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Combining artificial intelligence assisted
image segmentation and ultrasound based
radiomics for the prediction of carotid plaque
stability
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Abstract

Purpose Utilizing artificial intelligence (Al) technology for the segmentation of plaques on ultrasound images
to evaluate the stability of carotid artery plaques and analyze its diagnostic accuracy in differentiating vulnerable
plaques from stable ones.

Methods A retrospective study was conducted on 202 patients with ischemic stroke, who were divided into
vulnerable plaque group (85 cases) and stable plaque group (117 cases) based on the results of carotid color Doppler
ultrasound examination. From the vulnerable plaque group, 63 cases were randomly selected as the modeling group
and 22 cases as the validation group; similarly, from the stable plague group, 87 cases were randomly selected as

the modeling group and 30 cases as the validation group. Based on the ultrasound images of the modeling group,
plaques were segmented using artificial intelligence technology, and 1414 radiomics features were extracted. These
features were then subjected to dimensionality reduction and feature selection using the least absolute shrinkage
and selection operator (LASSO) method. Subsequently, a Support Vector Machine (SVYM) model was constructed and
validated using the selected features. The sensitivity, specificity, and Area Under the Curve (AUC) of the model were
evaluated through the analysis of the receiver operating characteristic (ROC) curve.

Results A total of 43 radiomics feature parameters were selected by the LASSO method. The training group for the
SVM model had an AUC of 89.42% (95% Cl: 80.74-98.10%), sensitivity of 79.84%, and specificity of 93.10%, while the
validation group had an AUC of 82.73% (95% Cl: 71.64-93.81%), sensitivity of 81.82%, and specificity of 80.00%.
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Conclusion The use of artificial intelligence technology for the segmentation of plaques in ultrasound images,
coupled with the analysis of radiomics models, can efficiently distinguish the stability of carotid artery plaques,
providing a diagnostic basis for the clinical prediction of ischemic stroke.

Clinical trial number Not applicable.

Keywords Ischemic stroke, Carotid plaque, Image segmentation, Artificial intelligence, Radiomics, Stability

assessment

Introduction

Stroke is one of the leading causes of disability and mor-
tality worldwide, with its high incidence, prevalence,
disability, and fatality rates remaining a focal point of
medical research [1, 2]. Among them, ischemic stroke
is particularly common. The pathogenesis of ischemic
stroke is complex, involving various pathophysiological
factors such as atherosclerosis, thrombosis, small artery
occlusion, and other vascular diseases, as well as cardiac
diseases and systemic metabolic diseases like hyperten-
sion and diabetes [3-5]. Atherosclerosis is an important
common cause, characterized by plaque formation that
leads to vascular stenosis, and triggers inadequate blood
perfusion in brain tissue, with the carotid artery being
the most commonly affected [6]. As early as 1989, Muller
introduced the concept of the “vulnerable plaque,” which,
due to its instability and propensity for rupture, has
become a focus of attention in the medical community
[7]. Vulnerable plaques have a series of significant struc-
tural features, such as active inflammatory responses,
large lipid cores, thin fibrous caps, and ruptures, internal
bleeding, or ulcers on the plaque surface [8—10]. Once
the plaque ruptures, thrombi enter the intracranial arter-
ies with blood flow, triggering occlusive events and caus-
ing severe brain damage. Therefore, early identification
and assessment of the stability of carotid plaques are of
great significance for the prevention of ischemic stroke
[11].

With the advancement of medical imaging technol-
ogy, various imaging methods such as Ultrasonography
(US), multi-slice spiral CT angiography (MSCTA), and
magnetic resonance imaging (MRI) have been employed
for the assessment of carotid plaques, providing infor-
mation on morphology, histology, and hemodynamics
of the plaques [12, 13]. Carotid ultrasound has become
the preferred method of examination due to its simplic-
ity, low cost, and high diagnostic accuracy rate. However,
traditional ultrasound examination has limitations in the
diagnosis of vulnerable plaques, such as restrictions in
the operation angle, differences in physician experience,
and the complexity of plaque morphology and composi-
tion, leading to low diagnostic efficiency. Therefore, there
is an urgent need for new technologies to assist sonogra-
phers in improving the accuracy and efficiency of diagno-
sis [14].

