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Objective: Compared to stable abdominal aortic aneurysms (AAA), the inflammatory response in perivascular adipose tissue (PVAT) 
may be exacerbated prior to rupture, leading to functional and structural alterations that manifest as imaging disparities. Radiomics 
enables the extraction of images features, which can be integrated with machine learning(ML) to construct models for clinical decision 
support. This study investigated the potential of radiomic features derived from PVAT to predict AAA rupture.
Methods: A retrospective analysis was conducted using aortic Computed Tomography Angiography (CTA) images from two centers, 
comprising patients with either stable or ruptured AAA who had pre-rupture CTA scans. These images were allocated to 
a development set and an external validation set. After radiomic feature extraction, statistically significant features between the two 
groups were subjected to dimensionality reduction. Subsequently, ten common ML models were constructed and validated using both 
internal and external validation sets.
Results: The development set comprised 37 ruptured patients and 155 non-ruptured patients. The external test set included 6 ruptured 
patients and 30 non-ruptured patients. A total of 107 radiomic features were extracted per patient, of which 18 exhibited statistically 
significant differences between groups. After dimensionality reduction, 5 representative features were selected. The constructed 
models achieved an average accuracy of 0.76 and an average AUC of 0.81 in the internal test set, while the external test set yielded 
an average accuracy of 0.73 and an average AUC of 0.77.
Conclusion: Significant differences exist in PVAT characteristics between ruptured and non-ruptured AAA patients, supporting the 
feasibility of using radiomic features for rupture prediction with reasonable accuracy.
Keywords: abdominal aortic aneurysm, computational models, cardiovascular disease, perivascular adipose tissue, machine learning

Introduction
An abdominal aortic aneurysm (AAA) is a common vascular disorder defined as a localized, permanent dilation of the 
abdominal aorta exceeding 50% of its normal diameter.1 Typically, an AAA is diagnosed when the aortic diameter 
exceeds 3 cm.1 This condition leads to structural weakening of the vascular wall, which may result in severe complica
tions such as AAA rupture.1,2 Perivascular adipose tissue (PVAT), the fat depot surrounding the vascular adventitia, is 
predominantly distributed around large and medium-sized arteries3–5 (eg, the aorta and coronary arteries). Vascular wall 
inflammation plays a critical role in AAA pathogenesis,6 and AAA wall components can modulate PVAT structure and 
function via bioactive molecule secretion.7,8 Thus, it is reasonable to hypothesize that vascular inflammatory activity may 
influence PVAT, potentially manifesting as radiologic differences in PVAT.

Computed tomography angiography (CTA) provides high-resolution visualization of AAA dimensions and intralum
inal hemodynamics, serving as the gold standard for AAA diagnosis and surveillance. Additionally, CTA enables 
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assessment of peri-aneurysmal adipose tissue. Radiomics, an emerging technique integrating medical imaging and big 
data analytics, extracts high-throughput features from medical images to uncover latent biological information for clinical 
decision support.9,10 Machine learning (ML), a mathematical framework for automated pattern recognition and predictive 
modeling, is frequently applied to large datasets. Prior studies have utilized PVAT-derived radiomic features to predict 
post-endovascular aneurysm repair sac expansion.11 However, no research has yet investigated the predictive value of 
PVAT radiomics for AAA rupture.

Therefore, this study aims to: 1) Compare pre-rupture PVAT characteristics in ruptured AAA patients versus stable 
AAA controls; 2) Develop multiple ML models for AAA rupture prediction based on these differential features.

Methods
Patients Selection and Image Acquirement
All patients were diagnosed with AAA or ruptured AAA. The development set comprised patients admitted to Beijing Anzhen 
Hospital between July 2005 and May 2025, while the external validation set consisted of patients treated at Shandong Provincial 
Hospital from July 2010 to July 2022. The inclusion criteria for the rupture group were as follows: 1. Diagnosis of ruptured AAA; 
2. Undergoing aortic CTA at the admitting hospital; 3. Availability of pre-rupture aortic CTA images or admission aortic CTA 
reports without confirmed AAA rupture. The inclusion criteria for the control group were as follows: 1. Diagnosis of AAA; 2. 
Undergoing aortic CTA at the admitting hospital; 3. Availability of preoperative aortic CTA images for AAA.

