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ABSTRACT

Background: Radiomics is expected to identify imaging features beyond the human eye. We investigated whether
radiomics can identify coronary segments that will develop new atherosclerotic plaques on coronary computed
tomography angiography (CCTA).

Methods: From a prospective multinational registry of patients with serial CCTA studies at > 2-year intervals,
segments without identifiable coronary plaque at baseline were selected and radiomic features were extracted.
Cox models using clinical risk factors (Model 1), radiomic features (Model 2) and both clinical risk factors and
radiomic features (Model 3) were constructed to predict the development of a coronary plaque, defined as total
PV >1 mm3, at follow-up CCTA in each segment.

Results: In total, 9583 normal coronary segments were identified from 1162 patients (60.3 + 9.2 years, 55.7%
male) and divided 8:2 into training and test sets. At follow-up CCTA, 9.8% of the segments developed new
coronary plaque. The predictive power of Models 1 and 2 was not different in both the training and test sets (C-
index [95% confidence interval (CI)] of Model 1 vs. Model 2: 0.701 [0.690-0.712] vs. 0.699 [0.0.688-0.710]
and 0.696 [0.671-0.725] vs. 0.0.691 [0.667-0.715], respectively, all p > 0.05). The addition of radiomic features
to clinical risk factors improved the predictive power of the Cox model in both the training and test sets (C-index
[95% CI] of Model 3: 0.772 [0.762-0.781] and 0.767 [0.751-0.7871], respectively, all p < 00.0001 compared to
Models 1 and 2).

Conclusion: Radiomic features can improve the identification of segments that would develop new coronary

atherosclerotic plaque.

Clinical Trial Registration: ClinicalTrials.gov NCT0280341.

1. Introduction

Coronary artery disease (CAD) remains the leading cause of mortal-
ity.! Therefore, early detection of CAD is essential to initiate preventive
measures and improve outcomes. In this regard, noninvasive imaging
modalities that allow direct visualization of coronary atherosclerosis
have been incorporated into recent clinical guidelines,> and coronary
computed tomography angiography (CCTA) has been proposed as a
first-line test in patients with stable chest pain based on its reliability and
accuracy in assessing luminal stenosis.’

In recent studies quantitatively evaluating CCTA, the presence of an
atherosclerotic plaque is usually defined as any tissue >1 mm?® within or
adjacent to the lumen that can be distinguished from the surrounding
structures.®” The threshold of 1 mm?® is mainly due to the limitation of
spatial resolution, and the naked eye cannot detect plaques small enough
to be indistinguishable from adjacent structures. However, there may be
more information hidden beneath the images.

Recent technical developments in artificial intelligence have intro-
duced the concept of radiomics.® '° Radiomics uses data characterization
algorithms to extract vast amounts of quantitative information that are
invisible to the naked eye. These radiomic features could potentially
reveal tumoral patterns and informative multidimensional characteris-
tics. By identifying those at risk using radiomics, selection of patients at
higher risk would benefit from more aggressive preventive measures that
would improve clinical outcomes.

Therefore, we evaluated whether the radiomic features can identify
normal coronary segments that will develop new coronary atheroscle-
rotic plaques at follow-up in a large multinational, multicenter serial
CCTA dataset.

2. Methods
2.1. Study design and population

The Progression of AtheRosclerotic PIAque DetermIned by Computed
TomoGraphic Angiography Imaging (PARADIGM) study is a dynamic
multinational observational registry that prospectively collected clinical,
procedural, and follow-up data on 2252 consecutive patients who un-
derwent clinically indicated serial CCTAs. The inter-scan interval was >2
years, and patient data was collected from 13 sites in seven countries
between 2003 and 2015.!' The study protocol was approved by the
institutional review boards of all participating centers.

For the current analysis, patients were excluded for the following
reasons; (1) 492 patients with non-interpretable CCTA on 0.5 mm anal-
ysis, (2) 231 patients with history of revascularization before baseline
CCTA, (3) 184 patients with clinical event during the interscan interval,
(4) 86 patients with poor image quality of baseline CCTA, (5) 69 patients
with CCTA images with failed to extract radiomic features, and (6) 28
patients with every segments with identifiable coronary atherosclerotic
plaques at baseline CCTA. At the end, 9583 segments without visually
identifiable coronary plaque at baseline CCTA were identified from 1162
patients and included for the final analysis. Patients were randomly
divided into the training set (929 patients with 7674 segments) and the
test set (233 patients with 1909 segments) in 8:2 manner. (Fig. 1).

