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Cardiovascular diseases (CVDs) are a large contributor to the global mortality rate. 
A total of 17.9 million people die from CVDs every year, which accounts for 31% of 
all global deaths (1). This is expected to increase in the upcoming years due to the 
aging population and the increased westernization of third world countries. Non-
invasive imaging techniques, such as computed tomography (CT) imaging, have been 
playing a growing role in the risk assessment, diagnosis, and prognosis of CVDs and 
especially in coronary artery disease (CAD). Cardiac CT imaging is being increasingly 
used to visualize CAD along the entire myocardial ischemic cascade from its earliest 
manifestations of vessel wall abnormalities to its final stages of myocardial infarction(2). 
This makes CT the only modality with the potential to image all phases of the ischemic 
cascade within one modality.

One of the first visualizable steps in the ischemic cascade is the development of coronary 
artery calcification which can be easily visualized using CT, even in asymptomatic patients. 
Coronary artery calcium scoring (CACS) serves as a reliable tool for CVD risk assessment 
and to guide follow-up testing (3,4). Traditionally CACS is performed on dedicated ECG-
triggered non-contrast cardiac CT acquisitions. However, with the increased use of CACS 
and the increased numbers of additional CACS acquisition, we also see an emerging role 
of non-contrast non-gated chest CTs and contrast enhanced ECG-triggered coronary 
computed tomographic angiography (CCTA) acquisitions for the analysis of coronary 
calcium. The use of these already clinically accepted acquisitions allows for risk 
assessment without the need for an additional acquisition, thereby reducing radiation 
dose. Artificial Intelligence could aid to reduce the variability and decrease the labor 
intensity of this task. A step further from coronary calcium evaluation is the assessment 
of coronary plaque. CCTA is an established technique to evaluate plaque morphology and 
its application in this context has the potential to reduce unnecessary invasive testing 
and improve outcomes, due to its high negative predictive value and its unique ability 
to rule out obstructive CAD (5). Studies have shown that the addition of morphological 
and functional plaque characteristics, such as plaque burden and composition, can aid 
in the diagnosis and prognostication of CAD patients (6,7). Plaque analysis is currently 
limited by the use of predetermined thresholds, hindering  generalization over different 
scanners and scan protocols and further hindered by not taking into account differences 
in contrast intensity and inter-patient variability.

 Although CCTA has proven its worth in the last decade, the abundant amount of research 
done on CCTA has also confirmed that anatomical evaluation alone is suboptimal for 
the accurate evaluation of CAD (8,9). Hence, this is where the functional evaluation of 
CAD comes into play. Simultaneous anatomical and functional assessment of CAD is 
not a new idea but has been around since the emersion of electron beam CT imaging 
over 30 years ago. However, in recent years the emphasis has been on the anatomical 
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part, focusing research efforts on the optimization of the CCTA technology. More 
recently, the focus has been shifting back to the functional part of the CAD equation 
to compensate for the moderate specificity and positive predictive values of CCTA. 
The functional evaluation of CAD has its origin in two different paths, one originated 
from the cardiology and interventional radiology side and the other from the nuclear 
imaging side (8,9). 

Fractional flow reserve (FFR) has been used to measure the functional consequences 
of specific lesions by measuring a pressure gradient over this lesion, assuming that a 
drop in pressure will result in a corresponding drop in coronary blood flow and thereby 
impair the blood flow to the myocardium (10). This technique has been hindered by 
the high cost and invasiveness of the procedure. More recently, a new approach to 
calculate FFR non-invasively has been developed, CT derived FFR (CT-FFR). With the 
use of computational fluid dynamics and optionally the use of artificial intelligence, 
it is now possible to calculate FFR from regular CCTA images to anatomically and 
functionally evaluate the significance of a lesion (11). Several studies have proved the 
excellent diagnostic accuracy of CT derived CT-FFR with the use of AI, either compared 
to invasive FFR or computation fluid dynamics derived CT-FFR (12–15). The major 
difference between CT-FFR and invasive FFR is the measurement location. Invasive 
FFR is measured over a specific pre-determined stenosis, whereas CT-FFR allows the 
evaluation of CT-FFR values over the entire coronary tree. Although this comes with 
certain disadvantages, the lack of a reference standard at all locations of the coronary 
tree, especially at more distal locations, raises certain questions about how to measure 
CT-FFR in clinical practice (17,18). Being able to distinguish between stenosis specific 
and location dependent decreases in CT-FFR could increase the accuracy of CT-FFR. 
Multiple studies have focused on the diagnostic accuracy of  CT-FFR, however, besides 
aiding in the diagnostic process, CT-FFR could also aid in the prognostication of CAD 
patients. Currently, data on the use of CT-FFR for prognostication purposes is lacking.

The second pathway to combined anatomical and functional analysis is through 
myocardial perfusion imaging (MPI). MPI started as a technique limited to the molecular 
imaging techniques such as SPECT and PET, but has become available for CT as a result 
of technological developments. CT-MPI is a technique which allows for the absolute 
quantification of myocardial blood flow, directly calculated from the myocardium. 
Absolute quantification of myocardial perfusion is able to not only quantify lesion 
specific ischemia but it is also able to identify global ischemia and microvascular 
abnormalities, in contrast to MPI using other modalities (19,20). Traditionally, CT-MPI 
was limited by the low temporal resolution and high radiation dose of CT systems, 
however, on current high-end systems CT-MPI is now possible at equal or even lower 
radiation doses than the nuclear equivalent. 

chapter 1: general introduction and outline of this thesis 1
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Inherent to the limited number of acquisitions possible due to radiation dose and 
the influence of cardiac motion on image quality, CT-MPI acquisitions are made at a 
specific predetermined time of the cardiac cycle. This is in contrast with the coronary 
flow, leading to perfusion of the myocardial muscle, which fluctuates in unison with 
this cardiac cycle. In contrast to most other tissues, blood flow through the coronary 
arteries reaches its peak during ventricular diastole. This seemingly paradoxical pattern 
is caused by the contraction of the ventricular myocardium during systole which 
compresses the subendocardial coronary vessels. The intricate relationship between 
the cardiac cycle and the corresponding coronary blood flow pattern makes it very 
difficult for MPI techniques, using only a limited number of acquisitions to capture 
the perfusion phase. It should be kept in mind that, although it is called myocardial 
perfusion imaging, it is likely that not only the perfusion phase is imaged but also the 
arterial and venous filling phase.

One of the issues with CT-MPI being used in a clinical setting is the wide variety of 
protocols, systems, and models used resulting in a wide range of absolute myocardial 
blood flow (MBF) values with corresponding ranges of threshold values (21–23). 
Another issue encountered when comparing CT-MPI to perfusion imaging with 
other modalities is the significantly lower MBF values measured with CT-MPI (24). 
One of the major limitations of CT-MPI is the radiation dose given at each time-point 
acquisition. Because of the additional radiation dose given with each time-point, CT-
MPI is currently limited to only several time-points and thus the timing of the dynamic 
acquisitions becomes crucial, causing the critical points of the inflow and outflow 
process to be easily missed. Currently, the mathematical models used to calculate MBF 
are directly extracted from MRI perfusion studies and an optimal model for CT-MPI 
has yet to be determined. One of the main differences in contrast kinetics between 
CT and MRI is the fact that the contrast medium used for MRI fractionally diffuses 
into the interstitial space after the first pass, in contrast to iodine, which shows higher 
percentages of recirculation. Temporal sampling rate, which is less of an issue in MRI 
due to the lack of radiation, and the choice of mathematical model, could influence the 
accuracy of absolute perfusion quantification (24,25). 

Although both CT-FFR and CT-MPI focus on the functional analysis of CAD, they 
visualize different processes. While CT-FFR looks at stenosis specific coronary flow 
changes, CT-MPI focuses on overall changes to the myocardial perfusion. CT-FRR 
could play a role in indicating which coronary artery and which stenosis should be 
targeted by therapy while CT-MPI could additionally detect perfusion defects as a 
result of non-stenosis specific causes such as microvascular diseases. Several studies 
have compared the diagnostic accuracy of these two emerging technologies, indicating 
that both technologies should be used in a complementary fashion (26,27). The direct 
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relationship between the two, thus far, remains unclear. CT-FFR and CT-MPI can not 
only be used for diagnostic purposes but could also play a role in the prognostication 
of CAD patients. However, a combined approach with prognostication as a main goal 
has yet to be investigated.

With the technological developments making CT-MPI possible came the development 
of dual energy CT (DECT) systems. DECT uses two different independent energy 
levels, making optimal use of different spectra at different energy levels. Whereas 
single-energy only provides morphological information based on the HU values, 
DECT provides additional functional and material specific information. Technological 
advances to the current high-end CT systems allow DECT acquisition at radiation doses 
similar to those of single energy CT and significantly improves the temporal resolution.  
One of the major clinical applications of cardiac DECT resides in the quantification of 
iodine content in the myocardium, indirectly visualizing myocardial perfusion (28,29). 
This brings us to the next and final step in the ischemic cascade, myocardial infarction. 
With the use of DECT, it is possible to perform tissue characterization by analyzing the 
iodine content at different acquisitions such as rest, stress, and delayed enhancement 
acquisitions. This not only allows for the identification of ischemia and infarction but 
also offers possibilities for the evaluation of extracellular volume, both are processes 
which were traditionally assessed using cardiac MRI.

Besides technological advancement in the field of medical imaging, another major 
innovator rapidly changing the field of (cardiac) imaging is artificial intelligence (AI). 
Medicine is one of the more recent scientific fields to experience the massive influx of 
machine learning applications. Not entirely beyond expectation, radiology, in which 
pattern recognition plays a major role, is at the heart of AI developments in medicine 
(30–32). AI in cardiac CT imaging has the potential to assist with the evaluation of 
the increasing amounts of data while decreasing the variability, time to diagnosis and 
treatment, and hospital costs. 

Although giant strides have been made in recent years in the field of quantitative 
cardiac CT imaging, many questions still remain: how to optimize CACS, CT-FFR, 
and CT-MPI techniques in clinical practice, how do CT-FFR and CT-MPI relate to each 
other, and how can DECT be used to optimize tissue characterization using CT? An 
important question covering all of these new technologies is how can AI play a role in 
any of these processes? 

chapter 1: general introduction and outline of this thesis 1
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OUTLINE OF THIS THESIS

In light of the aforementioned developments, this thesis will focus on evaluation of 
these new CT technologies for the quantitative analysis of CAD at different phases 
of the ischemic cascade for the risk assessment, diagnosis, and prognostication of 
patients with CAD. It is divided into several parts, each committed to a specific part of 
the evaluation of CAD, from anatomical to functional evaluation describing different 
technologies used for these purposes.

Part I of the thesis will focus on coronary plaque and vessel wall analysis. In Chapter 
2, an overview of artificial intelligence techniques and their applications is given. 
Chapter 3 will continue on one of those applications, namely AI based calcium scoring 
on dedicated ECG-triggered cardiac non-contrast CT acquisitions. Besides using 
dedicated scans, non-ECG –triggered scans could be used for calcium scoring, which 
is of specific interest with the growing amount of chest CT scans performed for lung 
cancer screening.  The last chapter of Part I, Chapter 4, will focus on a model based 
algorithm for plaque characterization used for MACE prognostication.

Subsequently, Part II of this thesis will focus on the next step in the ischemic cascade, 
coronary flow analysis. In Chapter 5, AI computed CT-FFR in negative patients is 
explored, with the emphasis of the course of CT-FFR values throughout the coronary 
tree in relationship to lumen area and HU values. This chapter will give insights into 
the use of CT-FFR in clinical practice, especially when CT-FFR is given for the entire 
coronary tree instead of a single location corresponding to invasive FFR. It is assumed 
that an impaired coronary flow will lead to impairment in myocardial perfusion, 
however, although there is an indirect correlation, the relationship between these two 
parameters remains unclear.  Chapter 6 and 7 will evaluate the relationship between 
coronary flow and myocardial perfusion, either to each other or for the prognostication 
of MACE.

This will take us to Part III of this thesis, which will address some of the fundamental 
basics of myocardial perfusion analysis. Chapter 8 serves as an overview of current 
evidence of dynamic CT perfusion studies and CT perfusion protocols and technology. 
In Chapters 9 and 10, two fundamental technological components of dynamic CT 
perfusion will be addressed; the temporal sampling rate and the computational model 
used to calculate myocardial blood flow.  The use of Regadenoson as a stressor agent 
instead of Adenosine with SPECT perfusion as a reference standard will be investigated 
in Chapter 11.
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Impairments of myocardial perfusion will inevitably, without intervention, lead to 
myocardial damage. Part IV will focus on different techniques to measure and analyze 
myocardial fibrosis, either in infarcted tissue or in cardiomyopathies. Chapter 12 will 
focus on rest/stress DECT perfusion imaging and the use of iodine quantification to 
identify ischemia or infarcted myocardium, while Chapter 13 is a feasibility study on 
the use of DECT to calculate ECV, which in turn can be used to assess myocardial 
fibrosis in e.g. patients with cardiomyopathies. 

Finally, in Chapter 14, the main results from all chapters will be put into perspective in 
a general discussion. Recommendations and proposals for further studies will be given 
in this last chapter.

chapter 1: general introduction and outline of this thesis 1
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ABSTRACT

Propelled by the synergy of the groundbreaking advancements in the ability to analyze 
high-dimensional datasets and the increasing availability of imaging and clinical data, 
machine learning (ML) is poised to transform the practice of cardiovascular medicine. 
Owing to the growing body of literature validating both the diagnostic performance 
as well as the prognostic implications of anatomic and physiologic findings, coronary 
computed tomography angiography (CCTA) is now a well-established non-invasive 
modality for the assessment of cardiovascular disease. ML has been increasingly 
utilized to optimize performance as well as extract data from CCTA as well as non-
contrast enhanced cardiac CT scans. The purpose of this review is to describe the 
contemporary state of ML based algorithms applied to cardiac CT, as well as to provide 
clinicians with an understanding of its benefits and associated limitations.  
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INTRODUCTION

The term “machine learning” defines computer-based algorithms that can effectively 
learn from data to make predictions on future observations, without being explicitly 
programmed for a specific task or following pre-specified rules. In this era of “big data”, 
the ability to analyze large datasets and the element of “learning from experience” 
using data in lieu of a defined rule-based system is making these machine learning 
(ML) algorithms increasingly useful and popular in various domains. Integration of 
ML-based predictive analytics within clinical imaging is a natural order of progression 
wherein developments in cardiovascular imaging now provide high-fidelity datasets 
that possess more data than those acquired from prior generation scanners. The 
amalgamation of ML-based algorithms with clinical imaging holds the promise to 
automate redundant tasks and improve disease diagnoses and prognostication, as well 
as offer the potential to provide new insights into novel biomarkers associated with 
specific disease processes. 

Cardiovascular disease (CVD) is the leading cause of death with a worldwide 
estimated mortality rate of 31% in 2015 (1). For assessment of cardiovascular health, 
cardiac computed tomography angiography (CCTA) is a well-established non-invasive 
modality. The increasing integration of CCTA in clinical practice can be attributed 
to a growing body of evidence validating both its efficacy and effectiveness in the 
assessment and support of decisions related to diagnosis and treatment of coronary 
artery disease (CAD). In particular, CCTA’s diagnostic performance demonstrates 
a pooled sensitivity and specificity of 98% and 89%, respectively, with a negative 
predictive value approximating 100%; thus indicating that CCTA can safely exclude 
obstructive CAD (2). Consequently, CCTA has been successfully implemented in the 
noninvasive diagnostic workup of patients with suspected CAD in multiple clinical 
settings (3,4). 

Non-contrast coronary artery calcium (CAC) scoring by CT is another method for 
determining the presence and extent of atherosclerotic cardiovascular disease. CAC has 
proven to be a robust parameter for cardiovascular risk assessment in landmark trials 
and as such societal guidelines recommend CAC scoring in asymptomatic patients at 
low to intermediate risk (5–8). In contrast to CAC, CCTA enables description of the 
entire atherosclerotic plaque phenotype, including for different types of non-calcified 
plaque, such as necrotic core, fibro-fatty and fibrous plaque. Recent technological 
advances also enable extraction of functional information beyond atherosclerotic 
plaque characterization provided with CCTA. For instance, CT-myocardial perfusion 
techniques and non-invasive CT-based fractional flow computed (CT-FFR) have been 
compared with traditional functional imaging techniques such as cardiac magnetic 
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resonance (CMR) imaging, single photon emission tomography (SPECT), and invasively 
FFR, illustrating its ability to detect flow-limiting CAD (9–16). In this regard, cardiac 
CT enables a non-invasive approach to comprehensive evaluation of CAD—from 
anatomical characterization of atherosclerotic plaque to functional characterization 
of coronary lesions.

Consequently, the role of cardiac CT imaging in clinical practice is expected to 
continue to grow following these impressive technological advancements, and current 
professional societal guidance documents support for CT as a first-line test for patients 
with suspected CAD (17,18). In only the past year, strong interest has arisen within 
the cardiovascular imaging community to couple the increasing imaging and clinical 
data associated with cardiac CT with ML algorithms to determine their potential 
utility for enhanced assessment of CAD. The introduction of these algorithms in the 
clinical workflow hold promise for automating cardiac CT across the gamut of its 
implementation, from optimizing day-to-day workflow to supporting data-informed 
decisions (Figure 1). In this manuscript, we review the current literature on the role of 
cardiac CT and application of ML-based approaches in CAD. 

Figure 1: A graphical comparison between the workflow of the traditional and machine learning-
based approach for disease diagnosis. The introduction of artificial intelligence-based models 
could improve diagnostic accuracy and help automate redundant tasks associated with radiologic 
image interpretation. 
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Figure 2: Hierarchy and subfields of artificial intelligence.

An overview of Machine Learning (ML)
ML is a subfield of artificial intelligence (AI) with a primary focus on developing 
predictive algorithms through unbiased identification of patterns within large datasets 
and without being explicitly programmed for a particular task. Figure 2 shows the 
hierarchy and subfields of artificial intelligence. Based on the task, ML models can be 
broadly categorized as (19): 
A. Supervised learning: For supervised learning-based tasks, the model is presented 

with a labeled dataset also known as feature vectors (i.e. the dataset that contains 
the examples of observations), as well as their corresponding expected output 
labels. The goal of such models is to generate an inferred function that maps the 
feature vectors to the output labels. Some of the most notable supervised learning-
based approaches are Support Vector Machines, Linear Regression, Random Forest, 
Decision Trees, and Convolutional Neural Networks.

B. Unsupervised learning: For unsupervised learning, the dataset does not contain 
information about the output labels. Instead, the goal of these models is to derive 
the relationship between the observations and/or reveal the latent variables. Some 
of the most notable unsupervised learning-based approaches are k-means, Self-
Organizing Maps, and Generalized Adversarial Networks (GANs).

Traditional ML-based approaches typically require feature extraction to select relevant 
representation of features before a model for the specific task can be developed, such 
as Support Vector Machines, Logistic Regression etc. Selecting features is at the heart 
of developing better models since they directly influence their performance. However, 
sometimes the relationship between the combinations of the features might be highly 
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multi-dimensional, non-linear, and/or difficult to comprehend in its entirety. This 
limits the performance and application of these models.  

Recently, methods based upon deep learning, a subfield of ML, have gained much 
attention owing to the ability of these model architectures to extract features and predict 
an outcome using raw data. Neural networks (NN) and in particular convolutional neural 
networks (CNN), a type of deep learning model architecture, are specifically suited for 
image analysis. NN are inspired by biological neural networks. They are able to model 
complex relationships between input, output, and pattern recognition, rendering it both 
germane and useful for image analytics. While these model architectures have been 
around since the early 20th century, their modern-day resurgence is mostly attributed 
to the development of LeNet for optical character recognition and then AlexNet in 2012 
that won the ImageNet challenge by a large margin (20). The evidence supporting the 
strength of CNN for image-related tasks kicked off a new era for computer vision that 
continues to have a positive impact on every aspect of our daily lives.  

As an example, deep learning for image analysis has shown great potential and lends itself 
to implementation in large-scale commercial application. This potential has attracted 
the financial interest of many private companies that are seeking to implement ML 
based image analysis into proprietary software. Examples of CNN implementations are 
traffic sign recognition, vehicle classification, and face recognition (21–23). CNNs also 
are playing an increasingly large role in medical image analysis. In particular, image 
segmentation is a field of interest that can be applied to the precise isolation of organs 
on images—including lungs, brain, bones—as well as pathologic abnormalities within 
them, such as tumors (24–29). Beyond segmentation alone, ML based classification 
algorithms are also being applied in medical image analysis. Some examples of this 
application include the identification, detection, and diagnosis of tumors in different 
parts of the body such as breast, lung, brain and colon cancer and (early) diagnosis of 
Alzheimer’s disease (30–34). 

One very interesting potential application of deep learning-based models is to expand 
the potential of extracting more knowledge from radiological imaging datasets. This 
high-throughput extraction of imaging features and the use of this information for 
precision medicine is known as radiomics. Radiomics based analysis can use the full 
scale of the imaging knowledge derived from multiple patients imaged at different time 
points by treating the images as data points. This analysis may be synergistic with 
other genomics, proteomics, and other clinical findings that may improve decision 
making and provide individualized therapies (35–37).  This application of deep 
learning algorithms to medical images should be considered decidedly nascent in its 
development, and there is still a need for establishing standardized evaluation and 
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reporting guidelines for radiomics. Nevertheless, ML-based algorithms are gradually 
integrating into clinical practice, including radiologic image interpretation, and an 
understanding of the evaluation metrics is of paramount importance. 

Performance metrics
The effectiveness of a ML model is fundamentally dependent upon the choice of the 
performance metric. There exist different performance metrics for different ML tasks 
such as classification, regression etc. Classification is a task of predicting discrete 
prediction labels (class) given an input data. Classification tasks can be either binary-
class (two labels) or multi-class (more than two labels) and the performance metrics 
for a binary class can be extended to a multi-class task. Typically, in a classification 
problem, the same performance metric is applied both during the training phase and 
the testing phase. The performance metric in the training phase is generally used 
to optimize the classifier (classification algorithm) for an accurate prediction of the 
future observations. However, in the testing phase, the performance metric is used 
as a measure of the effectiveness of classifier when tested on unseen test data. The 
commonly used classification metrics are described below:
1. Accuracy: Accuracy is one of the most widely used performance metrics in ML 

applications.  It is defined as the proportion of correct predictions the classifier makes 
relative to the total size of the dataset. Additionally, error rate (misclassification 
rate) is a complementary metric of accuracy that evaluates the classifier by its 
percentage of incorrect predictions relative to the size of the dataset. 

2. Confusion matrix: Although accuracy is a straightforward metric, it makes no 
distinction between the classes, i.e., in a binary class problem the correct predictions 
for both the classes are treated equally. Thus, in the case of unbalanced datasets, 
relying solely on accuracy could be misleading. For example, for the task of binary 
classification, with the ratio of the number of samples for the two classes as 9:1, even 
if a classifier is biased (overfitted) towards the class with larger number samples, 
it will still have an accuracy of 90% even if it wrongly predicts all the samples 
of the other class. A confusion matrix (or confusion table) addresses this issue 
by displaying a more detailed breakdown of correct and incorrect classifications 
for each class. It is a two by two table that contains four outcomes produced by a 
binary classifier. The rows of the matrix correspond to ground truth labels, and the 
columns represent the prediction. Moreover, various other measures like error-rate, 
accuracy, specificity, sensitivity, and precision can be derived from the confusion 
matrix.

3. Log-Loss: Logarithmic loss (Log-loss) is a performance metric that is applicable 
when the output of a classifier is a numeric probability instead of class labels. 
Log-loss is the cross-entropy between the distribution of the true labels and the 
predictions. Entropy is a measure of unpredictability. Cross-entropy incorporates 
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the entropy of the true distribution with the additional unpredictability when 
one assumes a different distribution than the true distribution. Thus, log-loss can 
also be interpreted as an information-theory based measure to gauge the “extra 
noise” that comes from using a predictor as opposed to the true labels. Hence, by 
minimizing the cross entropy, one maximizes the accuracy of the classifier.

4. AUC: The area under the Receiver operating curve (AUC-ROC) shows the sensitivity 
of the classifier by plotting the rate of true positives to the rate of false positives. 
It shows how many correct positive classifications can be gained as one allows for 
more and more false positives. The perfect classifier that makes no mistakes would 
hit a true positive rate of 100% immediately, without incurring any false positives—
this almost never happens in practice.

5. Precision and recall: Precision is the fraction of examples predicted as positive that 
are positive. Recall is the fraction of the true positives that are predicted as positives. 
These measures are trivially maximized by not predicting anything, or predicting 
everything, respectively, as positive.

6.	 DICE	Coefficient: This coefficient measures the degree of similarity between two 
sets. It is typically used for evaluating the tasks of image segmentation. It is a pixel-
wise measure of the degree of similarity between the predicted mask and the labeled 
ground truth. Mathematically it is represented as follows
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For a regression task, the model learns to predict numeric scores. The most commonly 
used metric for regression tasks is root-mean-square-error (RMSE) which is defined as 
the square root of the average squared distance between the actual and predicted score. 
RMSE is the most common metric for regression, but since it is based on an average it 
is always sensitive to large outliers. Thus, if the regressor performs badly on a single 
data point, the average error could be very big.  In such situations, however, quartiles 
are much more robust as they are not affected at all by the outliers. Median absolute 
percentage error (MAPE) is one such metric that is a relative measure of error. These 
metrics (or similar) are typically found in studies reporting ML based analysis. In the 
following section, we will discuss the present applications of ML in cardiac CT imaging 
(See Table 1). 
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APPLICATIONS OF ML FOR CARDIAC CT IMAGING ANALYSIS

Automation of coronary artery calcium score measurement
Coronary artery calcium (CAC) scoring is an independent measure as well as a strong 
risk predictor of adverse cardiac events and mortality (38–43). The amount of CAC in a 
particular individual can be quantified using the Agatston scoring method, applied to 
low dose ECG-gated coronary computed tomography (CT) images. The CAC Agatston 
score increases when either the calcification volume or density increases (44). CAC score 
has demonstrated strong predictive value for the occurrence of future cardiovascular 
events, independent from traditional cardiovascular risk factors (45). In addition, 
a CAC score of 0 is associated with excellent outcomes at very long-term follow up 
(46). Especially among patients at intermediate cardiovascular risk, the CAC score 
significantly improves risk stratification and is generally used to tailor medical therapy 
(45). Based on the CAC scores, patients are assigned to different cardiovascular risk 
categories and corresponding treatment plans (42,43,47). Measurement of CAC score 
requires manual placement of regions of interest around all coronary plaques, for every 
CT slice that covers the coronary vasculature. Manual CAC score measurement is time-
consuming, especially when artifacts, image noise, and numerous calcifications are 
present. Further, this process is often sensitive to interrater variability due to required, 
time-consuming manual adjustments. Furthermore, separating coronary calcium from 
adjacent calcified structures (for instance mitral annular calcification and calcification 
in the left circumflex coronary artery (LCx)) can be challenging when using non-
contrast enhanced CT images. In this regard, an automated CAC quantification would 
be valuable, especially in a large volume screening settings. Using ML to fully automate 
this task may reduce the time and variability of the process, ultimately improving the 
clinical workflow and accuracy.

The feasibility of a supervised ML approach to automatically identify and quantify 
coronary calcifications was demonstrated by Wolterink et al. using 914 scans (48). 
Patient-specific centerlines of the three coronary arteries were estimated using 10 
manually annotated contrast-enhanced CT as the gold standard. Subsequently, 
‘candidate’ calcifications were created based on size, shape, intensity and location 
characteristics. For instance, candidate calcifications were defined to be between 1.5 
and 1500 mm3. Finally, a classification algorithm allocated candidate calcifications to 
the specific coronary artery. Lesions that could not be classified with high certainty 
were presented for expert review. High intra-class correlation coefficients were 
achieved between expert assessment of CAC volume and the automatic algorithm: 0.95 
for all coronary arteries and 0.98, 0.69 and 0.95 for left anterior descending (LAD), 
LCx and right coronary artery (RCA) respectively. Išgum et al. showed an automated 
method for coronary calcium detection for the automated risk assessment of CAD on 
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non-contrast, ECG-gated CT scans of the heart. They reported a detection rate of 73.8% 
of coronary calcification. After a calcium score was calculated, 93.4% of patients were 
classified into the correct risk category (40). In another study, they also used ML to 
measure aortic calcification (compared versus manual assessment) and reported a very 
high correlation coefficient of 0.960, which was similar to the correlation between two 
expert observers (R = 0.961) (49). Brunner at al. used a coronary artery region (CAR) 
model for the detection of CAC, which automatically identifies coronary artery zones 
and sections (50). The proposed CAR models detected CAC with a sensitivity, specificity, 
and accuracy of 86%, 94%, and 85%, respectively, compared to manual detection.

Although previous studies used dedicated calcium scoring scans, calculation of 
CACS has proven to be feasible in non-cardiac scans as well, e.g. non-gated chest CT 
acquisitions. One example by Takx et al. applied a machine learning approach that 
identified coronary calcifications and calculated the Agatston score using a supervised 
pattern recognition system with k-nearest neighbor and support vector machine 
classifiers in low-dose, non-contrast enhanced, non-ECG-gated chest CT within a lung 
cancer screening setting (51). In this study, the authors demonstrated the ability of 
ML to quantify CAC from lower quality images than a dedicated CAC score scan. For 
instance, among 1793 chest CT scans, the median difference between expert assessment 
and the automated CAC measurement was 2.5 (interquartile range (IQR): 0-53.2) for 
Agatston CAC score and 7.6 (IQR: 0-94.4) for CAC volume. When dividing the CAC 
score into conventional risk groups (0, 1-10, 11-100, 101-400 and >400) the proportion of 
agreement was 79.2%. They found that the fully automated CAC scoring was feasible 
with acceptable reliability and agreement; however, the amount of calcium was 
underestimated when compared to reference scores determined from dedicated CAC 
score acquisitions (51).

Several studies have demonstrated the feasibility of detecting calcification on CCTA 
acquisitions (52,53). The use of CCTA images could eliminate the need for a dedicated 
non-contrast scan, thereby reducing radiation dose. For example, Mittal et al. detected 
calcified plaques on CCTA images using two combined supervised learning classifiers, 
a probabilistic boosting tree, and random forest. They reported a true detection rate 
of calcium volume of 70% with a 0.1 false positive detection per scan, and 81% with a 
0.3 false positive detection per scan. However, they only performed calcium detection 
in the main coronary vessels, not taking into account any side branches (54). Using 
a combination of contrast-enhanced and non-contrast images, Yang et al. were able 
to detect CAC with a sensitivity of 99%. The contrast-enhanced scans were used to 
determine the region of interest for the support vector machine in the detection of 
calcification on the non-contrast images, thereby excluding calcifications from the 
surrounding areas (55). Utilizing CCTA images only, Wolterink et al. showed that 
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coronary calcium can be automatically identified with accuracy and quantified using 
a ML approach with paired convolutional neural networks (56). Excellent agreement 
was achieved between CCTA and non-contrast enhanced acquisitions; 83% of patients 
were assigned to the correct risk category. Analysis of CAC scores performed on non-
contrast acquisitions and CCTA images showed similar detection rates and sensitivity; 
however, the wide range of accuracy parameters makes direct comparison difficult.

Miscellaneous applications
Beyond simple coronary calcium scoring, recent investigations have attempted to 
evaluate the feasibility of deriving additional coronary artery disease measures from 
non-contrast CT. As an example, Mannil et al., in a proof-of-concept retrospective 
study, combined texture analysis and ML to detect myocardial infarction (MI) on non-
contrast enhanced low dose cardiac CT images (60). The study included a total of 87 
patients, of which 27 patients had acute MI, 30 patients had chronic MI and 30 patients 
had no cardiac abnormality (controls). A total of 308 texture analysis (TA) features 
were extracted for each free-hand region of interest (ROI). Feature selection was 
performed on all the TA features using intra-class correlation coefficient (ICC). Texture 
features were classified using 6 different classifiers in two approaches: (i) Multi-class 
model (I): acute MI vs. chronic MI vs. controls and (ii) Binary class model (II): cases 
(acute and chronic) vs. controls. This proof-of-concept study indicates that certain TA 
features combined with ML algorithms enable the differentiation between controls and 
patients with acute or chronic MI on non-contrast-enhanced low radiation dose cardiac 
CT images.

Quantification of epicardial and thoracic adipose tissue
The amount of fat surrounding the heart has been proven to correlate with an 
increased cardiovascular risk (66). An automated approach for the quantification of 
epicardial fat could help assess cardiovascular risk while reducing the time of manual 
measurements, thereby increasing the clinical applicability. Rodrigues et al. proposed a 
methodology in which features related to pixels and their surrounding area is extracted 
from standard CAC scoring acquisitions, and a data mining classification algorithm 
is applied to segment the different fat types. In this study, the mean accuracy for the 
epicardial and mediastinal fat was 98.4%, with a mean true positive rate of 96.2% and 
a DICE similarity index of 96.8% (67). In a previous publication, several classification 
algorithms, including NN, probabilistic models, and decision tree algorithms, were 
evaluated for automated fat quantification. They found that decision tree algorithms 
provided much better performance over NN, function-based classification algorithms 
and probabilistic models with a DICE similarity index equal to 97.7% (68). 
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Similar results were reported for a different method using a CNN approach for fully 
automated quantification of epicardial and thoracic fat volumes from non-contract CT 
acquisitions. Strong agreement between automatic and expert manual quantification 
was shown for both epicardial and thoracic fat volumes with a DICE similarity index of 
82% and 91%, respectively; along with excellent correlations of 0.924 and 0.945 to the 
manual measurements for epicardial and thoracic fat volumes (65).

In another study, Otaki et al. combined clinical and imaging data to explore the 
relationship between epicardial fat volume (EFV) from non-contrast CT and impaired 
myocardial blood flow reserve (MFR) from PET imaging (58). The study population 
comprised of 85 consecutive patients without a previous history of CAD who underwent 
rest-stress Rb-82 positron emission tomography (PET) and subsequently referred 
to invasive coronary angiography (ICA). A boosted-ensemble algorithm was used to 
develop a ML based composite risk score that encompassed variables like age, gender, 
cardiovascular risk factors, hypercholesterolemia, family history, CAC score, and EFV 
indexed to body surface area to predict impaired global MFR by PET. In the evaluated 
risk factors, using multivariate logistic regression, the authors’ report that only EFV 
indexed to body surface was shown to be an independent predictor of impaired MFR. The 
ML based composite risk score was found to significantly improve risk reclassification 
(AUC = 0.73) of impaired MFR when compared to multivariate logistical regression 
analysis of risk factors (AUC = 0.67 for EFV, 0.66 for CAC score). This study thus showed 
that a combination of risk factors and non-invasive CT-based measures including EFV 
could be used to predict impaired MFR by PET.

In summary, for non-contrast CT, ML approaches for detection and quantification 
of CAC scores have been thoroughly investigated. Given the prognostic value of the 
CAC score, accurate identification of coronary calcification from gated and non-gated 
chest CT (not specifically performed to assess coronary calcium) is important (6). 
Additionally, accurate epicardial fat quantification is achievable and could represent 
a new quantitative parameter that can potentially be implemented in patient risk 
assessment, similar to CAC score. Automated ML can maximize information extraction 
from chest CT scans and may eventually improve cardiovascular risk assessment and 
subsequently patient’s outcome.

Coronary Computed Tomographic Angiography (CCTA)
Often obtained in tandem with the CAC score, CCTA has been established as a reliable 
imaging modality in patients with stable or atypical symptoms requiring noninvasive 
assessment of the coronary arteries (10,69,70). CCTA allows direct evaluation of the 
entire coronary artery tree for the presence, distribution, and extent of atherosclerotic 
plaque. Finer atherosclerotic plaque analyses have expanded to include atherosclerotic 
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plaque characterization, ranging from the determination of calcification extent (i.e. 
presence of non-calcified (NCP), partially calcified (PCP) or calcified plaque (CP)) to 
the presence of CCTA-features that have been associated with the presence of high-
risk plaque (i.e. napkin ring sign, low attenuation plaque, spotty calcification and 
positive remodeling) (71–73). However, such measurements require subjective visual 
interpretation of images and are thus subject to high inter-observer variability and a 
high rate of false-positive findings, which can lead to unnecessary downstream testing 
and increased overall costs (74). 

As such, ML has been extensively used for the optimization of information extraction 
from CCTA, specifically to generate algorithms that can perform plaque analyses in an 
automated, accurate, and objective manner. Utilizing a two-step ML algorithm which 
incorporated support vector machine, Kang and colleagues were able to automatically 
detect non-obstructive and obstructive CAD on CCTA with an accuracy of 94% and 
an AUC of 0.94 (75). Utilizing a combined segmentation-classification approach, Dey 
et al. developed an automated algorithm (AUTOPLAQ) for the accurate volumetric 
quantification of NCP and CP from CCTA (76). Only requiring as input a region of 
interest in the aorta defining the “normal blood pool”, their software was able to 
automatically extract coronary arteries and generate NCP and CP volumes correlating 
highly with manual measurements obtained from the same images (R = 0.94 and R = 
0.88, respectively). 

Plaque Segmentation for Physiologic Characterization of CAD
Hell et al. utilized AUTOPLAQ to derive the contrast density difference (CDD), 
defined as the maximum percent difference of contrast densities within an individual 
lesion, which they hypothesized could help predict the hemodynamic relevance of a 
given coronary artery lesion (77). They found that CDD was significantly increased 
in hemodynamically relevant lesions (26.0% vs. 16.6%; p = 0.013) and at a threshold 
of ≥ 24% predicted hemodynamically significant lesions with a specificity of 75% and 
negative predictive value of 73%, as compared to invasive FFR. In a multicenter study 
of 254 patients with CCTA, Dey et al. inputted a number of AUTOPLAQ-derived image 
features into a LogitBoost algorithm to generate an integrated ischemia risk score and 
predict the probability of low value by invasive FFR (63). ML exhibited higher AUC 
(0.84) compared with any individual CCTA image measurement, including stenosis 
severity (0.76), low-density NCP (0.77), and total plaque volume (0.74). ML has thus 
demonstrated value in aiding classification of atherosclerotic lesions identified by rapid 
non-invasive CCTA imaging analysis as functionally significant (low invasive FFR). 

Han et al. reported a different ML approach that aimed at improved prediction of ischemia 
through an analysis of CCTA variables integrated with CT Myocardial Perfusion Imaging 
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(CTP) (59). The study population comprised of 252 stable patients with suspected CAD 
from the DeFACTO study, who underwent clinically indicated CCTA and ICA (78). 
Using a previously validated custom software (SmartHeart; Weill Cornell Medicine, 
New York, USA), the myocardium was mapped and subdivided into 17-segment AHA 
model (62,79). A total of 51 features were extracted per heart, with three features for 
each of the 17 segments: normalized perfusion intensity (NPI), transmural perfusion 
intensity ratio (TPI), and myocardial wall thickness (MWT) (59). CCTA-based stenosis 
characterization, location, and quality were combined with perfusion mapping model 
variables to demonstrate ischemia (validated by invasive FFR). The results suggest that 
the addition of CTP data to CCTA stenosis characterization increased the predictive 
ability to detect ischemia over each set of variables alone.

CT-FFR enables the evaluation of the hemodynamic significance of coronary artery 
lesions using a non-invasive approach. There are two main approaches to calculate 
CT-FFR: one uses computational fluid dynamics while the other uses a ML approach 
(14,80,81). The ML approach that has been tested in clinical practice uses a multilayer 
NN, trained to comprehend the relationship between coronary anatomy and coronary 
hemodynamics. The training set for this algorithm consists of a large database 
of synthetically generated coronary trees, and the hemodynamic parameters are 
calculated using computational fluid dynamics. The algorithm uses the learned 
relationship to calculate the ML–based CT-FFR values. In a retrospective analysis, 
Renker et al. evaluated CT-FFR on a per-lesion and per-patient basis, resulting in 
the following outcomes: a sensitivity of 85% and 94%, a specificity of 85% and 84%, 
a positive predictive value of 71% and 71%, and a negative predictive value of 93% and 
97%, respectively, with an AUC of 0.92 (82). Coenen et al. reported similar diagnostic 
performance in two prospective studies with a sensitivity of 82-88%, specificity of 60-
65%, and an accuracy of 70-75% compared to invasive FFR (83,84). Similarly, Yang et 
al. showed per-vessel sensitivity and specificity of 87% and 77%, respectively, with an 
AUC of 0.89(64); and Kruk at al. showed a per vessel AUC of 0.84 with corresponding 
sensitivity and specificity of 76% and 72%, respectively (85).

Coronary Plaque Characterization by Machine Learning and Prognostication of 
Outcomes
ML has also shown promise in its ability to prognosticate cardiovascular outcomes 
with the combination of clinical and imaging data. Hell et. al performed a case-
control study investigating AUTOPLAQ-derived quantitative plaque characteristics 
for the prediction of incident cardiac mortality during a 5-year period following CCTA 
(86). The authors found that higher per-patient NCP, low-density NCP, total plaque 
volumes, and CDD were associated with increased risk of death, even after adjustment 
with segment involvement score (SIS). Motwani et al. recently utilized raw data from 
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the Coronary CT Angiography Evaluation for Clinical Outcomes: An International 
Multicenter (CONFIRM) registry, comprising 10,030 patients with suspected CAD and 
5-year follow-up, to investigate the feasibility and accuracy of ML to predict 5-year 
all-cause mortality (ACM) in patients undergoing CCTA (57). Beginning with more 
than 60 clinical and CCTA parameters available for each patient, the authors utilized 
automated feature selection to ensure only parameters with appreciable information 
gain (information gain > 0) were used for model building. These selected parameters 
were subsequently inputted into an iterative Logit-Boost algorithm to generate a 
regression model capable of calculating a patient’s 5-year risk of ACM. ML exhibited 
higher AUC (0.79) compared with the Framingham Risk Score (0.61) or CCTA severity 
scores alone (segment stenosis score: 0.64, SIS: 0.64, modified Duke Index: 0.62; p < 
0.001) in the prediction of 5-year ACM. This study elegantly captures the power of ML 
to not only analyze vast amounts of data, which easily exceeds the analytic capacity of 
the human brain, but also use this ability to produce clinically meaningful predictive 
models which may outperform those in current use.  

DISCUSSION

Recent Advances in ML Application in Cardiovascular Imaging
ML in medical imaging is considered by many to represent one of the most promising 
areas of research and development (87). There are numerous recent publications 
utilizing ML algorithms that either automate the processes or improve diagnostic 
performance of cardiovascular imaging. The ability of a ML based system to analyze 
high-dimensional raw images and produce valuable clinical information without 
human input holds a tremendous potential in clinical practice. Freiman et al.(61), 
in an attempt to automate coronary measurement using ML, employed an existing 
coronary lumen segmentation algorithm to account for the partial volume effects 
(PVE) in the hemodynamic assessment of coronary stenosis. Lumen segmentation was 
initially automatically evaluated and then corrected by an expert observer. A K-nearest 
neighbor (KNN) algorithm was used for ML based likelihood estimation within a graph 
min-cut framework for coronary artery lumen segmentation. The algorithm was also 
given an additional input in the form of an intensity profile from the PVE evaluation 
using an ML graph min-cut segmentation algorithm. This enhancement of accounting 
for PVE improved the AUC for detection of hemodynamically significant stenosis from 
0.76 to 0.80. However, it should be noted that the improvement in AUC did not reach 
statistical significance (p=0.22). 

part 1: coronary plaque and vessel wall analysis



39

In line with the above, more recently, Yi et al. proposed a sharpness-aware generative 
adversarial network (SAGAN) for low-dose CT de-noising (88). The proposed ML/deep 
learning network is based on the Generative Adversarial network theory proposed by 
Goodfellow et al. where a generative model (G) tries to generate real-world images by 
employing min-max optimization framework and are pitted against a discriminator (D) 
that distinguishes between real and generated images (89) . While utilizing SAGAN, 
the authors used three networks namely the generator (G), the discriminator (D) and 
sharpness detection network (S). The generator (G) utilized a U-net style segmentation 
network, the discriminator differentiated patches in the image rather than the full 
image itself and the sharpness detection network used local binary pattern to quantize 
local sharpness (sharpness loss) in low-contrast regions . The authors report that the 
newly proposed SAGAN network achieves improved performance in the quantitative 
assessment of low-dose CT images. Although ML can be a powerful tool for image 
analysis, it is also subject to some limitations as discussed in the following sections.

Pitfalls / Limitations of ML
The accuracy of ML algorithms is highly dependent on the amount and quality of 
the input data. For example, with a multi-layer approach using many parameters 
for image analysis, CNNs need large amounts of data to make accurate predictions. 
The use of different acquisition protocols for the accurate training of the algorithm 
will also increase the needed number of cases. A second issue that comes into play 
concerns the use of large imaging databases, assuring the quality and consistency 
of the data, and the corresponding output label given as the reference standard. In 
the field of medical imaging, inter and intra rater variability plays an important role 
and can represent a significant source of biases. Thus, to increase the accuracy of ML 
algorithms, there should be a focus on creating a consistent and reliable ground truth 
to train the algorithm to take into consideration different experts’ opinions on what 
constitutes the ground truth. Every algorithm is limited by the quality of the ground 
truth that is being used to train and test the algorithm. This can cause problems for 
accurate training especially when the ground truth is subjective, e.g. expert opinion, 
or is subjective to high interrater variability (90). To mitigate the need for labeling 
a large number of images, some of the new CNN architectures, such as U-Net, have 
been built that train well on a low number of images (91). Figure 3 shows a simplified 
representation of CNN-based architecture for image segmentation. Furthermore, 
another recent deep learning architecture called GANs has recently been proposed to 
mimic the distribution of data (89). These networks are an active area of research and 
in the near future could altogether eliminate the need for manual image annotation. 
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Figure 3: A simplified representation of convolutional neural network-based architecture for 
image segmentation. Typically, these models have three distinct regions: (1) Input layer, (2) 
hidden layer and (3) output layer. This figure shows a representation of the features learned in 
consecutive layers of the model.

Underfitting and Overfitting of ML models
Underfitting is the term used when a ML algorithm is unable to capture the underlying 
trend of the data. In such an instance, the algorithm does not fit the data well and is often 
caused by an excessively simple model. Underfitting usually results in a poor accuracy 
of the model. Poor accuracy is mainly attributed to a small sample size with the model 
incorrectly assuming a relationship among the data; for example, trying to predict a 
linear relationship on non-linear data. In these cases, the model will underestimate the 
complexity of the data and make the wrong prediction, thus decreasing its accuracy. 
Specifically, underfitting can be recognized if the model shows low variance but 
high bias. The methodologies most commonly used to avoid this situation ensure an 
adequate sample size and apply feature selection to reduce the number of features used 
in the model. Figure 4A shows an example of underfitting in a classification problem.

Opposite of underfitting is overfitting. This is a more frequent problem that occurs 
when a ML algorithm captures not only the data but also the noise of the data and 
inaccurate data entries. This often happens on a large dataset with a high number of 
features, resulting in an excessively complicated model. Specifically, overfitting can 
be recognized if the algorithm shows low bias but high variance. Non-parametric and 
non-linear methods are more sensitive to overfitting because of the higher degree of 
freedom they have in constructing the model. Overfitting can be avoided with several 
methodologies; the most commonly used being cross-validation, pruning, early 
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stopping and regularization. Figure 4B, shows an example of overfitting, while Figure 
4C shows appropriate fitting in a classification problem. 

Figure 4. Variance-bias spectrum is machine learning models. (A) An underfitted model that 
weakly captures the dataset characteristics is considered a poorly performing model. (B) An 
overfitted model captures almost all the individual characteristics of the dataset, even the noise. 
An overfitted model is generally not useful as it does not generalize beyond the training data. 
(C) An appropriately fitting model might not correctly classify every single observation due to 
presence of noise in that dataset. However, such models will generalize well to the data beyond 
the training examples.

Interpretability
One of the advantages of ML applications is the ability to assess large amounts of data and 
find patterns that are invisible to the human eye. Herein also lies one of the bottlenecks of 
the implementation of ML algorithms in clinical practice, the so-called black box nature 
of ML algorithms. While ML algorithms are capable of accurately predicting an outcome, 
computers are not able, or not programmed, to logically and comprehensively translate 
the complex and often abstract calculations leading to the prediction back to its user. The 
use of these complex systems makes it difficult to explain the origin and logic behind the 
predictions that are made. The inability to comprehend the logic behind these predictions 
can cause issues for the clinician interpreting and using these predictions in clinical 
practice (92–95). An example in which a ML algorithm gave technically sound results but 
lacked clinical logic is a study investigating the risk prediction in pneumonia patients 
(15,96). The goal of this study was to predict the probability of death for patients with 
pneumonia in order to admit high-risk patients to the hospital, while low-risk patients 
can be treated without hospital admission (15). A multitask NN model was considered the 
most accurate model; however, it predicted that patients with pneumonia and asthma 
have a lower risk of death than patients with pneumonia without asthma. Although this 
result reflected the data accurately, it is a counterintuitive observation. Patients with 
asthma were admitted directly to the intensive care unit (ICU) as a precautious measure, 
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resulting in a lowered risk of dying from pneumonia; where non-asthma patients did 
not receive this precautious measure, thus demonstrating higher mortality. This caused 
the model to train on the effect of the increased intensity of treatment caused by ICU 
admission instead of the presence of asthma (15). When ML algorithm results are applied 
without trying to understand the logic behind the predictions, it can lead to false 
assumptions and poor clinical care. In this regard, it is important to not confuse accuracy 
with competence. A ML algorithm can accurately tell if a CT image depicts the heart, the 
lungs or the abdomen, but algorithms do not have any conception about what a heart or 
lung is. Although they are able to recognize the objects in an image, ML algorithms are 
not able to tell how a heart looks or how it works. ML can use a multitude of features from 
an image to predict the outcomes, but the algorithm has no notion of the actual meaning 
or content of those features. Therefore, the algorithms will not generalize to answer any 
question other than the one they were trained to answer and cannot provide context 
like humans can. The lack of interpretability of ML algorithms makes it difficult to link 
features with physical phenomena. This explains why the developments of current ML 
application in cardiac imaging are mainly focused on supporting human readers rather 
than replacing them. For example, automated CAC scores or left ventricular functional 
analysis using a ML approach holds the promise to significantly reduce the workload and 
time used to read images. These ML approaches are easy to check for outliers and have 
a direct translation to the manual task, leaving the task of interpretation to the assigned 
physician. For more complex analyses performed by ML algorithms which cannot be 
directly checked by a human operator, such as disease outcomes or prognostication, 
the black box conundrum needs to be addressed (97). Towards this, better visualization 
techniques should be used to shed light on the black box conundrum. Informative plots 
such as, t-distributed stochastic neighbor embedding (T-SNE) should be used to show 
the clustering of the data points in a trained model (98,99). Reporting of ML results 
along with these informative plots should become a norm. Similarly, for CNN models, 
reporting the findings with heat maps on the input images could help in delineating the 
inner workings of these algorithms (100)(101).

Conclusion
In summary, ML has been widely applied in cardiovascular imaging in order to improve 
diagnostic performance, for a specific outcome, as well as maximization of gain of new 
information to understand etiology of diseases. ML algorithms have also been employed 
for the detection and quantification of anatomic and physiologic atherosclerotic features 
detected on cardiovascular CT imaging. The continued expansion of ML applications 
coupled with deeper appreciation of its capabilities, as well as limitations, will enable 
healthcare to make the leapfrog into an era of individualized and precise healthcare 
administration. It will also provide the ability to investigate the effect, and prognostic 
significance, of phenotypic features seen on non-invasively acquired imaging studies. 
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ABSTRACT

Objectives: The aim of this study was to evaluate a deep learning-based automated 
coronary artery calcium scoring application for electrocardiogram (ECG)-triggered 
non-contrast cardiac computed tomography (CT).

Background: Coronary artery calcium scores (CACS) are routinely acquired in CT 
examinations of the heart. The measurement of CACS usually requires the manual 
input of a human operator to identify and mark calcified coronary lesions in each image 
section. As this approach is labor-intensive and time-consuming, a more automated 
workflow is desirable to reduce the need for human interaction.

Methods: We analyzed a fully automated calcium scoring application that is composed 
of multiple deep learning models, including voxel segmentation and computing the 
likelihood of a voxel being coronary calcium. The software automatically identifies 
the coronaries and calcified lesions, whereas aortic plaques are excluded from the 
calculations using a model for aorta segmentation. This algorithm was trained on 2000 
annotated ECG-triggered cardiac CT scans. Then, the application was evaluated on 
511 consecutive patients (mean age, 56.4±10.2 years; 211 men) undergoing non-contrast 
cardiac CT. Results were compared to CACS obtained via standard manual assessment 
by independent cardiovascular imagers.

Results: CACS values revealed no significant differences between the automated 
algorithm and the reference standard (P=0.282). CACS using the automated application 
showed an excellent correlation with the reference standard (Pearson, r=0.97). In 
addition, 476 of the 511 patients (93.2%) were classified into the same risk category (0, 
1-10, 11-100, 101-400, or >400) by the deep learning algorithm as by the human observers.

Conclusion: Deep learning-based automated calcium scoring for non-contrast ECG-
triggered cardiac CT shows high accuracy when compared to manually obtained 
reference scores. The use of this fully automated software application may reduce the 
need for human user interaction and interpretation time.
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INTRODUCTION

Coronary artery calcification has been shown to be an independent predictor for 
coronary events (1-5) and is generally recommended for cardiovascular risk assessment 
(6). Therefore, coronary artery calcium scores (CACS) are routinely acquired in 
computed tomography (CT) examinations of the heart and most commonly assessed 
by the method according to Agatston (7). The measurement of CACS usually requires 
the manual input of a human operator to identify and mark calcified coronary lesions 
in each image section. The selected calcified lesions are subsequently quantified by 
calcium scoring software available on a multitude of commercial image processing 
workstations (8). As this approach is labor-intensive and time-consuming, a more 
automated workflow is desirable to reduce the need for human interaction.

Several studies have evaluated (semi)automatic methods for CACS in CT, based on 
standard non-contrast electrocardiogram (ECG)-triggered cardiac calcium scoring 
CT (9-12), contrast-enhanced coronary CT angiography (CCTA) (13-16), and non-ECG-
triggered non contrast chest CT (17,18). Recently, deep learning and artificial intelligence 
(AI) methods have been evaluated in medical imaging for classification, detection, and 
segmentation tasks (19). These algorithms have shown promising results for breast 
cancer detection (20), classification of interstitial lung disease (21), and the calculation 
of CCTA-derived fractional flow reserve (FFR) (22,23), among other applications.

The aim of this study was to evaluate a novel deep learning-based software for 
automated coronary artery calcium scoring in non-contrast ECG-triggered cardiac CT.

