
Jadoon et al. Artery Research            (2025) 31:6  
https://doi.org/10.1007/s44200-025-00076-w

RESEARCH ARTICLE Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

Artery Research

Radiomics Feature Extraction 
from Ultrasound B-Mode Images 
and Radio-Frequency Signals of the Carotid 
Arterial Wall: A Feasibility Study
Maryam Jadoon1*, Federica Poli1, Pierre Boutouyrie1,2, Hakim Khettab2, Elisabetta Bianchini3, Francesco Faita3, 
Xavier Jouven1, Jean Philippe Empana1† and Rosa Maria Bruno1,2† 

Abstract 

Background Carotid ultrasound is largely used to assess arterial aging. Radiomics (quantitative imaging feature 
analysis) applied on ultrasound may allow characterizing wall ultrastructure and arterial ageing. However, to date 
its application to the intima–media (IM) complex is unexplored. The aim of this study is to investigate the feasibility 
of radiomics-based B-mode and RF feature extraction and selection process.

Methods Radio-frequency signals from 200 individuals (age 50–75y, 40% hypertensives, 20% diabetic) were used 
to extract RF and B-mode features. Feature stability across three frames from the same clip and five ROI sizes for each 
frame were evaluated by intraclass correlation analysis (threshold > 0.50). Lasso L1 regression for chronological age 
prediction on ICC > 0.50 features were used to analyze reproducibility and variation across frames and ROI sizes; 80/20 
train-test split was used, with performance evaluated by MSE and R2.

Results Radiomic feature extraction was feasible in 190 among 200 individuals. 48 features showed an ICC > 0.50. 
Feature selection for chronological age prediction showed consistent R2 (0.09–0.14 train, 0.05–0.13 test) and MSE 
(32.3–34.3 train, 30.7–42.3 test) across frames. Fixed ROI sizes of 1.0mm and 1.2mm had comparable performance 
to an ROI size manually tailored to wall thickness: R2 (0.07–0.15 train, 0.07–0.17 test) and MSE (33.15–36.22 train, 
33.07–34.83 test), consistently selecting substantially similar three to six features.

Conclusion While feature extraction and selection process are largely reproducible across frames, ROI size proved 
critical and thus must be carefully chosen. Further studies are required to demonstrate the validity of this approach 
for carotid wall characterization.
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1 Introduction
Vascular ageing is marked by progressive structural and 
functional deterioration of blood vessels that occurs 
with ageing. These changes over time increase the risk of 
developing cardiovascular disease [1, 2]. Vascular ageing 
is an inevitable physiological process; however, the rate 
and extent of this vascular deterioration can vary consid-
erably among certain individuals. Early vascular ageing 
(EVA) exhibits structural and functional arterial changes 
typically associated with older age, despite being chrono-
logically younger [3, 4]. Conversely, in supernormal vas-
cular ageing (SUPERNOVA), individuals demonstrate 
remarkable preservation of vascular health and function, 
with their arteries appearing physiologically younger 
than their chronological age. In recent years, there has 
been an increased evidence on the role of vascular ageing 
biomarkers in predicting cardiovascular events [5, 6].

The current assessment of vascular ageing may involve 
utilizing biomarkers for atherosclerosis, such as the cal-
cium score (CAC) or plaque analysis, as well as biomark-
ers for arteriosclerosis, including pulse wave velocity 
(PWV) and carotid distensibility [7]. These image-based 
assessments are typically performed using various imag-
ing techniques, including magnetic resonance imag-
ing (MRI), computed tomography (CT), and ultrasound 
(US). Thorough evaluations of both structural and func-
tional vascular alterations are essential for assessing the 
cardiovascular risk associated with vascular ageing [8]. 
Advanced imaging modalities such as MRI and CT, while 
effective, are expensive, complex and have low availabil-
ity, thus not perfectly suitable for routine preventive risk 
assessments. In contrast, carotid US assessment is rela-
tively low cost, safe, widely available and able to capture 
both atherosclerotic and arteriosclerotic biomarkers. 
This makes it an optimal choice for routine preventive 
risk assessment. Among carotid ultrasound biomark-
ers, carotid plaque [9, 10] and carotid stiffness [11] dem-
onstrated predictive value for cardiovascular events, 
mostly stroke, on top of cardiovascular risk factors [12]. 
Conversely Intima–media thickness (IMT) additive pre-
dictive value is debated: while IMT is associated with 
cardiovascular risk factors and is useful for understand-
ing response to treatment [13], its ability to enhance 
risk prediction beyond existing methods is limited [14]. 
For this reason, there is a need for continuous improve-
ment of methods and techniques aimed at developing 
new descriptors, to better capture the subtle structural 
variations in the carotid arteries [8, 15]. It is now well 
documented that radiomics, which involves extracting 
numerical data from images, can provide more detailed 
information than simple images and in some settings can 
be comparable to diagnostic assessment by radiologists 
[16, 17]. Multiple studies have validated the predictive 