2.2. Coronary computed tomography angiography analysis protocol

Acquisition and analysis of CCTAs were performed in accordance
with the guidelines provided by the Society of Cardiovascular Computed
Tomography.®'? CCTA datasets were analyzed at a core laboratory by
Level III experienced readers using semi-automated plaque analysis
software (QAngioCT Research Edition v2.1.9.1; Medis Medical Imaging,
Leiden, the Netherlands) with manual correction as described
previously.'>!*

Briefly, all coronary segments with diameters >2 mm were evaluated
for every coronary artery and its branches, using a modified 17-segment
American Heart Association model.*’ For serial comparisons of CCTAs,
coronary segments were co-registered between the baseline and follow-up
CCTAs evaluations using fiduciary landmarks, including the distance from
the ostium and the branch vessels. The length of segment and total plaque
volume (PV) (mm?®) was determined for each segment. The total PV of
each segment was summed to generate a patient-level total PV,'> and
normal CCTA was defined as patients with a per-patient total PV of 0 mm°.

For the current analysis, only segments without any identifiable
coronary plaques at baseline CCTA were included. The presence or
development of visually identifiable coronary atherosclerotic plaque
within a segment was defined as any tissue >1 mm® within, or adjacent
to, the lumen that could be distinguished from the surrounding pericar-
dial tissue, epicardial fat, or the lumen, and identified in >2 planes.®”

To minimize the potential error in the quantitative comparison of
serial CCTAs, the gap between the vessel wall and the lumen wall was
ignored in the analysis of the PARADIGM dataset.'"'®'7 As a result, the
selected normal coronary segments contain information from both the
vessel wall and the lumen itself.
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2.3. Extraction of radiomic features

An open-source Python package Pyradiomics was used to extract the
radiomic features.'®

The basic set of 91 radiomic features consisted of 18 first-order sta-
tistical features, 22 co-occurrence matrix, 16 Gy level run length matrix,
16 Gy level size zone matrix, 14 Gy level dependence matrix, and 5
neighboring gray level difference matrix-based texture features. After
applying 8 wavelet filters, the same set of 91 radiomic features was
extracted repeatedly for each wavelet filter. As a result, a total of 819
radiomic features were extracted from each identified coronary segment.
Since the entire vessel segment was included, ignoring the gap between
the vessel wall and the lumen wall, no shape features were extracted.

2.4. Feature selection

To ensure the reproducibility and to limit the variability of the
radiomic features,’ the concordance correlation coefficient (CCC) was
calculated.'® For inter-observer agreement, 155 randomly selected seg-
ments were analyzed by four imaging cardiologists, and 132 features
with CCC <0.85 were excluded from the 819 radiomic features. For
intra-observer agreement, two imaging cardiologists each randomly
selected 54 segments and analyzed these segments twice. Among the 819
radiomic features, 24 features with a CCC less than 0.85 were excluded.
Finally, 683 radiomic features with both inter- and intra-observer
agreement greater than 0.85 were included in the next step.

The Boruta and XGboost algorithms were used to further select the
radiomic features.’’ The Boruta algorithm was used to select the
top-ranked features associated with coronary atherosclerotic plaque
development.?! The importance ranking for each variable was calculated
with the Boruta algorithm, and the top-ranked features (rank 1) were
selected as candidates for modeling. The XGBoost algorithm, which
combines multiple weak classifiers to produce a single strong classifier,
was used to select the final features and construct a Cox regression
model.>>*® XGBoost ranks features by “gain,” which represents the
fractional contribution of each feature to the model based on the total
gain of the splits of that feature. Features with no information gain were
excluded.
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2.5. Statistical analysis & Cox modeling

Categorical variables are presented as absolute counts and percent-
ages, and continuous variables are expressed as means + standard de-
viation or medians [interquartile range] as appropriate. Differences
between categorical variables were analyzed using the chi-square test or
Fisher's exact test, as appropriate, while differences between continuous
variables were assessed using the Student's t-test.