METHODS

Patient selection and study design
This single-center, retrospective study was approved by the ethics committee of 
our university hospital and the need for informed consent was waived. A total of 511 
consecutive patients (mean age, 56.4 ± 10.2 years) with clinically indicated coronary 
calcium CT were included in the present study. All CT scans were performed between 
September 2014 and May 2018. The study population consisted of 211 men and 300 
women. The mean body mass index (BMI) was 29.7 ± 8.3 kg/m2 and the mean heart rate 
during CT was 62 ± 14 beats/min. Patient characteristics and cardiac risk factors are 
demonstrated in Table 1.
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Cardiac CT acquisition
All data were acquired on a third-generation dual-source CT scanner (SOMATOM Force, 
Siemens Healthineers, Forchheim, Germany). CACS was performed via a prospectively 
ECG-triggered non-contrast sequential acquisition using the following parameters: 
tube voltage 120 kV, automated tube current modulation (CARE Dose4D, Siemens), 
reference tube current-time product of 80 mAs, collimation: 2×192×0.6 mm, gantry 
rotation time 0.25 sec. Examinations were performed during inspiratory breath hold 
and in the craniocaudal direction. The standard 120 kV scans were reconstructed with a 
routine filtered back projection (WFBP) algorithm, using a medium sharp convolution 
kernel (Qr36), 3.0 mm section thickness, and an increment of 1.5 mm.

Table 1: Patient characteristics

Characteristics Value

Age (years) 56.4 ± 10.2

Male patients 41.3% (211)

Female patients 58.7% (300)

BMI (kg/m2) 29.7 ± 8.3

Cardiac Risk Factors

Hypertension 44.2% (226)

Diabetes mellitus 17.4% (89)

Dyslipidemia 48.1% (246)

Family history of CAD 47.7% (244)

Smoking (current or past) 35.0% (179)

Values are mean ± standard deviation (SD) or percentages with number 
of patients in parenthesis. BMI = body mass index; CAD = coronary artery disease.

Automated calcium scoring technique
Deep learning-based automated calcium analysis was performed using a research 
prototype (Automated CaScoring, Siemens Healthineers), which is currently not 
commercially available. The calcium scoring application depends on multiple 
underlying models for understanding the context of the CT image (Figure 1). First, 
a deep learning model is used to identify and segment the region belonging to the 
pericardium in the entire image to minimize false positive calcium detections from 
other organs. A list of potential calcium candidates is then computed using a threshold 
of 130 HU in this region.
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Figure 1: The automatic calcium scoring model is composed of multiple AI models. First the 
cardiac region is automatically identified, and potential calcium candidates are identified using 
a specific threshold. The calcium likelihood model uses a ResNet architecture for image features, 
as well as a fully connected network for spatial features. Finally, an aortic segmentation model is 
employed to eliminate false positive calcified lesions in the aorta.

Using a database of coronary CTA images with labeled coronaries, a voxel-wise model 
was built to determine the likelihood of each voxel belonging to a coronary artery in 
a patient-specific coordinate system. The calcium scoring model was trained using an 
annotated dataset of 2000 coronary calcium CT scans to determine the probability of 
a voxel being a coronary calcification, given that the local image data and the coronary 
weights for each calcium candidate served as input. Finally, the model predictions are 
post-processed using a separate deep learning model for aorta segmentation to ensure 
that calcium within the aorta is not included in the CACS calculations (Figure 2).

CT data analysis
Standard CACS on non-contrast CT was measured using commercially available software 
(CT CaScoring, Siemens) according to the Agatston convention (7,24). Coronary artery 
calcifications were manually selected in the coronary arteries by subspecialty-trained 
cardiac imagers during clinical routine and served as the reference standard. The same 
datasets were evaluated using the fully automated deep learning-based CACS software. 
The diagnostic accuracy of this application was validated by systematic comparison 
with manually obtained CACS. Based on the resulting Agatston score, patients were 
classified according to their CACS in standard risk categories (0, 1-10, 11-100, 101-400, 
or >400) (25).
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Figure 2: The calcium scoring tool is composed of multiple deep learning models and uses a 
voxel-wise model for the likelihood of each voxel belonging to the coronary arteries in a patient-
specific coordinate system (A). This algorithm was trained on an annotated dataset of 2000 
coronary calcium CT scans to learn the probability of a given voxel being a coronary calcification. 
Finally, the model predictions are post-processed using a separate deep learning model for aorta 
segmentation to ensure that calcium within the aorta is not included in the CACS calculations (B, 
arrow).

Statistical evaluation
Statistical analysis was performed using MedCalc (MedCalc Software bvba, version 18, 
Ostend, Belgium). Normal distribution was assessed using the Kolmogorov-Smirnov 
test. Continuous variables were expressed as a mean ± standard deviations (SD) and 
non-parametric variables were expressed as a median with interquartile ranges (IQR). 
Student’s t-test was applied for data showing normal distribution, whereas the Wilcoxon 
signed-rank test was applied for data showing non-normal distribution. Pearson 
correlation coefficients and intraclass correlation (ICC) with 95% confidence intervals 
(CI) were calculated to correlate between the manually annotated CACS and the fully 
automated CACS method. A P-value < 0.05 was considered statistically significant.

RESULTS

In the study group of 511 consecutive patients, 50.5% (272/511) of patients had a CACS 
of 0 according to human evaluation. The percentage of patients for the remaining 
risk categories (1-10, 11-100, 101-400, or >400) were 9.6% (49/511), 17.8% (91/511), 11.7% 
(60/511), and 7.6% (39/511), respectively. The median time needed by the deep learning 
application to generate the final CACS value was 2.7 sec (IQR, 2.3–3.5 sec).

part 1: coronary plaque and vessel wall analysis



57

There were no significant differences for CACS values between the automated algorithm 
(median, 0; IQR, 0–59.1) and the reference standard (median, 0; IQR, 0–58.0) (P=0.282). 
The median absolute error for the fully automated classification was 0 (IQR, 0 –1.0). The 
CACS results of the automated algorithm correlated highly with the reference standard 
(r=0.97 and ICC=0.956; 95%CI, 0.948 to 0.963) (Figure 3).

Figure 3: The coronary artery calcium scoring (CACS) results of the automated algorithm were 
highly correlated with the manual evaluation (r=0.97 and ICC=0.956; 95%CI, 0.948 to 0.963). There 
were no significant differences for CACS values between the automated algorithm (median, 0; 
IQR, 0–59.1) and the reference standard (median, 0; IQR, 0–58.0) (P=0.282).

The agreement between the two methods is displayed in Table 2. The fully automated 
software classified 476 of 511 (93.2%) patients into the same risk category as the human 
observers, whereas 35 (6.8%) patients were misclassified into a different category. 
Overall, 15 (2.9%) patients were downgraded to a lower category and 20 (3.9%) patients 
were upgraded to a higher category. In the group of patients with no calcified coronary 
lesions, 258 (94.9%) patients were accurately classified as free of calcified atherosclerosis 
(i.e., CACS) of 0 by the deep learning-based application, whereas 14 (2.7%) patients with 
a CACS of 0 by human evaluation were classified as positive for calcium by the deep 
learning algorithm and subsequently placed into a higher risk category. In addition, in 
the CACS category of 1–10 (n=49), 36 (73.5%) patients remained in the same category 

chapter 3: deep learning-based automated ct coronary artery calcium scoring

3



58

and 9 (18.4%) patients with a median CACS of 1 were wrongly classified into the CACS 
category of 0. The remaining 4 (8.2%) patients were upgraded to one risk category 
higher. Of the 91 patients with a CACS of 11–100, 87 (95.6%) patients remained in the 
same category and 2 (2.2%) patients each were shifted to a lower or higher category. In 
the CACS category of 101-400, 59 (98.3%) patients remained in the same category and 
only one patient was downgraded to a lower category. Finally, three patients (7.7%) 
with a CACS of >400 were placed into the next lower category by the deep learning-
based approach.

Consequently, the overall diagnostic performance of the automated CACS approach for 
predicting the correct coronary risk category was 93.2%.

Table 2: Coronary calcium score category

Automated CACS algorithm

Re
fe

re
nc

e 
st

an
da

rd

CACS Category 0 0–10 11–100 101-400 >400

0 258 10 4 0 0

0–10 9 36 4 0 0

11–100 0 2 87 2 0

101-400 0 0 1 59 0

>400 0 0 0 3 36

Agreement within the CACS risk categories between the fully automated deep learning-based algorithm and the 
reference standard. The overall diagnostic performance was 93.2%. CACS = coronary artery calcium score.

DISCUSSION

In this study, we investigated the feasibility and accuracy of a prototype deep learning-
based software application for fully automated CT coronary artery calcium scoring. 
The algorithm was compared to the manual results of seasoned cardiac CT imagers, 
which served as the reference standard. The CACS derived from the deep learning-
based application showed excellent correlation and high diagnostic accuracy compared 
to the reference standard. Moreover, 93.2% of patients were classified into the same risk 
category as by the human observers. Based on our results, the application allows for 
the accurate automated detection and quantification of coronary calcium on standard, 
clinical ECG-triggered non-contrast CT and may therefore reduce the need of manual 
input for CACS in the future.
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Several studies have evaluated (semi)automated CACS methods in the past with 
promising results, using both non-contrast-enhanced and contrast-enhanced cardiac 
CT (9-11,13-18,26,27). Although many cardiac centers have introduced semi-automated 
techniques in their clinical routine, the proportion of fully automated CACS applications 
is low. Wolterink et al. evaluated automated CACS methods for non-contrast CT and 
cardiac CTA (11,28). They showed that use of paired convolutional neural networks 
allows for the correct assignment of 83% of all study patients to the same cardiovascular 
risk category as reference CACS (28). Two further studies by Ebersberger et al. (16) and 
Ahmed et al. (13) showed a high correlation (r=0.97 and r=0.95, respectively) between 
fully automated calculation CACS on contrast-enhanced CTA studies and standard 
non-contrast CT scans.

The introduction of deep learning in medical imaging ushers in substantial 
improvements in a variety of complex tasks, including image segmentation, object 
detection, and disease classification (19-21,29-31). The software prototype evaluated 
in the present study is composed of multiple deep learning models, including cardiac 
segmentation, aortic segmentation and computing the likelihood of a voxel being 
coronary calcium. The application automatically identifies the coronaries and calcified 
lesions using a model for cardiac and aortic segmentation, while aortic and pleural 
plaques are excluded from the calculations. After this segmentation and identification 
process, the software automatically quantifies the calcified lesions and calculates 
the corresponding CACS. This deep learning-based algorithm was trained on 2000 
annotated ECG-triggered cardiac CT scans. Compared to the current literature on 
cardiac AI applications, this represents a comparatively high number of training 
datasets (11,28,32).

The prognostic value of CACS as a risk factor for coronary artery disease has been 
investigated in multiple studies (1-4). Therefore, CACS is used to assign patients to 
a certain risk category to steer appropriate risk modification. Patients assigned to a 
higher CACS risk category have shown a higher mortality rate in large observational 
studies (33,34). The automated deep learning-based CACS application evaluated in 
this study revealed high diagnostic accuracy for classifying patients into the same 
risk category as manual calcium scoring by human observers. Only nine of patients 
with a median CACS of 1 were misclassified into the CACS category of 0. This is an 
important result because it is desired to identify all patients with coronary calcium 
and not incorrectly declare these patients as free of calcified coronary atherosclerosis. 
In addition, an excellent correlation was observed when compared to the reference 
standard. This indicates that this application is performing on a sufficiently high level 
of accuracy for routine clinical use in the context of quantifying coronary calcium and 
clinical decision making, albeit a final quality check of deep learning results by human 
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observers appears still warranted. Nevertheless, substantial workflow improvements 
by minimizing the need for human interaction can be anticipated by the clinical 
integration of artificial intelligence-based algorithms such as the one introduced here.

There are several limitations that have to be considered in the present study. First, 
as we used the data of the cardiac CT reports as the reference standard, observer 
variability for the assessment of CACS was not investigated. However, this approach is 
generally accepted as a robust measurement and reflective of clinical realities. Second, 
all cardiac CT examinations were performed on the same scanner from a single vendor 
and the applicability of this software to data acquired on other vendor scanners should 
be further evaluated in future studies. Third, a large number of patients included in our 
study had a CACS of 0 which also affected the median values of our results. However, 
as we evaluated a dataset of consecutive patients, this represents the typical, real-life 
patient composition in our hospital. Finally, the software requires a non-contrast ECG-
triggered calcium CT scan and can currently not be used for CCTA data sets. However, 
this additional capability is in development and should be available in the near future.

In conclusion, deep learning-based automated CT coronary calcium scoring shows high 
accuracy compared to reference scores obtained manually by human observers. The 
use of this fully automated software application may reduce the need for manual input 
and interpretation time and thus enhance workflow efficiencies for this growing CT 
application.
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ABSTRACT

Objective: The purpose of this study is to assess the value of an automated model-
based plaque characterization tool for the prediction of major adverse cardiac events 
(MACE).

Methods: We retrospectively included 45 patients with suspected coronary artery 
disease  of which 16 (33%) experienced MACE within 12 months. Commercially available 
plaque quantification software was used to automatically extract quantitative plaque 
morphology: lumen area, wall area, stenosis percentage, wall thickness, plaque burden, 
remodeling ratio, calcified area, lipid rich necrotic core (LRNC) area and matrix area. 
The measurements were performed at all cross sections, spaced at 0.5mm, based on 
fully 3D segmentations of lumen, wall, and each tissue type. Discriminatory power of 
these markers and traditional risk factors for predicting MACE were assessed.

Results: Regression analysis using clinical risk factors only resulted in a prognostic 
accuracy of 63% with a corresponding area under the curve (AUC) of 0.587. Based on 
our plaque morphology analysis, minimal cap thickness, lesion length, LRNC volume, 
maximal wall area/thickness, the remodeling ratio, and the calcium volume were 
included into our prognostic model as parameters. The use of morphologic features 
alone resulted in an increased accuracy of 77% with an AUC of 0.94. Combining both 
clinical risk factors and morphological features in a multivariate logistic regression 
analysis increased the accuracy to 87% with a similar AUC of 0.924.

Conclusion: An automated model based algorithm to evaluate CCTA-derived plaque 
features and quantify morphological features of atherosclerotic plaque increases the 
ability for MACE prognostication significantly compared to the use of clinical risk 
factors alone.
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INTRODUCTION

Coronary computed tomography angiography (CCTA) has been increasingly used for 
the evaluation of coronary artery disease (CAD). Its high negative predictive value 
makes CCTA especially suitable for ruling out CAD (1,2). Additionally, CCTA enables 
non-invasive atherosclerotic plaque evaluation which can be used for diagnostic and 
prognostic purposes (3,4). 

Several CT-based risk scores such as the traditional Agatston calcium score, the 
segment involvement score (SIS), and segment stenosis score (SSS) have demonstrated 
improved predictive value for future cardiac events compared to clinical risk 
factors (5–7). Furthermore, previous studies have proposed that morphological and 
functional plaque characteristics, such as plaque burden and composition, can aid 
in the prognostication of major adverse cardiac events (MACE) (8–10). Patients with 
non-obstructive CAD and a high-risk plaque profile based on CCTA analysis can be 
assigned to the most appropriate therapy and/or longitudinal follow-up for possible 
intensification or downgrading of therapy (3,10). 

For CCTA to enter the mainstream of diagnostic clinical care, it is necessary to decrease 
observer variability and automate key parts of the interpretive process to manage the 
subjectivity, time-consuming nature, and variability of reader interpretation. Key 
candidates for automation are those tasks that are the most challenging for human 
readers, such as resolving key interfaces despite partial volume effects, calcium 
blooming, overlapping HU ranges, and providing objective quantitation of plaque 
burden and characterization. 

The purpose of this study is to assess the value of an automated model-based plaque 
characterization tool for the prediction of MACE.

MATERIALS AND METHODS

Patients
The study protocol was approved by the institutional review board and a waiver of 
informed consent was granted. We retrospectively included patients with suspected 
CAD from a previously described cohort (11). A total of 92 patients with suspected CAD 
from two centers in the US and Europe who had undergone CCTA with a follow-up of 
12 months were included. For the current study, only patients from one center were 
included, leaving 48 patients for analysis of which 16 (33%) experienced MACE within 
12 months. The previous study focused on manually deriving quantitative information 
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on coronary plaque burden whereas the current study used a semi-automated method 
to analyze coronary plaque using a non-threshold based approach. All patients had 
undergone CCTA for clinical indications between January 2006 and September 2014 
and had had a follow-up period of 12 months for MACE. Patients were excluded if they 
were diagnosed with acute coronary syndrome during the episode of care involving 
the CCTA scan, underwent coronary revascularization within 30 days of the CT scan, 
or had a history of myocardial infarction (MI), percutaneous coronary intervention 
(PCI) or coronary artery bypass grafting (CABG). Additionally, CCTA data with non-
diagnostic image quality were excluded. 

Clinical data
MACE were defined as death due to cardiac causes, non-fatal MI, or unstable angina 
leading to coronary revascularization (PCI or CABG) more than 30 days after CCTA. 
For each patient, the date of each MACE was recorded. In the case of no MACE, the 
date of last known follow up was recorded. Relevant clinical data and risk factors were 
collected from medical records. This included but was not limited to: patient history/ 
demographics, medications, risk factors, and patient management. Risk factors were 
articulated in terms of the Framingham Risk Score and its components.

Imaging protocols
Sixty-four-slice CT, 1st, 2nd, and 3rd generation dual-source CT (DSCT) systems 
(Somatom AS+, Somatom Definition, Somatom Definition Flash, Somatom Force, 
Siemens Healthineers, Forchheim, Germany) were used for CCTA acquisitions. All 
patients initially underwent a non-contrast enhanced calcium scoring scan (120 kV 
tube voltage; tube current, 75 mA; 3-mm slice thickness with 1.5 mm increment). For 
the subsequent contrast-enhanced coronary CTA, scan parameters were as follows: 
a retrospectively ECG-gated protocol for the 64-slice CT and 1st generation DSCT 
scanners, and a prospectively ECG-triggered sequential scan protocol for the 2nd and 
3rd generation DSCT scanners (tube voltage of 100-120 kV, tube current of 700-800 mA 
for the 64-slice CT, and 320-412 mA for 1st-3rd generation DSCT). For the CCTA, contrast 
enhancement was achieved by injecting 50-80 mL iopromide (Ultravist 370mgI/mL, 
Bayer, Wayne, NJ) at 4-6 mL/s followed by a 30 mL saline bolus chaser. Beta-blockers 
and nitroglycerine were used if necessary at the discretion of the attending physician. 
Image reconstruction was performed at the optimal cardiac phase with a section 
thickness of 0.75 mm, a reconstruction increment of 0.5 mm, and a smooth convolution 
kernel.

Image Analysis
Image quality of each scan was rated on a 5-point Likert-scale (1- poor image quality, 5 
excellent image quality), signal-to-noise ratio (SNR), and contrast-to-noise ratio (CNR). 
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SNR was calculated as the HU value in the myocardium divided by the SD of the HU 
in the myocardium. The CNR was calculated as the difference in Hu values between 
the myocardium and cardiac fat divided by the SD of cardiac fat. The HU values and 
SDs were measured by placing ROI in the myocardium and in the cardiac fat areas. All 
image quality measurements, subjective and objective, were performed by a physician 
with 3 years experienced in cardiac imaging.

Vessel sharpness of the left anterior descending (LAD) and right coronary arteries 
(RCA) were also calculated. All scans with poor image quality were excluded from 
further analysis. 

Subsequently, commercially available plaque quantification software (vascuCAP, 
Elucid Bioimaging, Wenham, MA) (see Supplement for performance validation) was 
used to extract quantitative plaque morphology. Lesions were marked manually based 
on the software’s plaque morphology assessment. Cap thickness was measured by the 
user based on the software determined 3D LRNC region(s). All measurements were 
performed by a physician with 3 years experienced in cardiac imaging and were validated 
by an experienced cardiac radiologist (+years of experience). The measurements were 
performed at all cross sections, spaced at 0.5mm, based on fully 3D segmentations of 
lumen, wall, and each tissue type. Absolute volume per target and per lesion, cross-
sectional area for each cross section at .5mm spacing, proportional occupancy of 
each, and maximum cross-sectional area and proportion for each target and lesion are 
calculated. Wall area or volume is calculated as the overall vessel volume or area minus 
the lumen area or volume. Plaque burden was assessed as the ratio of wall area or 
volume divided by the overall vessel area or volume. Lesion length was calculated using 
the centerline in 3D. All volume calculations are determined from 3D regions at the 
overall target as well as marked lesion levels. Vessel structure measurements included 
the degree of stenosis (calculated both by area or diameter), wall thickness (distance 
between the lumen boundary to outer vessel wall boundary), and remodeling ratio 
(the ratio of vessel area with plaque to a vessel area without plaque). Measurements for 
tissue characteristics included calcified plaque volume (CALC) with the largest cross-
sectional area and proportion, lipid-rich necrotic core plaque volume (LRNC) with the 
largest cross-sectional area and proportion, and matrix/fibrous tissue volume (MATX) 
with the largest cross-sectional area and proportion (see the Supplement for  formal 
definitions for the tissue types).

Analyses were performed within the proximal and mid segments of the three major 
coronary arteries (LAD, LCX and RCA) using the semi-automated plaque analysis 
algorithm. 
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The algorithm, with user input, generated a centerline through the lumen of each 
vessel. The longitudinal boundaries for the vessels were set from the origin to a point 
where the vessel diameter is less than 2mm. Cross-sectional spatial boundaries were 
adjusted to include the full thickness of the vessel wall while minimizing the inclusion 
of surrounding tissue such as myocardium and fat. Window levels could be adjusted 
manually to exclude, for example, blooming effects from calcifications.

The software used a novel method for the classification of composition of vascular 
plaque components that was validated on expert-annotated histology with ex vivo to 
in vivo image registration, independent of the vascuCAP outputs(12). The multi-scale 
model computes the statistics of each contiguous region of a given analyte type. Each 
plaque region is labeled by analyte type, and various position/shape descriptors are 
computed. Within each plaque region, each voxel can produce a radiological imaging 
intensity value, which are modeled as independent and identically distributed samples 
that come from a continuously valued distribution specific to each analyte type. One 
key feature of this model is that it accounts for the spatial relationship of analytes 
within the vessel and also to each other, recognizing that point-wise image intensity 
(whether from histology and/or imaging) is not the only source of information used 
by experts to determine plaque composition. The software corrects the HU values 
for the partial volume effect, often experienced as blooming artifacts from calcified 
plaque and enhanced arterial lumen as well as reduced ability to discriminate LRNC. 
Subsequently, the software applies an iterative optimization algorithm informed, but 
not constrained, by partially overlapping HU ranges for different tissue types. 

To address imaging artifacts caused by calcified plaque and enhanced arterial lumen, 
which hinders the accuracy of sub-voxel measurements, the software determines 
the patient-specific imaging system point spread function with an algorithm that 
probabilistically estimates the most likely fine structure, given the magnitude of image 
blur. This image-based determination of blur, coupled with sub-voxel analysis of plaque 
component densities, leads to more accurate scoring of coronary artery calcification. 
This allows the quantification of subtle changes in LRNC and consequently, cap 
thickness. The accuracy of tissue characteristic measurements has been previously 
validated by histology with measurement bias recorded at -0.096, 1.26, and -2.44 mm2 
for CALC, LRNC, and MATX respectively(12).

To assess intra-observer repeatability, the same observer performed the same 
measurements for fourteen randomly selected patients after a 3-week period from 
the observer’s last read. To assess inter-observer reproducibility, a second observer 
performed the measurements for these selected patients.
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Statistical Analysis
To address whether different scanner generations may affect analysis, we conducted 
an evaluation of the image quality between scanners on all patients. Univariate and 
multivariate logistic regression models were used to analyze the prognostic value of 
clinical risk factors, morphological features, and both combined. Recursive feature 
elimination was used to select features using 5 repeats of 10-fold cross-validation for 
each predictor set to find the optimal subset of predictors and to estimate the predictive 
model performance using receiver operating characteristic (ROC), while protecting 
against overfitting. Therefore, the predictors that are selected are appropriate for 
predicting new, yet-to-be-seen data. The software was locked down after each of the two 
readers processed the five training cases selected at random. The predictive accuracy 
of the final model in regards to MACE was calculated, including the area under the 
curve (AUC), sensitivity, specificity, as well as the measurement variability (intra- and 
inter-reader) associated with the software measurements. For each measurement, we 
calculated the within-section Standard Deviation (wSD) estimated from two replicate 
calculations by the same reader (intra-reader) and by two different readers (inter-
reader). Measurements analyzed were lumen area, wall area, stenosis percentage, wall 
thickness, calcified area, LRNC area, matrix area and plaque burden (see supplement 
for descriptions). 95%-CIs were determined using a chi square statistic as the pivotal 
statistic. Also in this study, manual measurements by on-screen calipers were made for 
stenosis and wall thickness.

RESULTS

A total of 45 patients (59±8.5 years, 71% male) with suspected CAD and similar risk 
profile who had undergone CCTA were analyzed. Three patients were excluded due to 
poor image quality. Of these 45 patients, 16 (33%) experienced MACE within 12 months. 

Image quality
All patients were analyzed for image quality, subjectively and objectively. No significant 
differences in image quality related parameters among the four different scanner types 
were observed, Table 1. 
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Table 1: Scanner technology effects on image quality. 

Siemens AS+ Siemens 
Definition

Siemens 
Flash

Siemens 
Force p-value

Image quality rating 4.0 [3.5; 4.5] 4.5 [4.0; 5.0] 4.0 [4.0; 5.0] 4.5 [4.0; 5.0] 0.577
SNR – LAD 23.7±7.9 23.6±8.6 18.5±10.5 25.3±15.5 0.755
SNR – RCA 22.1±6.5 23.9±9.1 17.6±10.4 27.5±17.0 0.584
CNR – LAD 21.8±7.3 21.6±8.2 17.8±10..0 23.9±14.8 0.755
CNR – RCA 21.1±5.9 22.0±8.7 17.0±9.7 16.1±16.4 0.564
Sharpness – LAD 51.1±4.0 54.1±4.6 52.4±6.5 59.1±6.0 0.173
Sharpness – RCA 54.4±3.9 56.7±7.0 54.4±6.1 57.5±7.0 0.332

Values are given as mean± SD, median (IQR) or n (%). A p-value<0.05 is considered significant. SNR: Signal to noise ratio, 
LAD: Left anterior descending artery, RCA: Right coronary artery

Inter and intra observer variability
There were 48 replicate vascuCAP calculations made by each of the two readers on 48 
coronary arteries (LM. LAD, LCx and RCA) from 14 subjects. In Table 2, the results 
of inter- and intra-reader variability are outlined. All measurements at .5mm spacing 
were included. In general, inter-reader wSDs were slightly higher than the intra-
reader wSDs. Variability in the semi-automated software were well within the range of 
previous variability reported on manual analysis.

Table 2: Reader variability for semi-automated measurements 

Parameter Variability

St
ru

ct
ur

e

Lumen Area, range 1.5-37.2mm2 Inter-reader wSD: 3.0mm2 [2.6, 3.4], 
Intra-reader wSD: 1.8mm2 [1.6, 2.1]

Wall Area, range 3.5-40.6mm2 Inter-reader wSD: 2.9mm2 [2.6, 3.5], 
Intra-reader wSD: 1.8mm2 [1.6, 2.1]

Stenosis, range 1.9-80.4% Inter-reader wSD: 9.3% [7.8, 11.6], 
Intra-reader wSD: 8.6% [7.1, 8.9]

Wall Thickness, range 1.1-3.8mm Inter-reader wSD: 0.3mm [0.3, 0.4], 
Intra-reader wSD: 0.2mm [0.2, 0.3]

Co
m

po
si

ti
on

Calcified Area, range 0.0-12.4mm2 Inter-reader wSD: 0.7mm2 [0.6, 0.8], 
Intra-reader wSD: 0. 6mm2 [0.6, 0.8]

LRNC Area, range 0.0-7.6mm2 Inter-reader wSD: 0.6mm2 [0.5, 0.7], 
Intra-reader wSD: 0.5mm2 [0.4, 0.6]

Matrix Area, range 3.1-32.1mm2 Inter-reader wSD: 2.3mm2 [2.1, 2.7], 
Intra-reader wSD: 1.4mm2 [1.3, 1.6]

Plaque Burden, range 0.3-0.9 (ratio) Inter-reader wSD: 0.05 [0.04, 0.05], 
Intra-reader wSD: 0.05 [0.04, 0.06]

Values are given as median (IQR). LRNC: Lipid rich necrotic core, MACE: Major adverse cardiac events
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Risk prediction 
Clinical risk factors, both binary and continuous, were used in univariate analysis to 
determine the prognostic value of each individual factor, Table 3. None of the risk 
factors showed statistically significant prognostic value. Figure 1 shows the scaled heat 
maps, indicating relationships after unsupervised hierarchical clustering of risk factors 
for each patient. Hypercholesterolemia and hypertension, as well as race and diabetes 
history, were the most closely related risk factors. Systolic blood pressure was least 
related to any other risk factor.  

Figure 1: Heat map indicating relationships after unsupervised hierarchical clustering of risk 
factors selected for the model, by patient. Hypercholesterolemia and hypertension, as well as 
race and diabetes history, are the most closely related risk factors. Systolic blood was least related 
to any other risk factor.  Risk factors are centered and scaled.
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Table 3: Risk factor summary statistics

Risk Factor MACE - (n=29) MACE + (n=16) p-value

Binary risk factors

Sex 76% (22) 62% (10) 0.5

Race 31% (9) 50% (8) 0.3

Hypercholesterlemia 41% (12) 62% (10) 0.2

Type II Diabetes 21% (6) 31% (5) 0.5

Hypertension 66% (19) 62% (10) 1.0

Continuous risk factors

Age (years) 58.6+/-0.3 59.8+/-0.7 0.7

Weight (kg) 85.4+/-0.9 81.8+/-1.1 0.6

Height (cm) 175.4+/-0.3 172.6+/-0.6 0.3

BMI (kg/m2) 27.6+/-0.2 27.37+/-0.3 0.9

Diastolic Blood Pressure (mmHg) 79.5+/-0.5 70.8+/-0.8 0.04

Systolic Blood Pressure (mmHg) 135.6+/-0.6 127.8+/-0.9 0.1

Heart Rate (bpm) 70.0+/-0.4 72.2+/-0.7 0.5

Smoking History (years) 11.5+/-0.5 16.9+/-1.7 0.4

Values are given as mean± SD or n (%).

Discriminatory power on a univariate basis of quantitative morphology markers 
calculated by the software prototype for predicting MACE was assessed. Minimum 
cap thickness, lesion length, LRNC volume and cross-sectional area, remodeling ratio, 
and wall area/thickness had high levels of predictive power, whereas calcification had 
equivocal predictive power (Table 4, Figure 2). Figure 3 shows the heat map indicating 
relationships after unsupervised hierarchical clustering of plaque morphology 
measurements for each patient. Maximum wall thickness and remodeling ratio, as 
well as maximum cross-sectional wall area and lesion length, are the most closely 
related morphology predictors. Cap thickness (smallest distance from LRNC to lumen) 
was least related to any other risk factor. CCTA plaque morphology resulted in a net 
reclassification improvement of 59% using logistic regression models and 70% using 
tree-based models relative to conventional risk factors. Figure 2: Univariate box plots 
on logarithmic scale for morphology measurements. N= Negative MACE group, Y= 
Positive MACE group. CAP= minimum distance from LRNC to lumen, Len= lesion 
length, LRCNCVol= lipid-rich necrotic core volume, CALCVol= Calcium Volume.
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Figure 2: Univariate box plots on logarithmic scale for morphology measurements. N= Negative 

MACE group, Y= Positive MACE group. CAP= minimum distance from LRNC to lumen, Len= lesion 

length, LRCNCVol= lipid-rich necrotic core volume, CALCVol= Calcium Volume.

chapter 4: automated plaque analysis for the prognostication of major adverse cardiac events

4



76

Figure 3: Heat map indicating relationships after unsupervised hierarchical clustering of plaque 
morphology measurements selected by the model, by patient. Maximum wall thickness and 
remodeling ratio, as well as maximum cross-sectional wall area and lesion length, are the most 
closely related risk factors. Cap thickness (smallest distance from LRNC to lumen) was least related 
to any other risk factor.  Risk factors are centered and scaled. The large blue block on the left are 
those patients for which disease was diffuse rather than forming a focal lesion.
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Table 4: Morphology feature summary statistics

Morphology
Negative 
MACE 
(n=29)

Positive 
MACE 
(n=16)

log noMACE log MACE p-value

Minimum CAP thickness (µm) 633.47 128.25 2.8+/-0.019 2.11+/-0.026 0.000
Lesion Length (µm) 0.13 27.9 -0.89+/-0.074 1.45+/-0.013 0.000
LRNC Volume (µm 3) 0.08 20.9 -1.11+/-0.072 1.32+/-0.04 0.000
LRNC Volume Proportion (fraction) 0.01 0.08 -2.1+/-0.035 -1.11+/-0.036 0.000
Max LRNC Area (µm 2) 0.04 3.65 -1.38+/-0.062 0.56+/-0.03 0.000
Max LRNC Area Proportion (fraction) 0.01 0.27 -1.9+/-0.042 -0.57+/-0.015 0.000
Max Wall Area (µm 2) 0.15 20.95 -0.83+/-0.076 1.32+/-0.025 0.000
Max Wall Thickness (µm) 0.05 2.21 -1.27+/-0.061 0.34+/-0.009 0.000
Plaque Burden Volume Ratio 0.03 0.55 -1.55+/-0.051 -0.26+/-0.008 0.000
Wall Volume (µm 3) 0.4 248.81 -0.39+/-0.092 2.4+/-0.021 0.000
Max Remodeling Ratio (unitless) 1.59 3.83 0.2+/-0.01 0.58+/-0.024 0.001
CALC Volume (µm 3) 0.16 4.38 -0.79+/-0.078 0.64+/-0.125 0.026
Max Stenosis By Area (%) 0.01 0.08 -2.08+/-0.047 -1.12+/-0.088 0.026
Max CALC Area (µm 2) 0.08 1.09 -1.12+/-0.066 0.04+/-0.102 0.031
Max CALC Area Proportion (%) 0.02 0.12 -1.66+/-0.047 -0.91+/-0.07 0.044
CALC Volume Proportion (fraction) 0.01 0.04 -1.85+/-0.041 -1.37+/-0.058 0.127

Values are given as mean± SD, median (IQR) or n (%). A p-value<0.05 is considered significant. LRNC: Lipid rich necrotic 
core, CALC: Calcium, MACE: Major adverse cardiac events

Diagnostic Accuracy
Regression analysis using clinical risk factors only resulted in a prognostic accuracy 
of 63% with a corresponding AUC of 0.587. Based on our RFE analysis, minimal cap 
thickness, lesion length, LRNC volume, maximal wall area/thickness, the remodeling 
ratio, and the calcium volume were included into our prognostic model as parameters. 
The use of morphologic features alone resulted in an increased accuracy of 77% with 
an AUC of 0.94. Combining both clinical risk factors and morphological features in a 
multivariate logistic regression analysis increased the accuracy to 87% with a similar 
AUC of 0.924. An overview of accuracy and ROC curves are given in Figure 4. 
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Figure 4: ROC analysis of morphology vs. risk factors with corresponding AUCs.

DISCUSSION

This study evaluates a model-based algorithm for the determination of quantitative 
plaque characteristics and the prognostic value for MACE, compared to, and in 
combination with, clinical risk factors. The results of our study demonstrate that 
CCTA-derived quantitative morphological features show discriminatory power to 
predict future cardiac events and significantly improve the prognostic value compared 
to clinical risk factors alone, increasing the accuracy from 0.629 to 0.872.

A study by Tesche et al. on the prognostic implications of plaque features in overlapping 
population as the current study showed similar prognostic accuracy compared to our 
results. This is significant because whereas the prior result was the result of highly 
skilled manual assessment. In this case however, the calculations were performed with 
software which has the benefit of being potentially more efficient in clinical workflow, 
and readers with less specific experience in the assessment may be able to reach the 
same level of performance as experts. Using a combination of clinical risk factors and 
morphological features (clinical risk factors, Napkin-ring sign, lesion length, and 
remodeling index) showed the highest predictive value for MACE with an of AUC 0.92. 
This is comparable with the AUC results in our study for the combination of risk factors 
and morphological features (0.924) (11).
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Calcium volume was the most equivocal parameter included in our prognostic 
morphology model, whereas previous studies show that calcium scoring is a strong 
predictor of events, especially in the absence of CTA information (13–15). The presence 
of calcium shows a strong correlation with the presence and extent of plaque in 
general. It is suggested that this correlation is what plays an important role in the 
prognostication of MACE, not simply the presence of calcium alone. Tesche et al. found 
that calcified plaque volume did not significantly contribute to the prognostication of 
MACE and this parameter was not taken into account in their prognostic model (11). 
While our model did include calcium volume, this was the least significant parameter 
and had limited added value. Calcification was not found to be significantly associated 
with MACE in univariate analyses. This is consistent with data suggesting that calcium 
is often a feature of older plaques and does not necessarily imply a high-risk phenotype. 
It may actually provide some degree of mechanical stability to a plaque surface. It is 
interesting to note, however, that upon performing logistic regression analysis, calcium 
as well as LRNC were both associated with MACE.  Although calcium is often a feature 
of relatively stable plaques, these results raise the concern that the coexistence of LNRC 
with other high-risk plaque elements may signify endothelial dysfunction, ultimately 
stabilizing calcium but through a more dangerous intermediate development period(16). 
Nance et al. found the following hazard ratios by analyzing the data of 458 patients that 
presented to the emergency room with acute chest pain: 57.6 for non-calcified plaques, 
55.8 for partially calcified plaques, and 26.5 for solely calcified plaques. These hazard 
ratios indicate that calcified plaque results in a lower risk of MACE than non-calcified 
plaque (17). Similarly, Bauer et al. showed that non-calcified plaque burden is a better 
predictor of myocardial ischemia at stress myocardial perfusion imaging than both 
calcium score and degree of stenosis(8).

Other morphological features that showed high prognostic value and were taken into 
account for prognostication in this study were cap thickness, lesion length, LRNC 
volume, wall area/ thickness, and remodeling ratio. Previous studies by Dey et al. 
showed that lesion length and LLRNC volume was higher in patients with ACS and 
showed significant prognostic value for the prediction of MACE (4,11). This finding is 
confirmed by this study, where lesion length, LRNC volume, and remodeling index 
were major contributors to the prognostication of MACE. In a secondary analysis 
of the PROMISE trial on 4415 patients, Ferencik et al. found that high risk plaques, 
determined by features similar to those used in this study (i.e. remodeling ratio, low 
attenuation, and napkin ring sign), resulted in an increased hazard ratio of 2.73 (10). 
Similarly, Nadjiri et al. found that low attenuation plaque, plaque burden, remodeling 
ratio, and presence of the napkin-ring sign are predictors of MACE independent of 
clinical risk presentation(6). 
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Whereas most studies on plaque morphology use visual assessment or threshold 
based classification, our study included a model based quantification algorithm. 
This approach allowed us to avoid using pre-specified thresholds for generalization 
over different scanners and scan protocols as well as take into account differences in 
contrast intensity and inter-patient characteristics, while reducing observer variability 
by eliminating the option to manually adjust thresholds. Key limitations of threshold 
based approaches include the following: partial volume effects that obscure the true 
interfaces of heterogeneous tissue and unmitigated lumen, the outer walls are not 
segmented well or are even just estimated with a fixed-radius away from the lumen 
constant, and tissue characteristics are determined by HU range. Limited by the above 
points and exacerbated by scanner variability(17), users of the threshold approach are 
generally encouraged to edit the ranges that create an arbitrary result that then lacks 
objective histological validation.

An important question is the extent to which use of coronary tissue is required for 
histological validation. The software used in this study utilized endarterectomy 
specimens collected from the carotids instead of coronaries. However, plaque 
characteristics such as a large atheromatous core with lipid-rich content, a thin fibrous 
cap, remodeling ratio greater than 1, infiltration of the plaque with macrophages 
and lymphocytes, and thinning of the media are predisposing to vulnerability and 
rupture. These plaque characteristics are similar in both carotid and coronary artery 
disease(18). Plaque composition is similar in coronary and carotid arteries, irrespective 
of its age, and this will largely determine relative stability(19). This suggests a similar 
presentation at both coronary and carotid CTA. Minor differences in the extent of 
the various plaque features may include a thicker fibrous cap, a higher prevalence of 
intraplaque hemorrhage (IPH), and calcified nodules in the carotid arteries. However, 
there is no difference in the nature of plaque components(18). In addition, the carotid and 
coronary arteries have many similarities in the physiology of vascular tone regulation 
which has effects on plaque evolution(20). Myocardial blood perfusion is regulated by 
the vasodilation of epicardial coronary arteries in response to a variety of stimuli such 
as nitric oxide, causing dynamic changes in coronary arterial tone that can lead to 
multifold changes in coronary blood flow. In a similar fashion, carotid arteries are more 
than simple conduits supporting the brain circulation. They demonstrate vasoactive 
properties in response to stimuli, including shear stress changes (21). Endothelial shear 
stress contributes to endothelial health and a favorable vascular wall transcriptomic 
profile(22). Clinical studies have demonstrated that areas of low endothelial shear 
stress in the coronary tree are associated with atherosclerosis development and high-
risk plaque features(23). Similarly, in the carotid arteries, lower wall shear stress is 
associated with plaque development and localization (24). 
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A recent parameter, CT derived fractional flow reserve (FFR), can be considered a 
complementary measure, where studies increasingly show that morphology can 
predict FFR but not the converse. Morphological features could complement CT-FFR 
measurements by measuring the structural changes that precede functional deficits. 
The combination of plaque morphology and degree of luminal stenosis may explain 
outcomes in lesions with both normal and abnormal FFR (25,26). Lesions with a large 
necrotic core may develop dynamic stenosis(26) due to outward remodeling during 
plaque formation resulting in more tissue to stretch, the tissue being stiffer, or the 
smooth muscle layer being already stretched to the limits of Glagov phenomenon, after 
which the lesions encroach on the lumen itself(27). Likewise, inflammatory insult and/
or oxidative stress could result in local endothelial dysfunction (28–31). 

Clinical guidelines regarding the optimal management of patients with differing 
assessments of flow reserve are increasingly available (26,28,32). Whereas it is reported 
that assessment of plaque morphology with high-risk features (e.g., large necrotic core 
and thin cap) which portend a maximum likelihood of future events may be predictive 
of flow reserve (33–35), but importantly, not all lesions with FFR < .8 have a high 
likelihood of future events (33,36–38).

Without accurate assessments of plaque morphology, approaches to determine FFR 
using computational fluid dynamics (CFD) have been published, but CFD-based flow 
reserve considers only the lumen. Using only the luminal information eliminates the 
ability to anticipate what can occur if stress in fact causes rupture. Rather, characterizing 
the tissue solves these problems. The importance of providing accurate assessment by 
morphology is strengthened by the studies that increasingly show that morphology can 
predict FFR but not the converse (39,40). That is, effectively assessed morphology may 
be used to calculate FFR and can also determine discontinuous changes in the plaque 
that move the patient from ischemia to infarction.

This study has several limitations that deserve mention. We present a retrospective 
case-controlled study investigation with a limited follow-up time, which is therefore 
subject to limitations inherent to this type of study design. A relatively small number 
of patients were included, which may incur selection bias. Therefore, prospective 
studies on larger study cohorts will be necessary to validate our findings. This study 
used multiple CT systems, which could introduce variability, on the other hand it 
shows that the value of model based analysis independent of CT system used. Further 
studies are needed to investigate the role of variability caused by different CT systems. 
Additionally, although the software used in this study also has an experimental 
capability for measurements of IPH, we did not enable that capability in this study. 
However, it could prove useful given the clinical significance attributed to IPH.
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In conclusion, an automated model based algorithm to evaluate CTA-derived plaque 
features and quantify morphological features of atherosclerotic plaque increases the 
ability for MACE prognostication significantly compared to the use of clinical risk 
factors alone, while also having the potential to reduce observer variability and the 
time to evaluate patients relative to expert assessment.
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SUPPLEMENTARY DATA

Review of CTA signal applicability
The examination of arterial beds using radiological imaging is common among three 
image modalities: ultrasound, CT, and MRI. Ten Kate et al. (1) investigated the use of 
noninvasive imaging techniques in identifying plaque components and morphologic 
characteristics associated with atherosclerotic plaque vulnerability in carotid and 
coronary arteries. The review found 62 studies: 23 that investigated ultrasound, 18 that 
investigated CT, 18 that investigated MRI, 2 that investigated both CT and ultrasound, 
and 1 that investigated both MRI and ultrasound. The 50 studies on the carotid arteries 
used histology as the reference method, while the 12 studies on the coronary arteries 
used IVUS for validation.  Vukadinovic et al. (2) described the evolution of CT scanner 
technology and the basis for the Hounsfield Unit, as it applies to determining tissue 
characteristics. De Weert et al. (3) documented correlation with histology and moderate 
observer variability. Das et al. (4) established that dual energy CT has further potential. 
Wintermark et al. (5) provided proof of principle that the tissue characteristics of 
atherosclerotic plaques could be determined by CTA and documented specific ranges 
for different tissue types. Wintermark’s (5) Table 2, de Weert’s result regarding cutoff 
values (3), and also work by Sieren et al, (6) in lung tissues were considered for purposes 
of establishing the basic relationships between tissue types and their HU values and 
generally provide points of comparison with our work. 

These reference works highlight both the advantages of using HUs for characterization 
of lesion characteristics and the challenges which have motivated the development of 
the methods used in our study to address limitations in previous studies.
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Measurement Definitions

Table 1: Vessel Structure

Measurand Description Type and Units
% Stenosis 
(Max Stenosis 
By Diameter)

Calculated as the (1 - ratio of minimum lumen with plaque 
to reference lumen without plaque) x100 both by area and 
by diameter

Expressed as percentage 
> 0 %

Wall thickness 
(Max wall 
thickness)

Calculated by measuring the cross-sectional wall thickness 
(“Max” refers to the two-step process used to determine 
the maximum thickness of each cross section followed by 
the largest of the maximums)

Expressed in units of mm

Lumen area* Calculated as cross-sectional area of blood channel at 
position along vessel centerline

Expressed in units of 
mm2

Wall area* Calculated as cross-sectional area of vessel at position 
along vessel centerline minus the lumen area at that 
position

Expressed in units of 
mm2

Plaque 
burden*

Calculated as wall area / (wall area + lumen area) Expressed as a ratio

*For these measures there is no corresponding unaided assessment performed in clinical practice to compare against 
the vascuCAP-aided calculations.

Table 2: Tissue Characteristics (composition)

Measurand Description Biological Evidence on Histopathology
Lipid Core The pathologic retention of 

lipids, particularly lipoproteins, 
by intimal/medial cells leading 
to progressive cell loss, cell 
death, degeneration, and 
necrosis. It is a mixture of lipid, 
cellular debris, blood and water 
in various concentrations.

·  lipid droplets intermixed ECM (appear clear due 
to removal)

· necrotic amorphous eosinophilic material
· acellular 
·  often surrounded by fibrotic tissue generated by 

smooth muscle cells/fibroblasts
· lack of microvasculature

Matrix The organization of 
macromolecules (such as 
collagen, elastin, glycoproteins, 
and proteoglycans) that provide 
structural support, tensile 
strength, elasticity to the arterial 
wall.

Note elongated striated appearance which 
describe:
·  intimal meshwork of dense or loose, 

homogeneous/ organized collagen ECM (appear 
striated)

·  embedded smooth muscle cells/ fibroblasts 
(note elongated nuclei) 

· no appreciable lipid or necrotic tissue
· may have microvasculature

Calcification The physiologic defensive 
biological process of 
attempting to stabilize plaque, 
which has a mechanism akin to 
bone formation.

·  intimal/medial spaces with evidence of calcium 
primarily in the form of hydroxyapatite

· osteoblasts or osteoid present in above spaces 
·  no appreciable lipid or necrotic tissue in above 

spaces
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Measurement Bias (Summary Results)

Validation testing using phantom and clinical images was conducted to estimate 
measurement bias under typical operating conditions of vascuCAP, Elucid Bioimaging 
Inc., Wenham, MA USA:

Table 3: Measurement bias

St
ru

ct
ur

e

Lumen Area, range 0.3 - 290.1mm2 Bias: 0.81mm2 [0.3, 1.9], Intercept: 0.65mm2 [-0.6, 0.9], 
Slope: 1.01 [0.9, 1.0], Quadratic term: 0.0 [0.0, 0.0]

Wall Area, range 9.4 - 448.6mm2 Bias: 0.50mm2 [-1.08, 1.29], Intercept: -0.59mm2 [-4.1, 2. 8.0], 
Slope: 1.0 [0.99, 1.04], Quadratic term: 0.0 [0.0, 0.0]

Stenosis**, range 33-69% in vessels 
<4.5mm

Bias: 9.3% [2.14, 12.72], Intercept: 34.01% [-2.26, 38.9], 
Slope: 0.545 [0.424, 1.205], Quadratic term: 0.001 [-0.02, 0.06]

Wall Thickness, range 1.0 - 9.0mm Bias: 0.5mm [0.3, 0.6], Intercept: 0.27mm [-0.1, 0.5], 
Slope: 1.05 [1.01, 1.1], Quadratic term: -0.008 [-0.02, 0.01]

Plaque Burden, range 0.4 -1.0 (ratio) Bias: -0.01 [-0.01, .004], Intercept: 0.01 [-0.1, 0.04], 
Slope: 0.99 [0.9, 1.1], Quadratic term: 0.03 [-0.1, 0.3]

Co
m

po
si

ti
on

Calcified Area, range 0.0 - 51.2mm2 Bias: 0.15mm2 [-0.5, 0.97], Intercept: 0.4mm2 [-0.02, 1.6], 
Slope: 0.9 [0.6, 1.1], Quadratic term: -0.01 [-0.1, 0.04]

LRNC Area, range 0.0 - 26.8mm2 Bias: 0.8mm2 [-0.7, 2.6], Intercept: 1.44mm2 [0.2, 3.4], 
Slope: 0.8 [0.2, 1.1], Quadratic term: 0.004 [-0.1, 0.3]

Matrix Area, range 2.6 - 57.1mm2 Bias: -1.6mm2 [-3.6, 0.32], Intercept: 2mm2 [-3, 5], 
Slope: 0.83 [0.7, 1.0], Quadratic term: -0.01 [-0.04, 0.01]

Brief explanatory notes to help interpret the table:
• Range indicates the smallest and largest true value for the measurand tested.
• Each metric is presented as a point estimate followed by a 95% confidence interval 

(CI). The CI is computed from the statistics of the observed data. It is acknowledged 
that wide confidence intervals make the established metric quite uncertain, and in 
general stem from the number of tested data points and metric specific factors.

• Bias for structural measurands and plaque burden are derived from phantom 
experiments such that ground truth is assessed using micrometer measurements 
on anthropomorphic objects. Width of confidence intervals result from the relative 
difficulty of each phantom geometry and typical variation experienced across 
clinically-accepted scanning protocols.

• Bias for tissue type is estimated relative to pathologist annotation of ex vivo tissue 
specimens with paired CTA, where ground truth is assessed based on the expert 
interpretation that the relevant scientific and clinical community relies upon for 
diagnosis or other specific categorization of the studied tissue. Width of confidence 
interval follows from:

 •  agreement of pathologists (three independent annotations were used for these 
results to account for acknowledged discordance in histopathology interpretation), 

part 1: coronary plaque and vessel wall analysis



89

 •  certainty of positioning of annotated sections into 3D radiology volume 
(four combinations resulting from two unique positioners crossed with two 
independent radiologist users were used for these results to account for 
differences in judgment on where the annotated section data applies within 
the in vivo volume, blinded to vascuCAP results), 

 • relative difficulty of physiologic presentation, and 
 • typical variation experienced across clinically-accepted scanning protocols.
• Intercept, slope, and quadratic term characterize the bias profile over the tested 

range. These metrics indicate strength of linearity; i.e., intercept-0, slope=1, and 
quadratic term=0 indicate perfect linearity facilitating not only cross sectional but 
also longitudinal measurements. Confidence intervals on these metrics follow from 
the variability of the respective truth standard.

**  important note regarding stenosis by diameter: given the reliance of stenosis by diameter as being computed from lumen 
diameters, and the relative difficulty of accurately estimating lumen diameter as lumens become appreciably smaller than 
the finite voxel size, the stenosis may be overestimated.  This issue is not unique to vascuCAP but rather a known issue 
for any interpretation of CTA as lumen size decreases.  It is important to follow current clinical guidelines to disregard 
quantitative calculations of stenosis by diameter from CTA when the lumen is not readily visualized, and instead judge a 
stenosis qualitatively. Use of calculations such as %stenosis by area, also available from vascuCAP, mitigates but does not 
completely avoid this issue.
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ABSTRACT

Purpose: To evaluate the effect of measurement location and lumen area changes on 
CT-FFR values in patients without coronary artery disease. 

Methods: Patients that underwent calcium scoring and CCTA with CT-FFR were 
retrospectively included. Patients were excluded if their CACS was not zero, there were 
elevated troponin levels, or any cardiac abnormality on the CT-images. On-site CT-
FFR was computed for each coronary artery at proximal, mid, and distal segments. 
At each measurement location, the lumen area and HU value was measured. CT-FFR 
was considered positive if <0.75. The relationship between lumen areas, HU values, 
and CT-FFR was evaluated for each coronary artery and each location. Ratios between 
mid and distal values compared to proximal values for lumen and HU parameters were 
calculated.

Results: A total of 106 patients were included. In 39 (37%) patients, the LAD had 
CT-FFR values <0.75, with a decrease in CT-FFR from 0.97 (SD 0.04) proximally to 
0.62 (SD 0.10) distally in the abnormal patients. The Cx showed a limited number of 
patients with CT-FFR values <0.75 (n=16, 15%), with a decrease in CT-FFR values from 
0.96 (SD 0.04) proximally to 0.65 (SD 0.09) distally in those patients. The RCA had 
36 (34%) patients with CT-FFR <0.75, with distal CT-FFR values of 0.61 (SD 0.12) and 
proximal CT-FFR values of 0.98 (SD 0.02). 12 abnormal CT-FFR values were measured 
at mid segment, while all others were measured at distal segments. Lumen area was not 
significantly different between the abnormal and normal CT-FFR groups, while both 
HU and HU ratios were significantly lower in the abnormal CT-FFR group for all three 
major coronary arteries.