Artificial intelligence (AI) technology has brought
breakthroughs in the field of medical image analysis.
AI technology, combined with algorithms such as Con-
volutional Neural Networks (CNNs) and Variational
Autoencoders (VAEs), has significantly advanced image
analysis techniques. Recent surveys have highlighted the
significant progress in Al-based segmentation and analy-
sis of medical images, particularly in the context of deep
learning techniques [15, 16]. Al-based ultrasound image
plaque segmentation technology utilizes deep learning
algorithms to automatically segment and assess carotid
plaques, enhancing the accuracy and efficiency of the
assessment [17, 18]. Recent advances in deep learning-
based segmentation for ultrasound images have shown
significant potential in improving diagnostic accuracy
and efficiency [19]. Additionally, clinical perspectives on
ultrasound imaging of carotid plaque vulnerability high-
light the importance of these techniques in clinical set-
tings [20].

Radiomics, which integrates digital image processing
techniques, statistics, and machine learning, conducts
quantitative and high-throughput analyses of medi-
cal images, aiding in the differentiation between carotid
vulnerable plaques and stable plaques [21]. A systematic
review of radiomics in predicting carotid plaque vulner-
ability has shown that multi-modal imaging approaches
can significantly enhance the accuracy of vulnerability
assessment [22, 23].

This study aims to explore the application of Al-based
ultrasound image plaque segmentation technology in
the stability assessment of carotid plaques, as well as the
potential of radiomics in distinguishing between vulner-
able and stable carotid plaques, providing more effective
tools for the early identification, risk assessment, and
treatment decision-making of ischemic stroke. With the
continuous development of medical imaging technology
and Al, we hope to provide more precise diagnostic tools
and treatment strategies to better prevent and manage
ischemic stroke.

Materials and methods

Design of the study

This study was designed as a retrospective diagnos-
tic accuracy study, aiming to evaluate the performance
of an Al-assisted image segmentation and ultrasound
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(US)-based radiomics approach in predicting the stabil-
ity of carotid artery plaques. The sample size was deter-
mined based on a comprehensive consideration of the
study objectives, data availability, and experience from
previous studies. A non-random sampling method strati-
fied by time was employed. The primary output of the
model established in this study was the probability of US
images being classified as vulnerable, with the endpoint
variable being the diagnostic label of vulnerable/non-vul-
nerable. The measurement indicators included sensitiv-
ity, specificity, positive predictive value (PPV), negative
predictive value (NPV), and area under the curve (AUC).
The study adhered to the Standards for Reporting Diag-
nostic Accuracy (STARD) guidelines to ensure trans-
parency and reproducibility in reporting diagnostic test
accuracy.

Study population

The research was performed in accordance with relevant
guidelines and regulations, and granted ethical approval
by the review board of Affiliated Nanjing Brain Hospi-
tal, Nanjing Medical University. For this retrospective
study, obtaining informed consent was exempted. The
retrospective analysis was conducted on patients with
ischemic stroke treated at Affiliated Nanjing Brain Hos-
pital, Nanjing Medical University from January 1, 2022,
to December 31, 2023. MRI and ultrasound data were
obtained from the hospital’s data system. Inclusion cri-
teria: (1) diagnosed with ischemic stroke through clini-
cal and magnetic resonance imaging examinations; (2)
the diagnosis of ischemic stroke met the criteria set forth
in the “Chinese Guidelines for the Diagnosis and Treat-
ment of Ischemic Stroke” published by the Chinese Med-
ical Association in 2018 [24]; (3) all patients underwent
carotid ultrasound examination. Exclusion criteria were
shown as follows: (1) patients with unclear diagnosis of
ischemic stroke; (2) patients who failed to complete mag-
netic resonance and carotid ultrasound examinations; (3)
patients with severe heart disease, kidney disease, cancer,
autoimmune diseases, mental disorders; (4) patients with
other neurological diseases.