power of radiomic features (quantitative information 
mostly from CT or MRI images) and correlating these 
with clinical outcomes [16]. Especially, radiomics has 
proven impactful in oncology, in survival prediction for 
oesophageal cancer patients [18], in predicting breast 
cancer heterogenicity [19] and in assessing both tumour 
recurrence [20] and disease-free survival in advanced 
rectal cancer [21]. Cardiovascular applications of radi-
omics have also shown promise, mostly applied on cor-
onary CT scans [22, 23], but also on carotid plaque US 
[24]. For example, Huang et al. explored the relationship 
between radiomic plaque features and clinical symptoms 
[25], while Le et  al. assessed CT angiography radiomics 
for stroke prediction [26]. Liu et al. developed a radiom-
ics nomogram for stroke risk in diabetes [27], and Van 
Engelen et al. demonstrated that plaque texture radiom-
ics could predict vascular events [28]. To date, the carotid 
IM complex has never been investigated by radiomics, 
because of small tissue region size, rendering difficult 
feature extraction from standard B-mode images [29]. 
However, a more comprehensive analysis of IMT ultra-
structure may provide additional information on ath-
erosclerosis development at an earlier stage of disease, 
before plaque development. Indeed, lower ultrasound 
resolution makes it difficult to capture histological details 
such as cells [30, 31]. However, the integration of B-mode 
imaging with radio-frequency phase-derived informa-
tion, alongside advanced texture analysis techniques (on 
both RF-B-mode), offers a promising solution to extract 
and quantify information about structural disarray as 
a consequence of cell and extracellular matrix changes 
[32]. We hypothesized that combining B-mode with 
radio-frequency (RF) signal radiomic analysis would 
provide complementary information for comprehensive 
characterization of the intima–media complex. B-mode 
imaging offers greyscale representation of tissue acous-
tic properties, morphological information and interface 
detection, while RF signals provide raw acoustic data 
with preserved phase information, higher axial sensitivity 
and greater spatial resolution [33]. In this study, we aimed 
to evaluate the feasibility of radiomics-based B-mode and 
RF feature extraction from the IM complex. A key focus 
was to assess the impact of the selected region-of-interest 
(ROI) size and the frame used on the extracted radiomic 
features.

2  Materials and Methods
2.1  Study Population
A feasibility study on a subset of 200 individuals selected 
from the Paris Prospective Study III (PPS3) cohort was 
conducted. A targeted sampling approach was imple-
mented, oversampling individuals with type 2 diabetes 
(T2D) by up to 20% to capture more extreme phenotypes 
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associated with the condition. Additionally, the presence 
of carotid plaques in approximately 20% of the sample 
was enforced, ensuring representation of vascular com-
plications relevant to T2D. To ensure a comprehen-
sive range of blood pressure values, the population was 
divided into thirds: one-third within the 25th–75th per-
centile range (120–141 mmHg), one-third below the 25th 
percentile (< 120 mmHg), and one-third above the 75th 
percentile (≥ 141 mmHg). Furthermore, individuals aged 
between 50 and 75 years were uniformly included, ensur-
ing a consistent distribution across the age range.

PPS3 is an ongoing community-based prospective 
observational study conducted in Paris, France [34]. The 
study protocol was approved by the Ethics Committee of 
Cochin Hospital (Paris, France) and was registered on the 
World Health Organization International Clinical Tri-
als Registry platform (NCT00741728) on 08/25/2008. A 
total of 10,157 men and women aged 50–75 years were 
enrolled, who underwent a comprehensive preventive 
medical checkup, after signing an informed consent 
form.

