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Development and validation of a machine
learning model for predicting vulnerable
carotid plaques using routine blood
biomarkers and derived indicators: insights
into sex-related risk patterns

Yimin E'", Zhichao Yao'", Maolin Ge?', Guijun Huo', Jian Huang', Yao Tang', Zhanao Liu', Ziyi Tan', Yugi Zeng’,
Junjie Cao'" and Dayong Zhou'"

Abstract

Background Early detection of vulnerable carotid plaques is critical for stroke prevention. This study aimed to
develop a machine learning model based on routine blood tests and derived indices to predict plaque vulnerability
and assess sex-specific risk patterns across biomarker value ranges.

Methods \We retrospectively included 1701 hospitalized patients from Suzhou Municipal Hospital (2019-2020),
selected from an initial cohort of 10,028 individuals. All patients underwent carotid ultrasound, with vulnerable
plaques identified using predefined imaging criteria. A total of 30 laboratory variables—including blood count,
coagulation, and biochemistry—were extracted, alongside derived indices such as triglyceride-glucose index (TyG),
atherogenic index of plasma (AIP), neutrophil-to-lymphocyte ratio (NLR) and others. Features were standardized and
selected based on statistical and clinical relevance. Five machine learning models were trained using a 7:3 train-test
split and evaluated by cross-validation. Model performance was assessed using AUC, sensitivity, and specificity. The
best model was interpreted using SHapley Additive exPlanations (SHAP) analysis. Sex differences were explored using
Mann-Whitney U tests and restricted cubic spline (RCS) modeling across value intervals.

Results The Random Forest model showed the highest predictive performance (AUC=0.847; 95% C| 0.791-0.895;
specificity =89.4%; sensitivity =64.2%). SHAP analysis identified gender, age, fibrinogen, NLR, creatinine, fasting
blood glucose, uric acid to high-density lipoprotein ratio (UHR), TyG, systemic inflammation response index (SIRI),
and lymphocyte count as top predictors. Significant sex-specific differences in SHAP values were observed for key
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plague vulnerability across biomarker value ranges.

Graphical abstract

biomarkers, including age, UHR, TyG, SIRI, and others. RCS modeling further revealed distinct sex-related patterns in

Conclusion A Random Forest model integrating routine blood markers and derived indices accurately predicted
vulnerable carotid plaques. The results underscore the importance of sex-specific risk assessment, highlighting
differential effects of key biomarkers across genders and value intervals.
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Development and validation of a machine learning model for
predicting vulnerable carotid plaques using routine blood biomarkers
and derived indicators:insights into sex-related risk patterns

Background

Ischemic stroke remains a leading cause of disability
and mortality worldwide, with a substantial proportion
attributed to atherosclerotic disease of the carotid arter-
ies [1, 2]. Among these, vulnerable carotid plaques—
characterized by lipid-rich necrotic core, intraplaque
haemorrhage, thin fibrous cap and others—are prone to
rupture and embolize, triggering cerebrovascular events
[3-5]. Early and accurate identification of such plaques is
therefore essential for timely risk stratification and stroke
prevention [1].

While imaging modalities such as high-resolution
carotid ultrasound, magnetic resonance imaging (MRI),
and Computed Tomography Angiography (CTA) provide
structural information on plaque morphology and stabil-
ity, their clinical application is constrained by high costs,
operator dependence, and limited suitability for large-
scale screening, especially in asymptomatic populations
[6—8]. More importantly, these techniques provide only a
static snapshot of local anatomy and often fail to capture
the underlying systemic biological processes—such as
chronic inflammation, metabolic imbalance, and immune
dysregulation—that drive plaque destabilization. In con-
trast, blood-based biomarkers obtained from routine

laboratory tests offer a non-invasive, cost-effective, and
scalable means to assess these systemic factors. Leverag-
ing hematological and biochemical indices enables earlier
and broader identification of individuals at increased risk
of plaque vulnerability, surpassing what can be achieved
by imaging modalities alone.

Recent research has underscored the value of hemato-
logical and biochemical biomarkers derived from routine
blood tests as readily accessible indicators of vascular
inflammation, immune dysregulation, oxidative stress,
and endothelial dysfunction [9-14]. Composite indices
such as the neutrophil-to-lymphocyte ratio (NLR), plate-
let-to-lymphocyte ratio (PLR), systemic immune-inflam-
mation index (SII), triglyceride-glucose index (TyG), and
atherogenic index of plasma (AIP) have emerged as sur-
rogate markers of atherosclerotic risk [15-20]. Previous
studies have also identified several biomarkers indicative
of excessive inflammation, including sirtuins, microR-
NAs, ST2 protein, apolipoprotein E, and adiponectin,
which play crucial roles in the diagnosis, monitoring, and
prognostic evaluation of cardiovascular diseases (CVDs)
[21, 22]. Furthermore, the role of epigenetic modifi-
cations and microRNAs in the rupture of atheroscle-
rotic plaques and other related complications has been
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increasingly reported, and their potential value in guiding
clinical treatment is gradually gaining recognition [23,
24]. However, most prior studies have evaluated these
biomarkers in isolation, without integrating them into
holistic predictive frameworks. Meanwhile, the accuracy
and specificity of these scoring systems and predictors
remain unsatisfactory.

Moreover, sex-based differences in the pathophysiol-
ogy and clinical expression of atherosclerosis are increas-
ingly recognized [25-29]. Females and males exhibit
distinct patterns of immune response, hormonal regula-
tion, and vascular remodeling, all of which may influence
the development and destabilization of atherosclerotic
plaques [26, 29]. However, few studies have explored
whether the predictive value of blood-based biomark-
ers for plaque instability varies by sex, or how such dif-
ferences manifest across the entire range of biomarker
distributions.