Conclusion: CT-FFR values in patients without coronary artery disease can become 
abnormal at a distal location without indicating flow-limiting stenosis, which depends 
strongly on HU values. CT-FFR values measured distally should always be interpreted 
in combination with the CCTA images. 
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INTRODUCTION

Coronary computed tomography angiography (CCTA) has become an accepted imaging 
technique for the evaluation of coronary artery disease (CAD), showing high sensitivity 
and negative predictive value. However, the specificity is low and the  functional 
significance of a stenosis is often overestimated(1–5). Therefore, additional non-invasive 
functional assessment of coronary artery stenosis has been increasingly used for the 
evaluation of CAD(6–8).

CCTA derived fractional flow reserve (CT-FFR) is a new method that provides non-
invasive information on the functional significance of coronary artery stenosis. It 
has been clinically validated by matching the point of CT-FFR measurement to that 
of the respective invasive FFR value acquired during invasive coronary angiography 
(ICA). Several studies show the higher discriminatory accuracy of CT-FFR compared 
to invasive FFR in detecting hemodynamically significant stenosis (9–13). However, 
one major aspect of CT-FFR that has not been taken into account is that CT-FFR 
calculates FFR values throughout the coronary tree for arteries down to 1.5 mm in 
diameter. Strikingly, the transition from the validation of the measurements to its 
clinical implementation lacks a fundamental piece of data. The use of coronary CT-FFR 
as a standalone diagnostic modality requires establishing the optimal location of the 
CT-FFR measurement and the profile of CT-FFR values in normal coronary arteries. 
Several publications discuss the optimal location of CT-FFR (14–17), however, none have 
yet described the course of CT-FFR values in normal coronary arteries and the effect 
location and lumen area can have on CT-FFR values independent of the presence of 
disease. 

Therefore, the purpose of this study was to evaluate CT-FFR values in normal coronary 
arteries and to investigate the effect of measurement location and lumen area changes 
on CT-FFR values. 

METHODS

Patients
We retrospectively selected patients who underwent coronary calcium imaging 
and CCTA for the suspicion of coronary artery disease or as part of a triple rule out 
examination between January 2016 and June 2018. Only patients with a coronary 
calcium score (CACS) of zero and a negative CCTA, meaning no atherosclerotic plaque, 
were included. Patients with other cardiac issues, such as coronary anomalies, atrial 
or ventricular enlargement, cardiomyopathies, and valve replacements were excluded. 
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Patients in which one of the three coronaries was not analyzable for various reasons 
were also excluded. 

Demographic parameters and clinical risk factors were recorded for all patients 
including: age, gender, race, history of diabetes, hypertension, dyslipidemia, and 
smoking history.

Imaging Protocol
All patients underwent CT imaging with a third-generation dual-source CT system 
(SOMATOM Force, Siemens Healthcare) with the following parameters: 70-130kV 
tube potential automatically selected using an automated tube-voltage selection 
algorithm (CARE kV, Siemens), 200-650mAs tube current-time product, 0.25s gantry 
rotation time, 2x192x0.6mm detector collimation with a z-flying focal spot. The CCTA 
acquisition was performed with a prospectively ECG-triggered sequential acquisition 
in the case of hearts rates above 60 beats/min, or with a high-pitch spiral acquisition in 
the case of heart rates under 60 beats/min. A retrospective ECG gated acquisition was 
used in the case of arrhythmias.

CCTA was performed after administering 50–80 mL of iodinated contrast material 
with a concentration of 300–370 mg I/mL at a flow rate of 4-5 mL/s. 

Image analysis
All CCTA images were assessed for image quality on a 4-point Likert scale, with 1 
representing poor image quality and 4 representing excellent image quality. Patients 
with good and excellent image quality were included.

CCTA datasets were reconstructed with a section thickness of 0.75 mm and 0.5 mm 
increments and a vascular reconstruction kernel (Bv40) at the optimal phase.

CT-FFR was computed using an on-site prototype application (cFFR version 3.0, 
Siemens Healthineers, not currently commercially available). With this software, a 
three-dimensional coronary model was semi-automatically segmented, allowing for 
manual adjustments if necessary. CT-FFR profiles were generated for the left anterior 
descending (LAD), left circumflex (Cx), and right coronary artery (RCA). The left main 
coronary artery was excluded.  CT-FFR values were recorded for each vessel at three 
different locations: proximal, mid, and distal, according to the AHA-segmentation. A 
threshold of <0.75, for hemodynamically significant CT-FFR values, was used based 
on previous literature. At each CT-FFR measurement location, the lumen area and HU 
value of the lumen were measured. A lumen area ratio and HU ratio were calculated 
using the ratio between the proximal and mid segment measurements and between the 
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proximal and distal segment measurements. Readings of contrast attenuation, lumen 
area, and CT-FFR were all done in the same session to ensure similar measurement 
locations.

Statistical analysis
Continuous variables are represented as a mean (SD) or median (interquartile range 
[IQR]), depending on their distribution (tested with Shapiro Wilks test). Categorical 
data are displayed as absolute frequencies (n) and proportions (%). Comparisons were 
made between patients and coronary arteries with and without abnormal CT-FFR 
values using an independent student t-test. All coronary arteries and measurement 
locations (proximal, mid, and distal) were compared separately.  A multivariate 
regression analysis was run to test which variables contributed to the prediction of CT-
FFR corrected for measurement location .A p-value <0.05 was considered statistically 
significant. Statistical analyses were conducted using SPSS version 23 (IBM, Armonk, 
New York).

RESULTS

A total of 106 patients with a mean age of 54 (SD 11) were included. Of these 106 
patients, 73 (60%) were female. Table 1 shows an overview of demographic data. 
Analysis resulted in 318 coronary arteries with corresponding CT-FFR, as well as lumen 
area and HU measurements in the proximal, mid, and distal segments. An overview 
of CT-FFR and lumen areas of all three coronaries at the different locations are found 
in Table 2. An overall 90 (28%) coronary arteries in 63 (60%) patients had CT-FFR 
values <0.75. In 43 (40%) patients, no abnormal CT-FFR value was measured in any of 
the coronary arteries. 40 (38%) patients had an abnormal CT-FFR value in one of the 
coronary arteries, 19 (18%) had abnormal CT-FFR values in two coronary arteries, and 
4 (4%) had abnormal CT-FFR values in all three coronary arteries. The patients with 
an abnormal CT-FFR value in any of the coronary arteries had a significantly higher 
BMI (31.8, SD 5.9) compared to patients with no abnormal CT-FFR values (27.4, SD 4.7, 
p-value <0.001).
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Figure 1, shows the trends of HU measurements and lumen area measurements from 
proximal to distal locations for the patients with and without abnormal CT-FFR values. 
In 67 (63%)  patients, the LAD had CT-FFR values >0.75 at every measurement point, 
with a proximal mean CT-FFR value of 0.97 (SD 0.03) that declined to 0.81 (SD 0.11) 
at the distal LAD. In 39 (37%) patients, the LAD had CT-FFR values <0.75, with a 
decrease in CT-FFR from 0.97 (SD 0.04) proximally to 0.62 (SD 0.10) distally. Of those 
39 patients, 7 had an abnormal CT-FFR value in the mid LAD segment and all other 
abnormal values were measured in the distal segment. The Cx shows only a limited 
number of patients with CT-FFR values <0.75 (n=16, 15%), all measured at the distal 
segment, with a decrease in CT-FFR values from 0.96 (SD 0.04) proximally to 0.65 ( SD 
0.09) distally. The RCA shows results similar to the LAD, with 70 (66%) patients with 
all CT-FFR values >0.75 and 36 (34%) patients with CT-FFR <0.75, with distal mean 
CT-FFR values of 0.61 (SD 0.12) compared to proximal mean CT-FFR values of 0.98 (SD 
0.02). Of the 36 patients with abnormal CT-FFR values in the RCA, 5 had an abnormal 
value measured in the mid segment, whereas all other abnormal values were measured 
in the distal segment of the RCA.

Table 1: Patient characteristics

All patients
(n=106)

Normal  CT-FFR
(n=43)

Abnormal CT-FFR
(n=63)

Age, years 53.5±10.9 54.8±58 52.8±10.6
Male 33 (27) 12 (28) 21 (33.3)
BMI, kg/m2 29.9 (5.8) 27.4 (4.7) 31.8 (5.9)*
Race
Caucasian
Afro-American
Other

69 (57)
29 (24)
6 (5)

29 (67)
11 (25)
2 (5)

40 (64)
18 (29)
4 (6)

Hypertension 33 (27) 12 (28) 21 (33)
Hyperlipidemia 36 (30) 15 (35) 21 (33)
Diabetes 23 (19) 8 (22) 15 (24)
Smoking 20 (16) 7 (16) 13 (21)

Data is presented as mean (SD) or n (%). * indicates significant difference between the normal and abnormal CT-FFR 
group (p-value <0.05)

Independent of measurement location, the LAD lumen area does not show any significant 
difference between patients with or without an abnormal CT-FFR measurement. For 
all patients with an abnormal CT-FFR value in the LAD, the HU values at the distal 
segment (169, SD 71) were significantly lower than vessels without an abnormal CT-FFR 
value (267, SD 87) with a p-value <0.001. For the distal measurement location, both the 
lumen area ratio and the HU ratio were significantly different between patients with 
and without an abnormal CT-FFR value (p-values 0.021 and <0.001, respectively).
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In contrast to the LAD, the proximal lumen area of the Cx was significantly lower in 
patients with an abnormal Cx CT-FFR value (4.21, SD 1.27) than in patients with normal 
CT-FFR values (6.23, SD 3.44, p-value 0.017). The difference in lumen area was not 
present at the mid and distal segment locations. Additionally, the lumen ratio showed 
no significant difference in any of the locations. Analysis of the HU values in the Cx 
vessels showed a significant difference in HU values at the distal segment between 
coronary arteries with (222, SD 58) and without (277 (91)) an abnormal CT-FFR value 
(p-value 0.025). Besides the difference in absolute HU values, the HU ratio also showed 
a significant difference of 0.80 (SD 0.16) and 0.68 (SD 0.22) between Cx arteries with 
normal and abnormal CT-FFR values (p-value 0.009).

For the RCA, independent of the measurement location, the lumen area and the lumen 
area ratio did not show any significant differences between patients with or without an 
abnormal CT-FFR measurement. In all locations, the RCA showed significantly lower 
HU values (p-value <0.001) in the abnormal CT-FFR coronary arteries with HU values 
of 302 (SD 136), 272 (SD 96), and 196 (SD 61) when compared to the normal CT-FFR 
coronary arteries with HU values of 402 (SD 133), 374 (SD 128), and 347 (SD 129) for the 
proximal, mid, and distal segments, respectively. For the distal location, the HU ratio 
was also significantly different, with a decreased ratio of 0.71 (SD 0.29) in vessels with 
an abnormal CT-FFR value compared to 0.86 (SD 0.16) in patients with normal CT-FFR 
values (p-value 0.002). An overview of these results is given in Table 2.

Figure 2 shows two examples of patients with CCTA and CT-FFR images.

A multiple regression was run to predict CT-FFR from HU-values and lumen area, 
corrected for measurement location. These variables statistically significantly predicted 
CT-FFR, F(3, 923) = 270.545, p < .001, R2 = .468. The HU variable added statistically 
significantly to the prediction, p < .05, where lumen area gave borderline significant 
p-values (0.042).
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Figure 2: The first row shows a patient with normal CT-FFR values throughout the coronary tree 
and no decrease in contrast attenuation. The second row shows a patient with an abnormal CT-
FFR value in the LAD, corresponding to a decrease in attenuation with a ratio of 0.44 on the CCTA 
images from proximal to distal. The LAD from both patients show a similar decrease in lumen area.

DISCUSSION

This study reports on CT-FFR profiles in the coronary arteries of patients without 
coronary artery disease, where CT-FFR is measured throughout the coronary arteries, 
and evaluates the relationship between decreasing CT-FFR values, lumen area, and 
HU values. The results show that 90 (28%) coronary arteries in 63 (60%) patients had 
CT-FFR values <0.75 in a population without any stenosis. This decrease in CT-FFR 
was independent of lumen area but has shown to be highly related to overall low HU 
values and a steep decrease in HU values from proximal to distal, compared to patients 
without abnormal CT-FFR values.
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Other studies on location in diagnostic studies focused mainly on the optimal location 
to measure CT-FFR compared to either invasive FFR or perfusion studies. A study 
by Solecki et al. evaluated 73 patients by measuring CT-FFR at multiple locations, 
determined as either the distance from the lesion of interest or as a multiple of the 
reference vessel diameter distal to the minimum lumen area, with stress MRI perfusion 
as the reference standard (15). One of the measurement locations was the most distal end 
of the coronary artery, resulting in the lowest absolute CT-FFR values compared to the 
other locations as well as the lowest diagnostic accuracy. The distal measurement point 
showed a lower specificity and positive predictive value compared to more proximal 
measurement locations, indicating that the distal measurements led to an increased 
number of false positives. This is confirmed by our study results and described in a 
short review paper by Rabbat et al. about CT-FFR calculated using computational fluid 
dynamics. Another study done by Cami et al., published as an abstract only, evaluated 
729 patients with varying stenosis severity grades(16). They also concluded that CT-
FFR declines from  proximal to distal, and has two different components, one stenosis 
specific and one unrelated to the stenosis, that are present in patients without any 
stenosis. Kueh et al. compared the stenotic specific CT-FFR and lowest CT-FFR values 
in 192 patients, with results showing that 44% of patients with the lowest abnormal 
CT-FFR value were reclassified as normal when stenotic specific CT-FFR values were 
used (17). 

The added value of doing the evaluation of CT-FFR measurements at various locations 
along the vessel is that it enables us to separate the effect of stenosis related decreases in 
CT-FFR values and investigate the causes of non-stenosis related decreases in CT-FFR. 
It is important to determine whether CT-FFR value drops  indicate necessary stenosis 
treatment or are the result of other causes, such as a decrease in HU values proximal to 
distal, as demonstrated in the current study. We have to emphasize that distal stenoses 
are not likely to be treated by stenting due to the vessel diameter and limited effect on 
myocardial blood flow. However, it is important to distinguish whether the decrease 
is a delayed effect of a more proximal stenosis or whether it is caused by a decrease in 
HU values. The effect of measurement location could have an influence on the accuracy 
of CT-FFR measurement, taking into account the proximal to distal changes could 
provide additional information and increase accuracy  especially in this so called grey 
zone, CT-FFR values around 0.70-0.80.

The axial decrease in HU values, also known as the transluminal attenuation gradient 
(TAG), has been investigated in multiple studies as a parameter to add flow information 
to CCTA analysis. Research on TAG as a parameter to predict myocardial ischemia has 
shown varying results(18–21). A study by Bom et al. on 557 patients with PET perfusion 
as a reference showed that TAG has no added value when compared to CCTA alone (21). 
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Whereas, Wong et al. showed that TAG has a sensitivity of 77% and a specificity of 74% 
compared to invasive FFR and adds incremental value to CCTA analysis alone (20). 
Bom et al. also shows that a decreasing diameter gradient does not predict ischemia.  
Although the TAG may have a limited function as an independent parameter, this study 
shows that TAG, even it not caused by a stenosis, can have an effect on the functional 
analysis.  A reason for the decrease in HU values could be the short time of acquisition 
in the recently developed scan modes. Shorter acquisition times as well as capturing 
the proximal and distal parts of the coronaries at the same time does not allow for 
the dispersion of contrast to the distal parts. Further research should investigate the 
impact of these fast acquisition times.

Several limitations of this study need to be discussed. Patients in this study were selected 
based on negative test results, however, there is still a small chance these patients have 
some cardiac issues that were not detected on CACS or CCTA images. This study only 
includes patients from a single center using a high-end scanner with extensive cardiac 
imaging and CT-FFR expertise, and results may not be generalizable to other institutes. 
Future studies should be done to investigate the effect of false positive distal CT-FFR 
values and proximal to distal HU decreases on the clinical implementation of CT-FFR.

In conclusion, CT-FFR values can become abnormal at a distal location without 
indicating flow-limiting stenosis and are strongly influenced by a decrease in HU 
values. CT-FFR values measured distal should always be interpreted in combination 
with the CCTA images. 
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ABSTRACT

Objective: To investigate the relationship between functional parameters obtained 
from CTMPI and CT-FFR in the same patient at various measurement locations.

Methods: We included patients who underwent CT-FFR analysis as well as dynamic 
CTMPI. On-site CT-FFR was computed for each coronary artery at proximal, mid and 
distal segments. Myocardial perfusion was analyzed per vessel territory in the basal, 
mid and apical left ventricle, by calculating myocardial blood flow (MBF) and MBF 
index (MBFi), the ratio between territory MBF and global MBF. Correlations between 
CT-FFR, MBF, and MBFi were analyzed with Pearson’s correlation coefficients for all 
three territories and for the proximal, mid, and distal CT-FFR locations. Differences in 
perfusion values between patients with positive (<0.75) and negative CT-FFR values at 
different vessel locations were evaluated. 

Results: A total of 100 patients were included for analysis. The CT-FFR and MBFi 
values in the left anterior descending territory showed low to moderate correlation 
(0.25-0.53), with highest correlation mid-coronary. The CT-FFR and MBFi values from 
the circumflex territory and right coronary artery territory exhibited the same trend 
although the mean correlation was lower (0. 25-0.36 and 0.27-0.31, respectively). Overall, 
significant proximal and mid stenosis according to CT-FFR, resulted in a significant 
decrease in MBF and MBFi, whereas distal stenosis did no results in a decrease in MBF.

Conclusion: Our study provides evidence that CT-FFR and MBFi correlate only 
moderately. Depending on the measurement location of CT-FFR, a significant CT-FFR 
value reflects a decrease in myocardial perfusion. 
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INTRODUCTION

Coronary computed tomography angiography (CCTA) has become a widely accepted 
imaging technique for the evaluation of coronary artery disease (CAD)(1,2). However, 
CCTA is known to be a poor predictor of the functional significance of a stenosis with 
a tendency to overestimate stenosis severity (3–5). Therefore, non-invasive functional 
parameters have been gaining interest and are being increasingly used for the 
assessment of CAD (6).

Non-invasive coronary fractional flow reserve (FFR) derived from CCTA studies (CT-
FFR) is a recent development in the field of functional parameters. CT-FFR offers the 
possibility of assessing the functional significance of coronary stenoses without the 
need for an additional image acquisition(7,8).  Additionally, no pharmacological stressor 
agent is necessary, as is often the case in perfusion imaging. Several studies show high 
discriminatory accuracy of CT-FFR in detecting hemodynamically significant stenoses 
when compared to invasive FFR (9–13). Although diagnostic accuracy is high, the 
diagnostic accuracy of CT-FFR compared to invasive FFR decreases in the so called 
grey zone. (12,14).

Another promising functional parameter is myocardial blood flow (MBF), calculated 
with dynamic CT myocardial perfusion imaging (CTMPI) during pharmacologically 
induced hyperemia. Dynamic CTMPI offers the unique possibility of absolute 
quantification of MBF and the ability to anatomically and functionally assess coronary 
artery stenoses using a single modality. Multiple studies show excellent accuracy of 
CTMPI in assessing the functional significance of a stenosis (15–20).

Whereas CT-FFR estimates the pressure difference caused by a stenosis with the 
assumption that if the difference is large enough it will cause decreased MBF, dynamic 
CT perfusion directly measures MBF thereby taking into account other contributing 
causes of decreased myocardial perfusion such as microvascular disease. Although CT-
FFR and MBF are related to each other, there is no direct relationship between the two 
and many factors can influence the FFR-perfusion correlation(21). A major factor that 
could influence the correlation between CT-FFR and MBF is the measurement location 
of CT-FFR (22). 

The purpose of this study was to evaluate the correlation between CT-FFR, measured at 
different locations, and dynamic CTMPI derived myocardial blood flow.
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METHODS

Population
The population for this study was enrolled in a multicenter registry. A portion of this 
study population has been previously reported on (16). However, CT-FFR analysis was 
not performed and the relationship between CT-FFR and MBF was not evaluated.

All patients in the multicenter registry had suspected or known CAD. Patients were 
excluded if they had contraindications to CT, iodinated contrast medium, or adenosine. 
Demographic parameters and baseline clinical risk factors were recorded for all patients 
including: age, sex, history of diabetes, hypertension and dyslipidemia, smoking 
history, and family history of CAD. The institutional review boards of all participating 
institutions approved the respective research study protocols, and written informed 
consent was obtained from all patients prior to inclusion.

From this multicenter registry, we selected data from patients who had undergone 
CCTA and dynamic CTMPI and had both data sets available for analysis. Patients with 
a history of CAD that required intervention such as stents and bypasses, patients with 
coronary anomalies or poor image quality in either the CCTA or the dynamic CTMPI 
studies were excluded from analysis.

Imaging protocols
All patients underwent CT imaging with a second-generation dual-source CT system 
(SOMATOM Definition Flash, Siemens Healthineers, Forchheim, Germany). CCTA 
was performed after administering 50–80 mL of iodinated contrast material with a 
concentration of 300–370 mg I/mL at a flow rate of 4-5 mL/s. The CCTA acquisition was 
performed with retrospective ECG gating in cases of arrhythmias, prospective ECG-
triggered sequential acquisition in case of hearts rate above 60 beats/min, or prospective 
ECG triggered high-pitch spiral acquisition in case of regular heart rate below 60 beats/
min. For the dynamic CTMPI acquisition, adenosine was administered for 3-4 minutes 
(140 μg/kg/min) before the acquisition started. The perfusion images were acquired 
after the administration of 40–50 mL of iodinated contrast agent with a concentration 
of 300–370 mg I/mL, administered at a flow rate of 4–7.5 mL/s. Perfusion imaging was 
performed for 30 seconds with an ECG-triggered shuttle mode (two alternating table 
positions) with a systolic image acquisition (250 ms after the R wave). The following 
scan parameters were used: Both x-ray tubes were set at 100 kV, gantry rotation time of 
0.28 seconds, and tube current of 300 mAs per rotation. 
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Image analysis 
All CCTA and CTMPI images were assessed by a radiologist with experience in cardiac 
imaging for image quality on a 4-point Likert scale (1- poor image quality, 4-excellent 
image quality). Patients with poor image quality were excluded from analysis.

CT-FFR
CT-FFR was computed using an on-site prototype application (cFFR version 3.0, Siemens 
Healthineers, not currently commercially available). A three-dimensional coronary 
model was semi-automatically segmented with this software. Manual adjustments 
were made if necessary.  CT-FFR values were recorded for each vessel at three different 
locations: proximal, mid, and distal according to the AHA-segmentation. If there was a 
stenosis at the measurement location, the CT-FFR was measured distal to the stenosis. 
A CT-FFR value <0.75 was considered hemodynamically significant.

Dynamic CT Perfusion
CTMPI studies were analyzed using a dedicated software package (Volume Perfusion 
CT body, Siemens Healthineers). Motion correction was applied to all images before 
quantitative analysis was performed. MBF was calculated using the tissue attenuation 
curves (TAC) and the arterial input function (AIF) using a combination of a two-
compartment and upslope model. The AIF was sampled in the descending aorta. 
Images were used from both table positions, creating a double sampled AIF to increase 
accuracy. MBF maps were reconstructed as color-coded images (slice thickness 3.0 
mm, increment 1.5 mm). MBF was evaluated on a per segment basis, according to the 
17-segment AHA model, with exclusion of the 17th segment. After the segmentation, 
each segment was attributed to a vessel territory for the basal, mid and apical slice to 
correspond with the CT-FFR measurements, taking into account the coronary artery 
dominance. A myocardial perfusion index (MBFi) was calculated as the ratio between 
territory and global MBF to account for inter-patient differences in MBF. 

Statistical analysis
Continuous variables are represented as mean (SD) or median (interquartile range 
[IQR]), depending on their distribution (tested with Shapiro Wilks test). Categorical 
data is displayed as absolute frequencies and proportions. Correlations between CT-
FFR, MBF, and MBFI were analyzed with Pearson’s correlation coefficients for the 
different CT-FFR and perfusion locations. Different groups were created based on the 
CT-FFR values and the location of the significant stenosis. Patients with and without 
a stenosis were compared using an independent t-test. A p-value <0.05 was considered 
statistically significant. Statistical analyses were conducted using SPSS version 23 
(IBM, Armonk, New York).

chapter 6: relationship between coronary ct derived ffr and dynamic ct myocardial perfusion imaging

6



116

RESULTS

From the initial population of 124 patients with CCTA and dynamic CT perfusion 
imaging, 18 were excluded because of previously implanted stents and coronary artery 
bypass grafts, and 6 were excluded because of poor image quality, leaving 100 patients 
for analysis, see Figure 1. The included patients had a mean age of 61.2 (SD 10.1) and 
were predominantly male (75%). An overview of patient characteristics is given in 
Table 1.

Figure 1: Overview of study enrollment

Table 1: Patient characteristics 

Total
N=100

Age, (yrs) 61 (10)
Male (%) 75 (75)
BMI (kg/m^2) 25.1 (3.8)
Cardiovascular risk factors
 Hypertension 49 (49)
 Dyslipidemia 46 (46)
 Diabetes 32 (32)
 Family history of CAD 25 (25)
 History of smoking 35 (35)
 Right Dominance (%) 92 (92)

Values are given as mean± SD, n (%). A p-value<0.05 is considered significant. 
CAD: coronary artery disease 
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Absolute CT-FFR, MBF and MBFI values stratified for stenosis location
An overview of all CT-FFR, MBF, and MBFI values for the left anterior descending 
artery (LAD), circumflex artery (Cx) , and the right coronary artery (RCA) territory and 
the proximal, mid, and distal coronary segments is given in Table 2 with corresponding 
p-values.

In the LAD, Cx, and RCA territory, the coronary arteries without stenosis showed CT-
FFR values well above the functional significance threshold (>0.75), independent of the 
measurement location and corresponding to a MBF of 157 (37), 149 (30), and 144 (27) 
mL/100mL/min and an MBFI of 1.02 (0.06), 1.02 (0.06), and 0.97 (0.06) for the LAD, Cx, 
and RCA respectively.

Patients with a stenosis in the proximal segment of the LAD, CX, and RCA resulting 
in abnormal CT-FFR values (<0.75) at the stenotic segment and all segments distally, 
showed a corresponding significant decrease in MBF to 96 (6), 107 (11), and 103 (5) 
mL/100mL/min and a decrease in MBFI to 0.85 (0.03), 0.91 (0.09), and 0.81 (0.13) for the 
LAD, Cx, and RCA, respectively. The same relationship was observed in patients with 
a stenosis in the mid segment of the LAD, CX, and RCA, resulting in abnormal CT-FFR 
values (<0.75).  There was also a corresponding significant decrease in MBF to 109 (27)
and 116 (28) mL/100mL/min as well as a decrease in MBFI to 0.87 (0.13), 0.81 (0.08)and 
0.87 (0.11) for the LAD, Cx and RCA respectively. The MBF in the Cx did not show a 
decrease with a mean MBF values of 131 (51) mL/100mL/min.

In the patients with a distal stenosis, the LAD, Cx and RCA show an abnormal (≤0.75) 
mean CT-FFR value, however, without a corresponding decrease in MBF values with 
mean MBF of 135 (40), 114 (37) and 128 (43) mL/100mL/min  with p-values of 0.078, 0.081 
and 0.136 for the LAD, Cx and RCA respectively. In patients with an abnormal CT-FFR 
value, the MBFi did show a significant decrease with mean MBFi values of 0.92 (0.12), 
0.91 (0.11) and 0.89 (0.12) with all p-values ≤0.001 for the LAD, Cx and RCA respectively. 
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Table 2: CT-FFR, MBF and MBFI values for different stenosis locations

CT-FFR LAD MBF LAD p-value MBFI LAD p-value

Proximal Mid Distal

No stenosis 0.98 (0.02) 0.92 (0.05) 0.87 (0.06) 157 (37) - 1.02 (0.06) -

Proximal stenosis 0.63 (0.06)* 0.57 (0.07) 0.42 (0.06) 96(6)  0.022 0.85 (0.03) <0.001

Mid stenosis 0.94 (0.05) 0.68 (0.0.8)* 0.58 (0.13) 109 (27) <0.001 0.87 (0.13) <0.001

Distal Stenosis 0.96 (0.03) 0.88 (0.05) 0.69 (0.08)* 135 (40) 0.078 0.92 (0.12) <0.001

CT-FFR Cx MBF Cx MBFI Cx

Proximal Mid Distal

No stenosis 0.97 (0.03) 0.94 (0.04) 0.89 (0.06) 149 (30) - 1.02 (0.06) -

Proximal stenosis 0.49 (0.15)* 0.47 (0.14) 0.46 (0.16) 107 (11) 0.12 0.91 (0.09) 0.002

Mid stenosis 0.95 (0.04) 0.69 (0.08)* 0.59 (0.10) 131 (51) 0.168 0.81 (0.08) 0.002

Distal Stenosis 0.96 (0.04) 0.87 (0.08) 0.73 (0.11)* 114 (37)  0.081 10.91 (0.11) <0.001

CT-FFR RCA MBF RCA MBFI RCA

Proximal Mid Distal

No stenosis 0.98 (0.01) 0.94 (0.04) 0.89 (0.05) 144 (27) - 0.97 (0.06) -

Proximal stenosis 0.72 (0.02)* 0.67 (0.03) 0.67 (0.15) 103 (5)  0.006 0.81 (0.13)  <0.001

Mid stenosis 0.93 (0.06) 0.69 (0.12)* 0.57 (0.14) 116 (28) 0.004 0.87 (0.11) <0.001

Distal Stenosis 0.97 (0.02) 0.92 (0.07) 0.67 (0.11)* 128 (43) 0.136 0.89 (0.12) 0.001

Values are given as mean± SD, n (%).MBF, myocardial blood flow in mL/100mL/min, MBFI, relative myocardial perfusion.* 
indicates the most proximal abnormal CT-FFR value (<0.75). The p-values indicate significant differences in MBF and 
MBFI values compared to non-stenosis arteries. A p-value<0.05 is considered significant.

Correlation between CT-FFR, MBF and MBFI
The CT-FFR and MBF values in the LAD territory showed low to moderate correlation 
(0.25-0.53) depending on the location of CT-FFR. The highest correlation (r=0.53) 
was found with CT-FFR values measured at the mid segment of the left anterior 
descending (LAD) coronary artery and the lowest correlation was found at the 
proximal level (r=0.25). The CT-FFR and MBF values in the Cx territory exhibited the 
same trend, although the mean correlation was slightly lower (0.25-0.36), with the 
highest correlation found when CT-FFR values were measured at the mid segment 
(0.33). The RCA territory showed low correlation between CT-FFR and MBF (0.28-0.31) 
with very little difference between measurement locations. Overall, MBFI showed a 
better correlation with CT-FFR than absolute MBF values, independent of location. 
In the LAD territory, CT-FFR and MBFI values showed moderate to good correlation 
(0.52-0.73) with the highest correlation with CT-FFR measured at the mid segment 
of the LAD. Again, the Cx territory showed the same trend as the LAD territory with 
correlation coefficients ranging from 0.34-0.57, and the mid segments resulted in the 
best correlation with MBFI (0.57). The RCA territory showed similar correlation trends, 
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with correlation coefficients ranging from 0.47-0.50, again with very little difference 
between measurement locations. An overview of all correlation coefficients is given in 
Table 3. Grouping all CT-FFR values between 0.70 and 0.80 in the so called grey zone 
results in a poor correlation of 0.17 (p<0.001) with MBF values. Figure 2 shows three 
examples of patients with CT-FFR and perfusion images.

Table 3: Correlation

LAD Cx RCA

Proximal Mid Distal Proximal Mid Distal Proximal Mid Distal
MBF/CT-FFR
correlation 0.25 0.53 0.46 0.25 0.33 0.36 0.27 0.27 0.31

p-value <0.001 <0.001 <0.001 0.014 0.001 <0.001 0.008 0.006 0.002
MBFI/CT-FFR
correlation 0.52 0.73 0.54 0.34 0.57 0.54 0.48 0.47 0.50

p-value <0.001 <0.001 <0.001 0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Correlation between CT-FFR, MBF and MBFI for three different CT-FRR measurement location corresponding to a basal, 
mid or apical slice from the perfusion acquisition

DISCUSSION

In this study we evaluated the relationship between CT-FFR and dynamic CTMPI derived 
MBF, and the effect of both measurement and stenosis location on this relationship. We 
demonstrated only a moderate correlation between CT-FFR, MBF, and MBFI values, 
where the mid coronary segment CT-FFR measurements show the highest correlation 
to CTMPI. MBFi values show a slightly better correlation to CT-FFR than absolute MBF 
values. Stenoses with abnormal CT-FFR values (<0.75) in the proximal and mid segment 
are most likely to result in a decrease in MBF, whereas an abnormal distal CT-FFR in 
the LAD or Cx does not necessarily result in a decrease in MBF, however, MBFi was able 
to show this difference.
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Figure 2: A-C 62 year old man with a CT-FFR value of 0.43 in the LAD (A) and a corresponding 
perfusion defect in the anteroseptal wall of the left ventricle (B-C) with MBF of 51 mL/100mL/min 
and an MBFI of 0.21. D-F 36 year old man with CT-FFR values of 0.67, 0.85, and 0.79 for the LAD, Cx 
and RCA (D), respectively, with a CTMPI study showing no perfusion defects with an average MBF 
of 240 mL/100mL/min and an average MBFI of 0.99 (E-F). G-E 65 year old man with known HCM. 
The CT-FFR values for all three main coronaries are above 0.75 (G) and no stenosis is seen on CCTA, 
while CTMPI shows a global decrease in MBF with an average MBF value of 67 mL/100mL/min and 
an MBFI which does not reflect this decrease of 0.98 (H-I).

Invasive FFR measures the pressure drop across a stenosis and is an indirect measure of 
coronary blood flow. Although invasive FFR and coronary blood flow measurements are 
correlated, they are not entirely analogous. Several studies have shown a discrepancy 
between FFR measurements, PET coronary flow reserve (CFR), and myocardial perfusion 
using PET.  Johnson et al. showed that there is only a modest correlation between 
invasive coronary flow reserve (CFR) and FFR (r =0.34). Similarly, CFR derived by PET 
shows a modest correlation with stress PET relative tracer uptake (r =0.36) (26).  A study 
by Arena et al. (27) demonstrated that although FFR values >0.8, correlate well with 
CFR values, pathological FFR values <0.8 correlate poorly with CFR values. Decreased 
CFR values positively identified coronary stenosis causing myocardial ischemia as 
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determined by PET imaging, while FFR values did not. This discordance between CFR, 
FFR, and myocardial ischemia underlines the differences in measurement techniques 
and emphasizes that measurements of flow, pressure, and perfusion capture different 
aspects of CAD pathophysiology. Our results using CT as a modality instead of PET are 
in accordance with these findings. 

Comparing CT-FFR with CTMPI for the detection of hemodynamically significant 
lesions, Coenen et al. demonstrated similar diagnostic performance of CT-FFR 
and (relative) MBF with reported accuracies of 70% for both. They also stated that 
combined interpretation MBFi improves diagnostic performance significantly (14). 
However, they show that in 42% of measurements CT-FFR and CT perfusion did not 
agree. An interesting phenomenon is the CT-FFR grey zone. Multiple studies have 
shown a decrease in accuracy from 70-86% to 55-68% when CT-FFR values are around 
the significance threshold (12,14). Coenen et al. shows that the diagnostic accuracy of 
CT-FFR values between 0.74 and 0.85 decreases to only 55%, where this would increase 
to 77% if dynamic CTMPI was used (14). This is reflected by the poor correlation shown 
in this study (0.17) between CT-FFR and MBF values in patients who have a CT-FFR 
value in the grey zone.

Invasive FFR and CT-FFR have proven to correlate very well (9,11,28). However, 
invasive FFR measurements are limited to larger vessel diameters, while CT-FFR can 
be calculated throughout the coronary tree.  The inability to measure invasive FFR 
in vessels with small diameters results in a lack of data on the accuracy of distally 
measured CT-FFR values.  Our study shows that distally measured CT-FFR values do 
not correlate very well with apical blood flow. One reason could be the inaccuracy of 
CT-FFR in arteries with small diameters. It could also be the effect of microvascular 
disease. A study on invasive FFR and CFR states that a reduction in CFR with near 
unity FFR in the distal artery (<5mm) is an indication for microvascular disease (26). 
Whereas FFR intends to measure pressure differences across a specific stenosis, CFR 
is a flow measurement and is able to detect not only lesion specific ischemia but also 
other causes of reduced flow. Our study shows a similar comparison by which CT-FFR 
measures lesion specific ischemia and dynamic CTMPI enables the detection of global 
ischemia and microvascular disease (29). The high prevalence of diabetes (32%) and 
hypertension (49%) in our study population may have caused a decrease in our global 
perfusion measurements and could have a negative effect on the correlation between 
CT-FFR and MBF and MBFI. A previous study by Vliegenthart et al. confirmed that 
dynamic CTMPI is able to identify early changes in global perfusion in conditions such 
as diabetes and hypertension (29). 
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Solecki et al. investigated the optimal anatomic location for CT-FFR measurements 
with cardiac perfusion MRI as the reference standard (22). They show that the distal 
vessel shows the lowest diagnostic accuracy compared to more proximal measured CT-
FFR values. Ours confirm their results, where a positive distal CT-FFR in the LAD, Cx 
and RCA did not correspond to a decrease in MBF values. Although proximal measured 
CT-FFR and basal MBF/MBFi measurements show a low correlation too, in these cases 
it could be that this is caused by the perfusion defects showing in the mid or distal 
slice, since a significant drop in MBF is still detected. The low number of patients with 
a proximal stenosis could also effect this correlation. In this study MBFi, however 
was able to pick up on distal perfusion defects correlated to abnormal distal CT-FFR 
values. Another reason for the poor relationship between distal significant CT-FFR 
values and myocardial perfusion is the fact that distal stenoses have less effect on the 
flow distributed to the entire myocardium compared to more proximal stenosis and 
therefore have less of an influence on myocardial perfusion values such as MBF and 
MBFI, resulting in only a limited correlation. For this reason, this study calculated MBF 
and MBFi for the basal, mid and apical slice, to correspond to proximal, mid and distal 
CT-FFR location and avoid the averaging out of small defects. This could attribute to 
the better results obtained distally by MBFi, compared to other studies.

On the basis of the known heterogeneity of MBF between patients during 
pharmacological stress (30), we also applied a normalized MBF to correct for interpatient 
differences. Several studies on dynamic CTMPI have shown that relative measurements 
of MBF, rather than absolute MBF values, are more suitable to diagnose significant CAD 
(24,25,30). In accordance with these prior findings, our results show that MBFi values 
have a higher correlation with CT-FFR than absolute MBF. 

Several limitations of this investigation need to be discussed. First, all coronary arteries 
were analyzed with respect to the corresponding myocardial territory. The relationship 
between vessels and territories for individual patients was not taken into account. 
Coronary arteries and perfusion territories were matched as described by several 
guidelines, but discrepancies cannot be fully avoided. The CT-FFR software used in 
this study is a prototype and is not currently clinically available. Generalization of 
our results to CT systems and software from other vendors remains elusive and needs 
further investigation. Further research needs to be done on the clinical implication of 
the differences in CT-FFR and myocardial perfusion. Different types of patients could 
benefit from different diagnostic work-up, since both techniques have their strengths 
and limitations. CT-FFR specifically looks at lesion specific causes for myocardial 
ischemia offering direct relation with potential interventions while myocardial 
perfusion look at a combination of causes for myocardial ischemia with the possibility 
to also detect microvascular disease.
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In conclusion, our study provides evidence that although CT-FFR and MBF/MBFI 
parameters are both useful to assess hemodynamically significant changes in CAD, 
CT-FFR and dynamic CTMPI parameters correlate only moderately. This indicates that 
both techniques highlight different aspects of CAD. Depending on the measurement 
location of CT-FFR, a significant CT-FFR value reflects changes in myocardial perfusion, 
with an MBF index parameter showing better correlation than absolute MBF values.  

chapter 6: relationship between coronary ct derived ffr and dynamic ct myocardial perfusion imaging

6



124

REFERENCES

1.  Maroules CD, Rajiah P, Bhasin M, Abbara S. Growing Evidence for Coronary Computed Tomography 
Angiography as a First-line Test in Stable Chest Pain. J Thorac Imaging [Internet]. 2018;00(00):1. 
Available from: http://insights.ovid.com/crossref?an=00005382-900000000-99562

2.  Erthal F, Premaratne M, Yam Y, Chen L, Lamba J, Keenan M, et al. Appropriate Use Criteria for 
Cardiac Computed Tomography: Does Computed Tomography Have Incremental Value in All 
Appropriate Use Criteria Categories? J Thorac Imaging. 2018 Mar;33(2):132–7. 

3.  Miller JM, Rochitte CE, Dewey M, Arbab-Zadeh A, Niinuma H, Gottlieb I, et al. Diagnostic 
Performance of Coronary Angiography by 64-Row CT. N Engl J Med [Internet]. 2008;359(22):2324–
36. Available from: http://www.nejm.org/doi/abs/10.1056/NEJMoa0806576

4.  Meijboom WB, Meijs MFL, Schuijf JD, Cramer MJ, Mollet NR, van Mieghem CAG, et al. 
Diagnostic Accuracy of 64-Slice Computed Tomography Coronary Angiography. A Prospective, 
Multicenter, Multivendor Study. J Am Coll Cardiol [Internet]. 2008;52(25):2135–44. Available 
from: http://dx.doi.org/10.1016/j.jacc.2008.08.058

5.  Meijboom WB, Van Mieghem CAG, van Pelt N, Weustink A, Pugliese F, Mollet NR, et al. 
Comprehensive Assessment of Coronary Artery Stenoses. Computed Tomography Coronary 
Angiography Versus Conventional Coronary Angiography and Correlation With Fractional 
Flow Reserve in Patients With Stable Angina. J Am Coll Cardiol [Internet]. 2008;52(8):636–43. 
Available from: http://dx.doi.org/10.1016/j.jacc.2008.05.024

6.  Vliegenthart R, Henzler T, Moscariello A, Ruzsics B, Bastarrika G, Oudkerk M, et al. CT of 
coronary heart disease: Part 1, CT of myocardial infarction, ischemia, and viability. Am J 
Roentgenol. 2012;198(3):531–47. 

7.  Benton SMJ, Tesche C, De Cecco CN, Duguay TM, Schoepf UJ, Bayer RRII. Noninvasive 
Derivation of Fractional Flow Reserve From Coronary Computed Tomographic Angiography: 
A Review. J Thorac Imaging [Internet]. 2018;33(2). Available from: https://journals.lww.
com/thoracicimaging/Fulltext/2018/03000/Noninvasive_Derivation_of_Fractional_Flow_
Reserve.4.aspx

8.  Schwartz FR, Koweek LM, Nørgaard BL. Current Evidence in Cardiothoracic Imaging. 
J Thorac Imaging [Internet]. 2018;00(00):1. Available from: http://insights.ovid.com/
crossref?an=00005382-900000000-99554

9.  Baumann S, Wang R, Schoepf UJ, Steinberg DH, Spearman J V., Bayer RR, et al. Coronary CT 
angiography-derived fractional flow reserve correlated with invasive fractional flow reserve 
measurements – initial experience with a novel physician-driven algorithm. Eur Radiol. 
2015;25(4):1201–7. 

10.  Min JK, Leipsic J, Pencina MJ, Berman DS, Koo B-K, van Mieghem C, et al. Diagnostic Accuracy 
of Fractional Flow Reserve From Anatomic CT Angiography. Jama [Internet]. 2012;308(12):1237. 
Available from: http://jama.jamanetwork.com/article.aspx?doi=10.1001/2012.jama.11274

11.  Coenen A, Lubbers MM, Kurata A, Kono A, Dedic A, Chelu RG, et al. Fractional Flow Reserve 
Computed from Noninvasive CT Angiography Data: Diagnostic Performance of an On-
Site Clinician-operated Computational Fluid Dynamics Algorithm. Radiology [Internet]. 
2015;274(3):674–83. Available from: http://pubs.rsna.org/doi/10.1148/radiol.14140992

12.  Kruk M, Wardziak Ł, Demkow M, Pleban W, Pręgowski J, Dzielińska Z, et al. Workstation-
Based Calculation of CTA-Based FFR for Intermediate Stenosis. JACC Cardiovasc Imaging. 
2016;9(6):690–9. 

13.  Renker M, Schoepf UJ, Wang R, Meinel FG, Rier JD, Bayer RR, et al. Comparison of diagnostic 
value of a novel noninvasive coronary computed tomography angiography method versus 
standard coronary angiography for assessing fractional flow reserve. Am J Cardiol [Internet]. 
2014;114(9):1303–8. Available from: http://www.ncbi.nlm.nih.gov/pubmed/25205628

part 2: coronary flow analysis



125

14.  Coenen A, Rossi A, Lubbers MM, Kurata A, Kono AK, Chelu RG, et al. Integrating CT Myocardial 
Perfusion and CT-FFR in the Work-Up of Coronary Artery Disease. JACC Cardiovasc Imaging. 
2016;(2014). 

15.  Wang Y, Qin L, Shi X, Zeng Y, Jing H, Schoepf UJ, et al. Adenosine-stress dynamic myocardial 
perfusion imaging with second-generation dual-source CT: Comparison with conventional 
catheter coronary angiography and SPECT nuclear myocardial perfusion imaging. Am J 
Roentgenol. 2012;198(3):521–9. 

16.  Meinel FG, Pugliese F, Schoepf UJ, Ebersberger U, Wichmann JL, Lo GG, et al. Prognostic 
value of stress dynamic myocardial perfusion CT in a multicenter population with known or 
suspected coronary artery disease. Am J Roentgenol. 2017;208(4):761–9. 

17.  Varga-Szemes A, Meinel FG, De Cecco CN, Fuller SR, Bayer RR, Joseph Schoepf U, et al. CT 
myocardial perfusion imaging. AJR Am J Roentgenol. 2015;204(3):487–97. 

18.  Bamberg F, Marcus RP, Becker A, Hildebrandt K, Bauner K, Schwarz F, et al. Dynamic 
myocardial CT perfusion imaging for evaluation of myocardial ischemia as determined by MR 
imaging. JACC Cardiovasc Imaging [Internet]. 2014;7(3):267–77. Available from: http://dx.doi.
org/10.1016/j.jcmg.2013.06.008

19.  Rossi A, Merkus D, Klotz E, Mollet N, de Feyter PJ, Krestin GP. Stress myocardial perfusion: 
imaging with multidetector CT. Radiology [Internet]. 2014;270(1):25–46. Available from: http://
www.ncbi.nlm.nih.gov/pubmed/24354374

20.  Danad I, Szymonifka J, Schulman-Marcus J, Min JK. Static and dynamic assessment of 
myocardial perfusion by computed tomography. Eur Hear J – Cardiovasc Imaging [Internet]. 
2016;jew044. Available from: http://ehjcimaging.oxfordjournals.org/lookup/doi/10.1093/ehjci/
jew044

21.  Stillman AE, Oudkerk M, Bluemke DA, de Boer MJ, Bremerich J, Garcia E V., et al. Imaging the 
myocardial ischemic cascade. Int J Cardiovasc Imaging [Internet]. 2018;0(0):0. Available from: 
http://link.springer.com/10.1007/s10554-018-1330-4

22.  Solecki M, Kruk M, Demkow M, Schoepf UJ, Reynolds MA, Wardziak Ł, et al. What is the 
optimal anatomic location for coronary artery pressure measurement at CT-derived FFR? J 
Cardiovasc Comput Tomogr. 2017;11(5):397–403. 

23.  Meinel FG, Pugliese F, Schoepf UJ, Ebersberger U, Wichmann JL, Lo GG, et al. Prognostic 
value of stress dynamic myocardial perfusion CT in a multicenter population with known or 
suspected coronary artery disease. Am J Roentgenol. 2017;208(4):761–9. 

24.  Meinel FG, Ebersberger U, Schoepf UJ, Lo GG, Choe YH, Wang Y, et al. Global quantification 
of left ventricular myocardial perfusion at dynamic CT: Feasibility in a multicenter patient 
population. Am J Roentgenol. 2014;203(2):174–80. 

25.  Wichmann JL, Meinel FG, Schoepf UJ, Lo GG, Choe YH, Wang Y, et al. Absolute versus relative 
myocardial blood flow by dynamic CT myocardial perfusion imaging in patients with anatomic 
coronary artery disease. Am J Roentgenol. 2015;205(1):W67–72. 

26.  Johnson NP, Kirkeeide RL, Gould KL. Is discordance of coronary flow reserve and fractional 
flow reserve due to methodology or clinically relevant coronary pathophysiology? JACC 
Cardiovasc Imaging [Internet]. 2012;5(2):193–202. Available from: http://dx.doi.org/10.1016/j.
jcmg.2011.09.020

27.  Arena G, Morello A, D’Andrea A, Tuccillo B, Punzo F, Uccio FS Di, et al. Relationship Between 
Fractional Flow Reserve (Ffr) and Coronary Flow Reserve (Cfr) By Pet in Identifying Coronary 
Stenosis Causing Myocardial Ischemia. J Am Coll Cardiol [Internet]. 2017;69(11):133. Available 
from: http://linkinghub.elsevier.com/retrieve/pii/S0735109717335222

28.  Leipsic J, Yang TH, Thompson A, Koo BK, John Mancini GB, Taylor C, et al. CT Angiography 
(CTA) and diagnostic performance of noninvasive fractional flow reserve: Results from the 
determination of fractional flow reserve by anatomic CTA (DeFACTO) study. Am J Roentgenol. 
2014;202(5):989–94. 

chapter 6: relationship between coronary ct derived ffr and dynamic ct myocardial perfusion imaging

6



126

29.  Vliegenthart R, De Cecco CN, Wichmann JL, Meinel FG, Pelgrim GJ, Tesche C, et al. Dynamic 
CT myocardial perfusion imaging identifies early perfusion abnormalities in diabetes 
and hypertension: Insights from a multicenter registry. J Cardiovasc Comput Tomogr 
[Internet]. 2016;10(4):301–8. Available from: http://linkinghub.elsevier.com/retrieve/pii/
S1934592516300806

30.  Kim EY, Chung W-JJ, Sung YM, Byun SS, Park JH, Kim JH, et al. Normal range and regional 
heterogeneity of myocardial perfusion in healthy human myocardium: assessment on dynamic 
perfusion CT using 128-slice dual-source CT. Int J Cardiovasc Imaging. 2014 Jun;30(1, SI):33–40. 

part 2: coronary flow analysis



127

chapter 6: relationship between coronary ct derived ffr and dynamic ct myocardial perfusion imaging

6



128

7



129

Prognostic Value of CT Myocardial 
Perfusion Imaging and CT-derived 
Fractional Flow Reserve for Major 

Adverse Cardiac Events in Patients with 
Coronary Artery Disease

M. van Assen, , C.N. De Cecco, M. Eid, P. von Knebel Doeberitz, M. Scarabello, F. 
Lavra, M.J Bauer, D. Mastrodicasa, T.M. Duguay, B. Zaki, G.G. Lo,  Y. H. Choe, Y. 

Wang,  M. Oudkerk, R. Vliegenthart, U.J. Schoepf

Published JCCT 2019



130

ABSTRACT

Objectives: The purpose of this study was to analyze the prognostic value of dynamic 
CT perfusion imaging (CTP) and CT derived fractional flow reserve (CT-FFR) for major 
adverse cardiac events (MACE).

Methods: 81 patients from 4 institutions underwent coronary computed tomography 
angiography (CCTA) with dynamic CTP imaging and CT-FFR analysis. Patients were 
followed-up at 6, 12, and 18 months after imaging. MACE were defined as cardiac 
death, nonfatal myocardial infarction, unstable angina requiring hospitalization, or 
revascularization. CT-FFR was computed for each major coronary artery using an 
artificial intelligence-based application. CTP studies were analyzed per vessel territory 
using an index myocardial blood flow, the ratio between territory and global MBF. The 
prognostic value of CCTA, CT-FFR, and CTP was investigated with a univariate and 
multivariate Cox proportional hazards regression model. 

Results: 243 vessels in 81 patients were interrogated by CCTA with CT-FFR and 243 
vessel territories (1,296 segments) were evaluated with dynamic CTP imaging. Of the 81 
patients, 25 (31%) experienced MACE during follow-up. In univariate analysis, a positive 
index-MBF resulted in the largest risk for MACE (HR 11.4) compared to CCTA (HR 2.6) 
and CT-FFR (HR 4.6). In multivariate analysis, including clinical factors, CCTA, CT-
FFR, and index-MBF, only index-MBF significantly contributed to the risk of MACE 
(HR 10.1), unlike CCTA (HR 1.2) and CT-FFR (HR 2.2).  

Conclusion: Our study provides initial evidence that dynamic CTP alone has the 
highest prognostic value for MACE compared to CCTA and CT-FFR individually or a 
combination of the three, independent of clinical risk factors.
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INTRODUCTION

Coronary computed tomography angiography (CCTA) has become an established, 
widely accepted imaging technique to evaluate coronary artery disease (CAD). 
However, CCTA provides only anatomic information and is a poor predictor of the 
functional significance of a stenosis with a tendency to overestimate stenosis severity 
(1–4). Over the past decade, functional parameters have become more important for 
patient management (5).

Non-invasive Fractional Flow Reserve (FFR) derived from CCTA (CT-FFR) provides 
incremental diagnostic value over CCTA alone by adding functional information (6–11). 
Among the advantages of CT-FFR is the fact that no additional acquisition is needed 
and no stressor agent is used, as is often the case with other non-invasive functional 
evaluation techniques(12). Several studies show high discriminatory accuracy of CT-
FFR to detect hemodynamically significant stenosis compared to invasive FFR (6,7,13–
15). 

Dynamic myocardial perfusion CT (CTP) imaging performed during pharmacologic 
stress has been described as complementary to CCTA for assessing the functional 
significance of coronary artery stenoses(8). The unique advantage of dynamic 
myocardial CTP imaging is the possibility of absolute quantification of myocardial 
blood flow (MBF) and the ability to assess anatomical and functional parameters of a 
coronary artery stenosis using a single modality. The added value of dynamic CTP over 
CT-FFR is the fact that CTP analyzes the directly the myocardial bloodflow. Multiple 
studies show excellent accuracy of CTP in assessing the functional significance of a 
stenosis (16–21).

Only a few studies have investigated the prognostic value of CT-FFR and dynamic CTP 
(17,22,23). A study on the prognostic value of CT-FFR for major adverse cardiac events 
(MACE) showed that patients with a pathologic CT-FFR value had a 4.3-fold higher 
risk of MACE then patients with normal CT-FFR, using a CT-FFR cut-off of 0.80 (23). 
Studies on dynamic CTP imaging show that patients with visually detected perfusion 
defects are up to 4.8 times more likely to suffer a MACE, depending on the number of 
territories involved (17). 

