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Background: High-resolution ultrasound (HRUS) provides improved spatial resolution for superficial vascular structures, while
radiomics quantifies image intensity and texture patterns. However, the robustness of HRUS radiomics differences between
carotid plaques from patients with and without ischemic stroke (IS) remains uncertain. This study aimed to identify radiomics
features robustly associated with IS.

Methods: This retrospective study included a primary cohort of 1,148 patients (361 with IS and 787 without IS) and an
additional population of 83 patients with IS and moderate or severe carotid plaque. We extracted 474 radiomics features in the
primary cohort. Features meeting the reliability criterion were analyzed primarily using propensity score overlap weighting for
eight clinical covariates. Associations were also assessed using covariate adjusted logistic regression, with false discovery rate
correction applied to the overlap-weighted and covariate-adjusted analyses. LASSO selection stability was evaluated in
bootstrap samples after penalty selection by the one standard error rule. A separate 1,000 iteration bootstrap of the full modeling
pipeline provided internal validation. An expanded clinical model, interaction analyses, and a comparison of the two IS case
cohorts were also performed.

Results: A total of 412 of 474 features (86.9%) met the ICC threshold of 0.80. After overlap weighting, all eight clinical
covariates had absolute standardized mean differences below 0.01 (effective sample size = 817.2). Of the 403 estimable features,
73 were associated with IS after false discovery rate correction. Seven features in the primary cohort met all robustness criteria.
Wavelet-LH_glrlm RunEntropy showed the strongest inverse association in the weighted analysis (OR per SD, 0.60; 95% CI,
0.49 to 0.74; q < 0.001). In the expanded clinical model, all seven features retained the same association direction, and one
remained significant after false discovery rate correction.

Conclusion: HRUS radiomics profiles differed between patients with and without IS in the overlap-weighted analysis. Seven
features met the prespecified robustness criteria. These findings suggest that plaque echogenicity and spatial texture are

associated with IS. Prospective multicenter validation is needed.
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troke remains a major cause of death and disabili-

ty worldwide, and ischemic stroke (IS) accounts

for most incident strokes [1]. Atherosclerotic
plaques at the carotid bifurcation are an established
source of IS [2]. In current clinical practice, the assess-
ment of plaque characteristics relies heavily on luminal
stenosis and neurological history, although plaque com-
position, surface disruption, intraplaque hemorrhage,
neovascularization, inflammation, and hemodynamic
characteristics also affect plaque vulnerability [2,3].

Ultrasound is the principal imaging method used to
evaluate carotid plaque. Conventional ultrasound can
show plaque thickness, surface morphology, echogenici-
ty, and calcification. Radiomics complements these
observations by quantifying the distribution and spatial
organization of image intensities, which may reveal
imaging patterns that are not readily summarized by
visual assessment [4,5]. Recent studies have reported
radiomics differences between carotid plaques associat-
ed with and without ischemic events [6-9].

High-resolution ultrasound (HRUS) uses a higher-
frequency probe than conventional carotid ultrasonogra-
phy, providing improved spatial resolution for delineat-
ing superficial arterial wall structures. This technique
can distinguish the intimal and medial layers more clear-
ly and permits quantitative assessment of subtle arterial
wall changes that may not be adequately characterized
by conventional measurements of combined intima—
media thickness [10,11]. Using a 24-MHz high-resolu-
tion probe, a study demonstrated that carotid and radial
intimal thickness could be measured feasibly and reli-
ably. These measurements provided incremental value
beyond traditional vascular risk factors in differentiat-
ing patients with large-artery atherosclerotic IS from
control participants [11]. The improved depiction of
arterial wall and plaque microstructure provides a suit-
able imaging basis for radiomics analysis, which can
further quantify variations in image intensity, texture,
and spatial organization that are not readily captured by
visual assessment alone.

Recent systematic reviews found encouraging perfor-
mance for carotid plaque radiomics, but also reported
low overall methodological quality, substantial hetero-
geneity, and limited external validation [12,13]. Repro-
ducibility is a particular concern because many
radiomics features change when the plaque boundary or
preprocessing parameters change [14,15]. Current guid-
ance for data-driven imaging markers likewise stresses
transparent preprocessing, robustness assessment, and
validation [16].

