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a b s t r a c t 

Radiomics, the quantitative extraction and mining of features from radiological images, has recently 

emerged as a promising source of non-invasive image-based cardiovascular biomarkers, potentially revo- 

lutionizing diagnostics and risk assessment. This review explores its application within coronary plaques 

and pericoronary adipose tissue, particularly focusing on plaque characterization and cardiac events pre- 

diction. By shedding light on the current state-of-the-art, achievements, and prospective avenues, this 

review contributes to a deeper understanding of the evolving landscape of radiomics in the context of 

coronary arteries. Finally, open challenges and existing gaps are emphasized to underscore the need for 

future efforts aimed at ensuring the robustness and reliability of radiomics studies, facilitating their clin- 

ical translation. 

© 2024 The Authors. Published by Elsevier Inc. 
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ntroduction 

Coronary artery disease (CAD) is a major cause of vascu- 

ar morbidity and mortality worldwide, accounting for 8.9 mil- 

ion deaths annually [ 1 ]. The etiology is atherosclerosis, a chronic 

nflammatory-driven vascular disorder characterized by the forma- 

ion of fatty plaques in the arterial wall [ 2 ]. Atherosclerotic plaques 

ay become obstructive, determining impaired blood perfusion 

nd resulting in stable angina pectoris. Alternatively, they may rup- 

ure or erode, leading to acute coronary syndrome, such as my- 

cardial infarction (MI) [ 2 ]. The treatment can be pharmacological 

 3 ] or involve surgical or endovascular revascularization procedures 

 4 ]. Despite the high success rate of interventional procedures (90 

 rate of 10-year survival free of cardiovascular mortality [ 5 ]), CAD 

s still a major cause of death and disability. 

The challenge lies in the early identification of "vulnerable 

laques", namely those prone to become culprit, such as rupture- 

rone, erosion-prone, hemorrhaging, or containing calcified nod- 
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les, as well as significantly stenotic plaques. These plaques are 

ikely to cause major adverse cardiac events (MACE) or death, re- 

ardless their form, shape or stenosis [ 6–9 ]. A common subtype of 

upture-prone plaque is the thin-cap fibroatheroma (TCFA), charac- 

erized by a large lipid-rich core surrounded by a thin fibrotic cap. 

hen this cap undergoes transmural fissuring, it exposes the un- 

erlying thrombogenic and proinflammatory necrotic core to cir- 

ulating blood [ 10 ]. Additionally, the presence of calcified nod- 

les, compromising plaque integrity, is a typical characteristic of 

upture-prone plaques [ 7 ]. Intravascular (e.g., intravascular ultra- 

ound (IVUS), optical coherence tomography (OCT), near infrared 

pectroscopy) or non-invasive (e.g., coronary computed tomogra- 

hy angiography (CCTA)) imaging techniques enable the visual- 

zation of different high-risk plaque characteristics [ 11 , 12 ]. CCTA- 

ased high-risk plaques identification relies on the presence of 

t least two of these adverse plaque characteristics: positive re- 

odeling, low attenuation, spotty calcification, and ‘napkin-ring’ 

ign [ 13 , 14 ] ( Fig. 1 ). Other CCTA-derived plaque characteristics (e.g.,

laque presence, burden, composition, stenosis and location) have 

een used for the development of risk scores, as the coronary 

rtery calcium, computed through the Agatston score [ 15 ], the seg- 

ent stenosis score, grading coronary segments based on stenosis 

egree [ 16 ], and the segment involvement score, computed as the 
nder the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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Fig. 1. High-risk plaque features: (A) plaque with positive remodeling index (RI), defined as RI > 1.1. RI is computed as the ratio between lesion plaque area (red circle) 

and reference lumen area (blue circle); (B) low attenuation plaque (LAP), associated with the presence of any voxel with < 30 Hounsfield Unit (HU); (C) mixed plaque with 

napkin-ring sign (NRS), characterized by the presence of rim-like thin enhancement (no more than 130 HU) distributed along the outer contour of the vessel and surrounding 

a fibro-lipidic plaque; (D) spotty calcification (SC), defined as any discrete calcification ≤ 3 mm in length and occupying ≤ 90 ° arc when viewed in short axis. 
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Fig. 2. Pericoronary adipose tissue attenuation in three lesions. 
otal number of coronary artery segments with plaque [ 16 ]. Other 

omprehensive risk-scores, with comparable capability in discrim- 

nating MACE [ 17 ], include the Coronary Artery Disease Report- 

ng and Data System (CAD-RADS), based on stenosis severity and 

laque burden [ 18 ], the CT-adapted Leaman score [ 19 , 20 ], based on

omposition, stenosis and location, or the Leiden CCTA score, based 

n presence, composition, stenosis and location [ 21 ]. 

Vascular inflammation has also emerged to be crucial in 

therosclerotic plaque formation, progression, and rupture [ 22 ]. 

ystemic plasma biomarkers and proinflammatory cytokines have 

een largely adopted to assess vascular inflammation, but they 

re poorly associated with plaque vulnerability [ 23 ]. Recently, peri- 

oronary adipose tissue (PCAT) has been identified as a sensor of 

oronary inflammation. Vascular inflammation inhibits lipid accu- 

ulation in PCAT preadipocytes, causing compositional changes in 

CAT that can be detected by CCTA ( Fig. 2 ) [ 24 ]. Accordingly, the

at attenuation index (FAI) has been proposed as imaging marker 

f vascular inflammation and plaque vulnerability [ 22 ]. 

Although the aforementioned image-derived characteristics are 

idely accepted as markers of plaque vulnerability, they alone are 

ot sufficient to accurately stratify coronary plaques. It is now clear 

hat plaque vulnerability is a complex, multifactorial condition, in- 

olving different biomechanical, structural/anatomical, and biolog- 

cal factors [ 8 ]. Accordingly, novel biomarkers of plaque vulnera- 

ility from different sources have been proposed, including biome- 

hanical structural and fluid dynamic analyses, -omics data (e.g., 

enomics and proteomics), and imaging [ 25–27 ]. In this scenario, 

adiomics, namely the quantitative mining and extraction of fea- 

ures from clinical images, has recently emerged as a potential 

ource of non-invasive image-based biomarkers for several cardio- 
48
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Fig. 3. Scheme of the radiomics workflow as applied to CCTA scans. 
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ascular applications [ 28 ]. Specifically, radiomics combined with 

achine learning (ML) methods has shown promise in identifying 

ulnerable coronary plaque biomarkers, predicting MACE, and de- 

eloping fully-automatic plaque assessment tools supporting clini- 

al diagnosis [ 29 ]. 