Figure 1 displays the flowchart of the study population.
Patients diagnosed with ischemic stroke from January 1,
2022, to December 31, 2022, were included in the train-
ing cohort, and those diagnosed from January 1, 2023,
to December 31, 2023, were included in the validation
cohort. The training and validation cohorts comprised
150 patients and 52 patients, respectively.

US examination

In this study, carotid plaque detection was performed
using the EPIQ5 and EPIQ7 series of color Doppler ultra-
sound diagnostic equipment produced by the Dutch
company PHILIPS, with a transducer frequency of
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7.5-12.0 MHz. During the ultrasound examination, sub-
jects were placed in a supine position with their heads
slightly elevated to improve image clarity. The working
frequency of the ultrasound transducer was set between
7.5 and 12.0 MHz to ensure a detailed examination of
the common carotid artery, internal carotid artery, and
external carotid artery. The primary step of the examina-
tion was to accurately locate the common carotid artery,
followed by a gradual upward scan to the intracranial
entrance of the internal carotid artery. Based on the mor-
phological characteristics of the plaques, this study clas-
sified plaques into four types [25]: Type I is characterized
by eccentric thickening of the intima, with local protru-
sions less than 2 millimeters and flat plaques with rough,
medium-strength echo; Type 1II is a soft plaque with a
thickness greater than 2 millimeters and uneven echo;
Type III is a hard plaque with strong echo and acoustic
shadow; Type IV is an ulcerative plaque with an irregu-
lar surface and hypoechoic edges. In this study, Type II
and IV plaques were defined as vulnerable plaques, while
Type I and III plaques were defined as stable plaques.
This classification method helps clinicians more accu-
rately assess the stability of carotid plaques, providing
key information for the prevention and treatment of isch-
emic stroke.

Image post-processing

Using an artificial intelligence-based image segmenta-
tion method, operations are performed on the software
MATLAB. All subjects’ raw data are imported into the
computer, and double line detection (DLD) is applied
to the local segmentation of this edge mapping. The
calculated contours are used as input for the snake seg-
mentation model. Currently, most radiomics methods
manually extract the region of interest (ROI) from ultra-
sound images [26, 27]. This study proposes an automatic
preprocessing segmentation method, transforming the
superpixel-level optical flow and binary mask features
into regular probability superpixels, used to construct a
superpixel-level conditional random field, automatically
labeling the lumen (foreground, i.e., ROI) and other tis-
sues (background) [28-30]. An improved mathematical
model is used for plaque segmentation within the ROI
[30, 31]. Figure 2 presents two segmentation examples.

Radiomics

Two ultrasonographers, each with over a decade of expe-
rience in interpreting neck ultrasound images, inde-
pendently analyzed the artificially segmented plaque
ultrasound images. The obtained images were imported
into self-developed software (Image Analyzer 2.0, China),
from which 1414 radiomics features could be extracted
from each region of interest (ROI), categorized into the
following three types [32-35]: (1)First-order features:
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Diagnosed with ischemic stroke (n=592)
2022.1-2023.12

In line with the "2018 Chinese
Guidelines for Ischemic Stroke
Diagnosis and Treatment".

Completed MRI and
carotid ultrasound
examinations.
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Exclusion criteria:
1.Patients with severe heart di kidney di malignant

e
>

( Study population )

tumors, autoimmune diseases, or mental disorders(n=105)
2.Patients with other neurological diseases(n=123)

Training group(n=150)
Stable plaque(n=87)
Vulnerable plaque(n=63)

Fig. 1 Flow chart of enrolling the study population

Statistical features, i.e., gray-level histogram features,
reflecting the frequency distribution of gray-level val-
ues within the ROI, with a total of 20 features extracted;
where N represents the total number of gray-level values
within the ROI, P(i) represents the frequency of a certain
value within the ROI, and X(i) represents the count of
occurrences within the ROI. Classification as follows:
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Fig. 2 Vulnerable and stable plagues in carotid ultrasound images before and after artificial intelligence segmentation. A: Stable plaques in ultrasound
images; B: Artificial intelligence-segmented stable plagues; C: Vulnerable plagques in ultrasound images; D: Artificial intelligence-segmented vulnerable

plaques

6) Max frequency: The maximum frequency that
appears in X.