The purpose of this study was to intra-individually analyze and compare the prognostic 
value of dynamic CTP and CT-FFR in predicting MACE.
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METHODS

Population
The population for this study was enrolled in a global multicenter registry with 4 
participating centers in Asia, Europe, and the US. Portions of this study population 
have been previously reported (24–26). In this population CT perfusion was performed 
for research purposes. However, CT-FFR analysis was not performed and the prognostic 
value of CT-FFR in combination with CCTA and dynamic CTP on future MACE was not 
assessed in these studies.

Patients were included in the original study if they had suspected or known CAD. 
Patients were excluded if they had contraindications to CT, iodinated contrast 
medium, or adenosine. The following demographic parameters and baseline clinical 
risk factors were recorded for all included patients: age, sex, history of diabetes/
hypertension/dyslipidemia, smoking history, history of CAD, and family history of 
CAD. The respective research study protocols had been approved by the institutional 
review boards of all participating institutions, and written informed consent had been 
obtained from all research subjects before enrollment.

From this multicenter registry, we selected data from patients who had undergone 
CCTA and dynamic myocardial CTP imaging and had a follow up period of 18 months 
or until MACE occurred. Patients with stents, bypasses, incomplete follow-up data, 
or poor image quality of either the CCTA or the dynamic CTP study were excluded. 
Patients with a history of CAD, such has known MI or ischemia, without intervention 
were not excluded from analysis.

Imaging protocols
All image acquisitions were performed with a second-generation dual-source CT 
system (SOMATOM Definition Flash, Siemens Healthineers, Forchheim, Germany). 
CCTA was performed after administering 50–80 mL of iodinated contrast material 
with a concentration of 300–370 mg I/mL at a flow rate of 4-5 mL/s. Depending on 
heart rate and rhythm, the CCTA acquisition was performed with retrospective ECG 
gating in case of arrhythmias, prospectively ECG-triggered sequential acquisition in 
case of regular hearts rates above 60 beats/min, or prospectively ECG triggered high-
pitch spiral acquisition in case of regular heart rates under 60 beats/min. After 3-4 
minutes of adenosine administration (140 μg/kg/min), the dynamic CTP acquisition 
was initiated. Data acquisition was performed for 30 seconds with both x-ray tubes at 
100 kV, gantry rotation time of 0.28 seconds, and tube current of 300 mAs per rotation. 
CTP imaging was performed with an ECG-triggered shuttle mode (two alternating table 
positions) with a systolic image acquisition (250 ms after the R wave). The perfusion 
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images were acquired after the administration of 40–50 mL of iodinated contrast agent 
with a concentration of 300–370 mg I/mL, administered at a flow rate of 4–7.5 mL/s.

Image analysis 
All CCTA and CTP studies were assessed for image quality on a 4-point Likert scale (1- 
poor image quality, 4 excellent image quality). Patients with poor image quality were 
excluded from analysis.

CCTA evaluation 
CCTA datasets were reconstructed with a section thickness of 0.75 mm and 0.5 mm 
increments with a vascular reconstruction kernel (B26F). Two experienced readers (3 
and 6 years of experience in cardiac CT interpretation) independently evaluated all 
CCTA studies. The presence of stenosis was assessed in the left anterior descending, 
left circumflex, and right coronary artery. The left main coronary artery was included 
with the left anterior descending. The degree of stenosis was assessed with multiplanar 
reformats and curved multiplanar reconstructions along the vessel centerline 
(Circulation, Siemens). Vessels were visually assessed as to whether they had no 
stenosis, stenosis <50% or stenosis ≥ 50%. A CCTA was considered positive if there was 
a stenosis ≥ 50% in any vessel. Additionally, coronary artery dominance (right, left, or 
co-dominance) was recorded.

CT-FFR evaluation 
CT-FFR was computed using an on-site prototype application (cFFR version 3.0, Siemens, 
not currently commercially available), which has been previously described(7,15,27). 
With this software a three-dimensional coronary model was semi-automatically 
segmented, after which markers were manually placed proximal and distal to each 
stenotic lesion. CT-FFR values were recorded for each vessel, distal to any stenotic 
lesions, when present. In case of multiple stenoses, the CT-FFR value distal to the most 
severe lesion was used. In case of no stenosis, the CT-FFR value from the mid-segment 
of the vessel was recorded. For the prognostic analysis, the lowest FFR-value of each 
patient was used. A CT-FFR value above the optimal cut-off threshold, as described in 
the statistical analysis section, was considered negative.

Dynamic CT Perfusion evaluation
CTP studies were analyzed using a dedicated software package (Volume Perfusion 
CT body, Siemens). Motion correction was applied to all images. MBF was calculated 
using tissue attenuation curves (TAC) and the arterial input function (AIF) with a 
hybrid deconvolution method. The AIF was sampled in the descending aorta. By using 
images from both table positions, a double sampled AIF was generated to increase 
accuracy. MBF maps were reconstructed as color-coded images (section thickness 3.0 
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mm, increment 1.5 mm). MBF was evaluated on a per segment basis, according to the 
17-segment AHA myocardial model, with exclusion of the apical (17th) segment. After 
the segmentation, each segment was attributed to a vessel territory, taking into account 
the coronary artery dominance. An index-MBF was calculated to account for inter-
patient differences in MBF. The index-MBF was calculated as a ratio between territory 
and global MBF. For our analysis, the lowest index-MBF out of the three territories was 
used. An index-MBF above the optimal cut-off threshold, as described in the statistical 
analysis section, was considered negative.

Clinical Follow-Up 
All study subjects underwent prospective follow-up by chart review and telephone 
interviews with the patient or an immediate relative at 6, 12, and 18 months after 
imaging. Reported clinical events were confirmed by contact with the patient’s primary 
care physician or the admitting hospital. At each time point, the occurrence of MACE 
was recorded. MACE were defined as cardiac death, non-fatal myocardial infarction, 
unstable angina requiring hospitalization, or revascularization (percutaneous coronary 
intervention or coronary artery bypass grafting) and used as the primary end-point of 
this study. Hard MACE was defined as MACE excluding revascularizations. CT-FFR 
and CTP images were retrospectively analyzed at a central location and findings from 
these acquisitions had no influence on the diagnostic work-up and were not used for 
treatment management. Patients who underwent revascularizations that followed 
directly from the CCTA images were excluded from our initial population.

Statistical analysis
Continuous variables are represented as mean (standard deviation [SD]) or median 
(interquartile range [IQR]), depending on their distribution (tested with Shapiro 
Wilks test). Categorical data is displayed as absolute frequencies and proportions. The 
difference between the MACE positive and MACE negative patients was evaluated with 
an unpaired, 2-sided Mann-Whitney U test. The CT-FFR and index-MBF values for 
MACE negative and MACE positive cases were compared using an unpaired, 2-sided 
Mann-Whitney U test. A Chi-square test was used to compare the frequency distribution 
of categorical and binary data between groups. Optimal thresholds for CT-FFR and 
index-MBF values to predict MACE were calculated using the Youden index. A grey 
zone of CT-FFR values between 0.70-0.80 was determined by the range of FFR cut-off 
thresholds, currently used in clinical (invasive FFR) and research (CT-FFR) contexts. 
The univariate Cox proportional hazards regression model was used to analyze the 
prognostic value of findings at CCTA, CT-FFR and index-MBF individually for MACE 
during follow-up. Multivariate Cox proportional hazards regression analysis was 
performed to evaluate whether the prognostic value of each parameter was independent 
of the other imaging parameters and whether they were independent of age, sex, and 
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clinical risk factors, including hypertension, hyperlipidemia, diabetes, smoking history, 
and family history of CAD. Using multivariate analysis, a combination of CCTA and CT-
FFR, CCTA and index-MBF and CCTA, CT-FFR and index-MBF was investigated, with 
or without correction for clinical data.  Statistical analyses were conducted using SPSS 
version 23 (IBM, Armonk, New York). MedCalc version 13.0 (MedCalc Software, Ostend, 
Belgium) was used to compare the areas under the curve (AUCs) using the method of 
DeLong et al. 

RESULTS

From the initial population of 106 patients with CCTA and dynamic CT perfusion 
imaging, 16 were excluded because of previously implanted stents and coronary artery 
bypass grafts, 5 were excluded because of poor image quality, and 4 were excluded 
because of incomplete follow up, see Figure 1. The final study population consisted 
of 81 patients, in whom 243 vessels were investigated on CCTA with CT-FFR and 243 
vessel territories (1,296 segments) were evaluated with dynamic CTP. The mean follow-
up period was 15.7 months (SD 4.7). Of these 81 patients, 25 (31%) experienced MACE 
in their follow up period. Of the MACE positive patients, 11 patients (14%) experienced 
a hard MACE, including unstable angina, myocardial infarction, or cardiac death, 14 
(17%) patients were considered MACE positive because of revascularizations. Table 1 
gives an overview of the patient demographics. 

Figure 1: Flowchart patient selection. MACE, major adverse cardiac events.
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Table 1: Patient characteristics

Total MACE - MACE + p-value
N=81 N= 56 (69) N= 25 (31)

Age, yrs 60.2 (9.8) 60.5 (10.0) 59.5 (9.6) 0.677
Male 59 (72.8) 39 (69.8) 20 (80.0) 0.423
Cardiovascular risk factors

 Hypertension 39 (48.1) 29 (51.8) 10 (40.0) 0.612
 Dyslipidemia 36 (44.4) 27 (48.2) 9 (36.0) 0.458
 Diabetes 22 (27.2) 14 (25) 8 (32.0) 0.414
 Family history of CAD 18 (22.2) 13 (23.2) 5 (20.0) 1.000
 History of smoking 25 (30.9) 19 (33.9) 6 (24.0) 0.594

Right Dominance 74 (91.4) 49 (87.5) 25 (100) 0.181
Revascularizations N=14
PCI 13 (16)
CABG 1 (1)
MACE N=11

Death 1 (1)
Non-fatal myocardial infarction 3 (4)
Unstable agina 7 (9)

Values are given as mean± SD, n (%). A p-value<0.05 is considered significant. CAD: coronary artery disease.

CCTA
Of the total 243 vessels analyzed on CCTA, 104 had no stenotic lesions, 92 had a lesion 
with <50% stenosis, and 47 had a stenosis ≥ 50%. An overview of the CCTA findings 
for all patients, MACE positive and MACE negative patients is provided in Table 2. In 
the MACE positive group, 14 (56%) patients had a stenosis ≥ 50% in any of the vessels 
according to CCTA, in the MACE negative group, 14 (25%) patients had a CCTA-derived 
stenosis ≥ 50%. 

CT-FFR 
An overview of the CT-FFR findings for all patients, MACE positive and MACE negative 
patients is provided in Table 2. The MACE positive group had 9 patients with non-
pathological CT-FFR values, and 16 patients with CT-FFR values indicating lesion 
specific ischemia. The MACE negative group had 45 (80%) patients with CT-FFR values 
>0.80 and 11 (20%) patients with positive CT-FFR values. The median CT-FFR values 
for MACE positive patients was 0.71 (IQR: 0.64 to 0.84), which was significantly lower 
than the median CT-FFR value in MACE negative patients, 0.84 (IQR: 0.75 to 0.90, 
p-value=0.004). The optimal threshold computed using the Youden index was a CT-
FFR value of 0.75.
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Dynamic CT Perfusion
The index MBF findings for all patients, MACE positive, and MACE negative patients 
are summarized in Table 2. Global MBF was similar in the MACE negative (median 
130.0mL/100mL/min; IQR: 112.5-146.3) and MACE positive (median 138.0; IQR 109.0-
151.0) patients. The MACE positive group had 3 (12%) patients without positive index-
MBF, and 22 (88%) patients with a positive index-MBF. The three MACE positive 
patients with a negative index-MBF all had revascularizations and no hard MACE. 
The MACE negative group had 42 (75%) patients without a positive index-MBF and 
14 (25%) patients with a positive index MBF. The median lowest index MBF values for 
MACE positive patients was 0.72 (IQR: 0.57 to 0.85), which was significantly lower 
than the median index MBF value in MACE negative patients, 0.95 (IQR: 0.87 to 1.00), 
p-value<0.001. The optimal threshold for the index MBF was 0.88, as computed by the 
Youden index. 

Table 2: Overview CCTA, CT-FFR and index MBF results

CCTA CT-FFR Index-MBF

Overall patients (n=243) Significant lesions (n)
    LAD 23 (28) 0.87 (0.74 - 0.94) 1.00 (0.91 - 1.13)

    RCA 13 (16) 0.92 (0.81 - 0.96) 1.08 (0.98 - 1.17)

    Cx 11 (14) 0.89 (0.81 - 0.94) 1.00 (0.84 - 1.07)

MACE Negative patients (n=56)
Parameter value overall - 0.84 (0.75 - 0.90) 0.95 (0.87 - 1.00)

Negative test (n(%)) 42 (75) 45 (80) 42 (75)

Parameter value - 0.87 (0.80-0.94) 0.98 (0.93-1.03)

Positive test (n(%)) 14 (25) 11 (20) 14 (25)

Parameter value 0.58 (0.37-0.66) 0.63 (0.52-0.79)

   1 vessel/territory (n) 2 (14) 5 (45) 10 (71)

   2 vessel/territory (n) 8 (57) 5 (45) 4 (29)

   3 vessel/territory (n) 4 (29) 1 (10) 0 (0)

MACE Positive patients (n=25)
Parameter value overall - 0.71 (0.64 - 0.84) 0.72 (0.57 - 0.85)

Negative test (n(%)) 11 (44) 9 (36) 3 (12)

Parameter value - 0.87 (0.80-0.89) 0.99 (0.96-0.99)

Positive test (n(%)) 14 (56) 16 (64) 22 (88)

Parameter value - 0.67 (0.50-0.71) 0.67 (0.52-0.78)

   1 vessel/territory (n) 11 (79) 11 (69) 16 (73)

   2 vessel/territory (n) 3 (21) 4 (25) 5 (23)

   3 vessel/territory (n) 0 (0) 1 (6) 1 (4)

Values are given as mean± SD, n (%). A p-value<0.05 is considered significant. CAD: coronary artery disease.
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CT-FFR and Dynamic CT Perfusion 
Correct classification of MACE was reached by both CT-FFR and index MBF in 60 
patients (74%). In cases of disagreement between CTP and CT-FFR (21 patients), CTP 
predicted MACE correctly in 12 patients (57%), and in 8 (38%) cases CT-FFR predicted 
MACE correctly. Figure 2 shows a case in which CT-FFR and index-MBF are in 
agreement and a case in which CT-FFR and index-MBF were discordant. Especially in 
cases of negative CTP and positive CT-FFR, CTP was most predictive of outcome (83% of 
patients correctly classified), see Figure 3. Interestingly, in the patients with discordant 
imaging tests, the median CT-FFR value in MACE negative patients (0.75; 0.63-0.87 
(n=13)) was lower than the CT-FFR value in MACE positive patients (0.84; 0.71-0.88 
(n=8)). The index MBF values were lower in the MACE negative group (0.72; 0.63-0.91) 
than in the MACE positive group (0.81; 0.69-0.86) for patients with discordant tests. 
However, differences in both CT-FFR and index-MBF were not statistically significant 
(p-value of 0.972 and 0.301).

The grey zone for CT-FFR was determined to be between 0.70 and 0.80, including the 
clinically used range for FFR cut-off thresholds. In the group of patients with CT-FFR 
values in the grey zone, the MACE positive patients (n=8) had a significantly lower 
index MBF (0.69, IQR: 0.56 to 0.73) than the MACE negative group (0.97, IQR: 0.81 to 
1.02, p-value=0.007)). All 8 MACE positive patients had a positive index-MBF and of 
the MACE negative patients, 3 (25%) had a positive index-MBF. Of the MACE positive 
patients with a grey zone CT-FFR value, 50% received revascularization.
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Figure 2: Panels A and B represent a MACE positive patient, (age 63, male). The CT-FFR illustration 
(A) shows a hemodynamically significant LAD lesion with a FFR- value of 0.68 that decreases to 0.54 
distally (CT-FFR<0.75 is considered positive). On the dynamic CTP (B) a perfusion defect is shown 
(black arrow), classified as ischemic with an index-MBF of 0.77 (index-MBF<0.88 is considered 
positive).Panels C and D represent a MACE negative patient (age 52, male). The second CT-FFR 
illustration (C) shows a hemodynamically significant lesion in the LAD with a FFR- value of 0.66, 
without a corresponding positive index-MBF value (D) (0.98). CT-FFR; CT derived fractional flow 
reserve, Index-MBF, myocardial blood flow ratio between territory and global flow.
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Figure 3: Classification by CT-FFR and index-MBF. Correct classification was reached by both CT-
FFR and index-MBF in 60 patients (74%). In cases of disagreement between index-MBF and CT-FFR 
(21 patients), index-MBF predicted MACE correctly in 12 patients (57%). In patients with a negative 
CTP and a positive CT-FFR, index-MBF was most predictive of outcome (83% of patients). CT-FFR; 
CT derived fractional flow reserve, Index-MBF, myocardial blood flow ratio between territory and 
global flow.

Prognostic Value of Imaging Findings
Table 3 shows an overview of the results of the Cox proportional hazards regression 
models. Patients with at least one >50% stenosis on CCTA images were significantly 
more likely to experience MACE during follow-up (HR 2.7 (95% CI 1.2-5.9); p-value 
0.0015). This effect was independent of clinical information (age, gender, and risk 
factors), however it lost significance when CT-FFR, index MBF, or both were taken into 
consideration. Patients with a positive CT-FFR value (i.e., <0.75) in at least one coronary 
artery were at significantly increased risk of MACE (HR 4.6 (95% CI 2.0-10.5); p-value 
<0.001). This association remained significant after adjustment for age, sex, and clinical 
risk factors and when CCTA findings were considered (HR 3.7(95% CI 1.2-11.1); p-value 
0.019). When index-MBF was taken into account, CT-FFR lost its significance (HR 2.2 
(95% CI 0.8-6.4); p-value 0.130).
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Patients with a perfusion defect in at least one vascular territory according to index-
MBF (<0.88) were at increased risk of MACE (HR 11.4 (95% CI 3.4-38.2); p-value <0.001). 
This association remained statistically significant after adjusting for CCTA, CT-FFR 
findings, age, sex, and clinical risk factors (HR 10.1 (95% CI 2.1-48.8) p-value 0.004).

Table 3: Risk of Major Adverse Cardiac Events Associated

Prognostic value
Imaging Only Corrected for Clinical data

Modality Hazard 
Ratio

95% 
confidence 
interval

P-value Hazard 
Ratio

95% 
confidence 
interval

P-value

CCTA 2.7 (1.2-5.9) 0.015 4.6 (1.8-11.7) 0.002
CT-FFR 4.6 (2.0-10.5) <0.001 5.0 (2.1-14.1) <0.001

Index-MBF 11.4 (3.4-38.2) <0.001 14.9 (3.4-64.6) <0.001
CCTA and 
CT-FFR

CCTA 1.4 (0.6-3.4) 0.459 2.3 (0.8-6.8) 0.122

CT-FFR 3.9 (1.5-9.9) 0.004 3.7 (1.2-11.1) 0.019

CCTA and 
index-MBF

CCTA 1.2 (0.5-2.8) 0.636 1.7 (0.6-4.5) 0.321

Index MBF 10.5 (3.0-36.9) <0.001 11.9 (2.6-55.7) 0.002

CCTA and 
CT-FFR and 
index-MBF

CCTA 0.9 (0.4-2.1) 0.801 1.2 (0.4-3.5) 0.758

CT-FFR 2.3 (0.9-5.9) 0.080 2.2 (0.8-6.4) 0.130

Index MBF 8.5 (2.3-30.9) 0.001 10.1 (2.1-48.8) 0.004

Hazard Ratio with MACE as outcome for CCTA, CT-FFR, index MBF, and combined (CCTA and CTA FFR, CCTA and index MBF; 
CCTA, CT-FFR, and index MBF) analyses. The first analysis takes only imaging data into account, the second model corrects 
for age, gender and number of risk factors. CT computed tomography; CCTA coronary computed tomography angiography; 
FFR fractional flow reserve; MBF myocardial blood flow

DISCUSSION

The present study evaluated the prognostic value of CCTA, CT-FFR, and dynamic CTP 
imaging for MACE. Our results demonstrate that index-MBF calculated from dynamic 
CTP acquisitions has the highest prognostic value, over CCTA and CT-FFR values, or a 
combination of the three. In univariate analysis, the presence of a positive index-MBF 
resulted in the largest risk for MACE (HR 11.4) compared to CCTA (HR 2.6) and CT-FFR 
(HR 4.6). In multivariate analysis, only index-MBF significantly contributed to the risk 
of MACE (HR 10.1), unlike CCTA (HR 1.2) and CT-FFR (HR 2.2).  
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The strong prognostic value of myocardial perfusion evaluation is in line with  evidence 
from a large number of nuclear perfusion studies, showing that the presence and extent 
of perfusion defects found with SPECT and PET are highly predictive of MACE with 
HRs ranging from 2.3 to 6.45 (28–34). The HRs found in this study are higher, which 
could be caused by the capability of CT perfusion to absolutely quantify MBF and by 
the high-risk population investigated in this study. 

In our opinion, this observation is also in accordance with the fact that CT-FFR is an 
indirect measure of myocardial ischemia induced by atherosclerotic lesions, whereas 
dynamic CTP provides a direct quantitative assessment of myocardial perfusion. 
A positive CT-FFR result does not directly translate in myocardial ischemia. This is 
especially true when CT-FFR values fall in the grey area, where the accuracy significantly 
decreases (from 70-86% to 55-68% in the grey zone)(6,8). The grey zone is also seen 
with invasive FFR, where myocardial perfusion imaging confirmed that a FFR value of 
≤0.75 results in stress-inducible myocardial ischemia. Other studies demonstrated that 
revascularization of coronary stenosis with a FFR >0.75 did not improve clinical outcomes 
whereas using FFR ≤0.80 did(35–37). Moreover, by measuring the myocardial blood 
flow directly, dynamic CTP does not only detect stenotic specific ischemia but can also 
detect microcirculatory impairment (38). Coronary microcirculatory dysfunction may 
be an early indicator of CAD and is associated with a wide range of myocardial diseases 
and can affect patient outcomes (39,40). The CT-FFR measurement predominantly 
interrogates conditions in the main coronary arteries and larger branches, but fails 
to reflect the effect of microvascular disease or collateral vessels, thus providing an 
indirect and partial overview of the status of the myocardium. Furthermore, the 
location of the CT-FFR measurement could influence the correlation with dynamic CTP 
measurements - a distal flow-obstructive CT-FFR measurements is expected to have a 
smaller effect on myocardial blood flow than a proximal pathological CT-FFR value. 
The added value of CTP in the CT-FFR grey area is supported by our sub-analysis where 
we demonstrated that CTP was effective in predicting MACE, with the positive patients 
having a significantly lower index MBF than the MACE negative group. This finding 
is also confirmed by a recent study demonstrating the incremental diagnostic role of 
myocardial perfusion assessment in the grey zone with an increase in accuracy from 
55% using only CT-FFR to 77% with the addition of dynamic CTP image analysis (8).

Previous studies comparing invasive FFR and PET derived flow demonstrated only a 
moderate correlation, with reported r2 values of 0.15 and r values of 0.34-0.36 (41,42). 
Although there is correlation between the hemodynamically significance of a stenosis 
measured with FFR and blood flow, it is not a direct relationship and many factors can 
influence this correlation, which in turn can influence the relationship to outcomes 
(41–43).
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Moreover, CT-FFR demonstrates superiority to stenosis severity on CCTA for MACE 
prognostication (HR 4.6 for CT-FFR vs. 2.7 for CCTA). This reflects the high sensitivity 
and negative predictive value of CCTA, along with the incremental value of CT-FFR 
owed to the increased specificity for the detection of flow-limiting stenosis, especially 
in the cases of intermediate stenosis(44).

A similar study on the prognostic value of CT-FFR for MACE showed that patients 
with a positive CT-FFR value (≤ 0.80) had 4.3-fold higher risk of MACE than patients 
with a negative CT-FFR value (>0.80) (23). Our study shows a similar HR of 4.6 for at 
least one positive vessel with CT-FFR <0.75. Of note, the CT-FFR cut-off threshold used 
in our study differs from other CT-FFR studies where a value  of 0.80 was applied for 
detecting functionally significant stenosis (23). However, in those studies the cut-off 
was determined for stenosis detection, whereas our threshold was derived from MACE. 
Moreover, the threshold determined in this study still falls within the range of thresholds 
(0.75-0.80) used in other studies investigating the prognostic value of invasive FFR (45–
47). A recent meta-analysis on the prognostic value of invasive FFR further shows that 
the optimal threshold for predicting death, MI, and revascularizations was 0.76, which 
is similar to the CT-FFR threshold  determined in the current study (45). 

 A previous investigation on a subset of patients from the same multicenter registry 
used in this study including 144 patients showed a HR between 2.03 and 2.50 for MACE 
based on visual analysis of dynamic CTP studies (17). Our study shows HRs between 
8.5 and 14.9 for index MBF. Although these results are based on patient populations 
from the same registry, they show very different HRs. This could be attributed to the 
additional exclusion criteria required for the CT-FFR analysis and the corresponding 
smaller population. Another reason causing the difference could be the difference in 
analysis, with the actual study focused on the quantitative analysis of the dynamic 
CTP acquisition instead of visual analysis. Studies on quantitative analysis of perfusion 
data show that quantitative analysis can detect perfusion deficits that seem visually 
homogenous (28,29,38) and add to the prognostic value of myocardial perfusion 
imaging. 

Several limitations of this investigation have to be discussed. The population 
investigated in this study showed a very high disease burden, corresponding with 
the high number of MACE (31%) compared to previous studies on cardiac imaging 
and MACE (22). This is most likely caused by our study design and selection criteria. 
Whether the investigated techniques and the combinational approach will show similar 
results in a population at lower risk has to be further investigated. Due to extensive 
inclusion and exclusion criteria, only a moderate number of patients were included 
in the analysis. This resulted in wide confidence intervals in the HR calculation. A 
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larger population is needed to confirm our results and to investigate the influence of 
the number of territories involved in both CT-FFR and dynamic CTP. Previous studies 
on the predictive value of dynamic CTP showed that the number of territories with 
perfusion defects or the amount of myocardium involved was strongly predictive of 
MACE (22,48). Taking the number of positive territories into account could increase 
the prognostic value of index MBF. With CT-FFR the same issue occurs - this study 
only took into account whether one vessel had a positive CT-FFR value. The number 
of vessels involved and the location of the stenosis could improve the prognostic value 
of CT-FFR. Several studies on dynamic CTP have shown that relative measurements of 
MBF rather than absolute MBF values are more suitable to diagnose significant CAD 
(25,26,49). With this investigation the MBF was indexed using the average MBF of the 
entire myocardium of the left ventricle. However, results show a minimal effect of using 
an index MBF on false negative predictions, with a very low prevalence of three vessel 
disease (n=1) in this group. Finally, all examinations were acquired using a dual-source 
CT system of a single vendor. The CT-FFR software used in this study is a prototype 
from that vendor and is currently not clinically available. Generalization of our results 
to CT systems and software from other vendors remains unclear and needs further 
investigation. 

In conclusion, our study provides initial evidence that in a population with suspected 
or known CAD, dynamic CTP has  the highest predictive value for MACE compared 
to CCTA and CT- FFR, (individually and in combination of the three), independent of 
clinical factors, adding evidence to the role of CT myocardial perfusion imaging as a 
strong predictor of clinical outcome. 
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GENERAL INFORMATION

Several non-invasive imaging techniques are available for the evaluation of myocardial 
perfusion. Nuclear techniques are positron emission tomography (PET) and single-photon 
emission computed tomography (SPECT). PET is the current gold standard for quantitative 
evaluation of myocardial perfusion while SPECT is the most commonly used imaging 
method for myocardial ischemia.(1) Cardiac magnetic resonance (MRI) perfusion imaging 
has, however, shown better accuracy for the detection of myocardial perfusion defects.(2)

In a meta-analysis involving 11,826 patients(3), myocardial perfusion evaluation with 
PET had a higher sensitivity for myocardial ischemia than evaluation with SPECT, 
92.6% compared to 88.3% respectively. There was no significant difference between 
the specificity of PET and SPECT, 81.3% compared to 76.0%. Jaarsma et al.(1) showed in 
a recent meta-analysis (17,901 patients) a pooled sensitivity of 84%, 88% and 89% for 
PET, SPECT and MRI, respectively, with a pooled specificity of 81%, 61% and 76%. They 
concluded that both PET and MRI showed higher diagnostic accuracy than SPECT.

None of the above mentioned techniques allow simultaneous anatomical and 
functional evaluation of coronary artery disease (CAD). Computed tomography (CT) 
however, is able to evaluate both with state-of-the-art imaging techniques. Coronary 
CT Angiography (CCTA) is often used for non-invasive evaluation of coronary 
anatomy, yielding a very high sensitivity and negative predictive value close to 100%.
(4) Combining CT myocardial perfusion imaging (CTMPI) with CCTA allows for 
anatomical and functional evaluation of CAD using a single modality and examination.

Dynamic CTMPI uses multiple acquisitions to capture the first pass of contrast medium 
during its wash-in and wash-out through the myocardium; this is in contrast to static 
CT perfusion imaging which only shows contrast distribution across the myocardium 
at a single point in time.(5–8) 

The main advantage of dynamic CTMPI is the potential of quantitative analysis of 
myocardial blood flow (MBF), myocardial blood volume (MBV) and other perfusion-
related parameters directly from the CT images, for both the whole heart and for 
individual myocardial segments. Static CT does not provide a quantitative measure 
of perfusion, but a relative map of single-time-point myocardial contrast distribution. 
Quantification of MBF could especially improve the detection of ischemia in patients 
with three-vessel disease because this approach relies on absolute values of MBF 
rather than on the differences between normal and ischemic myocardium. Also, subtle 
subclinical decreases in MBF can be detected by quantifying perfusion, while not yet 
visible as gross perfusion defects.(9)
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CTMPI was first studied in a number of animal studies. Studies in pigs and dogs showed 
that dynamic CTMPI was able to determine accurate MBF values, using 16- or 64-multi-
detector CT (MDCT) during rest and stress. CTMPI-determined semi-quantitative and 
quantitative MBF values as well as rest/stress MBF ratios were shown to have a high 
correlation with microsphere-derived MBF.(10–12) In studies by Mahnken et al.(13) and 
Bamberg et al.(14) a dual-source CT (DSCT) system with alternating table positions 
(‘shuttle mode’) allowed for whole heart imaging in pigs, with a total coverage of 73 mm 
compared to 38 mm using only one table position. DSCT scanners have an improved 
temporal resolution due to the use of two X-ray sources, resulting in the possibility to 
scan a slab in less than 150 ms. Using DSCT in shuttle mode they were able to show 
the hemodynamic effect of a coronary stenosis with dynamic CTMPI in stress phase 
and concluded that CT-determined MBF measurements could differentiate ischemic 
from non-ischemic myocardium. However, MBF was underestimated compared to 
microsphere-determined MBF. Rossi et al.(15) showed that dynamic dual source CTMPI 
is able to distinguish regions with reduced MBF during stress phase imaging with a good 
correlation with FFR measurements. They used a higher dose of adenosine as a stressor 
agent, 500 μg/kg/min, compared to Bamberg et al. and Mahnken et al, who used 140 
μg/kg/min and 240 μg/kg/min, respectively. Contrast agent was injected directly into 
the pulmonary vein, whereas in the studies of Bamberg et al. and Mahnken et al the 
contrast agent was injected into a peripheral vein. Rossi et al.(15) found higher MBF 
values than the studies of Bamberg et al. and Mahnken et al., 2.68 (2.31– 2.81) ml/g/min 
compared to 1.10(+/- 0.25) ml/g/min and 117.4(+/-18.6) ml/100ml/min in non-ischemic 
myocardium during stress phase, possibly caused by the differences in experimental 
set-up. Apart from animal validation studies, in recent years a number of patient 
studies has been performed, evaluating the feasibility of CTMPI in a clinical setting. 
These studies will be discussed later in this chapter, after discussing the technical 
issues in CTMPI.

TECHNICAL INFORMATION

Heart coverage
The accuracy of dynamic CTMPI logically depends on the heart coverage of the 
available CT systems. The first systems used for dynamic CTMPI in clinical patients 
were DSCT systems. Second generation DSCT scanners allow coverage of most of 
the left ventricle (7.3 cm) using a shuttle mode in systolic phase. The shuttle mode 
consists of back-and-forth table movements alternated with sequential scanning to 
cover the left ventricle in two separate scans, which are later combined to reconstruct 
one image. Third generation DSCT systems have wider detectors compared to second 
generation scanners, enabling whole heart imaging in systolic phase with a total range 

chapter 8: dynamic myocardial ct perfusion imaging

8



156

of 10.2 cm. Although the shuttle mode enables the coverage of a larger portion of the 
heart, the movement between the two table positions lowers the temporal sampling 
rate, especially at high heart rates. A low temporal sampling rate results in a decrease 
in information on in- and outflow of contrast medium in the myocardium, the so-called 
first-pass perfusion, and could thereby cause inaccurate estimation of MBF values.(16) 
Another problem introduced by the moving table positions is the possibility of motion 
artifacts, decreasing the accuracy of the measurements. Single-tube multi-detector CT 
(MDCT) scanners with 256 or 320 detector rows cover 8 and 16 cm, respectively. Wide 
detector coverage enables (nearly) full left ventricle imaging with a stationary table 
position, allowing a higher temporal sampling rate. These CT systems offer the same 
or even more coverage compared to DSCT scanners without the disadvantage of table 
movement in shuttle mode, so far however at the disadvantage of higher radiation dose.

Cardiac Phase for acquisition
Image acquisition is possible in systolic or diastolic phase. Motwani et al(17,18) 
studied the effect of systolic and diastolic acquisition on quantitative MRI perfusion 
imaging, and reported higher diastolic stress MBF values compared to systolic stress 
MBF. However, diagnostic accuracy for myocardial ischemia was similar for systolic 
and diastolic acquisition. There are several important advantages for CT acquisition 
during the systolic phase. First, the heart is contracted during systole, with maximal 
contraction at end-systole, resulting in a smaller total heart volume, in particular a 
shorter basal-apical length. Thus, the range that needs to be covered for visualizing 
the entire heart within one scan cycle is reduced. Because of the maximal contraction, 
the myocardium is thicker in systole and allows for easier delineation during analysis. 
Secondly, although the systolic phase is shorter than the diastolic phase, the systolic 
phase has a constant duration (200 ms approximately) independent of heart rate and 
is less sensitive to arrhythmia. Thirdly, image acquisition during the systolic phase 
results in a lower contrast dose in the left ventricle and thus, reduced beam-hardening 
artefacts. (8,18,19)

Radiation dose
Cardiac imaging is a major contributor to the average population medical radiation 
exposure.(7,20) Dynamic CTMPI is associated with a relatively high radiation dose 
since it requires multiple scan acquisitions during the first-pass of contrast. 

Effective radiation doses between 5 and 13mSv, with an average dose of 9.2mSV, have 
been reported for dynamic CTMPI procedures, see Table 1 and 2. Cardiac patients 
often undergo multiple imaging procedures in their life, increasing their cumulative 
radiation exposure.(5,6,20) One particular advantage of CT, however, is that both 
coronary stenosis and resulting myocardial ischemia can be evaluated with one 
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imaging modality. In view of the significant reduction in radiation dose with newest 
CT systems for coronary imaging, the total radiation dose of CTA plus CTMPI does not 
need exceed 10mSv.(21–23)

The effective radiation dose of CT perfusion procedures is within the range of nuclear 
perfusion imaging procedures. SPECT perfusion studies show radiation doses of 
6.6mSv for stress only imaging, and 11.3mSv for both rest and stress phase imaging. 
PET perfusion studies need a radiation ranging from 2.4 mSv to 13.5mSv.(24)

Radiation dose reduction techniques in CTMPI show promising results. Performing 
a scan only in stress instead of both in rest and stress phase considerably reduces the 
radiation dose. A rest/stress phase combination, for example in MR and PET perfusion 
imaging is normally performed to acquire information about the reversibility of a 
perfusion defect, which could help to differentiate ischemia from myocardial infarction, 
see Figure 1. However, in symptomatic patients without history of myocardial infarction, 
the probability of a persistent perfusion defect is low. In these patients, the main 
reason for CT imaging is to detect hemodynamically significant CAD, where presence 
of coronary stenosis is combined with evaluation of ischemia in the same vascular 
territory. Danad et al.(25) showed that the stress MBF value has a higher diagnostic 
accuracy than an index parameter comparing rest and stress acquisitions acquired 
using PET. This implies that a single MBF measurement during stress phase could be 
sufficient to evaluate the significance of a coronary stenosis. Delayed enhancement 
scans are used to detect myocardial scarring, and also to determine the difference 
between ischemic and infarcted myocardium in patients with history of heart disease. 
Delayed enhancement CT falls outside the scope of the current chapter.

Another option to reduce radiation dose is by lowering the tube voltage in patients 
with a normal body mass index (BMI) from 100 kVp to 80 or 70 kVp.(26) This reduces 
the radiation dose up to 40% compared to 100 kVp; where 100 kVp can be reserved for 
patients with a BMI higher than 25kg/m2.(26) Kim et al.(21) showed that automatic 
dose-modulation techniques combined with a decreased scan duration during the first 
pass limits the radiation dose significantly without compromising the image quality. 
Of course, when decreasing scan duration it is important that the entire upslope of the 
contrast at first pass is acquired. Iterative reconstruction techniques can be used to 
compensate the loss of image quality when using a lower tube current.(27)

Despite the developments in dose reduction techniques, CTMPI procedures still yield a 
relatively high radiation exposure compared to other CT examinations. Patient-tailored 
CTMPI protocols are essential to reduce unnecessary radiation exposure.
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Figure 1: Rest and stress perfusion images made by SPECT and MRI. For dynamic CTMPI stress 
imaging only could be sufficient.

Temporal sampling rate
The temporal resolution of dynamic CTMPI needs to exceed the time-scale of the fastest 
process observed, otherwise the perfusion parameters may be incorrect, and most likely 
be underestimated. The fastest process in contrast medium kinetics is typically the 
vascular transit time. For example, in dynamic brain perfusion imaging, the minimal 
temporal sampling rate is 2s. Several articles imply that a low temporal sampling rate 
in cardiac imaging, for example in shuttle mode, leads to underestimation of the MBF 
in dynamic CTMPI.(16,28) Temporal sampling rates of one acquisition every second 
heartbeat for low heart rates, up to one acquisition per 4 heart beats at high heart rates 
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(which are common in stress situations) are reported using a DSCT system in shuttle 
mode. (13,16,28) These temporal sampling rates may be insufficient to accurately 
capture the first-pass contrast enhancement curve.

PATIENT PREPARATION AND SCANNING PROTOCOL

There are a number of points to consider in patient preparation. Patients should not use 
caffeine (coffee, tea, bananas, chocolate, etc.) for preferably 24 hours or more before the 
examination, because of the interfering effects of caffeine on the effectiveness of the 
stressor agent. During the CCTA, beta-blockers may be needed to lower the heart rate in 
order to optimize image quality. Some studies have found that the use of beta-blockers 
may have a negative effect on the detection of myocardial ischemia by increasing the 
diastolic perfusion time.(29,30) Sublingual nitrates, also commonly used in CCTA, have 
been shown to decrease the ischemic area on perfusion images.(29) 

At this time, CTMPI is not yet clinically used apart from certain centers in Asia. The 
exact position of CTMPI in the work-up of CAD is still under investigation. When 
considering implementing CCTA with CTMPI, it is still a point of debate whether 
CCTA or CTMPI should be the first in the examination order. In patients with a high 
probability or known CAD (after stenting or bypass grafting) in whom myocardial 
ischemia is likely, CCTA can be performed after the stress CTMPI procedure, see 
Figure 2. This eliminates the influence of beta-blockers and nitroglycerin on the stress 
CTMPI acquisition. In view of the relatively high radiation dose of CTMPI, in less-than-
high probability patients it would be preferable to start with CCTA, in order to avoid 
unnecessary radiation dose in case of no stenosis. This, however, would require direct 
reading of CCTA, which may not be logistically feasible. An advantage could be that 
beta-blockers given for CCTA may, if CTMPI follows, result in lower maximum heart 
rate during stress, which can lead to higher temporal sampling rate.

Compared to normal CCTA equipment, an additional infusion pump may be needed for 
the administration of the stressor agent, and an additional intravenous catheter unless 
contrast medium and stressor are administered into the same arm such as in case of 
regadenosone. Patients should be observed continuously during the CTMPI procedure 
with a 12-lead ECG and a blood-pressure monitor.

An optional, delayed acquisition (10-15 minutes after last contrast bolus) can be 
considered in order to differentiate between ischemic and infarcted myocardium 
in patients with known CAD. With a delayed enhancement (DE) scan, infarcted 
myocardium can be identified owing to the delayed in- and outflow of contrast of 
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infarcted myocardium. This results in increased HU values in DE imaging. For this DE 
scan, administration of contrast medium beyond that administered during the stress 
or rest phase, is not needed. However, DE scan acquisition might not be needed for 
the differentiation between ischemia and infarction. Bamberg et al.(31) showed that 
myocardial blood volume (MBV) is decreased in infarcted myocardium compared to 
ischemic myocardium, while MBF is reduced in both conditions. Also, actual MBF 
cut-off values may allow distinguishing between ischemia and infarction, as MBF in 
infarcted segments was found to be lower than in merely ischemic segments according 
to a study comparing CTMPI to MRI and SPECT(32).

Figure 2: Schematic representation of complete cardiac evaluation protocol, including 
anatomical (CCTA) and functional (dynamic CTMPI) evaluation. A third, optional scan is the 
delayed enhancement scan for the detection of infarcted myocardium.

IMAGE ANALYSIS

Analysis of dynamic CTMPI images is based on the distribution of contrast medium 
throughout the myocardium. The distribution of iodine contrast medium can be 
described in two time-intensity curves. The tissue attenuation curve (TAC) describes 
the concentration of contrast medium in the myocardium over time, and the arterial 
input function (AIF) describes the concentration of contrast medium in the supplying 
artery (assessed at aorta or left ventricle). 

Assessment of myocardial perfusion can be performed visually, semi-quantitatively or 
quantitatively. It should be noted that, in contrast to static CTMPI, visual analysis of 
dynamic CTMPI is often based on quantitative data, by creating color maps based on 
MBF data, see Figure 3. In this chapter qualitative analysis refers to visual analysis of 
CTMPI data without the use of any quantitative measure and may include the visual 
assessment of color-coded maps.
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Myocardial perfusion can be assessed on a segment, territory or patient basis. For 
segmental analysis, the 16-segment American Heart Association-model is recommended.
(33) This segmentation uses three imaging slices at basal, mid-cavity and apical level. 
The basal and mid-cavity slices are each divided into six equal segments. whereas the 
apical slice is divided into four equal segments. The apex (segment 17) is often not taken 
into account for perfusion analysis because the limited scan width of most scanners does 
not allow the apex to be imaged.(33) Segmental CT perfusion analysis can be compared 
to other perfusion modalities such as MRI, PET or SPECT. Perfusion analysis of vessel 
territories is based on a three-vessel division, namely the left descending artery (LAD), 
the right coronary artery (RCA) and the circumflex artery (LCx) territory. Perfusion 
parameters are calculated per segment, after which multiple segments are averaged 
to represent a territory. Segments 1, 2, 7, 8, 13 and 14 are assigned to the LAD territory, 
segments 3, 4, 9, 10, and 15 are assigned to RCA territory and segments 5, 6, 11, 12, 
and 16 are generally assigned to the LCx territory, depending on coronary dominance.
(33) Anatomic variations in supplying arteries however, may pose a problem. Territory 
analysis can be additionally compared with methods which analyze CAD severity on 
vessel level such as ICA and FFR methods. With nuclear modalities and MRI it is also 
possible to analyze perfusion on a territory level. 

For clinical purposes  it is important to know whether a patient has myocardial 
ischemia and is in need of an intervention. Therefore, per patient analysis is important 
for clinical diagnostics while segment and territory based analysis are mostly used to 
validate the technique.

Qualitative, visual analysis
Qualitative analysis of dynamic CTMPI data can be done by visually inspecting the 
enhancement of myocardial tissue during the first pass of iodine contrast on dynamic 
series. Myocardium with reduced perfusion is hypo-attenuated and enhances later 
compared to normally perfused myocardium on CTMPI scans. Hypo-attenuation 
can in principle indicate both ischemic and infarcted myocardium. Visual analysis of 
dynamic CTMPI images is often done by analysis of color-coded maps, see Figure 4. It 
is important to realize that these color-coded maps are actually based on quantitative 
information of myocardial perfusion. In contrast to SPECT, which primarily allows 
evaluation of relative perfusion of myocardial areas within a patient, the color map 
based on dynamic CTMPI represents actual MBF values, which allows assessment 
of globally reduced perfusion in three-vessel disease.(34) Below we describe the 
quantification of the underlying  perfusion parameters.
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Figure 3: (a) Color coded perfusion map of myocardial blood flow. (b) The color coded map is 
based on quantitative data. Regions of interest (white circles) represent a tissue attenuation curve 
(TAC) specific for that area.

Semi-quantitative analysis
Semi-quantitative parameters can be derived from the TAC curves. The upslope method, 
in which the upslope of the TAC curve is taken as an indirect measure of perfusion, is 
a popular method to analyze CTMPI data. The upslope is calculated by making a linear 
fit of the upslope of the TAC curve. The main advantage of using the upslope is the 
possibility of shortening the scan time and thereby reducing the radiation dose since 
only knowledge of the wash-in of contrast medium is required. For the upslope method, 
timing of the scan window is highly important. When the entire upslope of the curve is 
not included, the upslope method becomes inaccurate.
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b c
a b c

Figure 4: Mid ventricular slice of a dynamic CTMPI of a porcine heart with corresponding color 
coded map representing (b) myocardial blood flow (MBF) in ml/100/ml/min and (c) myocardial 
blood volume (MBV) in ml/100 constructed with Volume Perfusion CT (VPCT) myocardium 
software (MMWP VA41A, Siemens). The AHA segmentation is projected onto the CT images. 
The red arrows point two the perfusion defects present in both hearts corresponding to both a 
decrease in MBF as in MBV 

With the upslope-method MBF can be estimated with the following equation:
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perfusion, is a popular method to analyze CTMPI data. The upslope is calculated by 
making a linear fit of the upslope of the TAC curve. The main advantage of using the 
upslope is the possibility of shortening the scan time and thereby reducing the 
radiation dose since only knowledge of the wash-in of contrast medium is required. 
For the upslope method, timing of the scan window is highly important. When the 
entire upslope of the curve is not included, the upslope method becomes inaccurate. 

With the upslope-method MBF can be estimated with the following equation: 

𝑀𝑀𝑀𝑀𝑀𝑀 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑇𝑇𝑇𝑇𝑇𝑇)
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑇𝑇𝐴𝐴𝐴𝐴)      (1) 

where the maximum upslope of the TAC (Maxupslope(TAC)) is divided by the 
maximum value of the AIF curve (Maximum(AIF)), see Figure 5. 

The upslope method accurately estimates MBF if the maximum slope of the TAC curve 
is within the mean tissue transit time, the time that a certain blood volume spends in 
the myocardium. In stress phase the mean tissue transit time is decreased, more so in 
normal myocardium than in ischemic myocardium. This decrease can cause an 
underestimation of MBF.(35) Another issue arising with the use of the upslope method 
is the inaccuracy of the AIF and TAC in case of low temporal sampling rates. When 
temporal sampling rate is too low, the AIF and TAC consist of only a few measurement 
points during upslope, and important characteristics of both AIF and TAC can be 
missed. 

Other semi-quantitative parameters are peak enhancement, time to peak, and area 
under the curve, all derived from the TAC. From these semi-quantitative parameters, 
the upslope is the most commonly used in MRI studies on semi-quantitative analysis of 
myocardial perfusion.(36–38) 

187

 
(1)

where the maximum upslope of the TAC (Maxupslope(TAC)) is divided by the maximum 
value of the AIF curve (Maximum(AIF)), see Figure 5.

The upslope method accurately estimates MBF if the maximum slope of the TAC curve 
is within the mean tissue transit time, the time that a certain blood volume spends 
in the myocardium. In stress phase the mean tissue transit time is decreased, more 
so in normal myocardium than in ischemic myocardium. This decrease can cause an 
underestimation of MBF.(35) Another issue arising with the use of the upslope method 
is the inaccuracy of the AIF and TAC in case of low temporal sampling rates. When 
temporal sampling rate is too low, the AIF and TAC consist of only a few measurement 
points during upslope, and important characteristics of both AIF and TAC can be 
missed.

Other semi-quantitative parameters are peak enhancement, time to peak, and area 
under the curve, all derived from the TAC. From these semi-quantitative parameters, 
the upslope is the most commonly used in MRI studies on semi-quantitative analysis of 
myocardial perfusion.(36–38)

chapter 8: dynamic myocardial ct perfusion imaging

8



164

0

100

200

300

400

500

600

700

8 10 12 14 16 18 21 23 25 27 29 31 34

HU
-v

alu
es

Time (sec)

AIF and TAC

AIF

TAC non-ischemic

TAC ischemic

0

5

10

15

20

25

30

35

40

45

50

8 10 12 14 16 18 21 23 25 27 29 31 34

HU
-v

alu
es

Time (sec)

AIF and TAC

TAC non-ischemic

TAC ischemic
max AIF

max upslope TAC

0

100

200

300

400

500

600

700

8 10 12 14 16 18 21 23 25 27 29 31 34

HU
-v

alu
es

Time (sec)

AIF and TAC

AIF

TAC non-ischemic

TAC ischemic

0

5

10

15

20

25

30

35

40

45

50

8 10 12 14 16 18 21 23 25 27 29 31 34

HU
-v

alu
es

Time (sec)

AIF and TAC

TAC non-ischemic

TAC ischemic
max AIF

max upslope TAC

Figure 5: The upper figure shows the arterial input function (AIF) and the tissue attenuations 
curves (TAC) of a non-ischemic segment and an ischemic segment. The ischemic segment shows 
a decreased inflow of contrast compared to the non-ischemic segments. The lower figure is an 
extended graph showing the TAC in more detail. The maximum AIF value and maximum upslope 
of the TAC curve, used to calculate the myocardial blood flow, are indicated by black lines.

Quantitative analysis
There are several methods to perform true quantitative analysis of perfusion data, 
based on the AIF and TAC, see Figure 6. Of these methods, the model-dependent 
deconvolution method is  most frequently used in recent literature on cardiac and brain 
MRI perfusion analysis.(35,39) Considering that the contrast media currently used in 
MRI (Gadolinium) and CT (iodine) behave according to the same kinetic principles, the 
same approach can be used.(35,39,40)

Quantitative CT perfusion analysis using model-dependent convolution can be divided in 
two phases. First, the signal-time curves (AIF and TAC) should be transformed into iodine 
concentration-time curves.(10,35) In comparison with MRI, this is relatively easy for CT 
data since the change in HU values is linearly related to the iodine concentration.(10)
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Thus, the iodine concentration is proportional to the signal enhancement:

 
 

Thus, the iodine concentration is proportional to the signal enhancement: 

𝑐𝑐(𝑡𝑡) = 𝑘𝑘 ∗ (𝐻𝐻𝐻𝐻(𝑡𝑡) − 𝐻𝐻𝐻𝐻0)   (2) 

In this formula, c(t) is the iodine concentration over time, and HU0 is the baseline HU 
value (i.e. before iodine injection). K is an unknown scale constant, that is 
automatically corrected for during the second phase, assuming that k is tissue 
independent.(35)  

Second, a model-dependent deconvolution approach can be used to describe the 
perfusion process in the myocardium. This convolution theory based approach is 
similar to deconvolution methods and models used in cardiac  MRI studies.(35,41) The 
iodine concentration in the myocardium over time is related to the iodine 
concentration in the supplying artery, convoluted (⊗) by an impulse response 
function (IRF). This relation is described by the following equation:(39,40,42) 

TAC(t) = MBF ∗  AIF(t) ⊗ IRF(t)     (3) 

Where TAC(t) is the tissue attenuation curve over time (seconds) in HU-values, MBF is 
the myocardial blood flow, AIF(t) is the arterial input function over time in HU-values, 
and IRF(t) is the impulse response function over time. 
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or TAC data can influence the model optimization and result in an unstable solution for 
IRF(t) and unreliable MBF values.(42) Noise in CTMPI data can be caused for example 
by inaccurate HU values, measured during different cardiac phases. Reducing noise is 
therefore an important issue in dynamic CTMPI.

TRACER-KINETIC MODELS

A wide variety of tracer-kinetic models can be used to represent IRF(t). Each of these 
models has its merits and limitations; the optimal model for CTMPI analysis has yet to 
be determined. 

The microcirculation of the myocardium is depicted in Figure 8a. Iodine is considered 
an extravasating contrast medium. The contrast medium distributes across the 
intravascular space and the extracellular extravascular space, both defined by volume 
and transit time parameters. High order perfusion models try to describe the complexity 
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of these dynamics. The two-compartment model and the distributed parameter model, 
both using four free parameters, are examples of high order perfusion models.
When only limited data are available or the quality of the data is low, it becomes difficult 
to accurately assess all parameters in high order models. Simplified models with fewer 
free parameters are useful in these situations, for example the Extended Toft model 
(three free parameters). These tracer-kinetic models fix one (or more) parameters at a 
constant value resulting in an accurate parameter estimation with less free parameters. 

Two-compartment model
The two-compartment model describes the intravascular and the extracellular 
extravascular space as two compartments, see Figure 8b. This model does not take 
into account the transit times, therefore the IRF of a two-compartment model does not 
have a stable plateau as the IRFs in Figure 7.The transit time parameters represent the 
time a specific amount of blood volume is present in the tissue or capillaries. The peak 
value of the IRF corresponds to the volume transfer coefficient Ktrans. This parameter 
is defined as a product of myocardial blood flow (MBF) and extraction fraction (E) 
and represents the inflow into the extravascular extracellular space and thereby the 
delivery of nutrients to tissue. 
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Figure 7: (a) When two identical bolus injections of the same concentration (left) are given, then 
the IRF (right) will be the same for each injection. For each bolus, the IRF shows an abrupt increase 
in HU values (if the injection is given directly to arterial input), it then stabilizes for a period of time 
while the bolus passes through the tissue, and finally shows a gradual return back to baseline 
level. The plateau represents the mean transit time.
(b) When the bolus injections have different properties, for example different concentrations 
(left), the corresponding IRFs (right) will bedifferent.
(c) Contrast medium inflow represented as a series of bolus injections of different concentrations 
(left) and corresponding IRFs (right). The tissue attenuation curve (TAC) is the sum of all IRFs 
corresponding to the bolus injections attenuated by the effects of blood flow.
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Figure 8: Schematic representation of tracer kinetic models. (a) Schematic representation of the 
myocardial microcirculation. Blood plasma flows to the vascular space (Vp) driving the myocardial 
blood flow (F). The Vp compartment exchanges molecules via a flow (PS) with the extracellular 
extravascular space (Ve). (b) Schematics of the two-compartment model. The Vp space can only 
exchange contrast medium with the Ve space. (c) Schematics of the distributed parameter model. 
The Vp and Ve spaces are represented by multiple small compartments. The contrast medium can 
only exchange between neighboring compartments. (d) Schematics of the Extended Toft model, 
where infinite flow (F) is assumed. (e) Schematics of the Fermi model. This mathematical model 
has only non-physiological parameters and only the flow (F) can be derived.