Image Segmentation
Using 3D Slicer (v5.8.1),12 AAA segmentation was performed by manually placing regions of interest (ROI) slice-by- 
slice at the aortic border below the renal arteries to above the bifurcation of the abdominal aorta. Measurements of the 
maximum AAA diameter performed on maximum cross-section. After segmentation, a vascular surgeon with more than 
25 years of experience (Yang, Y). Subsequently, the “margin” function of the 3D Slicer software was employed to 
expand the AAA segmentation boundary outward by 5 mm, with the CT value range set between −200 and 0, to achieve 
preliminary segmentation of PVAT. The “logical operators” function was then utilized to duplicate the AAA segmenta
tion, which was subsequently reduced by 1 mm to minimize manual segmentation errors. The refined PVAT segmentation 
was obtained by subtracting this reduced segmentation from the initial PVAT segmentation.11,13,14 Figure 1 demonstrates 
an example of segmented AAA and its PVAT.

Feature Extraction
The plugin “radiomics” of 3D Slicer was employed to extract radiological characteristics from the PVAT region, 
including 14 shape features, 18 histogram features (also referred to as first-order features), and 75 texture features. 
Shape features were utilized to characterize the geometric morphology of the ROI, reflecting the 3D spatial distribution, 
boundary regularity, and structural complexity of the lesion. Histogram features were applied to quantify the overall 
distribution properties of gray-scale values within the ROI, with tissue radiological characteristics being represented 
solely in response to the frequency distribution of intensity values. Texture features described the spatial distribution 
patterns of voxels within the image, reflecting the heterogeneity, regularity, and complexity of tissue structures.

Machine Learning
To investigate whether radiomics features of perivascular adipose tissue can assist in predicting AAA rupture, we developed 10 
common ML models based on extracted features. The ML models included logistic regression (LR), adaptive boosting (AB), 
bagging (BAG), gradient boosting (GB), Gaussian naive Bayes (GNB), k-nearest neighbors (KNN), linear discriminant analysis 
(LDA), quadratic discriminant analysis (QDA), random forest (RF), and support vector machine (SVM). The machine learning 
workflow consisted of the following steps: 1. Univariate analysis was performed for each feature, retaining those with P < 0.05; 2. 
The development dataset was randomly partitioned into a training set (80%) and a test set (20%); 3. Feature dimensionality 
reduction was achieved using least absolute shrinkage and selection operator (LASSO) regression; 4. The retained features were 
used to construct the aforementioned ML models; 5. Model performance was evaluated in the internal validation set; 6. Model 
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performance was evaluated in the external validation set. For each model, the optimal probability threshold was derived by 
maximizing the Youden index (J = sensitivity + specificity − 1) on the ROC curve in the development set, and this threshold was 
subsequently applied to the external validation set to calculate sensitivity and specificity. Univariate analysis was conducted using 
SPSS (v25.0, International Business Machines Corporation), while all other steps were implemented in Python (v3.12).

Statistical Analysis
Statistical analysis was performed using SPSS (v25.0, International Business Machines Corporation). For continuous 
variables, univariate analysis was conducted using either the independent t-test or Fisher’s exact test, depending on the 
variable type. Categorical variables were analyzed using the χ2 test for univariate analysis. Ordinal data were evaluated using 
the Mann–Whitney U-test for univariate comparisons. A two-tailed p-value <0.05 was considered statistically significant.