Multivariable Cox regression models predicting the development of a
coronary plaque in a segment were constructed using cluster analysis to
account for the effects of common clinical factors in clustered segments
within a single patient. Model 1 was adjusted only for clinical variables
including age, male sex, body-mass index, systolic blood pressure,
smoking history, hypertension, diabetes mellitus, family history of CAD,
low-density lipoprotein cholesterol level, medication use including sta-
tins, antiplatelets, and beta-blockers, luminal attenuation, and the total
PV of the given patient at baseline. Model 2 was constructed using only
radiomic features, and Model 3 included both the clinical variables and
the selected radiomic features. The predictive performance of each model
was assessed using Harrell's C-index (area under the receiver operating
characteristic curve), and differences in predictive performance between
models were tested using a nonparametric method.?* A standard boot-
strap method was applied to generate the corresponding confidence in-
tervals (CI) for this estimate.”® The integrated discrimination
improvement (IDI) and the net reclassification improvement (NRI) were
calculated to compare the performance of Model 1 vs. Model 2 and
Model 1 vs. Model 3 in the training set.?®

A two-tailed p value < 0.05 was considered statistically significant.
All analyses were performed using SAS version 9.4 (SAS Institute Inc.,
Cary, NC, USA) and R 3.3.0 (R Development Core Team, 2016).

3. Results
3.1. Study population and baseline characteristics
The study population consisted of 1162 patients (60.3 + 9.2 years old,

55.7% male) with 9583 coronary segments. Hypertension was presented
in 51.6% of patients, and diabetes mellitus was noted in 19.9%. Statin

2,252 patients with repeat CCTA at > 2-year interval

y

492 patients with non-interpretable CCTA on 0.5-mm analysis
231 patients with history of revascularization
184 patients with clinical event during the inter-scan interval
86 patients with poor image quality of baseline CCTA
69 patients with CCTA images failed to extract radiomic
features
28 patients with every segments with identifiable coronary

1,162 patients with 9,583 segments
without visually identifiable coronary plaque at baseline CCTA

plaque at baseline CCTA

Training set Test set
929 patients 233 patients
7,674 segments 1,909 segments
v v v v
6,923 segments 751 segments 1,721 segments 188 segments
without newly with newly without newly with newly

developed coronary
plaque at follow-up

developed coronary
plaque at follow-up

developed coronary
plaque at follow-up

developed coronary
plaque at follow-up

il

il

Fig. 1. CONSORT diagram.

CCTA, coronary computed tomography angiography.
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was used in 53.8% of the study population. The mean interval between
CCTAs was 3.8 £ 1.5 years. When patients were divided into training set
and test set in 8:2 manner, there were no differences between patients in
training set and test set in clinical characteristics (Table 1). Of the total
patients, 295 patients (25.4%) had normal coronary arteries with a
patient-level total PV of 0 mm?®. The remaining 867 patients had coronary
plaque in segments not included in the current analysis, with a mean
patient-level total PV of 127.7 + 157.1 mm°.

3.2. Segment based coronary computed tomography angiography findings

Total 9583 segments without any detectable coronary atherosclerotic
plaque were identified. The mean length of a coronary segment was 35.0
+ 20.9 mm in baseline CCTA (Table 2). At follow-up CCTA, coronary
atherosclerotic plaque with total PV > 1 mm® were identified in 939
segments (9.8%) — 9.8% of segments (751 segments from 7674 segments)
developed coronary plaque in training set and 9.8% in test set (188 seg-
ments from 1721 segments). The mean length of a coronary segment was
35.0 + 20.9 mm in baseline CCTA and was not different between segments
with and without newly developed plaque. In segments with newly
developed coronary plaque, the total PV was 15.5 & 20.5 mm°> comprising
3.7 + 8.9 mm® of calcified PV and 11.8 + 17.9 mm® of non-calcified PV.

