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Abstract

Background: Pericoronary adipose tissue (PCAT) is an established imaging biomarker of coronary inflammation; however, the influence
of low-density lipoprotein cholesterol (LDL-C) remains unclear. This study aimed to explore the associations between PCAT and LDL-C
using coronary computed tomography angiography (CCTA)-based radiomics. Methods: This retrospective study stratified 150 patients
undergoing CCTA into two groups according to serum LDL-C levels (>3.4 mmol/L vs. <3.4 mmol/L). A total of 288 radiomic features
were extracted from the PCAT surrounding the left anterior descending artery, left circumflex artery, and right coronary artery. After the
initial filtering using the Wilcoxon rank-sum test, univariate logistic regression and Pearson correlation analyses were applied to identify
features associated with elevated LDL-C levels. Key features were further validated using a gradient boosting machine (GBM) ensemble
model combined with Shapley Additive Explanations (SHAP) analysis. Results: A total of 11 radiomic features were significantly
associated with elevated LDL-C levels (p < 0.05), including both first-order and texture-based features. Mantel correlation analysis
revealed that the gray level size zone matrix (GLSZM)-derived feature, GLSZM.LCXLargeAreaHighGrayLevelEmphasis, demonstrated
the strongest association (Mantel’s r = 0.15; p < 0.01). The GBM model achieved the best performance, with an area under the receiver
operating characteristic curve (AUROC) of 0.889 in the training set and 0.724 in an internal hold-out test set. SHAP analysis identified
first-order energy and large-area high gray-level features as the most important contributors to the discrimination of high LDL-C status.
Conclusion: Elevated LDL-C levels are significantly associated with increased spatial heterogeneity and high gray-level clustering in
PCAT, thereby providing imaging-based evidence supporting the association between LDL-C and PCAT.
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1. Introduction tive LDL-C exposure and cardiovascular event risk, with
longer exposure associated with greater risk [5,6]. Recent
clinical evidence further suggests that statin therapy is asso-
ciated with a reduction in PCAT lesion attenuation, whereas
no significant changes are observed in the absence of statin
treatment [7,8]. After adjustment for cardiovascular risk
factors, changes in LDL-C are independently associated
with the percentage change in PCAT lesions. In a cohort of
180 patients with chest pain and intermediate risk of coro-
nary artery disease [9], >1 year of statin therapy reduced the
mean CT attenuation of perivascular adipose tissue (PVAT)
surrounding non-calcified plaques from —68 4+ 9 Hounsfield
unit (HU) to —72 £+ 8 HU (p < 0.001), whereas no signifi-
cant change was observed in PVAT attenuation surrounding
calcified plaques. These findings suggest that the lipid sta-
tus surrounding the coronary arteries may be reflected in
the local PCAT phenotype in an imageable manner; how-
ever, existing evidence largely remains focused on the sin-
gle imaging parameter of mean PCAT attenuation.

In the routine evaluation of atherosclerosis, patients
typically undergo both lipid profiling, including mea-
surement of low-density lipoprotein cholesterol (LDL-C),
and coronary computed tomography angiography (CCTA).
Clinically, elevated LDL-C is often accompanied by CCTA
abnormalities such as non-calcified plaques, high-risk
plaques, and changes in pericoronary adipose tissue (PCAT)
attenuation [1-3]. In some patients, LDL-C elevation coin-
cides with reduced PCAT attenuation, which may represent
different stages of the same pathological process. However,
the patient-level relationship between LDL-C and PCAT
phenotype has not been systematically quantified, and ex-
isting evidence has rarely moved beyond qualitative obser-
vations or single-parameter imaging summaries.

Evidence-based research has established low-density
lipoprotein (LDL) as a causal factor in atherosclerotic car-
diovascular disease (ASCVD) [3,4] and has demonstrated
a dose-dependent, log-linear relationship between cumula-
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Whether LDL-C is associated with more complex
PCAT microstructural signatures (e.g., spatial heterogene-
ity and texture patterns) on CCTA remains unclear.

Although previous studies have established PCAT as
an imaging biomarker of coronary inflammation [10,11],
capable of improving coronary heart disease risk stratifi-
cation and independently associated with adverse cardio-
vascular events [12—14], a single HU value alone can-
not fully capture the complex alterations in adipose tissue
microstructure and metabolic inflammation. Radiomics,
through high-precision segmentation and computational al-
gorithms [15,16], can automatically extract multidimen-
sional features from CCTA images, including first-order
statistics, texture, and higher-order filtered features, thereby
capturing tissue characteristics at multiple spatial scales
[17]. Applying radiomics to PCAT enables in-depth charac-
terization of its microstructural patterns, thereby overcom-
ing the limitations of reliance on a single HU value [18].

Despite these observations, key gaps remain: the
patient-level association between LDL-C and PCAT has
rarely been quantified beyond mean attenuation, and in-
formative PCAT radiomic signatures related to elevated
LDL-C have not been systematically evaluated. To address
these gaps, we (1) quantified multidimensional PCAT ra-
diomic features on routine CCTA; (2) identified key fea-
tures associated with elevated LDL-C using an internal
training/hold-out evaluation strategy; and (3) applied Shap-
ley additive explanations (SHAP)-based interpretation to
improve model interpretability.

Based on these considerations, the aim of this study
was to extract and select PCAT radiomic features from
CCTA images of patients with varying lipid levels and to
systematically assess their correlation with elevated LDL-
C levels, identify key features most closely associated with
LDL-C levels, and explore their potential value in eluci-
dating the mechanisms of LDL-C-related coronary inflam-
mation, thereby providing evidence to support the precise
clinical evaluation and management of LDL-C—related car-
diovascular risk.

