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Abdominal aortic aneurysm (AAA) progression carries a significant rupture risk, demanding accurate 
prediction models beyond traditional methods that rely on limited clinical parameters and often 
overlook complex factor interplay. We aimed to enhance prediction by developing and validating an 
end-to-end multi-modal deep learning (DL) model that integrates features extracted using ResNet 
from computed tomography (CT) images, geometric features derived from radiomics based on CT 
annotations, and clinical features obtained from clinical records. This retrospective study utilized 
data from 561 AAA patients sourced from Boramae Medical Center and Seoul National University 
Hospital, including 14,252 annotated CT axial images alongside detailed clinical information. Patients 
were categorized into rapid or slow progression groups based on an annual growth rate threshold of 
2.5 mm/year. The multi-modal DL model that incorporated CT images, clinical features, and geometric 
features demonstrated superior predictive performance for rapid progression, achieving an area under 
the receiver operating characteristic curve (AUC) of 0.807 and an accuracy of 0.758. This significantly 
outperformed traditional machine learning models utilizing only clinical data (AUC: 0.716) or only 
geometric features (AUC: 0.715). The improvement in AUC was statistically significant according to 
DeLong’s test. This study underscores the value of AI-driven, multi-modal approaches for enhancing 
patient-specific AAA risk stratification, potentially enabling more precise monitoring and optimized 
timing for clinical interventions.
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Abdominal aortic aneurysm (AAA) is a life-threatening degenerative vascular disease characterized by the 
pathological dilation of the aortic wall. AAA is commonly defined as an increase in aortic diameter of more than 
50% of its normal size or a measurement exceeding 30 mm1. If left untreated, AAA continues to expand and may 
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eventually rupture, significantly contributing to cardiovascular mortality; accordingly, AAA ranks among the 
top ten causes of death worldwide2,3. The incidence of AAA is particularly high in men over 60 years of age, with 
a prevalence ranging from 4% to 8% in this population4. As global life expectancy increases, the burden of AAA 
is also rising, with approximately 200,000 new cases diagnosed and 40,000 surgical interventions performed 
annually in the United States alone5.

Despite its critical significance, the precise pathophysiological mechanisms underlying AAA progression 
remain poorly understood, and no pharmacological therapy has been proven to halt or slow disease progression6. 
Consequently, AAA management predominantly relies on periodic imaging surveillance to monitor aneurysm 
growth, with surgical intervention recommended only when the aneurysm reaches a critical size threshold7. 
However, AAA progression is highly variable, with some aneurysms exhibiting rapid expansion and others 
remaining stable over prolonged periods8–11. This unpredictability complicates clinical decision-making, 
particularly regarding the optimal timing for surgical intervention, underscoring the need for more refined, 
data-driven approaches to AAA monitoring and treatment.

Traditional methods for predicting AAA progression have primarily focused on biomechanical modeling 
and imaging-based assessments of wall stress12,13, as well as physiological measurements14. However, these 
approaches are often constrained by technical limitations such as discrepancies in image resolution, estimation 
errors in wall stress, and challenges in standardizing measurements across diverse patient populations. Recent 
advancements in artificial intelligence (AI) and deep learning (DL) have introduced innovative methodologies 
for analyzing complex imaging data and extracting predictive features that may not be apparent through 
conventional assessments. Notably, DL algorithms applied to three-dimensional (3D) computed tomography 
(CT) angiography have demonstrated superior performance in predicting rupture risk in intracranial aneurysms, 
highlighting the potential of AI-based models in vascular disease prognosis15,16. In the context of AAA research, 
DL applications have primarily been utilized for aneurysm segmentation and screening17, with relatively fewer 
studies focusing on predictive modeling of disease progression18,19. Given the multifactorial nature of AAA 
progression—driven by a combination of proteolytic activity, oxidative stress, and chronic inflammation—
integrating multimodal data, including clinical features and CT imaging, into a comprehensive DL model may 
enhance predictive accuracy20,21.

In this study, we introduce a deep learning model designed to predict the rapid progression of AAA by 
integrating CT imaging data with clinical features. By leveraging structural information from imaging and 
contextual insights from clinical features, our approach aims to develop a robust, data-driven framework for 
individualized risk assessment. Using a large cohort of patients with longitudinal imaging and clinical follow-
up data, we seek to contribute to the advancement of AI-based surveillance strategies for AAA. Ultimately, 
this predictive model has the potential to facilitate more accurate risk stratification, optimize the timing of 
interventions, and reduce the incidence of AAA rupture, thereby improving patient outcomes.

Materials and methods
Study populations
The study was approved by the Institutional Review Board (IRB) of SMG-SNU Boramae Medical Center (BMC; 
IRB No. 20-2022-103) and Seoul National University Hospital (SNUH; IRB No. 2309-027-1463). Informed 
consent was waived by the Institutional Review Boards of both SMG-SNU Boramae Medical Center and Seoul 
National University Hospital, as the study was retrospective in nature and all clinical and imaging data were 
anonymized prior to analysis.