However, the stability of a feature selected in one
random split but not another is uncertain, because
radiomics results can vary across data partitions [17].
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Therefore, we compared HRUS radiomics features in
carotid plaques from patients with IS and without IS. To
account for measured baseline differences, we used
propensity score overlap weighting as the primary analy-
sis and assessed whether the associations between
radiomics features and IS remained consistent in an
expanded model incorporating additional clinical covari-
ates. We assessed feature selection stability with LAS-
SO and bootstrap resampling, and estimated optimism in
the radiomics model using a separate bootstrap analysis
of the radiomics modeling process. We also explored
effect modification and compared the additional 83
patients with IS and moderate or severe carotid plaque
with IS patients in the primary cohort in an exploratory
analysis.

Materials and Methods

Study design and participants

This retrospective observational study included
patients with carotid plaque examined in Qilu Hospital
of Shandong University and participating communities,
between September 2018 and December 2024. The insti-
tutional ethics committee approved the study and waived
the requirement for informed consent. The study was
conducted in accordance with the Declaration of Helsin-
ki.

Eligible patients had at least one carotid plaque visi-
ble on HRUS and an image of sufficient quality for
plaque segmentation. Exclusion criteria were previous
carotid stenting, carotid occlusion, posterior circulation
events, stroke attributed to causes unrelated to carotid
plaque (including arterial dissection or cardioembolism),
inability to complete carotid ultrasound, and image qual-
ity inadequate for radiomics analysis. Patients were
divided into the IS and Without IS groups. The primary
cohort included 361 patients with IS and 787 patients
without IS. An additional 83 patients with IS and moder-
ate or severe carotid plaque were included in an
exploratory comparison with the 361 patients with IS in
the primary cohort. The study workflow is shown in Fig-
ure 1.

Ultrasound acquisition and plaque selection

All examinations used an Aplio 1900 ultrasound sys-
tem (Canon Toshiba Ultrasound, Tochigi, Japan) and a
PLI 2004BX 24 MHz linear array transducer. Patients
were examined in the supine position with synchronous
electrocardiographic recording. Both carotid arteries
were surveyed from the common carotid artery through
the bifurcation to the proximal internal carotid artery.
The operator observed three consecutive cardiac cycles
and identified end diastole at the peak of the R wave.
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Study design and analysis workflow

Patients with carotid plaque
and analyzable HRUS images

Cohort allocation
Primary cohort: n = 1148
Additional IS cohort: n = 83

Primary Plaque ROI delineation
Maximum longitudinal section

474 radiomics features

Additional IS cohort

A 4

Weighted associations and FDR
403 estimable; 73 significant
7 met robustness criteri

Primary analysis: n = 1148
IS: 361; without IS: 787
Overlap weighting, eight covariates

Reliability screen: 50 plaques
Both ICC values at least 0.80
412 features retained

Expanded clinical model
1138 patients; 16 covariates
7 same direction; 1 FDR significant

Radiomics model validation
1000 bootstrap samples
Pruning, tuning, fitting repeated

Exploratory IS comparison
83 additional vs 361 primary cases
Seven robust features compared

Figure 1 Study design and analysis workflow. FDR, false discovery rate; HRUS, high resolution ultrasound; IS, ischemic stroke; ICC, intraclass correla-

tion coefficient; ROI, region of interest.

One longitudinal end diastolic frame that showed the
plaque most completely and clearly and had the largest
plaque area was selected. Images were exported in Digi-
tal Imaging and Communications in Medicine (DICOM)
format.

Plaque segmentation

The DICOM image was loaded into 3D Slicer (ver-
sion 5.6.2). The operator used the drawing tool to trace
the plaque boundary manually and create a region of
interest (ROI). The anterior echo defined the lumen to
plaque interface, and the posterior echo defined the
adventitia to plaque interface. Areas obscured by acous-
tic shadowing from calcification were excluded [18].
The completed ROI was converted to a mask. The origi-
nal image and ROI mask were saved in nearly raw raster
data (NRRD) format (Figure 2).