This paper provides an overview of the radiomic workflow, the 

urrent literature regarding the use of radiomics combined with 

L approaches for plaque classification and MACE prediction (by 

onsidering applications on plaques and PCAT), and finally the 

pen challenges for more robust and reliable radiomic analyses. 

he literature search was performed in PubMed, by considering 

eywords as “radiomics”, “coronary”, “plaque”. 

he radiomics approach 

Radiomics is an emerging field for the identification of novel, 

on-invasive biomarkers from medical images. Radiomic features, 

xtracted from a region of interest (ROI), provide quantitative in- 

ormation regarding ROI intensity, shape, and texture that are un- 

ecognizable to the naked eye. Moreover, by capturing tissue char- 

cteristics and heterogeneity, radiomic features potentially embed 

elations with biological pathways and provide prognostic informa- 

ion enabling improved diagnosis, stratification, and clinical out- 

omes. The common radiomic workflow comprises: image acquisi- 

ion and preprocessing, image segmentation, radiomic feature ex- 

raction and selection, and model training and validation ( Fig. 3 ). 

mage acquisition and preprocessing 

CCTA images can be acquired through CT scanners of different 

rands, type and generation, and various settings of the machine 

an be adopted, such as different voltages and amperages and the 

se of contrast agent. Moreover, different reconstruction parame- 

ers, such as slice thickness or filters, can be considered. To en- 

ble reproducibility of the radiomics approach, all this informa- 

ion should be provided transparently, as they may affect radiomic 

nalysis [ 30–32 ]. In addition, to reduce image-related sources of 

ariability, different image preprocessing steps are usually per- 

ormed as z-score standardization or image resampling [ 33 ]. 
49
mage segmentation 

Image segmentation consists of the manual, semi-automatic or 

ully-automatic delineation of the ROI (or volume of interest, VOI). 

ince the ROI consists of the considered region for the extraction 

f the radiomic features, its accurate segmentation is essential for 

 reliable radiomic analysis. On one side, manual segmentation 

s time-consuming and, relying on radiologists’ expertise, inher- 

ntly suffers from intra- and inter-reader variability, thus compro- 

ising the reproducibility of the radiomic analysis. On the other 

and, fully automatic methods improve the objectivity and effi- 

iency of the process, but their accuracy needs to be validated. 

emi-automatic approaches emerge as a good balance between re- 

roducibility and time commitment. 

Manual segmentations of coronary plaques and PCAT are usu- 

lly performed with open-source software such as 3D Slicer [ 34 , 35 ]

r ITK-SNAP [ 36 , 37 ]. Semi-automated segmentation methodologies 

ave also been reported, based on commercial software such as 

utoplaque (Cedars-Sinai Medical Center, Los Angeles, CA, USA) for 

oth coronary plaques and PCAT [ 38 , 39 ], Coronary Plaque Analysis 

Syngo.Via, VB20, Siemens Healthineers) [ 29 , 40 , 41 ] and LIFEx [ 42 ]

or coronary plaques, CoronaryDoc-FFR (Shukun Network Technol- 

gy, Beijing) [ 43 , 44 ] for PCAT, or in-house software like TIMESlice 

 45 ]. 

A fully automatic deep learning approach has been proposed by 

in et al. [ 33 ], who applied a convolutional neural network (CNN) 

odel to segment the coronary artery tree and detect plaque can- 

idates. Compared with manual segmentation by radiologists, a 

ice coefficient of 83 % was obtained, associated with the detection 

f all plaques (100 % sensitivity) along with a few false-positive 

andidates (78.9 % specificity and 70.3 % negative predictive value). 

nly one study used fully automatic segmentation of the coronary 

ree using commercial software (QAngioCT Research Edition; Medis 

edical Imaging Systems B.V., Leiden, The Netherlands), but still 

he proximal and distal ends of each plaque were set manually 

 46 ]. 

adiomic feature extraction 

Radiomic features, extracted from the ROI, are classified into 

 categories, namely shape and size, intensity, and textural fea- 
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ures. Shape and size features quantify the ROI spatial complex- 

ty, including information on the surface and volume and their re- 

ation (called compactness) up to fractal dimensions (enumerat- 

ng self-symmetry). Intensity or first-order statistics features de- 

cribe the frequency distribution of the pixel grey levels within 

he ROI (e.g., mean, minimum, standard deviation etc.). Textural 

eatures describe the spatial distribution of the grey levels, char- 

cterizing the texture and heterogeneity of the ROI. Such features 

re derived from textural matrices, considering different patterns 

f pixel grey level, such as the Gray Level Co-occurrence Matrix 

describing, for each (i,j) element how many times a grey value j 

ppears at a given distance from the grey value i), the Gray Level 

un Length Matrix (quantifying grey level runs, which are defined 

s the length of consecutive pixels that have the same grey level 

alue), the Gray Level Size Zone Matrix (quantifying grey level 

ones in an image, defined as a the number of connected vox- 

ls that share the same grey level intensity), the Neighboring Gray 

one Difference Matrix (quantifying the difference between a grey 

alue and the average grey value of its neighbors within a distance) 

nd the Gray Level Dependence Matrix (quantifying grey level de- 

endencies in an image, defined as the number of connected vox- 

ls within a distance that are dependent on the center voxel). In- 

ensity and textural features can be extracted either from the orig- 

nal images or from filtered versions of the images (obtained by 

pplying filters such as Fourier or Wavelet transform), with about 

 hundred features extracted for each image version. 

Nowadays, most radiomic analyses focus on three-dimensional 

eatures (e.g., features extracted from a volumetric ROI), in 

oth coronary plaque [ 29 , 33 , 35 , 38 , 41 , 42 , 45 ] and PCAT studies

 35 , 37 , 39 , 43 , 45 , 47 , 48 ]. However, examples of bi-dimensional coro-

ary plaque radiomic analyses can be found [ 36 , 40 ], in which ra-

iomic features were extracted from a bi-dimensional ROI. Differ- 

nt software can be used to extract radiomic features, including 

yRadiomics (Python environment) [ 36 , 40 , 45 , 47 ], Radiomics Image

nalysis (R environment) [ 38 , 39 , 42 ], Radiomics by Siemens Health-

neers [ 29 , 40 , 41 ], CoronaryDoc [ 43 ], Artificial intelligence Kit by GE

ealthcare [ 37 ], Research Portal V1.1 (United Imaging Intelligence, 

o., Ltd.) [ 48 ], and TIMEslice [ 45 ]. 

eature selection 

To address the high dimensionality of data, feature selection ap- 

roaches, based on filter or wrapper methods, are usually applied 

eading to the identification of a subset of stable, robust, and in- 

ormative features. Filter methods are based on the feature rele- 

ance as measured by univariate statistics, hence independent on 

he classification model. Examples of studies that used only fil- 

er methods considered Spearman’s correlation coefficient [ 40 ], in- 

raclass correlation coefficient (ICC) [ 37 ], false positive rate test 

r familywise error rate test [ 38 ], minimum redundancy maxi- 

um relevance (MRMR) [ 41 , 45 ], and linear regression [ 39 ]. Wrap-

er methods iteratively select or eliminate features by training a 

odel and evaluating its performance in cross-validation. Studies 

sing wrapper methods alone include backward stepwise logistic 

egression (LR) [ 42 ] and least absolute shrinkage and selection op- 

rator (LASSO) LR [ 36 , 40 , 43 ]. The feature selection process may en-

ompass several steps of the filter or wrapper methods, or both. 

xamples include the combination of the ICC analysis and the F- 

est [ 33 ], or the Boruta algorithm followed by XGBoost algorithm 

 29 ], LASSO regression and MRMR [ 48 ] (also with prior ICC evalu-

tion [ 45 ]), ICC followed by univariate logistic analysis and Boruta 

lgorithm [ 47 ], as well as the Analysis of Variance combined with 

he Recursive Feature Elimination and Relief method [ 35 ]. 

No single approach is inherently superior to others. Typically, 

arious feature selection methods are assessed through internal 

alidation, and the most effective one is subsequently applied to 
50
he test set. This process follows a partition of the training-test 

ataset, as detailed below. 

achine learning model building 

Fig. 4 shows the optimal study design for ML models develop- 

ent. A training set should be used for feature selection process 

nd model training, a validation set to identify optimal model pa- 

ameters, and a test set to evaluate the performance of the model 

n unseen data. Performance on an independent external valida- 

ion set should be assessed to further demonstrate the general- 

zability of the developed model. The optimal dataset partition 

training, validation, and test set) has been used in a few studies 

 29 , 33 , 39 , 45 ]. Usually, due to the low sample size in the available

atasets, the training-test partition is adopted and cross-validation 

s performed within the training test [ 35–38 , 40 , 43 , 47 , 48 ]. In some

ases, cross-validation was performed on the entire dataset to fine- 

une the model parameters [ 39 , 41 ]. However, this led to the gen-

ration of multiple ML models (with different parameters), whose 

erformance on a new dataset was not tested, thus limiting their 

linical applicability. 