In this context, machine learning (ML) offers powerful
tools to uncover complex, nonlinear associations across
multiple clinical variables and to build flexible, high-
performing models for individualized risk prediction [11,

Patients who underwent carotid ultrasound
examination during hospitalization in Suzhou Municipal
Hospital from 2019 to 2020
N=10,028

Patients who underwent routine blood,
coagulation, and biochemical tests within 7 days
before carotid ultrasonography
N=7,829

y

Patients were excluded after missing or incomplete
laboratory data, known systemic inflammatory diseases such as
autoimmune diseases, and active malignancies
N=5,829

4

Patients with carotid plaque
on ultrasound examination
N=1,701

' l

Patients with stable
carotid plaque on ultrasound
examination
N=1,479

Patients with vulnerable
carotid plaque on ultrasound
examination
N=222

Fig. 1 Flowchart of patient inclusion. Flow diagram illustrating the selec-
tion process of hospitalized patients undergoing carotid ultrasound at
Suzhou Municipal Hospital from 2019 to 2020. After applying exclusion
criteria, 1701 patients with carotid plague were included in the final analy-
sis, comprising 1479 with stable plague and 222 with vulnerable plague
based on predefined criteria
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30]. Compared to traditional statistical approaches, ML
algorithms can handle high-dimensional data, accommo-
date variable interactions, and improve predictive accu-
racy. Importantly, interpretable ML methods—such as
those utilizing SHapley Additive exPlanations (SHAP)—
enable detailed understanding of feature contributions at
both the global and individual levels, thereby enhancing
clinical trust and applicability [30].

While prior research has explored associations
between biomarkers and plaque characteristics, many
studies lacked model interpretability, failed to stratify
by sex, and did not examine biomarker thresholds sys-
tematically. Furthermore, few incorporated a diverse set
of derived hematological indices or validated models
on robust clinical cohorts, limiting their generalizabil-
ity. Given these gaps, there is a pressing need for robust,
interpretable, and clinically applicable machine learning
models that integrate routine laboratory data to predict
carotid plaque vulnerability. Employing a sex-stratified
analytical approach may further clarify sex-specific risk
profiles and facilitate the development of more personal-
ized preventive strategies for atherosclerotic stroke.

Method

Study design and population

This retrospective observational study was conducted at
Suzhou Municipal Hospital and included adult inpatients
admitted between January 2019 and December 2020.
From an initial cohort of 10,028 individuals who under-
went carotid ultrasound during hospitalization, a total
of 1701 patients were included in the final analysis after
applying eligibility criteria (Fig. 1 details patient inclusion
flow chart).

Participants were required to have ultrasound-con-
firmed carotid atherosclerotic plaques. The vulnerability
of plaques was determined using standardized sono-
graphic criteria, including, intraplaque haemorrhage,
lipid-rich necrotic core and thin fibrous cap, intraplaque
neovascularisation, irregular morphology of the luminal
surface and the presence of ulceration [3, 4]. These imag-
ing features have been widely validated as markers of vul-
nerable plaques and are associated with increased risk of
embolic stroke and other cerebrovascular events. Exclu-
sion criteria included missing or incomplete laboratory
data, known systemic inflammatory diseases (e.g., auto-
immune disorders), and active malignancies. The final
study population consisted of patients with clear carotid
plaque classification, categorized as having either vul-
nerable or stable plaques based on the aforementioned
imaging criteria. As a retrospective single-center study,
the findings may be subject to selection bias, and the
generalizability of results beyond the Suzhou Municipal
Hospital population is limited. Ultrasound-based classi-
fication may have limitations in sensitivity compared to
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MRI or CTA, and inter-operator variability could influ-
ence plaque characterization.

Data collection and variables

Demographic information, medical history, and labora-
tory parameters were retrospectively extracted from the
electronic medical record system of Suzhou Municipal
Hospital. All laboratory tests were performed at admis-
sion as part of routine clinical assessment. After exclud-
ing variables with missing values, a total of 40 features
were retained for analysis, encompassing demographic
characteristics, laboratory measurements, and derived
indices. These variables comprised gender and age; gly-
cemic and lipid metabolism markers such as Glycosyl-
ated Hemoglobin Alc (HbAlc, %), fasting blood glucose
(FBG, mg/dL), triglycerides (TG, mg/dL), total choles-
terol (TC, mg/dL), low-density lipoprotein (LDL, mg/dL),
high-density lipoprotein (HDL, mg/dL), and very-low-
density lipoprotein (VLDL, mg/dL); renal and electro-
lyte parameters including creatinine (Cr, umol/L), Urea
(mmol/L), uric acid (UA, pmol/L), sodium (Na, mmol/L),
potassium (K, mmol/L), chloride (Cl, mmol/L), calcium
(Ca, mmol/L), magnesium (Mg, mmol/L), and phospho-
rus (P, mmol/L); liver function indicators such as alanine
aminotransferase (ALT, U/L), aspartate aminotransfer-
ase (AST, U/L), and alkaline phosphatase (ALP, U/L);
hematologic indices including hemoglobin (Hb, g/L),
red blood cell count (RB, x10'2/L), platelet count (PLT,
x10%/L), and fibrinogen (Fb, g/L); and leukocyte subtypes
including neutrophil count (NE, x10°/L), lymphocyte
count (LYM, x10%/L), monocyte count (MO, x10°/L),
eosinophil count (EO, x10°/L), and basophil count (BA,
x10°/L). In addition, ten derived indicators were calcu-
lated to reflect systemic inflammation and metabolic
dysregulation, including: triglyceride-glucose index
(TyG=1In [TG x FBG / 2]), atherogenic index of plasma
(AIP =log,, [TG / HDL]), the stress hyperglycemia ratio
(SHR) was calculated as FBG (mg/dL) / [28.7 x HbAlc
(%)— 46.7], neutrophil-to-lymphocyte ratio (NLR=NE /
LYM), platelet-to-lymphocyte ratio (PLR=PLT / LYM),
monocyte-to-lymphocyte ratio (MLR=MO / LYM), sys-
temic immune-inflammation index (SII=PLT x NE /
LYM), systemic inflammation response index (SIRI=NE
x MO / LYM), aggregate index of systemic inflammation
(AISI=NE x MO x PLT / LYM), and uric acid to HDL
ratio (UHR=UA / HDL). All laboratory values were
obtained from fasting blood samples collected within
7 days before carotid ultrasound examination. Missing
demographic or lifestyle factors such as smoking or phys-
ical activity could not be adjusted for due to data unavail-
ability, potentially confounding biomarker associations.
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Feature classification and selection

To facilitate effective model development, all candidate
variables were subjected to systematic preprocessing
and feature selection through a comprehensive, multi-
stage pipeline. Continuous variables were standardized
using the StandardScaler function from the scikit-learn
library, which transforms each variable by subtracting the
mean and dividing by the standard deviation, resulting in
a standardized variable with a mean of 0 and a standard
deviation of 1. This ensures comparability across different
scales and allows all features to contribute equally to the
model. The categorical variable “Gender” was encoded
via label encoding.