All methods were performed in accordance with the relevant guidelines and regulations, including the 
Declaration of Helsinki. Patients diagnosed with AAA through contrast-enhanced CT scans at these institutions 
between January 2010 and May 2023 were included based on the following criteria: (a) AAA diameter of 
≥ 28 mm and (b) at least one follow-up CT scan obtained at an interval of ≥ 4 months. The exclusion criteria 
were as follows: (a) initial AAA diameter of ≥ 48 mm, (b) suprarenal or juxtarenal AAA, (c) ruptured aneurysm, 
(d) dissecting aneurysm, and (e) suspected mycotic aneurysm.

Classification of rapid and slow progression groups
The cohort was divided into two groups: rapid progression and slow progression, based on the growth rate of 
AAA. The growth rate was defined as the mean expansion rate of the aorta over the entire follow-up period and 
was calculated using the following formula:

	
Growth Rate (mm/year) = Dfinal − Dinitial (mm)

period time (years)

According to the National Health Service AAA Screening Program in the UK, the rapid progression group was 
defined by a mean expansion rate of 1.9 mm/year for initial sizes ranging from 2.8 to 3.9 mm, 2.7 mm/year for 
sizes between 3.0 and 4.5 mm, and 3.5 mm/year for sizes between 4.6 and 8.5 mm22,23. Since our cohort included 
patients with initial sizes ranging from 2.7 to 4.7 mm, a cut-off growth rate of 2.5 mm/year was used to classify 
patients into rapid vs. slow progression groups24.

Finally, the BMC dataset and the SNUH dataset comprised features extracted from different modalities, such 
as clinical features and CT images. The rapid progression group was labeled as positive (label = 1), while the slow 
progression group was labeled as negative (label = 0).

Overview of multi-modal model construction
An overview of the construction of the multi-modal model is illustrated in Fig. 1. We developed this model to 
predict the rapid progression of AAA by extracting features from three distinct modalities across both datasets. 
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The first modality encompasses significant clinical features that contribute to AAA progression, selected from 
various clinically relevant risk factors derived from patients’ medical records. The second modality employs a 
deep learning model that extracts features from post-processed CT images centered on annotated regions of 
the abdominal aorta. The third modality focuses on extracting geometric features from the 3D structure of the 
annotated abdominal aorta. By analyzing and integrating the characteristics of data from each modality, we aim 
to enhance the accuracy of AAA progression predictions.

Clinical variable extraction
The selection of clinical variables was based on established evidence from major guidelines and cohort 
studies25–28, as well as data-driven analysis within our cohort. In total, we screened approximately 20 clinical 
variables and retained only those demonstrating consistent significance in our analysis or strong support in prior 
literature. We extracted the following clinical variables from medical records: chronic obstructive pulmonary 
disease (COPD), diabetes mellitus (DM), smoking status, sex, age, and initial size of AAA. COPD and DM were 
binarized, with the presence of these conditions labeled as 1 (positive). For sex, males were labeled as 1 and 
females as 2. Age and initial size were treated as continuous variables. The initial size refers to the diameter of 
the AAA as measured on the initial CT scan. Smoking status was categorized into three groups: never, current, 
and past (within the last 30 days). Individual clinical features were normalized using the Z-score to align with 
the BMC data10,29.

CT image data acquisition
CT images were obtained using a 64-slice CT scanner (Brilliance 64, Philips Healthcare, Amsterdam, 
Netherlands), a 128-slice CT scanner (Ingenuity, Philips Healthcare) at BMC, and a dual-source CT scanner 
(SOMATOM Definition, Siemens Healthineers, Erlangen, Germany) or a 256-slice CT scanner (iCT, Philips 
Healthcare). The protocol for performing CT scans involved contrast-enhanced imaging in the craniocaudal 
direction. The scan parameters were as follows: (a) collimation of 64 × 0.625 mm, 64 × 0.6 mm, 32 × 0.6 mm, or 
128 × 0.625 mm; (b) tube voltage of 100 kVp or 120 kVp; (c) tube current of 120 mAs, 200 mAs, or a range of 104 
to 620 mA; and (d) rotation speed of 270 to 500 milliseconds. The tube voltage and current settings were adjusted 
based on the patient’s body habitus. Transverse datasets were reconstructed with slice thicknesses ranging from 
2.0 mm to 10.0 mm. The resultant CT axial images from BMC exhibited a mean pixel spacing of 0.68 mm and 

Fig. 1.  An overview of the multi-modal model construction. A deep learning model was constructed with data 
obtained from CT images, medical records, and radiomics analysis. All features were integrated into the model 
to predict the rapid progression of AAA.
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a mean slice thickness of 3.4 mm. In contrast, CT images from SNUH demonstrated a mean pixel spacing of 
0.69 mm and a mean slice thickness of 3.4 mm. Both datasets had an image matrix of 512 pixels.

Segmentation of the abdominal aorta
We used the 3D Slicer program30 to select the corresponding axial CT images that included the abdominal 
aorta. Figure 2 illustrates an example of the annotation process. The craniocaudal extent of the abdominal aorta 
was defined as extending from the renal arteries to just before the iliac bifurcation. The outer margin of the 
abdominal aorta on the CT images was annotated manually and saved as binary masks. The CT window level 
and width were adjusted to 40 Hounsfield Units (HU) and 350 HU, respectively, to assist the radiologist in 
distinguishing the contrast-enhanced aorta from other soft tissues.