Usually, several models are trained and their performance in 

he validation set is compared to find the best one that will 

hen be used in the test set. To quantify and compare the mod- 

ls, performance metrics are computed, based on the true pos- 

tive (TP), false positive (FP), true negative (TN) and false nega- 

ive (FN). The most used performance metrics are the sensitivity 

i.e., true positive rate, or recall, computed as TP/(TP + FN)), speci- 

city (i.e., true negative rate, computed as TN/(TN + FP)), accuracy 

i.e., (TP + TN)/(TP + TN + FP + FN)), F1 score (i.e., 2TP/(2TP + FP + FN)),

eceiving operating curves (ROC, displaying the true positive rate 

s. false positive rate (FPR)), and area under the curve (AUC). 

Among the widely adopted models that perform well in the 

eld of vulnerable plaque classification and MACE prediction are: 

egression models, such as LR [ 29 , 36 , 41 , 45 , 48 ], LR via LASSO [ 35 ],

eneralized LR [ 43 ], and least angle regression [ 38 ], and embedded

odels, such as random forest [ 40 , 45 ], eXtreme Gradient Boost- 

ng (XGBoost) [ 39 , 42 ], and gradient-boosting decision tree [ 33 , 37 ].

oreover, linear support vector classifiers [ 35 ], decision trees [ 47 ], 

nd Naïve Bayes [ 40 ] have demonstrated good performance. As for 

he feature selection methods, there is not a definitive superior al- 

orithm among them. In standard practice, these algorithms un- 

ergo evaluation within an internal validation framework, and the 

ost effective method is subsequently applied to the test set. 

adiomics of coronary plaques 

Below, state-of-the-art of radiomics studies on coronary plaques 

imed at classifying plaques, identifying vulnerable plaques or 

redicting MACE, are reviewed, focusing on the objectives, study 

esign, and key findings ( Table 1 ). Moreover, a recently pro- 

osed scoring tool, METhodological RadiomICs Score (METRICS), 

as adopted to evaluate the methodological quality of the ra- 

iomic studies [ 30 ], with the score reported in Table 1 . 

laque classification 

Two radiomic studies focused on the classification of plaques, 

epending on their composition [ 33 , 42 ]. Yunus et al. [ 42 ], de-

eloped a radiomic classifier for differentiating between calcified, 

on-calcified, mixed plaques and a control group, as labeled by 

xpert radiologists. The dataset included 202 patients (with 163 

ormal arteries, 150 calcified, 85 non-calcified and 208 mixed 

laques), divided into training and test sets. Four ML models were 

eveloped, considering (i) first-order, (ii) texture/second-order, (iii) 

hape, and (iv) all features as input. Model 1 (first-order features) 
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Table 1 

Studies on radiomics of coronary plaque. 

Study Aim Dataset Results METRICS 

Yunus et al., 

2022 [ 42 ] 

Plaque multiclass classification Monocentric, mono-vendor 

202 patients, 606 plaques 

Random split training test (80 %–20 %) 

with 5-fold cross-validation on the 

training 

a. First-order features model AUC = 0.91 (normal), 

AUC = 0.83 (calcified) AUC = 0.69 (non-calcified) 

AUC = 0.77 (mixed) 

b. Textural features model AUC = 0.86 (normal) 

AUC = 0.78 (calcified) AUC = 0.72 (non-calcified) 

AUC = 0.74 (mixed) 

c. Shape features model AUC = 0.50 (normal) 

AUC = 0.68 (calcified) AUC = 0.58 (non-calcified) 

AUC = 0.62 (mixed) 

d. All radiomic features model AUC = 0.93 (normal) 

AUC = 0.82 (calcified) AUC = 0.69 (non-calcified) 

AUC = 0.76 (mixed) 

52.9 

Jin et al., 2022 

[ 33 ] 

1. Calcific vs. non calcific 

plaque classification 

2. Prediction of the stenosis 

grading 

Multicentric, multi-vendor. 

Training: 135 plaques 

Validation: 50 plaques 

Test: 52 plaques 

1. Plaque classification 

Radiomic model AUC = 0.873 

2. Plaque grading 

Radiomic model AUC = 0.910 

75.5 

Lin et al., 2022 

[ 38 ] 

Culprit vs. non-culprit plaque 

classification 

Multicentric, mono-vendor 

Training-validation-test: 180 plaques. 

10-fold cross-validation 

External Validation: 35 plaques 

a. Radiomic + conventional plaque characteristics 

AUC = 0.86 

b. conventional plaque model AUC = 0.76 

p = 0.004 

69.9 

Chen et al., 

2021 [ 41 ] 

Identification of thin-cap 

fibroatheroma (TCFA) 

Monocentric, mono-vendor 

33 patients, 43 plaques. 5-fold 

cross-validation with 100 repeats 

a. Radiomic model AUC = 0.952 

b. Conventional plaque model AUC = 0.621 

c. FAI AUC = 0.52 

p < 0.001 (a) vs. (b); (a) vs. (c); (b) vs. (c) 

62.3 

Chen et al., 

2023 [ 29 ] 

1. Identification of vulnerable 

plaques 

2. MACE prediction. 

Multicentric, multi-vendor 

Vulnerability study 

Training: 419 plaques 

Test: 68 plaques 

External validation: 47 plaques 

MACE study 

691 patients 

1. Plaque vulnerability 

a. Radiomic model AUC = 0.80 (test) 

b. Radiomic model AUC = 0.77 (external validation) 

c. Radiomic + conventional plaque model AUC = 0.81 

(entire dataset) 

d. Conventional plaque model AUC = 0.73 (entire 

dataset) 

p < 0.01 (c) vs. (d) 

2. MACE prediction 

e. Traditional cardiovascular risk C-index = 0.64 

f. Traditional cardiovascular risk + CT parameters 

C-index = 0.69 

g. Radiomic signature + traditional cardiovascular 

risk + CT parameters C-index = 0.72 

p < 0.01 (e) vs. (g); (f) vs. (g) 

80.1 

Eslami et al., 

2020 [ 34 ] 

MACE prediction by 9 years Multicentric, mono-vendor 

Training: 318 patients. 3-fold 

cross-validation 

Test: 306 patients 

a. Radiomic signature AUC = 0.76 

b. Radiomic signature + Agatston score AUC = 0.79 

c. Agatston score AUC = 0.73 

p > 0.05 

A subset of patients with Agatston scores ≤ 300 

d. Radiomic signature + Agatston score AUC = 0.80 

e. Agatston score alone AUC = 0.63 

p = 0.03 

71.2 

Hu et al., 2020 

[ 36 ] 

1. Identification of 

hemodynamically significant 

plaques 

2. MACE prediction by 1 year 

Monocentric, multi-vendor 

Training: 88 patients, 105 lesions. 