To classify candidate features as linear or nonlinear, a
model-driven strategy was applied. Each variable was
independently assessed using univariate logistic regres-
sion (linear) and XGBoost (nonlinear), with the area
under the ROC curve (AUC) used to evaluate discrimi-
native performance. Features with higher AUCs under
logistic regression were labeled linear, while those per-
forming better with XGBoost were considered nonlinear.
Variables with similar or poor performance across both
models were excluded. This empirical, performance-
based approach enabled data-adaptive feature categoriza-
tion, improving model interpretability and downstream
selection efficiency. For linear features, four selection
criteria were applied: Variance thresholding: variables
with variance <0.01 were removed. Univariate Spearman
correlation: variables with absolute correlation among
the top 10 were retained (empirically,|p| 2 0.1). F-test
(ANOVA) via SelectKBest: the 10 most significantly asso-
ciated variables (by P-value) were selected. Lasso regres-
sion (LassoCV, five-fold cross-validation): features with
non-zero coefficients were retained. Features selected
by at least one of the above methods were retained. Age
and HbAlc, for example, were consistently selected by
multiple strategies. For nonlinear features, four comple-
mentary methods were used: Mutual information (MI):
top 10 features by MI score were selected. XGBoost fea-
ture importance: variables with importance values in the
top quartile were retained. Recursive feature elimination
(RFE): top 10 features were selected using logistic regres-
sion as the base estimator. Sequential forward selection
(SES): another top 10 features were selected using for-
ward inclusion strategy. To mitigate the limitations of
any single method and reduce the risk of excluding rel-
evant features, a union-based strategy was applied within
each feature category. The final nonlinear set comprised
23 variables, encompassing a broad range of metabolic,
hematologic, and inflammation-related markers.

Finally, all retained linear (#=2), nonlinear (n=23),
and categorical (n=1) features were merged and dedupli-
cated, resulting in a final feature set of 26 variables used
for model construction. These included: Gender, Age,
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LDL, Urea, ALT, SII, Fb, UA, FBG, AIP, NE, BA, UHR,
HbAlc, PLR, EO, AST, LYM, Cr, TyG, RB, TC, NLR,
SIRI, AISI, and MO.

Machine learning model development and evaluation

Five supervised machine learning algorithms—Random
Forest (RF), Logistic Regression (LR), Support Vector
Machine (SVM), K-Nearest Neighbors (KNN), and Ada-
Boost—were developed to predict the presence of vulner-
able carotid plaques based on 26 selected features. The
dataset was randomly divided into training and test sets
using a 7:3 split. All models were implemented in Python
using the scikit-learn package. Performance evaluation
was conducted through 5-fold cross-validation on the
training set and further validated on the test set. Key
evaluation metrics included AUC, sensitivity, specificity,
accuracy, precision, and F1 score. The AUC was boot-
strapped using 1000 iterations to estimate 95% confi-
dence intervals.

SHAP-based model interpretation and sex-stratified risk
analysis

To elucidate the internal mechanisms of the best-per-
forming model (Random Forest), SHapley Additive
exPlanations (SHAP) were employed to quantify the
marginal contribution of each input variable to the pre-
dicted probability of vulnerable carotid plaque. Global
feature importance was illustrated using the mean abso-
lute SHAP values across the test set. To further investi-
gate the directionality and distribution of feature effects,
beeswarm plots and decision plots were generated. SHAP
dependence plots were utilized to examine potential non-
linear patterns, such as threshold effects or saturation
across the range of continuous variables. To identify key
points where feature contributions changed markedly, we
applied locally weighted scatterplot smoothing (LOW-
ESS) to the SHAP dependence curves. For each feature
and gender subgroup, we extracted (1) zero-crossing
points, where the SHAP value curve crossed zero—indi-
cating a shift in predicted risk direction—and (2) inflec-
tion points, defined as local maxima in the absolute first
derivative (|Jd(SHAP)/dx|), representing the most rapid
changes in model attribution. Up to three key points per
feature were retained to highlight biologically or clini-
cally meaningful thresholds.

Given the prominent ranking of gender, further strati-
fied analyses were performed. SHAP dependence plots
were color-coded by gender to visualize potential diver-
gence in biomarker-associated risk trajectories. To pres-
ent these non-linear associations in a clinically intuitive
manner, restricted cubic spline (RCS) logistic models
were fitted using a cubic basis with five internal knots.
Knot locations were derived from the female sub-
group and uniformly applied to both genders to ensure
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consistency and comparability. Sex-specific predicted
probabilities were plotted across biomarker ranges with
bootstrap-based confidence intervals, and group-wise
comparisons were visualized using combined line and
bar plots.

Statistical analysis

Summary statistics were presented as total frequencies
and percentages for categorical variables, and as medians
with interquartile ranges (IQR) or means with standard
deviations (SD) for continuous variables, as appropri-
ate. Group differences were assessed using the x* test
for categorical variables and the Mann—Whitney U test
or Students t-test for continuous variables, depend-
ing on data distribution. All tests were two-sided, and
a P-value<0.05 was considered statistically significant.
Where applicable, multiple testing correction was con-
ducted using the Benjamini—Hochberg procedure to
control the false discovery rate (FDR), with significance
defined as adjusted P<0.05. Spearman’s correlation was
used to assess inter-feature associations, with correlation
heatmaps stratified by plaque type (stable vs. vulnerable)
and gender. FDR-adjusted P-values were used to deter-
mine statistical significance for all pairwise correlations.
For SHAP-based analyses, differences in SHAP value
distributions between male and female participants were
assessed using the Mann—Whitney U test. For modeling
risk trajectories, RCS logistic regression was employed
using five internal knots. Knot positions were derived
from the female subgroup and identically applied to male
models to ensure comparability. RCS models were fitted
separately for males and females. 95% confidence inter-
vals were generated using 1000 bootstrap resamples per
group. Predicted probabilities were binned according to
spline-derived intervals, and gender-based comparisons
within each bin were conducted using independent-sam-
ples t-tests. Only features showing statistically significant
differences (P <0.05) in at least one bin were retained for
final RCS visualization. All statistical analyses and visual-
izations were performed using Python (v3.12). Asterisks
denote statistical significance: P<0.05 (*), P<0.01 (**),
P<0.001 (***).

