstable angina over median 25 months (P<0.001)(Fig. 2b)19. 
After adjustment for Framingham Risk Score, HRs for cardiac events showed significant 
increases in hazard across the low, moderate and high risk versus the reference (very low 
risk) group (Table 2).
 The last test cohort included patients presenting with acute chest pain to the 
emergency department enrolled in the Rule Out Myocardial Infarction Using Computer 
Assisted Tomography II (ROMICAT-II) trial. In 441 patients who had ECG-gated cardiac 
CT at 9 sites, there was a similar association between the deep learning calcium score 
and acute coronary syndrome at 28 days (Fig. 2c)20. After adjustment for thrombolysis 
in myocardial infarction (TIMI) risk score, again patients with increasing deep learning 
calcium score were at increased risk, reflected in HRs significantly greater than 1 for each 
of low, moderate, high risk vs the reference (very low risk) group (Table 2). HRs increase as 
the risk category increases.

Figure 2. Outcome analysis for deep learning predicted calcium scores. Kaplan-Meier survival analysis of CAC 
risk groups for (a) cardiovascular disease-related death for 14,959 subjects of the National Lung Screening Trial 
(NLST)18 and (b) all-cause mortality, myocardial infarction and unstable angina for 4,021 subjects of the Prospective 
Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE)19. A two-sided log-rank test was used to calculate 
the p-values (*p-value ≤ 0.05; ***p-value ≤ 0.001)  in panels (a) and (b). c Thirty-day acute coronary syndrome 
(ACS) rate across CAC groups for 441 subjects from the Rule Out Myocardial Infarction using Computer Assisted 
Tomography II (ROMICAT-II)20 trial. The shaded area corresponds to the 95% confidence interval of the thirty-
day ACS rate across CAC groups. A two-sided Fisher’s exact test was used to estimate differences in the ACS rate 
between the very low risk group and the low, moderate and high risk group (***p-value ≤ 0.001). CAC: Coronary 
artery calcium; ASCVD: Atherosclerotic cardiovascular disease, ACS: Acute coronary syndrome. CAC risk groups: 
Very low: 0; Low: 1-100; Moderate: 101-300; High: >30021.
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Comparison of automated deep learning and manual results. 
We compared the deep learning calcium scores to manually measured calcium scores in 
5,521 test cohort patients from FHS-CT2 (n=663), NLST (n=396), PROMISE (n=4,021) and 
ROMICAT-II (n=441). There was a very high22 Spearman’s correlation of 0.92 (P<0.0001) 
and substantial agreement23 between automatically and manually calculated calcium 
risk groups (Fig. 3a). Most differences occurred between adjacent risk categories. For a 
detailed comparison of calcium scores in each test cohort, as well as concordance tables 
and kappa values, see Supplementary Figures 3, 4 and 5 and Supplementary Tables 1, 
and 3. Furthermore, an in-depth outlier-analysis was performed and can be found in the 
Supplementary Note 1.
 To show the predictive value of the automatically calculated calcium score we 
computed the AUCs for event prediction in NLST, PROMISE and ROMICAT-II (Supplementary 
Table 2) and compared them to AUCs from manually derived calcium scores (Supplementary 
Table 5). We used random effects meta-analysis to estimate combined predicted and 
manual AUCs. The combined predicted AUC=0.74 was statistically not different to the 
combined manual AUC=0.75 (P=0.544). 

Test-retest reliability. 
A test-retest analysis was performed separately on the manual and on the deep learning 
risk scores on a subset of randomly selected 252 image pairs from FHS-CT1. Each image 
pair was taken consecutively within the same setup and within one minute to one-hour 
time difference. The results showed a great stability between the automatically calculated 
calcium scores for each image per pair achieving an ICC of 0.993 (P<0.001), compared to 
the ICC of manual calculated calcium scores of 0.997 (P<0.001). Manual and automatic 
test-retest repeatability is shown in Fig. 3b and 3c.

Figure 3. Confusion matrices to compare manual and automatic CAC quantification and to assess test-retest 
repeatability. a Comparison of CAC classes quantified by the deep-learning framework and expert readers 
combining data from FHS-CT2, NLST, PROMISE and ROMICAT-II (n=5,521). The robustness of b the deep learning 
framework and c expert readers to quantify CAC was assessed in 252 FHS-CT1 subjects who underwent two 
subsequent CT scans within one hour (Scan 1 and Scan 2). CAC: Coronary artery calcium; FHS-CT117, FHS-CT217: 
Framingham Heart Study, (CT1) participants from the seventh examination cycle of the Offspring Cohort or first 
examination cycle of the Third Generation Cohort (2002-05) and (CT2) participants from the second examination 
cycle of the Third Generation Cohort (2008-11); NLST18: National Lung Screening Trial; PROMISE19: Prospective 
Multicenter Imaging Study for Evaluation of Chest Pain; ROMICAT-II20: Rule Out Myocardial Infarction using 
Computer Assisted Tomography II; CAC risk groups: Very low: 0; Low: 1-100; Moderate: 101-300; High: >30021.
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Discussion

In this investigation, we demonstrate that a deep learning based coronary calcium scoring 
system accurately stratifies the risk for cardiovascular events across 19,421 individuals with 
distinct presentations enrolled in four large clinical studies. Risk prediction was robust 
across multiple clinical scenarios, including a primary prevention asymptomatic setting 
with non-gated chest CT (NLST)18, as well as dedicated ECG-gated cardiac CT in stable 
(PROMISE)19 and acute (ROMICAT-II)20 chest pain setting. The deep learning calcium score 
in 5,521 participants had high correlation with human expert readers and demonstrated 
robust test-retest reliability. Persons with a calcium score of zero are at very low risk24, 
with increasing risk in the ordinal calcium score tiers identified by the deep learning 
system25–27. Based on the 2018 ACC/AHA guidelines7, in persons at intermediate risk 
(defined as ≥7.5% to <19.9% 10-year risk of cardiovascular events based on risk factors), 
a calcium score of 0 indicates very low risk and unlikely benefit from statin therapy, while 
a high calcium score (≥100 or ≥ 75th centile for age/sex) indicates that a statin should be 
considered7. Despite these recommendations, dedicated coronary calcium scoring CT is 
not yet covered by Medicare and most US insurance companies, and for this reason, there 
is a great deal of interest in deriving the calcium score from routine chest CTs, which are 
far more common8,28,29. 
 Traditionally, coronary calcium scoring requires special software, manual 
measurement by trained experts and dedicated ECG-gated cardiac CT. As a consequence, 
the calcium score is often not reported on routine noncardiac chest CT, despite the fact 
that calcium scores on non-gated CT have reasonably good agreement with dedicated 
calcium scoring CT30,31. Our automated calcium scoring system addresses this need by 
reliably and Table 2. Univariate and multivariable survival analyses of the predictive value 
of deep learning risk scores assessed in the test cohorts. 
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Table 2. 

Risk 
Groups

Events* Univariate Multivariable

HR 95%CI P-value HR 95%CI P-value HR 95%CI P-value

NLST: n=14,959; Events: ASCVD death, n=288

Adjusted for age and sex Adjusted for age, sex, diabetes, 
hypertension, past heart-di-
sease, past stroke

Very low 0.6% (23/3613) n/a reference reference n/a reference reference n/a reference reference

Low 1.1% (53/4730) 1.77 1.08-2.88 0.022 1.62 0.99-2.65 0.054 1.57 0.96-2.57 0.069

Moderate 2.4% (56/2373) 3.76 2.32-6.12 <0.001 3.05 1.87-5.00 <0.001 2.79 1.70-4.57 <0.001

High 3.7% (156/4243) 5.98 3.86-9.26 <0.001 4.34 2.75-6.84 <0.001 3.87 2.45-6.11 <0.001

PROMISE: n=4,021; Events: All-cause mortality, MI, UA, n=130

Adjusted for age and sex Adjusted for Framingham Risk 
Score

Very low 1.5% (25/1615) n/a reference reference n/a reference reference n/a reference reference

Low 3.2% (41/1264) 2.16 1.31-3.55 0.002 1.96 1.18-3.25 0.009 1.90 1.15-3.15 0.012

Moderate 5.0% (28/557) 3.35 1.95-5.74 <0.001 2.83 1.62-4.96 <0.001 2.57 1.47-4.50 0.001

High 6.2% (36/585) 4.10 2.46-6.84 <0.001 3.21 1.84-5.60 <0.001 2.95 1.71-5.08 <0.001

ROMICAT-II: n=441; Events: ACS, n=38

Adjusted for age and sex Adjusted for TIMI Risk Score

Very low 1.5% (4/260) n/a reference reference n/a reference reference n/a reference reference

Low 11.0% (13/118) 7.92 2.52-
24.86

<0.001 6.46 1.96-21.30 0.002 7.70 2.44-
24.30

0.001

Moderate 20.6% (7/34) 16.59 4.56-
60.33

<0.001 12.60 3.19-49.83 <0.001 16.20 4.44-
59.13

<0.001

High 48.3% (14/29) 59.73 17.50-
203.78

<0.001 47.65 12.55-
180.94

<0.001 57.11 16.55-
197.12

<0.001

NLST18: National Lung Screening Trial; PROMISE19: Prospective Multicenter Imaging Study for Evaluation of Chest 
Pain; ROMICAT-II20: Rule Out Myocardial Infarction using Computer Assisted Tomography II; HR: Hazard ratio; CI: 
Confidence interval; CVD: Cardiovascular disease; ASCVD: Atherosclerotic cardiovascular disease; htn: hypertension; 
MI: Myocardial Infarction; UA: Unstable angina; ACS: Acute coronary syndrome; OR: Odds ratio; TIMI: Thrombolysis 
In Myocardial Infarction; n/a: Not available. Framingham Risk Score: Age, Total cholesterol, Smoker, HDL cholesterol 
systolic blood pressure. TIMI risk score: Age, Aspirin use, Angina, Elevated serum cardiac biomarkers, Known 
coronary artery disease, At least 3 risk factors for coronary artery disease, such as: Hypertension, Smoker, Low 
HDL cholesterol, Diabetes mellitus, Family history of premature coronary artery disease. Coronary calcium risk 
categories are based on: Very Low Risk (0: no coronary calcifications found), Low Risk (1-100: small amounts of 
coronary calcifications), Moderate Risk (101-300: moderate amounts of coronary calcifications), and High Risk 
(>300: large amounts of coronary calcifications)21. *Events are presented as a percentage within categorical risk 
group and with number of events and total number of subjects within the group in parenthesis.
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accurately extracting the calcium score in both cardiac CT and chest CT. The system 
calculates the calcium score in under two seconds, without human input. Our approach 
has several innovations: first, we developed a unique deep learning system to measure 
coronary artery calcium on routine cardiac electrocardiography (ECG)-gated and non-
gated chest CT, spanning a broad clinical spectrum including acute and stable chest 
pain as well as asymptomatic individuals having lung cancer screening. Our analysis of 
individuals from well-known NIH-sponsored observational cohorts and randomized 
controlled trials with prospective followup for cardiovascular events and death, is the 
largest to date to demonstrate the clinical value of automated calcium scoring. Second, 
we demonstrate prognostic value for risk of cardiovascular disease when the deep 
learning calcium score is applied to four different trials and longitudinal cohorts spanning 
the range of clinical scenarios in which coronary calcium would be useful. As our deep 
learning system does not require human input, this makes it an ‘end-to-end’ solution for 
accurate and time-efficient cardiovascular risk assessment in clinical settings32,33. Third, we 
share our rigorously validated deep learning system to the public, allowing for accelerated 
adoption of these technologies by both academic and commercial entities. 
  Although other studies have investigated deep learning algorithms for automated 
coronary calcium quantification34–42, they used smaller cohorts or proprietary technologies. 
For example, previous publications for fully automatic coronary calcium assessment 
proposed models focused on either ECG-gated cardiac34 or non-gated chest CT35. Shadmi 
et al.40 trained slice based U-Net and FC-DenseNet networks to segment coronary 
calcium with high accuracy in a subset of NLST, optimizing their model for non-gated 
CT only. Lessmann at al. presented a two-stage approach for calcium scoring37 as well as 
a deep learning method35 in a smaller subset of NLST. Martin et al.42 tested in their study 
a prototype commercial deep learning system for coronary calcium segmentation on a 
small data set from a single institution and scanner and their median computing time per 
scan was slightly slower (2.7 seconds). A combined solution capable of analyzing cardiac 
and non-gated chest CT as presented in our investigation has only been proposed by de 
Vos et al.36 and van Velzen et al.41. The approach proposed by de Vos et al.36 predicted the 
calcium score directly using direct regression on 2D CT slices only, and their test cohort 
was substantially smaller compared to our present analysis, less diverse and from the 
same sites as their training cohort36. Van Velzen et al.41 has shown the automation of CAC 
measurements compared to manual assessments in several clinical scenarios, using a two 
step approach to find calcification candidates and subsequently detecting calcifications, 
again using smaller testing cohorts compared to our present study. Our analysis of 20,084 
individuals from well-known observational cohorts and randomized controlled trials with 
prospective followup for cardiovascular events and death, is by far the largest to date 
to demonstrate the predictive value of automated calcium scoring. Furthermore we 
demonstrate strong robustness of the system by a high correlation with manual scoring 
in 5,521 subjects and high test-retest reliability in data from 252 individuals. We also share 
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our deep learning system, including the trained models, with the community, without 
restrictions.
 To overcome different fields of view of CT scans in tested cohorts and to reduce the 
amount of data that has to be processed to assess coronary calcium, many approaches 
implement a preprocessing step to find a region of interest (ROI) around the heart. Often, 
traditional image processing techniques are used to find the ROI38–40, but also 2D deep 
learning networks were successfully used to segment the heart and estimate a ‘bounding 
box43. The benefit of our 3D heart segmentation step is not to find a rectangular ROI, but 
to narrow the region for coronary calcium segmentation to the heart itself. 
 A strength of our investigation was that we tested our system in populations from 
large clinical trials and longitudinal cohorts with well-adjudicated cardiovascular diseases 
events. This is essential, as before clinical introduction can be considered, generalizability 
of these automated systems needs to be demonstrated as they need to be able to predict 
cardiovascular events of asymptomatic individuals across multiple clinical scenarios and 
work robustly on data from multiple institutions. Overall, we included over 20,000 persons 
drawn from over 200 sites. The available health outcomes and risk factors varied between 
datasets, reflecting the diverse mix of asymptomatic and symptomatic individuals. 
Nevertheless, the deep learning calcium score was an independent predictor of adverse 
cardiovascular events in all cohorts. The majority of FHS (100%)44, NLST (91%)18, PROMISE 
(77%)45 and ROMICAT-II (66%)46 participants were non-Hispanic whites. Although the 
manual calcium score has proven to be an important predictor of cardiovascular events 
across race and ethnicities, generalizability to other demographics will need to be 
investigated in future studies47. Furthermore, the proposed system evaluated the coronary 
artery calcium score on non-contrast cardiac and chest CT. As such it could not detect 
noncalcified plaque, which can be present even with a calcium score of zero.
 In summary, our end-to-end deep learning system provides an automated 
quantification of coronary calcium on both cardiac CT and lung cancer screening CT. The 
deep learning calcium score is strongly associated with cardiovascular risk in a broad 
spectrum of clinical scenarios. Automated quantification of coronary calcium has the 
potential to improve clinical routine and population health.