Patlak Method
This method is used in the majority of dynamic CTMPI patient studies, see Table 
2, and is a hybrid method based on a two-compartment model combined with the 
upslope method. In the first phase the TAC curve is reconstructed from the individual 
measurements of iodine concentration in the myocardium over time, using a 
convolution approach. The Patlak method uses a least square fit method to fit a two-
compartment model to the TAC curve. Subsequently the MBF is calculated using the 
upslope method, see equation 1. The maximal upslope can be derived from the IRF(t) 
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function, describing the TAC curve. Because of the convolution approach to estimate an 
equation (IRF) describing the TAC, this method is ideal for CT data with low temporal 
sampling rates where the use of only an upslope method results in inaccurate MBF 
values because of the limited information on TAC and AIF curves. An example of a 
low temporal sampling scan mode is the ECG-triggered shuttle mode with a temporal 
sampling rate of 2-3 seconds.(35)

This method substantially simplifies the mathematical procedures of a model-
dependent deconvolution approach. The Volume Perfusion CT (VPCT) myocardium 
software (MMWP VA41A, Siemens) adopted this method to calculate the MBF in 
dynamic CTMPI data, see Figure 5 . Although this method gives a good estimation 
and is able to distinguish ischemic myocardium from normal myocardium, MBF is 
substantially underestimated.(16) 

More accurate MBF values could be obtained by using equation 3 to calculate the MBF 
directly instead of using a hybrid approach with the upslope method (equation 1). 
However, this comes at the cost of higher computational complexity.

Figure 9: An overview of the Volume Perfusion CT (VPCT) myocardium software (MMWP VA41A, 
Siemens). Multiple windows allow to visualize different CT axis, shows the signal intensity curves 
for the drawn regions of interest and gives corresponding quantitative results.
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Distributed Parameter model
The distributed parameter model is one of the more complex models, taking into account 
all aspects of contrast medium kinetics. Contrast medium is assumed to exchange 
between spaces. This model estimates volume, flow and transit time parameters, 
providing a full description of the perfusion process.(35) In comparison with other 
models, the distributed parameter represents both the extracellular extravascular 
and the vascular space as a series of compartments, Figure 8c. Each extracellular 
extravascular space compartment interacts only with the nearest vascular space 
compartment and vice versa. The use of the distributed parameter model is limited 
by the temporal sampling rate of the CT system. If the temporal sampling rate is too 
low, accurate estimation of the mean transit times becomes impossible. With higher 
perfusion flow, the mean transit time decreases, requiring an even higher temporal 
sampling rate and a compact contrast medium bolus. Because of the complexity of the 
distributed parameter model, complex fitting methods are required, making the system 
more susceptible to errors.(39) So et al.(43) used the distributed parameter model to 
calculate myocardial blood flow using 64-MDCT system. The myocardial perfusion 
ratio, a ratio between normal and remote myocardium, had 95% sensitivity and 35% 
specificity to identify ischemic myocardium, with SPECT as reference method.

Extended Toft model
The Extended Toft model has one fixed parameter and three free parameters. It is a 
simplified variation of the two-compartment model and the distributed parameter 
model by assuming an infinite flow, see Figure 8d. This means that the MBF cannot 
be measured with this model; instead the volume transfer coefficient Ktrans is obtained. 
Although describing a key part of the perfusion process, this model cannot be used 
to measure flow and should therefore not be compared to flow-measuring models. 
However, in situations where the flow cannot be measured accurately due to low 
temporal sampling rate the Extended Toft model can provide an alternative direct 
proxy measure for perfusion instead of MBF.(35,39) So far this model has not been 
applied in any published dynamic CTMPI study in patients.

Fermi model
The Fermi model assumes that the contrast medium does not leave the intravascular 
space. The Fermi model is a mathematical model providing only a functional 
representation of an IRF. This model does not allow a physiological interpretation of the 
parameters used in the model, the parameters are simply used as shaping parameters 
see Figure 8e. However, the flow (MBF) can still be estimated by the above described 
model-dependent deconvolution technique.(35,39) This model is successfully used in 
studies on MRI analysis of myocardium perfusion.(10,44–47) 
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DIAGNOSTIC ACCURACY

Only a limited number of patient studies (n=18) has been published on dynamic CTMPI 
including a total of 805 patients. They are mostly small single-center studies with large 
inter-study heterogeneity in protocols, scanner type, stressor agent, reference value, 
analysis method and cut-off value, making it difficult to compare results.

Visual analysis
Five studies used visual analysis to evaluate dynamic CTMPI data, including a total of 
149 patients with a median of 27 patients per study. These dynamic CTMPI publications 
using visual analysis are listed in Table 1. Sensitivity was found to range from 84% to 
98% and specificity from 76% to 98%. All studies with visual analysis of dynamic CT 
data so far used a 2nd generation DSCT system.

Table 1: Dynamic CT myocardial perfusion patient studies using visual analysis.

Study Year Nr. of 
Patients CT scanner

Radiation 
dose 
(mSv)

Reference Analysis Sens Spec 

Yang(62) 2016 72 2nd gen. DSCT 7.8 ICA+FFR Territory 79 91

Baxa(48) 2015 27 2nd gen. DSCT 8.9 ICA
Territory 97 95

Segmental 98 96

Weininger(49) 2012 10 2nd gen. DSCT 12.8
 MRI MRI Segmental 86 98

SPECT Segmental 84 92

Wang(50) 2012 30 2nd gen. DSCT 9.5 CCTA+SPECT
SPECT Segment 100 76

Bastarrika(63) 2010 10 2nd gen. DSCT 18.8  MRI Segmental 86 98

Note- DSCT=Dual Source CT, MDCT= multi detector CT, ICA= invasive coronary angiography, FFR=fractional flow 
reserve,  MRI MRI= cardiac magnetic resonance, SPECT= single photon emission CT

Two studies analyzed individual segments and two studies analyzed vessel territories. 
Baxa et al.(48) analyzed both segments and territories. They showed 97% sensitivity 
and 95% specificity for territory based analysis, and 98% sensitivity and 96% specificity 
for segment based analysis, comparing visual analysis of CTMPI data with ICA. None of 
the studies performed with visual analysis of dynamic CTMPI data assessed diagnostic 
accuracy on a per patient level.

Two visual analysis studies document inter-observer agreement between dynamic 
CTMPI and other perfusion modalities. Weininger et al.(49) compared visual analysis 
of dynamic CTMPI to SPECT and MRI perfusion and obtained similar  results. Inter-
observer agreement between CTMPI and MRI, and CTMPI and SPECT was high with 
kappa values of 0.85 and 0.82 respectively. Wang et al.(50) compared visual analysis 
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of dynamic CTMPI analysis to SPECT, and found high inter-observer agreement for 
detecting perfusion defects with CTMPI and SPECT with kappa values of 0.81 and 0.83, 
respectively.

Semi-quantitative analysis
Huber et al.(51) is the only study using a semi-quantitative parameter (upslope) and 
they  compared it with a quantitaive parameter (lineair fit+upslope method) using a 
256 row MDCT system with ICA and FFR measurements as a reference standard. The 
quantitative measured MBF yielded a sensitivity and specificity of 76% and 100%, while 
the semi-quantitative upslope measure resulted in a reported sensitivity and specificity 
of 83% and 88%, respectively. See Table 2 an overview of semiquantitative analysis 
studies.

Quantitative analysis
A total of 13 dynamic CTMPI reports with quantitative analysis is shown in Table 
2. Included were 656 patients with a median of 37 patients per study. Respective 
sensitivity and specificity of MBF cut-offs for myocardial ischemia ranged from 73% 
to 100% and 48% to 100% for MBF. For MBV, sensitivity varied between 75% and100% 
and specificity between 24% and 91%. Reference techniques include SPECT, MRI and 
ICA+FFR. It should be noted that of these reference techniques only MRI is able to 
provide a quantitative measure of MBF and MBV values. In studies of Tanabe et al.(32), 
Huber et al(51)., So et al.(43) and Kido et al.(52) a MDCT system was used, in all other 
studies a 2nd generation DSCT system in shuttle mode was used. See Table 2 an overview 
of semiquantitative analysis studies.

Segment, territory and patient
Bamberg et al.(31,53) determined the diagnostic accuracy of MBF on segment, territory 
and patient based analysis in two separate studies, compared to respectively MRI and 
FFR. Segment based analysis showed sensitivity of 78% and 91% respectively, compared 
to 100% and 93% on territory basis, and 100% and 95% on patient basis. Rossi et al.(54) 
analyzed their MBF data on both per territory and per patient level resulting in 88-90% 
sensitivity and specificity, compared to ICA alone. 

Cut-off values
A wide range of cut-off values (75-103 ml/100ml/min for MBF) has been proposed to 
distinguish ischemic from non-ischemic myocardial segments. Studies using DSCT 
combined with VPCT software, have reported cut-off values in ml/100ml/min, while 
studies using MDCT have reported cut-off values in ml/g/min. Ebersberger at al.(55) 
used individual cut-off values instead of a generic MBF cut-off value and reported a 
sensitivity of 86% and a specificity of 96% with SPECT as reference modality. The cut-
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off values were calculated by subtracting the standard deviation of all segments from 
the average value of the respective measurement. Kim et al.(56) assessed the range of 
CTMPI-determined MBF in 19 healthy volunteers in rest and in stress using 128-slice 
DSCT. Results showed considerable heterogeneity in absolute MBF values. Women had 
higher MBF values at rest compared to men but had lower MBF values during stress 
imaging. Danad et al.(57) showed in a myocardial PET perfusion study that gender, 
age and weight influence MBF values, and that reference MBF values vary significantly 
within the general population. These results indicate that using a general cut-off value 
for perfusion parameters may be sub-optimal. 

Absolute vs. relative MBF values
As mentioned previously, a wide variety of absolute MBF cut-off values have been 
reported for discriminating ischemic from non-ischemic myocardium, as well as a high 
heterogeneity of MBF values in the normal population. This issue could be avoided by 
using a relative instead of an absolute measure of MBF. A relative measure comparing 
normally perfused myocardium with ischemic myocardium may be more accurate for 
the identification of myocardial ischemia in the individual patient. However, absolute 
values offer advantage in the diagnosis of global ischemia when normally perfused 
myocardium is absent.

Wichmann et al.(58) compared absolute MBF values and relative MBF values to CCTA 
results in 137 patients using a 2nd generation DSCT. Relative MBF values yielded a higher 
diagnostic accuracy than absolute MBF values on a territory level, with a sensitivity 
and specificity of 91% and 93 % compared to 82% and 81%. Kono et al.(59) reported 
similar results in 42 patients using a 2nd generation DSCT, comparing relative MBF 
values and absolute MBF values to combined ICA and FFR results. They reported 98% 
sensitivity and 70% specificity for relative MBF values compared to 89% sensitivity and 
48% specificity for absolute MBF values. Both studies used a two-compartment model 
combined with upslope analysis to calculate MBF.

Myocardial Blood volume
Myocardial blood volume (MBV) could be another parameter for the detection of 
myocardial perfusion defects. In ischemic myocardium vasodilation of the arterioles 
compensates for the decreased flow in the stenotic artery thereby changing the volume 
of blood in the myocardium. Bamberg et al(31) showed that MBV values are lower in 
infarcted myocardium compared to ischemic myocardium, and could therefore help to 
differentiate between the two states. Three studies evaluated the diagnostic accuracy 
of both MBF and MBV to detect ischemic myocardium. So et al.(43) used myocardial 
perfusion reserve (MPR) and myocardial volume reserve (MVR) to detect ischemic areas 
with SPECT as reference. MPR and MVR were defined as the ratio of MBV and MBF 
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values in stress and rest imaging. They reported sensitivity and specificity of 95% and 
35% using MPR, and 97% and 24% using MVR, compared to SPECT results. Ebersberger 
et al.(55) determined absolute MBF and MBV values and reported a slightly lower 
sensitivity for MBV than for MBF (81% compared to 86%) with comparable specificity, 
comparing dynamic CTMPI results to SPECT. Wichmann et al.(60) also determined 
absolute MBF and MBV values, analyzing one-, two- or three-vessel territories and 
compared quantitative analysis of the CTMPI data to visual analysis of perfusion defects 
of the same CTMPI data. Global MBV values showed lower specificity compared to MBF 
values. Bamberg et al.(53) (2011) compared MBF and MBV values to combined ICA and 
FFR measurements. They reported that MBF had a significantly higher discriminatory 
power than MBV to detect myocardial ischemia. The combination of MBF and MBV 
values was found to be useful in discriminating ischemic and infarcted myocardium 
from normal myocardium. 

Comparison of visual, semi-quantitative and quantitative analysis
Huber et al.(51) showed a similar diagnostic accuracy for semi-quantitative parameters 
compared to a quantitative measure of MBF in dynamic CTMPI, with combined ICA and 
FFR results as a reference. The reported sensitivity and specificity was 83% and 88% for 
the semi-quantitative upslope parameter CTMPI, respectively, and 76% and 100% for 
the quantitative MBF parameter. The range of reported specificities among studies is 
larger for quantitative analysis, indicating that diagnostic accuracy for a quantitative 
approach is less robust. However, quantification of myocardial perfusion may be useful 
in diagnosing three-vessel disease, where there is no non-ischemic myocardium present 
as reference and in case of global hypo-perfusion of the left ventricular myocardium. 
Three-vessel disease and global hypo-perfusion are known to cause false-negative 
results in SPECT. Meinel et al.(34) investigated whether quantification of global MBF 
is feasible, and showed that global MBF is gradually lower in patients with increasing 
territorial perfusion defects and is correlated to the number of obstructed vessels. 
Global MBF showed a moderate correlation with visual CTMPI assessment and CCTA 
findings.(34) A study of Vliegenthart et al.(9) investigated whether absolute global 
perfusion parameters as MBF and MBV could detect subclinical changes in perfusion 
parameters in patients with hypertension and diabetes. This offers the opportunity 
to use absolute MBF values for the risk stratification of CAD prior to the presence 
of evident myocardial ischemia. The diagnosis of microvascular disease is another 
process that could benefit from absolute quantification of MBF with dynamic CTMPI. 
Microvascular disease is characterized by a decrease in (global) perfusion without 
correlation to an anatomical abnormality of the coronary arteries. Dynamic CTMPI 
combined with CTA could possibly be used to diagnose microvascular disease and 
exclude CAD.
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Comparison of static and dynamic CTMPI
In an animal study, Schwarz et al.(61) concluded that dynamic CTMPI may be more 
sensitive for detection of smaller perfusion defects compared to static CTMPI. However, 
Huber et al.(51) showed that diagnostic accuracy of the dynamic CTMPI parameter 
was similar to that derived from static CTMPI data using combined ICA and FFR 
measurements as a reference. More studies are needed to investigate in which patients 
dynamic CTMPI has additional value beyond visual analysis of myocardial ischemia 
based on myocardial blood supply imaging. 

Comparison with other modalities
Currently there are no patient studies comparing dynamic CTMPI and other ischemia 
imaging modalities against the same reference standard. 

FUTURE PERSPECTIVES

The limited number of dynamic CTMPI studies in patients shows promising results 
with regard to the diagnostic value of dynamic CT for the detection of myocardial 
ischemia. However, several issues need to be addressed before clinical implementation 
of this technique can be considered.

The currently published patient studies are difficult to compare due to heterogeneity in 
imaging protocols, reference standards and analysis techniques. An optimal and robust 
protocol for dynamic CTMPI is yet to be determined. 

The main advantage of dynamic CTMPI compared to other perfusion imaging 
techniques is the possibility to truly quantify myocardial blood flow, making it possible 
to accurately identify perfusion defects even in the absence of normally perfused 
myocardium. Absolute perfusion values offer the possibility of improving CAD risk 
stratification, diagnosing multivessel CAD, discriminating between infarcted and 
ischemic myocardium, and identifying early subclinically reduced myocardial perfusion 
such as in microvascular disease. 

Although the quantification of perfusion parameters is assumed to have multiple 
advantages compared to visual analysis, it is yet to be proven that more accurate MBF 
(or MBV) values aid in the diagnosis of myocardial ischemia and are able to improve 
patient outcome. Dynamic CTMPI can be analyzed visually by looking at the dynamic 
series, and quantitatively by either looking at color-coded maps based on absolute 
values or by analyzing the absolute perfusion parameters directly. Until now there is no 
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study comparing the use of color-coded maps with absolute values to identify ischemic 
myocardium. The question remains which of the analysis methods yields highest 
diagnostic accuracy and best clinical feasibility. 

A disadvantage of dynamic CTMPI compared to other modalities is the radiation dose, 
especially when CCTA and dynamic CTMPI are combined. Patient-tailored protocols 
to reduce radiation dose should be developed. This could be done by patient-specific 
tube current and kV modulation and iterative image reconstruction. Static CTMPI is 
unable to quantify MBF but has a lower radiation dose than dynamic CTMPI. Whether 
the increased radiation dose of dynamic CTMPI weighs up to the benefits of absolute 
quantification, and in which patients, is yet to be determined.

Although the main benefit of dynamic CTMPI is the possibility to quantify perfusion, 
several issues arise with the use of this quantitative imaging method. One of the 
challenges with dynamic CTMPI is underestimation of MBF compared to other 
quantitative modalities. Studies with PET-determined MBF(66,67) have reported 
stress values between 3 and 5 ml/min/g,  whereas dynamic CTMPI studies(50,53,54). 
report stress MBF values between 1.0-1.4 ml/min/g Studies of Bindschadler et al.(28) 
and Ishida et al.(16) suggest that a limited temporal sampling rate is the main cause 
of the underestimation of MBF determined by dynamic CTMPI. Further research 
should investigate the effect of temporal sampling rate on absolute MBF values and 
the influence on diagnostic accuracy. A second cause for underestimation of MBF 
values with dynamic CTMPI could be the use of combining a tracer kinetic model 
with the Patlak method to calculate MBF. Possibly this method estimates Ktrans instead 
of MBF.(16) By calculating the MBF using a method purely based on deconvolution, 
MBF values could be more accurate compared to the most widely used hybrid method 
combining deconvolution and upslope calculation. Each model has its own advantages 
and disadvantages. Further research is needed to determine which tracer kinetic 
model optimally approximates the true value of MBF in CTMPI. Currently  the effect of 
quantitative perfusion parameters on the diagnostic accuracy in the detection of CAD 
and myocardial ischemia is still unknown.

There are a few studies comparing the diagnostic accuracy of different perfusion 
modalities,(1,3) however, these do not include dynamic CTMPI. The performance of 
(dynamic) CTMPI with regard to SPECT, PET and MRI, potentially in combination 
with anatomical evaluation procedures, needs to be determined in large patient studies 
including patient outcomes and analysis of cost-effectiveness. Large multi-center 
studies could also aid in the search for the optimal perfusion cut-off values for several 
sub-populations in order to increase the diagnostic accuracy. It should be established 
if dynamic CTMPI in patients with previous coronary artery bypass graft surgery or 
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stent placements has an added value in the diagnostic process. The SPECIFIC study 
may answer some of these remaining questions. The objective of the multicenter 
SPECIFIC study is to determine the diagnostic accuracy of CTMPI for the detection of 
hemodynamically relevant coronary stenosis in patients with suspected or known CAD. 
A sub-group of patients will also undergo perfusion MRI. The diagnostic accuracy of 
MRI versus dynamic CTMPI for the detection of perfusion defects will be compared to 
the reference standard, ICA plus FFR.

In conclusion, the few patient studies focusing on dynamic CTMPI for myocardial ischemia 
detection show promising results. Absolute quantification of perfusion parameters offers 
great potential, not only in the diagnosis of myocardial ischemia but potentially also in 
the detection of early signs of reduced myocardial blood flow as well as the diagnosis of 
microvascular disease and three-vessel disesase.  With the advent of new dose reduction 
techniques and new developments in CT systems, resulting in faster scanning times and 
wider detectors, clinical implementation of dynamic CTMPI becomes closer. 

chapter 8: dynamic myocardial ct perfusion imaging

8



180

REFERENCES

1.  Jaarsma C, Leiner T, Bekkers SC, Crijns HJ, Wildberger JE, Nagel E, et al. Diagnostic 
Performance of Noninvasive Myocardial Perfusion Imaging Using Single-Photon Emission 
Computed Tomography, Cardiac Magnetic Resonance, and Positron Emission Tomography 
Imaging for the Detection of Obstructive Coronary Artery Disease. J Am Coll Cardiol 
[Internet]. 2012;59(19):1719–28. Available from: http://www.ncbi.nlm.nih.gov/entrez/query.
fcgi?cmd=Retrieve&db=PubMed&dopt=Citation&list_uids=22554604

2.  Schwitter J, Wacker CM, van Rossum AC, Lombardi M, Al-Saadi N, Ahlstrom H, et al. MR-
IMPACT: comparison of perfusion-cardiac magnetic resonance with single-photon  emission 
computed tomography for the detection of coronary artery disease in a multicentre, multivendor, 
randomized trial. Eur Heart J. 2008 Feb;29(4):480–9. 

3.  Parker MW, Iskandar A, Limone B, Perugini A, Kim H, Jones C, et al. Diagnostic accuracy of 
cardiac positron emission tomography versus single photon emission computed tomography for 
coronary artery disease: A bivariate meta-analysis. Circ Cardiovasc Imaging. 2012;5(6):700–7. 

4.  Hulten EA, Carbonaro S, Petrillo SP, Mitchell JD, Villines TC. Prognostic value of cardiac 
computed tomography angiography: A systematic review and meta-analysis. J Am Coll Cardiol 
[Internet]. 2011;57(10):1237–47. Available from: http://dx.doi.org/10.1016/j.jacc.2010.10.011

5.  Pelgrim GJ, Dorrius M, Xie X, Den Dekker MAM, Schoepf UJ, Henzler T, et al. The dream 
of a one-stop-shop: Meta-analysis on myocardial perfusion CT. Eur J Radiol [Internet]. 
2015;84(12):2411–20. Available from: http://dx.doi.org/10.1016/j.ejrad.2014.12.032

6.  Danad I, Szymonifka J, Schulman-Marcus J, Min JK. Static and dynamic assessment of myocardial 
perfusion by computed tomography. Eur Hear J – Cardiovasc Imaging [Internet]. 2016;jew044. 
Available from: http://ehjcimaging.oxfordjournals.org/lookup/doi/10.1093/ehjci/jew044

7.  Williams MC, Newby DE. CT myocardial perfusion imaging: current status and future 
directions. Clin Radiol [Internet]. 2016;71(8):1–11. Available from: http://linkinghub.elsevier.
com/retrieve/pii/S0009926016001227

8.  Caruso D, Eid M, Schoepf UJ, Jin KN, Varga-Szemes A, Tesche C, et al. Dynamic CT myocardial 
perfusion imaging. Eur J Radiol [Internet]. 2016; Available from: http://linkinghub.elsevier.
com/retrieve/pii/S0720048X16302340

9.  Vliegenthart R, De Cecco CN, Wichmann JL, Meinel FG, Pelgrim GJ, Tesche C, et al. Dynamic 
CT myocardial perfusion imaging identifies early perfusion abnormalities in diabetes 
and hypertension: Insights from a multicenter registry. J Cardiovasc Comput Tomogr 
[Internet]. 2016;10(4):301–8. Available from: http://linkinghub.elsevier.com/retrieve/pii/
S1934592516300806

10.  George RT, Jerosch-Herold M, Silva C, Kitagawa K, Bluemke DA, Lima JA, et al. Quantification 
of myocardial perfusion using dynamic 64-detector computed tomography. Invest Radiol 
[Internet]. 2007;42(12):815–22. Available from: http://www.ncbi.nlm.nih.gov/pubmed/18007153

11.  Christian TF, Frankish ML, Sisemoore JH, Christian MR, Gentchos G, Bell SP, et al. Myocardial 
perfusion imaging with first-pass computed tomographic imaging: Measurement of coronary 
flow reserve in an animal model of regional hyperemia. J Nucl Cardiol. 2010 Aug;17(4):625–30. 

12.  So A, Hsieh J, Li J-Y, Hadway J, Kong H-F, Lee T-Y. Quantitative myocardial perfusion 
measurement using CT Perfusion: a validation study in a porcine model of reperfused acute 
myocardial infarction. Int J Cardiovasc Imaging. 2012;28(5):1237–48. 

13.  Mahnken AH, Klotz E, Pietsch H, Schmidt B, Allmendinger T, Haberland U, et al. Quantitative 
whole heart stress perfusion CT imaging as noninvasive assessment of hemodynamics in coronary 
artery stenosis: preliminary animal experience. Invest Radiol [Internet]. 2010;45(6):298–305. 
Available from: http://www.ncbi.nlm.nih.gov/pubmed/20421799

part 3: myocardial perfusion analysis



181

14.  Bamberg F, Hinkel R, Schwarz F, Sandner TA, Baloch E, Marcus R, et al. Accuracy of Dynamic 
Computed Tomography Adenosine Stress Myocardial Perfusion Imaging in Estimating 
Myocardial Blood Flow at Various Degrees of Coronary Artery Stenosis Using a Porcine Animal 
Model. Invest Radiol. 2012;47(1):71–7. 

15.  Rossi A, Uitterdijk A, Dijkshoorn M, Klotz E, Dharampal A, Van Straten M, et al. Quantification 
of myocardial blood flow by adenosine-stress CT perfusion imaging in pigs during various 
degrees of stenosis correlates well with coronary artery blood flow and fractional flow reserve. 
Eur Heart J Cardiovasc Imaging. 2013;14(4):331–8. 

16.  Ishida M, Kitagawa K, Ichihara T, Natsume T, Nakayama R, Nagasawa N, et al. Underestimation 
of myocardial blood flow by dynamic perfusion CT: Explanations by two-compartment model 
analysis and limited temporal sampling of dynamic CT. J Cardiovasc Comput Tomogr [Internet]. 
2016;1–8. Available from: http://linkinghub.elsevier.com/retrieve/pii/S1934592516300077

17.  Motwani M, Fairbairn TA, Larghat A, Mather AN, Biglands JD, Radjenovic A, et al. Systolic versus 
diastolic acquisition in myocardial perfusion MR imaging. Radiology. 2012 Mar;262(3):816–23. 

18.  Motwani M, Kidambi A, Sourbron S, Fairbairn TA, Uddin A, Kozerke S, et al. Quantitative 
three-dimensional cardiovascular magnetic resonance myocardial perfusion imaging in systole 
and diastole at 3.0 T. Heart [Internet]. 2013;99:A56–7. Available from: http://www.embase.com/
search/results?subaction=viewrecord&from=export&id=L71283934

19.  Rossi A, Merkus D, Klotz E, Mollet N, de Feyter PJ, Krestin GP. Stress myocardial perfusion: 
imaging with multidetector CT. Radiology [Internet]. 2014;270(1):25–46. Available from: http://
www.ncbi.nlm.nih.gov/pubmed/24354374

20.  Einstein AJ. Effects of Radiation Exposure From Cardiac Imaging : How Good. J Am Colllege 
Cardiol. 2012;59(6):553–65. 

21.  Kim SM, Kim YN, Choe YH. Adenosine-stress dynamic myocardial perfusion imaging using 
128-slice dual-source CT: Optimization of the CT protocol to reduce the radiation dose. Int J 
Cardiovasc Imaging. 2013;29(4):875–84. 

22.  Deseive S, Pugliese Md F, Meave A, Alexanderson E, Martinoff S, Hadamitzky M, et al. Image 
quality and radiation dose of a prospectively electrocardiography-triggered high-pitch data 
acquisition strategy for coronary CT angiography: The multicenter, randomized PROTECTION 
IV study. J Cardiovasc Comput Tomogr. 2015;9:278–85. 

23.  Gordic S, Desbiolles L, Sedlmair M, Manka R, Plass A, Schmidt B, et al. Optimizing radiation dose 
by using advanced modelled iterative reconstruction in high-pitch coronary CT angiography. 
Eur Radiol. 2016;26(2):459–68. 

24.  Einstein AJ, Moser KW, Thompson RC, Cerqueira MD, Henzlova MJ. Radiation dose to patients 
from cardiac diagnostic imaging. Circulation. 2007;116(11):1290–305. 

25.  Danad I, Raijmakers PG, Appelman YE, Harms HJ, de Haan S, van den Oever MLP, et al. Hybrid 
imaging using quantitative H215O PET and CT-based coronary angiography for the detection 
of coronary artery disease. J Nucl Med [Internet]. 2013;54(1):55–63. Available from: http://www.
ncbi.nlm.nih.gov/pubmed/23232274

26.  Fujita M, Kitagawa K, Ito T, Shiraishi Y, Kurobe Y, Nagata M, et al. Dose reduction in dynamic 
CT stress myocardial perfusion imaging: Comparison of 80-kV/370-mAs and 100-kV/300-mAs 
protocols. Eur Radiol. 2014;24(3):748–55. 

27.  Gramer BM, Muenzel D, Leber V, Von Thaden AK, Feussner H, Schneider A, et al. Impact of 
iterative reconstruction on CNR and SNR in dynamic myocardial perfusion imaging in an 
animal model. Eur Radiol. 2012;22(12):2654–61. 

28.  Bindschadler M, Modgil D, Branch KR, La Riviere PJ, Alessio AM. Comparison of blood flow 
models and acquisitions for quantitative myocardial perfusion estimation from dynamic CT. 
October. 2008;141(4):520–9. 

chapter 8: dynamic myocardial ct perfusion imaging

8



182

29.  Zoghbi GJ, Dorfman TA, Iskandrian AE. The Effects of Medications on Myocardial Perfusion. 
J Am Coll Cardiol [Internet]. 2008;52(6):401–16. Available from: http://dx.doi.org/10.1016/j.
jacc.2008.04.035

30.  Machecourt J, Longère P, Fagret D, Vanzetto G, Wolf JE, Polidori C, et al. Prognostic value 
of thallium-201 single-photon emission computed tomographic myocardial perfusion imaging 
according to extent of myocardial defect. Study in 1,926 patients with foilow-up at 33 months. J 
Am Coll Cardiol. 1994;23(5):1096–106. 

31.  Bamberg F, Marcus RP, Becker A, Hildebrandt K, Bauner K, Schwarz F, et al. Dynamic 
myocardial CT perfusion imaging for evaluation of myocardial ischemia as determined by MR 
imaging. JACC Cardiovasc Imaging [Internet]. 2014;7(3):267–77. Available from: http://dx.doi.
org/10.1016/j.jcmg.2013.06.008

32.  Tanabe Y, Kido T, Uetani T, Kurata A, Kono T, Ogimoto A, et al. Differentiation of myocardial 
ischemia and infarction assessed by dynamic computed tomography perfusion imaging 
and comparison with cardiac magnetic resonance and single-photon emission computed 
tomography. Eur Radiol [Internet]. 2016;1–12. Available from: http://www.embase.com/search/
results?subaction=viewrecord&from=export&id=L608199060

33.  Cerqueira MD, Weissman NJ, Dilsizian V, Jacobs AK, Kaul S, Laskey WK, et al. Standardized 
Myocardial Segmentation and Nomenclature for Tomographic Imaging of the Heart. Circulation. 
2002;539–42. 

34.  Meinel FG, Ebersberger U, Schoepf UJ, Lo GG, Choe YH, Wang Y, et al. Global quantification 
of left ventricular myocardial perfusion at dynamic CT: Feasibility in a multicenter patient 
population. Am J Roentgenol. 2014;203(2):174–80. 

35.  Ingrisch M, Sourbron S. Tracer-kinetic modeling of dynamic contrast-enhanced MRI and CT: a 
primer. J Pharmacokinet Pharmacodyn. 2013 Jun;40(3, SI):281–300. 

36.  Al-Saadi N, Nagel E, Gross M, Bornstedt A, Schnackenburg B, Klein C, et al. Noninvasive 
detection of myocardial ischemia from perfusion reserve based on cardiovascular magnetic 
resonance. Circulation. 2000 Mar;101(12):1379–83. 

37.  Al-Saadi N, Nagel E, Gross M, Schnackenburg B, Paetsch I, Klein C, et al. Improvement of 
myocardial perfusion reserve early after coronary intervention: assessment with cardiac 
magnetic resonance imaging. J Am Coll Cardiol. 2000 Nov;36(5):1557–64. 

38.  Schwitter J, Nanz D, Kneifel S, Bertschinger K, Buchi M, Knusel PR, et al. Assessment of 
myocardial perfusion in coronary artery disease by magnetic resonance: a comparison with 
positron emission tomography and coronary angiography. Circulation. 2001 May;103(18):2230–
5. 

39.  Pelgrim GJ, Handayani A, Dijkstra H, Prakken NHJHJ, Slart RHJA, Oudkerk M, et al. Quantitative 
Myocardial Perfusion with Dynamic Contrast-Enhanced Imaging in MRI and CT : Theoretical 
Models and Current Implementation. Biomed Res Int [Internet]. 2016;2016. Available from: 
http://www.embase.com/search/results?subaction=viewrecord&from=export&id=L609230918

40.  Lee TY. Functional CT: Physiological models. Trends Biotechnol. 2002;20(8):3–10. 

41.  Larghat AM, Maredia N, Biglands J, Greenwood JP, Ball SG, Jerosch-Herold M, et al. 
Reproducibility of first-pass cardiovascular magnetic resonance myocardial perfusion. J Magn 
Reson Imaging. 2013 Apr;37(4):865–74. 

42.  Gamel BJ, Katholi CR, Mesel E. Pitfalls in Digital Computation of the Impulse Response of 
Vascular Beds from Indicator-Dilution Curves. Circ Res. 1973;32(April):516–23. 

43.  So A, Wisenberg G, Islam A, Amann J, Romano W, Brown J, et al. Non-invasive assessment 
of functionally relevant coronary artery stenoses with quantitative CT perfusion: Preliminary 
clinical experiences. Eur Radiol. 2012;22(1):39–50. 

part 3: myocardial perfusion analysis



183

44.  Papanastasiou G, Williams MC, Kershaw LE, Dweck MR, Alam S, Mirsadraee S, et al. 
Measurement of myocardial blood flow by cardiovascular magnetic resonance perfusion: 
comparison of distributed parameter and Fermi models with single and dual bolus. J Cardiovasc 
Magn Reson. 2015;17:17. 

45.  Futamatsu H, Wilke N, Klassen C, Shoemaker S, Angiolillo DJ, Siuciak A, et al. Evaluation of 
cardiac magnetic resonance imaging parameters to detect anatomically and hemodynamically 
significant coronary artery disease. Am Heart J. 2007 Aug;154(2):298–305. 

46.  Maredia N, Plein S, Younger JF, Brown JM, Nixon J, Everett CC, et al. Detection of triple vessel 
coronary artery disease by visual and quantitative first pass CMR myocardial perfusion imaging 
in the CE-MARC study. J Cardiovasc Magn Reson [Internet]. 2011;13. Available from: http://
www.embase.com/search/results?subaction=viewrecord&from=export&id=L70465436

47.  Sammut E, Zarinabad N, Wesolowski R, Morton G, Chen Z, Sohal M, et al. Feasibility of high-
resolution quantitative perfusion analysis in patients with heart failure. J Cardiovasc Magn 
Reson. 2015;17:13. 

48.  Baxa J, Hromádka M, Šedivý J, Štěpánková L, Moláček J, Schmidt B, et al. Regadenoson-
Stress Dynamic Myocardial Perfusion Improves Diagnostic Performance of CT Angiography 
in Assessment of Intermediate Coronary Artery Stenosis in Asymptomatic Patients. Biomed 
Res Int [Internet]. 2015;2015:105629. Available from: http://www.pubmedcentral.nih.gov/
articlerender.fcgi?artid=4506745&tool=pmcentrez&rendertype=abstract

49.  Weininger M, Schoepf UJ, Ramachandra A, Fink C, Rowe GW, Costello P, et al. Adenosine-
stress dynamic real-time myocardial perfusion CT and adenosine-stress first-pass dual-energy 
myocardial perfusion CT for the assessment of acute chest pain: Initial results. Eur J Radiol 
[Internet]. 2012;81(12):3703–10. Available from: http://dx.doi.org/10.1016/j.ejrad.2010.11.022

50.  Wang Y, Qin L, Shi X, Zeng Y, Jing H, Schoepf UJ, et al. Adenosine-stress dynamic myocardial 
perfusion imaging with second-generation dual-source CT: Comparison with conventional 
catheter coronary angiography and SPECT nuclear myocardial perfusion imaging. Am J 
Roentgenol. 2012;198(3):521–9. 

51.  Huber AM, Leber V, Gramer BM, Muenzel D, Leber A, Rieber J, et al. Myocardium: Dynamic 
versus Single-Shot CT Perfusion Imaging. Radiology [Internet]. 2013;269(2):1–8. Available from: 
http://www.ncbi.nlm.nih.gov/pubmed/23788717

52.  Kido T, Kurata A, Higashino H, Inoue Y. Quantification of Regional Myocardial Blood Flow 
Using. 2008;72(July):1086–91. 

53.  Bamberg F, Becker A, Schwarz F, Marcus RP, Greif M, Sommer WH, et al. Detection of 
Hemodynamically Signifi cant Coronary Artery Stenosis : Incremental Diagnostic Value of 
Dynamic CT-based. Radiology. 2011;260(3):689–98. 

54.  Rossi A, Dharampal A, Wragg A, Davies LC, Van Geuns RJ, Anagnostopoulos C, et al. Diagnostic 
performance of hyperaemic myocardial blood flow index obtained by dynamic computed 
tomography: Does it predict functionally significant coronary lesions? Eur Heart J Cardiovasc 
Imaging. 2014;15(1):85–94. 

55.  Ebersberger U, Marcus RP, Schoepf UJ, Lo GG, Wang Y, Blanke P, et al. Dynamic CT myocardial 
perfusion imaging: Performance of 3D semi-automated evaluation software. Eur Radiol. 
2014;24(1):191–9. 

56.  Kim EY, Chung WJ, Sung YM, Byun SS, Park JH, Kim JH, et al. Normal range and regional 
heterogeneity of myocardial perfusion in healthy human myocardium: Assessment on dynamic 
perfusion CT using 128-slice dual-source CT. Int J Cardiovasc Imaging. 2014;30(SUPPL. 1):33–
40. 

57.  Danad I, Raijmakers PG, Appelman YE, Harms HJ, De Haan S, Van Den Oever MLP, et al. 
Coronary risk factors and myocardial blood flow in patients evaluated for coronary artery disease: 
A quantitative [ 15O]H 2O PET/CT study. Eur J Nucl Med Mol Imaging. 2012;39(1):102–12. 

chapter 8: dynamic myocardial ct perfusion imaging

8



184

58.  Wichmann JL, Meinel FG, Schoepf UJ, Lo GG, Choe YH, Wang Y, et al. Absolute versus relative 
myocardial blood flow by dynamic CT myocardial perfusion imaging in patients with anatomic 
coronary artery disease. Am J Roentgenol. 2015;205(1):W67–72. 

59.  Kono AK, Coenen A, Lubbers M, Kurata A, Rossi A, Dharampal A, et al. Relative Myocardial 
Blood Flow by Dynamic Computed Tomographic Perfusion Imaging Predicts Hemodynamic 
Significance of Coronary Stenosis Better Than Absolute Blood Flow. Invest Radiol [Internet]. 
2014;49(12):801–7. Available from: http://www.ncbi.nlm.nih.gov/pubmed/25014013%5Cn%3CGo 
to ISI%3E://WOS:000345293000007

60.  Wichmann JL, Meinel FG, Schoepf UJ, Varga-Szemes A, Muscogiuri G, Cannaò PM, et al. 
Semiautomated global quantification of left ventricular myocardial perfusion at stress dynamic 
ct: Diagnostic accuracy for detection of territorial myocardial perfusion deficits compared to 
visual assessment. Acad Radiol [Internet]. 2016;23(4):429–37. Available from: http://dx.doi.
org/10.1016/j.acra.2015.12.005

61.  Schwarz F, Hinkel R, Baloch E, Marcus RP, Hildebrandt K, Sandner TA, et al. Myocardial 
CT perfusion imaging in a large animal model: Comparison of dynamic versus single-phase 
acquisitions. JACC Cardiovasc Imaging. 2013;6(12):1229–38. 

62.  Yang DH, Kim Y-HH, Roh JH, Kang J-WW, Ahn J-MM, Kweon J, et al. Diagnostic performance of 
on-site CT-derived fractional flow reserve versus CT perfusion. Eur Heart J Cardiovasc Imaging 
[Internet]. 2017;18(4):432–40. Available from: http://www.ncbi.nlm.nih.gov/pubmed/27354345

63.  Bastarrika G, Ramos-Duran L, Rosenblum MA, Kang DK, Rowe GW, Schoepf UJ. Adenosine-
stress dynamic myocardial CT perfusion imaging: initial clinical experience. Invest Radiol. 2010 
Jun;45(6):306–13. 

64.  Greif M, von Ziegler F, Bamberg F, Tittus J, Schwarz F, D’Anastasi M, et al. CT stress perfusion 
imaging for detection of haemodynamically relevant coronary stenosis as defined by FFR. 
HEART. 2013 Jul;99(14):1004–11. 

65.  Ho KT, Chua KC, Klotz E, Panknin C. Stress and rest dynamic myocardial perfusion imaging by 
evaluation of complete time-attenuation curves with dual-source CT. JACC Cardiovasc Imaging 
[Internet]. 2010;3(8):811–20. Available from: http://dx.doi.org/10.1016/j.jcmg.2010.05.009

66.  Kajander SA, Joutsiniemi E, Saraste M, Pietila M, Ukkonen H, Saraste A, et al. Clinical value of 
absolute quantification of myocardial perfusion with (15)O-water in coronary artery disease. 
Circ Cardiovasc Imaging. 2011 Nov;4(6):678–84. 

67.  Bol  a., Melin J a., Vanoverschelde JL, Baudhuin T, Vogelaers D, De Pauw M, et al. Direct 
comparison of [13N]ammonia and [15O]water estimates of perfusion with quantification of 
regional myocardial blood flow by microspheres. Circulation [Internet]. 1993;87(2):512–25. 
Available from: http://circ.ahajournals.org/cgi/doi/10.1161/01.CIR.87.2.512

part 3: myocardial perfusion analysis



185

chapter 8: dynamic myocardial ct perfusion imaging



186

9



187

Low CT temporal sampling rates result in a 
substantial underestimation of myocardial 

blood flow measurements

M. van Assen, G.J. Pelgrim, E. Slager, S van Tuijl , U.J. Schoepf,  
R. Vliegenthart, M. Oudkerk

Published IJCVI 2019



188

ABSTRACT

Objectives: To evaluate the effect of temporal sampling rate in dynamic CT myocardial 
perfusion imaging (CTMPI) on myocardial blood flow (MBF).

Background: Dynamic perfusion CT underestimates myocardial blood flow compared 
to PET and SPECT values. For accurate quantitative analysis of myocardial perfusion 
with dynamic perfusion CT a stable calibrated HU measurement of MBF is essential.

Methods: Three porcine hearts were perfused using an ex-vivo Langendorff model. 
Hemodynamic parameters were monitored. Dynamic CTMPI was performed using third 
generation dual source CT at 70kVp and 230-350mAs/rot in electrocardiography(ECG)-
triggered shuttle-mode (sampling rate, 1 acquisition every 2-3 seconds; z-range, 10.2cm), 
ECG-triggered non-shuttle mode (fixed table position) with stationary tube rotation 
(1 acquisition every 0.5-1 second, 5.8cm), and non-ECG-triggered continuous mode (1 
acquisition every 0.06 second, 5.8cm). Stenosis was created in the circumflex artery, 
inducing different fractional flow reserve values. Volume Perfusion CT Myocardium 
software was used to analyze ECG-triggered scans. For the non-ECG triggered scans 
MASS research version was used combined with an in-house Matlab script. MBF (mL/g/
min) was calculated for non-ischemic segments. True MBF was calculated using input 
flow and heart weight.

Results: Significant differences in MBF between shuttle, non-shuttle and continuous 
mode were found, with median MBF of 0.87 (Interquartile range(IQR), 0.72-1.00), 1.20 
(1.07-1.30) and 1.65 (1.40-1.88), respectively. The median MBF in shuttle mode was 56% 
lower than the true MBF. In non-shuttle and continuous mode, the underestimation 
was 41% and 18%. 

Conclusion: Limited temporal sampling rate in standard dynamic CTMPI techniques 
contributes to substantial underestimation of true MBF.
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INTRODUCTION

Coronary artery disease (CAD) is one of the major causes of death in industrialized 
countries, and one of the leading causes of years of life lost due to premature mortality 
(1, 2). Multiple myocardial perfusion imaging (MPI) modalities can be used to 
evaluate the hemodynamic significance of CAD non-invasively (3-5). Recent technical 
developments in the field of computed tomography (CT) make this imaging modality 
a suitable candidate for cardiac perfusion measurements (6). Dynamic CTMPI has 
several advantages over competing imaging modalities, namely cost, availability, 
spatial resolution and the linear relation between Hounsfield Unit (HU) enhancement 
and contrast in the myocardium, facilitating quantification. Using a combination of CT 
angiography (CTA) and CTMPI the morphological and functional aspects of CAD can 
be evaluated with a single non-invasive imaging modality.

In a clinical setting, MPI evaluation is mostly based on visual assessment of differences 
in regional enhancement by trained experts (7). Qualitative analysis relies on the 
assumption that there is normally perfused myocardium present as remote area. This 
assumption is not needed for quantitative evaluation (8,9). Therefore, quantitative 
analysis offers several advantages, including the potential to accurately grade the 
severity of ischemia and the ability to detect global ischemia and multi-vessel disease 
(8).

Dynamic CTMPI has been found to underestimate myocardial blood flow (MBF) 
compared to positron emission tomography, the current gold standard for in-vivo 
quantification of MBF. Studies with positron emission tomography report stress MBF 
values ranging between 3 and 5mL/min/g (10, 11), whereas previous studies using 
dynamic CTMPI report stress MBF values of 1.0-1.4mL/min/g (12-15). Ishida et al. report 
an underestimation of 23-41% of CT-measured MBF values compared to true values in 
a simulation study evaluating the effects of temporal sampling (16). 

A stable calibrated HU-measurement during the inflow of contrast is essential for 
accurate quantitative analysis of myocardial perfusion in CTMPI. Recent studies 
of Bindschadler et al. and Ishida et al. suggest that the underestimation of dynamic 
CTMPI-determined MBF is partially caused by the limited temporal sampling rate of 
current dynamic CTMPI modalities (16, 17). 

In this proof of principle study we evaluate the effect of increased temporal sampling 
rates on quantification of MBF in dynamic CTMPI with 3rd generation dual-source CT 
in an ex-vivo porcine heart model.
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MATERIALS AND METHODS

Three hearts were obtained from Dutch landrace hybrid slaughterhouse pigs. All 
protocols were in accordance with the EC regulation 1069/2009 regarding the use 
of slaughterhouse animal material for diagnosis and research, supervised by the 
Dutch Government (Dutch Ministry of Agriculture, Nature and Food Quality), and 
approved by the legal authorities of animal welfare (Food and Consumer Product Safety 
Authority). The transport of the hearts from the slaughterhouse to the CT-scanner took 
approximately 3-4 hours, during which the physiological preservation was optimal.

Experimental setup 
The three porcine hearts were perfused using an isolated heart model (Physioheart©, 
LifeTec Group, Eindhoven, The Netherlands) in Langendorff mode (18, 19). A more 
detailed description of the model application in CT has been published (19, 20).

Blood was obtained from slaughterhouse pigs and pumped from a venous reservoir 
into the coronaries by means of retrograde flow through the aorta, using a centrifugal 
pump (BioMedicus, Medtronic, Minneapolis, MN, USA). The aortic valve was closed 
due to the retrograde pressure on the valve, ensuring that all circulating blood passed 
through the coronary arteries. The blood was oxygenated with a gas mixture (20% O2, 
75% N2, and 5% CO2) at a temperature of 38°C using an oxygenator-heat exchanger 
(AFFINITY® NT Oxygenator; Medtronic). Blood glucose levels were kept at constant 
level between 5 and 7mmol/L by adding a mixture of glucose and insulin. 

The porcine hearts began to contract spontaneously after the perfusion through the 
myocardium was restored. Defibrillations (10-30 Joules) and an external pacemaker 
(Model 5375, Medtronic) were used to acquire a stable sinus rhythm.

A stenosis was created with an adjustable inflatable cuff around the proximal circumflex 
artery (Cx). The cuff allowed control of the degree of stenosis. Furthermore, a pressure 
wire was inserted in the Cx to monitor the pressure drop across the stenosis and to 
measure fractional flow reserve (FFR).  Adjustment of the cuff was used to create 
multiple FFR based stenosis grades: FFR 1.00-0.90, 0.80, 0.70, 0.60, 0.50 and total 
occlusion. The hearts were first scanned without any stenosis, subsequently followed 
by increasing FFR stenosis grades. 

CT Protocol
A third generation dual source CT system (Force, Siemens Healthineers, Forchheim, 
Germany) was used to perform dynamic CTMPI.
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Frontal and lateral scout images were used to determine the region of interest for 
the perfusion scans.  To confirm the field of view and assess background-noise and 
artefacts, a baseline non-contrast scan was performed at 70kV and 20mAs for each 
heart. Subsequently, at each FFR value, a dynamic CTMPI scan was performed. 
Dynamic CTMPI was performed using three different scan modes.  

The first scan mode, a conventional electrocardiography(ECG)-triggered shuttle mode 
was used with a tube voltage of 70kV, tube current time product 350mAs per rotation, 
and gantry rotation time of 250ms. The shuttle mode uses alternating table positions, 
with the table moving back and forth to scan the entire heart. The shuttle mode scans 
were performed during end-systole. These acquisition parameters resulted in a z-range 
of 10.2cm, covering the whole heart. A scan was made every other heartbeat, resulting 
in one image every 2-3 seconds on average.

A second scan mode, an ECG-triggered non-shuttle mode, was used with a fixed table 
position, resulting in a z-range of 5.8cm and an acquired image approximately every 
half second. Other acquisition parameters were: tube voltage 70kV, tube current 
time product 230mAs per rotation, and a gantry rotation time of 250ms. Scans were 
performed during end-systole. Due to the smaller z-range the non-shuttle dynamic 
scan mode scans were acquired at the mid-ventricular level, covering the whole heart. A 
scan was made every heartbeat, resulting in one acquisition per 0.5-1 second. This scan 
protocol was designed for research purposes only and is not used in clinical practice.

The third scan mode was a continuous mode (continuous acquisition), again with a 
fixed table position, resulting in a 5.8cm z-range, comparable to the method used in a 
previously published study (21). The continuous scans were not ECG-synchronized and 
16 images were acquired every second. Other acquisition parameters were:  tube voltage 
70kV, tube current time product 230mAs per rotation, and a gantry rotation time of 
250ms. The continuous scans were acquired at the mid-ventricular level using a single 
source. As with the non-shuttle mode, this scan protocol was designed for research 
purposes only and should not be used in clinical practice.

For all dynamic CTMPI scans, 15mL of ioxaglate (Hexabrix, 320mg/mL, Guerbet, Paris, 
France) contrast agent was injected with an injection rate of 3mL/s. The dynamic 
scans started 5 seconds prior to injection of contrast agent. During initial inflow and 
outflow of iodine contrast through the myocardium, data were collected over a scan-
time of 60s. To allow myocardial enhancement to return to baseline values there was a 
5-minute interval between each scan. To prevent the build-up of contrast agent and to 
prevent baseline shifts, the total blood reservoir was large, 20L. 
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A part of the inflow tube of the perfusion system was looped through the field of 
view of the perfusion scans, acting as a surrogate for the human aortic blood flow of 
iodine contrast. From this substitute aorta an AIF was derived, which was used for the 
quantification of MBF.

MBF calculations
True MBF is defined as the flow in ml per gram of myocardial tissue per minute in a 
non-stenotic state. Each heart was weighed after the experiments. The true MBF was 
calculated according to the weight (g) of the heart and the input flow (mL/min) during 
FFR grade 1.0-0.9. 

calculated according to the weight (g) of the heart and the input flow (mL/min) during 

FFR grade 1.0-0.9.  
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𝐻𝐻𝑡𝑡𝐻𝐻𝑡𝑡𝑡𝑡 𝐹𝐹𝑡𝑡𝑤𝑤𝑤𝑤ℎ𝑡𝑡  for weight based measurements  

Volume Perfusion CT (VPCT) myocardium software (MMWP VA41A, Siemens) was 

used to analyze the ECG-triggered shuttle and non-shuttle scans. For the continuous 

scans, MASS research version software (Medis, Leiden, the Netherlands) was used to 

extract the arterial input function (AIF) and tissue attenuation curve (TAC) per 

segment. An in-house Matlab script (The MathWorks Inc., Natick, Massachusetts) was 

used to calculate the MBF using the same mathematical perfusion model as the VPCT 

software (upslope method). VPCT software calculates MBF according to the following 

equation: 

𝑀𝑀𝑀𝑀𝑀𝑀 = MaximumSlope(TAC)/MaximumValue(AIF)  

Where the MaximumSlope (TAC) is the maximum upslope of the TAC curve of the 

myocardium and the MaximumValue (AIF) is the peak value of the AIF curve measured 

in the aorta. 

Myocardial segments were manually defined. The American Heart Association 16-

segment model was used to classify the myocardial segments at basal, mid-ventricular 

and apical levels[22]. Based on the total occlusion scans, segments perfused by the Cx-

artery were considered ischemic, all other segments were considered non-ischemic. 

Mean values of MBF (mL/g/min) were calculated per segment [22]. 

For the ECG-triggered non-shuttle mode, VPCT-calculated MBF and Matlab-calculated 

MBF were compared for the non-ischemic segments of all hearts at non-occluded state. 
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Where the MaximumSlope (TAC) is the maximum upslope of the TAC curve of the myo car-
dium and the MaximumValue (AIF) is the peak value of the AIF curve measured in the aorta.

Myocardial segments were manually defined. The American Heart Association 
16-segment model was used to classify the myocardial segments at basal, mid-
ventricular and apical levels(22). Based on the total occlusion scans, segments perfused 
by the Cx-artery were considered ischemic, all other segments were considered non-
ischemic. Mean values of MBF (mL/g/min) were calculated per segment (22).

