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Background: To determine whether machine learning with histogram analysis of coronary CT angiography
(CCTA) yields higher diagnostic performance for coronary plaque characterization than the conventional cut-off
method using the median CT number.

Methods: We included 78 patients with 78 coronary plaques who had undergone CCTA and integrated back-
scatter intravascular ultrasound (IB-IVUS) studies. IB-IVUS diagnosed 32 as fibrous- and 46 as fatty or fibro-fatty
plaques. We recorded the coronary CT number and 7 histogram parameters (minimum and mean value, standard
deviation (SD), maximum value, skewness, kurtosis, and entropy) of the plaque CT number. We also evaluated
the importance of each feature using the Gini index which rates the importance of individual features. For
calculations we used XGBoost. Using 5-fold cross validation of the plaque CT number, the area under the receiver
operating characteristic curve of the machine learning- (extreme gradient boosting) and the conventional cut-off
method was compared.

Results: The median CT number was 56.38 Hounsfield units (HU, 8.00-95.90) for fibrous- and 1.15 HU
(—35.8-113.30) for fatty- or fibro-fatty plaques. The calculated optimal threshold for the plaque CT number was
36.1 = 2.8 HU. The highest Gini index was the coronary CT number (0.19) followed by the minimum value
(0.17), kurtosis (0.17), entropy (0.14), skewness (0.11), the mean value (0.11), the standard deviation (0.06),
and the maximum value (0.05), and energy (0.00). By validation analysis, the machine learning-yielded a sig-
nificantly higher area under the curve than the conventional method (area under the curve 0.92 and 95%,
confidence interval 0.86-0.92 vs 0.83 and 0.75-0.92, p = 0.001).

Conclusion: The machine learning-was superior the conventional cut-off method for coronary plaque char-
acterization using the plaque CT number on CCTA images.

1. Introduction

Coronary computed tomography angiography (CCTA) may improve
the efficiency of triage for invasive coronary angiography (ICA) and
reduce radiation exposure.' Despite its specific limitations, CT yields
valuable information that renders it a potentially useful technique for
the early identification and characterization of coronary plaques.>” In
coronary imaging, the ultimate goal is to identify individuals at in-
creased risk for acute coronary syndromes (ACS).®” Because ACS are

often the first manifestation of disease in previously asymptomatic in-
dividuals, early identification of patients at risk for plaque rupture has
become an important goal in primary prevention.

The mean CT number is useful for the characterization of coronary
plaques.®'' Motoyama et al.' sub-classified noncalcified plaques into
those with a lipid core (cutoff point lower than 30 HU) and fibrous
plaques (30-150 HU). To differentiate between fatty- and fibro-fatty
plaques we applied 36 + 3 HU as the optimal CT number threshold.
However, the criteria applied to characterize non-calcified plaques
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Abbreviations

CCTA
IB-IVUS
SD
XGBoost
ICA

coronary CT angiography

integrated backscatter intravascular ultrasound
standard deviation

extreme Gradient Boosting

invasive coronary angiography

ACS
FOV
CM
TBW
ROI
AUC
ROC

acute coronary syndromes

field of view

contrast medium

total body weight

region of interest

area under the curve

receiver operating characteristic

based on CT attenuation are non-uniform due to differences in the ex-
amination type, the vessels of interest, and the CT scanning para-
meters.'® Also, plaque attenuation on CT angiography (CTA) images is
strongly affected by the lumen attenuation.'® Therefore, generalized
plaque CT number may not be sufficiently reliable for clinical use.

The image histogram is a set of metrics calculated by mathematical
analysis of digital images; its combination with machine learning has
been reported to be of high diagnostic performance for the differ-
entiation of malignant tumors.'>'® However, it is unknown whether
histogram analysis combined with machine learning is useful for the
characterization of coronary plaques. To determine whether the eva-
luation of coronary plaques by machine learning is diagnostically su-
perior to evaluation based on the median CT number we compared the
performance of machine learning combined with histogram analysis
with the performance of the conventional CT cut-off method.