Intraobserver and interobserver reliability assess-
ment

Fifty plaques were selected for reliability assessment.
The primary reader and a second physician, each with
approximately three years of experience in plaque imag-

ing, independently delineated each plaque. One month
later, the primary reader repeated the delineations with-
out access to the initial results. For each radiomics fea-
ture, intraobserver reliability was assessed using the pri-
mary reader’s two delineations, and interobserver relia-
bility using the primary reader’s initial delineation and
that of the second physician. ICCs were calculated using
a two-way random-effects model for absolute agree-
ment based on a single measurement (ICC[2,1]) [19].
Features with both intraobserver and interobserver ICCs
of at least 0.80 were included in the primary analysis.

Radiomics feature extraction

Features were extracted with PyRadiomics version
3.0.1 and SimpleITK version 2.1.1 using a frozen
parameter file, following standardized radiomics defini-
tions [4]. After image resampling, radiomic features
were extracted in two dimensions from each delineated
plaque region (force2D enabled). Shape features were
calculated from the plaque masks, while first-order and
texture features were calculated from the original and
wavelet-filtered images. Texture features were derived
from the gray-level co-occurrence matrix (GLCM), gray-

Figure 2 HRUS plaque image processing. (A) shows the selected longitudinal end diastolic image at the maximum plaque area. (B) shows the manually
delineated ROI overlaid on the HRUS image. (C) shows the resulting plaque mask. HRUS, high resolution ultrasound; ROI, region of interest.

AUDT 2026;04:233—-244

1% £ & wart

Tsinghua University Press

| Sci®@pen 235



Advanced Ultrasound in Diagnosis and Therapy 2026;04:233—244

level run-length matrix (GLRLM), gray-level size-zone
matrix (GLSZM), gray-level dependence matrix
(GLDM), and neighboring gray-tone difference matrix
(NGTDM).

Statistical analysis

Continuous variables are summarized as mean (stan-
dard deviation) or median (first and third quartiles), and
categorical variables as count (percentage). Continuous
variables were compared using Welch's t test or the
Mann—Whitney U test, and categorical variables using
the chi-square test or Fisher's exact test. Baseline differ-
ences were described using standardized mean differ-
ences (SMDs). For the primary analysis, a logistic
propensity score model estimated each patient’s proba-
bility of belonging to the IS group within the study sam-
ple based on age, sex, hypertension, diabetes mellitus,
coronary heart disease, current or former smoking, alco-
hol consumption, and lipid-lowering medication use.
Overlap weights were defined as 1 minus the propensity
score for patients with IS and as the propensity score for
patients without IS. We assessed propensity-score over-
lap, weight distributions, effective sample size, and
covariate balance before and after weighting. An abso-
lute weighted SMD below 0.10 was considered accept-
able balance [20].

Each radiomics feature meeting the reliability crite-
ria was standardized to a mean of zero and a standard
deviation of one. Its association with IS was assessed in
a separate logistic regression model using overlap
weights and robust standard errors. To assess the consis-
tency of these associations under conventional adjust-
ment, each feature was also examined in an unweighted
multivariable logistic regression model adjusted for the
same eight clinical covariates. Two-sided P values from
the two analyses were corrected separately using the
Benjamini and Hochberg false discovery rate procedure,
with q < 0.05 considered significant. Only features with
finite coefficient and standard error estimates in the
weighted model were included in the subsequent robust-
ness assessment.

To identify robust radiomics features and evaluate
the internal validity of the radiomics model, highly cor-
related features were pruned at an absolute Spearman
correlation of at least 0.90, followed by unweighted
LASSO logistic regression. Ten logarithmically spaced
values of A were evaluated by stratified fivefold cross
validation using mean AUC. The largest A with a mean
AUC within one standard error of the highest mean
AUC was selected. Correlation pruning, penalty selec-
tion, and LASSO fitting were repeated in 1,000 patient
level bootstrap samples. Selection frequency and coeffi-
cient direction were recorded [21]. Robust features
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required q < 0.05 in both the weighted and adjusted
analyses, selection frequency of at least 70%, coeffi-
cient direction consistency of at least 80%, and concor-
dant association directions in the two analyses. For inter-
nal validation, imputation was repeated within each
bootstrap sample, and the fitted model was evaluated in
both that sample and the original cohort using AUC,
Brier score, calibration intercept, and calibration slope.
Mean bootstrap optimism was subtracted from apparent
performance for each measure.