Geometric feature extraction from radiomics
Geometric features were extracted from CT images annotated with the aorta using the PyRadiomics package31. 
The 3D structure of the aorta was constructed by integrating all annotations along with the pixel spacing and 
slice thickness of the CT images. Fourteen 3D shape-based features were derived from this structure, including 
Elongation, Flatness, Least Axis Length, Major Axis Length, Maximum 2D Diameter (column), Maximum 2D 
Diameter (row), Maximum 2D Diameter (slice), Maximum 3D Diameter, Mesh Volume, Minor Axis Length, 
Sphericity, Surface Area, Surface Volume Ratio, and Voxel Volume. Although both originate from the same 
imaging source, CT image features capture pixel-level intensity patterns, while geometric features reflect the 
patient’s anatomical characteristics derived from expert-defined annotations. Therefore, they represent distinct 
modalities that provide complementary and non-redundant information for the prediction task. The details 
of the feature definitions are presented in Table S1. The individual geometric features were normalized using 
Z-score normalization for the BMC dataset, and the same scaling was applied to the SNUH data.

Machine learning model using clinical and geometric features
To compare DL models utilizing a combination of features described in the following section, machine learning 
(ML)-based classification models were developed using the XGBoost package13,32. These models were based on 
the extreme gradient boosting algorithm, and hyperparameters were optimized to maximize the area under the 
curve (AUC) using the Optuna package14,33. Two models were trained: one incorporating clinical features and 

Fig. 2.  AAA annotation on CT image using 3D slicer program. (a) CT window level and window width 
applied to the CT image in the axial view. (b) Aorta annotation in the axial view. (c) Aorta annotation before 
the renal arteries, verified in the sagittal view. (d) Aorta annotation from the aortic bifurcation, verified in the 
sagittal view.
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the other utilizing geometric features from the SNUH dataset. Model evaluation was conducted using the BMC 
dataset.

Preprocessing of CT images for DL models
To isolate the abdominal aorta in the CT images, pixels outside the annotated region were replaced with a blank 
value (Air, -1000 HU). Axial CT slices covering the entire volume of the abdominal aorta -from the aortic 
bifurcation to the renal arteries- were used as input. Each slice was cropped to a matrix size of 128 × 128 pixels 
centered on the annotation. We confirmed that the entire annotated aortic region was consistently contained 
within this window across all patients. This preprocessing step focused on preserving local texture patterns, as 
spatial resolution (including pixel spacing and slice thickness) had already been accounted for in the separately 
extracted geometric features. The same CT window level and window width used for annotation were applied. 
Subsequently, the images were resized to 224 × 224 pixels to match the input requirements of the DL model 
(Fig. 3).

Construction of DL models using CT images
The DL framework PyTorch15,34 was utilized to construct a deep learning model, as illustrated in Fig. 1. A 
modified ResNet18 convolutional neural network (CNN)16,35 was used to extract features from 2D axial CT 
images containing annotations. The input layer of the model was adapted for grayscale images instead of RGB 
color images, as in the original ResNet18. The convolutional layers of the network extracted a feature vector of 
512 dimensions from each CT image. Three fully connected layers were added to compress these 512 features 
into 8 features. Finally, the output layer generated the probability of rapid progression of AAA after applying 
a sigmoid activation function. The Binary Cross-Entropy Loss function was used to minimize the difference 
between the predicted probabilities and the patient group labels (Rapid = 1.0, Slow = 0.0). We applied class 
weights to the loss function, with weights proportional to the inverse label frequency in the training data. The 
model was optimized using the AdamW optimizer with a learning rate of 0.000117,36.

The model was trained using CT images from the SNUH dataset and tested on the BMC dataset. To enhance 
the model’s robustness against inter-patient anatomical variability and variations in CT acquisition conditions, 
we applied image augmentation techniques during training. These included Gaussian blur, median blur, color 
jitter, horizontal flip, vertical flip, random 90-degree rotations, and random shift-scale rotations, implemented 
using Albumentations18,37, which are commonly used in deep learning–based medical image analysis to improve 
generalizability and prevent overfitting18,37.

Model evaluation was conducted on a per-patient basis. To obtain a patient-level prediction, we applied a 
soft voting strategy38 by averaging the rapid progression probabilities predicted from multiple CT slices for each 
patient. The aggregated probability was then compared with the patient’s label for model evaluation. The training 
and testing processes of the deep learning model are illustrated in Fig. 1.

Fig. 3.  CT image preprocessing for the deep learning model. The first row consists of CT angiography images 
obtained from a CT scanner. The second row displays the aorta annotation on the CT image, which is outlined 
in red. The CT image within the annotated region has been cropped and resized for use as the input image for 
the deep learning model.
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DL-based multi-modal models
We developed a novel DL model by integrating data obtained from CT images, medical records, and radiomics 
analysis. The multi-modal model was built upon an existing model for CT images. Specifically, the input to 
the output layer consisted of 8 CT image features, 6 clinical features, and 14 geometric features corresponding 
to the CT images. The concatenation of these multi-modal features in the output layer is illustrated in Fig. 1. 
Consequently, a total of 28 features were used to determine the probability of rapid progression of AAA in the 
output layer. Three models were trained: one utilizing CT images and clinical features, another using CT images 
and geometric features, and a third combining CT images, clinical features, and geometric features. In training 
our multimodal DL model, we applied the same image augmentation techniques described in the previous 
section to the CT image modality. However, no augmentation was applied to the clinical or geometrical features. 
This approach follows the conventional paradigm in multimodal learning, where augmentation is primarily 
applied to image-based modalities while preserving the integrity of structured tabular inputs, such as clinical 
data and derived geometrical measurements72,73. The testing procedure was consistent with that employed for 
the CT image-based model discussed in the previous section.