Test: 31 patients 

1. Identification of hemodynamically significant 

plaque (training set) 

a. Radiomic model AUC = 0.76 

b. Conventional plaque model AUC = 0.63 

p = 0.058 

2. MACE prediction 

c. Radiomic model AUC = 0.67 

d. Conventional plaque model AUC = 0.59 

p = 0.441 

59.5 

Li et al., 2021 

[ 40 ] 

Identification of 

hemodynamically significant 

plaques 

Monocentric, mono-vendor 

149 patients, 174 plaques. 

Random split training test 

a. Radiomic model AUC = 0.77 

b. Conventional plaque model AUC = 0.77 

p = 0.58 

62.1 

Kolossváry 

et al., 2019 

[ 49 ] 

Early vs. advanced 

atherosclerotic plaque 

classification 

Monocentric, mono-vendor 

7 hearts: 21 coronary arteries - 445 

cross-sections 

Random training-test split (75 %–25 

%) with 5-fold cross-validation on the 

training set 

a. Radiomic model AUC = 0.73 

b. Visual assessment AUC = 0.65 

c. Area of low attenuation AUC = 0.55 

d. Average Hounsfield unit AUC = 0.53 

p < 0.05 (a) vs. (b) 

56.4 

Li et al., 2022 

[ 50 ] 

Vulnerable vs. non-vulnerable 

plaque classification 

Monocentric, multi-vendor 

Training: 36 hearts, 350 plaques, (with 

stratified 5-fold cross-validation) 

Test: 8 hearts, 196 plaques 

a. Radiomic models AUC = 0.78 

b. Conventional plaque model AUC = 0.66 

p < 0.001 

61.3 

AUC: Area under the receiving operating characteristic curve; MI: myocardial infarction; CAD: coronary artery disease; TCFA: thin-cap fibroatheroma; MACE: major adverse 

cardiac event; FFR: fractional flow reserve; C-index: concordance index. METRICS: METhodological RadiomICs Score [ 30 ] 

51



A. Corti, F. Lo Iacono, F. Ronchetti et al. Trends in Cardiovascular Medicine 35 (2025) 47–59

Fig. 4. Schematic representation of dataset partition for machine learning approaches. (A) The dataset is divided into a training set and test set; (B) internal validation can 

be performed via a k-fold cross-validation (CV), CV, or single split training-validation to obtain the optimal model. 
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erformed best in classifying calcified (F1 score = 0.78) and mixed 

laques (F1 score = 0.76) and, together with model 4, normal ar- 

eries (F1 score = 0.88). Conversely, model 2 (texture/second or- 

er features) performed best in identifying non-calcified plaques 

F1 score = 0.63). The study provided insights into the role of ra- 

iomic feature classes in detecting plaque composition, with shape 

eatures emerging as irrelevant for plaque composition classifica- 

ion. Similarly, Jin et al. [ 33 ] proposed a radiomic approach to de-

ect calcified vs. non-calcified and mixed plaques, and to predict 

he stenosis degree as labeled by radiologists. The study analyzed 

 multicenter, multivendor dataset of 237 plaques with different 

omposition (149 calcified, 26 non-calcified, 62 mixed plaques) and 

egree of stenosis (31 with minimal, 122 with mild, 41 with mod- 

rate, 37 with severe stenosis and 6 occluded), partitioned into a 

raining set (center 1), validation set (centers 2, 3, and 4), and test 

et (center 5). A deep learning approach was employed for image 

re-processing (coronary artery segmentation, plaque candidate 

etection, and image patch extraction). Achieving an AUC ∼0.9, this 

pproach enabled an automatic assessment of plaque composition 

nd grading, significantly reducing the time required (56.2 ±5.7 s 

s. 285.6 ±134.5 s, p = 0.0 0 01 for single-patient analysis by the au-

omated tool and radiologist, respectively) while maintaining accu- 

acy, reliability and generalizability. 

laque vulnerability and MACE prediction 

Within the context of plaque vulnerability, a study by Lin et al. 

 38 ] aimed to evaluate differences in radiomic features between 

ulprit and non-culprit lesions in patients with MI or lesions in 

table CAD patients. A dataset of 180 plaques in the training set 

nd 35 plaques in the test set was considered (overall encompass- 

ng 79 culprit lesions in MI patients, 60 non-culprit lesions in MI 

atients, and 76 non-culprit lesions in stable CAD patients). Culprit 

esions presented a unique radiomic phenotype compared with all 

on-culprit lesions or a subset of high-grade stenosis non-culprit 

esions. The inclusion of the 18 most significant radiomic features 

n a ML model with conventional plaque characteristics (high-risk 
52
laques by qualitative CCTA analysis, plaque volume, and volume 

nd composition of low-density non-calcified plaques) provided 

etter performance compared with conventional plaque analysis 

n discriminating culprit from non-culprit higher-grade stenosis 

laques (AUC = 0.86 vs. AUC = 0.76; p = 0.004). The relevance of these

esults is limited by the fact that culprit plaques were analyzed 

fter MI. Consequently, (i) they might exhibit specific characteris- 

ics due to inflammation and (ii) the radiomic features identified 

o distinguish culprit plaques might be less effective for early pre- 

iction of vulnerable plaques before MI. 

The identification of vulnerable plaques was also pursued by 

hen et al. [ 29 , 41 ]. In a first study [ 41 ], the authors developed

 radiomic model to identify TCFA as labeled through OCT, con- 

idering a dataset of 43 plaques (including 17 TCFA lesions). The 

odel outperformed conventional plaque analysis and FAI in de- 

ecting TCFA, with an AUC of 0.95 vs. 0.62 and 0.52, respectively 

p < 0.001). Despite the smallness of the dataset and the use of 5- 

old cross-validation (without a test set), the results highlighted 

he potential of CCTA radiomics in providing a non-invasive tool 

or better identification of vulnerable plaques than conventional 

CTA-based plaque analysis. Later, the authors expanded the anal- 

sis by considering a multicentric dataset, with 419 plaques from 

enter 1 (331 vulnerable, 88 non-vulnerable as defined by IVUS) 

or model development, 68 plaques from center 1 (64 vulnera- 

le, 4 non-vulnerable) for model testing, and 47 plaques from cen- 

ers 2-3 (32 vulnerable, 15 non-vulnerable), for external valida- 

ion [ 29 ]. The developed radiomic signature provided an AUC = 0.80 

nd AUC = 0.77 on the internal and external test sets, respectively. 

onsidering the entire dataset, adding the radiomic signature to 

onventional plaque features (high-risk plaques based on CCTA 

nalysis, total plaque, non-calcified plaque, and necrotic core vol- 

me) improved the identification of vulnerable plaques compared 

o conventional plaque analysis alone (AUC = 0.81 vs. AUC = 0.73, 

 < 0.01). Interestingly, in a prospective dataset of 691 patients (61 

ith MACE within a 3-year follow-up), the radiomic signature was 

ndependently associated with MACE (hazard ratio = 2.01; p = 0.005) 

nd demonstrated enhanced prognostic performance (higher con- 
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ordance index) when combined with traditional cardiovascular 

isk factors and CT anatomical parameters, compared to cardiovas- 

ular risk factors alone or their combination with CT parameters 

p < 0.01). Despite these promising results, the radiomic signature 

ad a high FPR, with only 12 % of patients with high radiomic sig- 

atures experiencing MACE, possibly due to a later stabilization of 

ulnerable plaques. To our knowledge, this study [ 29 ] represents 

he most relevant radiomic analysis of plaque vulnerability and 

ACE prediction to date, given the large dataset and the inclusion 

f both retrospective and prospective cohorts. 

