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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.
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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.

part 1: coronary plaque and vessel wall analysis



77

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), 
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 •  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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PART II
Coronary flow analysis
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