Statistical analysis
To compare the BMC and SNUH cohorts, p-values were calculated for each feature individually using Pearson’s 
chi-squared test, Welch’s t-test, and the Wilcoxon rank-sum test19,39–41, as implemented in the Statsmodels 
package22,42. These tests were applied to the features based on their distribution22,43. A p-value of less than 0.05 
was considered to indicate a statistically significant difference in the distribution of the datasets.

We compared two ML-based models that utilized features from two modalities with four DL-based models 
that incorporated features from three modalities. The performance of each model was evaluated individually 
using accuracy, the receiver operating characteristic (ROC) curve, and the area under the receiver operating 
characteristic curve (AUC)29,44 employing the Scikit-learn package30,45. An AUC value closer to 1.0 indicates 
superior model performance. DeLong’s test46 was utilized to assess the improvement resulting from the addition 
of extra modalities, using the pROC R package47. A p-value of less than 0.05 indicates moderate evidence of a 
statistically significant difference between the AUC values.

Results
Cohort dataset and clinical characteristics
A total of 561 patients diagnosed with AAA were included in this study, consisting of 236 patients from BMC 
and 325 patients from SNUH. Both CT imaging data and corresponding medical records were analyzed. The 
dataset comprised 14,252 annotated CT images, with 9,077 images from the SNUH cohort utilized for training 
and 5,175 images from the BMC cohort employed for testing. Within the BMC dataset, the rapid progression 
group included 81 patients (1,732 CT images), while the slow progression group consisted of 155 patients (3,443 
CT images). In the SNUH dataset, 114 patients (3,306 CT images) were classified as rapid progressors, and 
211 patients (5,771 CT images) were categorized as slow progressors. The follow-up period was defined as the 
interval between the initial and final CT scans. The median follow-up duration was 4.4 years in the SNUH cohort 
(range: 0.6–16.3) and 3.8 years in the BMC cohort (range: 0.3–16.0).

The proportion of male patients was significantly lower in the BMC cohort compared to the SNUH cohort 
(74.5% vs. 86.5%; p < 0.001). Patients in the BMC cohort were generally older than those in the SNUH cohort 
(73.1 ± 8.9 years vs. 68.2 ± 8.1 years ; p < 0.001). The proportions of COPD (17.8% vs. 24.9%; p = 0.056) and DM 
(21.6% vs. 27.4%; p = 0.144) were lower in the BMC cohort than in the SNUH cohort, albeit without statistical 
significance. Smoking history was significantly different between the two cohorts (p < 0.001), with the proportion 
of current smokers being higher in the BMC cohort (23.7% vs. 17.8%) and that of never-smokers being lower in 
the SNUH cohort (45.3% vs. 48.9%). The initial AAA size of the BMC cohort was smaller than that of the SNUH 
cohort, albeit without statistical significance (34.4 ± 5.8 mm vs. 35.4 ± 5.8 mm; p = 0.072). Details of the cohorts 
and clinical characteristics are presented in Tables 1 and S2.

Geometric feature analysis
The characteristics of the geometric features for both institutions are summarized in Table 2. The SNUH dataset 
exhibited higher mean values and greater variability across nearly all geometric features compared to the BMC 
dataset. Among these features, the Maximum 2D Diameter Slice was found to be correlated with aortic length 
in the superior-to-inferior direction. The aortic length was determined by multiplying the number of CT slices 
by the slice thickness, and the results were comparable between the two datasets, as annotations consistently 
extended from the aortic bifurcation to the renal arteries. Additionally, Minor Axis Length and Least Axis 
Length were associated with ellipsoid diameter along the posterior-to-anterior and proximal-to-distal directions, 
respectively. These geometric features reflect the anatomical orientation and positioning of AAA within the 
retroperitoneal space, which influences measurements along the superior-inferior and posterior-anterior axes.

Comparison of the distributions of clinical and geometric features between datasets
The SNUH dataset included a larger number of patients than the BMC dataset. Consequently, model training 
was conducted using the SNUH dataset, while model testing was performed with the BMC dataset. To evaluate 
the performance of the single-center cohort model, it is essential to compare it with a cohort from another 
center. When two datasets differ significantly, the model will require greater generalization to effectively test 
data from another center’s cohort. The differences between the two datasets were assessed through statistical 
analysis. To analyze the statistical differences, a Pearson’s chi-squared test was employed for categorical clinical 
features, while a Wilcoxon rank-sum test was used for continuous clinical features. Welch’s t-test was applied 
to the “Sphericity” and “SurfaceVolumeRatio” geometric features, as these were confirmed to be normally 
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distributed by the Shapiro-Wilk test33,48. The Wilcoxon rank-sum test was also utilized for the examination of 
other geometric features.