Results
Population Characteristic
The development set comprised 8699 patients with AAAs or ruptured AAAs, including 556 ruptured AAA cases. Among 
ruptured AAA patients, 431 were excluded due to the absence of pre-rupture aortic CTA images, 9 were excluded because their 
pre-rupture CTA images were confirmed to depict already ruptured aneurysms, and 79 were excluded due to unavailable pre- 
rupture aortic CTA images. Consequently, 37 ruptured AAA patients were ultimately included. The non-ruptured group initially 
consisted of 8143 patients, of whom 6964 were excluded due to unavailable aortic CTA images. After propensity score matching 
with the ruptured AAA group to control for baseline confounders, 155 non-ruptured AAA patients were finally included 
(Figure 2). The external validation cohort included 15 patients: 6 with ruptured AAAs and 9 with non-ruptured AAA.

Figure 1 Demonstrates an example of segmented AAA and its PVAT. 
Notes: This figure was derived from a patient in the ruptured group. (A) demonstrates the segmentation of AAA. (B) displays the processed PVAT region. (C) provides a 3D 
reconstruction of the AAA, while (D) presents a combined 3D visualization of both PVAT and AAA.
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The ruptured AAA group consisted of 33 males and 4 females, with a mean aneurysm diameter of 68.96 ± 22.51 mm. 
The control group (non-ruptured AAA) included 145 males and 10 females, with a mean aneurysm diameter of 68.32 ± 
12.85 mm. Partial medical history data were missing for some ruptured AAA patients due to emergency admissions. 
After excluding missing values, no statistically significant differences were observed in baseline characteristics between 
the two groups except for age (Table 1).

The mean interval between the completion time of examinations and May 1, 2025 was 1763.43 days for the 
unruptured group and 1477.58 days for the ruptured group. No statistically significant difference was observed between 
the two groups (Supplementary Table 1).

Differences in PVAT
A total of 107 radiomic features were extracted from each patient, among which 18 features demonstrated statistically 
significant differences between the two groups. These comprised 2 shape features, 5 histogram features, and 11 texture 
features. Table 2 presents the comparative analysis of shape and histogram features between groups, revealing statisti
cally significant differences in the following parameters: Sphericity (0.13 vs 0.15, p=0.004), SurfaceVolumeRatio (0.96 
vs 0.82, p=0.04), 10Percentile (−108.49 vs −117.74, p=0.004), 90Percentile (−13.08 vs −17.28, p<0.001), Mean (−61.68 
vs −69.69, p<0.001), Median (−61.57 vs −70.99, p<0.001), RootMeanSquared (71.56 vs 79.15, p=0.001), Idmn, (0.98 vs 
0.97, p=0.046), Idn (0.91 vs 0.90, p=0.032), LowGrayLevelEmphasis (0.03 vs 0.04, p=0.029), 
GrayLevelNonUniformityNormalized (0.20 vs 0.18, p=0.038), LongRunLowGrayLevelEmphasis (0.09 vs 0.11, 
p=0.013), LowGrayLevelRunEmphasis (0.03 vs 0.04, p=0.034), RunEntropy (3.63 vs 3.70, p=0.025), 
LowGrayLevelZoneEmphasis (0.06 vs 0.08, p=0.019), SizeZoneNonUniformityNormalized (0.36 vs 0.32, p<0.001), 
SmallAreaEmphasis (0.62 vs 0.59, p<0.001), ZoneEntropy (5.13 vs 5.39, p=0.001). The integrated radiomic features 

Figure 2 Patient Enrollment and Exclusion Flowchart.
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Table 1 Baseline Characteristics of Patients

Ruptured  
Group (N=37)

Control  
Group (N=155)

P

Age (y) 73.32 (11.61) 68.74 (8.17) <0.01

BMI 25.72 (4.04) 25.55 (3.58) 0.60

Male (%) 33/37 (89.2%) 145/155 (93.5%) 0.36
History of smoking (%) 21/34 (61.8%) 103/155 (66.5%) 0.60