2. Methods
2.1 Study Design and Patient Population

This retrospective study included 150 adult patients
(>18 years) who underwent clinically indicated CCTA be-
tween May 2023 and March 2024. Consecutive eligible pa-
tients were identified from the institutional CCTA database
(Picture Archiving and Communication System/Radiology
Information System [PACS/RIS]) of Kunming Yan’an Hos-
pital during the study period. The inclusion criteria were
as follows: (1) CCTA of adequate image quality enabling
complete segmentation of PCAT surrounding the left ante-
rior descending artery (LAD), left circumflex artery (LCX),
and right coronary artery (RCA); and (2) availability of
serum LDL-C measurements obtained on the day of CCTA.
The exclusion criteria were incomplete clinical data, im-

paired cardiac or renal function, autoimmune diseases, or
hematologic disorders. Patients were stratified into ele-
vated LDL-C levels (n = 74) and lower LDL-C levels (n
= 76) groups using an LDL-C threshold of 3.4 mmol/L
(=130 mg/dL), which corresponds to the lower boundary
of the “borderline-high” LDL-C category in the National
Cholesterol Education Program Adult Treatment Panel 111
(NCEP ATP III) classification [19]. Patients receiving
lipid-lowering therapy (e.g., statins) were not excluded and
treated and untreated individuals were included to reflect
routine clinical practice. The study protocol complied with
all relevant regulations and institutional guidelines and was
approved by the Ethics Committee of Kunming Yan’an
Hospital (Kunming, China; Approval No. 2023-083-01).
Written informed consent was not required.

2.2 CCTA Image Acquisition

CCTA examinations were performed using a dual-
source system (SOMATOM Definition Flash; Siemens
Healthineers, Forchheim, Germany). Depending on patient
condition and heart rate, data were obtained using prospec-
tive electrocardiography (ECG)-triggered or retrospective
ECG-gated techniques. Immediately before image acquisi-
tion, sublingual nitroglycerin (0.5 mg) was administered to
all participants. Contrast enhancement was achieved using
iodixanol (320 mg I/mL; No. H20113465, Beijing Beilu
Pharmaceutical Co., Ltd., Beijing, China), delivered with a
dual-head injector (Bayer; Stellant D-CE, REF: 84723223,
Leverkusen, Germany) in three phases: 60 mL at 5 mL/s,
then 30 mL of a 30% contrast/70% saline mixture, then a
30 mL saline chaser. Bolus tracking was performed in the
ascending aorta, and scanning was triggered 4 s after peak
enhancement. Typical parameters included a tube poten-
tial of 80—100 kVp, an effective tube current of 500 mA, a
reconstructed slice thickness of 0.5 mm, and a gantry rota-
tion time of 0.28 s. Images were reconstructed using a stan-
dard cardiac kernel and processed on a dedicated worksta-
tion (syngo.via, version 8.13; Siemens Healthineers, Forch-
heim, Germany) for multiplanar reformation and maximum
intensity projection. All images were acquired at a single
center using the same scanner and following a standardized
acquisition and reconstruction protocol.

2.3 CCTA Image Quality Assessment

All CCTA images were independently evaluated by
two radiologists with 10 years of clinical experience, using
a 4-point Likert scoring system [20]: 1 point (poor): se-
vere image noise with blurred vascular borders, rendering
the images unsuitable for analysis; 2 points (fair): notice-
able noise but acceptable contrast and resolution, with iden-
tifiable vascular contours; 3 points (good): minimal noise
interference, high contrast and resolution, with clear vascu-
lar margins; 4 points (excellent): no image noise, sharply
defined vessel walls, and excellent image resolution. Af-
ter independent scoring, any discrepancies were resolved
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Fig. 1. Automatic drawing of pericoronary adipose tissue (PCAT). LAD, left anterior descending artery; WW, window width; WL,
window level; LM, left main; pLAD, proximal Left Anterior Descending; mLAD, mid Left Anterior Descending; dLAD, distal Left

Anterior Descending.

by consensus through joint review. Images rated as 1 point
were excluded because of suboptimal quality. Only CCTA
images with a score of >2 were included in the study to
ensure the accuracy of subsequent PCAT segmentation and
radiomics analysis.

2.4 PCAT Radiomics Feature Extraction and Selection

PCAT was delineated as voxels located within 3 mm
of the external coronary vessel boundary and restricted to
attenuation values between —190 and —30 HU [10]. The
regions of interest (ROIs) were segmented along the proxi-
mal 10-50 mm of the main coronary arteries, including the
LAD, LCX, and RCA [21,22]. All PCAT segmentations
and voxel extractions were automatically performed using
an Al-assisted software platform (CoronaryDoc, version
1.0; Shukun Technology Co., Ltd., Beijing, China), which
employed deep learning algorithms to identify perivascular
fat and extract voxel data from predefined ROIs (Fig. 1).

Radiomic features were extracted from each ROI us-
ing PyRadiomics (version 3.0; open-source Python pack-
age, Boston, MA, USA) embedded within the CoronaryDoc
platform. A total of 288 features were obtained, includ-
ing first-order statistics, shape-based features, gray-level
co-occurrence matrix (GLCM), gray-level size zone matrix
(GLSZM), gray-level run-length matrix (GLRLM), neigh-
boring gray-tone difference matrix (NGTDM), and gray-
level dependence matrix features.

To identify key imaging features closely associated
with elevated LDL-C levels (>3.4 mmol/L), a systematic
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feature selection process was performed as follows. As
an initial filter, the Wilcoxon rank-sum test was used to
screen features showing between-group differences; fea-
tures passing this step were then evaluated using univari-
ate logistic regression with false discovery rate (FDR) cor-
rection to identify variables associated with elevated LDL-
C (p < 0.05). Univariate logistic regression was applied
to the imaging features to identify variables significantly
associated with elevated LDL-C levels (p < 0.05); these
variables were then used as candidate features for machine
learning. Twelve machine learning algorithms were com-
bined in various pairs, including least absolute shrinkage
and selection operator (LASSO), Ridge, elastic net (Enet),
stepwise generalized linear model (Stepglm), support vec-
tor machine (SVM), glmBoost, linear discriminant analy-
sis (LDA), partial least squares regression with generalized
linear modeling (plsRglm), random forest, gradient boost-
ing machine (GBM), extreme gradient boosting (XGBoost),
and naive bayes, In each pair, one algorithm was used for
feature selection and the other for classification model con-
struction within a cross-validation framework. The dataset
was randomly split into a training set (70%) and an internal
hold-out test set (30%). All model selection and tuning pro-
cedures were conducted within the training set only. Five-
fold cross-validation was performed within the training set
for model selection and tuning. The final selected model
was evaluated in the internal hold-out test set. The GBM
model was implemented using the R package gbm (ver-
sion 2.2.2; Comprehensive R Archive Network [CRAN]).
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Project OR lower 95%CI upper 95%Cl pvalue
GLSZM.LCXLargeAreaEmphasis 1.000 1.000 1.000 1.55e-02 *
GLSZM.LCXLargeAreaHighGrayLevelEmphasis 1.000 1.000 1.000 6.22e-03 **
GLSZM.LCXLargeAreaLowGraylLevelEmphasis 1.000 1.000 1.000 4.85e-02 *
GLSZM.LCXZoneVariance 1.000 1.000 1.000 1.61e-02 *
FirstOrder.RCA90Percentile 0.922 0.851 0.991 3.50e-02 *
FirstOrder.RCAEnergy 1.000 1.000 1.000 4.48e-02 *
FirstOrder. RCASkewness 3.325 1.122 11.608 4.19e-02 * *
GLSZM.RCAHighGraylLevelZoneEmphasis 1.093 1.003 1.198 4.82e-02 * +
GLSZM.RCALargeAreaEmphasis 1.000 1.000 1.000 2.36e-02 *
GLSZM.RCALargeAreaHighGrayLevelEmphasis 1.000 1.000 1.000 2.02e-02 *
GLSZM.RCAZoneVariance 1.000 1.000 1.000 2.35e-02 *
I 1
-0.05 1 2