Using the Boruta algorithm, 59 features with the highest score (top 1
rank) were selected from 683 radiomic features with good inter- and
intra-observer agreement (both CCC >0.85, Supplementary Table 1). In
the end, a total of 33 features were finally selected for the modeling after
excluding 26 features with no information gain by the XGBoost algo-
rithm. The mean value of the radiomic features included in Model 2 and
3 is presented in Supplementary Table 2.
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3.3. Prediction of the development of new coronary atherosclerotic plaque

Model 1, which included only clinical risk factors, yielded a C-
index of 0.701 [95% CI: 0.690-0.712] in the training set and 0.696
[95% CI: 0.667-0.715] in the test set (Table 3, Fig. 2). The C-index of
Model 2, which was constructed using only the radiomic features
extracted from a segment, was not different from that of Model 1 in
both the training set and test sets (C-index [95% CI]: 0.699
[0.688-0.710] and 0.691 [0.667-0.715], respectively, with all p >
00.05 compared to Model 1). Continuous NRI and IDI of Model 1 vs.
Model 2 were both not statistically significant (NRI: —0.086 [95% CI:
—0.151 to 0.006] and IDI: —0.086 [95% CI: —0.151 to 0.009],
respectively, all p > 0.05).

The addition of selected radiomic features to the clinical risk factors
significantly improved the C-index of Model 3 in both the training and
test sets (C-index [95% CI]: 0.772 [0.762-0.781] and 0.767
[0.751-0.7871, respectively, with p < 00.0001 compared to Models 1
and 2). Continuous NRI and IDI of Model 1 vs. Model 3 were both
positive (0.285 [95% CL 0.240-0.347] and 0.075 [95% CI:
0.064-0.1021, respectively, all p < 00.001), suggesting that Model 3 is
better at predicting the development of a new plaque. The hazard ratio
of each radiomic feature in Model 3 is presented in Supplementary
Table 3.

4. Discussion
In the analysis of the PARADIGM registry, the radiomic features

significantly improved the prediction of a normal coronary segment that
would develop new atherosclerotic coronary artery plaque in near future.

Table 1
Clinical and CCTA characteristics of the study population at baseline.
Total patient (n = 1162) Training set (n = 929) Test set (n = 233) P
Age, years 60.3 £9.2 60.2 9.2 60.7 £ 9.1 0.517
Male sex, n (%) 647 (55.7) 515 (55.4) 132 (56.7) 0.795
CCTA interval, years 3.8+15 38+15 39+t1.6 0.098
Body mass index, kg/m? 25.2 +3.2 25.1 £3.1 25.5+ 3.3 0.138
Hypertension, n (%) 600 (51.6) 486 (52.3) 114 (48.9) 0.394
Diabetes mellitus, n (%) 231 (19.9) 182 (19.6) 49 (21.0) 0.689
Hyperlipidemia, n (%) 420 (36.1) 326 (35.1) 94 (40.3) 0.157
Family history of CAD, n (%) 316 (27.2) 248 (26.7) 68 (29.2) 0.496
Smoking, n (%) 431 (37.1) 339 (36.5) 92 (39.5) 0.441
Total cholesterol, mg/dL 190.0 + 37.6 189.1 + 37.9 193.8 &+ 36.0 0.082
Low-density lipoprotein, mg/dL 115.6 + 32.6 114.9 + 32.8 118.3 + 31.8 0.148
High-density lipoprotein, mg/dL 51.3 £13.2 51.3+3.3 51.6 + 12.9 0.730
Triglycerides, mg/dL 143.1 £ 82.9 143.4 + 85.6 141.7 £ 71.3 0.746
Statin, n (%) 625 (53.8) 500 (53.8) 125 (53.7) 0.999
Anti-platelets, n (%) 436 (37.5) 348 (37.5) 88 (37.8) 0.991
Beta-blockers, n (%) 311 (26.8) 241 (25.9) 70 (30.0) 0.237
CCTA characteristics
Normal CCTA, n (%) 295 (25.4) 238 (25.6) 57 (24.5) 0.781
Total PV in patients with any plaque (mm?®) 127.7 £157.1 129.8 + 160.0 119.5 + 146.6 0.436
CAD, coronary artery disease; CCTA, coronary computed tomography angiography; PV, plaque volume.
Table 2
CCTA characteristics of segments at baseline and follow-up.
Total segments (n = 9583) No plaque at follow-up (n = 8644) New plaque at follow-up (n = 939) P
CCTA characteristics of segments at baseline
Segment length, mm 35.0 + 20.9 35.0 +20.8 34.7 +22.0 0.750
CCTA characteristics of segments at follow-up
Segment length, mm 349 +£20.8 349 £20.7 348 £21.9 0.835
Total PV, mm® 0.0 0.0 15.5 + 20.5 -
Calcified PV, mm?® 0.0 0.0 3.7 £8.9 -
Non-calcified PV?, mm® 0.0 0.0 11.8 +£17.9 -
Fibrous PV, mm® 0.0 0.0 8.2+ 1.0 -
Fibro-fatty PV, mm® 0.0 0.0 31+75 -
Necrotic-core PV, mm? 0.0 0.0 0.4 +2.2 -