2.2  Ultrasound Acquisition
The vascular US was performed using Esaote PICUS 
Machine, Genova, Italy (128 RF linear array transducer 
with 7.5MHz, B-mode pixels 758 × 508 and RF-matrix 
1516 × 127). The raw radio-frequency data were pre-
served to facilitate in-depth analysis. The inclusion cri-
teria required the visibility of the intima–blood interface 
in at least some part of the far wall of the right common 
carotid artery, in a clear reconstructed B-mode image. 
Further details are available in the publication by PPS3 
study group et al. [34].

2.3  Ultrasound Data Processing
First, we developed a graphical user interface (GUI) using 
MATLAB software (MathWorks, Inc., Massachusetts, 
USA, version 2022b) to process raw radio-frequency 
signals and to reconstruct and process B-mode images. 
Additionally, we identified 178 radiomics features (see 
description below) to be calculated from the selected 
region of interest (ROI). Building on previous work [35], 
RF signals were transformed into B-mode ultrasound 
images using standard techniques.

2.4  Radiomic Features
A total of 74 radiomic B-mode features and 104 radiomic 
radio-frequency (RF) features were evaluated with the 
GUI. The B-mode features encompassed the following: 
(1) first-order statistics [36], (2) higher-order textural fea-
tures [37–39] (3), transform-based wavelet features [40] 
and (4) fractal analysis features [41, 42]. Similarly, the 
RF features comprised the following [43]: (1) time series 

features computed individually for each RF time series 
within the region of interest (ROI), with the mean value 
computed on 30 frames to derive the time domain char-
acteristics [44]; (2) frequency domain features involving 
Fourier transform to acquire the frequency spectrum, fol-
lowed by straight-line fitting on the normalized spectrum 
[45, 46]; furthermore, (3) the M parameter extracted 
from the Nakagami distribution mean diagram (NDM) 
parametric map [45, 47] utilizing Nakagami distribu-
tion; (4) spectral features [46]; (5) the calculated feature 
maps such as direct energy attenuation diagram (DEA) 
and RF signal skewness intensity diagram (RF-I), and the 
first-order statistics and higher-order textural features 
extracted from each map by applying the texture analysis 
[45, 48] (Table 1).

2.5  Data Extraction Settings
180 B-mode images (frames) were obtained from every 
original 6-s acquisition (a 128 radio-frequency line multi-
array with a depth of 4 cm captured at 30 frames per 
second). The region of interest was manually selected 
from the B-mode image capturing the intima–media 
complex on the far wall of the right carotid artery using 
a rectangular bounding box. Three end-diastolic frames 
from each patient were selected. For each frame, four 
ROI sizes (1 mm, 1.2 mm, 1.4 mm, and 1.6 mm) were 
extracted from the same location, with the bounding box 
centred on the smoothest section of the far wall to ensure 
optimal visualization of the Intima–blood interface (as 
depicted in Fig. 1). The bounding box encompassed the 
blood intima interface with minimal blood lumen on one 
side and the adventitia on the other. Initially, the bound-
ing box was set at 1mm, gradually expanding by 0.2 mm 
towards the adventitia side while maintaining its posi-
tion, to obtain the four different ROI sizes. Additionally, 
a fifth ROI size, termed the variable ROI, was introduced, 
which is the most suitable size among the four, pre-
cisely covering the intima–media (IM) complex (visually 
selected). Once extracted with the GUI, the features were 
normalized before performing feature selection.

2.6  Statistical Analysis and Feature Engineering
Descriptive statistics for population variables are pre-
sented as mean ± standard deviation (SD) or as counts 
(n) and percentages (%). First, we evaluated the feature 
stability across the three frames of the same clip and 
five ROI sizes of each frame by applying intraclass cor-
relation (ICC) analysis with threshold of ICC > 0.50. 
We applied a two-way mixed effects model to calcu-
late absolute agreement, treating ROI sizes as fixed 
effects and individuals as random effects [44]. Second, 
we investigated the impact of frame variability on the 
subset of extracted features with ICC > 0.50 using the 
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feature selection technique. We applied least absolute 
shrinkage and selection operator (Lasso—L1 regu-
larization) with chronological age as outcome [49]. 
The following metrics were compared: number, type 
of selected features, mean square error (MSE) and 
R2. These metrics were calculated from four datasets: 
the three containing the features extracted by three 
selected frames and one containing their median val-
ues, using the variable ROI size. Internal validation 
was tested by 80/20 split sample technique.