2. Methods

This retrospective study was approved by our institutional review
board; informed consent was waived.

2.1. Patients

Between May 2011 and January 2015, we enrolled 115 consecutive
patients who underwent both CCTA and integrated backscatter in-
travascular ultrasound (IB-IVUS). All presented with moderate stenosis
whose calcification did not preclude quantitative assessment by IVUS or
CCTA and none harbored side branches between the proximal and
distal portions of the lesion. The plaques analyzed in this study were
located at least 20mm from the lesion targeted for intervention.
Excluded were patients with unstable angina or myocardial infarction
within the previous three months (n = 7) or calcified plaques (n = 30).
Therefore, the final study population consisted of 78 patients with right
coronary artery (n = 25)-, left main trunk (n = 2)-, left anterior des-
cending branch (n = 39)-, and left circumflex branch (n = 12) plaques.
Tissue characterization was performed within two weeks of CCTA using
IB-IVUS (IB-IVUS, YD Co., Ltd., Nara, Japan).

2.2. IB-IVUS

Conventional IVUS images and IB signals were acquired at end-
diastole using the IVUS imaging system. We used a 40-MHz IVUS ca-
theter (Atlantis; Boston Scientific, Natick, MA); a personal computer
equipped with custom software (IBIVUS; YD, Nara, Japan) was con-
nected to the IVUS imaging system. The tip of the IVUS catheter was
placed in the coronary vessel with a diameter of at least 2.5 mm. The
catheter was then pulled back automatically at a rate of 0.5 mm/s. The
radiofrequency signals were acquired of the ECG after the detection of a
regular R-R interval. Off-line calculation of the IB values for the ac-
quired radiofrequency signals was performed by retrieval of the stored
data. The IB values for each histological category were determined as
described previously.'” Each data set was stored digitally and assessed
by a cardiologist blinded to the CT results.

A technician selected a distal branch site as the starting point for
analysis. Every 60th image, representing cross-sections exactly 1.0 mm
apart, was analyzed. IVUS measurements were performed in
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Fig. 1. Box plot of the mean CT number of fibrous and fatty/fibro-fatty plaques.
The median CT number was 56.38 HU (8.00-95.90) for fibrous- and 1.15 HU
(—35.8-113.30) for fatty or fibro-fatty plaques. There was a significant dif-
ference between fibrous- and fatty or fibro-fatty plaques (p < 0.01).

Table 1
Summary of the histogram parameters of the fatty- or fibro-fatty plaques.
Fibrous plaque Fatty or fibro-fatty P value
plaque
Coronary CT 279.36 = 68.52 284.3 + 64.4 0.75
number

Kurtosis 3.08 = 0.95 2.87 = 0.63 0.29
Minimum value —30.56 = 22.57 —67.71 = 34.35 0.0000002
Entropy 1.92 + 0.12 1.96 + 0.12 0.24
Skewness 0.21 = 0.57 0.27 = 0.49 0.63
Mean value 56.38 + 22.57 11.15 = 30.12 0.0000000001
Standard value 39.39 + 12.00 115.24 + 48.81 0.94
Maximum value 161.78 + 53.16 39.18 + 13.44 0.0002
Energy 0.01 = 0.01 0.01 = 0.01 0.61

accordance with the standards of the American College of Cardiology.'®
Atherosclerotic plaques were defined as at least 0.5-mm-thick struc-
tures located between the media and the intima. The plaque volume of
each 1-mm section was determined by calculating the maximum plaque
area. The vessel plaque burden was calculated by adding the plaque
volumes of all sections. To construct IB color-coded maps we divided
the mean calibrated IB values for each region of interest (ROI) into four
categories where —73 to —63 = fatty, —62 to —55 = fibro-fatty, —54
to —31 = fibrous, and —30 to —23 = calcified.'” Two-dimensional
color-coded maps of the tissue characteristics were analyzed based on
these categories.