Methods

Study population
This study was a retrospective secondary analysis of a longitudinal primary prevention 
cohort (FHS-CT1 and FHS-CT2) and three randomized clinical trials (NLST, PROMISE, 
ROMICAT II). Details about participant selection are provided in the consort diagrams in 
the Supplementary Fig. 1.
 The deep learning system training and tuning was accomplished in Framingham 
Heart Study (FHS) Offspring48 and Third Generation49 cohort participants (FHS-CT1, 
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n=1,636) who had non-contrast ECG-gated cardiac CT for coronary calcium quantification 
between 2002 and 2005. Details regarding the FHS cohort, inclusion criteria, and calcium 
scoring have been described elsewhere21. Participants resided or had parents who resided 
in Framingham or in the New England region. Major inclusion criteria were age ≥35 years 
for men and ≥40 years for women. All participants provided written consent for the CT 
study, which was approved by the institutional review boards of the Boston University 
Medical Center and Massachusetts General Hospital17,21. In our investigation we included 
only participants with available cardiovascular disease risk profile, no known prior 
cardiovascular disease, and diagnostic-quality cardiac CT as determined by an expert 
reader (Supplementary Fig. 1a).
 The deep learning system performance was tested in a second, independent group 
of FHS participants who had cardiac CT from 2008-2011 (FHS-CT2, n=663). None of the 
persons in the FHS-CT2 testing cohort were in the FHS-CT1 training/tuning cohort. While 
the FHS-CT1 training cohort included only diagnostic-quality CTs, the FHS-CT2 testing 
cohort included all CTs including those initially considered non-diagnostic (Supplementary 
Fig. 1b). 
 A second testing cohort was drawn from the National Lung Screening Trial (NLST)18, 
a multicenter randomized controlled trial of non-contrast, non ECG-gated low-dose 
chest CT for lung cancer screening. In NLST, 53,454 subjects aged 55-74 years, current 
or former heavy smokers, were enrolled at 33 participating medical institutions with all-
cause mortality as primary outcome measure over a follow up of up to 8 years. 26,722 
randomly selected participants underwent low-dose non-contrast chest CT imaging 
between 2002 and 2007. The trial was approved by the institutional review board at each 
site. From the full cohort we had permission to include 15,000 randomly selected subjects. 
For each subject the baseline (T0) CT scan was chosen with soft kernel preferred over 
hard kernel reconstructed images. We excluded 17 subjects that did not have a T0 scan, 
12 subjects that did not have scans which met our quality requirements, 12 subjects that 
had a broken or incomplete scan and 17 subjects with missing risk data. The final testing 
cohort consisted of 14,959 scans (Supplementary Fig. 1c). To verify the results of our deep 
learning system in this cohort, a subset of randomly chosen 396 subjects were segmented 
by expert readers. 
 The third cohort included participants from the Prospective Multicenter Imaging 
Study for Evaluation of Chest Pain (PROMISE)19,45. In this multicenter trial 10,003 
symptomatic patients were randomized at 193 medical sites in North America using a 
composite of major cardiovascular events as a primary outcome measure over a median 
follow up of 25 months. Participants of age 45 to 64 years with stable chest pain and 
without known prior CAD were enrolled between 2010 and 2013 with 4,996 subjects 
randomly selected to undergo cardiac CT imaging. The central activities of the study 
were approved by the Duke, Partners Healthcare and Tufts Institutional Review Boards. 
Furthermore, local or central IRBS approved the study at each medical institution. The final 
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testing cohort included 4,021 individuals each with a non-contrast cardiac CT scan and 
full risk profile available (Supplementary Fig. 1d). All subjects were segmented by expert 
readers.
 The fourth cohort included participants from the Rule Out Myocardial Infarction 
Using Computer Assisted Tomography Study Two (ROMICAT-II)20. In this randomized open-
labeled multicenter trial 1000 patients which presented at the emergency department 
of nine clinical sites with acute chest pain were enrolled between 2010 and 2012. The 
primary outcome measure of this study was the length of the hospital stay and a second 
outcome including undetected acute coronary syndrome within 72 hours after hospital 
discharge, increased adverse events, major adverse cardiovascular events within 28 days, 
and periprocedural complications. The study was approved by the local institutional 
review boards. Patients were between 40 and 74 years old, without known coronary 
artery disease, almost equal gender representation and significant representation of all 
minorities. Of these subjects, 500 were randomly selected to undergo non-contrast cardiac 
CT imaging. After excluding participants with incomplete image data or risk profile the 
final testing cohort included 441 participants (Supplementary Fig. 1e). All subjects were 
segmented by expert readers.
 A detailed population description for all four cohorts can be found in Table 1. 
Participants from all studies provided written consent.

Deep learning based coronary calcium segmentation
We propose a deep learning system which is able to automatically calculate a calcium 
score from a given CT scan for cardiovascular risk prediction. The system consists of four 
consecutive steps for (1) heart localization, (2) heart segmentation, (3) coronary calcium 
segmentation, and (4) calcium score calculation. We trained a separate fully convolutional 
neural network of the U-Net50 architecture for each of the first three steps. The U-Net 
architecture was originally designed for biomedical image segmentation with the goal of 
overcoming the requirement for a very large cohort for training a deep learning network. 
 The cohort for training and tuning the three deep learning models consisted of 
1,636 CT scans: 623 CT scans were from subjects with coronary calcium and 1,013 CT 
scans of subjects with no coronary calcium. Although several hundred more CT scans 
from subjects with no coronary calcium were available, we chose to exclude them to 
keep the imbalance between subjects with and without coronary calcium small. Excluded 
subjects were selected randomly. Coronary calcium, if present, was manually segmented 
by experienced readers in all subjects. Furthermore, the heart was manually segmented 
in a subset of 129 randomly selected subjects of the training cohort. Our testing cohort 
consisted of 20,084 subjects from four different clinical studies and trials including 
dedicated cardiac CT scans as well as lung screening CT scans, health outcomes, and 
follow up information. Manually calculated calcium scores from expert readers were 
available for 5,521 subjects and manually segmented hearts for 895 subjects. All CT scans 
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were padded and cropped to the same size of 512x512x512pixel (px) and resampled to the 
same resolution of 0.7x0.7x2.5mm/px. A detailed description of the training, tuning and 
testing cohorts and their usage is described in the Supplementary Fig. 2a. 
 The first network in our system was trained to localize the heart within a given 
3-dimensional (3D) CT scan. This step was necessary as CT scans can differ, for example, 
in size, resolution, area captured, or field of view, depending on the cohort, scanner 
used, and site acquiring the scan. The training cohort was split 70/30% for training and 
tuning, and all scans were down-sampled to a size of 112x112x112px to fit into the GPU 
(Graphics Processing Unit) memory. The model used for training was a standard U-Net 
with four down-sampling steps running for 1200 epochs. Data augmentation was used 
by applying rotation of ±4 degrees around the sagittal, transversal and longitudinal axis 
for heart localization and ±35 degrees around the sagittal axis for heart segmentation. 
Furthermore, we applied translation within ±10px in the axial plane for heart localization 
and ±20px in the axial plane for heart segmentation. The output of the network was up-
sampled to the initial CT scan size leading to a very rough heart segmentation which we 
used for placing a bounding box for the subsequent steps. 
 The second network of the deep learning system was trained to segment the heart. 
The input scans were first cropped to 384x384x80px cubes around the heart center and 
then down-sampled to 128x128x80px. The training cohort was again split 70/30% for 
training and tuning and data was augmented by applying rotations and translations in 
small ranges only. The model used for training had the same architecture as in the previous 
step with four down-sampling steps running for 1000 epochs. Once the model parameters 
were found to perform well on the tuning cohort, the final model was trained combining 
the training and tuning cohort for better performance. The output of the network was up-
sampled to initial CT scan size leading to an accurate heart segmentation. As this step was 
mainly to reduce the area for the consecutive calcium segmentation step and although 
the error of the heart segmentation was low, we added a rim of 11 pixel to the predicted 
heart segmentation to ensure the whole heart was captured. 
 The third network was trained to segment coronary calcium. For this step, we divided 
the previously segmented heart into smaller cubes of size 48x48x32px. Extensive testing of 
several cube sizes showed the chosen size worked best as larger cubes increased training 
time while the accuracy stayed the same. We used cubes overlapping all but one pixel 
for the training, whereas cubes did not overlap during the testing. The model used in 
this step was a U-Net50 with three down-sampling steps extended by batch normalization 
layers in the contracting path (left side) for better generalizability (Supplementary Fig. 2b). 
The resulting segmentation patches were aligned again leading to a coronary calcium 
segmentation of the heart. The final step was to threshold the whole segmentation by 
0.95 to obtain the binary calcium mask.
 With the coronary calcium segmented the calcium score was calculated using 
a volumetric implementation of the method by Agatston and Janowitz5. The calcium 
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score was calculated by multiplying the volume of a coronary calcification with a factor, 
depending on the highest density within the calcification, with the density being 
measured in Hounsfield Units (HU). This weight factor was 1 for a density between 130 and 
199 HU, 2 for 200 to 299 HU, 3 for 300 to 399 HU, and 4 for 400 HU and above. Calcification 
with a volume below one cubic-millimeter was considered noise and excluded from the 
calculation. The final calcium score per patient was the sum of the weighted calcifications. 
For further analysis we stratified the calcium risk score into the risk groups very low (0), 
low (1-100), moderate (101-300) and high (>300)21.
 Training, tuning and testing was done on a Linux workstation using Tensorflow-GPU 
and Keras. The only notable hardware requirement was to have at least 64 gigabyte of 
GPU memory to fit a reasonable batch-size of input volumes for the heart segmentations. 

Technical Evaluation
The performance of the deep learning system was tested by reviewing CT scans with 
discordances between the manual and deep learning coronary calcium categories 
(Supplementary Fig. 7). Most discrepancies were due to misclassification of non-
coronary calcium as coronary calcium and vice versa. In a few instances, inaccurate heart 
segmentation led to coronary calcium being outside the region of interest of the calcium 
segmentation network and hence being missed. Furthermore, we measured the time 
the system needed to process scans. On average, the deep learning system assessed the 
coronary artery calcium score in under two seconds per scan. 

Manual calcium score assessment
The coronary artery calcium score was measured manually by expert readers using the 
method by Agatston and Janowitz5,6 on dedicated workstations, as reported in the parent 
FHS17, PROMISE19 and ROMICAT-II20 studies. In NLST18, the coronary calcium score was 
measured manually in 396 randomly selected participants using 3D Slicer (V4).

Test-Retest analysis
In FHS-CT1, 252 participants underwent cardiac ECG-gated CT twice within one hour, to 
assess test retest reliability. The deep learning system and the human readers quantified 
calcium on both scans to assess test-retest reliability. 

Statistical methods
In this study we described continuous variables as the mean ± standard deviation 
(SD) and categorical variables as frequencies and percentages. Furthermore, we 
performed univariate and multivariate Cox proportional hazards regressions comparing 
cardiovascular disease risk in the 1st (lowest) vs. the 2nd–4th quartiles of CAC. The 
dependent variable in FHS-CT2 was a composite of cardiovascular disease event and 
all-cause mortality with a mean follow-up of 8.8 years51. Events in NLST were defined 
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as atherosclerotic cardiovascular disease (ASCVD) mortality with a follow-up of up to 9 
years18. Events in PROMISE were defined as a composite of all-cause mortality, myocardial 
infarction, major complications from cardiovascular procedures and diagnostic testing 
and unstable angina with an average follow-up of 2.5 years19. Events in the ROMICAT-II 
trial were defined as major adverse cardiovascular events in a time frame of 28 days after 
admission to the emergency room46. Cox proportional hazards models and log rank tests 
were used to estimate and compare hazard ratios between the reference (very low risk) 
group (0: no coronary calcifications found), the low risk group (1-100: small amounts of 
coronary calcifications), the moderate risk group (101-300: moderate amounts of coronary 
calcifications) and the high risk group (>300: large amounts of coronary calcifications): 
one unadjusted model, one model adjusted for age and sex, and a third model in which 
we additionally adjusted for standard cardiovascular risk factors (NLST: hypertension, 
diabetes, past coronary artery disease, past stroke; PROMISE: Framingham risk score 
(FRS); ROMICAT-II: Thrombolysis In Myocardial Infarction (TIMI) risk score) using Survival 
R package (v3.2-3). Standard Kaplan-Meier survival curves were generated to visualize 
event-free survival for the NLST and PROMISE testing cohorts in R using the Survminer 
package (v0.4.8). The log rank test was used to identify significant differences in survival. 
To assess the similarity of automatically and manually derived calcium scores, we 
calculated the Spearman’s correlation (Python package scipy.stats.spearmanr based on 
Zwillinger, D. and Kokoska52), the intra-class correlation (ICC) which was calculated from 
components of a one-way analysis of variance in R using the ICC package (v2.3.0) based 
on Searle53, Donner54 and Thomas and Hultquist55, the Cohen’s Kappa56 (Python package 
sklearn.metrics.cohen_kappa_score) and the concordance rate (calculated as number of 
concordant pairs divided by the number of all pairs). The combined AUCs were estimated 
and compared using the survcomp R package (V1.36.1). BMI was calculated using the 
weight (pounds) and height (inches) as: Weight / Height2 * 703.
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are publicly available at the AIM webpage aim.hms.harvard.edu/deepcac.
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Abstract

Deep learning is able to automate complex tasks such as whole heart segmentation 
in computed tomography (CT), which is time consuming and requires dedicated 
expertise and equipment. Here we present an open-source deep learning system 
for fully automatic heart segmentation in cardiac ECG-gated and non-gated CT. 
The system was developed using 2,162 cardiac CT scans from the Framingham 
Heart Study (n=628) and the Prospective Multicenter Imaging Study for Evaluation 
of Chest Pain (PROMISE, n=1,140), as well as low-dose chest screening CTs from the 
National Lung Screening Trial (NLST, n=394), with manual segmentations provided by 
experienced medical readers. The deep learning system was able to accurately and 
precisely localize and segment the heart (Median Dice: 0.95, IQR: 0.02; Median surface 
distance: 1.6mm, IQR:0.71) in 1.2 seconds per scan. The mean Spearman’s Correlation 
between the volumes of automatic and manual heart segmentations was very high 
(0.96, p<0.0001). We demonstrate the generalizability of a deep learning system for 
whole heart segmentation in large and distinctive test cohorts. Providing such an 
accurate and reliable open source system to the public has the potential to accelerate 
experimental studies and potential clinical application. 