Thirdly, the impact of variation in ROI size on the 
subset of extracted features with ICC > 0.50 was also 
investigated by Lasso L1 regression. The following 
metrics were compared: number, type of selected fea-
tures, MSE and  R2. These metrics were calculated from 
the five datasets containing the median value of each 
feature for the three frames for five ROI sizes (1.0 mm, 
1.2  mm, 1.4  mm, 1.6  mm and Var ROI). The internal 
validation was tested by the 80/20 split sample tech-
nique. Additionally, we performed sensitivity analyses 
by applying minimum redundancy maximum rele-
vance (MRMR) and stepwise feature selection methods 
instead of Lasso L1, to validate the stability and repro-
ducibility of the results with other feature selection 
techniques (see workflow diagram Fig. 2). The analyses 
were carried out using RStudio version 2023.9.0.463 
(Boston, MA), utilizing glmnet, mlr, caret, dplyr, 
mRMRe, e1071 and tidyverse packages.

3  Results
3.1  Characteristics of the Study Population
Out of the initial cohort of 200 individuals, 10 were 
excluded because the reconstructed images did not dis-
play clearly the IMT complex in any frame, and thus the 
analysis was run in 190 individuals. There were 48.42% 
(92) women, 40% (77) hypertensives, 15.78% (30) with 
the presence of carotid plaques and 20% (37) diabetic 
individuals, with a mean IMT of 631 μm ± 108 stand-
ard deviation (std) and mean age of 59.47 years (Max 
74.07–Min 50.01). The baseline characteristics of the 
study population are mentioned in Table  2 and the 
carotid geometric and mechanical properties are men-
tioned in Table 3.

3.2  Feature Stability Across the Frames
Features showing ICC > 0.50 were 73 when ROI size 
was 1 mm, 72 when ROI size was 1.2 mm, 65 when ROI 
size was 1.4 mm, 60 when ROI size was 1.6 mm and the 
variable ROI (which was used as a reference) yielded 48 
features. Notably, all 48 features with ICC > 0.50 when 
ROI size was variable were also part of the sets iden-
tified by the fixed ROI sizes (See Table  S1 in the Sup-
plementary file). These features included 40 B-mode 
features (5 first-order, 21 higher-order, 9 wavelet trans-
form features) and 8 RF features (5 first-order and 3 
time series features).

Fig. 1 Graphical User Interface for ultrasound image visualization, ROI selection and feature extraction
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3.3  Reproducibility of Features Across Frames
Selected features varied in number from two to ten, 
but feature type and class were similar across frames. 
Selected features included B-mode first-order and 
higher-order features, as well as RF first-order features 
(Table  4). L1 regularization demonstrated consistent 
R2 (0.09–0.14 in the train set, 0.05–0.13 in the test set) 
and mean square error values (32.3–34.3 in the train set, 
30.7–42.3 in the test set) across the four datasets. Simi-
lar and consistent model performance was observed with 
different feature selection models (MRMR and stepwise 
regression, in Table S2 of Supplementary file).

3.4  Variability Between ROI Sizes
The feature selection model performance varied consid-
erably across different ROI sizes. The best performance 
was obtained by the Var ROI size, as expected; the model 
failed to select any feature in the 1.6 ROI size dataset. 
Overall MSE values ranged from 33.15–36.22 in the train 
to 33.07–34.83 in the test set and R2 values ranged from 
0.07–0.15 in the train set to 0.07–0.17 in the test dataset. 
Interestingly, model performance and feature selected 
in ROI size 1.0 and 1.2 datasets were similar to variable 
ROI size (Table  5). Furthermore, features selected in in 
ROI size 1.0 and 1.2 datasets were more numerous than 
those in Var ROI size, but the type and class were similar. 

Consistent and similar results were obtained with dif-
ferent feature selection models (MRMR and stepwise 
regression, in Table S2 of Supplementary file).

4  Discussion
This study established that feature extraction from the 
IM complex was feasible in 95% of cases for both RF and 
B-mode files. Approximately, 28% of the features were 
found to be stable across the three end-diastolic frames 
for all five ROI sizes. We further investigated the impact 
of frame and ROI size variability on extracted features 
using the feature selection technique. We found no 
impact on number, type and value of selected features 
due to frame variability. However, the ROI size did have 
an effect on the feature extraction, suggesting that the 
ROI size should be carefully chosen.