log2(OR)

Fig. 2. Univariate logistic regression results of 11 selected PCAT radiomic features. Abbreviations: CI, confidence interval;

FirstOrder, first-order statistics (radiomic feature class); GLSZM, gray level size zone matrix; LCX, left circumflex artery; OR, odds

ratio; PCAT, pericoronary adipose tissue; RCA, right coronary artery. Statistical significance: *p < 0.05, **p < 0.01.

Project OR lower 95%CIl upper 95%CI pvalue

Age  0.965 0.938 0.992 1.30e-02 * j

HR 0.967 0.941 0.991 1.20e-02 ~*

DBP  1.027 1.006 1.051 1.81e-02 * 4

TC 7.077 3.843 14.713 9.27e-09 ™~ *

HDL 3.014 1.030 9.440 493e-02 ~ *

TBA 0.862 0.755 0.955 1.40e-02 * -

TP 1.083 1.028 1.145 3.48e-03 ** *

Alb 1.123 1.039 1.221 460e-03 ** -+

ChE 1.000 1.000 1.000 3.73e-03 ** ;I; : |
-0.05 1 2

log2(OR)

Fig. 3. Univariate logistic regression forest plot of clinical variables associated with elevated LDL-C levels. Abbreviations: CI,

confidence interval; HDL, high-density lipoprotein cholesterol; OR, odds ratio. Statistical significance: *p < 0.05, **p < 0.01, ***p <

0.001.

Model performance was quantified using the area under the
receiver operating characteristic curve (AUC), reported for
both the training and internal test sets. SHAP was used to
interpret the contribution of the selected radiomic features.

2.5 Statistical Analysis

All analyses were conducted using R software (ver-
sion 4.3.2; The R Foundation for Statistical Computing,
Vienna, Austria). Data completeness was assessed prior
to analysis, and no missing values were present in the fi-
nal analytic dataset; therefore, no imputation was required.
Continuous variables were assessed using independent-
sample z-tests or Mann—Whitney U tests, whereas categor-
ical variables were evaluated using x2 or Fisher’s exact
tests. For multiple testing, p values were corrected using
the Benjamini—-Hochberg procedure, with a false discov-
ery rate <0.05 as considered statistically significant. Uni-
variate logistic regression was used to assess the relation-
ship between radiomic features and elevated LDL-C levels

(>3.4 mmol/L). Model interpretation was performed using
SHAP through the R packages shapviz and fastshap. Cor-
relations between the final selected features and clinical
parameters, including total cholesterol (TC), high-density
lipoprotein cholesterol (HDL-C), liver function indices, and
inflammatory markers, were assessed using Pearson corre-
lation analysis. The consistency between the radiomic fea-
ture space and LDL-C group stratification was evaluated
using the Mantel test.

3. Results
3.1 Patient Characteristics

A total of 150 patients were included and were strat-
ified into elevated LDL-C levels (n = 74) and lower LDL-
C levels (n = 76). The sex distribution was comparable
between the two groups (male, 54% vs. 57%, p = 0.80)
and body mass index (BMI) was similar (24.01 (2.83)/23.41
(4.24) kg/m?, p = 0.074). Regarding lipid profiles, the ele-
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Table 1. Baseline characteristics of patients stratified by LDL-C levels.

Characteristic LDL-C <3.4 (n=176) LDL-C >3.4 (n=74) p value
Age (years) 623 £123 573 £11.6 0.018
Gender Male: 43 (57%) Female: 33 (43%) Male: 40 (54%) Female: 34 (46%) 0.80
BMI (kg/m?) 23.41 (4.24) 24.01 (2.83) 0.074
HR (bpm) 80.7 £ 15.5 74.6 £12.2 0.023
DBP (mmHg) 80.4 +13.7 87.6 £ 19.9 0.039
SBP (mmHg) 133.53 (25.46) 141.18 (31.54) 0.20
Hypertension 37 (49%) 43 (58%) 0.20
Drinking 1(1.3%) 2 (2.7%) 0.60
Smoking 1(1.3%) 3 (4.1%) 0.40
TC (mmol/L) 3.92 +£0.84 5.10 £ 0.87 <0.001
TG (mmol/L) 2.16 £2.25 1.75 £ 0.68 0.20
HDL-C (mmol/L) 1.08 £+ 0.29 1.18 £0.32 0.041
ALT (U/L) 233+ 18.4 28.5+21.6 0.018
TBA (umol/L) 5.56 £ 6.14 3.40 £2.44 0.006
TP (g/L) 66.4+5.9 69.7 £ 6.9 0.001
Alb (g/L) 392 +£45 413 +4.0 0.001
Glb (g/L) 273435 284 +4.0 0.024
ChE (U/L) 6543 £+ 1999 7440 £ 1553 0.002
hs-CRP (mg/L) 21+1.8 23+£19 0.50

Values are mean + SD, n (%), or median (interquartile range [IQR]).