Regarding MACE prediction, two studies compared the effec- 

iveness of radiomics to conventional plaque analysis but did not 

chieve promising results [ 34 , 36 ]. Eslami et al. [ 34 ] developed a

adiomic signature of coronary artery calcium from cardiac CT in a 

ohort of 318 patients (30 MACE) and validated it in another co- 

ort of 306 patients (29 MACE) with median follow-up time of 

.1 years, utilizing two cohorts of the Framingham Heart Study. 

lthough the radiomic signature was significantly associated with 

ACE (hazard ratio = 1.8, adjusted for Framingham risk score and 

gatston score; p = 0.01), it did not show superior discriminatory 

bility in predicting them compared to the Agatston score alone 

AUC = 0.76 vs. 0.73; p = 0.25) or in combination with the Agatston

core (AUC = 0.79 vs. 0.73, p = 0.05). Hu et al. [ 36 ] developed a ra-

iomic model to identify significant ischemic plaques as defined by 

ractional flow reserve (FFR), using a dataset of 105 lesions (with 

8 labelled as hemodynamically significant by FFR), and tested its 

redictive ability for MACE in 31 patients (15 with MACE). Al- 

hough some trends were observed in the training dataset, the re- 

ults were not significant in either identifying ischemic plaques or 

redicting MACE, as confirmed by a later study by Li et al. [ 40 ]. 

x-vivo studies: plaque classification based on histological evaluation 

Two studies considered histological evaluation rather than other 

maging modalities for plaque labelling, aiming to assess whether 

adiomics could serve as a non-invasive alternative for predicting 

istopathological outcomes [ 49 , 50 ]. Kolossvary et al. [ 49 ] showed

hat radiomics surpassed visual (based on plaque attenuation pat- 

ern) and quantitative (based on area of low attenuation and av- 

rage Hounsfield units) assessments of ex-vivo CT cross-sections in 

dentifying advanced atherosclerotic plaques as labeled by histo- 

ogical assessment. This prospective study involved 21 coronary ar- 

eries from 7 hearts, with the analysis of 445 cross-sections (30 % 

f which had advanced lesions). The dataset was partitioned into 

raining and test sets and 8 different ML classifiers were trained 

nd optimized using internal cross-validation on the training set. 

he best-performing model, applied to the test set, yielded an 

UC = 0.73, significantly higher than visual assessment, low atten- 

ation area, and average HU (p < 0.05). Despite its limitation of be- 

ng based on only 7 hearts (with cross-sections from the same 

ndividuals, potentially biasing the results) and on CT images ac- 

uired from ex-vivo samples, the study indicated that radiomics 

s a promising, objective and non-invasive approach for better 

laque stratification compared to current visual and histogram- 

ased methods of assessment. 

A similar ex-vivo analysis was performed by Li et al. [ 50 ], 

ho developed a radiomics-based ML approach to identify vul- 

erable plaques labeled by histological evaluation. The study con- 

idered 350 plaque cross-sections from 36 transplanted hearts 

200 of which with vulnerable plaques) for model training and 

evelopment, and 196 plaque cross-sections from 8 transplanted 

earts (132 of which with vulnerable plaques) for model testing. 

wo CCTA scanning equipment were used for the training and 

est sets. Eight classifiers were trained and the three best mod- 

ls were applied to the test set. All three models outperformed 

he conventional CCTA visual assessment in identifying vulnerable 
53
laques, with an AUC ∈ [0.75-0.78] for the radiomic models and an 

UC = 0.66 for the conventional one ( p < 0.001). 

trengths and limitations 

An advanced frontier within CCTA radiomics of coronary 

laques involves developing models to predict vulnerable plaques, 

s identified through invasive imaging techniques. Recent studies 

ave yielded promising outcomes, underscoring the substantial su- 

eriority of radiomics over conventional plaque analysis in distin- 

uishing vulnerable plaques. Among these studies, the investiga- 

ion by Chen et al. [ 29 ] stands as the most sophisticated radiomic

nalysis. Notably, this study used a multi-centric and multiven- 

or dataset and validated its findings on both test (AUC = 0.80) and 

xternal validation (AUC = 0.77) datasets. Nevertheless, further re- 

earch using larger and prospective datasets is imperative to estab- 

ish robust radiomic models capable of providing semi-automatic 

nd reliable assessments of plaque vulnerability, potentially replac- 

ng traditional CCTA plaque analysis. 

Concerning MACE prediction, the majority of proposed studies 

ielded results that were neither significant nor promising. An ex- 

eption was observed in the study conducted by Chen et al. [ 29 ],

here integrating radiomics with traditional risk factors and CT 

arameters notably enhanced prognostic performance. Given the 

imited number of studies addressing MACE prediction, additional 

nvestigations in this area are crucial for advancing the field. 

As of now, in predicting hemodynamically significant plaques 

dentified through invasive FFR, radiomic studies have not yielded 

ignificantly superior results when compared to conventional 

laque analysis. This suggests the need for additional research en- 

eavors to make advancements in this field. 

In the context of plaque classification studies, while achiev- 

ng commendable results (AUC > 0.8), these models were developed 

y using the classification provided by expert radiologists as gold 

tandard. Therefore, future efforts should prioritize the identifi- 

ation of plaque composition, as determined by invasive imaging 

odalities, to provide auxiliary tools for radiologists’ activities. 

Ultimately, ex-vivo radiomic studies derive their strength from 

sing histological evaluation as the gold standard, aiming to estab- 

ish radiomics as a non-invasive alternative for predicting patho- 

ogical outcomes. Nevertheless, these analyses predominantly re- 

ied on cross-sections rather than complete plaque volumes and 

ere limited by a restricted number of samples. Consequently, 

arger sample sizes and multicenter longitudinal studies will be 

eeded to foster the development of more reliable and broadly ap- 

licable predictive radiomic models. 

The assessment of the studies through the METRICS tool catego- 

ized 3 studies as “moderate” (with METRICS score between 40 % 

nd 60 %), 6 as “good” (with METRICS score between 60 % and 80 

) and 1 nearly “excellent”, with METRICS = 80.1 %. Most of the 

tudies lacked multicentric analyses and external validation, pro- 

ided insufficient reporting of image preprocessing methods, seg- 

entation processes and features extraction details, did not per- 

orm features stability analysis and model calibration, and gener- 

lly did not share codes or data. 

adiomics of pericoronary adipose tissue 

Below, state-of-the-art radiomic studies on PCAT, aimed at 

lassifying plaque types, identifying hemodynamically significant 

laques or predicting MACE, are reviewed, focusing on the aims, 

tudy design, and key findings ( Table 2 ). Similarly to the plaque 

adiomic studies, the methodological quality of the PCAT radiomic 

nalyses was assessed through METRICS [ 30 ], with the score re- 

orted in Table 2 . 
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Table 2 

Studies on radiomics of pericoronary adipose tissue. 