Radiomic analysis is increasingly utilized in carotid 
US, primarily for plaque analysis with findings typically 
derived from B-mode imaging [24]. This study is likely 
the first to apply radiomics in two novel ways: first, by 
focusing on the intima–media complex to character-
ize wall ultrastructure rather than solely on plaque; 
and second, by utilizing both B-mode images and raw 
radio-frequency signals, which contain richer spatial 
information than B-mode alone [26]. While the com-
bined use of RF and B-mode US radiomic features has 

Fig. 2 Comprehensive workflow for radiomics-based analysis of vascular ageing using b-mode and radiofrequency ultrasound imaging of the right 
common carotid artery
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been applied in oncology, its application in cardiovas-
cular radiomics remains unexplored. Incorporating 
RF-based radiomic features has improved accuracy in 
cancer detection and characterization compared to 
B-mode alone in breast cancer [50, 51].

The main objective of our study was to assess the fea-
sibility and reproducibility of extracting radiomic fea-
tures from the IM complex using both RF and B-mode 
US data. In terms of feasibility, RF and B-mode feature 
extraction was successfully performed on 190 out of 
200 clips. The only clips where feature extraction was 
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Table 2 Summary of baseline characteristics of the population

Data for categorical variables are expressed as total number counts (n = counts) 
and percentage of total and for continuous variables as Mean ± SD (standard 
deviation)

Variables Missing data Overall 
Population(n = 190)

Sex (Female) (n, %) 0 92 (48.4)

Smokers (n, %) 0 34 (17.8)

Diabetes (n, %) 0 37(19.4)

Hypertensive (n, %) 0 77(40.5)

Antidiabetic Drug Users (n, %) 1 21(11.05)

Antihypertensive Drug Users (n, 
%)

0 40(21.05)

Lipid Lowering Drug Users (n, %) 0 40(21.05)

Age (years) 0 59.5 ± 6.2

BMI (kg/m2) 0 25.2 ± 3.3

Mean Blood Pressure (mmHg) 0 94 ± 11

SBP (mmHg) 0 132 ± 18

DBP (mmHg) 0 76 ± 9

Heart Rate (bat/min) 0 64 ± 10

HDL (mg/dL) 0 59.1 ± 1 5.6

LDL (mg/dL) 0 142.9 ± 34.3

Cholesterol (mg/dL) 0 222.6 ± 38.4

Table 3 Summary of carotid geometric and mechanical 
characteristics

Data for categorical variables are expressed as total number counts (n = counts) 
and percentage of total and for continuous variables as Mean ± SD (standard 
deviation)

Carotid Variables Missing data Overall 
Population(n = 190)

Presence of carotid Plaque (n, %) 0 30 (15.7)

Distension (μm) 3 359.88 ± 121

External diastolic Diameter (mm) 0 7.17 ± 0.73

Compliance  (m2/kPa) 3 0.58 ± 0.23

Distensibility coefficient (kPa-
1*10–3)

3 21.43 ± 8.63

Carotid Pulse Wave velocity (m/s) 3 7.47 ± 1.57

IMT (um) 0 631 ± 108.6
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not feasible were those in which the IMT was not vis-
ible at all.

Once feasibility was established, we investigated issues 
related to ROI delineation, which is crucial for feature 
extraction integrity. Indeed, inaccurate ROI delineation 
could lead to incomplete or inaccurate representation of 
the target anatomical structure (IM complex). In particu-
lar, we investigated the impact of the cardiac cycle frame 
(temporal aspect) and of the size of the region of interest 
(spatial aspect) on the radiomic features.

First, our analysis of frame variability sought to rec-
ognize stable and reproducible features across 3 end-
diastolic frames. By intraclass correlation coefficient, we 
identified a robust set of features consistently present 
irrespective of the frame and ROI size (from B-mode 
first-order, higher-order, wavelet, RF first-order, and time 
series classes).

We further investigated the impact of frame variability 
on feature selection using chronological age as an out-
come. The consistent selection of the same feature types 
across all frames (type of features) indicated that the 
choice of frame does not significantly impact the analy-
sis, allowing for flexibility in frame selection without 
compromising the integrity of the results. The selected 
features from B-mode first-order features describe 
intensity and contrast, reflecting IM complex density. 
Higher-order features reveal texture and heterogeneity, 

indicating tissue structure. Wavelet features capture 
multi-scale structural changes, detecting alterations in 
the IM complex [52]. RF features provide insights into 
acoustic properties, revealing tissue mechanical charac-
teristics [33, 53, 54].