History of HTN 0.67

No HTN 11/37 26/155
Stage 1 HTN 2/37 32/155

Stage 2 HTN 11/37 61/155
Stage 3 HTN 13/37 35/155

History of CHD (%) 21/34 (61.8%) 107/155 (69.0%) 0.41

History of AMI (%) 1/33 (3.0%) 17/155 (11.0%) 0.15
History of CVD (%) 6/34 (17.6%) 37/155 (23.9%) 0.43

History of DM (%) 1/33 (3.0%) 20/155 (12.9%) 0.09

The maximum diameter of AAA (mm) 68.96 (22.51) 68.32 (12.85) 0.87

Notes: Data are presented as number/total number or mean (standard deviation). 
Abbreviations: HTN, hypertension; CHD, Coronary Heart Disease; AMI, Acute Myocardial Infarction; CVD, 
Cerebrovascular Disease; DM, Diabetes Mellitus.

Table 2 Morphological and Histogram Features

Feature Ruptured Group Control Group P

Elongation 0.66±0.13 0.68±0.11 0.256

Flatness 0.55±0.12 0.58±0.1 0.135

LeastAxisLength 76.73±19.26 76.02±14.55 0.804
MajorAxisLength 140.63±24.35 132.09±19.19 0.052

Maximum2DDiameterColumn 129.03±21.12 124.36±17.84 0.170

Maximum2DDiameterRow 137±25.56 129.71±19.33 0.110
Maximum2DDiameterSlice 87.71±18.60 82.61±13.22 0.122

Maximum3DDiameter 144.27±25.41 136.95±18.13 0.105
MeshVolume 77734.84±38145.74 78095.91±29324.94 0.950

MinorAxisLength 91.96±23.86 89.00±15.1 0.476

Sphericity 0.13±0.03 0.15±0.03 0.004
SurfaceArea 69504.45±35246.09 60389.87±19491.92 0.136

SurfaceVolumeRatio 0.96±0.31 0.82±0.24 0.004

VoxelVolume 78450.44±38490.56 78562.92±29347.02 0.984
10Percentile −108.49±20.68 −117.74±16.36 0.004

90Percentile −13.08±5.98 −17.28±5.69 0.000

Energy 1285123021.27±1217918591.08 1393352939.57±827018150.26 0.610
Entropy 2.46±0.27 2.54±0.19 0.084

InterquartileRange 54.49±10.52 56.19±8.53 0.300

Kurtosis 2.76±1.19 2.8±4.06 0.950
Maximum 8.49±51.79 0.46±5.78 0.353

MeanAbsoluteDeviation 29.81±5.8 30.92±4.17 0.277

Mean −61.68±13.11 −69.69±11.56 0.000
Median −61.57±15.36 −70.99±13.69 0.000

Minimum −209.68±74.1 −206.29±66.53 0.786

Range 218.16±88.49 206.75±66.67 0.466
RobustMeanAbsoluteDeviation 22.45±4.29 23.23±3.37 0.234

(Continued)
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collectively indicate that the PVAT in the ruptured plaque group exhibits more irregular and complex morphology, with 
significantly higher overall grayscale intensity. Regarding textural heterogeneity, while the elevated global grayscale and 
reduced dark regions lead to increased homogeneity as reflected by certain metrics, the inherent non-uniformity of 
grayscale distribution and regional size heterogeneity are conversely enhanced. These findings suggest a transformation 
in the spatial complexity of PVAT’s internal architecture in response to pathological changes. Figure 3 displays the 
attenuation heatmaps of PVAT CT values in both groups.

Prediction of AAA Rupture with PVAT
Using a fixed random seed, patients were randomly divided into a training set (80%, 153/192) and an internal test set 
(20%, 39/192). LASSO regression was performed on radiomic features that had previously demonstrated statistically 
significant differences. Figure 4 presents the results of the LASSO regression, with the optimal α value identified as 
0.0215. Ultimately, five representative radiomic features were selected (Figure 5).