Results

Patient characteristics

The clinical characteristics of the study population
are summarized in Table 1. A total of 1701 hospital-
ized patients were included in the analysis, of whom
222 (13.1%) were classified as having vulnerable carotid
plaques, while 1479 (86.9%) had stable plaques. Com-
pared with the stable group, individuals with vulnerable
plaques were significantly older (median age: 73 vs. 68
years, P<0.001) and more likely to be male (74.8% vs.
47.7%, P<0.001). The vulnerable plaque group exhibited
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Table 1 Characteristics of the cohort participants in primary analysis
characteristics Patients with vulnerable plaque Patients with stable plaque P-value
(N=222) (N=1479)
Gender Female 56 (25.2%) 773 (52.3%) <0.001
Male 166 (74.8%) 706 (47.7%) <0.001
Age, years 73.00 [67.00, 78.75] 68.00 [58.00, 75.00] <0.001
TC, mg/dL 150.04 [122.20, 183.88] 159.32[131.86, 183.88] 0.1257
TG, mg/dL 103.63 [75.51,170.05] 107.17 [75.28,156.77] 0.5596
LDL, mg/dL 92.42[61.97,123.55] 95.51[69.61, 120.26] 02672
VLDL, mg/dL 16.63 [12.08, 21.56] 15.08 [11.60, 19.72] 0.0714
HDL, mg/dL 40.60 [33.64, 50.56] 44.86 [38.28, 54.14] <0.001
FBG, mg/dL 106.38 [89.86, 127.08] 95.94 [86.76, 111.78] <0.001
HbA1c, % 6.70[6.00, 7.90] 6.10[5.70, 7.00] <0.001
RB, 10'/L 426(3.79,4.71] 4.25[391,463] 04791
NE, 10%/L 3.84 B 00, 4.82] 3471[2.75,4.34] <0.001
LYM, 10°/L 81[1.21,1.90] 1.67 [131,2.09] <0.001
MO, 10%/L 042 [0 36, 055] 0.39[0.31,049] <0.001
BA, 10%/L 0.02[0.01,0.03] 0.02[0.01,0.03] 03532
EO, 10°/L 0.13[0.07,0.22] 0.12[0.07,0.19] 0.1625
PLT, 10%/L 197.00 [156.50, 232.00] 201.00 [166.00, 244.50] 0.0637
Hb, g/L 129.00 [114.00, 144.75] 130.00 [119.00, 140.00] 0.7083
Fb, g/L 2.991[2.50, 3.75] 266 [2.26,3.15] <0.001
ALP U/L 79.00 [67.00, 105.50] 75.00 [62.00, 92.00] 0.0014
ALT, U/L 19.00 [14.00, 26.00] 18.00 [13.00, 27.00] 0.2956
AST, U/L 18.00 [16.00, 24.00] 18.00 [15.00, 22.00] 0.0448
UA, umol/L 539 [4.76,6.43] 5.20[4.39, 6.26] 0.0316
Cr, umol/L 72.80 [58.00, 90.75] 62.30 [51.40, 75.80] <0.001
Urea, mmol/L 6.16 [5.24,7.62] 5.73[4.74,6.93] <0.001
Ca, mmol/L 2.201[2.11,2.29] 2.211[2.14,2.29] 03114
Na, mmol/L 142.50[139.97, 143.88] 143.00 [141.30, 144.50] <0.001
K, mmol/L 3.87[3.66,4.15] 3.84[3.61,4.06] 0.1335
Mg, mmol/L 0.89[0.83,0.94] 0.90 [0.84, 0.96] 0.0098
P mmol/L 1.08 [0.99, 1.20] 1.13[1.01,1.25] <0.001
Cl, mmol/L 104.30[102.33, 106.97] 106.00 [103.80, 107.90] <0.001
TyG 8.61[8.25,9.24] 8.56 [8.19,8.99] 0.0205
AIP 0.05[-0.12,0.27] 0.01[-0.19,0.22] 0.0087
SHR 0.74[0.67,0.81] 0.74[0.67,0.82] 0.7547
UHR 13.68[1045, 16.65] 11.49[8.67, 15.26] <0.001
MLR 0.28[0.21,0.36] 0.23[0.17,0.33] <0.001
NLR 246 [1.95,3.43] 2.06[1.53,2.85] <0.001
PLR 123.56 [101.66, 168.06] 119.61[93.47,152.90] 0.0162
Sl 465.25 [349.14, 722.66] 412.79[283.71,583.35] <0.001
SIRI 2[0.69, 1.68] 0.7910.50, 1.27] <0.001
AlSI 187.56 [122.92, 366.84] 152.12[94.97, 268.22] <0.001

FBG, Fasting blood glucose; HbA1c, glycosylated hemoglobin Alc; Cr, creatinine; ALT, Alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline
phosphatase; UA, uric acid; UHR, uric acid to HDL ratio; TyG, triglyceride-glucose index; AlP, atherogenic index of plasma; TC, total cholesterol; LDL, low-density
lipoprotein; TG, triglycerides; HDL, high-density lipoprotein; VLDL, very-low-density lipoprotein; Fb, fibrinogen; Hb, haemoglobin; PLT, platelet count; SHR, stress

hyperglycemia ratio; MLR, monocyte-to-lymphocyte ratio; EO, eosinophil count; BA,

basophil count; LYM, lymphocyte count; RB, red blood cell count; NE, neutrophil

count; MO, monocyte count; Sll, systemic immune-inflammation index; NLR, neutrophil-to-lymphocyte ratio; SIRI, systemic inflammation response index; AlSI,

aggregate index of systemic inflammation; PLR, platelet-to-lymphocyte ratio

significantly elevated levels of metabolic and inflamma-
tory biomarkers. In particular, FBG (106.38 vs. 95.94 mg/
dL, P<0.001), Cr (72.8 vs. 62.3 umol/L, P<0.001), TyG
index (8.61 vs. 8.56, P=0.021), and AIP (0.01 vs. 0.05,
P=0.009) were all significantly higher in the vulnerable
group. These findings indicate an atherogenic metabolic

profile associated with plaque instability. Moreover,
inflammation-related markers, including NLR (2.46
vs. 2.06, P<0.001) and Fb (2.99 vs. 2.66 g/L, P<0.001),
were also significantly elevated in patients with vulner-
able plaques. In contrast, LYM counts was lower in this
group. These results underscore the distinct metabolic
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and immunologic abnormalities present in patients with
vulnerable carotid plaques, which may contribute to their
increased risk of cerebrovascular events.