7) Mode: Peak gray level in histogram.

8) Min.

9) Max.

10) Percentile n%.

11) Histogram width.

12) AUC low: Proportion of gray levels below 25%
percentile (excluding top and bottom 1%).

13) s-sDlowest: First gray level with count 5 along the
positive x-axis.

14) s-sDav distribution witdh: Histogram width at
half-peak value.

Shape features, which mainly describe the size and shape
characteristics of the ROI, with a total of 11 features
extracted, including volume, surface area, maximum
diameter, surface-volume ratio, sphericity, spherical dis-
proportion, compactness, etc. (2) Second-order features:
Textural features, describing the spatial relationships
between different voxels and the shapes of texture pat-
terns. Texture features are derived from the gray-level co-
occurrence matrix (GLCM) and the gray-level run length

matrix (GLRLM). Texture features based on GLCM: This
method involves calculating the GLCM, which depicts
the frequency distribution of a pair of gray-level values
along a specific direction (6=0°, 45°, 90°, 135°, or ran-
dom angles) at a certain distance; a total of 208 feature
parameters are extracted.(3)Third-order features: Tex-
ture features based on GLRLM, calculating the matrix
of continuous voxels of the same gray-level value along a
pre-set direction (8 =0° 90°, or random direction), with a
total of 130 feature parameters extracted.

Statistical analysis

In this study, descriptive statistical analysis was per-
formed for quantitative data, with mean and standard
deviation calculated and presented as mean *standard
deviation (xts). The t-test was used to compare differ-
ences between groups. For qualitative data, categories
were encoded as numerical values, and frequency distri-
bution tables were used to count the occurrences of each
category. The chi-square test was employed to compare
differences between groups. During the statistical analy-
sis, we first conducted tests for normality and homoge-
neity of variance to ensure that the selected statistical
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methods met their underlying assumptions. If the data
did not meet the assumptions of normality or homoge-
neity of variance, we applied appropriate non-parametric
tests (such as the Mann-Whitney U test or Kruskal-Wal-
lis test) or performed data transformations (e.g., logarith-
mic transformation). Data analysis was conducted using
SPSS version 25.0, and a p-value less than 0.05 was con-
sidered statistically significant.

The least absolute shrinkage and selection opera-
tor (LASSO) model is used to select radiomics features
from artificially segmented plaque ultrasound images.

Table 1 Clinical and demographic characteristics of the training
and validation cohorts

Training Validation p
cohorts cohorts
n=150 n=52
Gender 0.258
Male 70 29
Female 80 23
BMI 0.002
<185 1 1
18.5-249 41 13
25.0-299 78 22
>30.0 30 16
Hypertension 0.262
yes 10 6
no 140 46
Diabetes 0.001
yes 92 20
no 58 32
Hyperlipidemia 0.003
yes 9 10
no 141 42
Coronary heart 0472
disease
yes 33 9
no 117 43
IMT 0.014
<10 35 4
>10 115 48
Lumen 0.021
normal 124 35
mild stenosis 19 10
moderate 5 5
stenosis
severe stenosis 2 2
occlusion 0 0
Y% 0.031
normal 128 34
accelerated 17 15
decelerated 5 3
PSV ratio 0.099
<2 143 45
2-4 5 5

>4 2 2
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The radiomics features selected by LASSO regression
are further modeled and validated using a kernel func-
tion support vector machine (SVM). The predictive per-
formance of the model is evaluated using the receiver
operating characteristic curve (ROC) analysis, recording
the area under the curve (AUC), optimal threshold, sen-
sitivity, specificity, positive predictive value, and nega-
tive predictive value. Image preprocessing and radiomic
feature extraction were implemented by the open-source
PyRadiomics package (version 3.0.1, https://www.radi
omics.io/), which is implemented in Python 3.8.0, and
a p-value of less than 0.05 is considered statistically
significant.