Based on these five representative features, 10 common ML models were constructed for the prediction of AAA 
rupture. The average AUC of the models was 0.81. Among them, 6 models achieved AUC values greater than 0.8: 
k-Nearest Neighbors (KNN, AUC=0.91), Random Forest (RF, AUC=0.85), Bagging (BAG, AUC=0.84), Support Vector 
Machine (SVM, AUC=0.83), Gradient Boosting (GB, AUC=0.82), and Linear Discriminant Analysis (LDA, 
AUC=0.81). Other 4 models had AUC values between 0.7 and 0.8. Subsequently, the models were validated in an 
external test set, yielding an average AUC of 0.77. The AUC curves for each model in the internal and external validation 

Table 2 (Continued). 

Feature Ruptured Group Control Group P

RootMeanSquared 71.56±14.2 79.15±11.73 0.001

Skewness −0.21±0.49 −0.07±0.39 0.069
TotalEnergy 444111745.87±300898432.34 519712386.21±258200726.75 0.123

Uniformity 0.21±0.04 0.19±0.03 0.067

Variance 1346.25±569.76 1412.02±368.04 0.507

Note: Data are presented as mean ± standard deviation.

Figure 3 Heatmaps of PVAT CT Attenuation Values in Both Groups. 
Notes: Patients with matched maximum AAA diameters were selected from both groups, and cross-sectional images at the level of maximal aneurysm diameter were 
obtained. (A) represents a representative patient from the control group, while (B) corresponds to a patient from the ruptured group. In the color bar, lighter shades 
indicate higher CT values, whereas darker regions correspond to lower CT values.
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Figure 4 Results of LASSO Regression. 
Notes: (A) Cross-validation curve; the curve balances prediction error and model sparsity to determine the optimal regularization strength (λ). The red line represents the 
mean squared error (MSE), the light red shaded area indicates the standard deviation, and the black dashed line denotes the optimal λ value. (B) Coefficient path plot; this 
plot visualizes the trajectory of feature coefficient changes across varying regularization strengths (λ), elucidating feature importance, selection process, and correlations. As 
shown in (A and B), the minimum MSE was achieved when λ = 0.0215.
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sets are shown in Figure 6. Among these, 3 models achieved AUC values greater than 0.8 (LAD, AUC=0.88; Logistic 
Regression [LR], AUC=0.88; adaptive boosting [AB], AUC=0.81), while 6 models had AUC values between 0.7 and 0.8 
(RF, AUC=0.79; Gaussian Naive Bayes [GNB], AUC=0.79; SVM, AUC=0.75; Quadratic discriminant analysis [QDA], 

Figure 5 Retained Features. 
Notes: When α=0.0215, the MSE reached its minimum value, at which point 5 representative radiomic features were retained.

Figure 6 ROC curve. 
Notes: (A) ROC curves of each model in the internal validation set; (B) ROC curves of each model in the external validation set. 
Abbreviations: LR, Logistic Regression; AB, AdaBoost; BAG, Bagging; GB, XGBoost; GNB, GaussianNB; KNN, k-Nearest Neighbors; LDA, Latent Dirichlet Allocation; 
QDA, quadratic discriminant analysis; RF, Random Forest; SVM, support vector machine.
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AUC=0.77; BAG, AUC=0.70). A comparison of model performance between the internal and external validation sets is 
illustrated in Figure 7.

We obtained the optimal probability threshold for each model and accuracy (ACC), sensitivity (SEN), specificity 
(SPE) at threshold points in internal test set and external test set (Table 3). Across the internal test set, non-linear models 
such as RF, SVM and KNN achieved the highest accuracies (ACC = 0.85–0.87) with consistently high specificities (SPE 
= 0.84–0.87), whereas QDA obtained the highest sensitivity (SEN = 1.00) at the expense of markedly reduced specificity 
(SPE = 0.48) and overall accuracy (ACC = 0.59). In contrast, LR, LDA and GNB showed more moderate but well- 
balanced internal performance (ACC = 0.72–0.74, SEN = 0.88, SPE = 0.68–0.71). On external validation, KNN yielded 
the highest overall accuracy (ACC = 0.89) and specificity (SPE = 0.97), although its sensitivity was only moderate (SEN 
= 0.50), while SVM maintained similarly high specificity (SPE = 0.97) but with a pronounced drop in sensitivity (SEN = 
0.17), indicating substantial under-detection of positive cases. AB and QDA provided the highest sensitivities on the 
external test set (SEN = 1.00 and 0.83, respectively), but with relatively low specificities (SPE = 0.53) and accuracies 
(ACC = 0.61 and 0.58). LR, LDA and GNB exhibited the most balanced external performance (ACC = 0.75 with SEN = 
0.67 and SPE = 0.77 for all three models), suggesting comparatively better generalizability. RF, BAG and GB 