An expanded propensity score model included BMI,
systolic and diastolic blood pressure, fasting blood glu-
cose, HDL-C, LDL-C, triglycerides, and creatinine in
addition to the eight primary covariates. Complete cases
were analyzed using the same weighting, feature associ-
ation models, robust standard errors, and false discov-
ery rate correction as in the primary analysis. Associa-
tions of the robust features were examined within clini-
cal subgroups, and interactions with the grouping vari-
able were tested using logistic regression. For each
radiomics feature meeting the prespecified robustness
criteria, an interaction term between the feature and lipid-
lowering medication use was included in the model, and
false discovery rate (FDR) correction was applied across
the interaction tests. The additional 83 patients with IS
were compared with the 361 patients with IS in the pri-
mary cohort using feature means and SMDs.

Results

Participants and covariate balance

The primary cohort included 1,148 patients (361 with
IS and 787 without IS). Compared with patients without
IS, those with IS were younger (median, 68 vs. 70
years), more often male (65.4% vs. 56.7%), and more
frequently had hypertension (69.5% vs. 51.5%) or dia-
betes mellitus (38.8% vs. 28.6%). They also had lower
TC, HDL-C, and LDL-C levels (Table 1).

Compared with the 361 IS cases in the primary
cohort, the 83 patients in the additional IS cohort had
lower BMI, TC, and fasting glucose and higher ALT and
AST. Diabetes mellitus and coronary heart disease were
less frequent, whereas smoking and alcohol consump-
tion were more frequent (Table 1).

The primary propensity model included age, sex,
hypertension, diabetes mellitus, coronary heart disease,
current or former smoking, alcohol consumption, and
lipid-lowering medication. Before weighting, the largest
absolute SMD among these eight covariates was 0.498.
After overlap weighting, all eight had absolute SMDs
below 0.10 (maximum, 0.0046), with an effective sam-
ple size of 817.2 (Table 2; Figures 3-4).
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Table 1 Clinical characteristics of patients without IS, patients with IS in the primary cohort, and patients in the additional IS cohort

Characteristic Without IS (n = 787) Primary IS (n = 361) Additional IS (n = 83) P value 1 P value 2
Age, years 70.0 (65.0-74.0) 68.0 (61.0-72.0) 68.0 (64.0-71.0) <0.001 0.893
Height, m 1.62 (0.09) 1.65 (0.08) 1.66 (0.08) <0.001 0.856
Weight, kg 66.8 (11.1) 69.0 (11.0) 66.6 (10.5) 0.002 0.065
BMI, kg/m2 254 (3.4) 252 (3.4) 242 (3.3) 0.381 0.023
SBP, mmHg 134.2 (19.0) 139.4 (20.2) 141.7 (19.5) <0.001 0.332
DBP, mmHg 73.9 (10.9) 77.9 (13.1) 80.2 (10.0) <0.001 0.079
ALT, UL 16.0 (12.0-23.0) 18.0 (13.0-27.0) 20.0 (16.0-30.0) 0.010 0.024
AST, UL 20.9 (17.1-25.0) 18.0 (15.0-23.0) 21.0 (18.0-25.0) <0.001 0.001
TC, mmol/L 4.50 (3.44-5.41) 3.63 (3.06-4.48) 3.44 (2.93-3.97) <0.001 0.021
HDL-C, mmol/L 1.20 (1.00-1.43) 1.08 (0.91-1.29) 1.16 (0.96-1.26) <0.001 0.598
LDL-C, mmol/L 2.50 (1.83-3.18) 1.99 (1.63-2.60) 1.79 (1.53-2.41) <0.001 0.060
TG, mmol/L 1.30 (0.96-1.79) 1.20 (0.91-1.65) 1.11 (0.78-1.43) 0.055 0.058
Cr, umol/L 70.5 (60.4-80.0) 70.0 (60.0-80.0) 68.0 (60.0-80.5) 0.305 0.928
FBG, mmol/L 5.80 (5.20-6.70) 5.71 (4.92-6.96) 5.16 (4.58-5.73) 0.332 <0.001
Male sex 446 (56.7%) 236 (65.4%) 62 (74.7%) 0.005 0.103
Hypertension 405 (51.5%) 251 (69.5%) 49 (59.0%) <0.001 0.066
Diabetes mellitus 225 (28.6%) 140 (38.8%) 24 (28.9%) <0.001 0.043
Coronary heart disease 359 (45.6%) 121 (33.5%) 14 (16.9%) <0.001 0.003
Lipid-lowering medication 264 (33.5%) 208 (57.6%) 22 (26.8%) <0.001 <0.001
Current or former smoking 278 (35.3%) 135 (37.4%) 44 (53.0%) 0.497 0.009
Alcohol consumption 246 (31.3%) 118 (32.7%) 51 (61.4%) 0.629 <0.001