Abbreviations: Alb, albumin; ALT, alanine aminotransferase; BMI, body mass index; ChE, cholinesterase;
DBP, diastolic blood pressure; Glb, globulin; HDL-C, high-density lipoprotein cholesterol; HR, heart rate;
hs-CRP, high-sensitivity C-reactive protein; IQR, interquartile range; LDL-C, low-density lipoprotein choles-
terol; SBP, systolic blood pressure; TBA, total bile acid; TC, total cholesterol; TG, triglyceride; TP, total

protein.

vated LDL-C levels group had higher TC (5.10 £ 0.87 vs.
3.92 4+ 0.84 mmol/L, p < 0.001) and slightly higher HDL-
Clevels (1.18 £ 0.32 vs. 1.08 = 0.29 mmol/L, p = 0.041).
Liver-related indices were higher for alanine aminotrans-
ferase (ALT), total protein (TP), albumin (Alb), globulin
(GIb), and cholinesterase (ChE), whereas total bile acid
(TBA) was lower (all p < 0.024). No significant differences
were observed in systolic blood pressure (SBP), triglyceride
(TG), high-sensitivity C-reactive protein (hs-CRP), smok-
ing, drinking, or hypertension (all p > 0.05). Further details
are provided in Table 1.

3.2 PCAT Radiomics Feature Extraction and Selection

A total of 288 radiomics features were initially
extracted from the PCAT ROIs surrounding the LAD,
LCX, and RCA. Preliminary screening using the Wilcoxon
rank-sum test identified 48 candidate features showing
statistically significant differences between the groups
(Supplementary Table 1). These candidate features were
then individually entered into univariate logistic regression
analyses to assess their associations with elevated LDL-
C levels (>3.4 mmol/L), yielding 11 features that were
retained as the core feature set for subsequent analyses
(Fig. 2). No high collinearity was detected among these
features (all |r| < 0.90), indicating independence within the
feature set.
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Finally, all 11 features were incorporated into hybrid
ensemble models with embedded feature selection capa-
bility, including random forest with LASSO regularization
combined with Elastic Net, and SVM combined with GBM
(Supplementary Fig. 1), and were subjected to five-fold
cross-validation within the training set to assess feature sta-
bility and importance. Among all algorithmic combina-
tions, the GBM-based model demonstrated the best per-
formance, and no further features were eliminated. There-
fore, these 11 features were identified as the final PCAT
radiomics feature set and were used for subsequent correla-
tion analyses and SHAP-based interpretability assessment.

3.3 Correlation of Radiomic Features With Clinical
Variables

In the univariate logistic regression analysis of clini-
cal variables, both TC and HDL-C were significantly asso-
ciated with elevated LDL-C levels (Fig. 3). Based on the
11 PCAT radiomic features retained in Section 3.2, Pearson
correlation analysis was performed with key clinical vari-
ables, including TC, HDL-C, and liver function parameters
(Fig. 4). Overall, the correlations were predominantly weak
to moderate; among them, HDL-C demonstrated positive
correlations with several GLSZM and first-order features.
Other clinical variables exhibited generally weak correla-
tions with most imaging features (|r| < 0.2), and no consis-
tent patterns were observed.
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Fig. 4. Pearson correlation heatmap between PCAT radiomic features and clinical variables. Abbreviations: HDL, high-density

lipoprotein cholesterol; PCAT, pericoronary adipose tissue.

3.4 Association Between PCAT Radiomic Features and
LDL-C

Mantel correlation analysis demonstrated a signif-
icant association between PCAT structural features and
elevated LDL-C levels. Among the 11 evaluated texture
features, four showed significant positive correlations
with  GLSZM.LCXLargeAreaHighGrayLevelEmphasis
demonstrates  the  strongest  association  (Man-
tel’'s r ~ 015 p < 0.01). Additionally,
GLSZM.LCXLargeAreaLowGrayLevelEmphasis,
GLSZM.LCXLargeAreaEmphasis,
GLSZM.LCXZoneVariance also displayed moderate
correlations (p < 0.05).

and

Among various machine learning models, the ensem-
ble GBM model achieved the best performance, with an
AUC of 0.889 in the training set and 0.724 in the inter-
nal hold-out test set (Fig. 5). SHAP analysis revealed
that GLSZM.RCAZoneVariance consistently contributed
to the discrimination of elevated LDL-C levels. No-
tably, the FirstOrder. RCAEnergy showed the highest con-
tribution, whereas large high-gray-level zone features such
as GLSZM.RCALargeAreaHighGrayLevelEmphasis and
GLSZM.LCXLargeAreaHighGrayLevelEmphasis demon-
strated substantial local driving effects for elevated LDL-
C levels (Fig. 6). These results suggest that, in this co-
hort, PCAT regions exhibit more extensive and heteroge-
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ROC Curves for Train And Test
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Test AUC = 0.724
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1 - Specificity (False Positive Rate)

Dataset
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Fig. 5. ROC curves of the GBM model for training and test sets. Abbreviations: AUC, area under the curve; GBM, gradient boosting

machine; ROC, receiver-operating characteristic.

neous high-attenuation texture phenotypes in patients with
elevated LDL-C levels.

4. Discussion

To our knowledge, this study is among the first to eval-
uate the relationship between elevated LDL-C levels and
PCAT phenotypes using CCTA-based radiomics. Individ-
uals with higher lipid exposure demonstrated greater spa-
tial heterogeneity of PCAT, characterized by larger high-
attenuation (high-gray-level) regions. These observations
are consistent with histologic evidence indicating that in-
flammation, fibrosis, and neovascularization contribute to

&% IMR Press

adipose tissue inhomogeneity [1,23,24]. From a clinical
perspective, these imaging changes are consistent with the
cumulative metabolic burden of long-term LDL-C eleva-
tion, thereby providing imaging-based evidence supporting
the link between cholesterol levels and localized coronary
inflammation.