Figure 7 Performance comparison of different models on internal and external test sets. 
Notes: (A) Comparison of AUC values across models. (B) Comparison of accuracy across models. Models are ranked by their AUC values in the external test set.
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demonstrated intermediate external accuracies (ACC = 0.69–0.75), characterized by preserved specificity (SPE = 
0.70–0.83) but reduced sensitivity (SEN = 0.33–0.67).

Subgroups Analysis of Age Differences
Since the two groups differed significantly in age, this variable was incorporated into the model together with the 
radiomics features selected by LASSO regression. All other parameters remained consistent with those previously 
described. The performance of all models declined to varying degrees, yielding an average accuracy of 0.69 and an 
average AUC of 0.69 in the internal test set. Comparisons of the models’ AUC values are shown in Supplementary 
Figure 1.

Discussion
In this study, radiomic features of PVAT were extracted from pre-rupture CTA images of ruptured AAA patients and 
compared with CTA images from stable AAA patients. Multiple machine learning models were developed and validated 
using an external multicenter dataset. Radiomic analysis revealed that the rupture group exhibited larger PVAT volume, 
more irregular shape, higher density, and lower internal heterogeneity compared to the control group. 10 machine 
learning models were constructed for AAA rupture prediction. The mean AUC in the internal validation set were 0.81, 
while the external validation set yielded mean values of 0.77. All models showed at least moderate discriminative ability. 
Considering all metrics, LR is the best-performing model which achieved relatively stable and balanced diagnostic 
performance (ACC 0.75, SEN 0.67, SPE 0.77) while maintaining high discriminative ability (external validation 
AUC 0.88).

This retrospective multicenter study enrolled 237 patients (43 rupture cases, 194 controls). Due to the insidious nature 
of AAA and low occurrence rate of rupture, pre-rupture CTA images—which document critical morphological char
acteristics—are scarce. Ruptured AAA patients often lack symptoms or routine imaging follow-up before rupture, and 
emergency conditions further complicate data collection. Prior studies have been limited by small sample sizes. A total of 
91 patients with ruptured AAA were included in the study by Claire van der Riet et al.15 The number of eligible cases 
based on CTA imaging of ruptured abdominal aortic aneurysms was even more limited. For instance, Gale et al16 

included only 19 cases of ruptured AAA, while Yohsuke Makino et al similarly enrolled 19 ruptured AAA patients.17 Our 
cohort included both surveillance-detected ruptures and emergency admissions with “AAA rupture” diagnoses, enhan
cing model generalizability. In the control group, all patients met the surgical criteria for AAA diameter (mean diameter 