Study Aim Dataset Results METRICS 

Jiang et al., 

2022 [ 35 ] 

1. Normal vs. non-calcified 

plaque classification 

2. Vulnerable vs. 

non-vulnerable non-calcified 

plaque classification 

Monocentric, mono-vendor 

431 patients 

Random training-test split (70 %–30 %) 

1. normal vs. non-calcified 

a. Radiomic model AUC = 0.83 

b. Combined radiomic-clinical model AUC = 0.90 

p > 0.05 

2. vulnerable vs. non-vulnerable 

c. Radiomic model AUC = 0.75 

d. Combined radiomic-clinical model AUC = 0.75 

p > 0.05 

57.3 

Wen et al., 

2021 [ 47 ] 

Identification of 

hemodynamically significant 

plaques 

Monocentric, mono-vendor 

121 plaques 

Random training-test split (80 %–20 

%). 

a. Radiomic model AUC = 0.73 

b. PCAT attenuation model AUC = 0.60 

c. Combined radiomic + PCAT attenuation model 

AUC = 0.81 

p > 0.05 (a) vs. (b) 

p = 0.015 (b) vs. (c) 

56.2 

Zhou et al., 

2023 [ 37 ] 

Identification of 

hemodynamically significant 

plaques 

Multicentric, mono-vendor 

306 vessels 

Random training-test split (75 %–25 %) 

a. conventional model (plaque, EAT characteristics, 

and PCAT attenuation) AUC = 0.70 

b. Radiomic model AUC = 0.74 

c. Combined model (radiomic score + conventional 

features) AUC = 0.81 

p > 0.05 (a) vs. (b,c) 

p = 0.012 (b) vs. (c) 

66.3 

Yu et al., 2023 

[ 44 ] 

Identification of 

hemodynamically significant 

plaques 

Monocentric, mono-vendor, 

180 plaques 

Random training-test split (66 %–34 %) 

a. Radiomic model AUC = 0.74 

b. CT-FFR model AUC = 0.79 

c. Combined model AUC = 0.87 

p = 0.6 (a) vs. (b) 

p < 0.05 (c) vs. (a) and (c) vs. (b) 

55.6 

Oikonomou 

et al., 2019 

[ 51 ] 

MACE prediction by 5 years Multicentric, multi-vendor 

Training, validation, test: 202 patients. 

80–20 % random stratified split 

External validation: 1575 patients 

a. Radiomic signature AUC = 0.77 (test) 

b. Conventional model + radiomic signature 

AUC = 0.88 (external validation) 

c. Conventional model AUC = 0.75 (external 

validation) 

p < 0.001 (b) vs. (c) 

79.3 

Lin et al., 2020 

[ 39 ] 

Classification of patients with 

acute MI vs. stable CAD vs. no 

CAD 

Monocentric, mono-vendor, 180 

patients. 10-fold cross-validation 

a. Clinical model: AUC = 0.76 

b. Clinical + PCAT attenuation model AUC = 0.77 

c. Clinical + PCAT attenuation + radiomic model 

AUC = 0.87 

p < 0.001 (a) vs. (c); (b) vs. (c) 

65.9 

Si et al., 2022 

[ 48 ] 

Classification of patients with 

MI vs. UA 

Monocentric, mono-vendor, 210 

patients 

Random training-test split (70 %–30 %) 

5-fold cross-validation on training 

a. LAD-radiomic model AUC = 0.8 

b. LCx-radiomic model AUC = 0.88 

c. RCA-radiomic model AUC = 0.88 

d. FAI model AUC = 0.5 

( a,b,c ) vs. (d) p < 0.0001 

e. Combined radiomic-FAI model AUC = 0.95 

p < 0.05 (e) vs. (a,c,d); p > 0.05 (e) vs. (b) 

65.3 

Wang et al., 

2023 [ 45 ] 

Classification of patients with 

MI vs. UA 

Monocentric, multi-vendor, 216 

patients. Training (116), validation 

(50) test (50) split based on date of 

admission 

a. EAT radiomic model AUC = 0.69 

b. RCA radiomic model AUC = 0.82 

c. LAD radiomic model AUC = 0.76 

d. LCx radiomic model AUC = 0.67 

e. Combined radiomic model AUC = 0.86 

p < 0.05 (d) vs. (e) 

56.8 

Dong et al., 

2023 [ 43 ] 

Classification of CAD vs. no 

CAD in patients with type 2 

diabetes mellitus 

Monocentric, mono-vendor, 229 

patients. 

Random training-test split (70 %–30 %) 

a. Clinical model AUC = 0.69 

b. Clinical + image model AUC = 0.93 

c. Clinical + Radiomic model AUC = 0.69 

d. Clinical + image + radiomic model AUC = 0.92 

p < 0.001 (a) vs. (b); (b) vs. (c); (d) vs. (a); (d) vs. (c) 

49.8 

PCAT: pericoronary adipose tissue; EAT: epicardial adipose tissue; AUC: Area under the receiving operating characteristic curve; MI: myocardial infarction; CAD: coronary 

artery disease; UA: unstable angina; MACE: major adverse cardiac event; FFR: fractional flow reserve; FAI: fat attenuation index; RCA: right coronary artery; LAD: left anterior 

descending artery; LCx: left circumflex artery. METRICS: METhodological RadiomICs Score [ 30 ] 
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laque classification 

To our knowledge, only one study used PCAT-based radiomics 

o classify plaque types [ 35 ]. Jiang et al. [ 35 ] developed a PCAT-

ased radiomic model (proximal right coronary artery (RCA)) based 

n non-contrast CT scans to distinguish between normal arter- 

es and non-calcified plaques, and further classify non-calcified 

laques into vulnerable and non-vulnerable plaques (as labeled by 

CTA). The study included 431 patients, among whom 173 had 

on-calcified plaques, including 59 with vulnerable plaques. The 

ataset was split into training (with internal cross-validation) and 

est cohorts. The radiomic model achieved an AUC = 0.83 for distin- 

uishing normal coronary arteries from non-calcified plaques, and 
54
n AUC = 0.75 for differentiating vulnerable from non-vulnerable 

laques. Incorporating clinical variables did not significantly im- 

rove performance. These findings suggested the feasibility of pre- 

iminary screening of patients with CAD using non-contrast CT 

cans, which are commonly used in clinical settings and do not 

equire contrast agents, unlike CCTA. 

dentification of hemodynamically significant plaques 

PCAT-based radiomics has also been explored for identifying 

emodynamically significant coronary artery stenosis, as assessed 

y invasive FFR [ 37 , 44 , 47 ]. In a study by Wen et al. [ 47 ], 121 le-

ions were evaluated, with 55 identified as hemodynamically sig- 
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ificant. CCTA-based radiomic models were developed consider- 

ng PCAT features extracted from left anterior descending artery 

LAD), RCA, and left circumflex artery (LCx) and compared with 

 model based on visual evaluation of PCAT attenuation. Addi- 

ionally, a combined model incorporating the best radiomic model 

ith PCAT attenuation was developed. Although the radiomic mod- 

ls did not significantly outperform the PCAT attenuation model 

lone, their combination resulted in significantly higher perfor- 

ance than the PCAT attenuation model alone (AUC = 0.81 vs. 0.60, 

 = 0.015). Despite being derived from a relatively small and single- 

enter dataset, these results demonstrated the added value of PCAT 

adiomics in non-invasively identifying hemodynamically signifi- 

ant lesions, potentially reducing the need for unnecessary FFR 

easurements. Similar results were obtained by Zhou et al. [ 37 ], 

ho developed a PCAT-based radiomic model to diagnose hemody- 

amically significant lesions (labeled by FFR) and compared its per- 

ormance with a conventional model based on plaque features, EAT 

haracteristics, and PCAT attenuation, using a multicentric dataset 

f 306 vessels (124 of which were labeled as hemodynamically 

ignificant) divided into training-test sets. The AUCs of the ra- 

iomic and conventional models were not significantly different, 

ut combining the radiomic score with conventional features sig- 

ificantly enhanced diagnostic performance compared to the con- 

entional model (AUC = 0.81 and 0.70, p = 0.012). A recent study by 

u et al. involving 180 lesions (68 of which were hemodynamically 

ignificant) [ 44 ], further evaluated the diagnostic performance of 

CAT-based radiomics versus CT-FFR and the combination of both 

n detecting hemodynamically significant lesions. CT-FFR predic- 

ions were derived from a ML model trained on computational 

uid-dynamic simulations previously conducted in coronary arter- 

es reconstructed from CCTA. Interestingly, PCAT-based radiomics 

emonstrated comparable performance to CT-FFR, positioning it 

s a feasible alternative to the more computationally demanding 

T-FFR approach. Moreover, their combination resulted in a sig- 

ificantly higher AUC compared to the single models (combined 

odel AUC = 0.87 vs. radiomic model AUC = 0.74 and CT-FFR model 

UC = 0.79, p < 0.05). 