CCTA, coronary computed tomography angiography; PV, plaque volume.

# Non-calcified PV is the summation of fibrous, fibro-fatty, and necrotic core PV.
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Table 3

Journal of Cardiovascular Computed Tomography 18 (2024) 274-280

Multivariate models predicting the development of a coronary plaque within a segment.

Training set C-index (95% CI)

Test set C-index (95% CI)

Model 1: Clinical risk factors
Model 2: Radiomic features
P value of Model 1 vs. 2
IDI for Model 1 vs. 2

NRI for Model 1 vs. 2

0.701 (0.690-0.712)

0.699 (0.688-0.710)

0.734

—0.019 (—0.041 to 0.006), p = 0.174
—0.086 (—0.151 to 0.009), p = 0.106

0.696 (0.671-0.725)
0.691 (0.667-0.715)
0.728

Model 3: Clinical risk factors + radiomics features
P value of Model 1 vs. 3

IDI for Model 1 vs. 3

NRI for Model 1 vs. 3

P value of Model 2 vs. 3

0.772 (0.762-0.781)

0.767 (0.751-0.787)

<0.0001 <0.0001
0.075 (0.064-0.102), p < 0.001
0.285 (0.240-0.347), p < 0.001
<0.0001 <0.0001

CI, confidence interval; IDI, integrated discrimination improvement; NRI, net reclassification improvement.
Adjusted clinical risk factors are age, male sex, body mass index, systolic blood pressure, smoking history, hypertension, diabetes mellitus, family history of coronary
artery disease, low-density lipoprotein cholesterol level, medication use including statins, antiplatelets, and beta-blockers, luminal attenuation, and the total plaque

volume of the given patient at baseline.

The addition of radiomic features from CCTA images to the conventional
risk calculation for atherosclerotic cardiovascular disease using clinical
risk factors may help to further refine risk stratification.

Mortality from CAD remains high, and despite improvements in
prevention, ACS or cardiac arrest is still the first manifestation of CAD."
Studies have repeatedly demonstrated the clinical importance of sub-
clinical atherosclerosis, or nonobstructive CAD.?”>*® The early and ac-
curate identification of patients at higher risk of developing coronary
atherosclerosis can guide better preventive care, even in asymptomatic
patients without known CAD. Therefore, identifying subgroups of pa-
tients who may benefit from repeat CCTA is of paramount importance.

With the latest technological developments, CCTA provides a
comprehensive analysis of coronary atherosclerosis. CCTA allows quan-
tification of the total coronary atherosclerotic burden, characterization
and hemodynamic assessment of each individual coronary lesion within
a patient, and assessment of vascular inflammation.?> ' CCTA has been
shown to identify the culprit lesion in a patient causing the event, and
CCTA measures are well associated and may modify future
outcomes, 3032

In this context, studies have been investigated the potential role of
CCTA in the low-risk population and the predictive value of normal
CCTA.**%% As a result, the 2021 multi-society guideline for chest pain

Baseline CCTA Model 1. Clinical Risk Factors

volume of the given patient at baseline

Model 2. Radiomics

Coronary segment without

Age, male sex, body mass index, systolic blood pressure, smoking history,
hypertension, diabetes mellitus, family history of coronary artery disease,
low-density lipoprotein cholesterol level, medication use including statins,
antiplatelets, and beta-blockers, luminal attenuation, and the total plaque

suggested a two-year warranty period for CCTA without stenosis or
detectable plaques,’” while more recent studies have suggested a 5-7
years warranty period for normal CCTA.>® However, despite the large
amount of imaging and clinical data from patients with normal CCTA
collected over the past decades, the conclusions are still conflicting. The
identification of patients at higher risk of developing CAD remains based
solely on conventional clinical risk factors, and there has been no way to
specifically identify the vessel or segment that will develop new coronary
atherosclerotic plaque, while the need for tools to predict plaque devel-
opment and progression is growing.