Table 3 Model Performance

Model Threshold Internal Test Set External Test Set

ACC SEN SPE ACC SEN SPE

LR 0.45 0.72 0.88 0.68 0.75 0.67 0.77

LDA 0.16 0.74 0.88 0.71 0.75 0.67 0.77
AB 0.46 0.67 0.88 0.61 0.61 1.00 0.53

RF 0.33 0.85 0.88 0.84 0.75 0.33 0.83

GNB 0.15 0.72 0.88 0.68 0.75 0.67 0.77
SVM 0.38 0.85 0.75 0.87 0.83 0.17 0.97

QDA 0.08 0.59 1.00 0.48 0.58 0.83 0.53

BAG 0.27 0.82 0.75 0.84 0.75 0.33 0.83
GB 0.14 0.82 0.75 0.84 0.69 0.67 0.70

KNN 0.40 0.85 0.75 0.87 0.89 0.50 0.97

Note: accuracy, sensitivity and specificity of External test set were calculated at 
threshold point. 
Abbreviations: ACC, Accuracy; SEN, Sensitivity; SPE Specificity; LR, Logistic 
Regression; AB, AdaBoost; BAG, Bagging; GB, XGBoost; GNB, GaussianNB; KNN, 
k-Nearest Neighbors; LDA, Latent Dirichlet Allocation; QDA, quadratic discriminant 
analysis; RF, Random Forest; SVM, support vector machine.
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68.32 mm ± 12.85 mm), and they were subjected to surgical treatment after admission. Therefore, the exact duration of 
abdominal aortic aneurysm stability could not be determined. In the absence of symptoms such as abdominal pain or 
diarrhea at admission, we operationally classified these aneurysms as stable.

Age disparity was observed (rupture group: 73.32 years vs control: 68.74 years), likely reflecting AAA’s degenerative 
pathophysiology. In this study, this variable was incorporated into the model together with the radiomics features. It 
turned out that age decreased performance of all models. Age is a recognized risk factor for AAA, and its incidence rises 
with advancing age.18,19 The most commonly used predictor of AAA rupture is the maximum diameter of the aneurysm, 
and AAA growth rate, female sex, smoking, and high blood pressure are also independently and significantly associated 
with AAA rupture risk.19–21 Whether age constitutes a risk factor for AAA rupture remains unclear. Given this 
uncertainty and performance decline, the between-group age difference in our cohort may be interpreted as a potential 
confounder rather than a causal driver of rupture.

PVAT has been increasingly recognized not merely as a supportive structure, but also as an active modulator of 
vascular function through paracrine and endocrine mechanisms.22 Under physiological conditions, PVAT exerts vasodi
latory, antioxidant, and anti-inflammatory effects.7 In pathologic states, PVAT undergoes phenotypic switching: increased 
immune cell infiltration, micro-neovascularization, fibrotic remodeling of adipose tissue, adipocyte hypertrophy/atrophy, 
and increased connective-tissue infiltration.23 Dysfunctional PVAT contributes to cardiovascular diseases; for instance, 
BMP4 knock-out in PVAT accelerates atherosclerosis.24 Histologically, the PVAT surrounding AAA exhibits necrotic 
adipocytes and sterile inflammatory infiltration.25 This pathologically altered adipose tissue, characterized by necrosis 
and inflammation, may contribute to the sustained vascular injury process by acting on the adjacent aneurysmal aortic 
wall.25 A CT-based study found that in aneurysm patients, PVAT close to the aortic wall had higher attenuation compared 
with distant fat, interpreted as a marker of perivascular inflammation.14 In our rupture group we observed higher 
grayscale intensity of PVAT, which likely corresponds to increased density caused by inflammatory cell infiltration, 
edema and fibrosis in the PVAT depot adjacent to the vessel wall.7,26,27 The irregular morphology suggests focal 
remodeling of the PVAT, perhaps adipocyte loss and inflammatory infiltration, marking advanced perivascular 
degeneration.25 Increased internal heterogeneity may indicate heterogeneous local perivascular microenvironments 
reflecting ongoing dynamic remodeling.28 Together, these features may identify lesions where the perivascular environ
ment is in a late-stage, destabilized state, contributing to wall weakening and eventual rupture.