Figure 1. Overview of the proposed deep learning system for fully automatic heart segmentation in Computed 
Tomography (CT). The system was trained on cardiac ECG-gated CT scans from the Framingham Heartstudy as 
well as small subsets of the Prospective Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE) and 
low-dose chest screening CT from the National Lung Screening Trial (NLST) with manual heart segmentations 
provided by expert readers. It comprises a two step approach for localizing and subsequently segmenting the 
heart. The test cohort included cardiac-ECG gated CT from the PROMISE and low-dose chest screening CT from 
NLST.
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Introduction

Deep learning has made substantial improvements in recent years, utilizing the high 
computational power of state-of-the-art computer hardware and the availability of massive 
amounts of digital data to match and even surpass human performance in task- specific 
applications (Mnih et al., 2015; Moravčík et al., 2017; Silver et al., 2017; Xiong et al., 2017). 
For instance, deep learning has shown promising results in the field of computer graphics 
and consequently in medical imaging, including radiology and dermatology (Esteva et al., 
2017; Hosny et al., 2018). More specifically, deep learning has been successfully applied 
to image segmentation tasks where U-Nets and U-Net-derived networks are prominent 
examples for medical image segmentation tasks such as brain tumor segmentation (Dong 
et al., 2017) or lung nodule segmentation (Tong et al., 2018). These advances have led to 
a vast amount of proof-of-principle studies in various clinical application areas (Mahbod 
et al., 2018; Um et al., 2020; Zhuang et al., 2019). However, generalizability of such systems 
were not often demonstrated due to a lack of enough data for development and/or 
independent validation. 
 One important application of deep learning is fully automatic whole heart 
segmentation in computed tomography (CT), which is a critical task performed in 
medical research and care (Dimopoulos et al., 2013; Mohan et al., 1988). Moreover, heart 
segmentation represents the foundation for a wide range of other applications, such as 
coronary calcium segmentation (Zeleznik et al., 2021a) or quantification of pericardial fat 
(Goeller et al., 2018). A publicly available, robust and fully automatic heart segmentation 
system has the potential to accelerate scientific research and may allow for translation to 
medical care.
 Here we propose a reliable and accurate deep learning system that is able to 
automatically segment the heart in non-contrast enhanced cardiac ECG-gated CT and low-
dose chest screening CT scans. The system was developed with 2,162 CT scans, including 
scans from the Framingham Heart Study (FHS) (D’Agostino et al., 2008; Hoffmann et al., 
2008), the Prospective Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE) 
(Douglas et al., 2014), and the National Lung Screening Trial (NLST) (National Lung 
Screening Trial Research Team et al., 2011), with manual segmentations provided by 
experienced medical readers.
 Our test cohorts included 1,304 CT scans acquired at 226 medical sites. We assessed 
performance, generalizability, and applicability of the proposed deep learning system for 
heart segmentation in medical images, making it suitable for a vast array of research and 
medical applications. By making the code open-source and providing the trained model 
to the public without restrictions, our investigation has the potential to accelerate clinical 
research and medical treatment
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Materials and Methods

Data
The training and tuning cohort included high quality cardiac ECG-gated CT from the 
Framingham Heart Study (FHS, n=628). To increase the training sample size, we also 
included 130 cardiac CTs from PROMISE as well as 100 low-dose chest screening CTs from 
NLST. The testing cohort included 1,010 cardiac CTs from PROMISE as well as non-gated 
CTs from NLST, acquired in 226 different medical sites (PROMISE: n=193, NLST: n=33). 
Manual heart segmentations for all cohorts were provided by the Cardiovascular Imaging 
Research Center (CIRC) at the Massachusetts General Hospital and Harvard Medical 
School in Boston. Participants from all studies provided written informed consent, which 
was approved by the institutional review boards of the Boston University Medical Center, 
Massachusetts General Hospital and Harvard Medical School. Further details regarding 
the cohorts and inclusion criteria have been described elsewhere (D’Agostino et al., 2008; 
Douglas et al., 2014; Hoffmann et al., 2008; National Lung Screening Trial Research Team 
et al., 2011). Additional information about the data selection criteria can be found in the 
Supplementary Methods 1.

Manual heart segmentations
Several independent cardiovascular experts with experience in cardiac imaging 
segmented the heart in the CT scans using a dedicated workstation (3DSlicer, v.4.7.0) (“3D 
Slicer,” n.d.). Hearts were segmented as a 3D volume of the pericardial sac, including all 
four chambers (i.e., ventricles and atria), walls, coronary arteries, and epicardial fat. The 
cross-section of the right mid pulmonary artery represented the cranial border of the heart 
volume, while the left-ventricular apex represented the most caudal axial slice. Anterior, 
posterior, and lateral borders of the cardiac volume were defined by the pericardium. This 
method represents a standard as described in previous studies investigating heart volume 
and epicardial fat (Lu et al., 2016). To segment the heart volume, the readers manually 
traced the pericardium in axial slices in 10mm intervals and interpolated all missing slices. 
Individual borders of the interpolated slices were reviewed by the readers and adjusted 
if necessary.

Deep Learning System 
We propose a deep learning system that consists of two consecutive steps for fully 
automatic heart segmentation in non-contrast enhanced CTs. The first step is a preparation 
step, used to localize the heart and crop the images to the area around the heart. Such 
processing helps to accommodate for the variability of scans in terms of scan size, 
resolution, field of view, and overall image quality and furthermore reduces the amount 
of data needed to be processed in the following step. The second step segments the heart 
in the cropped scans. For each of the two steps we used a customized 3-dimensional (3D) 
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implementation of the U-Net DL model (Ronneberger et al., 2015). During training and 
tuning, both networks were provided with the manual segmentations, while for testing 
the output of the first network was used as input for the second network. An overview of 
the full pipeline is shown in the Supplementary Figure S1.

Image preprocessing
With CT scans being acquired at different medical sites using varying CT protocols, the 
scan’s field of view and size had to be normalized. Therefore, all scans were resampled to 
the most common resolution in the cohorts to an axial in-plane resolution of 0.68mm per 
pixel (pixel-spacing) and 2.5mm between each image plane (slice-thickness). Afterwards, 
the scans were re-sized to the same in-plane size of 512x512pixel while keeping the 
number of slices at this point unchanged. To achieve this, bigger scans were cropped to 
the center while smaller scans were padded with the smallest value defined for DICOM 
files (-1,024 HU). The scans were converted from the DICOM to the NRRD file format for 
easier file handling.

Deep learning - Heart localization (Step 1)
To localize the heart in a full sized body CT scan, we downsampled the scans and manual 
segmentation masks to avoid running into GPU memory limitations while training the 
deep learning model. As the heart is still visible even in images of very low resolution, 
it was possible to reliably generate a coarse segmentation mask in the downsampled 
scans. Although the generated masks were too rough to be used as a final result, once 
upsampled to the original size, they could be used to reliably compute the center of the 
heart.
 The network we used in this step was a 3D U-Net with 4 downsampling steps 
(Ronneberger et al., 2015). Furthermore, we implemented a feature reduction step in the 
bottleneck layer to further reduce the memory allocation of the model. This also allowed 
us to reduce training time without decreasing the network’s performance. The input scans 
and segmentation masks were down-sampled to 3.0mm in all directions, cropped to 
cubes with 112pixel edge length, and afterwards split randomly into a training set (70%) 
and tuning set (30%). To artificially increase the training data we augmented the scans by 
applying translations within ±10px in the axial plane for heart localization and rotations 
of ±4 degrees around the sagittal, transversal and longitudinal axis. The output of the 
network was a probability mask which was thresholded by a factor of 0.99 to a binary 
segmentation mask and subsequently upsampled to the original scan size. The model was 
trained for 1,200 epochs with an initial learning rate of 10-5 and a fixed learning rate drop 
of 50% every 100 epochs. 
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Deep learning - Heart segmentation (Step 2)
A second deep learning network was used for the final high resolution heart segmentation, 
which required the input data to be cropped to the heart. The minimum bounding-box 
size was calculated using the size of the manual segmentation masks, extended by 11 
pixel in all three directions to make sure the whole heart was captured in all scans of 
current and future cohorts. For training samples the bounding box was centered around 
the center of the manually segmented heart, while for testing samples the center of the 
predicted heart segmentation from the first step was used. The resulting sub-volumes, 
sized 384x384x80 pixels, were still too large to fit in the GPU memory. Hence, the scans 
were downsampled to 2.0x2.0x2.5mm resulting in an final input data size of 128x128x80 
pixels. Although the output of this second step still had to be up-sampled, subsequent 
tests revealed high segmentation accuracy.
 The model architecture employed in this step was the same as the one used in the 
first step. The initial learning rate was 10-5 and was dropped by 70% every 50 epochs 
with training achieving convergence after 1,000 epochs. To ensure the best segmentation 
results, we conducted an extensive hyperparameter selection process. After reaching 
a satisfying result, we froze the hyperparameters and trained the final model using a 
variation of cross validation to include all CT scans of the tuning dataset. Therefore we 
randomly split the full training cohort into a training and tuning set every 100 epochs, 
ensuring a different part of the full cohort being used for training. While this method made 
use of all training samples it still proved to effectively avoid overfitting on the training 
data. To further avoid overfitting, the data was augmented by applying rotations of ±35 
degrees around the sagittal axis and translations of ±20px in the axial plane. The output 
of the model was again a probability mask which was thresholded by a factor of 0.99 to a 
binary mask and upsampled to the original scan size. 

Data augmentation
Data augmentation has proven to be an efficient way to enhance the performance of a 
deep learning model but often comes at the cost of additional computational resources, 
and can introduce a significant increase in training time (Shorten and Khoshgoftaar, 
2019). This tradeoff had to be considered carefully, as data augmentation of 3D data can 
be time intensive. Another drawback of data augmentation, especially critical in medical 
applications, is that it could yield to anatomy variations unlikely to be observed in real 
data. 
 For example, flipping CT images as a form of data augmentation could be 
detrimental, as the organs are not symmetrically placed within the human body. Moreover, 
all patients in our study underwent CT scanning in the same position. Therefore, we chose 
only moderate rotation and translation to simulate variations in patient positions on the 
CT scanner table, as well as variations in organ locations within the patient’s bodies. To 
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avoid increasing the training time, scan augmentation was carried out using multi-core 
processing on the CPU in parallel to the model training on the GPU.

Statistical Analysis
The average heart size was calculated as the mean of the side lengths of the bounding 
boxes of all heart segmentations in the test cohorts. The heart alignment was calculated 
as the euclidean distance between the geometric centers of the bounding boxes of the 
automatic and manual heart segmentation. The statistical analysis and assessment of 
the segmentation accuracy was done using Python 2 with the MedPy package (Maier, 
2015) for calculating the Dice coefficient (Dice, 1945), Jaccard coefficient (Jaccard, 1912), 
Hausdorff distance (Huttenlocher et al., 1993) and average symmetric surface distance. 

Figure 2. Performance results of the proposed deep learning system in cardiac ECG gated CT from the Prospective 
Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE) and in low dose chest screening CT from the 
National Lung Screening Trial (NLST). (a) Localization (Step 1) accuracy assessment showing the center difference 
between automatic and manual segmentations. Segmentation (Step 2) accuracy assessment using (b) the Dice 
coefficient and (c) the average symmetric surface distance.

Hard- and Software
The implementation and evaluation of the proposed deep learning system was carried 
out on a Linux workstation using Tensorflow-GPU (V1.14), Keras (V2.3.1), and NVIDIA 
CUDA (V10.1). We trained our models using two Intel Xeon CPUs and four NVIDIA RTX8000 
GPUs. Training time for each model was approximately three days. 
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Results

A deep learning system for fully automatic heart segmentation was developed consisting 
of two consecutive steps to localize and subsequently segment the heart in a CT scan. 
To validate the performance of the deep learning system, we compared the automatic 
heart segmentations to manual segmentations from medical experts in two test cohorts 
in terms of localization and segmentation accuracy. The first test cohort included cardiac 
gated scans, while the second test cohort included non-gated low-dose chest screening 
scans (Figure 1).

Validation of the heart localization network (Step 1)
The first step of our deep learning system was to reliably locate the heart in a given CT 
scan independently of the scan size, resolution, and field of view. Our test cohort included 
1,534 individuals from 226 participating medical sites. These scans differed especially in 
the number of slices (Scan height), resulting in big differences in the CT volume’s sizes 
along the longitudinal axis, therefore making the heart localization step necessary. The 
proposed method localized the heart in the full test cohort with a median accuracy of 
8±6mm compared to the gold standard of manual heart segmentations from medical 
experts. With an average heart bounding-box size in the test cohort of 119±17.5mm 
the calculated center lies within 6.7% of the heart size. Looking into the two test 
cohorts separately, the median center differences between automatic and manual heart 
segmentations were 6±4mm in cardiac gated scans from PROMISE and 13±9mm in low 
dose chest screening CTs from NLST (Figure 2a).

Validation of the heart segmentation network (Step 2)
After cropping the CT scans around the center of the heart determined in step 1, a second 
deep learning network was applied to compute a high resolution segmentation mask of 
the heart. Comparing automatic to manual segmentations, the average Dice coefficient 
in the complete test cohort was 0.94±0.03, the Jaccard coefficient was 0.88±0.04, and 
the average symmetric surface distance was 2.1±1.1mm. In more detail, in cardiac gated 
scans from PROMISE, the Dice coefficient was 0.94±0.02 and the Jaccard coefficient was 
0.89±0.03 while the average symmetric surface distance was 1.9±0.7mm. In low dose 
chest screening CT from NLST the Dice coefficient was 0.92±0.03, the Jaccard coefficient 
was 0.86±0.07 and the average symmetric surface distance was 2.9±1.5mm (see Figure 
2b and c). Next, we compared heart volume measurements of automatic and manual 
segmentations using the Spearman’s correlation, which was very high for the complete 
test cohort (Mukaka, 2012) at 0.952 (p<0.0001). In the PROMISE test cohort the correlation 
was 0.964 (p<0.0001) and in the NLST test cohort it was 0.906 (p<0.0001) (see Figure 3). 
On our hardware, the proposed deep learning system needed 1.17 seconds per scan to 
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process, with 0.48 seconds per scan for the localization step and 0.69 seconds for the 
segmentation step.
 For a visual assessment of the segmentation error in the two test cohorts, error-
heatmaps were plotted and are shown in the Supplementary Figure S2. Three noticeable 
regions of segmentation uncertainty were located: The top of the heart, the bottom of the 
heart and the front of the heart, areas which are typically difficult to segment. Example 
segmentations can be seen in Figure 4 and Supplementary Figure S3. Furthermore, a 
complete summary of the results is shown in the Supplementary Table S1.

Figure 3. Volume comparison of automatic and manual heart segmentions (a) in cardiac ECG gated CT from the 
Prospective Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE) and (b) in low dose chest screening 
CT from the National Lung Screening Trial (NLST).