There were no significant differences between the two datasets regarding COPD, DM, initial AAA size, 
Maximum 2D Diameter Slice, Minor Axis Length, and Least Axis Length. In contrast, other features were 
significantly different between the two datasets. The observed differences in geometric features can be attributed 
to the distribution of initial sizes within the clinical features.

Verification of cut-off values in patient data distribution
Prior to applying the cut-off value of 2.5 mm/year established in previous studies22,23, we evaluated our dataset 
using a range of cut-off values from 2.0 to 3.0 mm/year to assess their impact on model performance. Adjusting 
the cut-off values resulted in changes in group assignments for a subset of patients, who were reclassified from 
the slow progression group to the rapid progression group in both the BMC and SNUH datasets. Based on these 
reclassified datasets, two types of machine learning models were independently trained and tested: one utilizing 
clinical features and the other utilizing geometric features. The resulting variations in ROC AUC and accuracy, 
highlighting the sensitivity of model performance to the selected cut-off, are comprehensively illustrated in Fig. 
4.

Among the cut-off values, 2.5 and 2.7 mm/year had ROC AUC values exceeding 0.7 in both data models, and 
we chose the smallest value (2.5 mm/year) as the cut-off value for this study. Furthermore, the appropriateness 
of the 2.5 mm/year cut-off was confirmed in this study.

Prediction of rapid AAA progression using a multi-modal DL model
The ROC curve and AUC for testing all models on the BMC dataset are shown in Fig. 5. The baseline DL-based 
model, which used CT images, was trained on the SNUH dataset and tested on the BMC dataset, achieving an 

Features BMC SNUH P value

Maximum 2D diameter (Column) 80.4 ± 15.9 98.3 ± 27.9 < 0.001*

Maximum 2D diameter (Row) 85.5 ± 15.5 99.1 ± 26.4 < 0.001*

Maximum 2D diameter (Slice) 42.7 ± 9.8 42.3 ± 9.6 0.690*

Maximum 3D diameter 89.4 ± 15.4 104.2 ± 26.9 < 0.001*

Major axis length 84.4 ± 17.7 102.3 ± 31.6 < 0.001*

Minor axis length 35.5 ± 7.2 36 ± 6.5 0.311*

Least axis length 30.7 ± 5.7 31.2 ± 4.9 0.216*

Elongation 0.44 ± 0.12 0.38 ± 0.13 < 0.001*

Flatness 0.38 ± 0.11 0.33 ± 0.11 < 0.001*

Sphericity 0.7 ± 0.05 0.69 ± 0.05 < 0.001**

Surface volume ratio 0.18 ± 0.03 0.18 ± 0.02 0.008**

Voxel volume 59,624 ± 27,891 69,245 ± 26,999 < 0.001*

Mesh volume 59,527 ± 27,871 69,142 ± 26,987 < 0.001*

Surface area 10,306 ± 3131 11,784 ± 3277 < 0.001*

Table 2.  Comparison of geometric features. Values are mean ± standard deviation. BMC: Boramae Medical 
Center; SNUH: Seoul National University Hospital. * Wilcoxon rank-sum test between BMC and SNUH. ** 
Welch’s t-test between BMC and SNUH.

 

Variables BMC, n (%)  (n = 236) SNUH, n (%)  (n = 325) P value

Number of images 5175 9077

Sex, male 176 (74.5) 281 (86.5) < 0.001*

Age, years (mean ± SD) 73.1 ± 8.85 68.2 ± 8.06 < 0.001**

COPD 42 (17.8) 81 (24.9) 0.056*

DM 51 (21.6) 89 (27.4) 0.144*

Smoking status < 0.001*

 Never 107 (45.3) 159 (48.9)

 Current 56 (23.7) 58 (17.8)

 Past 73 (30.9) 108 (33.2)

Initial size of AAA, mm (mean ± SD) 34.4 ± 5.83 35.4 ± 5.75 0.072**

Table 1.  Comparison of demographic and clinical variables. AAA: Abdominal aortic aneurysm; BMC: 
Boramae Medical Center; COPD: chronic obstructive pulmonary disease; DM: diabetes mellitus; SD: standard 
deviation; SNUH: Seoul National University Hospital. * Pearson’s chi-squared test between the BMC and 
SNUH datasets. ** Wilcoxon rank-sum test between the BMC and SNUH datasets.
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AUC of 0.711. This performance was comparable to that of ML-based models using either clinical features or 
geometric features, with AUCs of 0.716 and 0.715, respectively. DL models that incorporated clinical features 
or geometric features showed improved performance, with AUCs of 0.743 and 0.780, respectively, compared to 
the baseline DL model. The addition of features significantly enhanced performance when compared to the ML-
based models using clinical or geometric features (AUCs of 0.716 and 0.715). Our multi-modal DL model, which 
utilized all features, achieved the highest performance among all models, with an AUC of 0.807. Additionally, the 
accuracy of the models is detailed in Table 3. The trend in accuracy among the models was similar to that of the 
AUC. The corresponding confusion matrices for each model are presented in Supplementary Table S3 to further 
illustrate the classification performance.