2.3. CT scanning and contrast injection protocols

All patients were scanned on a 64-detector row CT scanner
(Lightspeed VCT; GE Healthcare, Milwaukee, WI); prospective ECG-
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Fig. 2. Bar graph of the Gini index of XGBoost to differentiate between fibrous
and fatty/fibro-fatty plaques. The highest Gini index was the coronary CT
number (0.19) followed by the minimum value (0.17), kurtosis (0.17), entropy
(0.14), skewness (0.11), the mean value (0.11), the standard deviation (0.06),
the maximum value (0.05), and energy (0.00).

triggered axial scans were acquired. The CT scanning parameters were
0.35-sec rotation, 0.625-mm detector row width, 0.2 helical pitch
(beam pitch), 8.0 mm table movement, 50-cm scan field of view (FOV),
120 kVp, and 400-770 mA. All scans were from the top of the left atrial
appendage to the level of the inferior margin of the cardiac apex in the
craniocaudal direction. All patients were able to perform breath-holds
during the examination. Image reconstruction was in a 15- to 20-cm
display FOV depending on the patient body size. Each patient was given
nitroglycerin sublingually (0.3 mg) 5min before scanning. Patients
whose heart rate exceeded 65 beats per min after its administration
additionally received landiolol hydrochloride (Corebeta; Ono, Osaka,
Japan). We injected the contrast medium (CM, Iomeron 350; Eisai,
Tokyo, Japan) through a 20-gauge catheter into the antecubital vein
using a power injector (Dual Shot; Nemoto-Kyorindo, Tokyo, Japan).
We used the test bolus scan to obtain the scan delay for CCTA. The
injection volume was total body weight (TBW) x 0.6 ml, administered
during 12s. As the CM for the test bolus was diluted (30% CM, 70%
saline), the CM volume was TBW X 0.18 ml (TBW X 0.6 ml X 30%).
CM delivery was followed by flushing with 20 ml of physiological saline
at the same injection rate.

2.4. Histogram, histogram features and machine learning

For computation of the histogram features, Digital Imaging and
Communications in Medicine images of the 78 plaques were imported
to the software package LIFEx (version 2.00, http://www.lifexsoft.org/
). We manually selected the region of interest (ROI) of plaques on axial
or cross-section multiplanar reformation images to calculate the histo-
gram features, the ROI greater than 1.0 mm? was placed on at least 4
randomly selected points within each plaque.

We built machine learning classifiers that applied extreme Gradient
Boosting (XGBoost) using Python (version 3.5; https://www.python.
org/) and scikit-learn (version 0.18.1, http://scikit-learn.org/stable/)
to discriminate among fibrous-, fatty-, and fibro-fatty plaques. We
performed optimization by using the Python scikit-learn cross-valida-
tion function. The applied parameters were:

XGB Classifier: (base_score = 0.5, booster = 'gbtree', colsample_by-
leve 1=1, colsample bytree = 0.597959992516703, gamma = 0,
learning rate = 1.0, max _delta_step = 0, max_depth = 8, min_child_-
weight =1, missing = none, n_estimators = 100, n_jobs =1,
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nthread = none, objective = 'binary:logistic', random_state = 0, re-
g alpha = 0, reg_ lambda = 1, scale_pos_weight = 1, seed = none, si-
lent = true, subsample = 0.8298276978060357).

For coronary plaque classification we recorded the CT number on
CCTA images and 7 histogram parameters (minimum value, mean
value, standard deviation (SD), maximum value, skewness, kurtosis,
and entropy). We used histograms because the plaque volume was small
and the size of many plaques could not be measured. As did Berenguer
et al.,"® we found that many parameters are not required. There is se-
vere overlap in each feature; however, XGBoost using multi-variate
features barely classified the composition of coronary plaques by the
combination of many features. We performed simple normalization by
first calculating the mean and the standard deviation for each feature.
Then we subtracted the mean from each feature and divided the ob-
tained result by the standard deviation. We trained the machine
learning classifiers on fibrous- and fatty or fibro-fatty plaques by ap-
plying a 5-fold cross-validation method to separate the training from
the testing of the discriminant by classifiers.?® The cross-validation
function of scikit-learn automatically separated the population into 5-
folds cross-validation. The parameters of XGBoost were selected by a
grid search method. To evaluate the importance of individual features
we calculated the Gini index using XGBoost.>!