Discussion

In the presented investigation we developed a highly accurate and fast deep learning 
system to segment the heart in a variety of CT scans. The system was able to reliably locate 
the heart in dedicated cardiac CTs as well as full-body low-dose chest screening CTs and 
subsequently segmented the heart with high accuracy and precision. We assessed the 
performance of the system by calculating the heart center distance, the dice coefficient 
and average surface distance between manual and automatic heart segmentations.
  A strength of this study was the size of the datasets for training, tuning and testing, 
which are one of the most important components for developing and evaluating deep 
learning systems. The large amount of high quality training cases enabled us to train 
networks which generalize well in large and independent test cohorts which were held 
out from training. To the best of our knowledge no other published study has used as 
many test cases acquired by this many medical sites as we did to prove the applicability 
of the proposed methods. Furthermore, the proposed network was able to accurately 
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segment the heart in ECG-gated cardiac CT and low-dose chest screening CT, with both 
methods not using contrast agents. Non-contrast enhanced scans are often routinely 
acquired in clinical practice to assess cardiovascular risk and are further reinforced by the 
current cholesterol guidelines to guide medical therapy in individuals with intermediate 
ASCVD score (Grundy et al., 2018). Furthermore they have less negative impact on the 
human body (No exposure to radiation dose of the contrast agent), save acquisition 
time, and are more cost effective, but on the other hand can make segmenting the heart 
a more challenging task. The high quality training data is also the reason for the great 
performance of our proposed deep learning system.
 To show the generalizability of our deep learning system, we tested it on cardiac 
ECG-gated and non-gated scans. As expected, the segmentation accuracy in cardiac 
gated CT from PROMISE was higher than in the low-dose chest screening CTs from NLST. 
This can be explained due to the fact that the former typically have less motion artifacts 
and noise, resulting in more and distinct image features, and subsequently more precisely 
defined heart contours. 

Figure 4. Comparison of the automatic and manual heart segmentation in an example case from the two test 
cohorts in axial (left), coronal (middle) and sagittal (right) direction. (a) Cardiac ECG-gated CT from the Prospective 
Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE). The Dice coefficient in this case was 0.966, the 
average symmetric surface distance was 0.99mm and the distance between the segmentation centers was 2mm. 
(b) Low-dose chest screening CT from the National Lung Screening Trial (NLST). The Dice coefficient in this case was 
0.964, the average symmetric surface distance was 1.1mm and the distance between the segmentation centers 
was 4mm. Note that the scan from the PROMISE cohort had a narrow field of view which was extended with air 
(Hounsfield unit: -1024) before processing.

a

b
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Visual examination of the differences between automatic and manual heart segmentations 
revealed three common regions where errors occurred. The first, and apparently the most 
challenging area, was on top of the heart. This was expected as the upper end of the 
heart can not always be determined exactly and small variations in choosing the top 
slice consequently leads to high visible errors due to the slice spacing of 2.5mm of the CT 
scans. The second area of segmentation differences was at the bottom of the heart. This 
is most likely due to the fact that CT scans without contrast-agent lack image information 
in this area as the heart blends into surrounding organs. A precise segmentation in this 
area is often not possible even for most experienced cardiac radiologists. This problem 
also occurs when segmenting other organs in this area, for example the liver (Yang et al., 
2017). The third region was located in the front of the heart where fat and muscle with 
low contrast and poor image information again make segmenting this part difficult. As 
confirmed by the mean surface distance values, the regions where the pipeline produces 
such errors are well-confined. The areas of segmentation differences are shown in 
Supplemental Figure S2. The difference in segmentations is higher in the NLST data than 
in PROMISE data. This is most likely due to the fact that NLST data is non-ECG-gated and 
hence contains more motion artefacts and noise, which make precise segmentation of 
the heart even more challenging.
 We successfully used earlier development versions of the proposed system in 
several other studies. The first version of the system was used as a preprocessing step for 
a consecutive coronary artery calcium segmentation in over 20,000 CT scans (Zeleznik et 
al., 2021a). This early version was trained on 129 CTs only, resulting in lower performance 
than the later versions, but was already sufficiently accurate for the requirements of the 
project. We then extended the training cohort and used the deep learning system for fully 
automatic heart segmentation in 3,798 cardiac-gated CTs to assess the predictive value 
of whole heart volume for cardiac events (Foldyna et al., 2021). Furthermore we assessed 
the performance of the system in 5,677 planning CTs for the radiotherapy treatment of 
breast cancer patients (Zeleznik et al., 2021b). In this study, the network showed it’s great 
potential for assisting dosimetrists at segmenting the heart, as the segmentation time 
significantly decreased, while intra-reader agreement increased, with accuracy being 
similar with and without deep learning assistance. While the earlier versions of the system 
already showed high segmentation accuracy, they all had high hardware requirements, 
most notably the use of four GPUs in parallel. The here presented model is now able to run 
on a single GPU as well as solely on a CPU, making it possible to be run on a wide range of 
computers. Furthermore we also improved the network structures and training process, 
leading to a better performance.
 Comparing the performance of our network to previously published methods was 
not possible. Due to data privacy agreements, most studies did not provide their data 
publicly. Furthermore, differences in segmentation guidelines and task-specific quality 
requirements made testing on data from other studies less meaningful. Also worth 
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mentioning is that most existing publications focus on segmenting the whole heart plus 
sub-structures of the heart. This makes a comparison biased towards segmenting the 
whole heart only, as it is an easier and faster task. Therefore, we focused on comparing 
statistical outcomes rather than the computed segmentations. These circumstances as well 
as hardware differences also need to be considered when comparing the segmentation 
time per scan of the evaluated methods.
 In 2017, the Medical Image Computing and Computer Assisted Intervention Society 
(MICCAI) organized the Multi-Modality Whole Heart Segmentation Challenge (MM-WHS) 
(Zhuang et al., 2019), which provided 60 contrast enhanced cardiac CT acquired by two 
different medical sites, split into a training set (n=20) and testing set (n=40). Zhuang et 
al. evaluated the results of the challenge of the top ten participating teams. The accuracy 
of the whole heart segmentations of the evaluated teams was slightly below our results 
with a Dice between 80.6 and 90.8 and mean surface distance ranged from 4.8±13.6mm 
to 1.1±0.2mm.
 Similar to our work, Habijan et al. (Habijan et al., 2019) published a study for automatic 
heart segmentation using two consecutive U-Nets. In addition, they also segmented 
sub-structures of the heart in 20 contrast enhanced cardiac CT from the 2017 MM-WHS, 
15 for training and 5 for testing, reaching a Dice coefficient of 0.89 for the whole heart 
volume segmentation. The higher performance of our deep learning system shows the 
significance of a large training set including high quality data and independent validation 
data. This is also apparent in the work of Feng et al. (Feng et al., 2019), where they trained 
a deep convolutional neural network on 60 non-contrast and contrast enhanced CT scans 
from three different sites provided by the 2017 Auto-segmentation for Thoracic Radiation 
Treatment Planning AAPM challenge. While their model performed very well on the 
provided 12 test cases (Dice: 0.93), in an independent private test set including 30 cases 
the Dice decreased to 0.86, suggesting the network might have been overfitted on the 
training data. In general, the results of this challenge showed the great potential of deep 
learning based image segmentation. The winning team achieved a comparable accuracy 
for the heart segmentation with a Dice of 0.93 and a mean surface distance of 2.05mm, 
but these results are not directly comparable to our system performance as the test set of 
the challenge included 12 cases from which 3 were contrast enhanced scans (Yang et al., 
2018).
 In another promising work, Bui et Al. (2018) describe a fully automatic heart 
segmentation method based on a random walk model. They quantified their results 
in 58 patients and while they achieved great accuracy (Dice: 0.92), their approach was 
significantly slower with 1.88±0.71 minutes per scan compared to 1.17 seconds per scan 
of our network. This is a great example demonstrating how deep learning can improve 
image processing tasks, in terms of efficiency and speed, using code optimized to be 
processed on GPUs utilizing their massive parallelization potential.
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Conclusions

The proposed deep learning system for fully automatic heart segmentation was 
developed utilizing high quality training, tuning and testing data, extensive medical 
expertise and state-of-the-art computational hardware. It showed great performance in 
two independent, large and diverse test cohorts promising great generalizability for new 
data and hence making it suitable for a vast array of medical and research applications. 
With this work we hope not only to show the potential of deep learning for fully automatic 
heart segmentation, but also to provide an accurate and reliable open source pre-trained 
model to the public without restriction and ultimately to achieve the transition of an 
experimental study to medical or scientific application.
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Abstract

Objectives
The size of the heart may predict major cardiovascular events (MACE) in patients 
with stable chest pain. We aimed to evaluate the prognostic value of 3D whole heart 
volume (WHV) derived from non-contrast cardiac computed tomography (CT).

Methods
Among participants randomized to the CT arm of the Prospective Multicenter Imaging 
Study for Evaluation of Chest Pain (PROMISE), we used deep learning to extract WHV, 
defined as volume of the pericardial sac. We compared the WHV across categories 
of cardiovascular risk factors and coronary artery disease (CAD) characteristics and 
determined the association of WHV with MACE (all-cause death, myocardial infarction, 
unstable angina; median follow-up: 26 months).

Results
In the 3,798 included patients (60.5±8.2 years; 51.5% women), the WHV was 351.9±57.6 
cm3/m2. We found smaller WHV in no- or non-obstructive CAD, women, people with 
diabetes, sedentary lifestyle, and metabolic syndrome. Larger WHV was found in 
obstructive CAD, men, and increased atherosclerosis cardiovascular disease (ASCVD) 
risk score (P<0.05). In a time-to-event analysis, small WHV was associated with over 
4.4-fold risk of MACE (HR (per one standard deviation) = 0.221; 95%CI: 0.068–0.721; 
P=0.012) independent of ASCVD risk score and CT-derived CAD characteristics. In 
patients with non-obstructive CAD, but not in those with no- or obstructive CAD, WHV 
increased the discriminatory capacity of ASCVD and CT-derived CAD characteristics 
significantly.

Conclusions
Small WHV may represent a novel imaging marker of MACE in stable chest pain. In 
particular, WHV may improve risk stratification in patients with non-obstructive CAD, a 
cohort with unmet need for better risk stratification.
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Introduction

Cardiac computed tomography (CT) is increasingly used to exclude obstructive coronary 
artery disease in patients presenting with stable chest pain. According to the most recent 
European Society of Cardiology Guidelines, cardiac CT represents a first-line diagnostic 
method to assess cardiovascular (CV) risk in patients with chronic coronary syndromes, 
including those with stable chest pain [1]. While cardiac CT is a reliable method to exclude 
coronary artery disease (CAD) (negative predictive value ~99%) and to detect obstructive 
CAD, assessment of CV risk remains difficult, especially in those with non-obstructive 
disease [2]. Symptomatic patients with non-obstructive CAD, however, account for the 
majority of future CV events [3, 4], require advanced risk stratification, and are frequently 
referred to further testing.
 CT-derived measures beyond stenosis assessment have revealed an additional 
prognostic value. For instance, elevated coronary artery calcium (CAC) or presence of 
high-risk plaque features (HRPF) on CT angiograms have been associated with increased 
risk of major adverse CV events (MACE) [3, 5, 6]. In addition to showing coronary arteries, 
cardiac CT has an advantage to image adjacent anatomical structures. Advanced CAD 
phenotyping, incorporating these structures, may leverage additional information and 
improve risk stratification. For example, epicardial adipose tissue, size of individual cardiac 
chambers, or CT-derived cardiac function have been related to adverse CV events beyond 
coronary stenosis and clinical risk factors [7–10].
 Regarding heart morphology, the diameter of the heart on X-ray, and its proportion 
to thorax size (i.e., cardiothoracic ratio), are established measures of CV risk [11–14]. However, 
the prognostic value of CT-derived whole heart volume (WHV), a detailed 3D measure of 
heart size, available in all cardiac CT scans, has not been evaluated yet. Thus, this study’s 
primary aim was to determine the association of WHV with MACE, adjusting for traditional 
measures of CV risk (i.e., atherosclerotic cardiovascular disease [ASCVD] risk score) and 
CAD characteristics on CT. In a final step, we performed a subgroup analysis across CAD 
categories (i.e., no-, non-obstructive, and obstructive CAD) and determined whether 
WHV had discriminatory capacity incremental to ASCVD risk score and CT-derived CAD 
characteristics.
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Methods

Study population and clinical characteristics
In this sub-study of the Prospective Multicenter Imaging Study for Evaluation of Chest 
Pain (PROMISE) trial, we included patients who were randomized to anatomical testing 
and received non-contrast cardiac CT and contrast-enhanced coronary CT angiography 
(CTA). As per the PROMISE trial inclusion criteria, patients with known CAD or heart failure 
were not included. We excluded patients who received the first test other than CTA, did 
not undergo testing, received non-contrast CT only, or those with unavailable or non-
diagnostic image data (Consort diagram Figure 1). Demographics and traditional CV risk 
factors were assessed with standard methods at the time of enrollment to the PROMISE 
trial[15]. Local and central institutional review boards approved the study, and all patients 
provided written informed consent.

Follow-up and the endpoints
All patients were followed for a median of two years. The primary endpoint was MACE, 
defined as a composite of all-cause mortality (CV + non CV death), non-fatal myocardial 
infarction (MI), and hospitalization for unstable angina (UA), as adjudicated by an 
independent committee [15].

WHV – definition and measurements
WHV (cm3) was defined as volume of the pericardial sac, including all chambers (i.e., 
ventricles and atria), walls, and coronary arteries, but excluding epicardial fat (tissue ≤-45 

Figure 1. Consort diagram. CAC: coronary artery calcium; CTA: computed tomography angiography.
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HU). The cranial border was the axial slice at the level of the right mid pulmonary artery 
(Figure 2). To adjust for individual body size differences, we indexed the WHV by body 
surface area (BSA) (– cm3/m2) [16].
 To decrease segmentation time, increase clinical feasibility, and standardize the 
measurement of WHV, we used a deep-learning system for the segmentation. The 
system consisted of two consecutive deep-learning networks of the U-Net architecture, 
to 1: localize and 2: segment the heart. The code was written in Python (v2.7) [17] using 
Tensorflow-GPU (v1.14) [18], Keras (v2.3.1) [19] with NVIDIA CUDA (v10.2) [20].
 To ensure generalizability of the system, the training and tuning cohorts included 858 
multi-center and multi-vendor CT scans from the Framingham Heart Study (FHS, n=628), 
the Prospective Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE, n=130) 
and National Lung Screening Trial (NLST, n=100). Three experienced readers (BF, PE, JES) 
provided manually segmented hearts for the training (i.e., supervised learning). Here, the 
readers traced pericardial contours in axial images at 15 mm intervals and interpolated 
the space between the images using 3D Slicer (v.4.10) [21].
 To further increase the segmentation accuracy, we automatically removed possibly 
incorrectly segmented lung tissue by excluding outer voxels with an attenuation < -400 
HU. There was no manual correction of the automatic segmentations. The system accuracy 
was determined on an independent external validation dataset of 1,010 manually 
segmented hearts in PROMISE, revealing an excellent agreement (Dice coefficient: 0.94 ± 
0.02).