We identified several radiomic features associated
with elevated LDL-C levels.  Notably, second-order
GLSZM metrics such as LargeAreaHighGrayLevelEmpha-
sis and ZoneVariance were strongly related to LDL-C sta-
tus, reflecting clustered regions of high gray-level voxels
and increased textual heterogeneity within PCAT. These
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Fig. 6. SHAP summary plot of radiomic features associated with elevated LDL-C levels. SHAP values indicate the contribution

of each radiomic feature to the discrimination of elevated LDL-C levels, with color representing feature values from low (blue) to high
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findings align with histopathological evidence: Mazurek
et al. [23] demonstrated abundant inflammatory media-
tors, fibrosis, and microvascular proliferation within epi-
cardial and pericoronary adipose tissue, providing biologi-
cal support for the imaging manifestations of high-density
clustering and increased heterogeneity. Mechanistically,
LDL-C may influence PCAT through an “inside-out” sig-
naling pathway, in which endothelial dysfunction activates
adipocyte paracrine signaling, thereby promoting immune
cell recruitment, lipid droplet remodeling, and stromal re-
organization [11,25,26]. Animal studies have shown that
high-fat diets exacerbate PCAT inflammation and remod-
eling [27], while human pathological studies corroborate
these changes, showing reduced lipid droplet content, fibro-
sis, and inflammatory cell infiltration in hyperlipidemia and
atherosclerosis [28,29]. Taken together, these findings sug-
gest that chronic LDL-C elevation may promote clustering

and heterogeneity in PCAT, reflecting underlying inflam-
matory and structural remodeling processes, and strength-
ening the biological plausibility of our results. Neverthe-
less, these mechanistic interpretations remain hypothesis-
generating and warrant independent biological validation in
future studies.

Large-scale epidemiological studies have shown that
lifelong elevation of LDL-C drives atherosclerosis, with
cardiovascular risk increasing proportionally to both con-
centration and exposure duration [5,6]. Further evidence in-
dicates that statin therapy is associated with reduced PCAT
attenuation, whereas untreated patients do not exhibit such
changes [7-9]. Even after adjustment for potential con-
founders, changes in LDL-C remain independently corre-
lated with percentage changes in PCAT attenuation. In
the present study, first-order radiomic features reflected
previously reported attenuation findings, whereas second-
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order features captured voxel clustering and heterogeneity,
thereby providing structural insights beyond mean attenua-
tion alone. These findings are consistent with mechanistic
studies by Antonopoulos et al. [ 1], which demonstrated that
local coronary inflammation alters PCAT through paracrine
signaling, leading to impaired adipocyte maturation, lipid
droplet depletion, and increased intracellular water [30,31].
Collectively, these processes manifest as increased CT at-
tenuation and greater textural complexity on imaging.

In prior work, Antonopoulos et al. [1] established
PCAT attenuation—based metrics (FAI) as imaging sur-
rogates of coronary inflammation and provided biologi-
cal rationale linking vascular inflammation to perivascu-
lar fat remodeling. In parallel, Lin et al. [18] demon-
strated that PCAT radiomics can capture spatial patterns
beyond voxel intensity alone and may provide incremen-
tal discrimination compared with attenuation-only mea-
sures in specific clinical settings. Against this background,
our study addresses a complementary question by focus-
ing on the patient-level association between LDL-C sta-
tus and multidimensional PCAT radiomic phenotypes (tex-
ture/heterogeneity). Accordingly, the radiomic signatures
reported here should be interpreted as exploratory imaging
biomarkers that may complement—rather than replace—
established attenuation/FAI measures, pending further val-
idation.

Within the framework of residual cardiovascular risk,
low-grade inflammation often explains adverse outcomes in
statin-treated patients more effectively than residual choles-
terol burden [32,33]. A large percutaneous coronary in-
tervention (PCI) registry showed that high-sensitivity C-
reactive protein (hs-CRP) levels >2 mg/L, rather than high
LDL-C, were independently associated with major adverse
cardiovascular events (MACE) [32]. PCAT is recognized as
a key imaging window into localized inflammation. Prior
studies, including Oikonomou et al. [10] and Tzolos et al.
[13] have supported PCAT attenuation—based metrics (e.g.,
FAI) as noninvasive markers of coronary inflammation with
potential value for risk stratification and associations with
adverse cardiovascular outcomes. In this context, we ob-
served that elevated LDL-C levels were associated with in-
creased clustering and heterogeneity within PCAT. These
exploratory radiomic signatures may reflect microstructural
patterns related to lipid—inflammation interactions and war-
rant further evaluation alongside established PCAT attenu-
ation/FAI measures in future studies. This perspective not
only provides new imaging -based evidence of the LDL-C—
PCAT association but also enhances current understanding
of lipid—inflammation interactions.

This study extends existing evidence by linking el-
evated LDL-C levels with PCAT not only through estab-
lished attenuation patterns but also through novel radiomic
signatures of clustering and heterogeneity. These textural
features enhance the interpretability of imaging along the
lipid—inflammation axis. Importantly, they may serve as
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external imaging correlates of LDL-C elevation, potentially
providing early warning signs of coronary inflammation be-
yond traditional lipid markers. However, given the single-
center retrospective design and the absence of indepen-
dent external validation, these radiomic signatures should
be considered exploratory imaging biomarkers, and their
performance and generalizability should be interpreted cau-
tiously. With further validation, these features may evolve
into adjunctive tools for therapeutic monitoring and risk
stratification. Prospective multicenter studies with inde-
pendent external validation and outcome follow-up are re-
quired to establish generalizability and clinical utility.

5. Study Limitations

This single-center, retrospective study with a mod-
est sample size (n = 150) may limit representativeness and
generalizability. The machine-learning model was eval-
uated only internally without independent external vali-
dation; therefore, model optimism and potential overfit-
ting cannot be fully excluded and the findings should be
interpreted as exploratory. Residual confounding cannot
be fully ruled out because multivariable adjustment was
not performed, including potential effects of lipid-lowering
therapy. In addition, although images were acquired on
the same scanner using a standardized protocol, we did
not perform formal radiomic reproducibility testing (e.g.,
ICC/test-retest) and did not assess reproducibility or har-
monization across scanners/protocols. Finally, the analy-
sis was cross-sectional and lacked outcome follow-up, pre-
cluding assessment of prognostic value and causal infer-
ence; the absence of histologic or molecular validation also
limits definitive mechanistic interpretation. Future work
should include multicenter external validation with longi-
tudinal follow-up and, where feasible, biological validation
to establish robustness, generalizability, and clinical utility.