Results

Clinic features

The training and validation cohorts comprised 150
patients (70 males, 80 females; mean age, 50.3+2.1
years; range, 31 to 69 years) and 52 patients (29 males, 22
females; mean age, 62.9 £ 1.7 years; range, 52 to 80 years),
respectively. The difference was not statistically signifi-
cant (p=0.217).

The clinic features of the training and validation group
are shown in Table 1. Among the analyzed variables,
there was a statistically significant difference between
the two groups of patients in terms of BMI, presence of
diabetes and hyperlipidemia, carotid intima-media thick-
ness, lumen stenosis, and plaque site PSV (p<0.05).The
distribution of gender among the two groups of patients,
as well as the presence of hypertension and coronary
heart disease, and the ratio of PSV at the plaque site to
PSA in the distal segment, showed no statistically signifi-
cant differences (p > 0.05).

Radiomics score

The LASSO regression-selected 43 radiomics features
were used to establish a kernel function SVM classifier
(Figs. 3 and 4); the model parameters were: gamma, 0.05;
epsilon, 0.1. The AUC of the training group for this model
was 89.42% (95% CI: 80.74-98.10%), and the AUC for the
validation group was 82.73% (95% CI: 71.64-93.81%). The
diagnostic performance of the SVM classifier in the train-
ing and validation groups is shown in Table 2, and the
ROC curve is shown in Fig. 5.

Clinical usefulness

Both the radiomics nomogram and clinical nomogram
showed good agreement in detecting the stability of
plaque between prediction and histopathologic confir-
mation based on surgical specimens. The clinical useful-
ness of the two nomograms was evaluated using DCA
(Fig. 6). The DCA curves showed that if the threshold
probability was >20%, using the radiomics nomogram to
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Fig. 3 Radiomics feature selection using the least absolute shrinkage and
selection operator (LASSO) regression model in the training cohort. The
10-fold cross-validation (CV) process was repeated 40 times to generate
the optimal penalization coefficient lambda (A) in the LASSO model. The
value of A that gave the minimum average binomial deviance was used
to select features. Dotted vertical lines were drawn at the optimal values
using the minimum criteria and the 1 standard error of the minimum cri-
teria (the 1-SE criteria). A A value of 0.0203 was chosen (the 1-SE criteria) ac-
cording to 10-fold CV, where optimal A resulted in six nonzero coefficients
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Fig. 4 The dynamic process diagram of radiomics feature selection using
the least absolute shrinkage and selection operator (LASSO) regression
model in the training cohort
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predict stability of plaque added more benefit for patients
than using the clinical nomogram.

Discussion
This study employed color Doppler ultrasound to exam-
ine the carotid arteries and combined Al techniques to
automatically segment plaques and construct a cor-
responding model. The results demonstrated that the
model achieved high levels of sensitivity (79.84% in the
training group and 81.82% in the validation group) and
specificity (93.10% in the training group and 80.00%
in the validation group). Compared with the reference
standard obtained manually by experienced physicians,
the segmentation algorithm was effectively validated in
terms of sensitivity and specificity, with results closely
approximating the reference standard [36-38]. More-
over, through radiomics analysis of vulnerable plaques,
this study extracted information of medical value, sig-
nificantly enhancing the accuracy of plaque character-
ization. The application of this method not only reduced
human errors but also shortened the time consumption
in clinical workflow, showcasing the great potential of Al
in medical image analysis. By applying Al-based plaque
segmentation technology to the front-end processing of
radiomics, this study provided an efficient and accurate
method for medical image analysis. The updated guide-
lines for the early management of acute ischemic stroke
emphasize the importance of early diagnosis and inter-
vention [39]. Comprehensive reviews on carotid plaque
vulnerability and its impact on ischemic stroke further
highlight the clinical significance of our findings [40].
However, several limitations were also noted in this
study. First, as a retrospective study, inherent biases may
have affected the reliability of the results. Variations in
ultrasound image quality, as well as differences among
radiologists and ultrasound machines, could introduce
heterogeneity, thereby influencing the performance of
radiomics scores. This dependence on operators and
equipment may be the primary reason for the less-than-
ideal AUC values. Second, the study was conducted
within a single institution, limiting the generalizability of
the findings. Although the radiomics nomogram was val-
idated in an internal cohort, further external validation
across different centers is crucial to confirm its reliabil-
ity. Additionally, the application of radiomics technology
relies on specific technical expertise, including feature
extraction software and statistical analysis skills [41]. To