For the ECG-triggered non-shuttle mode, VPCT-calculated MBF and Matlab-calculated 
MBF were compared for the non-ischemic segments of all hearts at non-occluded state. 
They showed a high correlation with a correlation coefficient of 0.89. Analysis with 
VPCT software resulted in medians of 1.22 (Interquartile range (IQR) 1.12-1311.31) and 
analysis using Matlab resulted a median of 1.14 (IQR 1.02- 122)1.22). No significant 
differences were found between the MBF values calculated with VPCT and with Matlab 
(p=0.053 Mann-Whitney U test). 
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Statistical analysis 
Statistical analysis was performed using SPSS 23 (IBM Corp, Armonk, NY, USA). A mixed 
linear model was used to compare the MBF values between the different scan modes, 
corrected for repeated measures and between-heart variability. Pearson’s correlation 
coefficient was used to evaluate the correlation between input flow and MBF.
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RESULTS

Heart rate (range 107-115bpm), model blood flow (range 1.0-1.2L/min) and blood pressure 
(range 73-84mmHg) were generally stable for all three hearts during the experiments.

For each scan mode 11 non-ischemic segments per stenosis grade were analyzed (55 
segments for all perfusion grades) resulting in 165 analyzed segments in total.  

True global MBF as measured by the artificial pump circulation and the actual 
myocardial muscle weight, was calculated to be a median of 1.78 (1.77-1.79) mL/g/min 
for heart 1, 2.80 (2.72-2.80) mL/g/min for heart 2, and 1.88 (1.80-1.91) mL/g/min for 
heart 3, averaged over the three scan modes in non-occlusion state. 

Comparing MBF for temporal sampling rates
The arterial input functions between shuttle, non-shuttle and continuous mode are 
illustrated in Figure 1, with correlating CT images. Compared with the shuttle mode, 
there are double data-points in the AIF using the non-shuttle mode and 30 times more 
data-points using the continuous mode. The AIF of the non-shuttle and continuous 
mode show the same shape, whereas the AIF in shuttle mode shows a different shape. 

Figure 2 shows the median MBF values and IQR per heart for the three different scan 
modes with significant differences between each scan mode. The MBF values increased 
with increasing temporal sampling rate. The mixed linear model found significant 
differences in MBF between shuttle, non-shuttle-mode and continuous mode for all 
stenosis grades (p-values < 0.001 for all stenosis grades), with a median MBF of 0.87 
(interquartile range (IQR): 0.72-1.00), 1.20 (1.07-1.30) and 1.65 (1.40-1.88) for shuttle, 
non-shuttle and continuous mode respectively. The continuous mode provided the 
highest absolute MBF values.
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Figure 2: The median myocardial blood flow (MBF) in mL/min/g and interquartile range (IQR) 
for non-ischemic segments per heart for shuttle, non-shuttle and continuous CT perfusion scan 
mode.

Figure 3A-C shows the median MBF and IQR for the different stenosis grades per 
scan mode for the non-ischemic segments of each heart. With increasing stenosis 
grade the input flow decreased. The MBF showed a decrease with increasing stenosis 
grades, corresponding with the decrease in input flow. In non-ischemic segments, 
the Pearson’s correlation coefficient (r) (r= 0.629, 0.503 and 0.681) showed a strong 
correlation between the decrease in input flow and in MBF using shuttle, non-shuttle 
and continuous mode respectively. 
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Figure 3 A, B, C: The median myocardial blood flow (MBF) in mL/min/g and interquartile range 
(IQR) for the different stenosis grades per scan mode for non-ischemic segments and the input 
flow in ml/min for heart 1(A), heart 2(B) and heart 3(C).

Absolute MBF values
Compared to the true median MBF, the median MBF (averaged over all hearts at FFR 
0.90) in non-ischemic segments was 56% lower for shuttle mode, 41% lower for non-
shuttle mode and 18% lower for continuous mode. Increasing the temporal sampling 
rate resulted in a MBF increase of 44-98 % compared to the clinically used shuttle 
mode. The percentual increase in MBF values compared to the true MBF was significant 
between shuttle to non-shuttle mode (p-value <0.1001 and between non-shuttle and 
continuous mode (p-value < 0.1001). 
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DISCUSSION 

This study analyzed the influence of different temporal sampling rates on the 
quantification of MBF in an ex-vivo porcine heart model. We report several important 
findings. First, this study shows that an increase in temporal sampling rate affects the 
calculated MBF values. The clinically used shuttle mode resulted in a median MBF 
of 0.87 (0.72-1.00)mL/g/min whereas non-shuttle and continuous mode provided 
significantly higher median MBF values of 1.20 (1.07-1.30) and 1.65 (1.40-1.88). Secondly, 
the continuous scan mode provided more accurate MBF values compared to the true 
MBF values than shuttle and non-shuttle mode. In shuttle mode the median MBF 
was 56% lower than the true value, compared with 41 and 18% for non-shuttle and 
continuous mode, this is a significant reduction in underestimation for the non-shuttle 
and continuous mode

The temporal sampling rate has a large influence on the shape of the AIF curve in shuttle 
mode caused by the timing of the limited acquisitions. Values from those acquisitions 
determine the peak of the AIF, whereas with higher temporal sampling rates, the shape 
of the curves becomes less dependent on timing.

The variability in MBF registration increased with increasing temporal sampling rates. 
This could reflect the higher accuracy of the curve fitted through the points. With 
an increased number of measurements, the curve fitting will be more accurate. The 
continuous signal registration is an advantage in the detection of small changes in MBF. 
These small changes are missed in scan modes with low temporal sampling rates but 
will show improved registration in scan modes with higher temporal sampling rates. 

The decreasing trend in MBF values with increasing stenosis grades could be partially 
explained by the decrease in input flow (see figure 3A-C and table 1) at higher stenosis 
grades. Higher stenosis grades caused an increase in pre-stenotic pressure in the 
system. As a result of this increased pressure the model automatically decreased the 
input flow to maintain constant pressures in the heart and coronaries. The decrease 
in input flow was present in stenosis grades from an FFR grade of 0.7. Another factor 
is the influence of the stenosis on presumed non-ischemic segments and deterioration 
of the heart over time. The fact that the overall status of the heart declined over time 
could result in a decrease in MBF in the non-shuttle scans, which were taken last. The 
difference between shuttle, non-shuttle and continuous mode-measured MBF could 
therefore be underestimated. However, the maximum time between the first and the 
last scan mode was kept to 10 minutes to minimize these effects.

part 3: myocardial perfusion analysis



199

The concept of MBF quantification was described decades ago for cine CT. Dynamic 
scan modes were performed on electron beam tomography scanners (24) and their 
preceding technology, the “dynamic spatial reconstructor” (25). In-vivo animal studies 
showed the capability of these dynamic approaches to provide accurate quantitative 
assessment of regional MBF using temporal sampling comparable to the non-shuttle 
dynamic scan mode on dual-source CT (26-28). A study in eight dogs by Weiss et al. 
showed excellent correlation with an estimate slope of 0.99 for the correlation between 
electron beam tomography-determined MBF and microsphere-determined MBF for 
a broad flow range, from 0.04-5.9mL/g/min (27). Although these results show a high 
correlation, the baseline MBF measured by microspheres (190(12) ml/min/100g) was 
higher than the MBF measured with cine CT perfusion (148(14) ml/min/100g). It should 
be noted that microspheres reflect the MBF distribution but not the absolute coronary 
flow.

In our study, the values for MBF increased with the use of a higher temporal sampling, 
however, the MBF value is still underestimated. The reason for this underestimation 
could be that VPCT is calculating the K1-Patlak equivalent instead of MBF, as described 
by Ishida et al. (16). The Patlak model is a tracer kinetic model, which describes the 
transfer constant (K1) of contrast from the blood to the myocardium (29). In order to 
calculate the MBF the following equation is then used (15, 30):
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 Where E is the extraction fraction (dimensionless) and F is the MBF (mL/g/min).

Ishida et al. showed that K1, calculated with Patlak and the VPCT software showed 
a linear relationship, however, when the K1 VPCT values were transformed to actual 
flow values according to the equation above, they showed more accurate MBF values 
compared to their simulated true MBF. (16). A variety of tracer kinetic models, with 
varying complexity, has been used to calculate MBF in magnetic resonance imaging and 
CT studies (29). Other tracer kinetic models, more suitable to model the dynamics of the 
contrast agent, could give more accurate estimates of MBF. Since the underestimation 
is less with higher temporal sampling rates than with low temporal sampling rates, 
better models will only solve this problem partially.

Validation studies on dynamic CTMPI using animal models are scarce, however there 
are validation studies using MRI perfusion in animal models.  Schuster et al. developed 
and validated an isolated pig heart model for evaluation of cardiovascular magnetic 
resonance imaging techniques(31). Another study by Schuster et al. showed that an 
isolated pig heart provides greater control and reproducibility when compared to an 
in-vivo animal heart model(32). 

chapter 9: low ct temporal sampling rates result in a substantial underestimation of myocardial blood flow measurements

9



200

During the experiment the input flow was kept constant for each heart. Due to the 
difference in heart sizes, the MBF (ml/g/min) varied between the hearts, since larger 
hearts need a higher input flow in order to reach the same pressure and perfusion flow. 
Therefore, it was decided to calculate the true MBF separately for the three hearts 
and for different scan modes. Since the input flow varied minimally between the three 
different scan modes for one heart, the MBF was averaged over the three scan modes.

This study has several limitations. Only a small number of porcine hearts were used. 
However, MBF was calculated for multiple segments for each heart, resulting in the 
evaluation of nearly 165 segments per scan mode. The segments were defined manually, 
which can cause differences between scans. However, automatic segmentation software 
was not possible due to the experimental set-up, because the automatic software 
requires a contrast-filled left ventricle.  The segments were drawn strictly according to 
AHA-segmentation guidelines to minimize variations. 

The retrograde flow of blood is different from in-vivo experiments. The flow passes the 
aorta in a retrograde fashion before entering the coronary arteries and the inflow tube 
serves as an aortic substitute, whereas in in-vivo experiments, the blood flows from the 
left ventricle to the coronary arteries. As a consequence, the whole blood and contrast 
volume, used for deriving the AIF curve, passes through the coronary arteries whereas 
in in-vivo setups only a fraction of the total volume travels this route. This could result 
in differences in attenuation in the myocardium (TAC curve) and therefore the MBF 
values.

Adequate MBF calculation relies on adequate mixing of iodine contrast agent with the 
porcine blood. In in-vivo models, the blood and contrast passes through the right side 
of the heart and the lungs thereby ensuring adequate mixing. To allow adequate mixing 
in our set-up, the contrast injection was done 200cm upstream of the aortic root in 
the tubing of the perfusion loop. The reservoir was placed in a manner that the blood 
was pumped from the upper part of the blood-reservoir. Recirculation of the contrast 
medium was minimized by the higher mass of the contrast medium compared the mass 
of the blood, resulting the contrast agent to accumulate at the bottom of the reservoir. 
The use of an ex-vivo model allows direct control of the input blood flow, where this is not 
achievable in in-vivo models. This direct control of inflow and the direct flow through 
the coronaries gives the unique possibility to compare the calculated MBF values with 
the true MBF values. These differences in experimental set up could explain the lower 
values of MBF in shuttle mode in comparison with the study by Bamberg et al.(13) 
Bamberg et al. reported mean MBF values of 113±35 mL/100mL/min corresponding to 
1.18 mL/g/min compared to a median of 0.87 ml/g/min in our results.
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The non-shuttle and continuous scan protocols were designed with the purpose to 
increase the temporal sampling rate, specifically for this proof of principle study. These 
protocols are not meant for clinical purposes, in view of the radiation exposure. In 
general, the radiation dose will increase with increasing temporal sampling rates. 
Further studies should investigate what the ideal trade-off is between more accurate 
MBF estimates and increased radiation dose. For this purpose the protocols should 
be optimized to reduce radiation while maintaining the image quality. We want to 
emphazise that the main goal of this study was to investigate the role of temporal 
sampling rates on the underestimation of MBF and not to develop a clinical protocol. 
For optimal clinical use the main goal should not be to get comparable absolute results 
as MRI by adjusting temporal sampling rates but to reach optimal diagnostic accuracy 
for all acquisition protocols. It is important to realize that differences in temporal 
sampling rates highly influence the absolute MBF value and thereby also should be 
taken into account while using pre-specified thresholds. This becomes more relevant 
when DSCT system and MDCT systems are compared, since MDCT systems do not use 
a shuttle mode and operate at different temporal sampling rates.

In conclusion, our results provide experimental prove that limited temporal sampling 
rates in standard dynamic CTMPI techniques contributes to substantial underestimation 
of true MBF values. Dynamic CTMPI using increased temporal sampling rates, results 
in 44-98 % higher and more accurate MBF values compared to the currently used 
shuttle technique. 
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ABSTRACT

Purpose: To assess the intermodel agreement of different tracer kinetic models to 
determine myocardial blood flow (MBF) and their diagnostic accuracy in coronary 
artery disease (CAD) at dynamic CT myocardial perfusion imaging (CTMPI).

Methods: Three porcine hearts perfused in Langendorff mode and 15 patients with 
suspected CAD and perfusion single photon emission CT (SPECT) were included. 
Dynamic CTMPI was performed in shuttle-mode (70kVp, 350mAs/rot) on 3rd generation 
dual-source CT. In porcine hearts and patients, myocardial segments (AHA-16-
segment model) were drawn. Tissue attenuation curves were constructed per segment 
and arterial input functions were derived from the aorta. True MBF was calculated 
with input flow and weight of the porcine hearts. In patients, ischemic segments were 
based on SPECT results. MBF quantification was performed using the VPCT-software, 
Upslope, Extended Toft (ET), Two-compartment (TC) and Fermi models. 

Results: In porcine hearts, true MBF was 1.88 (interquartile range [IQR]:1.80-2.80)
mL/g/min. Diagnostic accuracy was similar for all models: 0.96, 0.99, 0.92, 0.93 and 
0.96 for VPCT software, Upslope method, Fermi, ET and TC model. The VPCT software 
and Upslope method resulted in lower MBF (median 1.44 [1.29-1.58] and 1.39 [1.25-1.59]
mL/g/min) compared to the Fermi, ET, and TC model (median values of 1.76mL/g/
min [1.36-2.44], 2.55 mL/g/min [2.20-2.92], and 1.98mL/g/min [1.60-2.60], respectively 
[p<0.001]). In patients, all models showed a significant difference in MBF between the 
34 ischemic and 206 non-ischemic segments (p-value<0.001). 

Conclusion: Absolute MBF values are significantly different between the models and a 
uniform threshold could not be determined; however, diagnostic accuracy for detecting 
ischemia is similar.
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INTRODUCTION

Dynamic CT myocardial perfusion imaging (CTMPI) for the evaluation of coronary 
artery disease (CAD) has gained interest due to technical improvements in both 
the hard- and software components of CT instruments (1,2). In comparison to other 
imaging modalities, CTMPI offers several advantages, the most important of which 
being the ability to quantify myocardial blood flow (MBF). By using CTMPI in tandem 
with CT angiography (CTA), the morphological and functional characteristics of CAD 
can be evaluated within a single imaging modality(3–5).

Quantitative analysis of perfusion data reduces subjectivity and increases the 
accuracy of dynamic CTMPI analysis(6,7). MBF can be quantified with CTMPI using 
a deconvolution method with a tracer kinetic model. The multitude of tracer kinetic 
models that exist describe slightly different physiological processes with varying grades 
of complexity(8–10). The tracer kinetic models specifically used for the quantification 
of MBF based on dynamic CTMPI data are directly translated from MRI perfusion 
studies(9,11,12). As expected, the wide range of models that are used in MR and CT 
studies result in different thresholds and MBF values(13–17).

Reliable diagnosis of CAD, global ischemia, or even subclinical perfusion disturbances 
requires accurate MBF values in order to determine optimal thresholds(18,19). To the 
best of our knowledge, there is no study comparing the different tracer kinetic models of 
dynamic CT myocardial perfusion in a clinical setting. Further information regarding 
the accuracy of CT-derived quantitative myocardial perfusion measures is needed to 
determine the optimal quantification method for clinical practice. In addition, we took 
advantage of an ex-vivo porcine heart model to control flow parameters and to compare 
calculated values to true MBF values.

Therefore, the aim of our study was to assess the intermodel agreement of different 
tracer kinetic models in determining myocardial blood flow (MBF) and evaluate their 
ability to determine hemodynamically significant CAD at dynamic CTMPI. 

METHODS AND MATERIALS

Porcine Hearts
Three hearts were obtained from Dutch Landrace Hybrid pigs. All protocols were in 
accordance with the EC regulation 1069/2009 regarding the use of slaughterhouse 
animal material for diagnosis and research, supervised by the Dutch Government 
(Dutch Ministry of Agriculture, Nature and Food Quality), and approved by the 
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associated legal authorities of animal welfare (Food and Consumer Product Safety 
Authority). The transport of the hearts from the slaughterhouse to the CT system 
took approximately 3-4 hours, during which physiological preservation of the hearts 
was optimal. The three porcine hearts were perfused using an isolated ex-vivo heart 
model (Physioheart TM, LifeTec Group, Eindhoven, The Netherlands) in Langendorff 
mode [9]. Blood from a venous reservoir was pumped into the coronaries by means of 
retrograde flow through the aorta, using a centrifugal pump (BioMedicus, Medtronic, 
Minneapolis, MN, USA). The aortic valve was closed due to the retrograde pressure on 
the valve, ensuring that all circulating blood passed through the coronary arteries. A 
more detailed description regarding the model’s application in CT-based imaging has 
been previously published [10]. 

The porcine hearts were weighed after the experiments. True MBF was used as the 
reference MBF value in order to evaluate the accuracy of the different model’s calculated 
values. True MBF was obtained based on the weight (g) of the heart and the input flow 
(mL/min) using the following equation:

MBFtrue= (Input Flow)/ (Heart weight)    (1)

Patients
The study protocol was approved by our IRB and all patients provided written informed 
consent. We recruited adult patients who presented to our institution with a clinical 
history and/or symptoms suspicious for CAD and who underwent rest-stress perfusion 
single photon emission CT (SPECT) imaging. Subsequently, they underwent coronary 
CTA and dynamic stress CTMPI within 30 days of SPECT. The first 15 consecutive 
patients who met the inclusion criteria were prospectively enrolled in the study.

CT-Protocol Porcine Hearts
A third generation dual source CT system (SOMATOM Force, Siemens Healthineers, 
Forchheim, Germany) was used to perform dynamic CTMPI on the porcine hearts. A 
baseline non-contrast scan was performed at 70kV with 20mAs to confirm the field of 
view (FOV). An electrocardiography (ECG)-triggered shuttle mode was used for the 
dynamic CTMPI acquisition with the following parameters: tube voltage of 70kV, tube 
current time product of 350mAs per rotation, gantry rotation time of 250ms, and a 
z-range of 10.2 cm. The shuttle mode scans were performed during end-systole. For 
the dynamic CTMPI scans, 15mL of ioxaglate (Hexabrix, 320mg/mL, Guerbet, Paris, 
France) contrast agent was injected at a flow rate of 3mL/s. The scan protocol was 
initiated 5 seconds prior to injection of contrast agent. Data were collected over a 60s 
time period during first pass inflow and outflow of iodine through the myocardium. 
The inflow tube of the perfusion system was looped through the FOV of the perfusion 
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scans, acting as a substitute aorta. The arterial input function (AIF) was derived from 
the substitute aorta and is essential for the quantification of MBF.

CT-Protocol Patients
All patients underwent dynamic stress CTMPI, also using 3rd generation dual source 
CT. Imaging was performed in ECG-triggered shuttle mode in which the table shifted 
between two z-positions of the heart to allow coverage of the entire left ventricle. Imaging 
started approximately 90 seconds after a bolus injection of Regadenoson (Lexiscan™, 
Astellas Pharma US, Deerfield, IL) at 0.4 mg per 5 mL, immediately followed by a 10 
cc saline flush. Contrast administration began approximately 80 seconds after the 
Regadenoson bolus to allow the contrast to reach the heart at the moment of maximal 
hyperemia. A total of 40 – 50 mL of 370 mgI/mL iopromide (Ultravist; Bayer Healthcare, 
Wayne, NJ) at a flow rate of 4 – 6 mL/s was administered. Data were acquired for 30 
seconds at 80 – 100 kV, a gantry rotation time of 280 ms, and a tube current of 300 mAs 
per rotation. Images were acquired during the end systolic phase. A total of 14-15 images 
were obtained for each patient. Patients were asked to hold their breath for a minimum 
of 20 seconds, but preferably thirty. They were instructed that when it became difficult 
to hold their breath small shallow breathing was preferred.

Data Analysis
Dynamic CT MPI data were reconstructed with a section thickness of 3 mm and a 2 
mm increment with a medium smooth convolution kernel (B30). CT perfusion images 
were analysed on a dedicated workstation using commercially available software 
(Siemens, Syngo Volume Perfusion™). After motion correction and 4D noise reduction, 
extraction of the AIF and tissue attenuation curves (TAC) for each myocardial segment 
was performed. The American Heart Association (AHA) 16-segment model was used 
to classify the myocardial segments at basal, mid-ventricular, and apical short axis-
slices. The software calculated MBF for every segment with extracted curves. Volume 
Perfusion CT Myocardium software (VPCT) software calculates MBF in mL/100mL/
min; this was recalculated to MBF in mL/g/min using a 1.05 conversion factor to 
correspond with the MBF values from the other models. In patients, ischemic segments 
were identified based on stress perfusion SPECT images by a radiologist with 11 years 
of experience in cardiac imaging . Very small SPECT defects (<10%) and artifacts were 
considered as normal segments at the discretion of the radiologist. In case of high 
uncertainty segments were excluded from analysis.

Tracer Kinetic Models
The AIF and TAC from each of the 16 myocardial segments were analyzed using an in-
house Matlab script (Matlab R2014b, Mathworks Inc., Natick, MA). MBF was calculated 
using the Upslope method, extended Toft (ET), two compartment (TC), and Fermi 
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model. The AIF and TAC curves were corrected for baseline differences and contrast 
build-up, and subsequently resampled to correct for non-uniform temporal sampling 
rates caused by heart rate variations. The fitting procedure was performed with a 
nonlinear least-squares solver using a trust-region-reflective algorithm.  The fitting 
procedure was constrained to ensure that estimated flow parameters were within 
physiological range (Flow 0.1–10 mL/g/min). 

part 3: myocardial perfusion analysis

Fi
g

u
re

 1
: T

he
 le

ft
 th

re
e 

p
an

el
s 

re
p

re
se

nt
 th

e 
m

ea
su

re
d

 T
A

C
 c

ur
ve

s 
(b

lu
e)

 a
nd

 th
e 

fit
te

d
 c

ur
ve

s 
(r

ed
) w

it
h 

th
e 

Fe
rm

i, 
Ex

te
nd

ed
 

To
ft

 a
nd

 T
w

o 
co

m
p

ar
tm

en
t 

m
od

el
, r

es
p

ec
ti

ve
ly

. T
he

 r
ig

ht
 p

an
el

s 
vi

su
al

iz
e 

th
e 

us
e 

of
 t

he
 U

p
sl

op
e 

m
od

el
, u

si
ng

 t
he

 m
ax

im
al

 
va

lu
e 

of
 t

he
 A

IF
 c

ur
ve

 (u
p

p
er

 p
an

el
) a

nd
 t

he
 m

ax
im

al
 u

p
sl

op
e 

of
 t

he
 T

A
C

 c
ur

ve
 r

ep
re

se
nt

ed
 b

y 
a 

tw
o 

co
m

p
ar

tm
en

t 
m

od
el

 
(lo

w
er

 p
an

el
).



211

The Upslope method uses a combination of quantitative and semi-quantitative 
methods. The TAC curve is described by a two-compartment model in which the peak 
of the AIF and the maximal upslope of the TAC determine MBF, see Figure 1. For the 
fitting procedure of the Fermi function, only the upslope of the TAC was selected. 
The models are described in more detail in previous publications (8–10,17,20,21). 
The VPCT software, extensively validated for the detection of ischemia(22–24), uses 
a Patlak method which is based on a combination of an upslope method and a two 
compartment model, similar to our Upslope method. Table 1 shows an overview of the 
model equations.
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the correlation between the models. Bland-Altman plots were used to show agreement 
between the different models and associated mean biases were calculated. Receiver 
operating characteristic (ROC) curves were generated using MBF as the continuous 
variable. The area under the ROC curve (AUC) was calculated for each model and 
optimal MBF cut-off values for the ROC curves.

RESULTS

Porcine Hearts 
The true MBF ranged from 1.78 mL/g/min to 2.80 mL/g/min for the three hearts.  A total 
of 48 segments were analyzed. Median calculated MBF values were 1.44 (interquartile 
range [IQR] 1.29-1.58) mL/g/min, 1.39 (1.25-

1.59) mL/g/min, 1.76 (1.36-2.44) mL/g/min, 2.55 (2.20-2.92) mL/g/min and 1.98 (1.60-
2.60) mL/g/min for the VPCT, Upslope, Fermi, ET, and TC method, respectively. MBF 
values generated with the different models were significantly different (all p< 0.001) 
for all models accept the VPCT and upslope model. The VPCT and Upslope method 
provided the lowest values and thereby underestimated the true MBF, while the ET 
model consistently gave the highest values and overestimated the true MBF. The TC 
model resulted in the smallest difference (0.36 mL/g/min) compared to the true MBF 
values and was therefore the most accurate. Figure 1 provides examples of the fitting 
procedure for the different models. Table 2 shows the median values for MBF calculated 
with the different models for the three porcine hearts.

Patients
The study included a total of 15 patients (median age, 69 years), 3 of whom were male. 
Of these patients, 8 were without ischemia and 7 patients had at least one ischemic 
segment according to SPECT. Figure 2 shows an example of CTMPI studies of two 
patients, one with ischemia and one without ischemia. None of the patients showed any 
sign of myocardial infarction based on analysis of the rest and stress SPECT images. 
Median radiation dose of the CTMPI acquisition was 3.44 mSv (IQR: 2.55-4.83). Patient 
characteristics are presented in Table 3. A total of 240 myocardial segments in stress 
acquisitions were analyzed. Of those 240 segments, 34 were considered ischemic based 
on SPECT image analysis. 
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Table 2: MBF Measurements in Porcine Hearts

True 
MBF VPCT Upslope Fermi ET TC

Heart 1

MBF (mL/g/min) 1.78 1.33 (1.25-1.44) 1.33 (1.25-1.41) 1.36 (1.32-2.22) 2.37 (2.09-2.68) 1.64 (1.53-2.05)

Difference with 
True MBF 0.45 0.45 0.42 -0.59 0.14

Heart 2

MBF (mL/g/min) 2.80 1.65 (1.44-1.79) 1.49 (1.39-1.70) 2.00 (1.68-2.94) 2.83 (2.23-2.93) 2.24 (1.84-2.62)

Difference with 
True MBF 1.15 1.31 0.80 -0.03 0.56

Heart 2

MBF (mL/g/min) 1.88 1.39 (1.24-1.53) 1.50 (1.20-2.81) 2.14 (1.58-2.44) 2.49 (2.56-2.92) 2.27 (1.71-2.81)

Difference with 
True MBF 0.49 0.38 -0.26 -0.61 -0.39

Values are given as n (%) or as median (IQR). ET; extended Toft, TC; two compartment

Figure 2:  On the left the midventricular slice of a patient without ischemia, where the AIF (red) and 
the TAC (yellow) are presented. On the right, the midventricular slice of a patient with confirmed 
ischemia according to the SPECT acquisition in the mid-septal and mid-inferior segments. From 
this patient, the AIF curve is represented (red) along with two TAC, one from the non-ischemic 
mid-lateral regions (yellow) and one from the ischemic region (green). The ischemic TAC is clearly 
lower than the non-ischemic TAC.
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Table 3: Patients Characteristics

Demographic Median (IQR) or n (%)
Age, years 69 (60-77)
Male, n 3 (20.0)
BMI, kg/m2 28.9 (25.3-32.8)
Caucasian Ethnicity, n 11 (73.3)
Hypertension, n 14 (93.3)
Hyperlipidaemia, n 15 (100)
Diabetes, n 6 (40.0)
Smoking, n 7 (46.7)

Values are given as n (%) or as median (IQR).

Overall MBF for all combined segments was 1.60 (1.22-2.03), 1.61 (1.27-2.00), 3.34 
(2.42-4.86), 4.22 (2.74-5.34), and 3.95 (2.79-4.90) mL/g/min for the VPCT software, 
Upslope method, Fermi, ET, and TC model, respectively. Table 4 shows the intermodel 
comparison of the overall MBF values between the five models. The VPCT software and 
the Upslope method, both based on the same mathematical principle, showed similar 
MBF values. These models also showed the lowest absolute MBF values. All other 
models showed significantly different MBF estimations (all p <0.001). In accordance 
with results from the porcine hearts, the ET model provided the highest MBF values. 
Variation between segments was lowest using the VPCT and upslope methods and 
highest with the ET model.

Table 4: Overall MBF values and Intermodel Agreement

VPCT Upslope Fermi ET TC

Overall MBF
(mL/g/min) 1.60 (1.22-2.03) 1.61 (1.27-2.00) 3.34 (2.42-4.86) 4.22 (2.74-5.34) 3.95 (2.79-4.90)

Absolute Mean 
Difference

P-value 
Mean Difference

Pearson’s 
Correlation

P-value 
Correlation

VPCT-Upslope -0.021 0.263 0.860 <0.001
VPCT-Fermi -1.926 <0.001 0.627 <0.001
VPCT-ET -2.392 <0.001 0.613 <0.001
VPCT-TC -2.200 <0.001 0.655 <0.001
Upslope-Fermi -1.905 <0.001 0.797 <0.001
Upslope-ET -2.371 <0.001 0.783 <0.001
Upslope-TC -2.180 <0.001 0.829 <0.001
Fermi-ET -0.466 <0.001 0.855 <0.001
Fermi-TC -0.275 <0.001 0.934 <0.001
ET-TC 0.191 <0.001 0.921 <0.001

Values are given as n (%) or as median (IQR). ET; extended Toft, TC; two compartment 
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Models demonstrated moderate to excellent correlation, with Pearson coefficients 
ranging between 0.613-0.934. The strongest correlation was found between the Fermi 
and TC models (r =0.934; p-value < 0.001), whereas the weakest correlation was found 
between VPCT software and the ET model (r =0.613; p-value <0.001).

All models showed a significant difference between MBF of ischemic and non-ischemic 
segments (p-value<0.001). Table 5 summarizes the diagnostic performance of all 5 
models. Diagnostic accuracy was 0.96, 0.99, 0.92, 0.93 and 0.96 for the VPCT software, 
Upslope method, Fermi, ET, and TC model, respectively. The optimal threshold for 
detecting lesion-specific ischemia was determined for each model, and represented in 
Table 4. Only the VPCT software and Upslope method showed similar threshold values. 
ROC curves with corresponding AUCs are provided for each model with SPECT as a 
reference standard in Figure 3.

Table 5: Myocardial Blood Flow Values for Ischemia Detection

VPCT Upslope Fermi ET TC

Non-Ischemic MBF
(n=206) 1.68 (1.44-2.08) 1.71 (1.43-2.08) 3.62 (2.74-5.05) 4.63 (3.40-5.46) 4.24 (3.36-4.99)

Ischemic MBF
(n=34) 0.83 (0.67-0.99) 0.83 (0.74-0.93) 1.54 (1.13-2.00) 1.81 (1.40-2.59) 1.72 (1.29-2.38)

p-value <0.001 <0.001 <0.001 <0.001 <0.001
AUC 0.956 0.990 0.922 0.931 0.963
DeLong - 0.149 0.342 0.460 0.761
Optimal threshold 
(mL/g/min) 1.05 1.09 2.16 2.97 2.55

Values are given as n (%) or as median (IQR).
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Figure 3: The ROC curves are depicted for the VPCT software, the upslope, Fermi, Extended Toft 
(ET) and Two Compartment (TC) model.

DISCUSSION

This study evaluated dynamic CTMPI-based MBF calculation using 5 tracer kinetic 
models. First, we used three porcine hearts with known true MBF values to examine 
the accuracy of each model in quantifying absolute MBF. Subsequently, we evaluated 
the agreement between models in 15 patients, as well as the ability of each model to 
detect myocardial ischemia. Results demonstrated that the diagnostic performance of 
quantitative MBF measurements is not affected by the choice of tracer kinetic analysis 
method when measuring stress MBF. However, the absolute MBF values are significantly 
different between the models, with the TC model providing the most accurate MBF 
values when compared to the true MBF found in porcine hearts. Notably, a uniform 
MBF threshold could not be determined; the MBF values calculated by the different 
models cannot be compared for diagnostic purposes. 
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Currently, the reference standard for quantitative measurements of MBF is positron 
emission tomography (PET), reporting normal stress MBF values ranging between 3 
and 5 mL/min/g (25–27). Dynamic CTMPI has been found to underestimate MBF, with 
reported MBF values between 1.0 and 1.4 mL/min/g (7,28–30). In a simulation study 
evaluating the effects of temporal sampling, Ishida et al. reported an underestimation 
of MBF by 23-41% using CT-measured values compared to true values(31). Most clinical 
studies regarding dynamic CTMPI and MBF quantification use a Patlak model, with 
the VPCT software most commonly used. Another reason for the underestimation of 
CTMPI-based MBF values, aside from the limited temporal sampling rate of CTMPI, 
is the nature of the Patlak-based methods (VPCT software/Upslope method), which 
calculate the transfer coefficient (K1-Patlak) equivalent instead of MBF(31).

Prior studies have examined different dynamic cardiac CT models for MBF estimation in 
an animal- or computation-simulation setting. In a canine study, George et al. compared 
a two-compartment model and two versions of an upslope method using microsphere-
based MBF as the reference standard. They concluded that all three models correlate 
well with the reference MBF. Although the models demonstrated a strong correlation, 
results did not suggest that they provide accurate quantitative estimates of MBF (21). 
In a simulation study, Binschadler et al.(32)demonstrated that the upslope model is a 
suboptimal method for quantifying absolute MBF. In addition, the authors concluded 
that the three quantitative models they tested, one of which was a two-compartment 
model, showed no MBF estimation bias despite a substantial variance (32).

The Patlak-based methods (VPCT and Upslope) both showed the lowest variability 
in overall and non-ischemic MBF values. This is likely a direct consequence of the 
simplicity of the models and the relative inability to detect small changes. The Fermi, 
ET, and TC models are more complex, estimating flow or a related parameter directly 
from the model equation. Interestingly, the complexity of these models causes more 
variability in measured MBF values, but also makes them more sensitive to recognize 
subclinical changes or normal variations in MBF. Further research should be performed 
to determine the effect of stenosis severity on AIF and TAC curves. 

In the current study, the Upslope model is built using the same methodology as the 
VPCT software. Thus, these two measurements showed a high correlation (0.860) 
and a small difference in absolute MBF values. The limited difference can likely be 
attributed to the use of different values for the parameter initialization and parameter 
limits given in the fitting procedure. Another reason for the difference between the two 
models is the way the data are sampled. Where the Upslope, TC, ET and Fermi models 
use data that is uniformly resampled, the VPCT software used a double sampled AIF 
and a single sampled TAC.
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Differences in absolute values caused by the use of a different models could have great 
impact on the thresholds chosen to determine whether ischemia is present. Current 
studies focused on diagnostic performance of quantitative CT perfusion uses thresholds 
that are specific for their choice of model. However, as shown in this study, optimal 
thresholds show great variation between models and may vary between 1.05 mL/g/
min and 2.97 mL/g/min. It is detrimental that in a clinical situation it is clear which 
model has been used to calculate MBF in order to select the appropriate threshold. 
Larger studies should be done on the optimized thresholds for each model. For clinical 
purposes a robust model with low variability could prove beneficial in cases of higher 
noise of artefact, while complex models might be beneficial if the goal is to detect 
subtle changes. Since the model is not dependent on the acquisition, an optimal model 
can be chosen for a specific goal after the acquisition is done.

Limitations
Relative to the total number of segments included in the patient study, a small portion 
was ischemic (14%). The small representation of ischemic segments may impact the 
diagnostic accuracy results of the different models. It should be noted that ambiguous 
cases, those in which SPECT imaging was not conclusive, were not included in this 
study. This was done to increase the reliability of the reference standard and thereby 
increase the validity of our comparability study. However, as a consequence, our results 
cannot be considered representative of clinical diagnostic performance. Including 
ambiguous cases may decrease the diagnostic accuracy of these models. Since the aim 
of this study was to assess intermodel agreement and not clinical diagnostic accuracy, 
this is not considered a major limitation.

Conclusion
Absolute MBF values are significantly different between the five kinetic models; 
however, the diagnostic accuracy is similar. MBF values calculated by different models 
need individual thresholds for diagnostic purposes.
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ABSTRACT

Objectives: Computed tomography (CT) myocardial perfusion imaging (CT-MPI) with 
hyperemia induced by regadenoson was evaluated for the detection of myocardial 
ischemia, safety, relative radiation exposure, and patient experience compared to 
single-photon emission computed tomography (SPECT) imaging.

Methods: 24 patients (66.5 years, 29% male) who had undergone clinically indicated 
SPECT imaging and gave written informed consent were included in this Phase II, 
IRB- and FDA-approved clinical trial. All patients underwent coronary CT angiography 
and CT-MPI with hyperemia induced by intravenous regadenoson (0.4 mg/5 mL) 
administration. Patient experience and findings on CT-MPI images were compared to 
SPECT imaging. 

Results: Patient experience and safety were similar between CT-MPI and SPECT 
procedures and no serious adverse events due to the administration of regadenoson 
occurred. SPECT resulted in a higher number of mild adverse events than CT-MPI. 
Patient radiation exposure was similar during the combined CCTA and CT-MPI (4.4 
(2.7) mSv) and SPECT imaging (5.6 (1.7) mSv) (p-value 0.401) procedures. Using SPECT 
as the reference standard, CT-MPI analysis showed a sensitivity of 58.3% (95% CI 27.7-
84.8), a specificity of 100% (95% CI 73.5-100), and an accuracy of 79.1% (95% CI 57.9-
92.87). Low apparent sensitivity occurred when the SPECT defects were small and 
highly suspicious for artifacts. 

Conclusions: This study demonstrated that CT-MPI is safe, well-tolerated, and can 
be performed with comparable radiation exposure to SPECT. CT-MPI has the benefit 
of providing both complete anatomical coronary evaluation as well as assessment of 
myocardial perfusion.
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INTRODUCTION

Coronary CT angiography (CCTA) is a noninvasive procedure increasingly used for the 
anatomical evaluation of coronary artery disease (CAD). Use of CCTA has increased 
due to its speed and high negative predictive value. However, the specificity and 
positive predictive value of CCTA are relatively low due to a systematic overestimation 
of stenosis severity, especially in severely calcified arteries (1–5). Myocardial perfusion 
imaging (MPI) is an important tool for the functional evaluation in patients with known 
or suspected coronary artery disease (CAD). Single photon emission CT (SPECT) using 
radioisotopes is the current clinical standard for noninvasive MPI. A combination of 
anatomic coronary and plaque imaging with CCTA and perfusion imaging with SPECT 
has theoretical advantages for guiding therapy in patients with CAD (6). However, the 
need for two individual tests, both of which require radiation exposure, presents a 
limitation of this strategy in clinical practice. Recent technological advances in CT has 
led to increasing interest in CT-MPI for quantification of myocardial blood flow (MBF). 
Combining CCTA and CT-MPI allows for a single modality approach for the anatomical 
and functional evaluation of CAD. A number of studies have established the feasibility 
of dynamic CT-MPI with similar diagnostic accuracy compared with other techniques, 
including SPECT, invasive fractional flow reserve (FFR), cardiac magnetic resonance 
imaging (CMR), and invasive coronary angiography (7–16).

Up to 50% of MPI studies are performed by pharmacologically inducing stress rather 
than with exercise (10,17),  with adenosine being the most frequently used stressor agent 
in previously published studies. Adenosine induces coronary vasodilatation through 
the activation of A2A receptors and thereby increases the MBF. However, adenosine 
also activates A1, A2B, and A3 receptors, causing unwanted short-term side effects such 
as mast cell degranulation and bronchial constriction. Furthermore, the short half-life 
of adenosine requires continuous intravenous administration and weight-based dosing 
(17,18). Most studies on dynamic CT-MPI used vasodilator agents such as adenosine 
and dipyridamole. Regadenoson is a selective A2A receptor agonist, approved by 
the Food and Drug Administration (FDA) for use with SPECT imaging. It is a potent 
and selective coronary vasodilator with a rapid onset of action and a longer half-life 
compared to adenosine. Regadenoson is administered as a fixed-dose bolus that does 
not require adjustment for weight. Furthermore, given its A2A selectivity, there are 
fewer side effects most notably in patients with reactive airway disease. Additionally, 
there appears to be less of a concern about the vasodilator actions being impaired by 
the consumption of caffeine (19,20). The pharmacological effects of regadenoson can 
be reversed by administration of aminophylline if needed (7–10). A single previous 
multicenter, multivendor study evaluated regadenoson CT-MPI compared with SPECT 
(21) which demonstrated the non-inferiority of regadenoson CT-MPI to SPECT for the 
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evaluation of myocardial ischemia.  Regadenoson has also been used as a coronary 
vasodilator during magnetic resonance MPI studies(22). 

The purpose of the current study was to evaluate regadenoson CT-MPI compared to 
regadenoson SPECT for the detection or exclusion of myocardial ischemia, safety, and 
patient experience.

MATERIAL AND METHODS

This phase 2 clinical trial (ClinicalTrials.gov: NCT03103061) was approved by the United 
States Food and Drug Administration (IND 125,518) and the University’s Institutional 
Review Board. This study received funding and drug support from Astellas Pharma 
Global Development, Inc. Written informed consent was obtained from all study 
participants before undergoing any study procedure. 

Study Population
A total of 27 patients between 18 and 85 years of age with a clinical history and/or 
symptoms suspicious for cardiac ischemia who had undergone, or would likely 
undergo, SPECT imaging were considered for inclusion in this study. Patients were 
considered likely to undergo SPECT imaging if they had a clinically indicated CCTA 
showing a moderate to severe coronary stenosis, in accordance with clinical practice 
at our institution. Subjects were excluded if they were pregnant or nursing, had severe 
asthma or chronic obstructive pulmonary disease requiring frequent inhaler use, a prior 
diagnosis of obstructive CAD that had not been revascularized, an implanted cardiac 
device (pacemaker, defibrillator), a clinically significant arrhythmia as determined by 
an attending cardiologist (i.e. high grade heart block, a resting heart rate < 45 beats per 
minute, etc.), a systolic blood pressure < 90 mm Hg, consumed caffeine within the last 
12 hours, an allergy to iodinated contrast agents or regadenoson, serum creatinine > 1.5 
mg/dL, ischemic ST segment changes on electrocardiogram with current symptoms 
of ischemia, or having undergone intervening interventional (percutaneous balloon 
angioplasty or stent implantation) or surgical (coronary artery bypass grafting [CABG]) 
revascularization between the imaging studies. Covariates, including risk factors were 
obtained from patient medical records. 

Myocardial Perfusion Imaging
All study subjects underwent SPECT and CT-MPI imaging within 60 days of each other. 
Blood pressure, heart rate, electrocardiogram, and symptoms were monitored before, 
during, and after each imaging study. 
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SPECT Imaging
All patients underwent clinically indicated SPECT imaging for symptoms suspicious of 
cardiac ischemia as determined by their treating physician. All SPECT imaging studies 
were completed using standard stress/rest protocols. Technetium tetrafosmin (GE 
healthcare, Chicago, IL, USA) was used as a radiotracer and dosing was weight based. 
Patients underwent standard Bruce or modified Bruce treadmill exercise protocols 
unless they were unable to safely exercise or did not achieve 85% of their predicted 
maximum heart rate with exercise. In such cases, patients underwent a pharmacological 
stress protocol using 0.4 mg/5 mL intravenous regadenoson (Lexiscan™, Astellas 
Pharma US Inc.) injection. SPECT images were acquired using a Symbia S (Siemens 
Healthcare, Hoffman-Estates, IL) dual head gamma camera. 

Analysis of SPECT images
SPECT examinations were interpreted for perfusion defects by two experienced readers 
(one nuclear medicine physician and one cardiologist) who were blinded to the results 
of the CT-MPI. Images were analyzed on a dedicated console using commercially 
available software. When present, the location of perfusion abnormalities were 
recorded following the American Heart Association’s 17-segment model (23).  Evidence 
of ischemia was determined by visual comparison of rest and stress SPECT perfusion 
scans. Perfusion defects were rated as reversible, fixed, or mixed. Both reversible and 
fixed defects were assessed based on the percentage of left ventricular myocardium 
affected. Finally, continuous electrocardiogram (ECG) monitoring was performed in 
all patients regardless of stress modality. Patient symptoms that developed throughout 
the SPECT imaging were obtained from the clinical SPECT report.

CT-MPI Imaging
All CT-MPI studies were acquired using a 3rd generation dual-source CT scanner 
(Siemens SOMATOM® Force, Siemens Healthineers, Forchheim, Germany). All patients 
initially underwent a dedicated contrast-enhanced and prospectively ECG-triggered 
coronary CTA using the following parameters: 70-130kV tube potential automatically 
selected using an automated tube-voltage selection algorithm (CARE kV, Siemens), 
200-650mAs tube current-time product, 0.25s gantry rotation time, 2x192x0.6mm 
detector collimation with a z-flying focal spot. Patients were administered 50 mL of 
contrast material (Ultravist®, 370mgI/mL iopromide, Bayer, Wayne, NJ) using a biphasic 
injection protocol at 5 mL/sec followed by a 50 mL saline bolus chaser. There was an 
adequate time-lapse between the coronary CTA and perfusion acquisition to eliminate 
contrast contamination of the perfusion acquisition.

Patients subsequently underwent dynamic, first pass, stress CT-MPI during hyperemia 
induced with 0.4 mg/5 mL regadenoson.  Imaging commenced 90 seconds after the 
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intravenous regadenoson bolus (followed by a 10 cc saline bolus). In order to achieve the 
correct timing of the dynamic image acquisition, contrast administration (50 mL Ultravist 
[370 mg I/mL iopromide, Bayer] followed by a 50 mL saline chaser at 6 mL/s) began 
approximately 80 seconds after the regadenoson administration to allow the contrast 
material to reach the heart at the time of maximal hyperemia. Data were acquired for 30 
seconds with both X-ray tubes set at 80-100 kV, a gantry rotation time of 0.28 seconds, 
a tube current of 300 mAs per rotation, and a temporal resolution of approximately 75 
ms. Patients were instructed to hold their breath for the first 15 seconds of the scan, then 
to breath shallowly for the remaining 15 seconds. Perfusion imaging was performed in 
an ECG-triggered shuttle mode in which the table shifts between two z-positions of the 
heart to cover the left ventricular myocardium.  End systolic imaging was used to reduce 
motion artifacts, image the heart at maximal muscular thickness, and reduce beam-
hardening artifacts from contrast in the left ventricular cavity. With a detector width 
of 38 mm and 10% overlap between the two imaging positions, the acquisition z-range 
was 73 mm. Following institutional protocol, regadenoson was reversed in symptomatic 
patients with 1 mg/kg of aminophylline if indicated by the supervising cardiologist.

Coronary CTA Reconstruction and Analysis
Filtered back projection image reconstruction was performed in the cardiac phase with 
the least motion: temporal resolution of 83, 75, or 66ms, section thickness of 0.75mm, 
reconstruction increment of 0.4 or 0.5mm and a smooth convolution kernel (B26f).  CT 
coronary angiograms were evaluated by consensus of two experienced investigators. 
The presence of stenosis was assessed in the left anterior descending artery (LAD), left 
circumflex artery (LCx), and right coronary artery (RCA). The left main coronary artery 
was included with the LAD. The degree of stenosis was assessed with multiplanar 
reconstructions and curved multiplanar reconstructions along the vessel centerline 
(Circulation, Siemens Healthcare). Vessels were visually assessed as to whether they 
had no stenoses, non-obstructive stenoses (<50%), or obstructive stenoses (≥ 50%). 

CT Perfusion Data Reconstruction and Analysis
Dynamic CT-MPI data were reconstructed with a section thickness of 3 mm at a 2 
mm increment with a medium smooth convoluted kernel (B30). Data were processed 
with the volume perfusion CT body application software and workstation (Siemens). 
After motion correction and 4D noise reduction, a double arterial input function was 
defined by placing regions of interest in the descending aorta in the cranial and caudal 
regions of the covered volume. After a volume of interest was manually defined around 
the left ventricle, the left ventricular myocardium was automatically segmented. A 
dedicated parametric deconvolution algorithm based on a two-compartment model of 
intravascular and extravascular space was used to derive myocardial blood flow from 
the time-attenuation curves for each voxel(24). 
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Qualitative and Quantitative Measures of Myocardial Blood Flow from CT

CT perfusion images were analyzed on a dedicated console using commercially available 
software (Syngo Volume Perfusion™) as previously described(25). Evidence of ischemia 
was determined initially by visual inspection of the images by experts blinded to the 
SPECT results. When present, the location of perfusion abnormalities were recorded 
following the American Heart Association’s 17-segment model (23).  Evidence of 
ischemia was determined by detection of hypo perfused areas on the perfusion scans.  
Quantitative analysis of myocardial perfusion was performed per segment and mean 
myocardial blood flow (MBF) in mL/100mL/min of each myocardial segment (AHA 
17 segment model) was recorded. An index-MBF was calculated to account for inter-
patient differences in MBF. The index-MBF is calculated as a ratio between segment 
and global MBF.  To avoid the effects of beam hardening on the measurements, a region 
of interest as large as possible was manually placed in each segment with a 1-mm 
subendocardial zone directly adjacent to the contrast-filled left ventricle and a 1-mm 
subepicardial zone excluded from analysis. 

Analysis of Radiation Dose
Effective radiation dose was calculated using a standard conversion factor of 0.014 
for adult chest CT to convert dose-length product to milliSieverts (26). For the 
SPECT examinations, the effective radiation dose was estimated by multiplying the 
administered activity of 99mTc-tetrofosmin with a tracer-specific conversion factor of 
0.008 for rest and 0.0069 for stress acquisition. The effective radiation doses of rest and 
stress SPECT acquisition were  combined to compute the net radiation dose (27). 

Safety and Tolerability Assessment
Patients were monitored for the following events or symptoms for 60 minutes post-CT-
MPI: hypotension (systolic blood pressure < 90 or > 30 mm Hg decrease from baseline), 
hypertension (systolic blood pressure >200 mmHg), bronchospasm (requiring inhaler 
or other medical treatment), allergic reaction (hives, erythema, wheezing), chest 
pain, nausea, headache, dyspnea, fatigue, or seizures. Once the patient’s heart rate 
had returned to normal, an EKG was obtained and interpreted by a cardiologist. The 
following abnormalities were recorded: development of a significant new heart block 
(type II 2nd degree or 3rd degree A-V block) and bradycardia (heart rate < 45 beats per 
minutes, sinus bradycardia, or junctional rhythm). Pre- and post-CT-MPI ECGs were 
compared to ensure consistency prior to patient discharge. 

Following the CT-MPI, all patients were given a participant satisfaction survey to 
assess their subjective experience with both imaging modalities (CT-MPI and SPECT). 
Dedicated research personnel administered the survey to ensure question clarity and 
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patient understanding. The six-question survey assessed: 1) patient perception of the 
overall ease or difficulty of the study, 2) length of the study, 3) perceived discomfort, 
4) level of apprehension, 5) understanding of the nature of the test, 6) willingness to 
undergo the test again. Each question had a quantitative score of 1-4. Further details 
are noted in Supplemental Material 1. The duration of both the SPECT and the CT-
MPI protocol was assessed by recording the time stamps of the first and last image 
taken. For the CT protocol, this included the CTA and CT-MPI acquisition, while the 
SPECT protocol duration included both the rest and stress acquisition as well as the 
waiting time in between.

30-Day Major Adverse Cardiac Event (MACE) Follow-up
Patient phone calls and a review of electronic medical records were used to monitor 
patients for 30 days post-CT-MPI. The following events were recorded: emergency 
department visit (relating to a cardiac condition or symptoms), hospitalization (relating 
to a cardiac condition or symptoms), acute coronary syndrome, myocardial infarction, 
stroke, revascularization, significant new arrhythmia, and death. 

Statistical Analysis
Continuous variables are represented as mean ± standard deviation [SD] or medians 
with interquartile ranges [IQR], depending on their distribution (tested with Shapiro-
Wilk test). Categorical data is displayed as absolute frequencies and proportions. Patient 
experience parameters, adverse events and radiation dose were compared between CT 
and SPECT perfusion acquisitions. Diagnostic accuracy parameters such as sensitivity, 
specificity and AUC’s were constructed for CCTA, CT-MPI and SPECT. A Wilcoxon 
signed rank test was used to analyze differences between categorical CT data. SPECT 
acquisitions and numerical data was compared using a paired t-test or a Wilcoxon 
signed rank test depending on the distribution. A p-value < 0.05 was considered 
statistically different. Statistical analyses were conducted using SPSS version 23 (IBM, 
Armonk, New York).

RESULTS

Of the 27 patients considered for inclusion, 24 patients (29% male [n=7], mean age: 
66.5 years) were included and underwent CT-MPI. Two patients who had not yet 
undergone SPECT imaging were excluded due to a lack of moderate to severe coronary 
stenosis on CCTA. One patient was excluded due to caffeine intake within 12 hours of 
the CT-MPI. Comorbid conditions were typical in the population, with hypertension 
and hyperlipidemia most common. Patient demographics are displayed in Table 1. The 
average BMI was 29.6±4.7 kg/m, indicating that most patients were overweight. 11 of the 
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24 patients had undergone pharmacologic stress SPECT imaging, while the remaining 
13 patients underwent Bruce/modified Bruce exercise protocols. 

Table 1: Patient characteristics

Patient demographics
Age, years 66.5±7.6
Male 7 (28%)
BMI, kg/m2 29.6±4.7
Caucasian Ethnicity 19 (76%)
Hypertension 20 (80%)
Hyperlipidemia 22 (88%)
Diabetes 9 (36%)
Smoking 11 (44%)

Data is presented as mean± SD or n (%).

Patient experience
Patient experience during CT-MPI and SPECT imaging was similar except for level of 
nervousness, which was significantly higher (p=0.021) during SPECT imaging (median 
1, IQR 1-2) than CT-MPI (median 1, IQR 1-1). Although not statistically significant, 
patients were more willing to repeat CT-MPI (median 1, IQR 1-1) compared to the SPECT 
procedure (median 2, IQR 1-2) and were more content with the length of the CT-MPI 
procedure (median 2, IQR 1-2) compared to SPECT (median 3, IQR 3-3). The mean 
duration of the SPECT examination was 134.5 minutes, whereas the mean duration of 
the total CT examination was 13.5 minutes. A comprehensive overview of the patient 
experience scores are summarized in Table 2.