Values are presented as mean (SD), median (25th to 75th percentile), or n (%). P value 1 compares patients without IS with patients with IS in the primary
cohort; P value 2 compares patients with IS in the primary cohort with those in the additional IS cohort. ALT, alanine aminotransferase; AST, aspartate
aminotransferase; BMI, body mass index; Cr, creatinine; DBP, diastolic blood pressure; FBG, fasting blood glucose; HDL-C, high-density lipoprotein

cholesterol; IS, ischemic stroke; LDL-C, low-density lipoprotein cholesterol; SBP, systolic blood pressure; TC, total cholesterol; TG, triglyceride

Table 2 Overlap-weighting balance diagnostics for the eight clinical covariates in the primary cohort

Characteristic Unweighted SMD Weighted SMD Weighted without IS Weighted with IS
Age, years -0.229 —0.001 67.71 67.71
Male sex 0.179 0.001 62.68 62.74
Hypertension 0.376 0.002 65.20 65.30
Diabetes mellitus 0.217 <0.001 36.45 36.49
Coronary heart disease —0.249 —0.005 42.63 42.40
Current or former smoking 0.043 <0.001 37.87 37.86
Alcohol consumption 0.031 <0.001 32.14 32.12
Lipid-lowering medication 0.498 0.004 45.66 45.88

Weighted values are presented as mean age in years or percentages for categorical variables. IS, ischemic stroke; SMD, standardized mean difference

Intraobserver and interobserver reliability

The median intraobserver ICC was 0.940, and 412 of
474 features (86.9%) had intraobserver ICC values of at
least 0.80. The median interobserver ICC was 0.993, and
all 474 features had interobserver ICC values of at least
0.80. 412 features met the requirement for both assess-
ments and entered the primary association analysis.

Primary overlap-weighted radiomics associations

Of the 412 reliability-eligible features, 403 were
estimable in the overlap-weighted feature-wise models.
A total of 73 features remained associated with IS after
FDR correction. In the conventional covariate-adjusted

AUDT 2026;04:233—-244
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sensitivity analysis, 212 features had q < 0.05. 7 fea-
tures met all prespecified robustness criteria (Table 3;
Figure 5). Wavelet-LH glrlm RunEntropy showed the
strongest inverse weighted association (OR per SD,
0.60; 95% CI, 0.49-0.74; q < 0.001). The largest posi-
tive association among the robust features was observed
for wavelet-HL glem MaximumProbability (OR, 1.50;
95% CI, 1.13-1.97; q = 0.029).

LASSO feature selection and internal validation
Fivefold cross validation using the one standard error

rule selected a LASSO penalty parameter of A = 4.6416

(Figure 6). The LASSO model fitted to the full dataset
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Covariate balance in the 1148-patient primary cohort

Lipid-lowering medication °
Hypertension °
Coronary heart disease .
Age, years .
Diabetes mellitus °
Male sex ®

Current or former smoking . .

Alcohol consumption o o
0 0.1

@ Before weighting
o After weighting

0.2 0.3 0.4 0.5

Absolute standardized mean difference

Figure 3 Absolute standardized mean differences before and after overlap weighting. The dashed reference line marks an absolute SMD of 0.10.

A. Before weighting

3.0 — Without IS
— With Is

0 0.2 0.4 0.6 0.8 1.0

Estimated probability of IS

B. After overlap weighting

— Without IS
— With'Is

Density

0 0.2 0.4 0.6 0.8 1.0
Estimated probability of IS

Figure 4 Propensity score distributions before and after overlap weighting in the primary cohort. Panel A shows unweighted distributions and panel B
shows weighted distributions; blue and red curves represent patients without and with IS.