Second, we evaluated whether a fixed, automatically 
chosen, ROI size could provide results similar compared 
to a tailored ROI size manually drawn by an operator. 
Our results show that fixed ROI sizes of 1.0 or 1.2 mm, 
but not 1.4 and 1.6 mm, provide similar results in terms 
of feature reproducibility and selection compared to the 
variable ROI. This suggests that the choice of ROI size is 
critical in optimizing the extraction of relevant features, 
highlighting the importance of selecting an appropriate 
size tailored to the anatomical characteristics of the IM 
complex. Inclusion of portions of the adventitia in the 
ROI significantly alter the radiomic feature profile.

Utilizing this methodological pipeline for predictive 
modelling may offer the potential to capture both athero-
sclerotic and arteriosclerotic features (biomarkers) using 
a single, non-invasive CCA ultrasound. As vascular age-
ing involves both atherosclerotic and arteriosclerotic pro-
cesses, radiomic analysis may aid in the early detection of 
vascular ageing, contribute to improved risk stratification 
for vascular diseases, and provide additional insights into 
carotid wall ultrastructure, potentially supporting timely 
interventions to reduce adverse outcomes.

Table 4 Results of reproducibility of features across frames

Dependent Variable: Chronological age. The Mean square Error (MSE) is represented in years

DEA Direct Energy attenuation map, GLDM Grey Level Distance Matrix, GLRLM Grey Level Run Length Matrix, NGLDM Neighboring Grey Level Dependence Matrix, SSD 
Skewness of spectrum difference Map

Frame No Roi size (mm) Model Train MSE Train R2 Test MSE Test R2 Feature 
selected

Feature Name (Feature 
class)

Feature Type

1 Var Lasso L1 34.36 0.09 40.28 0.05 4 Busyness and complex-
ity (NGLDM), Gray-Level 
Nonuniformity (GLRLM), 
SdVett_5 (Wavelet trans-
form)

B-mode higher order 
and Wavelet transform

2 Var Lasso L1 32.31 0.14 38.31 0.13 10 Standard Deviation (First 
order), Entropy (GLDM), 
Contrast (NGTDM), Mean 
entropy (Avg features), 
Gray-Level Variance 
(GLRLM), meanVett_3, 
SdVett_5, SdVett_9 (Wave-
let transform), and RF 
First order: Median (DEA) 
and Median (SSD)

B-mode first order, higher 
order, wavelet and RF first 
order

3 Var Lasso L1 33.73 0.112 42.32 0.11 2 Gray-Level Nonuniformity 
(GLRLM), SdVett_9(Wavelet 
transform)

B- mode Higher order 
and Wavelet transform

Med Var Lasso L1 33.86 0.13 30.79 0.11 3 Complexity (NGTDM), 
Gray-Level Nonuniformity 
(GLRLM), SdVett_9 (Wave-
let transform)

B- mode Higher order 
and Wavelet transform
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We acknowledge some limitations in this study. First, 
since this is a pilot investigation, it was conducted in a 
small highly selected population sample. We plan to val-
idate our findings in an external dataset that includes a 
broader age range and diverse ethnicities. Second, fea-
ture extraction has been performed only in end-diastolic 
frames: exploring the potential impact of different car-
diac cycle phases on feature extraction could provide 
additional insights. Third, the current study is not pow-
ered for predictive modelling, but only to investigate 
the robustness of the approach. Further validation and 
refinement, particularly with a larger dataset, are needed 
before making definitive conclusions about its effective-
ness. Fourth, clinical relevance of the extracted features 
as well as potential confounding factors such as comor-
bidities, lifestyle factors and environmental exposures is 
beyond the scope of this article, but needs to be investi-
gated in future studies.

5  Conclusions
Our study demonstrates the feasibility of radiomic US 
feature extraction from the IM complex using both RF 
and B-mode US data, showing minimal sensitivity to var-
iations in frame selection. However, ROI size significantly 
affects feature extraction, highlighting the importance 
of precise ROI delineation in radiomics research. Build-
ing on these methodological improvements, we aim to 
expand radiomics applications in vascular health as novel 
biomarkers of vascular ageing.
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