Table 2: Patient Experience

Satisfaction parameters SPECT CT-MPI p-value
Level of understanding 1 (1-2) 1 (1-1) .174
Willingness to repeat 2 (1-2) 1 (1-1) .163
Level of nervousness 1 (1-2) 1 (1-1) .021
Difficulty of procedure 2 (2-3) 1.5 (1-2) .380
Length of the procedure 3 (3-3) 2 (1-2) .448
Level of discomfort 1 (1-2) 1 (1-2) .703

Patient experience scores for multiple satisfaction parameters. 

Safety
A total of 6 patients reported symptoms or adverse events in the 60-minute period 
post regadenoson administration during CT-MPI, all of which were considered mild. 
One patient experienced hypotension and a headache, while 5 other patients only 
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experienced a headache. Significantly more patients reported symptoms or adverse 
events associated with the SPECT acquisitions with a total of 17 (70%), all of which were 
considered mild. One patient experienced a headache, while 9 patients experienced 
dyspnea and 13 patients felt fatigued.

An overview of all reported adverse events is provided in Table 3.

Table 3: Adverse Events

Adverse event SPECT 
n (%)

CT-MPI  
n (%)

Number of patients

Any event 17 (71%) 6 (25%)

Number of symptoms

Hypotension 0 1 (4%)

Heart block 0 0

Bradycardia 0 0

Bronchospasm 0 0

Allergic reaction 0 0

Chest pain 1 (4%) 0

Nausea 0 0 

Headache 0 6 (25%)

Dyspnea 9 (38%) 0

Fatigue 13 (54%) 0

Seizure 0 0

Number adverse events within 1 hour of regadenoson 
administration during CT-MPI and post-SPECT 

The radiation dose for the perfusion studies was numerically lower for regadenoson CT-
MPI (4.4±2.7 mSv) compared with regadenoson SPECT (5.6±1.7 mSv), but did not reach 
statistical significance (p-value 0.097). The CCTA radiation dose (2.0±0.1 mSv; p < 0.001) 
was significantly lower compared to the CT-MPI and SPECT studies. A combination of 
CCTA and CT-MPI had similar radiation dose values (6.63±5 mSv) compared to SPECT 
imaging alone (5.6±1.7 p=0.401).

CCTA, CT-MPI, and SPECT
A total of 12 patients had a perfusion defect on SPECT images (3 reversible defects and 
9 fixed defects). CT-MPI diagnosed 7 patients with a perfusion defect, all of which 
corresponded to a defect found with SPECT imaging. There were 5 patients with a 
positive SPECT and a negative CT-MPI. Using SPECT as the reference standard, visual 
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analysis of CT-MPI images showed a sensitivity of 58.3% (95% CI 27.7-84.8), specificity 
of 100% (95% CI 73.5-100), and accuracy of 79.1% (95% CI 57.9-92.87). See Figure 1 and 2 
for representative examples. In this positive SPECT group with negative CT-MPI results 
(n=5), three SPECT acquisitions showed a perfusion defect that was not seen on CT-MPI, 
which could possibly be an artifact, one patient showed a very small (approximately 5%) 
defect on SPECT. An overview of diagnostic accuracy is shown in Table 4. 

Quantitative analysis of the CT-MPI acquisitions showed a mean global MBF of 155±29 
ml/100ml/min and an overall LAD territory MBF of 159±33 ml/100ml/min, LCx territory 
MBF of 165±33 ml/100ml/min and an RCA territory MBF of 149±27 ml/100ml/min. 
The CT derived MBF in areas of defects) myocardium with perfusion defects (fixed 
and reversible) as determined by SPECT was significantly lower with a mean MBF of 
110.40±38 ml/100ml/min compared to global MBF (155±29 ml/100ml/min, p = 0.019). 
After correcting for inter-patient variation, the MBF-index was also significantly 
lower in areas of myocardium with perfusion defects, 0.76±0.22 compared to normal 
myocardium with a mean MBF index of 0.99±0.11 (p = 0.002). When the patients are 
divided in a group with fixed or reversible defects based on SPECT we see that there is 
no significant difference in absolute MBF values (p= 0.425) with an mean MBF of 125±52 
ml/100ml/min for fixed defects (n=9) and a mean MBF of 101±38 ml/100ml/min for 
reversible defects. The MBF-index also shows no difference between reversible and fixed 
defects (p=0.827) with a mean MBF-index of 0.76±0.25 for fixed defects and 0.79±0.20 
for reversible defects. Using SPECT as a reference, CCTA alone had a sensitivity of 
66.7% (95% CI 34.9-90.1), specificity of 75.0% (95% CI 42.8-94.5) and an accuracy of 
70.83% (95% CI 48.8-87.4). Using CT-MPI as a reference standard resulted in slightly 
higher diagnostic accuracy with a sensitivity, specificity and accuracy of 85.7% (95% CI 
42.1-99.6), 70.6% (95% CI 44.0-89.7) and 75.0% (95% CI 53.3-90.2), respectively (Table 
4). Of the three patients with perfusion defects on SPECT without corresponding CT-
MPI defects, two had no coronary stenosis on CCTA and one had a non-obstructive 
stenosis (<50%) in the vessel supplying the affected territory. This supports the notion 
that these perfusion defects on SPECT may have been artifactual 

30-day MACE Follow-up
Eighteen of the 24 patients were contacted via telephone to complete the 30-day 
MACE follow-up. A review of electronic medical records was used to complete the 30-
day MACE follow-up for the remaining 6 patients and to supplement the information 
acquired from the 18 patients contacted via telephone. One patient was hospitalized 
and underwent invasive coronary angiography with intervention during the 30-day 
follow-up period. This procedure was done on the basis of the abnormal SPECT findings 
and did not represent an adverse event related to the imaging studies. No other patients 
experienced any MACE.
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Table 4: Overview of visual and quantitative CT-MPI and CCTA data compared to SPECT

SPECT
CT-MPI visual Negative Positive All (n)
Negative 12 (true negatives) 5 (false negatives) 17
Positive 0 (false positives) 7 (true positives) 7
All (n) 12 12 24
Sensitivity 58.3% (95% CI 27.7-84.8)
Specificity 100% (95% CI 73.5-100)
Accuracy 79.1% (95% CI 57.9-92.87)

 SPECT
MBF/MBF-index Negative Positive All (n)
Negative 161±30 / 0.99±0.09 172±19 / 0.89±0.17 17
Positive  -  81±9 / 0.59±0.13 7
All (n) 12 12 24

SPECT
CCTA Negative Positive All (n)
Negative 9 (true negatives) 4 (false negatives) 13
Positive 3 (false positives) 8 (true positives) 11
All (n) 12 12 24
Sensitivity 66.7% (95% CI 34.9-90.1)
Specificity 75.0% (95% CI 42.8-94.5)
Accuracy 70.83% (95% CI 48.8-87.4)

CT-MPI
CCTA Negative Positive All (n)
Negative  12 (true negatives)  1 (false negatives) 13
Positive  5 (false positives)  6 (true positives) 11
All (n) 17 7 24
Sensitivity 85.7% (95% CI 42.1-99.6)
Specificity 70.6% (95% CI 44.0-89.7)
Accuracy 75.0% (95% CI 53.3-90.2)

Values are given as mean± SD, percentages (95% confidence intervals) or absolute numbers.
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Figure 1: Example of concordant findings on CT-MPI and SPECT-MPI. Images of a 56 year old 
female with known CAD. The attenuation corrected SPECT images show a reversible defect in 
the anterior and septal walls and a small fixed defect in the inferior wall. This reversible defect is 
reflected by a decreased MBF in the CT-MPI images (101 mL/100mL/min vs. 180 mL/100mL/min).
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Figure 2:  Example of discordant findings between CT-MPI and SPECT-MPI. A 68 year old female 
presenting with chest pain. The attenuation corrected SPECT images show a fixed defect of 10% 
in the lateral wall supplied by the Cx territory with the suspicion of being an artifact. This defect 
is not seen on the CT-MPI images and the CCTA images show no calcifications and no stenoses in 
the RCA, LAD and Cx.

DISCUSSION

In this study we correlated findings on CT-MPI and SPECT examinations and evaluated 
the safety and patient experience of stress CT-MPI compared to SPECT MPI. This study 
confirms that the presence of perfusion defects diagnosed with regadenoson CT-MPI 
and SPECT are similar, and that CT-MPI carries the added value of an anatomical 
evaluation with concurrent CCTA imaging. Patient experience, radiation exposure 
and safety were similar between CT-MPI and SPECT procedures. Neither test resulted 
in serious adverse events due to the administration of regadenoson. Furthermore, 
the combination of functional regadenoson CT-MPI and anatomical CCTA data 
demonstrated an increased diagnostic accuracy for the detection of myocardial 
perfusion defects compared to SPECT alone. 

Using SPECT as the reference standard, we found a sensitivity of 58.3% (95% CI 27.7-
84.8), a specificity of 100% (95% CI 73.5-100), and an accuracy of 79.1% (95% CI 57.9-
92.87) for the detection of myocardial perfusion defects. However, SPECT is an imperfect 
“gold standard” for the presence of obstructive CAD as it has well-recognized problems 
with specificity. Compared to previous studies done on the diagnostic accuracy of 
adenosine CT-MPI with SPECT as a reference standard, our study reported similar 
specificity (78-98%) but lower sensitivity (83-86%) (11,28–30). The limited sensitivity 
may be caused by the presence of attenuation or attenuation correction artifacts 
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found on the SPECT MPI images leading to false positives with this modality. CCTA 
analysis showed that a majority of the patients with abnormal perfusion on SPECT 
but not on CT-MPI had no significant anatomic stenoses in the vessels supplying the 
territories with perfusion defects on SPECT. Combining CCTA with perfusion images 
allows for a better differentiation between artifact and perfusion defect. Taking these 
artifacts into account, the sensitivity of CT-MPI would be significantly higher and 
in the range of previously reported studies (11,28–30). Using SPECT as the reference 
standard, regadenoson CT-MPI analysis demonstrated a sensitivity of 58.3% (95% CI 
27.7-84.8), specificity of 100% (95% CI 73.5-100) and accuracy of 79.1% (95% CI 57.9-
92.87) for the detection of myocardial perfusion defects. However, SPECT represents 
an imperfect “gold standard” for the detection of obstructive CAD, as it has recognized 
problems in terms of specificity (31,32). Compared to previous studies evaluating the 
diagnostic accuracy of adenosine CT-MPI with SPECT as a reference standard, our 
study reported similar specificity (78-98%) but lower sensitivity (83-86%) (11,28–30). 
The limited sensitivity is likely caused by the presence of attenuation artifacts (or 
attenuation correction) found on the SPECT MPI images leading to false positives with 
this modality, as well as the relatively small sample size of the study. CCTA analysis 
showed that a majority of patients with abnormal perfusion on SPECT but not on CT-
MPI had no significant anatomic stenoses in the vessels supplying the territories with 
perfusion defects on SPECT. Combining CCTA with perfusion images allows for a 
better differentiation between artifact and perfusion defect. Taking these artifacts into 
account, the sensitivity of CT-MPI would be significantly higher and consistent with 
values in previously reported studies (11,28–30). 

In addition to the visual analysis of CT-MPI images, a quantitative analysis was performed 
and shows that both absolute and relative MBF was significantly lower in areas with 
perfusion defects than in normal myocardium (p-value 0.019 and 0.002, respectively). 
Using a quantitative approach offers potential to detect subclinical changes in MBF and 
microvascular disease as well as potentially giving a better, or less subjective, evaluation 
of the severity of ischemia (33). In addition to the visual analysis of CT-MPI images, a 
quantitative analysis showed that both absolute and relative MBF was significantly lower 
in areas with perfusion defects than in normal myocardium (p-value 0.019 and 0.002, 
respectively). Using a quantitative approach offers potential to detect subclinical changes 
in MBF and microvascular disease (33). Global ischemia was determined using a relative 
measure of perfusion limits since there is no normal myocardium present.

CT-MPI demonstrated improved specificity when compared to CCTA alone (100% vs 
75%). These findings confirm results from previous studies indicating regadenoson CT-
MPI can provide incremental value to anatomical evaluation alone for the detection 
of hemodynamically significant stenosis (30,34). Combined functional and anatomical 
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evaluation using stress CT-MPI and CCTA could be beneficial in patients in which 
CCTA has poor diagnostic accuracy; particularly in patients with intermediate stenoses.  
Moreover, adding CT-MPI to CCTA increased the amount of contrast administered by 
a factor 2, and the radiation exposure by a factor of 2.15. A study by Coenen et al. 
shows that a stepwise approach using both techniques can also be used in sequence, 
whereby selective use of CT-MPI improves significant hemodynamic classification, 
thus increasing accuracy from 0.74 to 0.85 (35). 

One of the major differences between the two imaging modalities is the duration of 
the protocols. CT-MPI has a procedure length that is less than 10% of the time required 
for SPECT. This is advantageous for several reasons, including patient comfort and 
efficiency for the health care system. An inability to lie in a very still position for 2 
periods of 15-20 minutes each is a significant issue for many patients, including those 
with congestive heart failure or orthopedic issues.  However, it should be noted that our 
SPECT protocol consisted of a rest and stress acquisition and the waiting time between 
those acquisition increased the procedure time significantly. The significantly shorter 
time of the CT protocol potentially allows for more rapid initiation of treatment in 
selected cases. 

The administration of regadenoson was well tolerated in this study with most adverse 
events being mild in nature. Adverse events were consistent with the reported safety 
and tolerability profile of regadenoson. The SPECT procedure resulted in more reported 
adverse events than CT-MPI. Specifically, dyspnea and fatigue were frequently reported 
subsequent to the SPECT procedure whereas headaches were more common in the CT-
MPI procedure. The radiation doses of CT-MPI alone and combined with CCTA were 
similar compared to SPECT imaging. Adding CCTA provides additional anatomical 
information of the coronary arteries and can help differentiate between true perfusion 
deficits and artifacts. If performed upstream of CT-MPI, the high negative predictive value 
could decrease the number of patients undergoing subsequent perfusion imaging, thereby 
reducing both contrast and radiation exposure due to a fixed combined approach. The 
radiation dose of the CT-MPI examinations in this study are lower than doses previously 
reported (17.7 (6.8) mSv) in a similar study utilizing regadenoson CT-MPI(21). This decrease 
in radiation dose is most likely due to the advancement in scanner technology and the 
level of routine use of radiation-reducing protocols (such as lowering of kV and using 
prospective acquisitions when feasible). Patient experience questionnaires show similar 
results for the 2 procedures. The only significant difference between the SPECT and CT-
MPI procedure was that patients were less nervous for the CT-MPI procedure. However, 
this difference may be caused by the fact that the SPECT procedure was clinically indicated 
and performed first, followed by the research CT-MPI procedure. 

part 3: myocardial perfusion analysis



239

Several limitations deserve mention. First, this study included a relatively small 
number of patients from a single center. In addition, the discrepancy in reported 
side effects attributed to regadenoson administration may be due to a conditioning 
phenomenon, as most patients underwent SPECT imaging with regadenoson first, 
potentially accounting for the lower rate of reported symptoms with CT-MPI. Lastly, 
invasive coronary angiography with FFR measurements, currently considered as the 
gold standard to detect functionally significant coronary artery stenoses was not 
performed. 

In conclusion, patient experience and safety were similar between CT-MPI and SPECT. 
This study demonstrates good diagnostic accuracy of CT-MPI for the detection of 
ischemia compared to SPECT and offers improved diagnostic accuracy compared 
to CCTA alone. A combined CCTA/CT-MPI examination provides added value with 
additional anatomical data and can be performed with a similar radiation exposure as 
SPECT. 
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SUPPLEMENTAL MATERIAL 1

Patient Satisfaction Survey 

How easy or difficult did you find the SPECT or CT-MPI? (1) Very Easy
(2) Easy
(3) Difficult
(4) Very Difficult

How do you feel about the length of the SPECT or CT-MPI? (1) Very Short
(2) Short
(3) Long
(4) Very Long

How much discomfort did you experience during the SPECT or CT-
MPI?

(1) No Discomfort
(2) Some Discomfort
(3) Moderate Discomfort
(4) A Lot of Discomfort

How nervous were you before and during the SPECT or CT-MPI? (1) Not Nervous
(2) Somewhat Nervous
(3) Moderately Nervous
(4) Very Nervous

How well do you feel that you understand the SPECT or CT-MPI? (1) Very Much Understand
(2) Moderately Understand
(3) Somewhat Understand
(4) Don’t Understand 

How willing would you be to undergo the SPECT or CT-MPI again? (1) Very Willing
(2) Somewhat Willing
(3) Somewhat Unwilling
(4) Not at All Willing

Note: Each patient was verbally given the survey twice; once for SPECT imaging, once for CT-MPI.

11
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ABSTRACT

Background: The aim of this study was to assess the potential of rest-stress DECT 
iodine quantification to discriminate between normal, ischemic, and infarcted 
myocardium.

Methods: Patients who underwent rest-stress DECT on a 2nd generation dual-source 
system and cardiac magnetic resonance (CMR) were retrospectively included from 
a prospective study cohort. CMR was performed to identify ischemic and infarcted 
myocardium and categorize patients into ischemic, infarcted, and control groups. 
Controls were analyzed on a per-slice and per-segment basis. Regions of interest (ROIs) 
were placed in ischemic and infarcted areas based on CMR. Additionally, ROIs were 
placed in the septal area to assess normal and remote myocardium.

Results: We included 42 patients: 10 ischemic, 17 infarcted, and 15 controls. Iodine 
concentrations showed no significant between segments in controls. Iodine 
concentrations for normal myocardium increased significantly from rest to stress 
(median 3.7mg/mL (interquartile range  3.5-3.9) vs. 4.5mg/mL (4.3-4.9)) (p<0.001). 
Iodine concentrations in diseased myocardium were significantly lower than in normal 
myocardium; 1.3mg/mL (0.9-1.8) and 0.6mg/mL (0.4-0.8) at rest and stress in ischemic 
myocardium, and 0.3mg/mL (0.3-0.5) and 0.5mg/mL (0.5-0.7) at rest and stress in 
infarcted myocardium (p<0.005 and p<0.001). At rest only, iodine concentrations 
were significantly lower in infarcted vs. ischemic myocardium (p<0.001). The optimal 
threshold for differentiating diseased from normal myocardium was 2.5mg/mL and 
2.1mg/mL for rest and stress (AUC 1.00). To discriminate ischemic from infarcted 
myocardium, the optimal threshold was 1.0mg/ml (AUC 0.944) at rest.

Conclusion: DECT iodine concentration from rest-stress imaging can potentially 
differentiate between normal, ischemic, and infarcted myocardium.
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INTRODUCTION

Dual-energy CT (DECT), which uses both high- and low-energy x-ray photons, allows 
for the quantification of materials and tissues based on unique attenuation values at 
different energy levels(1,2). For this reason, DECT enables the assessment of iodine 
concentrations in the myocardium(3–6). A body of evidence has validated the direct 
relationship between iodine distribution in the myocardium and myocardial blood flow, 
suggesting that myocardial iodine concentration may serve as a potential quantitative 
imaging biomarker to assess myocardial perfusion(1–4,7).

To date, the majority of cardiac DECT studies have focused on the evaluation of iodine 
maps for the detection of myocardial perfusion defects; however, most investigations 
lack quantitative measurements of iodine concentration(2,8–12). Several phantom 
studies have reported that DECT can accurately measure iodine concentrations(3,6,7). A 
previous study using stress-only DECT showed that a difference in iodine concentration 
was present between normal, ischemic, and infarcted segments when using cardiac 
magnetic resonance (CMR) perfusion imaging and late gadolinium enhancement (LGE) 
studies as reference standards (13).  In particular, diseased segments had significantly 
lower iodine concentrations than normal segments. Additionally, ischemic segments 
had higher iodine concentrations relative to infarcted segments. However, a reliable 
threshold to discriminate between ischemic and infarcted segments could not be 
determined using stress-only DECT iodine concentrations. Comparing values at 
both rest and stress may improve tissue characterization by providing incremental 
information. Furthermore, DECT acquisitions at rest may provide information about 
the hemodynamic significance of CAD based on iodine quantification without the need 
for a stress acquisition.

Thus, the purpose of this study was to assess the potential of rest-stress DECT iodine 
quantification to differentiate between normal, ischemic, and infarcted myocardium 
using CMR as the reference standard.

METHODS

For this study, patients were retrospectively selected from a prospective study cohort. 
This prospective, single-center study was approved by our local Institutional Review 
Board and conducted in compliance with the Health Insurance Portability and 
Accountability Act. All patients provided written informed consent. 
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Population 
Our investigation included 46 patients with suspected CAD who had undergone a rest-
stress cardiac DECT perfusion study between 2008 and 2012. All patients underwent 
stress CMR perfusion imaging for the evaluation of CAD. Patients with missing rest 
or stress DECT data, or poor image quality were excluded from the study. Patients 
were assigned to their respective cohorts based on stress CMR. CMR was used as the 
gold standard, considering the relatively low accuracy and spectral resolution of SPECT 
imaging(14,15).

Patients without delayed enhancement or defects on perfusion series were assigned to 
the control group. Patients with a clear defect on the CMR perfusion series but without 
delayed enhancement on LGE were assigned to the ischemic group. Patients with clear 
delayed enhancement on LGE series were assigned to the infarcted group. Patients 
with perfusion defects on CMR with less than 15% transmurality were excluded due to 
the difficulty of accurately analyzing ROI-based data on both MRI and DECT images. 
All scans were evaluated by two board-certified radiologists with 11 and 20 years of 
experience in cardiovascular imaging, respectively. The two radiologists were blinded 
to all clinical and other imaging data during the analysis. A minimum of four weeks 
was maintained between the reading of CMR  and DECT data to reduce potential recall 
bias. CMR acquisitions were used as the reference standard. 

Imaging protocols
All patients underwent rest/stress CMR and DECT perfusion. DECT and CMR imaging 
procedures were performed on the same day. 

DECT
All DECT examinations were acquired using a second-generation dual-source CT system 
(Definition Flash; Siemens Healthineers, Forchheim, Germany) in dual energy mode. 
DECT examinations were performed at rest and during maximal hyperemia (Figure 
1A). All scans were performed using retrospective ECG gating and ECG-dependent tube 
current modulation. Additional acquisition parameters included: 2 x 64 x 0.6 mm (rest) 
and 2 x 64 x 1.5 mm (stress) detector collimation with z-flying focal spot technique, 
280-msec gantry rotation time, heart rate adaptive pitch of 0.2–0.43, and a temporal 
resolution of 140 msec. Tube A was operated with 140 mAs per rotation at 140 kVp using 
an additional tin filter. Tube B was operated with 165 mAs per rotation at 100 kVp. Scans 
were acquired in the craniocaudal direction. 
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Figure 1: A) DECT and  B) CMR acquisition protocols. The following were administered: adenosine 
(Adenoscan; Astellas, Northbrook, Ill), regadenoson (Lexiscan; Astellas, Northbrook, Ill), metoprolol 
as metoprolol tartrate (Lopressor; Novartis, East Hanover, NJ).

Rest imaging was performed first. Metoprolol (Lopressor; Novartis, East Hanover, NJ) 
was administered to patients with heart rates > 65 beats per minute. For both stress 
and rest examinations, 75 mL of 370 mgI/mL iopromide (Ultravist; Bayer Healthcare, 
Wayne, NJ) was intravenously administered at an injection rate of 6 mL/s. Contrast media 
administration was followed by a 50 mL saline flush bolus at the same injection rate. 

Stress perfusion imaging was performed 3-4 minutes into continuous adenosine infusion 
(140 µg/kg/min) (Adenoscan; Astellas, Northbrook, Ill) or after a single regadenoson 
injection (0.4 mg/5mL) (Lexiscan; Astellas, Northbrook, Ill). 

To ensure optimal timing for scan acquisition, the bolus-tracking technique was used 
with a 70 HU threshold in the descending thoracic aorta and an additional 2 second 
delay. Data were reconstructed in the diastolic phase (60-75%) with a section thickness 
of 3 mm for both rest and stress acquisitions.

CMR
All CMR examinations were acquired on a 1.5T system (Siemens Magnetom Avanto, 
Siemens Healthineers, Erlangen, Germany). In total, 0.1 mmol/kg (0.2 ml/kg) 
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of gadolinium-based contrast material (MultiHance; Bracco, Milan, Italy) was 
intravenously administered in two separate injections, prior to both stress and rest 
perfusion (0.1 ml/kg each), at an injection rate of 4 ml/s and was followed by a 20 ml 
saline flush bolus.

First-pass perfusion imaging was performed during maximal hyperemia and rest 
(Figure 1B) using a T1-weighted fast low-angle single-shot gradient-echo pulse sequence 
with the following typical parameters: slice thickness 8 mm, acquisition matrix 
144×76, in-plane resolution 2.63×2.63 mm2, echo/repetition time (TE/TR) 1.0/2.2 ms, 
flip angle 10°, saturation recovery time 100 ms, generalized auto-calibrating partially 
parallel acquisition (GRAPPA) with acceleration factor 2, and Cartesian readout. Stress 
perfusion was performed first, 2-4 minutes after continuous adenosine infusion (140 
μg/kg/min) or a single regadenoson injection (0.4 mg/5mL). Rest perfusion series 
were acquired, at minimum, 15 min after regadenoson/adenosine administration was 
discontinued (adenosine) or reversed with aminophylline (regadenoson).  

LGE imaging was performed 15 min after completion of the rest perfusion. LGE 
images were acquired over three slices, with slice positions kept as consistent with 
the perfusion slices as possible. An inversion recovery steady-state free-precession 
pulse sequence was used with the following typical parameters: slice thickness 8 mm, 
acquisition matrix 192×104, in-plane resolution 1.98×1.98 mm2, TE/TR 1.1/2.6 ms, readout 
bandwidth 965 Hz/pixel, flip angle 50°, generalized auto-calibrating partially parallel 
acquisition (GRAPPA) with acceleration factor 2, and Cartesian readout. Inversion time 
was adjusted to null the signal in the normal myocardium. Data were reconstructed in 
a magnitude-based fashion. 

Image analysis
DECT iodine maps were analyzed for control patients on a per-segment basis based 
on the AHA 17-segment model, with the 17th segment excluded from analysis. Image 
quality evaluation was performed on a per-segment and per-patient basis. All scans 
were assessed for overall image quality and were scored by an experienced radiologist 
(CNDC) using a four-point Likert scale (1-4), where 1 represents poor image quality 
and 4 represents excellent image quality. All segments underwent strict and extensive 
quality control assessment; segments with poor quality were excluded.

In the control group, iodine concentrations were derived from the iodine quantification 
maps generated at both rest and stress on a per-segment and per-slice basis, including 
the basal, mid-ventricular, and apical slices. Slices were determined by dividing the left 
ventricle into equal thirds in a direction perpendicular to the long-axis of the heart. 
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Additionally, to compare normal, ischemic, and infarcted areas of the myocardium, 
regions of interest (ROI) were drawn on the iodine maps. The iodine concentration of 
normal myocardium in control patients and remote myocardium in patients with CAD 
was measured using a single ROI in the septum (mid-ventricular slice) with a minimum 
area of 1 cm2. In patients with CAD, mean iodine concentration of ischemic myocardium 
was measured by placing an additional ROI in an area corresponding to the reversible 
perfusion defect visualized on first-pass CMR. Infarcted myocardium was defined by 
placing a ROI where an area of infarction was visualized on LGE images. If the ischemic 
or infarcted region was located in the septum, the ROI for remote myocardium was 
placed in a different area without perfusion defect. Potential artifacts were carefully 
avoided during ROI placement. 

To avoid partial volume contamination from the left ventricular blood pool, all infarct 
ROIs were placed at the infarct core, away from the endocardial and epicardial borders. 
Remote myocardial ROIs on the DECT images were placed in areas without evidence 
of first-pass perfusion defects, regional wall motion abnormalities, or LGE. A ROI was 
also placed in the left ventricular blood pool as a reference. A second reader repeated all 
ROI-based measurements in order to evaluate inter-observer variability. Measurements 
from the first reader were used for all other evaluations to simulate a clinical workflow.

Statistical analysis
Continuous values were presented as mean ± standard deviation (SD) or as median with 
interquartile ranges (IQR). Normality of data distribution was assessed using a Shapiro-
Wilks test. Categorical data were presented as a number with the corresponding 
percentage. A Mann Whitney-U or Kruskal-Wallis test was used to compare non-
normally distributed data between groups. The Wilcoxon test was used for paired 
data to compare rest/stress and remote/diseased myocardium iodine concentrations 
within groups. Intraclass correlation coefficients (ICC) were calculated to assess inter-
observer variability. Receiver operator characteristic (ROC) curves and corresponding 
area under the curve (AUC) calculations were used to determine iodine concentration 
thresholds to discriminate between normal/diseased myocardium and subsequently 
ischemic/infarcted myocardium. All statistical analyses were performed using SPSS 
Statistics 23 (IBM Corporation, USA). A p-value<0.05 was considered statistically 
significant.

RESULTS

Baseline patient characteristics and results are presented in Table 1. After excluding 
patients with poor image quality (n=3), a total of 42 patients were included: 10 with 
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ischemic myocardium, 17 with infarcted myocardium, and 15 control patients. An 
overview of the inclusion process and corresponding measurements is depicted in 
Figure 2. Median image quality was rated a 3 (IQR 2-4). A significant increase in heart 
rate was observed between rest and stress DECT imaging (p<0.009) in all three groups. 
There was no significant difference in body mass index between groups. The mean 
radiation dose per patient was 10.7 ±4.5 mSv.

A total of 424 segments were included in the analysis, while 56 were excluded due to 
extensive artifacts or because they were outside the dual energy field of view. 

Table1: Patient Characteristics 

Controls
N=15

Ischemic
N=10

Infarcted
N=17

Male, n 9 (60%) 10 (100%) 16 (94%)
Age, years 63.2 (57.1-71.1) 64.0 (59.3-74.5) 64.2 (54.3-70.8)
BMI, kg/m 2̂ 31.4 (26.1-33.9) 29.4 (24.0-32.3) 28.2 (25.0-31.3)
Heart rate rest, beats per minute 63 (55-77) 59 (54-68) 66 (61-74)
Heart rate stress, beats per minute 84 (67-96) 79 (64-85) 78 (73-92)
Cardiovascular Risk factors

Diabetes 8 (53%) 2 (18%) 3 (17%)
Hypertension 13 (87%) 5 (45%) 13 (76%)
Current smoker 3 (20%) 8* (72%) 2 (12%)
Hyperlipidemia 7 (47%) 8* (72%) 11 (65%)

Values are given as median (IQR) or n (%).).* indicates significant difference compared to the control group.
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Figure 2: In total, 49 patients who underwent CMR perfusion and LGE imaging as well as rest/
stress DECT imaging were included. Of those 49 patients, 7 were excluded, resulting in a total 
of 42 patients for analysis. A total of 54 individual segments were excluded from per-segment 
analysis in the control group due to poor image quality or because the segment was outside the 
DECT field of view.

Iodine Concentration in Normal Controls
Iodine concentrations in each segment were not significantly different at rest 
(p=0.650) or stress (p=0.835). Additionally, iodine concentrations in each slice were 
not significantly different for rest (p=0.235) or stress (p=0.416) imaging (Figure 3). The 
median iodine concentration for normal myocardium at rest and stress was 3.7 mg/mL 
(IQR 3.5-3.9) and 4.5 mg/mL (IQR 4.3-4.9), respectively (p<0.001).  
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Figure 3: Iodine concentrations showed no significant variations between basal, midventricular, 
and apical slices at rest or stress. Analysis according to AHA 16-segment model demonstrates that 
iodine concentrations showed no significant differences between segments at rest and stress. 
Iodine concentrations during stress were higher than during rest.

Iodine Concentration in Ischemic and Infarcted Patients
Table 2 shows iodine concentrations for the three groups. Our data demonstrated good 
agreement with ischemic and infarcted areas on CMR perfusion imaging (Figure 4).
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The median iodine concentration at rest in the remote myocardium of the ischemic 
and infarcted groups was 3.2 mg/mL (IQR 2.9-3.6) and 3.5 mg/mL (IQR 3.4-4.0), 
respectively. These values increased significantly during stress to 4.7 mg/mL (IQR 4.2-
4.8) and 5.1 mg/mL (IQR 4.2-5.4) for the ischemic and infarcted group, respectively 
(p<0.005 and <0.001). All values are presented in Table 2.

Figure 4: A 67-year-old man with known CAD. Stress perfusion CMR images show a perfusion 
defect in both rest and stress acquisitions in the inferior-septal wall (see arrows). The same defect 
is seen on the DECT iodine maps. The defect appears more pronounced during stress, indicating 
some level of reversibility (peri-infarct ischemia) at the borders of the infarct.

The iodine concentration at rest in the remote myocardium of the ischemic group 
was significantly lower than the normal myocardium of control patients (p<0.005); 
however, this was not observed during stress (p = 0.911).  Iodine concentration of 
remote myocardium in the infarcted group showed no significant difference compared 
to the normal myocardium of the control group at both rest and stress (p=0.455 and 
0.370, respectively). There was no significant difference in iodine concentration of 
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remote myocardium between the ischemic and infarcted groups at both rest and stress 
(p=0.052 and 0.155, respectively).

At rest and stress, the iodine concentration of ischemic myocardium was 1.3 mg/mL (IQR 
0.9-1.8) and 0.6 mg/mL (IQR 0.4-0.8), respectively (p<0.007). The iodine concentration 
of infarcted myocardium showed a significant increase between rest (median 0.3 mg/
mL (IQR 0.3-0.5)) and stress (median 0.5 mg/mL (IQR 0.5-0.7)) (p<0.001).

Table 2: Iodine Concentration in Normal/Remote and Diseased Myocardium

Normal/Remote myocardium Diseased myocardium

Status Iodine [ ] (mg/mL)
Rest 

Iodine [ ] (mg/mL)
Stress

Iodine [ ] (mg/mL)
Rest

Iodine [ ] (mg/mL)
Stress

p-value

Control
                                                                                                                                         
n =15

3.7 (3.5-3.9) 4.5 (4.3-4.9) - - p=0.001

Ischemic
n=10

3.2 (2.9-3.6) 4.7 (4.2-4.8) 1.3* (0.9-1.8) 0.6*(0.4-0.8) p<0.001
p=0.007

Infarcted
n=17

3.5 (3.4-4.0) 5.1 (4.2-5.4) 0.3* (0.3-0.5) 0.5* (0.5-0.7) p<0.001
p<0.001

Values are given as median (IQR).* indicates significant difference compared to the control group. A p-value<0.05 is 
considered statistically different.

The iodine concentrations of ischemic and infarcted myocardium were significantly 
lower than concentrations of remote myocardium at both rest and stress (p<0.005 and 
p<0.001, respectively) (Table 2).

At rest, the iodine concentration in ischemic myocardium was significantly higher than 
the concentration in infarcted myocardium (p<0.001); however, the concentrations 
were similar during stress imaging (p=0.749).

Figure 5 represents image examples from patients in the control, ischemic and infarct 
groups.

Iodine measurement variability and accuracy
Intraclass correlation coefficients (ICC) were calculated at both rest and stress for the 
three different groups. At rest, the ICC was 0.84, 0.84, and 0.82 in normal, ischemic, 
and infarcted myocardium, respectively. During stress imaging, the ICC was 0.89, 0.96, 
and 0.87 in normal, ischemic, and infarcted myocardium, respectively.
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Multiple thresholds were determined based on the ROC curves. The optimal threshold 
for discriminating diseased myocardium, either ischemic or infarcted, from normal 
myocardium was an iodine concentration of 2.5 mg/mL at rest and 2.1 mg/mL during 
stress, with a corresponding AUC of 1. For discriminating between ischemic and 
infarcted myocardium, the optimal threshold was an iodine concentration of 1.00 mg/
mL at rest, with a corresponding AUC of 0.944, sensitivity of 80%, and specificity of 
100%. Notably, an optimal threshold could not be determined during stress acquisitions, 
as the AUC was only 0.538 (Figure 6).

Figure 5: Examples of DECT images and iodine maps of 3 patients. The upper row shows a 
control patient without ischemic or infarcted myocardium, the middle row shows a patient from 
the ischemic group, and the bottom row shows a patient from the infarcted group. ROIs and 
corresponding iodine concentrations are shown in normal/remote myocardium and diseased 
myocardium.
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Figure 6: ROC curve representing the diagnostic performance of iodine quantification to 
discriminate between ischemic and infarcted myocardium. At rest, the optimal threshold was 
determined to be 0.95 mg/mL, with an AUC of 0.944.  An iodine threshold could not be determined 
in the stress acquisitions due to the AUC of 0.538.

DISCUSSION

In this study, our results indicated the potential of rest and stress DECT iodine 
quantification to discriminate between normal, ischemic, and infarcted myocardium. 
Specifically, iodine concentration thresholds were determined for both rest (2.5 mg/
mL) and stress (2.1 mg/mL) acquisitions and concentrations were significantly lower in 
diseased myocardium than in normal myocardium. 

In cardiac imaging, DECT offers the potential to assess CAD on a morphological 
and functional basis using a single modality. With the capacity to quantify iodine 
concentration, DECT could join dynamic CT perfusion as a quantitative technique 
to analyze myocardial perfusion. Yet, DECT perfusion is a static method and greatly 
depends on acquisition timing, whereas dynamic CT perfusion offers the ability to 
visualize the entire process of contrast inflow and outflow.

Our investigation did not consider the assessment of delayed DECT acquisitions due to 
the results of the study by Meinel et al., which determined that a rest/stress acquisition 
is optimal (AUC 0.98) for the assessment of perfusion deficits, and a delayed acquisition 
adds little value (AUC 0.98) (15). Furthermore, our study utilized ROI-based analysis 
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rather than per-segment analysis. Although another previous study reported higher 
iodine concentrations in normal and diseased myocardium using per-segment analysis, 
our methodology ensures that only diseased myocardium is included in the iodine 
concentration calculations, effectively preventing concentration values of surrounding 
normal myocardium from being included in the analysis and perhaps contributing to 
a lower, more accurate value (13). Despite differences between the methodologies, both 
previous studies suggested that it was not possible to discriminate between ischemic 
and infarcted myocardium using stress-only acquisitions (AUC 0.538 and 0.651, 
respectively). In our study, we demonstrated that iodine concentrations of ischemic 
myocardium at rest were significantly higher compared to infarcted myocardium 
(p<0.001) and established an optimal threshold of 1.00 mg/mL (AUC 0.944) for 
discriminating between the two.

The iodine concentrations in normal myocardium of the control group were 3.7 mg/mL 
and 4.5 mg/mL at rest and stress, respectively. Pelgrim et al., Koonce et al. and Kim et 
al. previously determined the accuracy of DECT to measure iodine concentration in a 
phantom study [3, 7, 16]. Yet, these studies indicated that varying DECT systems did 
not affect the iodine concentration error and used relatively higher concentrations of 
iodine compared to the clinical values of the current investigation. Notably, lower iodine 
concentrations (0-5 mg/mL) pronounced the concentration error more in comparison 
to intermediate concentrations. Thus, further investigations should focus on testing 
the accuracy of DECT for the in-vivo quantification of lower iodine concentrations with 
smaller increments.

In CMR, CT, and SPECT perfusion, a combination of both rest and stress acquisitions 
is used to discriminate between reversible (ischemic) and fixed (infarct) defects. In 
contrast to these methods, DECT perfusion shows decreased iodine concentrations in 
ischemic myocardium not only during stress acquisitions, but also at rest (4,15,17–19). 
However, as is true with traditional perfusion methods, we still see a decrease in iodine 
concentration from rest to stress, which is characteristic of reversible defects. Although 
the ischemic group was relatively small in number (n=10), these results indicate that 
with the use of DECT, it may be possible to identify hibernating myocardium using a 
rest acquisition. Notably, the iodine concentrations from the rest acquisitions show 
a higher variability than the iodine concentrations in other myocardial categories. 
Therefore, it is possible that this increased variability is correlated to the stenosis 
severity of the supplying vessel.

Demonstrated by the results of our investigation, the notion that iodine concentrations 
of remote myocardium in ischemic patients is lower than iodine concentrations 
of normal myocardium in the control group may provide novel insight into disease 

chapter 12: iodine quantification based on rest/stress dual energy ct to differentiate ischemic, infarcted and normal myocardium

12



262

characteristics of the remote myocardium. The CMR parameter, T1 mapping, can 
potentially be used for tissue characterization in CAD patients. A proof of concept 
study by Liu et al. showed that remote myocardium demonstrated blunted T1 reactivity 
(20). Previous studies using PET perfusion also show lower myocardial blood flow values 
in remote myocardium compared to myocardium in healthy controls, but only during 
stress imaging (21,22).  The lower perfusion values in remote myocardium may be a 
result of maximal compensatory coronary microvascular vasodilatation or maximal 
capillary recruitment to compensate for the loss of blood flow caused by significant 
stenosis (20,23).

Limitations
There are several limitations beyond the retrospective nature of the current investigation 
that deserve special mention. First, the study has a relatively small number of patients 
included, especially in the ischemic group (n=10). The limited number of patients in 
the ischemic group may have caused the absence of a significant difference in iodine 
concentration between ischemic and infarcted myocardium during stress acquisitions. 
Second, the use of imaging examinations as the reference standard rather than 
an invasive technique, such as invasive coronary angiography with corresponding 
fractional flow reserve measurement, represents a study limitation. Specifically, the use 
of an invasive reference standard would allow for a better approximation of the location 
of the myocardial defects and for analysis of stenosis severity. Lastly, only patients with 
suspected or known CAD were included. Thus, patient selection bias may impact the 
interpretation of CMR perfusion and viability imaging. 

This study serves to elucidate the potential use of rest-stress DECT iodine quantification 
for the differentiation of myocardial tissue. Future validation of this application will 
rely on large cohort studies to systematically investigate potential differences caused by 
age, gender, or cardiovascular risk factors and is especially important when considering 
differences between normal and remote myocardium. Furthermore, the effect of using 
different vendor’s DECT systems, although investigated in multiple phantom studies, 
should be explored in a clinical setting.

In conclusion, this proof of principle study shows that DECT iodine concentration 
quantified from rest-stress imaging has the potential to distinguish between normal, 
ischemic, and infarcted myocardium.
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ABSTRACT

Objective: To assess the feasibility of dual energy CT (DECT) to derive myocardial 
extracellular volume (ECV) and detect myocardial ECV differences without a non-
contrast acquisition, compared to single energy CT (SECT). 

Methods: Subjects (n=35) with focal fibrosis (n=17), diffuse fibrosis (n=10), and controls 
(n=9) underwent non-contrast and delayed acquisitions to calculate SECT-ECV. DECT-
ECV was calculated using the delayed acquisition and the derived virtual non-contrast 
images. In the control and diffuse fibrotic groups, the entire myocardium of the left 
ventricle was used to calculate ECV. Two ROIs were placed in the focal fibrotic group, 
one in normal and one in fibrotic myocardium.

Results: Median ECV was 33.4% (IQR, 30.1-37.4) using SECT and 34.9% (IQR, 31.2-39.2) 
using DECT (p=0.401). For both techniques, focal and diffuse fibrosis had significantly 
higher ECV values (all p<0.021) than normal myocardium. There was no systematic 
bias between DECT and SECT (p=0.348). SECT had a higher radiation dose (1.1mSv 
difference) than DECT (p<0.001).

Conclusion: ECV can be measured using a DECT approach with only a delayed 
acquisition. The DECT approach provides similar results at a lower radiation dose 
compared to SECT.
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INTRODUCTION

Recent studies have shown that extracellular volume (ECV) fraction can be derived 
from non-contrast and delayed-phase CT with high histology and MRI-derived ECV 
correlation.(1–4) Compared to MRI, CT offers a faster acquisition, the potential to 
scan patients with metal implants, and the assessment of coronary anatomy. However, 
single-energy CT (SECT) is less sensitive to contrast differences than MRI, has a poor 
contrast-to-noise ratio, and suffers from artifacts (mainly caused by noise), especially in 
the delayed enhancement acquisition. The dual-energy CT (DECT) technique uses two 
different kV levels, allowing for tissue characterization(5,6)  and potential measurement 
of ECV for the detection of diffuse myocardial fibrosis in cardiomyopathies.(7–9) 
However, no studies have shown the possibility of detecting focal fibrosis, and no direct 
comparison with SECT has been performed.

Thus, the purpose of this study was to assess the feasibility of DECT to derive ECV and 
detect differences between myocardial ECV, in order to compare the results with SECT. 

METHODS

Population 
We analyzed data of patients (n=42) who underwent cardiac DECT between 2008-2017 
for the evaluation of suspected CAD or known cardiomyopathy, who also underwent 
a non-contrast acquisition in addition to a contrast-enhanced rest and delayed DECT 
acquisition. Written informed consent had been obtained from all patients. 

Based on their clinical history and the image findings, patients were assigned to 
three groups: 1) controls; 2) focal fibrotic (chronic myocardial infarct); or 3) diffuse 
fibrotic (cardiomyopathies). The focal fibrotic and control groups were selected based 
on MRI. Presence and location of infarction was defined based on late gadolinium 
enhancement (LGE) MRI.  Recent MRIs were not available in the diffuse group because 
of the prevalence of intracardiac devices. Patients in the diffuse fibrotic group all had 
a previous MRI-based diagnosis of a cardiomyopathy associated with diffuse ECV 
increase. 

Image Acquisition
All examinations were performed with a second- or third-generation dual-source CT 
system (Definition Flash or Force; Siemens Healthineers, Forchheim, Germany). The 
DECT protocol included a non-contrast acquisition (prospective ECG-triggering, tube 
voltage 120kV, tube current 75-80mAs with automated tube current modulation [CARE 
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Dose 4D, Siemens], slice thickness 3mm and increment 1.5mm), a DECT contrast-
enhanced acquisition at rest (prospective ECG gating, tube voltage and current, 
100/140kVp with 165 reference mA/rotation [second-generation] and 90/150kVp with 
Tin filtration and 90mA/rotation [third-generation], gantry rotation time 280ms/250ms 
[second/third-generation], heart rate dependent pitch 0.2–0.43, and 1.5mm section 
thickness with 1mm overlap reconstructed in 60-75% diastole), and a DECT delayed 
acquisition 7 minutes after contrast injection (same DECT protocol). Contrast (70mL 
iopromide [370mgI/mL; Ultravist, Bayer, Wayne, NJ]) was administered at a flow 
rate of 5.0mL/s using a dual-syringe injector (Stellant D, Medrad, Indianola, PA) and 
automated bolus triggering. 

LGE MRI protocol
For the LGE MRI acquisition, a standard protocol was used 12 minutes after the 
administration of contrast agent (0.1mmol/kg gadobenate-dimeglumine, MultiHance, 
Bracco, Princeton, NJ). MRI scans were evaluated by two board-certified physicians.

DECT Post-processing 
Three different image sets were derived from the DECT data on a 3D workstation 
(syngo.via VB10B, Siemens), see Figure 1. The low- and high-kVp datasets were used to 
generate the iodine maps and the virtual non-contrast images. The standard linearly 
blended image set was created by combining 60% high-kVp and 40% low-kVp data, 
representing a standard 120kVp SECT acquisition. The fourth image set is the real SECT 
non-contrast image. 

Figure 1: Schematic overview of image reconstruction. Black arrows indicate datasets used for 
DECT/SECT-ECV calculation, orange arrows indicate images used to assure optimal ROI placement. 
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Image Analysis
For SECT, ECV was calculated using the true non-contrast images and merged virtual 
delayed images. For DECT, the virtual non-contrast and delayed scans were used.

ECV was calculated in all groups for both SECT and DECT. In the control and diffuse 
fibrotic groups, a region of interest (ROI) encompassing the entire left ventricle was 
used to calculate ECV of normal and fibrotic myocardium. In the focal fibrotic group, 
two ROIs (at least 1cm2 each) were placed, one in the normal myocardium and one 
in the fibrotic myocardium. The slice with the largest infarct area was chosen for 
measurements. The areas of infarction were matched with LGE MRI by an experienced 
observer.

The contrast-enhanced acquisitions and LGE MRI were used to ensure correct 
placement of the ROIs in the non-contrast and delayed datasets. Finally, a ROI was 
placed in the left ventricle of each dataset to measure the blood pool. For each of these 
ROIs, the HU values were recorded for the delayed DECT and the true and virtual non-
contrast and delayed SECT. 

ECV was calculated using the following equation:
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where ΔHUmyocardium is the difference between HU values of the myocardium at (virtual) 
non-contrast images and delayed images, and ΔHUbloodpool is the difference between HU 
values of the blood pool at (virtual) non-contrast images and delayed images. The most 
recent hematocrit value was recorded from clinical records.

Statistical analysis
Normal distribution was assessed using the Shapiro-Wilk test. Continuous variables 
were expressed as mean±SD; and non-parametric variables were expressed as median 
with inter-quartile ranges. A Chi2 test for multiple groups was used to compare 
demographics. A Wilcoxon signed rank test was used to assess differences between 
DECT-ECV and SECT-ECV. An independent Mann-Whitney U test examined differences 
between ECV measurements in normal myocardium and infarcted myocardium. 
Bland–Altman analysis was used to demonstrate agreement between the SECT and 
DECT approach. A statistical package (SPSS, version 24) was used for all data analysis. 
A p-value <0.05 was considered statistically significant.
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RESULTS

Patient population
Seven patients were excluded from the study due to unavailable non-contrast, rest or 
delayed DECT acquisitions (n=3), inadequate image quality (n=2) from motion artefacts 
(1) and high noise levels (1), or small (<1cm2) LGE area on MRI (n=2). No patients were 
excluded because of metal wire artifacts. Thus, a total of 35 patients were included 
and 104 ECV measurements were analyzed. There were no significant differences 
in the patient demographics (Table 1) among the three groups, except for smoking 
(p=0.046). Hematocrit values showed a trend to be lower in the diseased groups than 
the control group (p=0.50). The mean radiation doses for SECT and were 13.2±6.3mSv 
and 12.1±5.9mSv, respectively (p<0.001). 

Table 1. Patient Demographics

Control
(n=8)

Focal fibrotic
(n=17)

Diffuse fibrotic
(n=10)

Age (year) 66 (57-72) 66 (49-71) 65 (45-70)
Gender (male) 5 (63) 16 (95) 7 (70)
BMI (kg/m2) 31.1 (24.8-37.1) 26.8 (22.6-30.5) 29.2 (22.1-34.4)
Hematocrit (%) 43 (39-46) 41 (39-42) 39 (35-43)
Diabetes 4 (50) 3 (18) 4 (40)
Hypertension 6 (75) 13 (77) 7 (70)
Smoking 4 (50) 6 (35) 0 *
Hyperlipidemia 5 (63) 13 (77) 7 (70)
Metallic wires 0 (0) 0 (0) 9 (90)

Data reported as medians with IQR or as frequencies and percentages. (*) indicates significant differences compared to 
the control group.

ECV measurements
The median ECV of normal myocardium measured with SECT and DECT were 33.4% 
(IQR, 30.1-37.4) and 34.9% (IQR, 31.2-39.2), respectively (p=0.401) (Table 2). ECV in the 
normal myocardium of the control group was slightly, but not significantly, higher than 
that of the normal myocardium in the focal fibrotic group for both SECT and DECT 
(Table 2). 

In the focal fibrotic group, no significant difference was found between SECT-ECV and 
DECT-ECV values (p=0.943) (Table 2).  Infarcted myocardium had significantly higher 
ECV values (p<0.001) than normal myocardium in both SECT and DECT.
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The diffuse fibrotic group included patients with sarcoidosis (n=2), ischemic 
cardiomyopathy (n=3), arrhythmogenic cardiomyopathy (n=2), and non-ischemic 
dilated cardiomyopathy (n=3). There was no significant difference between SECT-ECV 
and DECT-ECV values (p=0.575) (Table 2). Diffuse fibrotic SECT-ECV and DECT-ECV 
were significantly higher than ECV in normal myocardium (p<0.001 and p=0.021, 
respectively), but significantly lower than focal fibrotic myocardium (both p<0.001).

Bland-Altman analysis between SECT-ECV and DECT-ECV showed no systematic bias 
between measurements (p=0.348) with a limits of agreement of ±9.4% (Figure 2).

Table 2. Overview of ECV measurements for normal, focal fibrosis and diffuse fibrosis

Normal myocardium Diseased myocardium
SECT DECT P SECT DECT p p

Diseased 
vs control

Control 35.4%
(32.4-36.3)

35.1%
(33.4-40.2)

0.401 - -

Focal 
fibrotic

32.0%
(28.9-36.3)

33.6%
(29.3-39.2)

0.467 48.4%*
(46.4-50.7)

49.4%*
(46.3-50.6)

0.943 <0.001 
(SECT)
<0.001 
(DECT)

Diffuse 
Fibrotic

- - 40.7%*
(38.0-43.5)

39.4%*
(37.0-41.6)

0.575 <0.001 
(SECT)
0.021 
(DECT)

Data reported as percentages. (*) indicates significantly different ECV compared to normal myocardium
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Figure 2: Bland-Altman analysis showed no systematic bias between SECT and DECT. 

DISCUSSION

For this study we evaluated the feasibility of DECT to calculate ECV using virtual 
non-contrast images compared to SECT-based true non-contrast acquisitions. There 
were no systematic differences between SECT and DECT. Both approaches were able to 
discriminate diseased and healthy myocardium, where focal fibrosis had significantly 
higher ECV compared to normal myocardium and diffuse fibrosis. This preliminary 
study shows the feasibility of using DECT for ECV measurement with a decreased 
number of acquisitions, i.e. eliminating the need for a true non-contrast scan, thus 
reducing radiation dose.

Hong et al. recently reported on the use of DECT to characterize changes in myocardial 
tissue within an animal model of doxorubicin-induced cardiomyopathy. Their result 
showed that the ECV calculated from DECT has excellent agreement with histological 
and CMR determined ECV. However, this study used the iodine map with corresponding 
overlay HU values, relying on a single HU value instead of using the difference in HU 
values between virtual non-contrast and delayed acquisitions (7). The values found in 
our study, both with SECT and DECT, are higher than ECV measurements (mean ECV 
ranging between 26.6 and 31%) previously presented in studies using single energy 
acquisitions (2,3). This difference could be caused by the discrepancy in the ECV 
equations that were used. In our study, we opted to use the same approach as studies 
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that utilized SECT and CMR, and also took advantage of DECT to construct a virtual 
non-contrast image, eliminating the need of a true non contrast acquisition. Future 
studies should investigate the difference between using this approach and the approach 
proposed by Hong et al. (7). Another reason for this difference in ECV values could be 
the time-delay between contrast administration and the delayed image acquisition. 
In previous SECT-ECV studies, the time-delay between contrast administration and 
the delayed acquisition was set between 10 and 25 minutes after contrast injection 
while 12-minutes delay were used in a previous DECT study (8). In our DECT study 
a delay of 7 minutes was chosen. This delay is shorter than those in previous studies, 
potentially resulting in a bigger difference between HU values pre and post-contrast in 
the myocardium, which would ultimately result in increased ECV values. However, an 
animal study investigating multiple delays revealed no significant changes in the ECV 
results between 3 and 20 minutes of time delay (7).