The results of DeLong’s test, which assessed the statistical significance between our best model and other 
models, are presented in Table 4. The multi-modal DL model, which incorporated CT images, clinical features, 
and geometric features, demonstrated a significant improvement in the AUC compared to the DL model that 
utilized CT images only (p = 0.001), the DL model that utilized CT images and clinical features (p = 0.021), the 
ML model that used clinical features only, and the ML model that utilized geometric features only (p = 0.007, 
p < 0.001). In contrast, there were no significant differences between the multi-modal DL model and the DL 
model that used CT images and geometric features.

Fig. 5.  ROC curves and AUC results. A comparative analysis was conducted between ML-based models 
employing clinical or geometric features and DL-based models that integrated combinations of CT image 
features with clinical or geometric features. The DL-based model that incorporated all features achieved the 
highest ROC AUC value of 0.807.

 

Fig. 4.  Accuracy and ROC AUC at various cut-off values in the tests of (a) the clinical feature-based ML model 
and (b) the geometric feature-based ML model. The cut-off values of 2.5 and 2.7 mm/year demonstrated better 
accuracy and ROC AUC compared to other values in both models.
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To investigate the dependency on each modality, we performed an ablation study on our final multi-modal 
model using clinical, CT image, and geometric features from the BMC dataset. In this experiment, each modality 
was individually ablated by replacing its input with the mean value across the dataset, and model performance 
was evaluated using the remaining modalities. The resulting changes in accuracy and AUC are summarized 
in Table 5. We also computed the Shapley value for each modality to quantify its contribution to model 
performance49,50 and calculated the imbalance metric for the tri-modal case based on these values51, as shown 
in Table 6. For model selection, we used AUC to determine the optimal epoch. Among the three modalities, 
geometric features demonstrated the highest contribution to AUC, followed by CT image features, while clinical 
features contributed the least. Although clinical features are well-established and medically interpretable, their 
relatively lower contribution reflects the average behavior observed in the test dataset and does not diminish 
their potential value in specific cases. Overall, the results indicate a slight inter-modality imbalance in feature 
contribution.

Modality Shapley value (Accuracy) Shapley value (AUC)

Clinic -0.032 0.021

Geo 0.131 0.224

CT 0.029 0.066

Imbalance metric 0.109 0.135

Table 6.  Quantitative modality contribution analysis using Shapley values. AUC: area under the receiver 
operating characteristic curve; Clinical: Clinical feature; CT: computed tomography; Geo: Geometric feature.

 

Modality Accuracy AUC

Clinic + CT + Geo 0.758 0.807

CT + Geo 0.733 0.801

CT 0.669 0.663

Clinic + Geo 0.742 0.814

Geo 0.737 0.799

Clinic 0.538 0.561

Clinic + CT 0.606 0.634

Nothing 0.636 0.500

Table 5.  Impact of modality exclusion on model performance (BMC test set). AUC: area under the receiver 
operating characteristic curve; Clinical: Clinical feature; CT: computed tomography; Geo: Geometric feature.

 

Model 1 AUC 1 Model 2 AUC 2 p-value

CT + Clinical + Geo, DL 0.807

Clinical, ML 0.716 0.007
Geo, ML 0.715 < 0.001
CT, DL 0.711 0.001
CT + Clinical, DL 0.743 0.021
CT + Geo, DL 0.780 0.08

Table 4.  Comparison of AUC values across different models. Abbreviations: AUC: area under the receiver 
operating characteristic curve; Clinical: Clinical feature; CT: computed tomography; DL: deep learning; Geo: 
Geometric feature; ML, machine learning.

 

Model
Metrics Clinical ML Geo ML Clinical + Geo ML CT DL CT + Clinical DL CT + Geo DL CT + Clinical + Geo DL

AUC 0.716 0.715 0.723 0.711 0.743 0.780 0.807

Accuracy 0.678 0.708 0.674 0.653 0.665 0.763 0.758

Table 3.  Performance evaluation of the ML and DL models. AUC: area under the receiver operating 
characteristic curve; Clinical: Clinical feature; CT: computed tomography; DL: deep learning; Geo: Geometric 
feature; ML: machine learning.
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Discussion
In the present study, we developed a multi-modal deep learning model that integrates clinical, geometric, and 
imaging-derived features to enhance the prediction of AAA progression. The model extracts features from CT 
scans using a CNN, representing a single imaging modality. Additionally, geometric features, including 2D and 
3D representations of the abdominal aorta, were derived from CT annotations, providing structural insights 
into aneurysm morphology. The third modality consists of clinical features, which are widely recognized as key 
factors influencing AAA progression, extracted from electronic medical records. An end-to-end multi-modal 
model was subsequently trained, integrating all three data sources within a unified neural network architecture. 
This comprehensive approach enables the model to learn complex interactions among anatomical, structural, 
and clinical parameters, offering a more robust predictive framework than single-modality models. The proposed 
multi-modal deep learning model demonstrated superior performance compared to traditional machine 
learning models, which are typically limited to single-feature data. Our model achieved an AUC of 0.807 and an 
accuracy of 0.758, highlighting its potential clinical utility for AAA risk stratification and surveillance.

Although the model’s precision and F1-score were relatively low, it consistently showed strong discriminative 
performance, with an AUROC above 0.80. In early disease prediction scenarios, such as identifying patients 
at risk for rapid AAA progression, sensitivity and overall discrimination are often prioritized over precision, 
particularly when the clinical cost of missing high-risk cases is high. As emphasized in recent literature52, models 
with modest precision can still offer substantial value in clinical settings if they help identify individuals who 
may benefit from additional imaging, monitoring, or follow-up care. Therefore, our model holds promise as 
a practical decision-support tool for guiding AAA surveillance strategies, even when precision metrics are 
relatively low.