Table 3 Radiomics features meeting the prespecified reliability and robustness criteria

Feature Weighted OR (95% CI) FDR q Selection, % Direction, % ICC
wavelet-LH_glcm_InverseVariance 1.35(1.10-1.64) 0.026 93.5 96.8 0.938
original firstorder 10Percentile 0.71 (0.58-0.88) 0.016 90.3 95.8 0.931
wavelet-HL_glem MaximumProbability 1.50 (1.13-1.97) 0.029 90.1 98.4 0.903
wavelet-LH_glrlm RunEntropy 0.60 (0.49-0.74) <0.001 85.1 99.8 0.897
wavelet-LH_glszm_SizeZoneNonUniformityNormalized 1.37 (1.09-1.72) 0.039 77.7 100.0 0.972
wavelet-HH_glszm_GrayLevelNonUniformityNormalized 0.74 (0.60-0.90) 0.027 77.4 88.8 0.914
wavelet-HL_glszm_SizeZoneNonUniformityNormalized 1.38 (1.10-1.71) 0.029 77.2 94.3 0.877

ORs are per one standard deviation of each feature. Selection is the percentage of 1,000 bootstrap samples in which the feature was selected; direction is
coefficient sign consistency among selected samples. ICC is the lower of the intraobserver and interobserver ICCs. q values are false discovery
rate—adjusted P values. CI, confidence interval; FDR, false discovery rate; ICC, intraclass correlation coefficient; OR, odds ratio.

selected 37 features. 7 features met the prespecified
robustness criteria; across 1,000 bootstrap samples, their
selection frequencies ranged from 77.2% to 93.5%, and
coefficient direction consistency ranged from 88.8% to
100% (Figures 7-8). The full data model had an appar-
ent AUC of 0.776. After bootstrap validation of the
complete modeling pipeline, the optimism corrected
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AUC was 0.724, with a Brier score of 0.182, calibration
intercept of —0.017, and calibration slope of 0.905
(Table 4; Figure 9).

Exploratory analyses
The expanded clinical model included 1,138 patients
(355 with IS and 783 without IS). After overlap weight-
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W-HL glem MaximumProbability

W-HL glszm SizeZoneNonUniformityNormalized
W-LH glszm SizeZoneNonUniformityNormalized
W-LH glcm InverseVariance

W-HH glszm GrayLevelNonUniformityNormalized

Robust radiomics features in the primary cohort

e R
Original-firstorder 10Percentile '8 PSS —
W-LH glrlm RunEntropy — +—e——
0.6 0.8 1.0 1.2 14 1.6 1.8 2.0

Overlap-weighted OR per SD (95% ClI)

Figure 5 Overlap-weighted associations of seven robust radiomics features with ischemic stroke. Points show odds ratios per standard deviation, horizon-
tal lines show 95% confidence intervals, and the dashed line marks an odds ratio of 1. W denotes wavelet features.
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Figure 6 LASSO penalty selection by fivefold cross validation. Points
show mean AUC and error bars show one standard error. Dashed lines
mark the penalty with the highest mean AUC (gray, A = 1.0000) and the
penalty selected by the one standard error rule (red, A = 4.6416).

ing, all 16 covariates had absolute SMDs below 0.10
(maximum, 0.0060; effective sample size, 735.0; Figure
10). Among 411 estimable features meeting the reliabili-
ty criterion, 30 had q < 0.05. All 7 robust features from
the primary analysis retained their association directions.
One feature, wavelet-LH glrlm_RunEntropy, remained

A.Penalization selected across bootstrap samples

, 400
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significant after FDR correction (OR, 0.64; 95% CI,
0.52t0 0.79; q =0.013; Table 5; Figure 11).

Interactions with lipid-lowering medication had
q < 0.05 for 6 of the 7 robust features (Figure 12). Sev-
eral robust features also had different mean values in the
83 additional IS cases and the 361 IS cases in the prima-
ry cohort; the largest absolute SMD was 0.882 (Figure
13).

Discussion

This study identified differences in HRUS-derived
radiomics features between carotid plaques from patients
with and without IS after propensity score overlap
weighting for measured clinical covariates and correc-
tion for multiple comparisons. 7 features met the relia-
bility, association, and stability criteria. They described
gray level intensity, local probability, run length entropy
and size zone organization, supporting differences in
plaque echogenic composition and spatial texture.