The cohort was randomly divided into a train set
(n=1190) and a test set (n=511). Baseline characteristics
were largely comparable between the two sets. The pro-
portion of females was nearly identical (48.7% vs. 48.9%,
P=0.961), and no significant differences were observed
in median age (both 69 years, P=0.386), RB count (4.26
vs. 4.24x10'%/L, P=0.585), or LYM count (1.63 vs.
1.67 x 10°/L, P=0.970). Other vast majority of key meta-
bolic and inflammatory markers, such as FBG, Cr, TyG
index, and NLR, were also balanced between the train
and test cohorts (P>0.05), supporting the validity of sub-
sequent model development and evaluation. The clinical
characteristics of the study populations for the training
and test sets are shown in Supplementary Table S1.

Spearman correlation analysis

To examine inter-feature relationships, Spearman cor-
relation coefficients were calculated among selected
continuous variables. Heatmaps were generated for the
entire cohort and further stratified by plaque phenotype
(stable vs. vulnerable) (Fig. 2 and Supplemental Table S2-
3). In the overall population (n=1701), strong positive
correlations were observed among several metabolic and
inflammatory biomarkers. TC was highly correlated with
LDL (p=0.927, P<0.001). Inflammation-related indices
showed tight interdependence: SII was strongly associ-
ated with NLR (p=0.856, P<0.001) and SIRI (p=0.765,
P<0.001). TyG index was positively correlated with AIP
index (p=0.850, P<0.001), and UA with UHR (p=0.763,
P<0.001). Negative correlations were also evident: LYM
count was inversely related to Fb (p = —0.144, P<0.001)
and NLR (p = -0.651, P<0.001), while UHR was

Spearman Correlation Heatmap
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negatively associated with TC (p = -0.222, P<0.001). In
patients with vulnerable plaques (n=222), the inflamma-
tory-metabolic axis appeared more tightly coupled. SII
correlated strongly with NLR (p=0.877, P<0.001), AISI
(p=0.851, P<0.001), and SIRI (p=0.772, P<0.001). TyG
index was closely associated with both AIP (p=0.790,
P<0.001) and FBG (p=0.617, P<0.001). UA and UHR
also showed a strong positive correlation (p=0.601,
P<0.001). Negative associations persisted between LYM
count and Fb (p = -0.200, P<0.01), and between UHR
and TC (p = -0.330, P<0.001). In the stable plaque
group (n=1479), correlation magnitudes were generally
attenuated. TC and LDL remained strongly correlated
(p=0.927, P<0.001), and TyG index retained associa-
tions with AIP (p=0.858, P<0.001) and FBG (p=0.480,
P<0.001). Inflammatory indices demonstrated modestly
reduced interrelationships, including SII-NLR (p =0.825,
P<0.001) and SII-SIRI (p=0.761, P<0.001). Negative
correlations between LYM-Fb (p = -0.127, P<0.001),
and UHR-TC (p = -0.201, P<0.001) remained signifi-
cant, albeit weaker than in the vulnerable group. These
findings suggest a more pronounced inflammatory-met-
abolic clustering in patients with vulnerable plaques,
potentially contributing to plaque destabilization.

Model performance

Five machine learning models were trained using a 7:3
train-test split and evaluated using 5-fold cross-valida-
tion. Performance metrics included AUC (with 1,000
bootstrap iterations), F1 score, accuracy, sensitivity,
specificity, precision, and sklearn AUC (Table 2). The RF
model achieved the best performance: Training AUC:
0.965 (95% CI 0.953-0.977); Sensitivity: 85.8%; Speci-
ficity: 90.9%; Accuracy: 90.3%; F1 Score: 0.696. Test set
AUC: 0.847 (95% CI 0.791-0.895); Sensitivity: 64.2%;

C C

Heatmap ( plaque)

Fig. 2 Spearman correlation heatmaps across plaque subgroups. Spearman correlation matrices were generated using the final 26 selected features
across: A the entire study population (n=1701); B patients with stable carotid plaques (n=1479); C patients with vulnerable carotid plaques (n=222).
The strength and direction of pairwise correlations are reflected by the custom “navy-pink”colormap, with navy indicating negative correlations and pink
indicating positive correlations. Vulnerable plague cases exhibited stronger and more clustered inter-variable relationships, particularly among inflamma-
tory and metabolic markers. Fasting blood glucose (FBG), glycosylated hemoglobin A1c (HbA1c), creatinine (Cr), alanine aminotransferase (ALT), aspartate
aminotransferase (AST), uric acid (UA), uric acid to HDL ratio (UHR ), triglyceride-glucose index (TyG), atherogenic index of plasma (AIP), total cholesterol
(TQ), low-density lipoprotein (LDL), fibrinogen (Fb), eosinophil count (EO), basophil count (BA), lymphocyte count (LYM), red blood cell count (RB), neutro-
phil count (NE), monocyte count (MO), systemic immune-inflammation index (Sll), neutrophil-to-lymphocyte ratio (NLR), systemic inflammation response
index (SIRI), aggregate index of systemic inflammation (AISI), platelet-to-lymphocyte ratio (PLR)
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Table 2 Comparative analysis of the performance outcomes across various machine learning models. Support vector machine (SVM),

K-Nearest neighbors (KNN)

Model Dataset AUC AUC_Lower AUC_Upper Sensitivity(%) Specificity(%) Accuracy(%) Preci- Re- F1 AUC
sion(%) call(%) Score (sklearn)
Ran-  Train 0.965 0953 0977 85.8 90.9 90.3 586 85.8 069 0.965
dom  Test 0.847 0.791 0.895 64.2 894 86.1 47.8 64.2 0.548 0.847
Forest
Logis- Train 0.761 0.722 0.798 723 684 68.9 255 723 0377 0.761
tic Test 0.775 0717 0.829 68.7 68.9 68.9 250 68.7 0367 0.775
regres-
sion
SVYM  Train 0.720 0.668 0.768 0.7 100.0 87.1 100.0 0.7 0013 0.721
Test 0.552 0466 0.637 1.5 100.0 87.1 100.0 1.5 0.029 0.551
KNN  Train 0.942 0930 0.953 329 984 89.8 75.0 329 0457 0942
Test 0.715 0643 0.778 194 97.3 87.1 520 194 0283 0.715
Ada-  Train 0.909 0.888 0.931 219 99.2 89.2 81.0 219 0345 0910
Boost  Test 0.804 0.748 0.855 14.9 98.2 873 556 14.9 0.235 0804
B ROC Curve (Train Set) B ROC Curve (Test Set)
10 1.0
08 08
2 2
& &
2 0.6 2 0.6
2 3
Q04 Q04
[ o
2 2
0.2 ~— Random Forest (AUC=0.965, 95%Cl 0.953-0.977) 0.2 ~— Random Forest (AUC=0.847, 95%Cl 0.791-0.895)
Logistic Regression (AUC=0.761, 95%Cl 0.722-0.798) Logistic Regression (AUC=0.775, 95%Cl 0.717-0.829)
~— SVM (AUC=0.720, 95%CI 0.668-0.768) —— SVM (AUC=0.552, 95%CI 0.466-0.637)
~— KNN (AUC=0.942, 95%Cl 0.930-0.953) —— KNN (AUC=0.715, 95%CI 0.643-0.778)
0.0 —— AdaBoost (AUC=0.909, 95%CI 0.888-0.931) 0.0 —— AdaBoost (AUC=0.804, 95%CI 0.748-0.855)
0.0 0.2 0.4 06 08 1.0 0.0 0.2 0.8 1.0