Figure 2. Measurements of WHV on non-contrast CT. Segmented hearts were derived from non-contrast cardiac 
CT images. The natural border was the pericardial sac (red-dotted line), and the segmentation ranged from the mid-
right pulmonary artery (PA) to the most caudal part of the pericardial sac. To render WHV (blue), we subtracted the 
EAT volume (yellow), defined as fatty tissue with density thresholds of -195 to -45 HU. CT: computed tomography; 
EAT: epicardial adipose tissue; HU: Hounsfield units; WHV: whole heart volume.
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CT-derived CAD characteristics
Experienced core lab readers measured CAC on non-contrast cardiac CT using the 
standard Agatston method [22]. Moreover, our core lab assessed all coronary arteries for 
the presence of CAD (non-obstructive: 1–69% and obstructive ≥70% maximal luminal 
narrowing in any coronary artery or ≥50% in the left main coronary artery) as well as the 
presence of HRPF as described elsewhere [5]. To determine CAD extent, accounting for 
plaque location and morphology, we calculated the Leaman score, an established tool to 
quantify total coronary atherosclerotic burden with information regarding localization, 
type of plaque, and degree of stenosis [23].

Statistical analysis
Continuous variables were expressed as mean ± standard deviation (SD) or median 
(interquartile range (IQR)) and categorical variables as frequencies and percentages. 
Differences of WHV across clinical characteristics were tested with Wilcoxon rank-sum test, 
while differences between categorical variables were tested with Fisher’s exact test.
 Univariate and multivariate Cox regressions were used to estimate the association of 
WHV with MACE. Results were reported as hazard ratios (HR) and 95% confidence intervals 
(CI). All regressions were stepwise adjusted for age, sex, ASCVD risk score, and Leaman 
score. Standard Kaplan-Meier survival curves incl. log-rank tests showed the differences in 
event-free survival across quintiles of WHV.
 To test the incremental value of WHV, we evaluated whether the model fit increases 
significantly by adding WHV to the ASCVD risk and Leaman scores using the likelihood-
ratio test for nested models. We also calculated receiver operator characteristic (ROC) 
curves to determine area under the curve (AUC) and estimate the increase of discriminatory 
capacity.
 All analyses were performed in Stata 15.0 (College Station, TX), and two-sided 
P-values<0.05 were considered statistically significant.

Results

Study Population
Out of the 4,996 PROMISE patients randomized to anatomical testing, 3,798 fulfilled 
the inclusion criteria (Figure 1). The analytic cohort consisted of middle-aged (60.5±8.2 
years), mostly overweight (median BMI: 30.3±5.8 kg/m2), and predominantly male 
patients (58.5%) with intermediate CV risk (mean 10-year ASCVD risk score: 14.3±11.4%) 
(Table 1). On coronary CTA, the mean Leaman score was 5.0±5.1, and HRPFs were present 
in 582/3,798 (15.3%) patients (. Over a median follow-up of 26.1 (18.0–34.4) months, 
116/3,798 (3.1%) patients experienced MACE (MI: 21/116 (18.1%); death: 53/116 (45.7%); 
CV death: 30/116 (25.9%); UA: 46/116 (39.7%)).
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Figure 3. Whole heart volume, cardiovascular risk factors, and CAD on CT. Red-dotted line marks the mean WHV 
as reference (351.9cm3/m2). Bracketed lines represent standard deviations. ASCVD: atherosclerotic cardiovascular 
disease; CAC: coronary artery calcium; CAD: coronary artery disease; EF: ejection fraction; HRPF: high risk plaque 
features; HTN: arterial hypertension; WHV: whole heart volume; PAD: peripheral arterial disease.
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Differences of WHV across categories of CV risk factors and CAD characteristics
The mean WHV was 351.9±57.6 cm3/m2 (range 100.6–746.1 cm3/m2). In general, men 
and those with increased ASCVD risk (≥7.5%) and advanced CAD (i.e., obstructive CAD, 
higher CAC score, HRPF present) presented with larger hearts (P<0.001 for all). On the 
other hand, women, patients with no- or non-obstructive CAD, obese patients, and those 
with metabolic syndrome, and sedentary lifestyle presented with significantly smaller 
hearts (P<0.05 for all). Separated by median age (59.7 years), WHV did not differ between 
younger and older patients (P=0.397). Individual WHV across categories of CV risk factors 
and CAD characteristics on CT are shown in Figure 3.

Association of WHV with MACE
Patients who experienced MACE had smaller WHV compared to those without MACE 
(346.0±55.4 vs. 352.1±57.6 cm3/m2; p=0.005). In an age and sex-adjusted time-to-event 
analysis, we found that a decrease of WHV by one standard deviation was associated 
with over 4.4 times higher hazard of MACE (HR (per one standard deviation increase) 
= 0.225, 95%CI: 0.066–0.769, P=0.017). This association remained significant and at a 
similar magnitude after adjusting for the clinical ASCVD risk and Leaman score (adjusted 
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HR=0.221, 95%CI: 0.068–0.721, P=0.012). Additional results for raw WHV (i.e., not BSA-
indexed) revealed similar results and are shown in Table 2. In a supplemental analysis, 
WHV remained significantly associated with MACE in a combined model adjusting for 
ASCVD, Leaman score, and CAC (BSA-indexed and ln-transformed WHV: HR=0.21, 95%CI: 
0.066–0.710, P=0.011).

WHV across subgroups of CAD
On coronary CTA, 1,297 (34.2%), 2,268 (59.7%), and 233 (6.1%) patients presented with 
no-, non-obstructive, and obstructive CAD, respectively. Event rates differed significantly 
between patients without CAD and those with non-obstructive and obstructive disease 
(0.9% vs. 3.4% vs. 12.5%, respectively; log rank test, P<0.001). In patients with non-
obstructive CAD, a decrease of WHV by one standard deviation was associated with 16.7 
times higher hazard of MACE independent of ASCVD risk and Leaman score (adjusted 
HR=0.06, 95%CI: 0.013–0.269, P<0.001). However, there was no significant association 
between WHV and MACE in those with no- or obstructive CAD (P=0.146–0.853). Table 3 
provides results for raw WHV and BSA-adjusted WHV, which have shown similar results as 
the standardized WHV.

Non-obstructive CAD and WHV
In our cohort, the majority (n=76/116; 66%) of incident events occurred in the 2,268 
patients with non-obstructive CAD. Among these, women presented with a slightly 
higher event rate compared to men (3.7% vs. 3.1%). Across quintiles of WHV, the MACE 
rate ranged between 2.3% and 5.4%, being nearly twice as high in the lowest quintile of 
WHV compared to Q2–5 (5.4% vs. 2.3–3.3%) In a time-to-event analysis, the lowest event-
free survival was found in those with the lowest quintile of WHV (log-rank Q1 vs. Q2–5: 
P<0.001; Figure 4). This association was further reflected in over two-fold higher hazard 
of MACE even after adjustment for ASCVD risk and Leaman score (adjusted HR (Q1 vs. 
Q2–5) =2.13; 95%CI: 1.29–3.51; P=0.003). In a sex-stratified analysis of patients with non-
obstructive CAD, WHV showed an independent association with MACE in both women 
and men, being slightly stronger in men compared to women (Men: HR=0.064, 95%CI: 
0.007–0.613, P=0.017 vs. Women: HR=0.080, 95%CI: 0.001–0.781, P=0.030 for BSA-indexed 
and ln-transformed WHV; Supplemental Table S1).
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Regarding event types, patients with small WHV experienced rather unspecific events, 
such as non-CV death or hospitalization for unstable angina, while those with larger 
hearts (Q2–5 of WHV) presented with more specific CV events, such as CV death or non-
fatal myocardial infarction (Figure 5).

Figure 4. Quintiles of WHV and MACE in non-obstructive CAD. Significantly reduced event-free survival in patients 
with WHV in the first quintile (Q1) as compared to Q2–5 (log-rank results displayed as Q1 vs. Q2–5). All KM-curves 
were adjusted for ASCVD and Leaman score. Q1–Q5: quintiles of WHV. Kaplan-Meier curves for WHV in no- and 
obstructive CAD did not show significant results and are shown in Supplemental Figure S1.
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Incremental value of WHV in non-obstructive CAD
In patients with stable chest pain and non-obstructive CAD, clinical parameters (i.e., ASCVD 
risk score), the CT-derived Leaman score, and WHV reached only a fair discriminatory 
capacity (AUC = 0.627, 0.599, and 0.589, respectively). While adding Leaman score to the 
ASCVD risk score did not lead to relevant changes of the AUC (0.627 vs. 0.627), addition 
of WHV to the model resulted in a statistically significant improvement of model fit 
(likelihood-ratio test (3 degrees of freedom): X2=17.9; P<0.001). Correspondingly, the AUC 
increased by 4.6% reaching an AUC of 0.673 (Figure 6). We did not test for incremental 
value of WHV in patients with no- or obstructive CAD, since the initial tests (i.e., regressions) 
were negative.

Figure 5. Event types and WHV. Patients with small WHV (Q1) presented with rather unspecific event types while 
those with higher WHV presented more frequently with specific cardiovascular events, an observation particularly 
seen in non-obstructive CAD. CAD: coronary artery disease; CV: cardiovascular; MI: myocardial infarction; Q1-Q5: 
quintiles of WHV; UA: unstable angina; WHV: whole heart volume.

Figure 6. Incremental value of WHV in non-obstructive CAD. Addition of WHV to clinical risk factors and CT-derived 
CAD characteristics increased the discriminatory capacity significantly by 4.6%. Addition of WHV to the model 
resulted in a statistically significant improvement of model fit (X2=17.9; P<0.001). AUC: area under the receiver 
operator characteristic curve; ASCVD: atherosclerotic cardiovascular disease; WHV: body surface area-indexed 
whole heart volume. To maintain readability, only curves for the composites are displayed here. Individual curves 
are available in Supplemental Figure S2.
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Discussion

The primary finding of this study is that small WHV is an independent prognostic imaging 
marker of MACE among stable chest pain patients. This association is the strongest in 
those with non-obstructive CAD, a group of patients with the highest need for enhanced 
risk stratification. Moreover, in this group, WHV improves the discriminatory capacity of 
the traditional clinical CV risk factors and CTA-derived CAD characteristics.

Small hearts and MACE

Because our finding of an association of small WHV with MACE, especially in those with 
non-obstructive CAD, was independent of traditional CV risk factors and CAD burden, and 
that patients with small WHV experienced predominantly unspecific events, we suggest 
that the mechanism relating small WHV with MACE may not be directly linked to epicardial 
coronary atherosclerosis.
 A clue, elucidating the potential pathophysiological/mechanistic link between 
small WHV and MACE, may be found in that small WHV was more frequent in women, 
people with diabetes, obese patients with metabolic syndrome, and sedentary lifestyle. 
This constellation, especially in the presence of non-obstructive CAD, has been described 
in the early stages of heart failure with preserved ejection fraction (HFpEF) [24–26]. Here, 
despite normal cardiac function, a combination of cardiometabolic disorder and non-
obstructive CAD promotes myocardial fibrosis with concentric LV-remodeling [27, 28] and 
ultimately increased risk for MACE [27, 29]. PROMISE patients with small WHV had normal 
cardiac function based on prior definitions[30], including those with MACE.
 Moreover, coronary microvascular dysfunction (CMD) and HFpEF are closely related, 
and a recent study found that 70–80% of patients with HFpEF also have CMD [31]. CMD and 
HFpEF also share clinical risk factors such as hypertension, diabetes, smoking, obesity, and 
chronic inflammatory disorders [32, 33], the majority of risk factors found in those with small 
WHV in our study. Our results add to the growing body of evidence, suggesting that CMD 
may be associated with non-obstructive CAD [32–35], and thus, may represent a potential 
link between non-obstructive CAD and HFpEF.
 Given that PROMISE did not include patients with heart failure or known CAD (i.e., 
groups with often enlarged hearts), we hypothesize that the association between small 
WHV and MACE, may represent the left segment of a J-shaped relationship between 
WHV and MACE. This phenomenon has been described for other markers of CV risk, such 
as obesity [36]. However, this suggestion is hypothesis-generating and requires further 
investigation.
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Large hearts and MACE
In our cohort, patients with more advanced CAD on cardiac CT (e.g., elevated CAC or 
Leaman score, obstructive CAD, or HRPF present) or, in general, elevated CV risk (i.e., 
ASCVD risk score ≥7.5%) presented with larger hearts. As expected, patients with larger 
hearts presented with rather typical CV events, such as CV death or non-fatal myocardial 
infarction. To some degree, these findings corroborate well-known associations of 
pathologically enlarged hearts, for example, those with clinical heart failure, dilatated or 
ischemic cardiomyopathy, and MACE [9, 14, 37–41]. It is crucial to understand that the PROMISE 
trial excluded patients with clinical signs of heart failure or known CAD, an aspect of 
selection that may explain why there was not a clear association between large hearts 
and MACE in our cohort.

Future perspectives
Future studies adding markers of structural and functional alterations of the heart (e.g., 
myocardial stiffness, interstitial collagen content, diastolic dysfunction, and strain), 
as well as CMD measures, are needed to test our hypothesis that small WHV relates to 
CMD and HFpEF in non-obstructive CAD. Moreover, studies of WHV in community-based 
populations, including those with enlarged hearts/heart failure, are needed to investigate 
the J-shaped relationship between WHV and MACE.

Clinical relevance
Our group and others have shown that non-obstructive CAD is related to an increased risk 
of MACE [3, 4]. In the PROMISE trial, non-obstructive CAD was associated with a three-fold 
increased risk for MACE compared to no CAD and accounted for the majority of events [3].  
Thus, there is an unmet need for further risk stratification. Our study delivers a novel 
imaging marker that may improve risk stratification in this cohort at increased CV risk.

Limitations
Our study is a retrospective secondary analysis of a large randomized trial. Accordingly, 
our results are hypothesis-generating rather than confirmatory and need validation 
in large prospective cohorts. A comparison of WHV between patients with chest pain 
and normal WHV values was not possible since normal WHV has not been defined yet. 
Normal range of WHV will need to be derived from populations free of clinical symptoms. 
Despite the large scale of the PROMISE trial, the number of events is limited to provide 
reliable results in patient subgroups (e.g., quintiles of WHV in women and men with non-
obstructive disease).
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Conclusion

In stable chest pain patients, smaller WHV is an independent prognostic marker of MACE. 
Particularly in patients with non-obstructive CAD, small WHV may help to stratify CV risk 
beyond the traditional CV risk factors and CT-measures of CAD and may help to guide 
clinical management.
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Introduction

A growing body of evidence, primarily based on cohorts with low cardiovascular risk, 
suggests that epicardial adipose tissue (EAT), a metabolically active tissue surrounding 
coronary arteries, is associated with coronary artery disease (CAD) and adverse cardiac 
events (1,2). However, little is known about the predictive value of EAT in symptomatic 
patients with elevated cardiovascular risk. We investigated the relationship between EAT, 
traditional cardiovascular risk factors, CAD characteristics, and incident adverse events 
in the Prospective Multicenter Imaging Study for Evaluation of Chest Pain (PROMISE), a 
symptomatic cohort with increased cardiovascular risk (3).