6. Conclusions

Elevated LDL-C levels were significantly associated
with increased spatial heterogeneity and high gray-level
clustering in PCAT, providing imaging-based evidence of
the LDL-C—-PCAT association. These findings suggest that
PCAT radiomic features may serve as external imaging phe-
notypes of lipid burden, offering more nuanced insight into
the relationship between LDL-C and the local coronary mi-
croenvironment. Collectively, these radiomic features hold
potential clinical value by supporting more precise assess-
ment and management of coronary risk in patients with lipid
dysregulation.

Abbreviations

AUC, area under the curve; CAD, coronary artery
disease; CCTA, coronary computed tomography angiogra-
phy; FAI fat attenuation index; GBM, gradient boosting
machine; GLSZM, gray-level size zone matrix; HDL-C,


https://www.imrpress.com

high-density lipoprotein cholesterol; HU, hounsfield unit;
LAD, left anterior descending artery; LCX, left circumflex
artery; LDL, low-density lipoprotein; LDL-C, low-density
lipoprotein cholesterol; PCAT, pericoronary adipose tissue;
RCA, right coronary artery; ROI, region of interest; SHAP,
shapley additive explanations; SVM, support vector ma-
chine.

Availability of Data and Materials

The datasets used in this study are available from the
corresponding author upon reasonable request.

Author Contributions

FZ and XL designed and conducted the study. LY
and XL performed PCAT segmentation and radiomics fea-
ture extraction using the CoronaryDoc platform and PyRa-
diomics. FZ and YZ performed the statistical analyses
and developed the machine-learning workflow, including
model training/validation and performance evaluation. FZ
conducted model interpretation using SHAP analysis and
drafted the manuscript. YY, ST, and FL screened patients,
maintained the clinical database, coordinated patient iden-
tification and clinical data collection, and verified key clin-
ical variables. XZ and XD designed the statistical analysis
plan and optimized the modeling. NT, SZ, YX, and CZ
assisted with image quality assessment, data curation, and
data verification. LS and GS discussed and interpreted the
data and revised the manuscript. All authors contributed
to drafting and critical revision of the manuscript for im-
portant intellectual content, approved the final version, and
agree to be accountable for all aspects of the work.

Ethics Approval and Consent to Participate

The study was carried out in accordance with the
guidelines of the Declaration of Helsinki and approved by
the Ethics Committee of Kunming Yan’an Hospital (Kun-
ming, China; Approval No. 2023-083-01). Informed con-
sent was waived due to the retrospective study design.

Acknowledgment

Not applicable.

Funding

The study was supported by Yunnan Provincial De-
partment of Science and Technology-Kunming Medi-
cal University-Joint Project (NO. 202301AY070001-178),
Yunnan Provincial Department of Science and Technol-
ogy (NO. 202301AT070482), Kunming Health Science
and Technology Talents Project (NO. 2023-SW(Leading
talents)-03), Key Laboratory of Cardiovascular Disease of
Yunnan Province (NO. 2018DG008), Kunming Health Re-
search Project (NO. 20230901013).

10

Conflicts of Interest

The authors declare no conflicts of interest.

Supplementary Material

Supplementary material associated with this article
can be found, in the online version, at https://doi.org/10.
31083/RCM47037.

References

[1] Antonopoulos AS, Sanna F, Sabharwal N, Thomas S,
Oikonomou EK, Herdman L, et al. Detecting human
coronary inflammation by imaging perivascular fat.
Science Translational Medicine. 2017; 9: eaal2658.
https://doi.org/10.1126/scitranslmed.aal2658.

[2] Borén J, Chapman MJ, Krauss RM, Packard CJ, Bentzon JF,
Binder CJ, et al. Low-density lipoproteins cause atheroscle-
rotic cardiovascular disease: pathophysiological, genetic, and
therapeutic insights: a consensus statement from the European
Atherosclerosis Society Consensus Panel. European Heart Jour-
nal. 2020; 41: 2313-2330. https://doi.org/10.1093/eurheartj/eh
7962.

[3] Wilkinson MJ, Lepor NE, Michos ED. Evolving Management
of Low-Density Lipoprotein Cholesterol: A Personalized Ap-
proach to Preventing Atherosclerotic Cardiovascular Disease
Across the Risk Continuum. Journal of the American Heart
Association. 2023; 12: ¢028892. https://doi.org/10.1161/JAHA
.122.028892.

[4] Ference BA, Ginsberg HN, Graham I, Ray KK, Packard CJ,
Bruckert E, et al. Low-density lipoproteins cause atheroscle-
rotic cardiovascular disease. 1. Evidence from genetic, epidemi-
ologic, and clinical studies. A consensus statement from the
European Atherosclerosis Society Consensus Panel. European
Heart Journal. 2017; 38: 2459-2472. https://doi.org/10.1093/eu
rheartj/ehx144.

[5] Ridker PM. How Common Is Residual Inflammatory Risk? Cir-
culation Research. 2017; 120: 617-619. https://doi.org/10.1161/
CIRCRESAHA.116.310527.

[6] Duncan MS, Vasan RS, Xanthakis V. Trajectories of Blood Lipid
Concentrations Over the Adult Life Course and Risk of Cardio-
vascular Disease and All-Cause Mortality: Observations From
the Framingham Study Over 35 Years. Journal of the American
Heart Association. 2019; 8: e011433. https://doi.org/10.1161/
JAHA.118.011433.

[7] ChengK, Hii R, Lim E, Yuvaraj J, Nicholls SJ, Dey D, et al. Ef-
fect of statin therapy on coronary inflammation assessed by peri-
coronary adipose tissue computed tomography attenuation. Eu-
ropean Heart Journal. Cardiovascular Imaging. 2025; 26: 784—
793. https://doi.org/10.1093/ehjci/jeat062.

[8] Matyas BB, Benedek I, Rat N, Blindu E, Parajké Z, Mihaila T, et
al. Assessing the Impact of Long-Term High-Dose Statin Treat-
ment on Pericoronary Inflammation and Plaque Distribution-
A Comprehensive Coronary CTA Follow-Up Study. Interna-
tional Journal of Molecular Sciences. 2024; 25: 1700. https:
//doi.org/10.3390/ijms25031700.