False Positive Rate

0.4 0.6
False Positive Rate

Fig. 3 Receiver operating characteristic (ROC) curves of five machine learning models in the training and test sets. A ROC curves in the training set; B
ROC curves in the test set. Random Forest, Logistic Regression, Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and AdaBoost classifiers were
evaluated. Shaded areas indicate 95% confidence intervals of the AUC estimated using 1000 bootstrap iterations

Specificity: 89.4%; Accuracy: 86.1%; F1 Score: 0.548. The
RF model maintained consistent performance in both
training and test sets, suggesting excellent generalizabil-
ity without substantial overfitting. Logistic Regression
showed moderate performance (Test AUC: 0.775; F1
score: 0.367) with relatively balanced sensitivity (68.7%)
and specificity (68.9%), but limited precision (25.0%).
AdaBoost achieved a test AUC of 0.804, with very high
specificity (98.2%) but poor sensitivity (14.9%), making
it less suitable for screening purposes. KNN and SVM
models had low sensitivity (<20%) despite high specific-
ity, indicating poor recall of positive cases. The RF model
provided the most favorable trade-off between sensitiv-
ity and specificity and outperformed other models across
all major metrics (Fig. 3). Its strong discrimination and
robustness suggest practical value for identifying patients
at high risk of vulnerable plaque using routine blood
test data. Although the RF model showed robust perfor-
mance, sensitivity remained modest (64.2%), indicating
that some vulnerable plaques may still go undetected.

SHAP-based model interpretation and key feature analysis
To enhance the interpretability of the best-performing
Random Forest model, SHAP analysis was conducted to
quantify the relative contribution of each predictor to the
model’s output. The mean absolute SHAP values iden-
tified the top 20 most influential features (Fig. 4). Gen-
der (0.048), Age (0.048), Fb (0.043), NLR (0.025), and Cr
(0.024) emerged as the most impactful variables. Nota-
bly, several derived indices—including the TyG index,
UHR, SIRI, AIP, and PLR—also ranked prominently,
underscoring the added prognostic value of integrated
inflammatory and metabolic markers in the prediction of
vulnerable carotid plaques. The interpretability provided
by SHAP is limited to model-specific behavior and does
not infer causal relationships. SHAP values depend on
the underlying data distribution and model structure.
The SHAP beeswarm plot (Fig. 5A) illustrates the
magnitude and direction of feature contributions across
individual predictions. The increase in Age and the ele-
vated levels of Fb, FBG, and Cr were consistently asso-
ciated with higher SHAP values, suggesting an increased
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Top 20 SHAP Feature Importances (Mean Values)
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Fig. 4 Global feature importance based on SHAP values in the Random Forest model. Bar plot showing the top 20 most important features ranked by
mean absolute SHAP values derived from the Random Forest model. Fasting blood glucose (FBG), glycosylated hemoglobin Alc (HbA1c), creatinine (Cr),
uric acid (UA), uric acid to HDL ratio (UHR), triglyceride-glucose index (TyG), atherogenic index of plasma (AIP), total cholesterol (TC), low-density lipopro-
tein (LDL), fibrinogen (Fb), lymphocyte count (LYM), red blood cell count (RB), monocyte count (MO), systemic immune-inflammation index (SlI), systemic
inflammation response index (SIR), platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR)
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Fig. 5 SHAP-based model interpretation visualizations for the Random Forest classifier. A SHAP summary plot showing the distribution of SHAP values
for the top 20 features ranked by mean absolute importance. Each dot represents an individual observation in the test set, with color indicating the
original feature value (red = high, blue =low). The x-axis reflects the SHAP value, representing the feature’s impact on model output. B SHAP decision plot
illustrating the cumulative contribution of features to the model's predicted probability for each patient. Lines represent individual patients, with colors
denoting the model output (left =low risk, right=high risk). The visualization highlights how different combinations of feature values lead to diverse pre-
dictions across individuals. Fasting blood glucose (FBG), glycosylated hemoglobin Alc (HbA1c), creatinine (Cr), uric acid (UA), uric acid to HDL ratio (UHR
), triglyceride-glucose index (TyG), atherogenic index of plasma (AIP), total cholesterol (TC), low-density lipoprotein (LDL), fibrinogen (Fb), lymphocyte
count (LYM), red blood cell count (RB), monocyte count (MO), systemic immune-inflammation index (Sl), systemic inflammation response index (SIRI),
platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR)
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predictive probability for vulnerable carotid plaques.
Conversely, higher lymphocyte and RB counts were asso-
ciated with negative SHAP values, suggesting a potential
protective effect. Notably, gender emerged as a domi-
nant contributor, with consistently high SHAP values
across the population. SHAP decision plots (Fig. 5B)
further revealed consistent feature contribution trajecto-
ries across patients, with age, gender, and inflammation-
related markers—particularly NLR and SIRI—frequently
occupying leading roles in the risk prediction pathway.
These findings underscore the pivotal role of gender in
modulating biomarker influence and reinforce the clini-
cal relevance of explainable machine learning for individ-
ualized vascular risk stratification.