Due to its asymptomatic nature, AAA is often detected incidentally during imaging studies conducted 
for unrelated medical purposes. Large-scale screening studies have revealed that the prevalence of AAA is 
significantly higher in older adults, particularly those over 65 years of age, and is more common in men53. 
Furthermore, established risk factors such as smoking, hypertension, peripheral arterial disease, and a family 
history of AAA are strongly associated with its development and progression54. Management of AAA involves 
regular surveillance and timely surgical intervention, which may include either open surgical repair or 
endovascular aneurysm repair, depending on the patient’s condition and the size of the aneurysm7. Current 
guidelines recommend follow-up imaging using CT scans at 12-month intervals for aneurysms measuring 
between 4.0 and 4.9 cm, with shorter intervals of six months for aneurysms exceeding 5.0 cm7,55. However, 
accurately predicting AAA progression and rupture remains a challenge. While some studies indicate that larger 
aneurysms are associated with more rapid growth and a higher risk of rupture56,57, there have also been reports 
of sudden ruptures occurring in smaller aneurysms, underscoring the variability in disease progression58. This 
unpredictability presents significant challenges for clinicians, highlighting the need for more advanced and 
patient-specific predictive tools to enhance clinical decision-making.

Recent advancements in AI offer promising solutions to address these challenges. DL, a subset of AI, has 
demonstrated exceptional performance in extracting and analyzing complex imaging features, often surpassing 
human experts in image recognition tasks59–61. Previous efforts to predict AAA progression have primarily 
utilized either DL34,62 or traditional ML models independently63–66. However, studies that integrate both 
approaches, such as those applied to breast cancer risk prediction, have shown improved accuracy compared 
to conventional clinical guidelines20. Building upon these findings, this study introduces a novel 3D DL model 
that incorporates clinical features, geometric features, and radiomics derived from CT imaging to enhance the 
prediction of AAA progression.

Previous studies on the prediction of AAA progression have primarily relied on traditional ML models, 
such as logistic regression and support vector machines, with aortic diameter measured via ultrasound as the 
primary input feature63. While ultrasound remains a cost-effective and accessible screening tool, its limited 
spatial resolution restricts the ability to detect subtle structural changes in the aorta24. In contrast, CT imaging 
provides higher spatial resolution and three-dimensional visualization, making it the preferred modality for 
assessing the geometric and morphological changes associated with AAA. Our study incorporated advanced 
CT-based features, such as aortic tortuosity and thrombus volume, both of which have been identified as critical 
predictors of disease progression.

One of the early indicators of AAA progression is aortic tortuosity, a characteristic best observed as a three-
dimensional structure of the aorta using CT imaging modalities. Chandrashekar et al.24 demonstrated that 
geometric features such as curvature, undulation, and convex hull volume can quantify tortuosity, which is 
associated with AAA progression. However, their study primarily focused on patients with large aneurysms, as 
current screening guidelines prioritize older individuals with significantly dilated aortas. In contrast, our study 
enrolled patients with varying aortic diameters and ages, including those undergoing CT scans for unrelated 
conditions, thereby broadening the understanding of AAA progression across a more diverse population.

Thrombus formation within the aorta, another critical feature, has been associated with the growth and 
rupture of AAAs. Hirata et al.67 quantified thrombus areas on CT scans and demonstrated their correlation with 
disease progression. While traditional ML models, such as logistic regression, support vector machines, random 
forests, and boosting algorithms, have been used to analyze thrombus features and other clinical data, they often 
fail to fully exploit the intricate relationships among multiple data modalities66,68,69. In the present study, baseline 
models optimized using the XGBoost method13,32 were compared against our multi-modal DL model, which 
integrated clinical data with imaging-derived features.

The integration of radiomics into our approach enabled a comprehensive analysis of aortic morphology 
and structure by leveraging features derived from intensity, shape, and texture metrics. Radiomic features 
have been shown to correlate strongly with the progression of AAA. Wang et al.70 demonstrated the utility 
of radiomics in identifying key morphological characteristics, such as aortic diameter, volume, and texture, 
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which were also incorporated into our model; importantly, Wang et al. enhanced this approach by manually 
annotating the aorta to differentiate between the lumen and wall regions, facilitating the extraction of precise 
geometric features critical for understanding vascular geometry. This detailed segmentation process allowed us 
to construct 3D geometric features of the abdominal aorta, which were subsequently used to develop shape-
based radiomics models. These models outperformed conventional approaches that rely solely on clinical or 
imaging data by providing a more accurate characterization of vascular geometry, a fundamental factor in AAA 
progression. However, the manual nature of this annotation process presents a limitation for large-scale clinical 
implementation. Future advancements in automated segmentation techniques, such as those reported by Hirata 
et al.67, may offer promising solutions to overcome this bottleneck, paving the way for the routine integration of 
such methods into clinical workflows.