The findings agree with recent carotid imaging stud-
ies. Huang et al. found radiomics differences between

B. Model size across bootstrap samples

125

100
75
50
2
ml_ = - I.I._

10 20 30 40 50 60 70 80 90
Number of LASSO-selected features

200
175
150

Bootstrap samples

[N

Figure 7 LASSO penalty selection and model size across 1,000 bootstrap samples. Panel A shows A selected by fivefold cross-validation using the one-
standard-error rule; panel B shows the number of selected features, with the median marked by a dashed line.
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Bootstrap stability of radiomics feature selection
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o

Figure 8 Selection frequencies of the 20 most frequently selected radiomics features across 1,000 bootstrap samples. Bars indicate the proportion of sam-
ples selecting each feature; the dashed line marks 70%.

Table 4 Full pipeline bootstrap internal validation with 1,000 iterations

Metric Apparent Optimism-corrected Mean optimism Optimism 95% interval
AUC 0.776 0.724 0.051 0.017 to 0.085
Brier score 0.164 0.182 —-0.019 —0.037 to —0.003
Calibration intercept —0.023 -0.017 —0.006 —0.156 t0 0.142
Calibration slope 1.213 0.905 0.307 0.118 to 0.483
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Figure 9 Bootstrap optimism in model performance. (A-C) show optimism in AUC, Brier score, and calibration slope across 1,000 bootstrap samples.
Dashed lines mark mean optimism; corrected estimates appear below each panel.

symptomatic and asymptomatic plaques on grayscale
and strain elastography images [6]. Ultrasound
radiomics has also been used to assess plaque stability,
while CTA and MRI studies have reported texture dif-
ferences associated with ischemic events [7-9,22]. Sys-
tematic reviews nevertheless describe marked variation
in segmentation, preprocessing, feature selection, and
validation [12-15]. To reduce the influence of this

methodological variability, we retained only features
that demonstrated adequate measurement reliability and
were consistently selected across repeated bootstrap
samples.

The strongest inverse association involved Wavelet-
LH_glrlm RunEntropy, whereas several robust positive
associations involved inverse variance, maximum proba-
bility, and size zone nonuniformity. Radiomics feature
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Expanded-model covariate balance
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Figure 10 Balance of 16 clinical covariates in the expanded model. Points show absolute SMDs before and after overlap weighting; the dashed line

marks 0.10.

Table 5 Robust features in the primary and expanded clinical models

Radiomics feature Primary OR (95% CI) Primary q Expanded OR (95% CI) Expanded q
wavelet-LH_glem_InverseVariance 1.35(1.10-1.64) 0.026 1.31(1.07-1.61) 0.075
original firstorder 10Percentile 0.71 (0.58-0.88) 0.016 0.72 (0.58-0.90) 0.054
wavelet-HL glem MaximumProbability 1.50 (1.13-1.97) 0.029 1.48 (1.11-1.96) 0.060
wavelet-LH_glrlm RunEntropy 0.60 (0.49-0.74) <0.001 0.64 (0.52-0.79) 0.013
wavelet-LH_glszm_SizeZoneNonUniformityNormalized 1.37 (1.09-1.72) 0.039 1.25 (1.00-1.55) 0.204
wavelet-HH_glszm GrayLevelNonUniformityNormalized 0.74 (0.60-0.90) 0.027 0.81 (0.66-0.99) 0.189
wavelet-HL_glszm_SizeZoneNonUniformityNormalized 1.38 (1.10-1.71) 0.029 1.24 (1.00-1.55) 0.203

Odds ratios are per one-standard-deviation increase in the radiomics feature. CI, confidence interval; OR, odds ratio

names are mathematical summaries, not direct histologi-
cal measurements. Lower entropy may indicate more
ordered run length patterns after wavelet filtering, and
higher maximum probability may reflect a more concen-
trated distribution of neighboring gray level pairs, but
histological validation was not included in this study.
These interpretations remain hypotheses and require
direct pathology-referenced evaluation.

Reliability screening reduced the influence of manu-
al segmentation on feature selection. The repeat delin-
eation after one month showed that 62 features failed the
intraobserver threshold even though interobserver relia-
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bility was high. Requiring both ICC values to reach 0.80
prevented these features from entering the main analysis
and followed current recommendations for quantitative
imaging markers [16,19].