Methods

We included PROMISE patients who underwent cardiac computed tomography (CT) and 
followed them for a median two years for adverse cardiac events (composite of death, 
non-fatal myocardial infarction, and hospitalization for unstable angina) (3). Local and 
central institutional review boards approved the study, and all patients provided written 
informed consent. Our dedicated core-lab measured EAT volume (indexed by body 
surface area –cm3/m2) and attenuation (HU) on non-contrast ECG-gated CT. We used a 
deep-learning-based system to segment EAT. The system consisted of two consecutive 
U-Nets to localize and segment pericardial sac, followed by an attenuation-based mask to 
render EAT (details provided in Figure 1A). Also, our core lab manually measured coronary 
artery calcium (CAC) score, CAD extent (segment involvement score; SIS), and presence 
of high-risk plaque features (HRPF: spotty calcium, positive remodeling, napkin ring sign, 
low attenuation plaque) using standard methods.
 Our statistical analysis compared EAT volume between men and women, elderly 
(≥65 years) and younger patients, across categories of CAC, and in those with 10-year 
atherosclerotic cardiovascular disease (ASCVD) risk score ≥7.5% vs. <7.5%, SIS ≥4 vs. <4, 
and HRPF present vs. absent. In time to event analysis, we tested the association between 
EAT and events unadjusted and adjusting for ASCVD risk.

Results

In 3,948 patients (60.68.3 years; 51% women), mean EAT volume and attenuation were 
57.5±22.0 cm3/m2 and -86.8±5.1 HU, respectively. Men presented with higher EAT volume 
and attenuation compared to women (p<0.05 for all, Figure 1B). The elderly and those 
with ASCVD ≥7.5% had more EAT but lower EAT attenuation compared to younger and 
those with ASCVD <7.5%.
 Regarding CAD, EAT volume increased, and attenuation decreased proportionally to 
the CAC score (p<0.001 for both). Likewise, patients with SIS≥4 or HRPF had higher EAT 
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volume and lower attenuation compared to those with <4 stenotic segments or absent 
HRPF (p<0.001 for all, Figure 1B).
 Overall, 128 (3.2%) patients experienced events during a median follow-up of 26.1 
(18.0–34.4) months. Greater EAT volume was associated with a higher relative hazard of 
adverse events (HR per increase of 10 cm3/m2 EAT volume: 1.01; 95%CI: 1.00-1.15; p=0.036) 
in univariate analysis. However, this association attenuated after adjustment for the 
ASCVD risk (p=0.264). EAT attenuation was not associated with events (p=0.409).

Discussion

In patients with stable chest pain and increased cardiovascular risk, we found higher EAT 
volume in males, the elderly, and those with increased cardiovascular risk and advanced 
CAD (i.e., higher CAC score, SIS, and HRPF). Nevertheless, these observations did not 
translate into an association between EAT volume and adverse events beyond traditional 
cardiovascular risk factors.
 In accord with Mancio et al. (1), a meta-analysis with ~20,000 asymptomatic, low-risk 
subjects from mostly large longitudinal studies with long-term follow-up (e.g., Framingham 
Heart Study (FHS), Multi-Ethnic Study of Atherosclerosis (MESA), Heinz Nixdorf Recall 
(HNR) study, Early Identification of Subclinical Atherosclerosis by Non-invasive Imaging 

Figure 1. EAT on Cardiac CT Imaging. Epicardial adipose tissue (EAT) segmentation and EAT distribution across 
categories of cardiovascular risk factors and coronary artery disease (CAD) characteristics. ASCVD: Atherosclerosis 
Cardiovascular Disease risk score; CAC: coronary artery calcium; CT: computed tomography; EAT: epicardial adipose 
tissue; HRPF: high-risk plaque features; HU: Hounsfield unit; IQR: interquartile range; SIS: segment involvement 
score.
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Research (EISNER) study, and the Rotterdam study), our results demonstrated a strong 
relationship between EAT, cardiovascular risk factors, and extent of CAD. However, we did 
not find an independent association between EAT volume and adverse events.
 In a symptomatic population, EAT may have low short-term prognostic utility due 
to many confounding elements such as clinical risk factors, presence of established CAD, 
and management strategy (e.g., medical therapy, revascularization) which are physician-
dependent and may have varied between sites due to pragmatic design of the PROMISE 
trial. Moreover, PROMISE patients already had an indication for CTA, based on their 
symptoms and pretest probability. While longitudinal studies in asymptomatic cohorts 
have shown independent predictive prognostic value for deep-learning-derived EAT, 
independent of ASCVD risk score (2), the prognostic relationship may be attenuated for 
symptomatic patients undergoing CTA due to the reasons mentioned above.
 We found no relationship between overall EAT attenuation and events. Thus, the 
cardiovascular risk may be better predicted by the local attenuation of EAT directly 
adjacent to the coronaries. As shown by others, pericoronary EAT attenuation has shown a 
strong association with cardiovascular events (4). The differences may be due to the local 
effects of EAT versus the global attenuation assessed in our study.
 To conclude, our results show a limited short-term predictive value of EAT in 
symptomatic patients with increased cardiovascular risk. Further research is needed to 
identify factors influencing the relationship between EAT and adverse outcomes.
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Abstract

Although artificial intelligence algorithms are often developed and applied for 
narrow tasks, their implementation in other medical settings could help to improve 
patient care. Here we assess whether a deep learning system for volumetric heart 
segmentation on computed tomography (CT) scans developed in cardiovascular 
radiology can optimize treatment planning in radiation oncology. The system was 
trained using multi-center data (n=858) with manual heart segmentations provided by 
cardiovascular radiologists. Validation of the system was performed in an independent 
real-world dataset of 5,677 breast cancer patients treated with radiation therapy at 
the Dana-Farber/Brigham and Women’s Cancer Center between 2008-2018. In a 
subset of 20 patients, the performance of the system was compared to eight radiation 
oncology experts by assessing segmentation time, agreement between experts, and 
accuracy with and without deep learning assistance. To compare the performance to 
segmentations used in the clinic, concordance and failures (defined as Dice<0.85) of 
the system were evaluated in the entire dataset. The system was successfully applied 
without retraining. With deep learning assistance, segmentation time significantly 
decreased (4.0 minutes [IQR 3.1-5.0] vs. 2.0 minutes [IQR 1.3-3.5]; p<0.001), and 
agreement increased (Dice 0.95 [IQR=0.02]; vs. 0.97 [IQR=0.02], p<0.001). Expert 
accuracy was similar with and without deep learning assistance (Dice 0.92 [IQR=0.02] 
vs. 0.92 [IQR=0.02]; p=0.48), and not significantly different from deep learning-only 
segmentations (Dice 0.92 [IQR=0.02]; p≥0.1). In comparison to real-world data, the 
system showed high concordance (Dice 0.89 [IQR=0.06]) across 5,677 patients and 
a significantly lower failure rate (p<0.001). These results suggest that deep learning 
algorithms can successfully be applied across medical specialties and improve clinical 
care beyond the original field of interest.

Figure 1. Study overview. A 3D deep learning system was developed in cardiovascular radiology using CT 
scans from distinct and well-established cohorts. For training, medical experts segmented the heart in cardiac 
gated and non-gated CT scans. This specialized knowledge embedded in the deep learning system was then 
transferred to radiation oncology and used to support treatment planning in patients with breast cancer.
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Introduction

Medical knowledge is increasing exponentially with an estimated doubling every few 
months as of 20201. While this has improved healthcare across the world2, it is paralleled by 
increasingly specialized expert knowledge, which may be disproportionately distributed 
to high resource medical centers, thus increasing health care disparities3. Recent advances 
in artificial intelligence (AI), and deep learning in particular, offer a novel way to improve 
and automate complex tasks that up until now could only be performed by professionals4. 
Typically, deep learning applications are developed using labeled data generated by 
medical experts for domain-specific problems. As a result, this expert knowledge is 
encapsulated in the deep learning system, providing the opportunity to disseminate 
this highly skilled expertise across medical domains, institutions and countries, with the 
potential to optimize patient care and reducing knowledge and economic disparities in 
undersupplied settings.
 One area that could benefit from this concept are imaging-related specialties, such 
as radiology and radiation oncology. While the former uses imaging studies primarily 
for diagnosis, the latter relies on the same information for organ and tumor targeting, 
treatment planning and delivery, and monitoring. An integral part of radiotherapy 
treatment planning is segmenting organs at risk in the radiation field on computed 
tomography (CT) scans5. If appropriate resources are available, this is done manually by 
trained experts who require considerable time and are prone to inter- and intra-observer 
variability. If time or knowledge are limited, this crucial step to ensure treatment quality 
and patient safety may be neglected. Therefore, automating and optimizing this process 
of organ at risk segmentation by deep learning could improve clinical care at high speed 
and low additional cost, especially in underprivileged healthcare settings6.
 Depending on the region of interest, different organs of varying complexity need to 
be segmented. Among those, the heart is of special interest as it is known that increasing 
radiation dose exposure to the organ is associated with future cardiac adverse events, 
such as coronary artery disease and heart failure7,8. Given their training, the highest 
anatomic expertise in cardiac imaging is likely found among cardiovascular radiologists, 
who focus on the diagnosis and monitoring cardiac-related diseases using dedicated 
image acquisition, reconstruction, and analysis techniques. Hence, disseminating this 
highly specific but narrow expert knowledge across medical domains and to institutions 
or countries with limited resources may enable more accurate treatment planning and 
measurement of cardiac radiation dose to optimize cardioprotective strategies in radiation 
oncology. This is of particular interest for patients with breast cancer as the heart and its 
substructures are in close proximity to the target area. Thus, reducing heart dose is of 
great importance to not harm the generally favourable outcomes of these patients.
 Here, we investigate whether a deep learning system developed in cardiovascular 
radiology can be applied for radiation oncology treatment planning. The deep learning 
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system was developed for whole heart segmentation on input data provided by expert 
cardiovascular radiologists using dedicated, cardiac CT scans (see Figure 1). We then 
applied this system in an independent dataset with real-world segmentations of 5,677 
patients with breast cancer to compare its performance to radiation oncology experts as 
well as to heart segmentations used in the clinic for treatment delivery. This study may 
serve as proof of principle to repurpose and leverage AI applications for optimizing patient 
care and reduce healthcare disparities across specialties, institutions, and countries.

Figure 2. Comparison of human only, AI-assisted and AI only segmentation. In a prospective assessment, 8 
radiation oncology experts individually segmented the heart in 20 breast cancer treatment CTs. In a subsequent 
session, the same patients were segmented again with AI assistance. a, The analysis shows that AI-assisted 
segmentation significantly reduces the time needed, (b) and agreement between medical experts significantly 
increases. c, Comparing the manual-only, AI-assisted and AI-only segmentations to the reference segmentations of 
a radiation oncology expert with several years of experience shows no significant differences in accuracy. Each box 
represents the interquartile range (IQR, 25th and 75th percentiles) and the centerline the median of the results. 
The whiskers represent minimum and maximum data points, excluding outliers. Outliers are defined as greater 
than the 75th percentile + 1.5xIQR and smaller than the 25th percentile - 1.5xIQR and are denoted as diamonds.
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Results

Training, tuning, and testing the deep learning system
We trained and tuned the deep learning system with 757 ECG-gated cardiac CTs as well as 
100 low dose chest screening CTs. The performance was tested in 1010 ECG-gated cardiac 
CTs and 296 low dose chest screening CTs. Manual segmentations were done under the 
supervision of cardiovascular radiologists at the Massachusetts General Hospital. The 
deep learning system achieved a median Dice of 0.95 (IQR=0.008) on the testing data.

Prospective validation of AI assistance in clinical setting
To evaluate the deep learning system for a clinical radiation oncology implementation, 
we compared the time needed to generate a clinically-acceptable segmentation without 
and with the assistance of the deep learning system, and found a significant reduction 
by 50% (median 4.0 minutes [IQR 3.1-5.0] vs. 2.0 minutes [IQR 1.3-3.5]; p<0.001) for the 
deep learning-assisted approach compared to the current manual clinical workflow 
(Figure 2a). At the same time, agreement of the segmentations significantly increased 
from a median Dice of 0.95 (IQR=0.02) for the manual segmentations to 0.97 (IQR=0.02) 
for the deep learning-assisted approach (p<0.001) (Figure 2b). Along with the changes 
in time and variation, accuracy analysis revealed no significant differences between the 
manual and deep learning-assisted segmentations (median Dice 0.92 [IQR=0.02] and 0.92 
[IQR=0.02], respectively; p=0.50). Also, no significant differences were found between 
the deep learning-only segmentations (median Dice 0.92 [IQR=0.02]) and the manual 
as well as deep learning-assisted approach (p=0.2 and p=0.10, respectively) (Figure 2c). 
Additional results are provided in the Supplementary Figure 2.

Validation of performance in real-world, clinically-used data
In the subsequent assessment of the deep learning system in real-world data used in 
clinical practice, the automated whole heart segmentations showed a high concordance 
(median Dice of 0.89 [IQR=0.06]) with the clinically-used segmentations across the entire 
cohort of 5,677 breast cancer patients. In a per year analysis, the median Dice increased 
significantly from 0.85 (IQR=0.05) in 2008 to 0.91 (IQR=0.04) in 2018 (p<0.001). In parallel, 
the percentage of failure cases with a Dice below 0.85 decreased from 46.7% to 5.6%. An 
overview is given in Figure 3a.
 The detailed failure analysis of cases with a Dice below 0.85 in the subset of patients 
treated between 2016 and 2018 comprised 299 patients. The ratings performed by the 
cardiovascular radiologist revealed a significantly higher segmentation accuracy for the 
deep learning system as compared to the manual, clinically-used segmentations (p<0.001). 
While the majority of deep learning segmentation were rated as excellent (62.2% vs. 15.7% 
for the clinical segmentations), most of the historical clinically-utilized segmentations were 
found to be of fair quality (70.6% vs. 35.5% for the deep learning system). Poor accuracy 
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was found for 13.7% of the clinical segmentations vs. 2.3% for the deep learning approach 
(Figure 3b). Representative image examples are provided in Figure 4.

Discussion

In this study, we demonstrate that expert knowledge encapsulated in a deep learning 
system can be disseminated across medical domains to help optimize the treatment of 
patients with breast cancer in radiation oncology. The dissemination of domain-specific 
expert knowledge across disciplines in medicine has profound clinical implications. With 
the rapid and ongoing growth of knowledge across all medical specialties, no single 
discipline or individual can master the entire field of medicine beyond their expertise1. 
On the contrary, continued sub-specialisation and longer years of training lead to more 
narrow but highly skilled experts for particular fields or diseases. While this is beneficial if an 
expert is available onsite in resource-rich healthcare settings, the best possible care might 
not be deliverable to patients in low-resource areas9. In this context, expert knowledge 
encapsulated in deep learning systems developed and tested for specific tasks, but then 
re-purposed for different but related tasks in another specialty, institute or country, might 
be helpful to reduce knowledge and economic disparities, especially in undersupplied 
settings where such tasks might be neglected due to limited time or training. In such 
situations, an AI-mediated knowledge dissemination can create opportunities for human-
AI partnerships to improve quality and safety in healthcare. Additionally, this approach 
maximizes the potential benefit of each expert annotated case, a particularly valuable 
aspect as deep learning tasks depend on such annotated data, and the current paucity of 
these data limits deep learning applications in medicine.