To investigate the marginal contribution patterns of
top-ranking continuous biomarkers, SHAP dependence
plots were generated using test-set-derived SHAP val-
ues (Fig. 6A—0). These plots revealed prominent non-
linear associations between feature values and predicted
risk of vulnerable carotid plaque, with identifiable risk
thresholds for several key biomarkers. Notably, Age,
TyG, FBG, HbAlc, UHR, and SII demonstrated par-
ticularly pronounced non-linear patterns. For instance,
Age showed a SHAP =0 threshold at 64.93 years, with
the steepest gradient occurring between 66.0 and 70.0
years, indicating a sharp increase in predicted risk in late
midlife. LDL displayed two SHAP=0 crossings (69.11
and 133.90 mg/dL) and three inflection points (137.67,
144.24, and 228.54 mg/dL), suggesting a U-shaped rela-
tionship with vulnerability risk. Metabolic markers
such as TyG exhibited three SHAP =0 transitions (8.24,
8.56, 8.94), with peak local effects concentrated around
9.07-9.19. FBG showed inflections at 108.72, 135.36, and
188.46 mg/dL, with a SHAP =0 point at 104.61 mg/dL,
aligning closely with clinical glycemic thresholds. Simi-
larly, HbA1c switched from protective to harmful around
6.36%. Glyco-inflammatory indices also showed distinct
localized contributions. SIRI presented strong effects
across inflection points between 0.589 and 0.685, with
peak SHAP gradients>0.12. AIP exhibited sharp inflec-
tions at —0.33, - 0.16, and -0.11, with maximal slope at
-0.16, suggesting early risk elevation even in border-
line ranges. Among inflammatory markers, PLR showed
steep changes across 71.1, 73.6, and 144.97, flanked by
SHAP =0 crossings at 57.6 and 131.8. SII, despite hav-
ing lower overall SHAP magnitude, showed narrow but
consistent risk transitions between 367.9 and 392.9. UHR
inflected between 9.29 and 10.40. Renal and oxidative
stress markers also demonstrated complex, threshold-
based behavior. Urea displayed inflections at 4.61, 6.57,
and 7.82 mmol/L; Creatinine at 53.3, 87.1, and 100.0
umol/L; and Uric acid around 5.04-5.08 mg/dL. These
values correspond to key transitions where predic-
tive contributions of these markers increased sharply.
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Collectively, these results confirm that many routine
blood biomarkers influence plaque vulnerability in a non-
linear and threshold-dependent manner. The top three
SHAP =0 and inflection points for each feature are sum-
marized in Supplementary Table S4.

Sex-specific risk interpretation and biomarker dynamics
Sex-specific correlation structures among key predictors

To further explore sex-related differences in biomarker
interdependencies, Spearman correlation analysis was
performed separately in male and female participants
using high SHAP-ranked predictors (Fig. 7 ). A total of
118 significant pairwise correlations were identified in
males, compared to 107 in females. Among these, 90
correlation pairs were shared between genders, while 28
and 17 pairs were unique to males and females, respec-
tively, highlighting both convergences and divergences
in underlying biological networks. In both genders,
strong positive correlations were commonly observed
between metabolic and inflammatory markers, includ-
ing TyG-UHR, NLR-SII, and MO-Urea. However,
notable sex-specific patterns were also present. In males,
unique correlations included SII-Age, Cr—NLR, RB-Fb,
RB-UHR, and Cr-HbAlc, suggesting tight coupling
between inflammation, renal function, and hematological
status. In contrast, female-specific correlations such as
HbA1c-SIRL, MO-Cr, Age-HbAlc, MO-TC, and LDL-
Cr implied stronger links between glycemic, lipid, and
immune-metabolic pathways. These sex-specific struc-
tures indicate that the pathophysiological interactions
among key biomarkers differ between males and females,
which may contribute to the observed heterogeneity in
SHARP values and plaque vulnerability risk patterns.

Sex differences in SHAP-based feature contributions

To investigate sex-related differences in feature contri-
butions, SHAP values were compared between male and
female participants for the top-ranked predictors, exclud-
ing gender itself. Figure 8 presents scatter plots of SHAP
distributions for features with statistically significant dif-
ferences between sexes (P<0.05, Mann—Whitney U test).
Cr, FBG, UHR, TyG index, SIRI, and HbAlc displayed
significantly higher SHAP values in males. Age, LYM
count, and RB count showed significantly higher SHAP
values in females. Other high-ranking features, including
NLR and Fb, did not show significant sex differences in
SHAP distributions (P>0.05), and were not included in
the figure.

To explore whether the contribution patterns of key
features differed by gender, SHAP dependence plots were
generated and color-coded accordingly (Fig. 9). A total of
26 features demonstrated measurable inflection behav-
ior in males, and 24 in females. While several features
showed overlapping SHAP =0 ranges between genders,



E et al. Cardiovascular Diabetology (2025) 24:326

0.05 8. 0.075
80
0.050
0.00 75
é = E 0.025
g @03 5 0.000
52 s® 52
% % -0.025
é -0.10 60 %
g 55 ~0.050
-015
50 -0.075
-020 a5 -0.100
30 40 50 60 70 80 90 1 2 3

Page 11 of 21

45
0.04 5
40
.
e 5 oo
35 © 4
]
2a «
2
2 %2 o000 2
3.0 g )
£ 3
o
3% -0.02
2
20 -0.04
2 & 7 8 0 10 30

100
0.100{ 908
00751 0
¥ ¢ . o004
5 . £
. 0050 P oo 8 . 80 s
s 20
2G5 o025 . SE o0
o 7 g
Z <
I o000 z
60 0.00
-0.0251
50 .
-0.050{ —
0 200 400 600 800 1000 1200 1400 S0 100 150
Cr
950
0.06 0.02 %
Al 925 ¥,
= 0.04 - = o0 LA
& ! 9.00 2 =4
v v P}
] $_ o000
20 0, 2
52 t'-." 8752 T 2
E4 z & -oo1
I o000 4o 850 S
& AeY; &
;a3
iy -0.02
e R 825
5 8.00 0.03{ §
-0.04
75 80 85 90 95 100 105 0 s
G
T e ) K
&y 0.4
0.02 ! e AW, oy
e 3 03
0.01 a 0.03
.
- ¥ 02 5
€ o000 G 5 0.02
El - o1 34
$3-oo .. z 23 om
o R 0.0 e T
£ 002 H 3
& i —01 G 000
003 .
' -02 0.01
-0.04 .
=03 -0.02
-0.05 §
-0.50-0.25 0.00 025 050 075 1.00 P
AP
M 0.025 N .
00204 « Yo 1200 0.03 s
0.015 .
_ 1000 =
5
€ o010 e o0
8 g
]
3= . 800 = BA
SH 0005 a 2%9
o 2™ o0l
%
I oo 600 %
-0.005
] e 0.00
-0010{ %
.
—0.0154_ " 200 -0.011
[ 2000 4000 6000 8000 S0 100