As a control we also built conventional CT-number-based classifiers
by calculating the threshold of the CT number to differentiate among
fibrous-, fatty-, and fibro-fatty plaques.

2.5. Statistical analysis

Statistical analyses were performed with the free Python pro-
graming software (version 3.5; https://www.python.org/). We com-
pared the coronary CT number and the 7 histogram parameters applied
to the coronary plaques on CCTA images using the Wilcoxon rank sum
test.

The area under the curve (AUC) of our receiver operating char-
acteristic (ROC) analysis of machine learning and conventional CT-
number-based classifiers was calculated. We compared the diagnostic
performances of the AUC obtained with machine learning and with the
conventional CT-number-based method using the DeLong test. A p
value < 0.05 was considered to indicate a statistically significant dif-
ference. We also calculated the importance of all features using
XGBoosting.

3. Results

We sampled 78 ROIs on CT images that corresponded with defined
tissue types on IB-IVUS (32 fibrous-, 46 fatty or fibro-fatty plaque, 78
lumens).

The median CT number was 56 HU (8-96) for fibrous- and 1 HU
(—36 to 113) for fatty or fibro-fatty plaques (p < 0.01, Fig. 1). The
calculated optimal threshold for the plaque CT number was 36 = 3
HU.

A summary of the histogram parameters of the 78 fatty- or fibro-
fatty plaques is shown in Table 1. There was a significant difference in
their mean-, maximum-, and minimum values. The coronary CT
number (0.19) exhibited the highest Gini index for all parameters,
followed by the minimum value (0.17), kurtosis (0.17), entropy (0.14),
skewness (0.11), the mean- (0.11), standard- (0.06), and maximum
value (0.05), and energy (0.00) (Fig. 2).

The 2D decision boundaries of XGBoost involved 2 dimensions for
the 4 most important parameters, i.e. the coronary CT number,
minimum value, kurtosis, and entropy, although 9 dimensions were
actually used. There were large overlaps in most features; XGBoost
suboptimally classified the composition of coronary plaques when
multiple features were applied (Fig. 3).

The AUC and the 95% CI were 0.92 and 0.86-0.92 for the machine
learning- and 0.83 and 0.75-0.92 for the conventional CT number-
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Fig. 3. 2D decision boundaries of XGBoost with two dimensions for the 4 most important parameters. Red and blue markers identify mean fatty or fibro-fatty plaques,
and mean fibrous plaques, respectively. Lines indicate the probability of the XGBoost classifier. There is severe overlap in all features; however, XGBoost barely
classified the composition of coronary plaques. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this

article.)

based method. Validation analysis showed that the machine-learning-
yielded a significantly higher AUC than the conventional method
(p = 0.001) (see Figs. 4-6).

4. Discussion

Our study suggests that with respect to the characterization of
coronary plaques, the diagnostic performance of machine learning
using histogram parameters is significantly higher than of the conven-
tional cut-off method using the plaque CT number on CCTA images.

There are many reports that suggested that the CT number de-
pending on the plaque compornents such as calcified-, noncalcified-
(soft), and mixed plaques.'>22-24 We applied 36 + 3 HU as the op-
timal CT number threshold to differentiate between fatty- and fibro-
fatty plaques. Although CCTA is a promising tool for the characteriza-
tion of atherosclerotic coronary lesions, we suggest that for the as-
sessment of such plaques, machine learning is superior to the conven-
tional method that uses the mean CT number.