[9] Dai X, Yu L, Lu Z, Shen C, Tao X, Zhang J. Serial change of
perivascular fat attenuation index after statin treatment: Insights
from a coronary CT angiography follow-up study. International
Journal of Cardiology. 2020; 319: 144—149. https://doi.org/10.
1016/j.ijcard.2020.06.008.

[10] Oikonomou EK, Marwan M, Desai MY, Mancio J, Alashi A,
Hutt Centeno E, et al. Non-invasive detection of coronary in-
flammation using computed tomography and prediction of resid-
ual cardiovascular risk (the CRISP CT study): a post-hoc anal-

&% IMR Press


https://doi.org/10.31083/RCM47037
https://doi.org/10.31083/RCM47037
https://doi.org/10.1126/scitranslmed.aal2658
https://doi.org/10.1093/eurheartj/ehz962
https://doi.org/10.1093/eurheartj/ehz962
https://doi.org/10.1161/JAHA.122.028892
https://doi.org/10.1161/JAHA.122.028892
https://doi.org/10.1093/eurheartj/ehx144
https://doi.org/10.1093/eurheartj/ehx144
https://doi.org/10.1161/CIRCRESAHA.116.310527
https://doi.org/10.1161/CIRCRESAHA.116.310527
https://doi.org/10.1161/JAHA.118.011433
https://doi.org/10.1161/JAHA.118.011433
https://doi.org/10.1093/ehjci/jeaf062
https://doi.org/10.3390/ijms25031700
https://doi.org/10.3390/ijms25031700
https://doi.org/10.1016/j.ijcard.2020.06.008
https://doi.org/10.1016/j.ijcard.2020.06.008
https://www.imrpress.com

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

ysis of prospective outcome data. Lancet. 2018; 392: 929-939.
https://doi.org/10.1016/S0140-6736(18)31114-0.

Tan N, Dey D, Marwick TH, Nerlekar N. Pericoronary Adipose
Tissue as a Marker of Cardiovascular Risk: JACC Review Topic
of the Week. Journal of the American College of Cardiology.
2023; 81: 913-923. https://doi.org/10.1016/j.jacc.2022.12.021.
Williams MC, Kwiecinski J, Doris M, McElhinney P, D’Souza
MS, Cadet S, et al. Low-Attenuation Noncalcified Plaque
on Coronary Computed Tomography Angiography Predicts
Myocardial Infarction: Results From the Multicenter SCOT-
HEART Trial (Scottish Computed Tomography of the HEART).
Circulation. 2020; 141: 1452—1462. https://doi.org/10.1161/CI
RCULATIONAHA.119.044720.

Tzolos E, Williams MC, McElhinney P, Lin A, Grodecki K, Flo-
res Tomasino G, et al. Pericoronary Adipose Tissue Attenuation,
Low-Attenuation Plaque Burden, and 5-Year Risk of Myocar-
dial Infarction. JACC. Cardiovascular Imaging. 2022; 15: 1078-
1088. https://doi.org/10.1016/j.jcmg.2022.02.004.

Avanzo M, Wei L, Stancanello J, Valliéres M, Rao A, Morin O,
et al. Machine and deep learning methods for radiomics. Med-
ical Physics. 2020; 47: e185—e202. https://doi.org/10.1002/mp
.13678.

Gillies RJ, Kinahan PE, Hricak H. Radiomics: Images Are More
than Pictures, They Are Data. Radiology. 2016; 278: 563-577.
https://doi.org/10.1148/radiol.2015151169.

Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van
Stiphout RGPM, Granton P, ef al. Radiomics: extracting more
information from medical images using advanced feature anal-
ysis. European Journal of Cancer. 2012; 48: 441-446. https:
//doi.org/10.1016/j.ejca.2011.11.036.

Grodecki K, Geers J, Kwiecinski J, Lin A, Slipczuk L, Slomka
PJ, et al. Phenotyping atherosclerotic plaque and perivascular
adipose tissue: signalling pathways and clinical biomarkers in
atherosclerosis. Nature Reviews. Cardiology. 2025; 22: 443—
455. https://doi.org/10.1038/s41569-024-01110-1.

Lin A, Kolossvary M, Yuvaraj J, Cadet S, McElhinney PA, Jiang
C, et al. Myocardial Infarction Associates With a Distinct Peri-
coronary Adipose Tissue Radiomic Phenotype: A Prospective
Case-Control Study. JACC. Cardiovascular Imaging. 2020; 13:
2371-2383. https://doi.org/10.1016/j.jcmg.2020.06.033.
Expert Panel on Detection, Evaluation, and Treatment of High
Blood Cholesterol in Adults. Executive Summary of the Third
Report of the National Cholesterol Education Program (NCEP)
Expert Panel on Detection, Evaluation, and Treatment of High
Blood Cholesterol in Adults (Adult Treatment Panel I1I). JAMA.
2001; 285: 2486-2497. https://doi.org/10.1001/jama.285.19.
2486.

Xu PP, Li JH, Zhou F, Jiang MD, Zhou CS, Lu MJ, et al. The
influence of image quality on diagnostic performance of a ma-
chine learning-based fractional flow reserve derived from coro-
nary CT angiography. European Radiology. 2020; 30: 2525—
2534. https://doi.org/10.1007/s00330-019-06571-4.

Lin A, Nerlekar N, Yuvaraj J, Fernandes K, Jiang C, Nicholls SJ,
et al. Pericoronary adipose tissue computed tomography atten-
uation distinguishes different stages of coronary artery disease:
a cross-sectional study. European Heart Journal. Cardiovascular
Imaging. 2021; 22: 298-306. https://doi.org/10.1093/ehjci/jeaa
224,

&% IMR Press

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

Sugiyama T, Kanaji Y, Hoshino M, Yamaguchi M, Hada M,
Ohya H, et al. Determinants of Pericoronary Adipose Tissue
Attenuation on Computed Tomography Angiography in Coro-
nary Artery Disease. Journal of the American Heart Association.
2020; 9: 016202. https://doi.org/10.1161/JAHA.120.016202.

Mazurek T, Zhang L, Zalewski A, Mannion JD, Diehl JT, Arafat
H, et al. Human epicardial adipose tissue is a source of inflam-

matory mediators. Circulation. 2003; 108: 2460-2466. https:
//doi.org/10.1161/01.CIR.0000099542.57313.C5.