Overall, these findings confirmed the potential of PCAT-based 

adiomics in improving the detection of hemodynamically signifi- 

ant lesions. 

ACE prediction 

One of the earliest and most comprehensive investigations of 

CAT radiomics was conducted by Oikonomou et al. [ 51 ], focusing 

n the prognostic capability of a PCAT-based radiomic signature in 

redicting MACE by 5 years. The PCAT-based radiomic signature 

as developed using a multicentric dataset, composed of 202 pa- 

ients (101 with MACE) for model training, validation and internal 

esting (80–20 % split) and further validated on a prospective ex- 

ernal validation set of 1575 patients (432 with MACE or late revas- 

ularization), from the CRISP-CT and SCOT-HEART trials [ 52 , 53 ]. In 

he internal test set, the radiomic signature achieved an AUC = 0.77 

or predicting MACE and significantly stratified high-risk from low- 

isk patients when an optimal threshold was applied (HR = 10.84). 

oreover, when integrated into a conventional model based on 

linical factors, the AUC significantly improved compared to the 

onventional model alone on the external validation set (AUC = 0.88 

s. AUC = 0.75, p < 0.001). Finally, the developed PCAT radiomic sig- 

ature showed significant differentiation in 44 patients with acute 

I compared to 44 matched controls (p < 0.001), further validating 

he predictive power of PCAT radiomics. 

Lin et al. [ 39 ] further investigated the capability of CCTA-based 

CAT radiomics to differentiate patients with acute MI from those 

ith stable or absent CAD. The study included 60 patients with 

I, 60 with stable CAD, and 60 without CAD. PCAT was segmented 
55
round the proximal RCA and, for MI patients, also around cul- 

rit and non-culprit lesions. A preliminary statistical analysis re- 

ealed that patients with acute MI exhibited a distinct PCAT ra- 

iomic phenotype, with 182 features significantly differing from 

atients with stable CAD and 224 features distinct from individuals 

ithout CAD, out of 1103 analyzed radiomic variables. These differ- 

nces predominantly involved textural and shape features. Using a 

ross-validation on the entire dataset, the authors developed three 

L models, based on (i) clinical features, (ii) clinical features and 

CAT attenuation, and (iii) clinical features, PCAT attenuation, and 

adiomic features. The third model outperformed both the second 

nd first models (AUC = 0.87, AUC = 0.77, and AUC = 0.76, respectively, 

 < 0.001). Interestingly, the authors also found that radiomic fea- 

ures did not significantly differ between culprit and non-culprit 

esions in patients with MI, suggesting that patients with MI have 

iffuse coronary inflammation globally affecting PCAT regardless 

esion location. Furthermore, PCAT radiomic features in MI patients 

id not present significant changes at a 6-month follow-up, sug- 

esting that coronary inflammation resulted in irreversible PCAT 

odifications. Overall, these results demonstrate the potential of 

CAT radiomics in understanding coronary inflammation and char- 

cterizing MI patients. 

A similar study was performed by Si et al. [ 48 ] to eval-

ate the ability of PCAT-based radiomics in distinguishing pa- 

ients with MI from those with unstable angina (n = 105 pa- 

ients for both groups). PCAT was segmented from the RCA, 

AD, and LCx, and FAI was computed. Five models were de- 

eloped: a FAI model comprising FAI values of the three coro- 

ary arteries, three separate radiomic models (one for each coro- 

ary artery), and a combined model, integrating the scores from 

AI model and the radiomic model. A random training-test split 

f the dataset was applied. PCAT radiomics demonstrated su- 

eriority in identifying MI patients compared to the FAI model 

LAD-radiomic AUC = 0.85, LCx-radiomic AUC = 0.88, RCA-radiomic 

UC = 0.88, FAI model AUC = 0.50; p < 0.0 0 01). The combined model

chieved an AUC = 0.95, although not significantly different from 

he LCx-radiomic model. These results further support the poten- 

ial of PCAT radiomics in characterizing patients with MI. 

Differently, Wang et al. [ 45 ] focused exclusively on patients 

ith non-ST-segment elevation MI (NSTEMI), who are more diffi- 

ult to diagnose than patients with ST-segment elevation MI and 

ave symptoms similar to patients with unstable angina, but with 

yocardial cell necrosis. A dataset of 108 NSTEMI patients and 

08 patients with unstable angina was considered and divided into 

raining, validation, and test cohorts. Five models were developed, 

ased on radiomic features extracted from epicardial adipose tis- 

ue (EAT) or from PCAT of the RCA, LAD, and LCx as well as the

ombination of these three PCAT radiomic models. While in the 

alidation cohort, the combined model significantly outperformed 

he EAT, LAD, and LCx models, in the test cohort a significant dif- 

erence was found only compared to the LCx model (AUC = 0.86, 

UC = 0.69, AUC = 0.82, AUC = 0.76, and AUC = 0.67 for the combined,

AT, RCA, LAD, and LCx models). Overall, the results were consis- 

ent with the previous studies [ 39 , 48 ] and suggested that PCAT- 

ased radiomics has potentials in stratifying patients with NSTEMI 

r unstable angina. 

Despite the promising results presented so far, PCAT radiomics 

as shown limited performance in identifying CAD in patients with 

ype 2 diabetes mellitus, as evidenced by a recent study by Dong 

t al. [ 43 ]. The authors found that a model based only on clin-

cal factors and CT image parameters had superior performance 

AUC = 0.93) compared to the model based on clinical factors and 

CAT radiomic features (AUC = 0.69), p < 0.001. Moreover, the com- 

ined model integrating clinical factors, CT image parameters, and 

adiomic features, achieved a high performance (AUC = 0.92) but 

id not significantly outperform the model based on clinical fac- 
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ors and CT image parameters alone (p = 0.776), indicating that the 

ddition of radiomic features did not improve discrimination abil- 

ty. The authors attributed this finding to the peculiar aspects char- 

cterizing patients with type 2 diabetes mellitus, as the high coro- 

ary inflammation, potentially affecting PCAT. 

trengths and limitations 

In the context of identifying hemodynamically significant 

laques assessed via invasive FFR, PCAT radiomics demonstrated 

omparable performance to conventional PCAT analysis, and their 

ombination exhibited superiority. Notably, only one study utilized 

CAT radiomics for plaque classification, producing results consis- 

ent with other studies on plaque radiomics. Regarding MACE pre- 

iction, several studies reported AUC > 0.8 in discriminating MI, no- 

ably superior to clinical or FAI-based models. However, most stud- 

es were based on monocentric and relatively small datasets. An 

xception was observed in the study by Oikonomou et al. [ 51 ], 

hich yielded significant results, demonstrating the potentiality 

f PCAT-radiomics in predicting MACE, considering a multicentric 

ataset from the CRISP-CT and SCOT-HEART trials. 