The differentiation between lipid rich and fibrous lesions represents
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a major challenge for non-invasive imaging. Some studies suggest that
higher attenuation plaques correspond to predominantly fibrous pla-
ques and plaques with less than 30 HU density showed a good corre-
lation with virtual histology intravascular ultrasound lipid rich pla-
ques.>*> The presence of positive remodeling and low-attenuation
plaques on coronary CTA was associated with higher risk of developing
ACS.* Low attenuation plaques (> 30 HU) were more prevalent in
patients presenting with ACS than with stable angina pectoris.'? It has
been shown to possess a high predictive value in predicting future
cardiac events and is considered one of the imaging correlates of an
unstable plaque.

To our knowledge, this is the first clinical study to evaluate coronary
plaque components by machine-learning integration of CT histogram
analysis. Based on their phantom study, Didem et al.>® reported that
machine learning using virtual monochromatic images for dual-energy
CT was useful to classify fibrous and lipid plaques. However, dual-en-
ergy CT is not widely used for coronary CT angiography. We suggest the
method we propose, i.e. machine-learning integration of single CT
histogram analysis, is practical for clinical examinations.
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Receiver operating characteristic curves
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Fig. 4. ROC curves of the machine learning method and the conventional CT
number-based method. Validation analysis showed that the AUC for the ma-
chine learning- and the conventional CT-number-based method was 0.92 and
0.83, respectively (p = 0.01).

Our study suggested that the machine learning using CT number
histogram might be useful to the characterization of coronary plaques
during CCTA. Image histograms are a set of metrics calculated from
digital images based on mathematical analysis. Histogram analysis was
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of high diagnostic value with respect to brain-,'® skin-,> prostate-,'®
and lung cancers.*%?°

The Gini index and XGBoost suggests that the CT number of the
coronary artery lumen plays an important role for machine learning to
differentiate among fatty- and fibro-fatty coronary artery plaques.
Others®'* reported that the higher the lumen attenuation, the higher
was the plaque attenuation. As intravascular attenuation significantly
affects attenuation of coronary atherosclerotic plaques assessed on
CCTA images, care must be taken when plaque characterization is based
on absolute attenuation values. Because machine learning includes in-
formation on coronary artery attenuation, the resultant AUC was sig-
nificantly higher than that obtained with the conventional method.

Some study limitations must be addressed. First, this is a small
single-center-, single-protocol study and only the performance of the
machine-learning algorithm was evaluated. The clinical implications of
our findings remain unclear and require the integration of machine-
learning models into image analysis software. Secondly, as our sample
size was relatively small, additional analysis such as high-level texture
analysis or sub-analysis based on the patient gender, body mass index,
and heart rate was not possible. Also, we did not compare our acqui-
sition method with CTA obtained with other protocols. Thirdly, we did
not make attenuation adjustments for proximal or distal plaques.
Fourthly, findings are limited to moderate stenoses in a narrowly-de-
fined patient population at very specific locations. Partially calcified
plaques are not mentioned. Only non-calcified lesions were included in
this analysis. Lastly, we used only the CT number to define the plaques
and did not test ML against previously reported plaque analysis soft-
ware.

Fig. 5. A 77-year-old man with ischemic
heart disease. X-ray angiography (a), vo-
lume-rendering image of CTA (b), IB-IVUS
image (c), IVUS color image (d), short axis
image (e), curved multi-planner image (f),
and stretched curved multi-planner image
(g). IB-IVUS suggested a fatty plaque.
However, the mean CT number of this
plaque is 50.9 HU, and conventional CT
number threshold method concluded that it
might be fibrous plaque. On the other hand,
machine learning suggested that it might be
fatty or fibro-fatty plaque (probability
94.2%). The relatively high intra-coronary
attenuation (348.9 HU) has the possibility to
influence the diagnostic ability of the con-
ventional method. (For interpretation of the
references to color in this figure legend, the
reader is referred to the Web version of this
article.)
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5. Conclusion

In conclusion, for coronary plaque characterization, the diagnostic
performance of machine learning was superior to the conventional cut-
off method using the plaque CT number on CCTA images.
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