Figure 3. Similarity of manually and automatically generated segmentations. a, Dice coefficient between the AI 
framework and clinically approved heart segmentations in 5,677 scans acquired between 2008-2018. Non-similar 
segmentations with a dice coefficient below 0.85 (dashed line) were defined as failures. The boxes represent the 
interquartile range (IQR, 25th and 75th percentiles) and the centerlines the median of the results. The whiskers 
represent minimum and maximum data points, excluding outliers. Outliers are defined as greater than the 75th 
percentile + 1.5xIQR and smaller than the 25th percentile - 1.5xIQR and are denoted as diamonds. b, Results of 
qualitative segmentation accuracy assessment in cases defined as failures between 2016-2018 (n=299) by an 
expert cardiovascular radiologist. The results show significantly higher segmentation accuracy for AI as compared 
to radiation oncology experts (p-value < 0.0001).
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In our prospective clinical assessment, we evaluated the potential of a human-AI 
partnership for heart segmentation as part of breast cancer radiation treatment planning. 
In a previously published study Tschandl et al.10 showed how the human-AI relationship 
can improve image-based skin cancer diagnosis. In our study we found that the 
partnership between dosimetrist and AI facilitated the generation of highly accurate heart 
segmentations in a significantly shorter time and with a significantly higher concordance 
compared to the current clinical standard in a high resource medical center. At the same 
time, no differences in accuracy were observed. This is of considerable importance, as it 
helps to reduce labor-intensive manual work and could optimize quality while maintaining 
similar treatment standards11. Moreover, this is also an opportunity to improve the 
quality of care by reducing intra-reader and inter-reader variability both in radiology and 
radiation oncology12,13, which persist despite standardized guidelines have been proposed 
to ensure quality control14. Most interestingly, when comparing the manual and deep 
learning-assisted segmentations to the deep learning-only segmentations, no differences 
in accuracy were found. This suggests that human input might not be necessary at all to 
generate segmentations of similar quality as the current clinical standard, thus suggesting 
the beginning of a paradigm shift in segmentation for radiotherapy treatment planning 
and the potential to implement this technique in undersupplied hospitals, in which organ 
at risk segmentation is not performed due to limited resources.
 These results were emphasized in our assessment of the deep learning system in 
real-world, clinically-used data of 5,677 patients with breast cancer. Here, we could show 
a robust performance of the system without prior retraining. Although the median Dice 
was already high (0.85) in the subpopulation of patients treated in 2008, it significantly 
increased over the next decade to a median of 0.91. At the same time, the variance and 
number of patients with a Dice below 0.85 decreased. This is likely due to increased 
standardization of heart segmentations based on the 2016 RADCOMP guidelines, and 
recognition that heart dosimetry was intricately linked to radiotherapy toxicity and 
clinical outcomes15. In addition, it is of particular interest to gain a better understanding of 
failures before the potential implementation of a new deep learning system into clinical 
workflows. In our analysis of outlier cases with a Dice below 0.85, we found a significantly 
higher failure rate in the clinically-used segmentations as compared to the deep learning 
system (13.7% vs. 2.3%). This finding indicates that the current error rate in daily clinical 
practice could be significantly reduced by implementing the deep learning system for this 
heart segmentation task in radiotherapy planning. In addition, this may have implications 
for radiotherapy quality control by optimizing planning in order to minimize toxicity and 
enhance the therapeutic ratio. Moreover, creating a human-AI partnership for routine but 
clinically relevant tasks such as organ segmentation has the potential to fundamentally 
change and optimize clinical workflows16: 1) in high-resource centers by altering the 
role of medical experts from professionals spending substantial portions of their time 
manually generating segmentations to providing oversight of AI and quality control, while 
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freeing up more time for higher value responsibilities such as face-to-face interactions 
with patients and/or complex clinical decision-making and 2) in low-resource settings by 
introducing new treatment possibilities that are currently neglected but paramount for 
patient safety and quality of care. 
 The robust performance of the deep learning system is not only interesting from 
a clinical perspective, but also from a technical perspective17. In detail, we trained the 
deep learning system using images and segmentations from cardiovascular radiology 
and assessed the possibility to transfer this learned knowledge to radiation oncology and 
further studied the human-AI partnership. The main difference between images of the 
radiology training cohorts and images of the oncology testing cohorts was that the training 
cohorts included mostly cardiac ECG-gated CTs acquired during a breathhold interval to 
reduce cardiac and respiratory motion artifacts while the testing cohorts consisted solely 
of non-gated scans and many of them acquired during free-breathing. Segmentations in 
non-gated scans are typically less accurate due to motion artifacts. This applies to both 
manual and automatic segmentations and explains the small performance drop of our 
network from the training cohorts to our testing cohorts. In addition, acquisition and 
reconstruction protocols as well as scanners varied widely, however, that did not seem to 
have a major impact on performance. The difference between images from the training 
and testing set are shown in an example in the Supplementary Figure 3, indicating the 
different image acquisition and reconstruction techniques used in radiology and radiation 
oncology, respectively.
 Although the input data in the current study was considerably different from the 
data used for development, no systematic failures were observed and differences in 
acquisition and reconstruction protocols did not affect the segmentation performance. 
This indicates the robustness of the deep learning system for potential applications in 
different clinical settings and beyond the primary intention of development. Additional 
data and patient baseline characteristics can be found in the Supplementary Table 1.
 There are limitations to our study that need to be addressed. Time needed for 
segmenting the heart was self-recorded by the medical expert, which makes inaccurate 
measurements more likely than if they were taken by an independent person. Moreover, 
with the investigated AI system, only whole heart segmentations are possible although 
there is increasing evidence suggesting that cardiac substructures are of more importance 
and more closely linked to outcome and cardiac toxicity. Also, as the primary focus of 
this study was on deep learning-based expertise dissemination in a general setting, the 
analyses are lacking dose calculations and dedicated evaluations of treatment plans. In 
addition, as of now, only patients examined in supine position can be analyzed by the 
deep learning system given the input data used for training.
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In conclusion, we demonstrated that expert knowledge encapsulated in a deep learning 
system can be disseminated across medical domains and institutes to optimize patient 
care beyond the intended narrow field of application. Furthermore, we demonstrated that 
the disseminated domain-specific expertise can be repurposed to substantially optimize 
the efficiency and quality of care in the investigated example of heart segmentation for 
breast cancer radiotherapy planning.

Methods

Study design and population
An overview of the study design is given in Figure 1. A search of the radiation oncology 
treatment planning system identified all breast cancer patients treated with radiotherapy 
in our institution’s Department of Radiation Oncology between 2004-2018 (n=6,751). 
Exclusion criteria were: corrupted imaging data (n=380), missing/corrupted whole heart 
segmentations (n=499) and images of patients other than in supine position (n=195) 

Figure 4. Segmentation accuracy of AI (Yellow) and manual (Cyan) segmentations. All manual segmentations 
were created by medical experts and approved by a radiation oncologist for treatment. Quality ratings (poor, 
fair, excellent) were made by a board-certified radiologist trained in cardiovascular imaging in a blinded pairwise 
fashion following the RTOG Breast Cancer Atlas. In a, b, c, AI was rated excellent whereas the clinically used 
segmentations revealed a poor accuracy (Dice: 0.811, 0.826 and 0.826 respectively). d depicts an example with 
excellent segmentation accuracy for AI and radiation oncology experts (Dice: 0.960). e shows poor accuracy for 
both, AI and radiation oncology experts (Dice: 0.773). In f, segmentation accuracy was rated poor for AI and fair for 
the radiation oncology expert segmentation (Dice: 0.833).
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resulting in a final study cohort of 5,677 patients (Supplementary Figure 1). The 
study was conducted under a protocol approved by the Dana-Farber/Harvard Cancer 
Center institutional review board, which waved written informed consent. CT images 
for treatment planning were acquired following the institutional standards without 
administration of intravenous contrast agent and with and without breath holding. As the 
inclusion timeframe is over a decade, scanners as well as acquisition and reconstruction 
protocols varied widely, thus reducing the likelihood that the results are biased towards 
a single institution or a specific vendor, scanner or imaging technique, respectively. 
After reconstruction, images were transferred to the treatment planning system (Varian 
Eclipse, Varian Medical Systems, Palo Alto, California). All treatment plans and whole heart 
segmentation were created by trained medical experts following internal institution 
standards, and were in line with national guidelines as they became publicly-available 
starting in 2016 (e.g. RADCOMP Breast Cancer Atlas15). All heart segmentations were 
approved by an attending radiation oncologist for use in clinical treatment planning. 

Development of AI system and domain transfer of expertise from cardiovascular 
radiology to radiation oncology
We developed a deep learning system, which is able to automatically localize and segment 
the heart from a given CT scan using expert knowledge from cardiovascular radiologists. 
Therefore the proposed system consists of two consecutive steps, each using a separate 
3-dimensional deep learning model of the U-Net18 architecture. In depth details of the 
system architecture, development, and application can be found in the Supplementary 
Methods (Supplementary Methods 1).

Prospective validation of AI assistance in radiation oncology
To prospectively investigate the potential of a human AI partnership, we assessed the 
performance of 8 trained medical experts (certified medical dosimetrists) responsible for 
radiation treatment planning by asking each expert to segment the whole heart using their 
typical clinical routine without and then with access to the deep learning system output. 
Measures of interest were 1) segmentation time, 2) agreement of the segmentations, 
defined as agreement between medical experts in the same patient, and 3) their 
anatomical accuracy, as outlined in RADCOMP Breast Cancer Atlas. For this assessment, 
20 breast cancer patients were randomly selected from subjects treated in 2018. To avoid 
bias and ensure that the selected cases mirror a representative subset of the entire cohort, 
we calculated the dice coefficient between the AI segmentations and the clinically used 
segmentations before we started the trial with the dosimetrists. The mean dice was 0.90 
(Std: 0.04) and the minimum and maximum dices were 0.78 and 0.94 respectively. As the 
network’s performance was varying in the selected cases, we could assume that there was 
no bias in the selected subsample. Furthermore we used the parametric Welch’s t-test and 
non-parametric Mann-Whitney U test to compare the Dice coefficients of the subset and 
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the full cohort. Both tests resulted in statistically not different dice coefficients (p=0.293 
and p=0.153 respectively).
 In a first segmentation session without distractions and no time limit, the medical 
experts were asked to segment the heart using the technique they would use in routine 
clinical care and recorded the time needed per patient. In a subsequent segmentation 
session 2 weeks later, the heart of the same 20 patients was pre-segmented with the deep 
learning system prior to the start of the session. The 8 medical experts were then asked 
to review and, where necessary, modify the deep learning segmentations until they were 
clinically acceptable for radiotherapy planning. Again, there were no other restrictions 
made and the time needed to modify the segmentations was self-recorded by each 
medical expert. The segmentations of a senior radiation oncologist with more than 16 
years of experience in breast cancer treatment acquired in the same setting were used as 
reference standard for the medical experts as well as for the deep learning segmentations.

Validation in real-world data used for radiation treatment delivery
To investigate the application and robustness of the deep learning system in real-world 
clinically used data, we analyzed its performance across the entire study cohort using the 
historical, clinically-used segmentations as comparators. Based on a subjective review, 
a Dice ≥0.85 was arbitrarily defined as “similar segmentation”. For quality control and to 
generate a better understanding for reasons of discordance between deep-learning and 
clinically-utilized heart segmentations, we manually analyzed cases considered as failures 
(Dice <0.85) in a subset of patients treated between 2016-2018 (n=299). This timeframe 
was chosen to explore failure rates in the most recently treated patients following the latest 
implemented guideline update15. A board-certified radiologist trained in cardiovascular 
imaging with 6 years of experience rated anatomical accuracy of the historical, manually 
created and clinically-used as well as the deep learning segmentations on a 3-point Likert 
scale (1=poor, 2=fair, 3=excellent). The reading session was performed in a pairwise 
fashion and blinded to the segmentation technique used.

Statistical analysis
All statistical analyses were performed in Python (V2.7). Data are presented as median 
and interquartile ranges (IQR). Similarity of manual and deep learning segmentations 
was measured using the Dice coefficient19,20 with a smoothing factor of one. Furthermore, 
we calculated the symmetric surface distance and Hausdorff distance using the MedPy 
Python package (V0.4.4). For pairwise comparison a non-parametric Wilcoxon signed-
rank test was performed due to violation of the normality assumption. To perform the 
parametric Welch’s t-test and non-parametric Mann-Whitney U test we used the SciPy.
stats Python package (V1.2.3). All p-values were two-sided and considered statistically 
significant below 0.05.
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Data availability
The trained models are shared under the MIT license21 at our webpage https://aim.hms.
harvard.edu/DeepHeartRO. Due to privacy agreements with our institutions we can not 
share CT imaging or segmentation data. For that reason we provide test data from a 
publicly available data set with automatic heart segmentations.