Table 2 Diagnostic performance of the SYM classifier in the training and validation groups of artificial intelligence-segmented plaque

ultrasound images

Groups Sensitivity Specificity PPV NPV AUC(95% CI)
Training Group 79.84% 93.10% 75.56% 83.72% 89.42%(80.74-98.10%)
Testing Group 81.82% 80.00% 75.00% 78.13% 82.73%(71.64-93.81%)

Note: PPV—Positive Predictive Value; NPV—Negative Predictive Value; Cl—Confidence Interval
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Fig. 5 ROC curves of the radiomics nomogram (orange curves) and clinical nomogram (blue curves) derived from the training and validation cohorts
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Fig. 6 Decision curve analysis (DCA) derived from the validation cohort.
The y-axis measures the net benefit. The net benefit is determined by cal-
culating the difference between the expected benefit and the expected
harm associated with each proposed model [Net benefit=true positive
rate — (false positive rate x weighting factor), weighting factor =threshold
probability / (1-threshold probability)]. The green line represents the as
sumption that all patients were positive (the treat-all scheme). The black
dashed line represents the assumption that all patients were negative (the
treat-none scheme). If the threshold probability was >20%, using the ra-
diomics nomogram (orange curve) to predict vulnerable plaques added
more benefit for patients than using the clinical nomogram (blue curve)

facilitate broader clinical adoption, radiomics technology
needs to become more accessible and user-friendly.
Additionally, this study has certain limitations in terms
of innovation. Although the application of Al in medi-
cal image analysis has made significant progress, the
methods and techniques employed in this study are to
some extent extensions of existing technologies. Future
research needs to further explore new algorithms and
technologies to achieve more precise and efficient medi-
cal image analysis. At the same time, attention must also

be paid to the challenges faced in the application of Al in
the medical field, such as data quality and privacy issues,
to ensure the sustainable development and safe clinical
application of the technology [42].

Despite these limitations, the results of this study are
still impactful. By applying Al-based plaque segmenta-
tion technology to the front-end processing of radiomics,
this study provided an efficient and accurate method
for medical image analysis. Compared with traditional
manual segmentation methods, Al technology not only
improved work efficiency but also minimized the impact
of human factors on diagnostic outcomes [43]. Moreover,
this study demonstrated the potential of Al in the field of
medical imaging, offering new ideas and directions for
future research.

Future research directions should include the following
aspects. First, well-designed prospective studies should
be conducted to consider potential confounding factors
such as operators, ultrasound machines, and other vari-
ables to improve the diagnostic accuracy of radiomics
scores. Second, the scope of research should be expanded
to include external validation across different centers to
confirm the reliability of the radiomics nomogram. Addi-
tionally, future studies could explore the integration of
imaging data with biomarkers, genomics, proteomics,
and metabolomics data to enhance the predictive power
of machine learning algorithms. This multimodal data
fusion approach holds promise for providing more per-
sonalized healthcare solutions for patients [44].

Conclusion

In this research, we have constructed a radiomics scoring
system based on ultrasound images of carotid plaques,
which has the potential to be a biomarker for assess-
ing plaque stability [45]. By combining the radiomics
score with existing clinical risk factors, the nomogram
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we developed using radiomics data demonstrates better
performance in evaluating plaque stability than the con-
ventional clinical nomogram. Therefore, this radiomics-
based nomogram is expected to be a beneficial tool for
predicting plaque stability, aiding in the early detection of
ischemic stroke, risk assessment, and the formulation of
treatment plans.
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