Beyond measurement reliability, bootstrap-based fea-
ture selection and full-pipeline internal validation
addressed two further sources of uncertainty [16,21].
The seven features recurred across bootstrap samples,
while the decrease in AUC from 0.776 to 0.724 after
optimism correction indicates that the apparent discrimi-
nation was somewhat optimistic. These analyses
strengthen the internal assessment of the findings but
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Robust feature associations across clinical models
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Overlap-weighted associations of seven robust radiomics features in the primary and expanded clinical models. Points show odds ratios per

standard deviation, horizontal lines show 95% confidence intervals, and the dashed line marks an odds ratio of 1.

Exploratory effect modification by lipid-lowering medication
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Figure 12 Exploratory associations of the seven robust radiomics features with IS by lipid-lowering medication use. Points show overlap-weighted ORs

per SD with 95% Cls; the dashed line marks an OR of 1.

cannot establish how the features will perform in other
clinical settings or ultrasound systems [16].

The additional IS cohort of 83 patients, all of whom
had moderate or severe carotid plaque, was included in
an exploratory comparison with the 361 patients with IS
in the primary cohort. Several of the seven robust fea-
tures differed between the two case series (largest abso-
lute SMD, 0.882). Because the additional cohort had no
patients without IS, this analysis assessed variation in
feature distributions among IS cases rather than validat-
ing their associations with IS. These differences suggest
that feature distributions should be examined before a
fixed radiomics signature is applied to a clinically differ-
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ent population.

Several baseline findings require cautious interpreta-
tion. Patients with IS were younger and had lower
cholesterol concentrations despite a greater burden of
hypertension and diabetes. All measurements were
obtained at the time of ultrasound, but prior treatment
could have lowered lipid concentrations, especially
because lipid lowering medication was more common in
the IS group. Referral patterns and selection into the
hospital and community cohorts may also have influ-
enced age and risk factor distributions. Overlap weight-
ing balanced the eight clinical covariates in the primary
model, although cholesterol measurements remained
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Figure 13  Differences in robust radiomics features between the two IS case series. Bars show SMDs comparing the 83 additional IS cases with the 361
IS cases in the primary cohort; positive values indicate higher feature values in the additional cohort.

imbalanced. Residual confounding from treatment inten-
sity, disease duration, and other unmeasured factors
remains possible [2,23].

Overlap weighting improved comparability between
patients with and without IS across the eight clinical
variables in the primary model [20]. Other clinical mea-
surements were not necessarily balanced, and the
expanded model examined how the findings changed
when additional variables were considered. All seven
robust features retained their association directions,
although only Wavelet-LH_glrlm_RunEntropy remained
significant after FDR correction. Thus, the directions
were consistent, but the statistical evidence for several
features was weaker under the expanded model. Blood
pressure and laboratory measurements were obtained at
enrollment, after the IS event in affected patients, and
may reflect treatment or changes associated with the
event as well as prior risk.

This study has several limitations. First, this was a
retrospective study, which may limit the generalizability
of the findings. Second, radiomics analysis was based on
a single two-dimensional frame acquired using one
ultrasound system, which may limit assessment of whole-
plaque heterogeneity and generalizability to other set-
tings. Third, the supplementary population included only
83 patients with IS and moderate or severe carotid
plaque and lacked a comparison group without IS from
the same source. Finally, although overlap weighting
balanced the eight prespecified clinical covariates, resid-
ual confounding from unmeasured factors remains pos-
sible. The expanded analysis included measurements
obtained after the IS event, which complicates their
interpretation. Bootstrap resampling provided internal
validation, but prospective multicenter validation is
required.

AUDT 2026;04:233—-244

Conclusions

Carotid plaques from patients with and without IS
had different HRUS radiomics profiles after overlap
weighting for measured clinical factors. Seven features
met the prespecified reliability, association, and stabili-
ty criteria in the primary cohort. These findings suggest
that HRUS radiomics captures differences in plaque
echogenicity and spatial texture associated with IS.
Prospective multicenter studies using different ultra-
sound systems are needed to assess their generalizabili-
ty and clinical value.
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