The assessment of the studies through the METRICS tool re- 

ealed 5 studies rated as “moderate” (with METRICS score between 

0 % and 60 %) and 4 studies rated as “good” (with METRICS score 

etween 60 % and 80 %). Compared to the plaque radiomics, PCAT 

adiomics studies presented more limitations, such as frequent ab- 

ence of internal testing and usage of standardized features extrac- 

ion software. Overall, PCAT radiomics is currently less advanced 

ompared to plaque radiomics, with fewer studies and more pre- 

iminary investigations. This could be attributed to several factors: 

rst, in CAD investigations, the plaque typically represents the pri- 

ary focus of analysis (being directly implicated in the pathol- 

gy), and this is mirrored in radiomic studies; second, PCAT has 

nly recently started to receive greater attention from the research 

ommunity; third, identifying and segmenting PCAT is more chal- 

enging. Future effort s should be focused on addressing these chal- 

enges and utilizing larger and prospective datasets to develop ro- 

ust, generalizable, and validated PCAT-based radiomic models. 

hallenges and future directions 

With the advancement in imaging techniques, coupled with 

rogress in AI methods and increased computational power, ra- 

iomics has emerged as a powerful AI-driven quantitative image 

nalysis technique for high-throughput data mining and extraction 

rom medical images. Radiomics has recently found applications in 

ardiovascular medicine, showing its potential as a source of non- 

nvasive markers of plaque and PCAT heterogeneity and texture. 

hese markers enable the identification of predictors of vulnerable 

oronary plaque and MACE. This review underscores that compre- 

ensive radiomic analysis of plaque and PCAT improves the identi- 

cation of vulnerable plaques and generally outperform traditional 

laque analyses in stratifying patients into high and low-risk cate- 

ories, with only a few exceptions. 

Hence, radiomics holds the potential to establish a non-invasive, 

utomated, and objective methodology for accurately assessing 

igh-risk coronary plaques, marking a significant advancement in 

recision cardiovascular medicine. However, translating radiomics 

nto clinical practice faces challenges due to the current lack of 

tandardized and generalized approaches. The radiomic pipelines 

re indeed susceptible to various sources of variabilities, includ- 

ng differences in image acquisition protocols, segmentation issues 

intra and inter-observer variability for manual segmentation), im- 

ge preprocessing steps, and methods used for feature extraction. 

hese challenges, coupled with inadequate and non-transparent re- 

orting methodologies, impede the reproducibility, generalizability, 
56
nd validation of radiomic analyses. To address these limitations 

nd work towards establishing a consensus on radiomic method- 

logies, several initiatives have been launched. For instance, the 

Image Biomarker Standardization Initiative” [ 54 ] focuses on fea- 

ures standardization, while initiatives as the Radiomics Quality 

core [ 55 ] or METRICS [ 30 ] aims to assess the quality of radiomic

tudies. Additionally, TRIPOD (transparent reporting of a multivari- 

ble prediction model for individual prognosis or diagnosis) [ 56 ] 

rovides best practice guidelines for reporting prognostic models. 

hile many of these guidelines and initiatives originated in the 

ontext of oncological radiomics, and although some aspects are 

enerally applicable, specific protocols need to be developed to 

ddress the unique challenges posed by coronary plaque studies. 

erein we conducted an evaluation of radiomic studies through 

he METRICS tool [ 30 ]. Our findings indicate that most of the stud- 

es are based on single-center datasets, lack a transparent descrip- 

ion of the image preprocessing steps and segmentation methods, 

mit radiomic features stability analysis, often do not perform ex- 

ernal validation and rarely provide access to codes or data. Over- 

ll, although several guidelines have been proposed to standardize 

adiomic studies, adherence to these guidelines appears to be gen- 

rally low, demonstrating the ongoing need for additional efforts in 

his regard. Moreover, there is a pressing need to establish specific 

tandardized reporting guidelines tailored for radiomic studies fo- 

using on vulnerable coronary plaques, to improve the consistency 

nd reproducibility of research findings. 

In addition to concerns about the reproducibility of radiomic 

ipelines, another challenge relates to data availability and quality, 

hich are pivotal for the development of robust radiomic models. 

ost of the radiomic studies reviewed herein relied on relatively 

mall, unbalanced, and monocentric datasets. Collaborative initia- 

ives and the use of large-scale, multicentric datasets can overcome 

he challenge of limited data availability, thereby enhancing the 

evelopment and validation of radiomic models. 

Despite the aforementioned limitations, this research field is 

ndeniably expanding and making a noteworthy contribution to 

he identification of vulnerable coronary plaques. Given that plaque 

ulnerability is a complex, multifactorial condition, influenced by 

he concurrent action of different biological and biomechanical fac- 

ors [ 8 ], integrating data from different sources at multiple levels 

s expected to offer a more comprehensive assessment of plaque 

haracteristics. This integrated approach could potentially enhance 

he accuracy and effectiveness of plaque stratification. From a 

iomechanical perspective, both structural mechanics and hemo- 

ynamic factors have been proposed as predictors of plaque pro- 

ression and vulnerability. Combining these factors with image- 

erived morphological factors has been found to increase predic- 

ive performance [ 25 ]. Additionally, circulating biomarkers, such 

s high sensitivity C-reactive protein, creatinine, tumor necrosis 

actor- α, and interleukin-6, have demonstrated efficacy in stratify- 

ng high-risk plaques, defined by intravascular imaging [ 57 ]. Fur- 

hermore, a recent study has identified 72 genes associated with 

oronary plaque rupture through gene correlation network analysis 

 26 ]. However, to date, a comprehensive, multilevel approach that 

ntegrates biomechanics, radiomics, circulating biomarkers, and ge- 

etic data for accurate stratification of high-risk coronary plaques 

emains elusive. Such an approach ( Fig. 5 ) could represent a break- 

hrough in predicting plaque vulnerability, overcoming the limi- 

ations of current strategies, that typically consider vulnerability 

arkers separately. This integrated approach could facilitate per- 

onalized management of CAD in both its early and advanced 

tages. Indeed, developing and validating novel combined individ- 

al cardiovascular risk "signatures" could enable better and earlier 

dentification of patients at high risk of MACE. Implementing such 

ntegration into a user-friendly interface, where CCTA images serve 

s input and yield a highly accurate multiparametric definition of 
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Fig. 5. Future multilevel approach integrating image plaque characteristics, radiomics, biomechanics, clinical and genomic data for accurate stratification of vulnerable pa- 

tients. 
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he vessel lesion as output, could reduce end-user hands-on time 

nd enhance image visualization and interpretation for early diag- 

osis. 

onclusions 

Radiomics-based ML methods for the identification of high-risk 

oronary plaques are still in the early developmental stages. How- 

ver, the current state-of-the-art indicates a growing interest in 

everaging radiomic markers for plaque vulnerability, supported 

y promising results. Overall, plaque and PCAT radiomics have 

emonstrated superior capability in detecting vulnerable plaques 

nd effectively stratifying high/low-risk patients compared to con- 

entional plaque analysis. 

Radiomics promises to pave the way for a non-invasive, auto- 

ated, and objective approach for accurate assessment of high-risk 

oronary plaques, providing a major contribution to the field of 

recision cardiovascular medicine. However, future studies based 

n large, multicenter datasets are imperative to further validate 

he radiomic approach. In addition, substantial efforts should be 

irected at standardizing and generalizing the radiomics pipeline. 

Finally, integrating clinical, biological, radiomic, and biomechan- 

cal information is considered essential to define an accurate and 

ndividualized risk stratification criterion. This holistic approach 

as the potential to enhance patient care by enabling early identi- 

cation and targeted management of individuals at risk for MACE. 
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