In this regard, radiomic analysis of the CCTA image, which extracts
more information from images than is visually possible, could be in
hand.®'° Studies have shown that coronary plaques contain sufficient
voxels for radiomic analysis and that radiomic analysis showed better
diagnostic performance in assessing coronary plaque vulnerability than
conventional CCTA, intravascular ultrasound, and optical coherence
tomography.>* !

Our study extends the potential role of radiomics in CCTA. By
applying radiomics, we aimed to push the limits of CCTA to see if it could
characterize visually normal coronary segments that actually contain
very early-stage atherosclerotic plaque buds that will later grow to the
point of being distinguishable to the naked eye (total PV > 1 mm?), as
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Fig. 2. When models were constructed to identify the coronary segment that will develop new atherosclerotic plaque, models using only radiomic features were not
inferior to models constructed using conventional clinical risk factors in both the training and test sets. The addition of both clinical risk factors and radiomic features

produced the best results.
CCTA, coronary computed tomography angiography.
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well as coronary segments that are more prone to the development of
atherosclerosis. In this study, the combination of clinical risk factors and
radiomic features significantly improved the predictive power of the
models. Importantly, the prognostic value of the model using only
radiomic features was not inferior to the model using only traditional
clinical risk factors, suggesting that the CCTA image itself may contain
information about the patient that is equivalent to clinical features.

Taken together, these results suggest that radiomics can be used as a
prescreening tool to aid in cardiovascular risk stratification and identify
patients who may benefit from repeat CCTA. Radiomic analysis of CCTA
could extend or shorten the warranty period while identifying patients at
higher risk of developing CAD, thereby facilitating patient-specific pre-
ventive measures and improving the cost-effectiveness of CCTA. Pro-
spective clinical studies are warranted to investigate whether the
application of radiomics to “visually” normal CCTA would lead to earlier
detection of coronary atherosclerosis and improved prognosis in the
primary prevention population, by providing an individually adjusted
warranty period of normal CCTA.

4.1. Limitations

Our study has several limitations. Due to the observational nature of
the study, selection bias was inevitable because only patients who un-
derwent more than two CCTA scans were eligible for enrollment. High-
risk patients who underwent invasive testing or revascularization prior
to the second CCTA were excluded from the registry, which may have
affected the results. The current analysis excluded patients without a
normal segment, making the study population even lower risk.

In addition, the lack of systematic follow-up scans is a critical limi-
tation of the overall analysis. The interval between CCTAs was relatively
short, and the differences in scan parameters and vendors between pa-
tients and scans may have influenced the results. Therefore, the relevance
of the results to high-risk populations with longer follow-up is unknown,
and results may be different. However, we adjusted for luminal attenu-
ation, which is associated with quantitative CCTA analysis and radio-
mics, to minimize the effect of different scan acquisition parameters that
were unavoidable in this observational study.*’

It could be argued that many selected segments already had plaques
at baseline CCTA, because the spatial resolution of CCTA is insufficient to
determine the presence or absence of plaque and the endpoint is biased.
To minimize the potential errors that could be made by the naked eye and
currently available CCTA analysis software, we used the commonly used
plaque volume threshold of 1 mm® to define the identifiable coronary
plaque. Furthermore, this study aimed to overcome the spatial resolution
limitation of CCTA by applying radiomics. As there are currently no
recommendations for the use of serial CCTA,*® an observational registry
such as PARADIGM provides a unique opportunity to capture the
development of CAD at its earliest stage. This study demonstrates the
potential of radiomics to predict the development of new coronary
atherosclerotic plaques from normal coronary segments in a large
multinational CCTA registry.

5. Conclusion

The addition of radiomic features to the clinical risk factors signifi-
cantly improved the prediction of the segment that will develop new
atherosclerotic plaques on CCTA by identifying imaging features beyond
the human eye. A comprehensive assessment of CCTA using radiomic
techniques could help improve risk stratification of patients with po-
tential atherosclerosis.
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