Tabas I, Williams KJ, Borén J. Subendothelial lipoprotein re-
tention as the initiating process in atherosclerosis: update and
therapeutic implications. Circulation. 2007; 116: 1832-1844.
https://doi.org/10.1161/CIRCULATIONAHA.106.676890.
Margaritis M, Antonopoulos AS, Digby J, Lee R, Reilly S,
Coutinho P, et al. Interactions between vascular wall and
perivascular adipose tissue reveal novel roles for adiponectin
in the regulation of endothelial nitric oxide synthase function
in human vessels. Circulation. 2013; 127: 2209-2221. https:
//doi.org/10.1161/CIRCULATIONAHA.112.001133.
Antoniades C, Shirodaria C. Detecting Coronary Inflamma-
tion With Perivascular Fat Attenuation Imaging: Making Sense
From Perivascular Attenuation Maps. JACC. Cardiovascular
Imaging. 2019; 12: 2011-2014. https://doi.org/10.1016/j.jcmg
.2018.12.024.

Takaoka M, Nagata D, Kihara S, Shimomura I, Kimura Y,
Tabata Y, et al. Periadventitial adipose tissue plays a critical role
in vascular remodeling. Circulation Research. 2009; 105: 906—
911. https://doi.org/10.1161/CIRCRESAHA.109.199653.
Verhagen SN, Vink A, van der Graaf Y, Visseren FLJ. Coro-
nary perivascular adipose tissue characteristics are related to
atherosclerotic plaque size and composition. A post-mortem
study. Atherosclerosis. 2012; 225: 99-104. https://doi.org/10.
1016/j.atherosclerosis.2012.08.031.

Farias-Itao DS, Pasqualucci CA, Nishizawa A, da Silva LFF,
Campos FM, Bittencourt MS, et al. B Lymphocytes and
Macrophages in the Perivascular Adipose Tissue Are Associ-
ated With Coronary Atherosclerosis: An Autopsy Study. Jour-
nal of the American Heart Association. 2019; 8: €013793. https:
//doi.org/10.1161/JAHA.119.013793.

Antoniades C, Kotanidis CP, Berman DS. State-of-the-art re-
view article. Atherosclerosis affecting fat: What can we learn
by imaging perivascular adipose tissue? Journal of Cardiovas-
cular Computed Tomography. 2019; 13: 288-296. https://doi.or
2/10.1016/j.jcct.2019.03.006.

Fitzgibbons TP, Czech MP. Epicardial and perivascular adi-
pose tissues and their influence on cardiovascular disease: basic
mechanisms and clinical associations. Journal of the American
Heart Association. 2014; 3: e000582. https://doi.org/10.1161/
JAHA.113.000582.

Bay B, Tanner R, Gao M, Oliva A, Sartori S, Vogel B, et al.
Residual cholesterol and inflammatory risk in statin-treated pa-
tients undergoing percutaneous coronary intervention. European
Heart Journal. 2025; 46: 3167-3177. https://doi.org/10.1093/eu
rheartj/ehaf196.

Waulff AB, Nordestgaard BG. Residual cardiovascular risk be-
yond low-density lipoprotein cholesterol: inflammation, rem-
nant cholesterol, and lipoprotein(a). European Heart Journal.
2025; 46: 3178-3180. https://doi.org/10.1093/eurheartj/echaf
274.

11


https://doi.org/10.1016/S0140-6736(18)31114-0
https://doi.org/10.1016/j.jacc.2022.12.021
https://doi.org/10.1161/CIRCULATIONAHA.119.044720
https://doi.org/10.1161/CIRCULATIONAHA.119.044720
https://doi.org/10.1016/j.jcmg.2022.02.004
https://doi.org/10.1002/mp.13678
https://doi.org/10.1002/mp.13678
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1038/s41569-024-01110-1
https://doi.org/10.1016/j.jcmg.2020.06.033
https://doi.org/10.1001/jama.285.19.2486
https://doi.org/10.1001/jama.285.19.2486
https://doi.org/10.1007/s00330-019-06571-4
https://doi.org/10.1093/ehjci/jeaa224
https://doi.org/10.1093/ehjci/jeaa224
https://doi.org/10.1161/JAHA.120.016202
https://doi.org/10.1161/01.CIR.0000099542.57313.C5
https://doi.org/10.1161/01.CIR.0000099542.57313.C5
https://doi.org/10.1161/CIRCULATIONAHA.106.676890
https://doi.org/10.1161/CIRCULATIONAHA.112.001133
https://doi.org/10.1161/CIRCULATIONAHA.112.001133
https://doi.org/10.1016/j.jcmg.2018.12.024
https://doi.org/10.1016/j.jcmg.2018.12.024
https://doi.org/10.1161/CIRCRESAHA.109.199653
https://doi.org/10.1016/j.atherosclerosis.2012.08.031
https://doi.org/10.1016/j.atherosclerosis.2012.08.031
https://doi.org/10.1161/JAHA.119.013793
https://doi.org/10.1161/JAHA.119.013793
https://doi.org/10.1016/j.jcct.2019.03.006
https://doi.org/10.1016/j.jcct.2019.03.006
https://doi.org/10.1161/JAHA.113.000582
https://doi.org/10.1161/JAHA.113.000582
https://doi.org/10.1093/eurheartj/ehaf196
https://doi.org/10.1093/eurheartj/ehaf196
https://doi.org/10.1093/eurheartj/ehaf274
https://doi.org/10.1093/eurheartj/ehaf274
https://www.imrpress.com

	1. Introduction
	2. Methods
	2.1 Study Design and Patient Population
	2.2 CCTA Image Acquisition
	2.3 CCTA Image Quality Assessment
	2.4 PCAT Radiomics Feature Extraction and Selection
	2.5 Statistical Analysis

	3. Results
	3.1 Patient Characteristics
	3.2 PCAT Radiomics Feature Extraction and Selection
	3.3 Correlation of Radiomic Features With Clinical Variables
	3.4 Association Between PCAT Radiomic Features and LDL-C

	4. Discussion
	5. Study Limitations
	6. Conclusions
	Abbreviations
	Availability of Data and Materials
	Author Contributions
	Ethics Approval and Consent to Participate
	Acknowledgment
	Funding
	Conflicts of Interest
	Supplementary Material