The multi-modal deep learning framework introduced in this study represents a significant advancement 
over traditional machine learning approaches. While conventional models, such as logistic regression, random 
forests, and boosting algorithms, have proven effective in analyzing individual data types, they may fall short of 
capturing the complex interactions between modalities. Prior studies, including Lipkova et al.71 and Steyaert et 
al.72, have emphasized the importance of multi-modal data that combines clinical features with imaging-derived 
features in enhancing clinical predictions. Similarly, Yi et al.73 demonstrated that hybrid models, which integrate 
radiomics and CNN-based analyses, achieve superior performance in predicting aortic dissection. Building 
upon these findings, our study utilized multi-modal data, including image-derived features, clinical features, 
and geometric features, within a single end-to-end deep learning architecture to provide robust predictions for 
the rapid progression of AAA.

A key focus of this study was the utilization of CNNs to extract features from CT images, thereby overcoming 
the inherent limitations associated with manual feature selection. Our study builds upon this foundation by 
employing an end-to-end deep learning framework that is capable of extracting and synthesizing data from 
both CT images and medical records, thus providing a comprehensive approach to AAA prediction. Moreover, 
comparisons with earlier studies utilizing CNN-based methods, such as those conducted by Golla et al.18, 
underscore the importance of training models on heterogeneous datasets to enhance clinical applicability.

Unlike previous studies that relied on uniform datasets, our study incorporated a diverse patient cohort 
characterized by variations in CT imaging protocols, resolutions, baseline aortic diameters, age distributions, 
and gender ratios. This real-world heterogeneity enhances the model’s robustness and generalizability, making 
it more applicable to broader clinical populations. By integrating multi-source data, our approach addressed 
the limitations of earlier models that were trained using specific patient groups, thereby improving predictive 
accuracy and clinical decision-making in the management of AAA. In a related study, Yi et al.73 combined 
radiomics features with CNN-based models to predict aortic dissection. Their hybrid approach demonstrated 
superior performance compared to single-modality models, which aligns with our findings. By incorporating 
multi-modal data—such as clinical features, radiomic features, and geometric characteristics—our model 
achieved robust and reliable predictions for AAA progression. Furthermore, this model represents a significant 
advancement over traditional ML methods, which have historically struggled to capture the complex interactions 
among diverse data modalities.

The implications of this study extend beyond the prediction of rapid AAA progression. By demonstrating 
the efficacy of multi-modal data integration, our findings underscore the transformative potential of AI in the 
management of vascular diseases. For example, similar hybrid models that integrate CNN-based texture analysis 
with radiomic features have shown promising results in predicting outcomes for aortic dissection, as illustrated 
by Yi et al.73. The successful application of these methods to AAA suggests their potential adaptability to other 
disease contexts, thereby providing actionable insights for personalized medicine. Furthermore, this study 
contributes to the growing body of evidence supporting the use of AI in bridging the gap between imaging data 
and clinical decision-making, offering a framework for the development of more advanced predictive tools in 
vascular health.

Our study has several limitations. First, the manual annotation of the aorta is labor-intensive, which restricts 
the scalability of the model. While our study utilized expert-annotated CT data, the future integration of 
automated annotation tools, as explored in previous studies17,19,74,75, will be essential for streamlining clinical 
workflows. Second, our model primarily relied on contrast-enhanced CT imaging, which may not always 
be available in routine practice. The synthesis of contrast-enhanced images from non-contrast CT scans, as 
demonstrated by recent advancements76, presents a promising solution to this limitation. Third, external 
validation on independent patient cohorts is necessary to confirm the generalizability of the findings and to assess 
performance in various clinical settings. Fourth, we used the average annual growth rate calculated between the 
earliest and latest CT scans for each patient to define aneurysm progression. This approach may fail to capture 
interim episodes of rapid expansion or regression, particularly in patients with long intervals between scans, 
potentially masking transient periods of marked growth. Nonetheless, post hoc review of such cases consistently 
revealed minimal true expansion over prolonged intervals, and most clinically relevant rapid progression events 
were promptly identified through subsequent referrals and interventions. To address this potential labeling bias, 
future prospective studies with standardized and more frequent imaging follow-up will be important. Finally, 
integrating AI-driven models into routine clinical workflows requires careful consideration of potential barriers, 
including automation errors, interpretability of results, and clinician acceptance. The development of explainable 
AI frameworks, which provide insights into the model’s decision-making process, will be crucial in fostering 
trust among healthcare providers. Additionally, designing user-friendly interfaces for clinicians will ensure that 
these tools can be seamlessly incorporated into existing workflows without disrupting patient care.

In conclusion, this study presents a novel multi-modal DL model for predicting the rapid progression of AAA 
by integrating CT imaging with clinical data. The superior performance of our model highlights the significance 
of multi-modal approaches in predicting complex diseases, representing a significant advancement in AAA 

Scientific Reports |        (2025) 15:38413 11| https://doi.org/10.1038/s41598-025-22167-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


management and personalized medicine. By addressing current limitations, such as the reliance on manual 
annotations and the need for external validation, future research can further enhance the clinical applicability of 
this model. Ultimately, this approach has the potential to substantially improve patient outcomes by facilitating 
earlier and more accurate predictions of AAA progression, thereby paving the way for personalized management 
of vascular diseases.

Data availability
The data that support the findings of this study are available from the corresponding author upon reasonable 
request.
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