Code availability
The full code of the deep learning system and statistical analysis is shared under the MIT 
license21 at https://aim.hms.harvard.edu/DeepHeartRO.
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General Discussion

Deep learning has shown great success in several tasks, often being able to match and even 
surpass human performance. Especially for medical tasks, deep learning has the potential 
to support and improve research as well as clinical treatment, but, while there has been 
a large number of deep learning publications in the close past, real world deployment 
of such systems is still relatively sparse. Therefore, the goal of this thesis was not only 
to develop new deep learning based systems for medical applications by combining 
knowledge and experience of experts from various fields, but also to rigorously test their 
performance in large and diverse independent data sets to assess their performance for 
real world application.
 One area where deep learning has been especially successful includes image related 
tasks, making it well suited for processing and evaluating CT scans from various medical 
fields. Chapter 2 presented a deep learning based system for coronary calcium scoring 
in computed tomography to accurately stratify the risk for cardiovascular events across 
individuals from well-known NIH-sponsored observational cohorts and randomized 
controlled trials. The test data included over 20,000 individuals drawn from more than 
200 medical sites, with prospective followup for cardiovascular events and death, which 
is the largest to date, to demonstrate the clinical value of automated calcium scoring. 
The test cohorts consisted of individuals from a primary prevention asymptomatic setting 
with non-gated chest CT (NLST)56, as well as dedicated ECG-gated cardiac CT in stable 
(PROMISE)57 and acute (ROMICAT-II)58 chest pain setting. Varying health outcomes between 
datasets further reflected the diverse mix of asymptomatic and symptomatic individuals. 
Such diverse test data is essential. Before clinical introduction of automated systems can 
be considered, their generalizability has to be demonstrated by showing these systems 
are able to predict cardiovascular events of individuals across multiple clinical scenarios 
and perform robustly on data from multiple institutions.
 Traditionally, coronary calcium scoring requires special software, manual 
measurement by trained experts and dedicated ECG-gated cardiac CT. As a consequence, 
the calcium score is often not reported on routine non-cardiac chest CT, despite the fact 
that calcium scores on non-gated CT have reasonably good agreement with dedicated 
calcium scoring CT61,62. The presented automatic calcium scoring system addresses 
this need by reliably and accurately extracting the calcium score from both cardiac CT 
and chest CT. Importantly, despite the known predictive value of coronary calcium for 
adverse cardiovascular events, dedicated coronary calcium scoring CT is not yet covered 
by Medicare and most US insurance companies, and for this reason, there is a great 
deal of interest in deriving the calcium score from routine chest CTs, which are far more 
common32,63,64.
 In summary, automated quantification of coronary calcium has the potential 
to improve clinical routine and population health. The deep learning calcium score 
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demonstrated robust risk prediction across all clinical scenarios with high correlation to 
human expert readers. Furthermore it showed robust test-retest reliability and calculated 
the calcium score in under two seconds. We shared our rigorously validated deep learning 
system with the public, allowing for accelerated adoption of these technologies by both 
academic and commercial entities. 
 Part of the presented deep learning system for calcium scoring was a robust and 
fast heart localization and segmentation in CTs. Several new research questions were the 
motivation to improve these two steps. Chapter 3 presented a highly accurate and fast 
deep learning system to segment the heart in a variety of CT scans. The system was able 
to reliably locate the heart in dedicated cardiac CTs as well as full-body low-dose chest 
screening CTs and subsequently segmented the heart with high precision. Accuracy of the 
system was assessed by calculating the heart center distance as well as the dice coefficient 
and average surface distance between manual and automatic heart segmentations. A 
strength of this study was the size of the dataset for training and testing. The large amount 
of high quality training cases enabled the trained system to generalize well in large and 
independent test cohorts which were held out from training. To the best of our knowledge 
no other published study has used as many test cases acquired by this many medical 
sites as we did to prove the applicability of the proposed methods. Furthermore, the 
proposed network was able to accurately segment the heart in non-contrast enhanced 
cardiac ECG-gated CT and low-dose chest screening CT. Non-contrast enhanced scans are 
often routinely acquired in clinical practice to assess cardiovascular risk and are further 
reinforced by the current cholesterol guidelines to guide medical therapy in individuals 
with intermediate ASCVD score31. Furthermore, they have less adverse effects on the 
human body, save acquisition time, and are more cost effective, but on the other hand 
can make segmenting the heart a more challenging task. 
 As expected, the segmentation accuracy in cardiac ECG-gated CT from PROMISE was 
higher than in the low-dose chest screening CTs from NLST. This can be explained by the 
fact that the former CTs typically have less motion artifacts and noise, resulting in more 
and distinct image features, and subsequently more precisely defined segmentation 
contours. 
 Visual examination of the differences between automatic and manual heart 
segmentations revealed three common regions where errors occurred. The first, and 
apparently the most challenging area, was on top of the heart. This was expected as the 
upper end of the heart can not always be determined exactly and small variations in 
choosing the top slice consequently lead to high visible errors due to the slice spacing of 
2.5mm of the CT scans. The second area of segmentation differences was at the bottom 
of the heart. This is most likely due to the fact that CT scans without contrast-agent lack 
image information in this area as the heart blends into the liver. A precise segmentation 
in this area is often not possible even for a senior cardiac radiologist and this problem also 
occurs when segmenting different organs in this area, such as the liver65. The third region 
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was located in the front of the heart where fat and muscle with low contrast and poor 
image information make segmenting this part difficult. As confirmed by the mean surface 
distance values, the regions where the pipeline produces such errors are well-confined. 
Compared to traditional implementations of automatic heart segmentation algorithms, 
the presented system shows that with a processing time of 1.17 seconds per scan, deep 
learning can profit and utilize the power of state of the art GPUs.
 Utilizing the presented deep learning system for fully automatic heart segmentation, 
two studies were conducted to investigate the predictive value of various heart features 
for future cardiac events in almost 4,000 CT scans from the PROMISE trial. The study, 
presented in Chapter 4, showed that small whole heart volume is an independent 
prognostic imaging marker of major cardiovascular events among stable chest pain 
patients. Particularly in patients with non-obstructive coronary artery disease, small 
whole heart volume may help to stratify cardiovascular risk beyond the traditional 
cardiovascular risk factors and CT-measures of coronary artery disease and may help to 
guide clinical management. In the PROMISE trial, non-obstructive coronary artery disease 
was associated with a three-fold increased risk for major cardiovascular events compared 
to no coronary artery disease and accounted for the majority of events. Thus, there is 
an unmet need for further risk stratification. The presented novel imaging marker may 
improve risk stratification in this cohort of participants with increased cardiovascular risk.
A second study used the deep learning system to segment epicardial adipose tissue in CT 
scans of patients with stable chest pain and increased cardiovascular risk, presented in 
Chapter 5. The study found higher epicardial adipose tissue volume in males, the elderly, 
and those with increased cardiovascular risk and advanced coronary artery disease. 
The results demonstrated a strong relationship between epicardial adipose tissue, 
cardiovascular risk factors, and extent of coronary artery disease. However, there was no 
independent association between epicardial adipose tissue volume and adverse events. 
Thus, the cardiovascular risk may be better predicted by the local attenuation of epicardial 
adipose tissue directly adjacent to the coronaries.
 Another area where the heart is segmented in the daily clinical routine is radiotherapy 
treatment planning for breast cancer patients. The study presented in Chapter 6 
demonstrated that a deep learning system for automatic heart segmentation, developed 
in cardiovascular radiology can optimize treatment planning in radiation oncology. The 
study showed that expert knowledge encapsulated in a deep learning system can be 
disseminated across medical domains to help optimize the treatment of patients with 
breast cancer in radiation oncology. Additionally, this approach maximizes the potential 
benefit of each expert annotated case, a particularly valuable aspect as deep learning 
tasks depend on such annotated data, and the current paucity of these data limits deep 
learning applications in medicine.
 Remarkably, although the data in this study was considerably different from the 
data used for the development of the deep learning system, no systematic failures were 
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observed and differences in acquisition and reconstruction protocols did not affect 
the segmentation performance. The main difference between images of the radiology 
training cohorts and images of the oncology testing cohorts was that the training cohorts 
included mostly cardiac ECG-gated CTs acquired during a breathhold interval to reduce 
cardiac and respiratory motion artifacts while the testing cohorts consisted solely of non-
gated scans and many of them acquired during free-breathing. In addition, acquisition 
and reconstruction protocols as well as scanners varied widely, however, that did not 
seem to have a major impact on performance. The results indicated the robustness of the 
deep learning system for potential applications in different clinical settings and beyond 
the primary intention of development.
 The study found that the partnership between dosimetrist and AI facilitated the 
generation of highly accurate heart segmentations in a significantly shorter time and 
with a significantly higher concordance compared to the current clinical standard in a 
high resource medical center. At the same time, no differences in accuracy were observed. 
This is of considerable importance, as it helps to reduce labor-intensive manual work and 
could optimize quality while maintaining similar treatment standards15. These results were 
emphasized in a further assessment of the deep learning system in real-world, clinically-
used data of 5,677 patients with breast cancer. Here, the deep learning system showed a 
robust performance without prior retraining. In addition, it is of particular interest to gain 
a better understanding of failures before the potential implementation of a new deep 
learning system into clinical workflows. In an analysis of outlier cases with a low Dice was 
conducted, finding a significantly higher failure rate in the clinically-used segmentations 
as compared to the deep learning system. This finding indicates that the current error rate 
in daily clinical practice could be significantly reduced by implementing the deep learning 
system for this heart segmentation task in radiotherapy planning.

Future perspective

Deep learning is still a relatively new technology and its application in medical fields to 
date is relatively sparse. Before new methods can be implemented in clinical routines 
several hurdles have to be overcome. One important step is to show the robustness and 
generalizability of these methods by evaluating them in large and diverse test sets, which 
represents a major focus of the presented studies in this thesis. However, clinical cohorts 
are often biased towards specific ethnicities or other anatomical or social characteristics. 
For example, the majority of the individuals included in the datasets used in this thesis 
were predominantly non-Hispanic whites66,56,67,68. Therefore, it is of crucial importance 
to further assess the performance of the presented deep learning systems on racial and 
ethnic diverse populations in future studies69.
 There are also technical challenges that need to be solved in the future. Currently 
available deep learning frameworks are complex and their application is challenging 
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as it requires basic knowledge about software development. Easier to use methods are 
needed to bring deep learning to a broader audience, to further increase the application 
and acceptance of these new methods. The presented studies in this thesis contributed 
to this development by making all code and trained models publicly available. Immediate 
next steps have to focus on reducing hardware requirements for the currently presented 
deep learning methods (e.g., reduce the requirement of 4 GPUs to 1 GPU or even no GPU 
at all) and to containerize the code (e.g., using docker containers with GPU support), 
making it easier to run and apply.
 Another major area that needs improvement in the future is data availability. As 
training deep learning models heavily relies on large amounts of good quality data, the 
access to such data gives research groups an edge over competition. Hence, data has 
become the capital of research groups, and data sharing is rarely seen with publications. 
On the other hand, sharing clinical data is often not possible, due to privacy requirements. 
As deep learning methods are applied in real world clinical routines, would need to reliably 
work in institutions around the world, on data from different machines and created with 
different methods, parameters and settings, large and diverse training cohorts are of 
essence. Here, future collaborations of groups around the world are needed to unite their 
knowledge, data and efforts to improve existing deep learning methods and find new 
solutions for medical problems.
 There are several next steps for the presented studies of this thesis to further improve 
their performance and application. On the one hand, the methods will be used in new 
studies to process large datasets for future research. On the other hand, the presented 
methods will be used in clinical trials, investigating their real world performance and 
clinical impact, and ultimately driving further improvements while accelerating medical 
research and clinical treatment.

Conclusion

In this thesis, several novel deep learning approaches for medical applications were 
presented and rigorously tested in large, distinctive, and independent datasets to show 
their robustness and generalizability. The presented studies illustrated the predictive 
value of deep learning based risk predictions, highlighted the benefit of deep learning 
in clinical studies, and demonstrated that expert knowledge encapsulated in a deep 
learning system can be disseminated across medical domains and institutes.
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Summary

Deep learning for medical applications has made huge progress in recent years, benefitting 
from technical advances of computational systems and the availability of large clinical 
data sets. It has shown great performance, matching and even outperforming human 
abilities in several areas. Deep learning is especially well suited for image processing tasks, 
making it ideal for medical imaging applications, e.g. in radiology or radiation oncology. 
After great successes of deep learning in early proof of concept studies, the research has 
shifted towards real world applications. In the near future, deep learning is believed to 
be able to accelerate labor-intensive manual tasks, assist and guide human experts in 
decision making tasks, or monitor human work and provide quality control in high risk 
tasks.
 The focus of the first study was to develop a deep learning system to automatically 
segment coronary calcium in chest CT scans and calculate a cardiac risk score. Assessments 
in large and diverse test cohorts from distinct clinical trials showed that the automatically 
calculated risk score was a strong predictor for future cardiac events and matched 
human derived scores. The large test set size of over 20,000 samples showed the great 
generalizability and robust performance of the presented system and with a processing 
time of under two seconds per scan, highlighted the high throughput of the system, 
utilizing state of the art technology.
 Based on the experience of the first study, a high resolution heart segmentation 
deep learning system was developed. The focus of this study was to implement a robust 
and fast system that is able to segment the heart in cardiac ECG-gated and non-gated 
CTs to provide a research tool for large clinical studies. The presented system proved its 
performance and applicability in a series of studies. Two studies successfully used different 
development versions of this system to assess the associations of whole heart volume 
and epicardial adipose tissue with future cardiac events in almost 4,000 patients of the 
PROMISE trial.
 The last study showed that a deep learning system developed in cardiovascular 
radiology can be applied in radiation oncology to automatically segment the heart in 
radiotherapy planning CTs for breast cancer patients. The system’s performance was first 
tested in a research setting, supporting dosimetrists in their segmentation tasks, where it 
was able to significantly reduce segmentation time and increase inter-reader variability, 
with constant segmentation accuracy. In a consecutive test in real world data including 
over 5,500 clinically accepted and used planning CTs, the deep learning system showed 
high concordance with manual segmentations with significantly lower failure rate.
 Finally, the thesis presents a future perspective of deep learning in general and also 
of further improvements and applications of the presented methods.
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Societal impact and valorizations

In this thesis, state of the art deep learning methods for medical applications were 
thoroughly described. The presented fully automatic CAC score estimation not only has 
the potential to support radiologists in their work to increase treatment efficiency and 
performance but could also be applied to nearly every chest CT scan taken, even if cardiac 
risk assessment is not the primary reason for taking the scan. For example, this system could 
be used to alert radiologists scanning individuals for lung cancer assessment that their 
patient has an increased cardiac risk and trigger a referral to cardiac specialists for follow 
up treatment. The presented whole heart segmentation system has shown to increase 
time efficiency of radiation therapy planning in a clinical workflow while maintaining 
segmentation accuracy and increasing overall segmentation consistency. Furthermore, 
these deep learning systems have shown that they are able to fast and reliably process 
very large cohorts of tens or hundreds of thousands of samples, which human experts 
would simply be unable to handle due to time constraints.
 Although deep learning has shown huge success in several fields, it has yet to prove 
its applicability for real world applications. In recent years the number of deep learning 
based publications has increased dramatically but their lack of large and distinctive test 
cohorts often leaves the question for real world applicability and generalizability open. 
A further problem of medical publications is that training and test cohorts can not, or 
only with great efforts, be shared with the public. Additionally, sharing of trained medical 
models is still rare. In this thesis we focused not only on the development of novel systems 
but also on their real world applicability and their future impact. Therefore, we tested 
them in several large, independent and distinctive clinical cohorts. Furthermore, we made 
our full code and trained models publicly available to enable other research groups not 
only to replicate our results but also to test and apply our methods on data from research 
groups all over the world, which will further assess their applicability and hence, further 
enhance research and medical treatment in this field.
 To share our code and the trained deep learning models we created dedicated 
project pages on the lab webpage at https://aim.hms.harvard.edu. The code is hosted 
and maintained at the open-source development platform www.GitHub.com. With our 
open source contributions we aim to have a positive impact on cardiac research and 
medical treatment. Coronary heart disease is still the most common cause of death in the 
western civilization. Early cardiac risk prediction has shown to be able to prevent future 
cardiac events by suggesting life-style changes. The fast automatic risk prediction makes 
it possible to process every recorded chest CT and assess the cardiac risk of the scanned 
individual. This may significantly increase the number of individuals with cardiac risk 
assessment and help prevent future cardiac events.
 Although coronary artery calcium represents the current Gold standard for 
cardiac risk prediction, further advancements in cardiac risk prediction are still desired. 
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The heart size as well as the amount of fat within the heart are two measures with the 
potential to further increase the performance of cardiac risk prediction. A fully automatic 
implementation and application on every recorded chest CT can decrease the number of 
future cardiac events.
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