Conversely, PVAT is influenced by vascular status, making it a viable biomarker.8,29,30 Current research on the 
diagnostic and prognostic utility of PVAT as a biomarker has primarily focused on coronary artery disease. For instance, 
Evangelos K. Oikonomou et al utilized CTA to assess vascular fat attenuation for predicting the risk of cardiac 
mortality.31 Regarding studies on PVAT in AAA, Rui Lv et al demonstrated its potential in predicting post- 
endovascular aneurysm repair aneurysm expansion.11

Radiomic differences suggest rupture-associated PVAT undergoes browning (brown adipose-like phenotypic 
changes), potentially mitigating inflammation.32 This phenotypic shift may explain the observed imaging disparities. 
Radiomics quantifies pixel/voxel data to extract features (eg, shape, texture, intensity) for predictive modeling, 
uncovering disease heterogeneity imperceptible to visual assessment.33,34 Currently, CTA serves as the primary 
imaging modality for constructing AAA rupture prediction models. CTA provides comprehensive data on aneurysm 
morphology, intraluminal thrombus characteristics, and spatial relationships with adjacent structures. Multiple studies 
have utilized abdominal aortic CTA to develop AAA rupture prediction models. For instance, Mohamed Mansouri et al 
established a prediction model incorporating aneurysm morphology and spatial distribution patterns of calcification, 
achieving an AUC of 0.81.35 Similarly, Ying Wang et al developed seven distinct AAA rupture prediction models 
based on radiomic features combined with aneurysm and lumen area change rates, among which the highest C-index 
reached 0.760.36 Our radiomics model achieved an average AUC value of 0.80 in the internal test set, with the best- 
performing model reaching 0.90. In the external test set, the average AUC value was 0.66, while the top-performing 
model attained 0.85. From a clinical perspective, the main trade-off lies between avoiding missed high-risk patients 
and preventing unnecessary interventions in low-risk patients. In our cohort, AB and QDA achieved very high 
sensitivities on the external test set (up to 1.00) at Youden-based thresholds, meaning that almost all ruptured AAA 
cases would be flagged as high-risk, but this was accompanied by relatively low specificities and accuracies, implying 
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that a considerable proportion of clinically stable patients would be overclassified as high-risk. Such models may be 
more suitable for early warning or triage scenarios, where the priority is not to miss any patient at imminent risk and 
additional imaging or closer follow-up is acceptable However, CTA requires iodinated contrast agents, posing a risk of 
contrast-induced nephropathy, particularly in patients with renal insufficiency. In this study, PVAT was utilized to 
construct an AAA rupture prediction model. Notably, PVAT evaluation itself does not require contrast agents, 
suggesting that non-contrast CT may still hold predictive value for AAA rupture. Furthermore, MRI exhibits higher 
sensitivity than CT for fat detection. Future studies will further refine this model by incorporating non-contrast CT or 
MRI-based PVAT assessments.

There are some limitations in our study: 1) Retrospective nature and limited sample size may have influenced the 
stability of the performance estimates, and the validation results should therefore be interpreted with some caution; 2) 
Manual PVAT segmentation may introduce subjectivity; 3) The CTA examinations in this study spanned a period of 12 
years. Variations in scanning equipment, imaging protocols, and clinical practices across different time periods may 
introduce temporal heterogeneity and potential bias.

Pre-rupture PVAT exhibits distinct radiomic features in AAA patients. CTA-based PVAT machine learning models 
show promise for rupture risk stratification, warranting further prospective evaluation.

Conclusion
In conclusion, this study demonstrates that PVAT radiomic features can effectively distinguish ruptured from non- 
ruptured AAAs and support pre-rupture risk prediction. Compared with controls, PVAT of the ruptured group exhibited 
more irregular morphology, higher attenuation, and altered textural heterogeneity, reflecting increased spatial complexity. 
Machine learning models built on PVAT features achieved good discrimination, with average AUC of 0.81 in the internal 
test set and 0.77 in the external cohort, and several models showing relatively balanced sensitivity and specificity and 
thus better generalizability. Incorporating age into the models led to a uniform decline in performance, suggesting that 
PVAT radiomics alone already captures much of the rupture-related information. These findings support PVAT-based 
radiomics as a promising imaging biomarker for AAA rupture risk stratification, warranting validation in larger 
prospective studies.
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