An overestimation of ECV is also shown in previous studies using a SECT-ECV approach 
compared to CMR results. Myocardial ECV measured with CMR at 1.5 T in normal 
controls was reported to be 21-28%; these values are significantly lower than the ECV 
values (with a median of 35%) assessed with CT in normal controls reported in this 
study (10–12). Previous reviews on ECV mapping for tissue characterization show that 
focal fibrosis, as in myocardial infarction, has higher ECV values than diffuse fibrosis, 
as seen in hypertrophic and dilated cardiomyopathies. In this study, we see the same 
difference using both the single energy and the dual energy approach.

Using a DECT approach to evaluate ECV does not only provide similar results to the 
SECT approach, it also results in a decrease in radiation dose by eliminating the need 
for a non-contrast scan and the use of a contrast enhanced scan to determine the 
myocardial contours. This will also lead to a decrease in calculation time. Using only 
one acquisition for the calculation of ECV greatly improves the possibility of developing 
a fully automatic ECV algorithm. This is due to the fact that using a DECT approach 
avoids the mismatch error of drawing ROIs at different positions caused by the separate 
acquisition of the non-contrast and delayed scan used in a SECT approach. Compared 
to SECT acquisitions, DECT offers the possibility to evaluate scans at different kV levels 
and has the potential to reduce both beam hardening and metal artefacts (13–15).

Among the patients included in this study with diffuse fibrosis, almost all (90%) had 
pacemakers or implantable cardioverter defibrillator (ICD) wires at the time of their 
CT acquisition, resulting in metal artifacts. Metallic devices greatly influence the 
image quality of SECT datasets, causing severe beam hardening and photon starvation 
artifacts. Both of these artifacts are intrinsically related to the polychromatic nature 
of the single-energy x-ray beam used in SECT examinations. Strategies to reduce beam 
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hardening artifacts rely on the development of specific algorithms and the use of higher 
tube potentials. These strategies come with several disadvantages such as an increase 
in radiation dose (16–18). The use of dual energy offers the unique ability to reduce 
beam hardening artifacts with the simple post-processing procedure of adjusting the 
monoenergetic level to the optimal value (19,20). Several studies on patients with 
metallic implants that underwent DECT showed that monoenergetic level optimization 
provided superior image quality and diagnostic value (16,17). The DECT approach is 
of particular interest in the metallic device population since this group of patients is 
excluded from CMR examination.

Limitations
There are some limitations to this current investigation that deserve mention. First, a 
limited number of patients were included, resulting in only 50 ECV measurements in 
normal myocardium. Furthermore, the main objective of this study was to evaluate the 
potential of DECT to evaluate ECV changes in patients with focal and diffuse fibrotic 
tissue compared to a single energy approach. Therefore, a reference standard, such as 
pathology or CMR ECV, was not included. 

In conclusion, it is feasible to use a DECT approach to measure ECV using only a delayed 
acquisition. The DECT approach provides similar results compared to a SECT approach 
at a lower radiation dose and potential workflow advantages.
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GENERAL DISCUSSION

Given the increased interest in various cardiac imaging applications and the increasing 
role of CT as a modality for the assessment of CAD, the number of clinical applications 
and the need for research supporting clinical implementation has grown substantially. 

The aim of this thesis was to investigate the unique possibility of CT to visualize different 
phases of the ischemic cascade. With new CT developments, it is becoming possible to 
perform comprehensive analysis of patients with CAD including morphology, function, 
and tissue characterization using the same imaging modality. In this thesis it was shown 
that anatomical evaluation of CT images could benefit greatly from automated analysis 
using either model based analysis or AI.  Functional imaging should play a role in 
the evaluation of CAD as an addition to anatomical evaluation. Two options, available 
for functional imaging, are discussed, each giving complementary information and 
playing its own role in visualizing different parts of the ischemic cascade. At the end 
stage of the ischemic cascade, the formation of myocardial fibrosis, DECT could take 
over the role of MRI, by offering possibilities to assess scar tissue and ECV. This thesis 
shows the unique possibility of CT to visualize all phases of the ischemic cascade. The 
question is whether or not CT is ready to provide comprehensive analysis in clinical 
practice for patients with CAD for the entire ischemic cascade with one modality.

A red line through the fast moving developments in cardiac CT is the increased use of 
AI to optimize and promote the clinical implementation of the aforementioned new 
technologies. Given the complexity of cardiac CT imaging, AI offers the possibility 
to decrease evaluation time by automating measurements, reducing variability, and 
optimizing the efficiency of cardiac CT evaluation independent of the application. 

A frequent topic for discussion is the concern about the eventual replacement of human 
experts by AI. Given the current state of artificial intelligence in the medical field, 
cardiac imaging and the art of image interpretation are far too complex and nuanced to 
be completely taken over by AI based machines, yet. With the increasing insights into 
cardiac disease and the simultaneously increasing speed of technological developments, 
AI based algorithms are more likely to aid in the evaluation of increasingly complex 
cardiac acquisitions and optimization of the workflow. Therefore, the discussion 
should be based on how machine learning algorithms can develop alongside imaging 
professionals with the mutual goal of optimizing patient care.

The number of development-phase AI algorithms in cardiac CT research has been 
rapidly increasing, with multiple promising applications approaching the phase of 
clinical implementation, of which most are described in Chapter 2. The majority of 
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these AI applications are focused on relatively straightforward but labor intensive 
procedures. Perhaps the first AI application to achieve full clinical implementation is 
automated coronary calcium scoring. 

Part I : Coronary plaque and vessel wall analysis
One of the first steps in the assessment of potential CAD is the visualization of 
coronary calcium. Many studies have shown the value of CACS for the risk assessment 
of cardiac events in asymptomatic and symptomatic patients (1–3). With a growing 
population at increased risk of CAD and resulting increased volumes of CACS scans 
performed, the workload also proportionately increases. One way to promote wide 
clinical acceptance of CACS is automating the CACS process, minimizing the labor 
and time intensity for radiologists. An AI-based algorithm for fully automated 
calcium scoring on non-contrast ECG-triggered cardiac CT scans shows high accuracy 
compared to manually calculated calcium scores and was able to categorize 93.2% 
of patients correctly (Chapter 3). It is important to note that the AI algorithm was 
optimized to reduce the number of false positive zero calcium scores. Research has 
shown that the absence of calcium, detectable by CT, is a very good predictor for the 
absence of MACE (1,3,4). Using a fully automated algorithm for calcium scoring reduces 
interpretation time and variability, making it easier to deal with the increasing number 
of acquisitions. Increased applicability of CACS can be achieved by optimizing the use 
of already acquired CT scans encompassing the cardiac area. Many risk factors are 
associated with CVD as well as with lung cancer, creating a large overlap in populations 
of interest. The number of low dose chest CT acquisitions for lung cancer screening 
are rapidly increasing (5). Even though these scans are performed without ECG gating, 
increasing the susceptibility for motion artifacts, they  could potentially be used to 
simultaneously evaluate the individual risk of adverse cardiovascular events (6,7). 
Another acquisition of interest is the CCTA, either performed to evaluate CAD but 
even more so as part of a triple rule out procedure. Chest pain is a frequently recorded 
cause of Emergency Department visits;  while ruling out other causes for chest pain 
besides CAD, such as pulmonary emboli and aortic dissection, the cardiovascular 
risk of those patients can be determined by assessing the calcium score in this ECG-
triggered contrast-enhanced acquisition (8). CCTA for the use of calcium scoring in 
the same dataset and timeframe is being investigated, so far with limited evidence 
supporting combined analysis. Widespread use of CACS for individual risk assessment 
and medical treatment management would highly benefit from the optimized use of 
already acquired acquisitions.

Although coronary calcifications play an important role in the risk assessment of 
CAD patients at an early stage and are easy to visualize with CT, other morphological 
characteristics could add value and play a vital role in the risk assessment, diagnosis, 
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and prognostication of CAD patients. CCTA allows for the visualization of the 
coronary lumen including coronary plaques. CCTA images are often used to evaluate 
the stenosis grade, on which further treatment is based. However, stenosis grade 
evaluation, although achieving high accuracies for the exclusion of plaque, shows very 
low sensitivity for the prediction of the functional significance of CAD (9,10). Besides 
coronary calcifications and stenosis grade, other plaque components and overall plaque 
burden could help increase the low positive predictive value of CCTA assessment in 
identifying significant lesions (11,12). CCTA allows for the identification of other plaque 
components such as lipid rich plaques with or without the presence of a necrotic core. 
There is a general agreement that these vulnerable, lipid rich plaques are more active 
and less stable compared to their calcified counterparts, making them more prone to 
rupture and therefore a more relevant factor in the pathophysiology of CAD. Besides 
plaque components, numerous additional factors may contribute to the prediction of 
functionally significant lesions and thereby indicate which patients are at high risk for 
adverse events. Diffuse atherosclerotic plaque or tandem lesions may also substantially 
contribute to the risk of a coronary lesion, findings which are overlooked by stenosis 
severity measurement alone. Total plaque burden and the ratio of calcified plaque 
compared to the total plaque burden can therefore also aid in the prognostication of 
MACE. However, current methods used to perform plaque analysis suffer from high 
variability and high processing times.

Automated and accurate analysis of plaque composition and plaque volume is feasible 
and adds value to stenosis grade analysis alone for the prognostication of MACE (Chapter 
4). The use of plaque morphology increased the AUC from 0.59 to 0.94 when compared 
to the use of clinical risk factors. Notably, results from our study, in concordance with 
previous studies, show that calcium volume is one of the most equivocal parameters 
for prognostication using a morphology model (13–15). These results indicate that, 
although the presence, or rather the absence, of coronary calcium is an accurate risk 
predictor, the strong correlation it shows with the presence and extent of lipid rich 
plaques is what plays an important role in the prognostication of MACE.

Part II: Coronary flow analysis
Even though plaque composition and burden help increase the low positive predictive 
value of  the morphological evaluation of CAD using CT, it still lacks specificity in 
indicating the functional significance of CAD (16,17). Functional imaging has been a 
topic of interest for many years and has been targeted by many modalities using a 
multitude of approaches. This thesis focused on the two main approaches of functional 
imaging, fractional flow reserve and myocardial perfusion imaging. One focuses on 
the measurement of coronary flow, while the other focuses on the measurement of 
myocardial perfusion. 

part 5: general discussion and summary



287

CT derived FFR, CT-FFR, is a computational approach allowing for the assessment of 
the functional consequences of a lesion specific stenosis.  It can be calculated directly 
from CCTA images without the need for additional acquisitions, extra contrast media, 
or pharmacological stressor agents. Using  computational fluid dynamics, hyperemia 
is simulated and coronary flow and CT-FFR values can be measured throughout the 
coronary tree (18–20). However, the main disadvantage is the computational time and 
computing power needed leading to off-site analysis by a third party, decreasing the 
transparency. This led to the use of an AI algorithm, trained to predict the CT-FFR as 
determined by computational fluid dynamics, making it possible to calculate CT-FFR 
in real life on on-site computing stations (21–23). In contrast to invasive FFR, CT-FFR 
can be measured completely non-invasively, without any interference to the coronary 
flow by for example the pressure wire used for invasive FFR measurements. Although 
diagnostic accuracy of CT-FFR has proven to be high, one of the main limitations is 
the decrease in diagnostic accuracy for intermediate values, the so called grey zone, 
described by Cook et al. as CT-FFR values between 0.70-0.80 (19,24).  

An important factor contributing to the optimal use of CT is the measurement location. 
Whereas invasive FFR is measured directly after the stenosis of interest, CT-FFR is 
calculated throughout the coronary tree. CT-FFR is only validated at the specific 
location where it can be compared with invasive FFR. This raises the question as to 
where CT-FFR should be measured when invasive FFR is not measured and what the 
influence of the measurement location is. Several papers discussed whether the stenosis 
specific CT-FFR value or the lowest CT-FFR should be used to diagnose the functional 
consequences of coronary stenoses (25–27). The suggestion is raised that CT-FFR not 
only decreases as a result of a stenosis, but there is also a proximal to distal location 
specific factor causing a gradual decrease in CT-FFR. More specific information about 
these two factors causing a decrease in CT-FFR could aid in increasing the diagnostic 
accuracy, especially in the grey zone. Our research focused specifically on the proximal 
to distal factor leading to a decrease in CT-FFR by including only patients without 
CAD. Chapter 5, shows that CT-FFR values can become abnormal at more distal 
locations in patients without indicating flow-limiting stenosis and that this decrease 
is strongly influenced by lower baseline HU values and steep decreases in HU values 
from proximal to distal. In total, 60 % of patients showed an abnormal CT-FFR value 
in at least one coronary artery, of which 87 % were at distal locations, without having 
any atherosclerotic plaque. These results emphasize that CT-FFR should always be used 
in concordance with anatomical CCTA information and optimal image quality should 
be pursued. Not just the measurement location can have an influence on the CT-FFR 
calculations, other factors can also play a role. For example, a recent study showed that 
myocardial mass is an independent determinant of FFR values (28).
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Besides FFR measurements, myocardial perfusion imaging is another popular approach 
to evaluate the functional significance of CAD (29–32). Although CT-FFR and CT-MPI 
are used for the same goal, the functional evaluation of CAD, both methodologies are 
based on different physiological processes. 

A crucial difference between CT-FFR and CT-MPI analysis is the fact that CT-FFR 
calculates the pressure difference over a specific lesion causing a decrease in coronary 
flow (mL/min) while CT-MPI measures the perfusion of the myocardium (mL/min/g). A 
decrease in flow will, depending on other circumstances, lead to a decrease in perfusion. 
One factor influencing the flow/perfusion relationship is stenosis location. The more 
proximal the location of the stenosis, the larger the distal myocardial mass is that the 
stenosis is influencing. A large distal myocardial mass requires a higher absolute flow 
to reach the same myocardial perfusion compared to a smaller distal myocardial mass 
with more distal lesions. Another factor influencing the CT-FFR/CT- MPI relationship 
is the fact that FFR measurements assume a constant vascular resistance, whereas with 
CT-MPI measurements this is not a factor.

Another often made misconception about the CT-FFR/CT-MPI comparison is the lack 
of hyperemic status used in CT-FFR calculations. Whereas invasive FFR is measured 
during pharmacological stress, CCTA acquisitions are made at rest only. However, 
with AI derived computational fluid dynamics based CT-FFR, hyperemia is simulated 
via a transfer function that models the vasodilation phenomenon using the model 
parameters of the rest state (33). 

Chapter 6 looked into the relationship between CT-FFR and CT-MPI and the effect 
of location measurement on this relationship. It is shown that, in concordance with 
previous studies on coronary flow and myocardial perfusion using other modalities, 
CT-FFR and CT-MPI values only correlate moderately and that an abnormal distal CT-
FFR value does not necessarily cause a perfusion defect, as can be detected by CT- 
MPI(34,35). In particular, distally detected abnormal CT-FFR values often did not 
correspond to a myocardial perfusion defect, which can be related to either the limited 
myocardial mass they are supplying or false positive CT-FFR values. This enhances 
the conclusion from Chapter 5, which is that CT-FFR is susceptible to a decrease 
in CT-FFR that is caused by a more location specific factor than a stenosis specific 
factor. Of interest are the CT-FFR values falling in the grey zone, showing a very poor 
correlation (0.17) with CT-MPI, contributing to the decreased accuracy of CT-FFR 
around those thresholds. While both CT-FFR and CT-MPI can have similar accuracies 
in predicting the functional significance of a lesion and subsequent treatment, they 
in fact visualize different parts of the ischemic cascade (36,37). Therefore, in Chapter 
7, the prognostic value of morphological analysis of CCTA and the added prognostic 
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value of these two technologies was explored. With prognostication, not only lesion 
specific ischemia plays a role but other factors can also contribute to the risk of having 
MACE. Herein lies the distinction between CT-FFR and CT-MPI. Whereas CT-FFR 
specifically looks at the decrease in coronary flow as a result of a stenosis in a coronary 
artery, CT-MPI looks at decreased myocardial perfusion, which can caused result of 
a variety of abnormalities. Studies have shown that CT-MPI does not only pick up on 
lesion specific perfusion defects but can also detect global ischemia caused  by three 
vessel disease or microvascular disease caused by diabetes (38–40). When it comes 
to stenosis specific treatment, CCTA combined with CT-FFR could be more beneficial 
than CT-MPI because of the direct relationship to a specific coronary lesion. However, 
it is shown here that, although CT-FFR adds value compared to CCTA analysis alone 
(AUC 2.7 compared to AUC 3.9), CT-MPI has the highest prognostic value for MACE 
(AUC 8.5). Further investigation should point out which individual patients specifically 
benefit from CT-FFR analysis, CT-MPI analysis, or a combined approach.

Part III: Myocardial perfusion analysis
Before CT MPI can be implemented into clinical routine on a wide scale, some issues  
need to be addressed, most of which are related to the limited research being completed 
on a  large variety of patient populations, scanner systems, and analyzing techniques 
(41). This heterogeneity in research protocols resulted in a wide range of myocardial 
blood flow (MBF) values and cut off values hampering the clinical implementation of 
this promising technique. CT-MPI would benefit significantly from the standardization 
of acquisition protocols and image analysis. Chapter 8 gives an overview of dynamic 
CT-MPI techniques, protocols, and analysis options. 

One of the major discussion points regarding the use of dynamic CT-MPI is the fact 
that reported MBF values are significantly lower than MBF values reported using other 
modalities such as PET and MRI. The basic principle of dynamic CT perfusion is exactly 
the same as myocardial perfusion imaging with other modalities. Multiple images are 
made over a specific time period, capturing the inflow and outflow of contrast media 
into the myocardium. One of the major limitations of CT-MPI imaging is the radiation 
dose given to the patients with every time point acquisition. Combining this with the 
inherent need of perfusion imaging to require images of the entire heart over a specific 
time span at the same ECG time-point, resulted in a clinical acquisition protocol with 
relatively low temporal sampling rates.

The influence of temporal sampling rates is discussed in Chapter 9 and results indicate 
that the limited temporal sampling rate used in current clinical imaging protocols 
contributes to substantial underestimation of MBF values (42). Low temporal sampling 
rates make timing of the acquisition in relation to the inflow and outflow of contrast 
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media challenging, and crucial time-points are easily missed. Increasing the temporal 
sampling rate from 1 acquisition per 3 seconds, to 2 scans per second, and to 20 scans 
per second increased the MBF value with 44-98 %. It should be kept in mind that 
increasing temporal rates will undoubtedly lead to an increase in radiation dose and is 
therefore clinically undesirable. However, when analyzing absolute MBF values using 
a pre-specified threshold, the effect of the temporal sampling rate should be taken 
into account. Different scanner systems from different vendors and varying imaging 
protocols can lead to variations in temporal sampling rates and thereby influence the 
absolute values of MBF. Currently, the majority of quantitative perfusion studies are 
performed using a DSCT system. DSCT systems are characterized by their relatively 
high temporal resolution, however, they require the use of two alternating table 
positions to achieve full heart coverage.  Studies on CT-MPI using a MDCT system 
are very limited, but in theory they allow for full heart coverage within one gantry 
rotation. However, this increased coverage also comes at the cost of a lower temporal 
resolution (140 ms compared to 66 ms).  Decreasing the temporal resolution will result 
in an increase in motion artifact and a decrease in  image quality (43). This in turn will 
enhance the need for the use of beta-blockers, which have been shown to have an anti-
ischemic effect. 

Another interesting limitation of dynamic CT-MPI, visualized in Chapter 9, is the 
timing of the CT acquisitions during the cardiac cycle. Whereas clinical protocols are 
limited to one acquisition at a predetermined time point of the cardiac cycle, most often 
end systolic or end diastolic (Chapter 8), the experimental set up in this chapter allows 
for continuous acquisition throughout the entire cardiac cycle. Myocardial perfusion 
is not constant during the cardiac cycle, as shown by previous studies (44). During the 
systolic phase, the ventricular myocardium contracts, compressing the subendocardial 
coronary vessels. These increased ventricular pressures, however, do not have an 
influence on the epicardial coronary vessels and these remain open during systole. 
This dynamic causes a sharp decrease in blood flow in the subendocardium during the 
systolic phase. The ventricle relaxes during diastole, decreasing the ventricular pressure 
and allowing the subendocardial coronary vessels to open. As a result, myocardial 
perfusion takes place during the diastolic phase and is maximal end diastolic. This 
dynamic physiological process makes it extremely difficult to capture the myocardial 
perfusion and it is possible that the arterial or venous phase is imaged instead. This 
process is visualized (Figure 1) with the help of an invasive coronary angiography 
image series capturing the entire cascade of arterial, capillary, and venous filling with 
sampling rates of 20 images per second throughout the entire cardiac cycle, similar to 
the continuous scan mode used in Chapter 9. This continuous way of acquiring data is 
the only way to ensure that the real perfusion phase is imaged.
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Besides the influence of temporal sampling rates, the choice of tracer kinetic model 
to calculate MBF also plays a role in the variability and accuracy of quantitative CT-
MPI analysis. MBF is quantified using a deconvolution method with a tracer kinetic 
model. There are a multitude of tracer kinetic models, each describing slightly different 
physiological processes with varying grades of complexity and each reacting to various 
imaging parameters in a different way. For other modalities, the optimal choice of model 
has been extensively investigated, however, for CT-MPI, the tracer kinetic models are 
just simply transferred from MRI perfusion imaging (45–48). Although the diagnostic 
performance of quantitative MBF measurements is not affected by the choice of tracer 
kinetic model, the absolute MBF values are significantly different between the models 
(Chapter 10). This effect on the absolute values has consequently means that threshold 
values for diagnostic purposes should be determined for each model independently.

Last but not least, a major influence on CT-MPI is the ability to adequately stress the 
patients.  Up to half of the MPI studies, independent of modality, are performed using 
pharmacologically induced stress, with adenosine the most frequently used stressor 
agent. However, the use of adenosine causes unwanted short-term side effects such as 
bronchial constriction, by unwanted activation of A1, A2B, and A3 receptors. This is 
especially apparent in patients with reactive airway disease, a frequent comorbidity 
in patients with CAD. Although the short half-life of adenosine allows for the abrupt 
discontinuation of administration and rapid disappearance of harmful side effects, 
it requires continuous intravenous administration and weight-based dosing (49–51). 
Another stressor agent being increasingly used for SPECT MPI imaging and for MPI 
imaging in patients with COPD is regadenoson. It is a potent and selective coronary 
vasodilator with a rapid onset of action and a longer half-life compared to adenosine and 
can therefore be administered as a fixed-dose bolus that does not require adjustment 
for weight. Furthermore, given its A2A selectivity, there are fewer side effects making 
it suitable for all patients (52,53). Patient experience and safety were similar between 
CT-MPI and SPECT-MPI using regadenoson, demonstrating good diagnostic accuracy 
of CT-MPI for the detection of ischemia (Chapter 11). Not surprisingly, SPECT found 
some perfusion defects that were highly suspicious for being artifacts instead of true 
perfusion defects. CCTA analysis showed that a majority of these patients had no 
significant anatomic stenoses in the vessels supplying the territories with perfusion 
defects on SPECT. CT-MPI in combination with CCTA imaging has increased specificity 
compared to SPECT imaging alone, by combining both anatomical and functional 
evaluation. Combined evaluation enables CT to distinguish between attenuation 
artifacts and true perfusion defects caused by a coronary stenosis.

Part IV: Functional Myocardial fibrosis analysis
Another field of interest within reach of CT is tissue characterization, normally the 

part 5: general discussion and summary



293

domain of cardiac MRI. With the introduction of DECT, infarct detection and ECV 
evaluation now becomes a reality using CT (54). There are multiple approaches possible 
for DECT imaging, divided into two main categories: source-based and detector based 
DECT. Source-based approaches are dual-spin (one x-ray tube, two sequential scans at 
different kV levels), dual-source (two x-ray tubes simultaneously acquiring at different 
kV levels), rapid kV switching (one x-ray tube, rapidly varying kV levels), and twin-
beam (one x-ray tube split into two energy spectra). The detector-based approach is 
based on dual-layer technology (two detectors with different sensitivities for different 
kV spectra). It should be noted that for cardiac imaging, high temporal resolution and 
simultaneous data acquisition of both kV levels are essential, thus the dual source and 
dual-layer techniques are most suitable. One of the main advantages of detector based 
approaches is the fact that the dual energy option is always ‘on’ and the decision to use 
DECT or SECT can be made retrospectively, whereas with the source based approaches, 
the decision to use DECT has to be made beforehand since the sources have to be set 
up at different kV levels. 

It has been shown that iodine concentrations in tissue can be accurately measured with 
DECT (55). There are several applications where iodine measurements can aid in CAD 
assessment(56,57).

Iodine distribution in the myocardium and myocardial blood flow are inherently 
related to each other suggesting that myocardial iodine concentration may serve as 
a potential quantitative imaging biomarker to assess myocardial perfusion.  In most 
MPI protocols using different modalities, two separate acquisitions are needed to 
identify both ischemic and infarcted myocardium. For PET, SPECT, and CT-MPI this is 
most often a rest and stress acquisition, while for MRI (and potentially for CT), a late 
enhancement scan is used to identify infarct from ischemia as identified on the stress 
acquisition. Iodine quantification demonstrates potential for the identification of both 
infarcted and ischemic tissue (Chapter 12). In contrast to other MPI modalities, DECT-
MPI shows decreased iodine concentrations in ischemic myocardium not only during 
stress acquisitions, but also during the rest acquisition. Using this rest acquisition as 
CCTA, while simultaneously getting an indication for functional defects, may allow 
for workflow optimization and reduce the number of acquisitions needed, thereby 
decreasing radiation dose. DECT-MPI is a static technique, in comparison with the 
earlier described CT-MPI and can thus be performed at lower radiation doses. Whereas 
static CT perfusion is highly dependent on timing and does not allow for the absolute 
quantification of MBF, DECT is able to provide an absolute quantitative measure of 
myocardial perfusion, albeit an indirect measure. However, it remains unclear if DECT-
MPI is able to detect global perfusion defects. 
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One way to look at local and global changes of the myocardium is assessing the ECV, 
again the territory of cardiac MRI. Recent studies have shown that ECV can be derived 
from non-contrast and delayed-phase CT with good accuracy compared to MRI (58–61). 
Using CT for ECV assessment has several advantages compared to MRI. CT offers a faster 
acquisition, the potential to scan patients with metal implants, and the simultaneous 
assessment of the coronary anatomy. Using DECT instead of SECT can increase the 
contrast difference sensitivity, the contrast-to-noise ratio, and offers additional options 
for artifact reduction. ECV measurements done on SECT or DECT show no systematic 
differences and discrimination approaches between diseased and healthy myocardium 
was possible with both approaches (Chapter 13). It shows that using DECT for ECV 
measurement is feasible with a decreased number of acquisitions at a reduced radiation 
dose.

Currently DECT systems are mostly available in academic centers and the fact that the 
DECT is a choice that has to be made prospectively limits the current clinical use of 
DECT. Developments of detector-based DECT and photon counting technology will 
increase the clinical applicability of dual (or even multi) energy CT imaging.

Conclusion and Implications
The research performed in this thesis shows the incremental value of both anatomical 
and functional CT analysis for not only the diagnosis of CAD but also for the 
prognostication of adverse cardiovascular events. Besides some important information 
about the clinical implementation of CT-FFR and CT-MPI, this thesis gives insight into 
the comparison and combination of CT-FFR and CT-MPI.  It shows the increasing role of 
using CT for tissue characterization using dual energy CT, with applications in infarct 
detection and ECV calculations. Further crystallization of these new technologies 
could pave the road to comprehensive evaluation of CVD patients using one modality 
at low radiation doses. An optimal workflow and combined use of these techniques 
should be determined to optimize CAD evaluation.
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SUMMARY

Cardiovascular diseases (CVDs) are a large contributor to the global mortality rate. 
Non-invasive imaging techniques, such as computed tomography (CT) imaging, 
have been playing a growing role in the risk assessment, diagnosis, and prognosis of 
coronary artery disease (CAD). One of the main challenges in the evaluation of CAD 
is the establishment of the optimal workflow to evaluate the anatomical as well as the 
functional aspects of CAD in all phases of the ischemic cascade. Although multiple 
modalities offer the possibility to visualize specific phases of the ischemic cascade, CT 
is currently the only modality with the potential to visualize all phases of the ischemic 
cascade. 

The research described in this thesis investigates the possibilities of CT to perform 
both morphological and functional evaluation of CAD. The first chapters focus on early 
signs of CAD such as coronary calcium and atherosclerotic plaque (Part I), followed 
by chapters investigating coronary flow (Part II) and myocardial perfusion (Part III), 
while the last chapters  focus on the final stages of CAD, investigating myocardial 
fibrosis (Part IV). One way to enhance the performance of CT imaging and reduce 
evaluation times is the use of automated procedures, for example by using artificial 
intelligence (AI) algorithms. Chapter 2 discusses the use of AI in cardiac CT imaging 
and describes various applications for which an AI based algorithm is used. Several of 
these applications are being used throughout this thesis. 

Part I
Part I of this thesis focuses on the anatomical evaluation of coronary plaque and 
especially on automating this process to optimize the workflow and promote clinical 
implementation. One of the first visualizable steps in the ischemic cascade is the 
development of coronary artery calcification which can be easily done using CT. 
Coronary artery calcium scoring (CACS) serves as a reliable tool for risk assessment 
and to guide follow-up testing and treatment. However, manually performed CACS is 
a time-consuming and labor intensive task. In Chapter 3 an AI based algorithm for 
CACS is described, showing excellent accuracy at reduced variability and work load. 
Although CACS has proven itself as an excellent risk predictor, previous studies have 
proposed that a combination of morphological and functional plaque characteristics, 
such as plaque burden and composition, can aid in the prognostication of major adverse 
cardiac events (MACE). Patients with non-obstructive CAD and a high-risk plaque 
profile based on CCTA analysis can be assigned to the most appropriate therapy and/or 
longitudinal follow-up for possible intensification or downgrading of therapy. Chapter 
4 reports on the added value of plaque burden and composition for the prognostication 
of CAD patients using a fully automated system. The results of our study demonstrate 
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that CCTA-derived quantitative morphological features show increased discriminatory 
power to predict MACE compared to clinical risk factors alone.

Part II
Morphological changes of the vessel wall, causing atherosclerotic plaque, can cause a 
stenosis in the coronary arteries and result in changes in coronary flow. It is believed that 
this has a direct effect on the blood flow to the myocardium. One method to evaluate 
these changes in coronary flow is to measure the fractional flow reserve (FFR) over these 
stenoses. Recently a non-invasive CT based FFR measurement has become available 
for on-site evaluation using an AI algorithm instead of real-time computational fluid 
dynamics. The AI algorithm decreases the computational time while maintaining high 
accuracy for determination of the functional significance of a stenosis. Part II focuses 
on the optimization of the clinical use of CT-FFR. CT-FFR allows for FFR measurement 
throughout the coronary tree, in contrast with invasive FFR, which is measured over 
a pre-specified lesion. In Chapter 5  the effect of the measurement location of CT-FFR 
is evaluated in patients without CAD. Results show that distal CT-FFR measurements 
are subject to a non-stenosis specific drop in CT-FFR values, probably caused by 
overall lower HU values and steep decreases in HU values over the course of the vessel. 
Chapters 6 and 7 focus on the relationship between CT-FFR and myocardial blood flow 
measurements derived from CT. With CT-FRR it is assumed that changes in coronary 
flow will ultimately lead to decreased myocardial perfusion. Although we assume that 
there indeed is relationship between coronary flow and myocardial perfusion, it is an 
indirect relationship influenced by many factors. CT myocardial perfusion imaging 
(MPI) offers the possibility to directly visualize and quantify the myocardial blood 
flow (MBF). In Chapter 6, it is discussed that CT-FFR and CT perfusion, although both 
used to evaluate the functional significance of CAD, only show a moderate correlation 
and  are susceptible to measurement location. Combining the influence of CT-FFR 
measurement location and the poor correlation with CT MPI led to a higher prognostic 
value of CT MPI analysis compared to CT-FFR analysis (Chapter 7). It should be 
mentioned that both CT-FFR and CT MPI analysis added value to anatomical evaluation 
of coronary CT angiography (CCTA) images alone, once emphasizing the value of the 
functional evaluation of CAD. A special region of interest for CT-FFR analysis are the 
intermediate values (0.70-0.80), where the diagnostic accuracy decreases significantly. 
Values in this region also show the lowest correlation with perfusion values and might 
possibly be enhanced by the measurement location.

Part III
CT has been the last imaging modality adopting the MPI technology and the optimal 
image and analysis protocol remains unclear. Part III is dedicated to the optimization 
of the CT MPI technology. Chapter 8 gives an overview of the CT MPI techniques, 
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possible image protocols, and analysis methodologies as well as an overview of all 
recent studies performed with CT MPI. From this chapter follows that a wide variety 
of protocols are being used resulting in a wide variety of MBF ranges and thresholds 
values. The studies on CT MPI  discussed in this chapter, show that CT MPI derived 
MBF values are significantly lower than MBF values derived using other modalities 
such as positron emission tomography (PET) and MRI. CT MPI is limited in its number 
of acquisition taken over time to calculate MBF, more so than other modalities such 
as MRI, because of the radiation dose given for each acquisition. In Chapter 9, the 
influence of temporal sampling rates  is discussed, concluding  that the limited 
temporal sampling rate in current protocol results in an underestimation of MBF. 
Another cause of varying MBF values is the lack of research done on the optimal tracer 
kinetic model to calculate MBF. There are multiple models available to calculate MBF, 
however, most models are validated using other modalities and CT specific information 
is lacking. In Chapter 10, multiple models are tested and compared on CT MPI data to 
standardize the CT MPI analysis. It shows that although the different models greatly 
influence the absolute MBF values, the accuracy of the detection of ischemia is similar 
among models. This implicates that different models can be used but that thresholds to 
determine whether MBF is abnormal should be model specific.  A point of discussion, 
involving all MPI modalities, is the adequacy of inducing stress, which is needed to 
perform MPI examinations. In Chapter 11, a relatively new stressor agent regadenoson, 
is investigated, comparing CT MPI with Single Photon Emission CT (SPECT) MPI. 
Regadenoson, as concluded in this study, is safe to use in CAD patients with similar 
accuracy to SPECT MPI, giving limited side effects and might be especially beneficial 
in patients with pulmonary comorbidities. 

Part IV
Part IV brings us to the final stage of the ischemic cascade. When blood flow to the 
myocardium is impaired for extensive periods of time, the myocardial tissue will suffer 
from structural changes and permanently impaired perfusion resulting in myocardial 
infarction. Infarction causes the irreversible replacement of viable myocardial tissue 
with fibrotic tissue, ultimately impairing cardiac function. With the introduction 
of dual energy CT (DECT), using two different energy beams simultaneously, tissue 
characterization became a possibility with CT. By making use of the two different 
energy spectra iodine quantification  can be performed accurately and can thereby 
give information about the myocardial blood flow. In Chapter 12, the use of iodine 
quantification was investigated with DECT to detect ischemic and infarcted 
myocardium. By quantifying the myocardial iodine concentration in rest and stress, 
DECT is able to distinguish between healthy and diseased myocardium. In Chapter 13, 
CT derived extracellular volume (ECV) measurements are used to evaluate the amount 
of fibrotic tissue throughout the myocardium, either caused by myocardial infarction 
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or by cardiomyopathies. Magnetic resonance imaging (MRI) is the current standard to 
measure ECV. However, recent studies have shown  that CT is also able to accurately 
measure ECV using a single energy approach. CT can be a great modality to measure 
ECV, especially in patients with metal assist devices, making MRI less suitable. In 
Chapter 13, the use of a DECT approach is evaluated compared to a single energy 
approach and offers the advantages of evaluating scans at different kV levels and the 
possibility to reduce both beam hardening and metal artifacts. The results show that 
DECT has great potential for the calculation of ECV using only one image acquisition 
at reduced radiation dose compared to single energy acquisitions.

Part V
In the final chapter (Chapter 14), the main findings presented in the previous chapters 
are discussed and it is debated whether CT can be used clinically for the visualization 
of the entire ischemic cascade. Although CT shows great potential for the evaluation 
of CAD, the clinical workflow and combination of techniques to be used is yet to be 
optimized. Automating processes, for example with the use of AI, can enhance the 
clinical implementation and help the field of cardiac radiology deal with the increased 
demand for cardiac imaging.
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Hart- en vaatziekten zijn wereldwijd een van de belangrijkste doodsoorzaken. Non-
invasieve beeldvormende technieken, zoals computer tomografie (CT), spelen een 
steeds grotere rol in de risicoanalyse, diagnosticering en prognosticeren van patiënten 
met hart- en vaat ziekten. Aandoeningen aan de kransslagaderen, ook wel coronairen 
genoemd, zijn een veel voorkomende oorzaak van hartproblemen. Coronaire hartziekten 
hebben een natuurlijk verloop dat verschillende fases doorloopt. Het begint bij een 
ontsteking van de vaatwand die kan leiden tot de vorming van een plaque. Als een 
plaque zich vormt in de coronaire vaten kan dit uiteindelijk leiden tot een vernauwing 
van deze vaten, oftewel een coronaire stenose. Een coronaire stenose kan ervoor zorgen 
dat er minder bloed door de vaten stroomt en er dus uiteindelijk ook minder bloed en 
zuurstof naar de hartspier ofwel myocard wordt getransporteerd. Dit zal uiteindelijk 
leiden tot een hartinfarct, waarbij er te weinig zuurstof naar de hartspier gaat en deze 
afsterft. Als er te veel hartspierweefsel afsterft kan het hart zijn functie niet meer goed 
uitvoeren. Een van de uitdagingen bij het in beeld brengen van deze verschillende fases 
is het bepalen van een optimale combinatie en volgorde van onderzoeken om zowel 
anatomische als functionele veranderingen te detecteren. Verschillende beeldvormende 
modaliteiten kunnen diverse delen van dit proces visualiseren, elk met zijn eigen voor- 
en nadelen. Tot op heden is CT de enige modaliteit die de mogelijkheid biedt om alle 
fases in beeld te brengen. 

Dit proefschrift beschrijft verschillende onderzoeken die als doel hebben de 
mogelijkheden die CT biedt te evalueren om zowel de anatomische als functionele 
gevolgen van coronairlijden te visualiseren en kwantificeren. De volgorde van de 
hoofdstukken volgen de verschillende fases van coronaire aandoeningen chronologisch. 
De eerste hoofdstukken (Deel I) hebben als hoofdonderwerp de kwantificatie van 
coronaire plaques en de klinische waarde van de samenstelling van deze plaques. 
Vervolgens zal er een aantal hoofdstukken gewijd zijn aan het gevolg van deze plaques 
op de bloedstroom door de coronairen (Deel II) en de perfusie (doorbloeding) van het 
myocard (Deel III). De laatste hoofdstukken zullen zich richten op de laatste fase van 
coronairlijden, het hartinfarct (Deel IV). 

Een manier om het gebruik van CT te optimaliseren is het gebruik van geautomatiseerde 
procedures, bijvoorbeeld door de inzet van kunstmatige intelligentie (AI). In Hoofdstuk 
2 worden de basisprincipes van AI en verschillende toepassingen voor de beeldvorming 
van het hart, die ook in latere hoofdstukken weer aan de orde komen, besproken. 

Deel I
Een van de eerste tekenen van coronaire hartziekte is de aanwezigheid van coronaire 

part 5: general discussion and summary



309

plaques. Deel I van dit proefschrift gaat over de evaluatie en kwantificatie van de 
coronaire plaque met de nadruk op de automatisering van dit proces. 

De eerste stap in het beeldvormingsproces van coronaire aandoeningen is het 
visualiseren van verkalkte (gecalcificieerde) plaque. Dit is vrij eenvoudig te doen door 
gebruik van CT, alhoewel het een vrij arbeidsintensief proces kan zijn en resultaten 
onderhevig zijn aan subjectiviteit door het handmatige karakter van de analyse. 
Coronaire calcium scoring (CACS) heeft bewezen een goede risico-indicator te zijn 
voor toekomstige ontwikkeling van hart- en vaat ziekten. De handmatige uitvoering 
van CACS is tijdrovend en arbeidsintensief. In Hoofdstuk 3 wordt een AI-algoritme 
beschreven en onderzocht dat CACS automatisch kan uitvoeren en daarbij kan helpen 
om deze score breed klinisch inzetbaar te maken. De resultaten laten zien dat CACS 
automatisch gedaan kan worden met AI met uitstekende nauwkeurigheid, resulterend 
in een betere reproduceerbaarheid en analysetijd.

Alhoewel er meerdere studies zijn die hebben bewezen dat gecalcificeerde plaque 
een uitstekende risico-indicator is, zijn er aanwijzingen dat niet alleen het verkalkte 
gedeelte van de plaque maar ook de andere plaque-componenten een rol kunnen 
spelen en kunnen helpen bij het prognosticeren van patiënten met een coronaire 
aandoening. Specifieke parameters die hiervoor interessant zijn, zijn het totale volume 
en de samenstelling van de plaque. Om het risicoprofiel van een plaque op te stellen, 
moet er zowel gekeken worden naar een eventuele belemmering van de bloedstroom, 
als naar de andere paramaters die zijn gebaseerd op de CT-analyse. Naar aanleiding 
van dit risicoprofiel is het vervolgens mogelijk om de therapie op maat de maken 
voor de patiënt.Hoofdstuk 4 richt zich op de toegevoegde waarde van het totale 
plaquevolume en de plaquesamenstelling voor de prognosticering van patiënten met 
coronaire aandoeningen. In dit hoofdstuk wordt gebruik gemaakt van een volledig 
geautomatiseerd algoritme, met als doel de reproduceerbaarheid en de evaluatietijd 
te verminderen. De resultaten, die in dit hoofdstuk beschreven worden, laten zien dat 
plaquekenmerken meer waarde hebben voor het maken van een prognose dan klinische 
risicofactoren en CACS alleen.

Deel II
Veranderingen in de vaatwand van de coronairen, resulterend in coronaire plaque, 
kunnen de bloedstroom door deze bloedvaten beïnvloeden. Een van de methodes om 
deze veranderingen te kwantificeren is het meten van de fractionele flow reserve (FFR). 
Hierbij wordt invasief het drukverschil gemeten over de stenose met een druksensor. Er 
is recent een methode ontwikkeld om de FFR non-invasief te bepalen vanaf CT beelden 
(CT-FFR) met het gebruik van numerieke vloeistofdynamica, beter bekend uit de 
luchtvaartindustrie. Bij deze CT wordt gebruik gemaakt van een contrastvloeistof om 
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de bloedvaten beter zichtbaar te maken. Hoewel deze methode vele voordelen heeft, 
vraagt het zeer veel rekenkracht en is het daardoor een tijdsintensief proces. Een nieuw 
algoritme, gebaseerd op AI, is recent beschikbaar gekomen voor onderzoeksdoeleinden. 
Hierdoor is het mogelijk om CT-FFR veel sneller te berekenen op een lokale computer 
met dezelfde nauwkeurigheid als de op de vergelijkingen gebaseerde methode en 
de invasieve methode. Deel II van dit proefschrift zal verder ingaan op het gebruik 
van deze CT-FFR metingen in een klinische setting. Met CT-FFR is het mogelijk om 
waarden te berekenen voor de gehele coronaire vaatboom, dit in tegenstelling tot 
invasieve FFR, dat alleen gemeten wordt over een specifieke stenose. In Hoofdstuk 
5 wordt onderzocht wat de invloed is van de meetlocatie van CT-FFR in patiënten die 
geen coronaire aandoeningen hebben en waarbij dus aangenomen kan worden dat 
er geen significant drukverschil optreedt. Resultaten laten echter zien dat CT-FFR 
metingen gedaan op distale locatie van de coronair onderhevig zijn aan een daling, 
die niet gerelateerd is aan een stenose, maar aan de locatie en meer specifiek een lage 
contrastintensiteit of de daling in contrastintensiteit van proximaal naar distaal.

Er wordt aangenomen dat bij een aanzienlijk afgenomen coronaire bloedstroom, de 
bloedtoevoer naar het myocard ook afneemt en zorgt voor een verminderde perfusie 
van het myocard. In Hoofdstuk 6 wordt de relatie tussen deze coronaire bloedstroom 
en de myocardiale perfusie onderzocht. Hoewel wordt aangenomen dat er een relatie 
bestaat, is het precieze verband tussen deze twee fysiologische grootheden onbekend 
en zijn er vele factoren die hierop invloed uitoefenen, zoals de locatie van eventuele 
stenoses en de daarbij behorende CT-FFR meetlocaties. De resultaten tonen dan ook 
dat er maar een matige correlatie is tussen coronaire bloedstroom en myocardiale 
perfusie en dat, hoewel beiden worden gebruikt voor de evaluatie van de gevolgen 
van de coronaire stenose, deze technieken naar verschillende fases kijken en daardoor 
verschillende processen in beeld brengen. Deze matige correlatie leidt ook tot een 
verschil in prognostische waarde van beide metingen. De myocardiale perfusie kan in 
beeld worden gebracht door het maken van meerdere CT scans achter elkaar, waarbij 
verschillende momenten van de in- en uitstroom van contrastmiddel in de hartspier 
worden vastgelegd. Hoofdstuk 7 laat zien dat, hoewel CT-FFR en CT perfusie beide 
een toegevoegde waarde hebben ten opzicht van plaque-analyse alleen, CT perfusie 
beter presteert dan CT-FFR. De patiënten met CT-FFR waarden tussen de 0.70 en 0.80 
vormen een speciale groep. Bij deze groep zijn er afwijkende resultaten, waarbij de 
nauwkeurigheid van de meting en de correlatie met de perfusiewaarden drastisch 
vermindert. Dit effect wordt mogelijk versterkt door de meetlocatie van CT-FFR.

Part III
Van alle verschillende beeldvormende modaliteiten is CT de laatste modaliteit 
die het mogelijk maakt om myocardiale perfusie te visualiseren. Door de recente 
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ontwikkelingen op dit gebied zijn er nog veel open vragen over het protocol voor de 
beeldvorming en de analyse van CT perfusie acquisities. Deel III zal in verschillende 
hoofdstukken deze open vragen proberen te beantwoorden. In Hoofdstuk 8 wordt 
een overzicht gegeven van de technische mogelijkheden met CT perfusie, van de 
verschillende protocollen voor het maken van de beelden en het analyseren hiervan 
tot alle studies die tot nu toe zijn uitgevoerd met betrekking tot deze techniek. 
Hieruit kan geconcludeerd worden dat het onderzoek dat tot nu toe is uitgevoerd zeer 
heterogeen is en dat er geen consensus is als het gaat om het optimale scanprotocol 
en analysemethode. Voor het gebruik van CT perfusie in de klinische praktijk is het 
van belang om het protocol te optimaliseren. De eerder uitgevoerde studies laten ook 
zien dat de CT-techniek de hartspierperfusie onderschat in vergelijking met andere 
modaliteiten. Vanwege de straling die wordt gegeven tijdens het maken van elk CT 
beeld is CT perfusie gelimiteerd in het aantal beelden dat kan worden gemaakt om de 
myocardiale perfusie in beeld te brengen. Bij een modaliteit zoals MRI, waarbij geen 
straling wordt gegeven, is er geen limitatie aan het aantal beelden dat kan worden 
gemaakt. In Hoofdstuk 9 worden de effecten van deze gelimiteerde beeldaantallen 
besproken. Het beperkte aantal beelden dat gemaakt wordt met de huidige protocollen 
leiden tot een onderschatting van de myocardiale perfusie. Naast het gelimiteerde aantal 
beelden is het model om myocardiale perfusie te berekenen ook van invloed op deze 
onderschatting. Kinetische tracermodellen zijn wiskundige modellen die de kinetiek 
van contrastmedium beschrijven. Er zijn verschillende modellen beschikbaar voor de 
berekening van myocardiale perfusie. De meerderheid hiervan is uitgebreid getest voor 
perfusieberekeningen met andere modaliteiten, maar CT-specifieke data ontbreken tot 
op heden. In Hoofdstuk 10 worden meerdere modellen gebruikt om de myocardiale 
perfusie te berekenen en laat zien dat, alhoewel de absolute perfusie-waarden van 
elkaar verschillen voor de verschillende modellen, de diagnostische nauwkeurigheid 
voor de detectie van perfusiedefecten niet verschilt. Dit suggereert dat verschillende 
modellen gebruikt kunnen worden om myocardiale perfusie te berekenen, maar dat de 
drempelwaarden voor het bepalen van een perfusiedefect model-specifiek moeten zijn.

Myocardiale-perfusie-beeldvorming wordt vaak uitgevoerd in een rust- en een 
stresssituatie. De reden is dat het hart in stress meer zuurstof verbruikt en daarom 
de bloedtoevoer naar het hart omhoog moet. Hierbij wordt meer inspanning geëist 
van het cardiale vasculaire systeem. Perfusiedefecten die in rust geen rol spelen door 
de lage zuurstofeis kunnen onder stress worden gedetecteerd. Deze stresssituatie kan 
worden opgewekt door fysieke inspanning maar steeds vaker wordt dit farmacologisch 
(met geneesmiddelen) gedaan. Een punt van discussie voor perfusiebeeldvorming 
in het algemeen, en zeker niet CT-specifiek, is het induceren van adequate stress. Er 
zijn verschillende geneesmiddelen die deze stresssituatie kunnen opwekken, waarbij 
adenosine de meest bekende en meest gebruikte is. Dit geneesmiddel heeft echter 
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een aantal nadelen zoals vernauwing van de luchtwegen en het feit dat de korte 
werkingsduur ervoor zorgt dat continue toediening een vereiste is. Een relatief nieuw 
stress-inducerend middel, regadenoson, wordt besproken in Hoofdstuk 11, waar Single 
Photon Emission CT (SPECT) perfusie en CT perfusie met het gebruik van regadenoson 
worden vergeleken. Regadenoson, zoals wordt geconcludeerd in dit hoofdstuk, is een 
veilig middel om stress te induceren voor CT perfusieonderzoeken en resulteert in een 
vergelijkbare nauwkeurigheid ten opzichte van SPECT onderzoeken. 

Deel IV
Het laatste deel van dit proefschrift, Deel IV, bespreekt de laatste fase van coronairlijden, 
de vorming van myocardiale fibrose. Als de bloedstroom naar het myocard gedurende 
langere tijd te laag is, zal het myocardiale weefsel afsterven (een hartinfarct) en zullen 
er structurele veranderingen ontstaan aan het myocard. Het afgestorven myocardiale 
weefsel wordt op termijn vervangen door collageen (bindweefsel) zonder cardiale functie. 
Uiteindelijk zal dit leiden tot het verlies van functie van het hart. Voor traditionele CT 
scans wordt gebruikt gemaakt van een enkel energieniveau. Tegenwoordig bestaat er 
een mogelijkheid om CT scans te maken die gebruik maken van twee verschillende 
energieniveaus. Hiermee is het mogelijk om verschillende soorten weefsel te 
karakteriseren door middel van het kwantificeren van het hoeveelheid opgenomen 
contrastmiddel (jodium)in het myocard. De opgenomen jodiumconcentratie is een 
indirecte maat van de myocardiale bloedstroom. In Hoofdstuk 12 wordt het gebruik 
van jodiumkwantificatie tijdens rust- en stresssituaties onderzocht met als doel om 
het myocardiale weefsel dat is afgestorven als gevolg van een hartinfarct op te sporen. 
Afgestorven weefsel en weefsel met een hoog risico op afsterving kan gedetecteerd 
worden met deze jodiumkwantificatie door gebruik te maken van twee verschillende 
energielevels in plaats van de traditionele methode. Het extracellulair volume (ECV) 
is het vloeistofvolume dat zich buiten de cellen bevind en kan gebruikt worden als 
een maat van de aanwezigheid van collageen in het myocard. Het ECV is verhoogd 
bij aandoeningen waarbij een overmatige collageen-afzetting plaatsvindt. Een 
voorbeeld van deze aandoeningen is het hartinfarct, waarbij op een specifieke locatie 
hartweefsel vervangen wordt door bindweefsel. Een andere groep aandoeningen is de 
groep van hartspierziektes, ook wel cardiomyopathie genoemd. Bij patiënten met een 
cardiomyopathie is er sprake van een wijdverbreide vervanging van het myocardiale 
weefsel in plaats van slechts lokaal. Als er genoeg weefsel wordt vervangen door weefsel 
zonder cardiale functie kan het hart minder goed samentrekken en/of ontspannen en 
wordt daardoor het bloed minder goed rondgepompt. In de huidige praktijk wordt 
het ECV gemeten met behulp van een MRI-scan. Echter, nieuwe ontwikkelingen 
laten zien dat CT, in vergelijking met MRI, ook goed in staat is om nauwkeurig het 
ECV te meten. CT is bij uitstek geschikt voor het meten van het ECV bij patiënten 
met metalen ondersteuningsapparaten, zoals pacemakers, voor wie het niet mogelijk 
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is om een MRI-scan te ondergaan. Normaal gesproken zijn voor ECV-metingen met 
CT twee verschillende CT scans nodig; één zonder contrast en één enige tijd na 
contrasttoediening. In Hoofdstuk 13 wordt de twee-energieniveau-methode om het 
ECV te berekenen, gebruikt. Met deze methode hoeft er nog maar één scan gemaakt 
te worden, wat resulteert in een vermindering van de totale stralingsdosis. Daarnaast 
bied het gebruik van twee verschillende energieniveaus verschillende mogelijkheden 
om artefacten te verminderen.

Deel V
In het laatste deel (Deel V, Hoofdstuk 14), worden de belangrijkste bevindingen van 
het hele proefschrift besproken en bediscussieerd. Er wordt besproken of CT klaar is 
om alle fases van coronairlijden in de klinische praktijk te visualiseren en wat nog 
eventueel openstaande vraagstukken zijn die in de toekomst beantwoord moeten 
worden. Hoewel CT veel potentieel lijkt te hebben om aan alle voorwaarden te voldoen 
om gebruikt te worden voor alle fases, moet de optimale combinatie en volgorde van 
verschillende onderzoeken nog bepaald worden. Het automatiseren van processen, 
bijvoorbeeld met het gebruik van AI, kan helpen om deze technieken toepasbaarder 
te maken in de klinische praktijk, en de analyse en het gebruik te vereenvoudigen en 
daarbij te helpen bij het voldoen aan de toenemende vraag naar hartonderzoeken.
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