sl

160 F F 22
0.031 T .
150 ( e 20
0.02 e ot
140 7 sl T8 18
5 0019 ! .
s
130 =
F 16
© 2z 000
1208 ©I K 1L
e >3 - =l
110 % -oo01{ .
T B 12
2 o02| ¥
100 o
' 10
%0 -0031 &
A 8
80 -0041 ¢
200 250 300 10 20 30 40 50
UHR
35 1 26
0.02
30 24
0.01 22
25 &
£ 2.0
5. o000
208 &S 18E
® >3 =1
2 16
-0.01
15 z
14
10 -0.02 o o 12
10
05 665 5 5
25 30 35 05 10 15 20 25 30 35
LYm
u
95 0.015
50 0.010 10
85 0.005 =
&
80, o 0.000 8
4 20 o
758 S g
S8 5>5-000s 75
<
7.0 I -oow0{ 6
65
-0.015 A
o9 -0.020
4
55 )
2 14 0 10 20 30 40
Urea
o) 250
140 0015 . &
. . 225
00104
120 " 200
2
g 0005 55
L1008 B3 ]
2% 0000 1508
<
I
80 “ -0.0057 125
~0.010 100
60
-0015{ . s
200 250 300 0 100 200 300 400 500 600 700
PLR

Fig. 6 A-O SHAP dependence plots of top-ranked continuous features in the overall cohort. Each panel depicts the relationship between raw feature
values (x-axis) and their corresponding SHAP values (y-axis), reflecting the marginal contribution of each variable to the predicted probability of vulner-
able carotid plaque. Color gradients indicate the relative magnitude of feature values across observations. Fasting blood glucose (FBG), glycosylated
hemoglobin ATc (HbAT1c), creatinine (Cr), uric acid to HDL ratio (UHR ), triglyceride-glucose index (TyG), atherogenic index of plasma (AIP), low-density
lipoprotein (LDL), fibrinogen (Fb), lymphocyte count (LYM), systemic immune-inflammation index (SlI), systemic inflammation response index (SIRI),

platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR)

substantial differences were observed in the number
of inflection points, their locations, and the magnitude
of SHAP gradient peaks. Age showed SHAP=0 at 63.0
years in males and 66.0 in females. Top SHAP gradients

were identified at 66.0 and 70.0 years in males, and 59.0,
64.0, and 68.0 years in females. LDL had two SHAP=0
points in both genders (males: 70.38, 136.12 mg/dL;
females: 67.29, 129.93 mg/dL). Females showed top
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B Spearman Correlation Heatmap (Male)

Fig. 7 Sex-specific correlation heatmaps of top predictive features. A Spearman correlation heatmap of in female participants. B Spearman correlation
heatmap in male participants. Fasting blood glucose (FBG), glycosylated hemoglobin ATc (HbA1c), creatinine (Cr), uric acid (UA), uric acid to HDL ratio
(UHR), triglyceride-glucose index (TyG), atherogenic index of plasma (AIP), total cholesterol (TC), low-density lipoprotein (LDL), fibrinogen (Fb), lympho-
cyte count (LYM), red blood cell count (RB), monocyte count (MO), systemic immune-inflammation index (Sll), systemic inflammation response index

(SIRI), platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR)

derivative values at 100.16, 93.97, and 62.26 mg/dL;
males at 85.85, 90.49, and 71.54 mg/dL. TyG exhibited
three SHAP =0 points in males (8.19, 8.73, 8.87) and one
in females (8.96). Both genders had similar top gradi-
ent zones between 7.88 and 9.00. FBG had SHAP=0 at
approximately 104.22 mg/dL in males and 104.58 mg/dL
in females. The sharpest transitions occurred at 88.38-
99.0 mg/dL in males and 84.78-101.16 mg/dL in females.
HbAlc crossed SHAP=0 at 6.3% in both genders. Gra-
dient peaks were observed at 6.1 and 6.3 in males, and
5.3-6.1 in females. SII presented a single SHAP =0 point
in males (528.05) and two in females (163.93, 589.33).
The maximum SHAP slope reached 8033.27 in females
versus 3359.88 in males. PLR showed two SHAP =0 val-
ues in both genders. Peak derivative values in females
reached 684.85, compared to 494.83 in males. Several
other features (e.g., Urea, UHR, Cr, ALT, NE, NLR, AIP,
TC) exhibited similar trends, with differences primarily
in the number of inflection points and the value intervals
where slope peaks occurred. The SHAP =0 points and
Top SHAP gradients for each feature are summarized in
Supplementary Table S5.

RCS modeling reveals sex-related risk inflection patterns

To further explore sex-related non-linear risk patterns,
RCS models were constructed for the high SHAP-ranked
biomarkers, stratified by gender. Each variable was
plotted against the predicted probability of vulnerable
plaque, and group-wise comparisons were conducted
across clinically relevant intervals (Fig. 10). Significant
differences in risk trajectories were identified across sev-
eral markers. For Age (Fig. 10A), predicted risk increased
steadily with age in both sexes, but men exhibited sig-
nificantly higher probabilities between 57.8 and 78.9

years (P=0.008), suggesting earlier and steeper risk
escalation. Fb (Fig. 10B) demonstrated a sharper rise in
females across the 4.48—6.51 g/L range (P=0.029), while
no significant differences were observed in other inter-
vals. NLR (Fig. 10C) showed a strong sex effect in the
lowest quartile (1.42-2.78), where females had mark-
edly higher predicted risk than males (P<0.001). For Cr
(Fig. 10D), males had significantly higher predicted prob-
abilities in the 57.5-93.6 umol/L range (P<0.001), align-
ing with early renal dysfunction profiles. FBG (Fig. 10E)
and UHR (Fig. 10F) showed sex-specific differences
in the highest tertile (FBG: 214.7—inf, P=0.009; UHR:
39.0-inf, P=0.011), indicating more prominent glyce-
mic and stress-related effects in females. TyG (Fig. 10G)
and SIRI (Fig. 10H) curves also diverged in upper
ranges (TyG>10.4, P=0.003), highlighting heightened
metabolic-inflammation coupling in females. For AIP
(Fig. 10I), males showed greater risk in the 0.1-0.8 inter-
val (P<0.001), while females had higher predicted risk
for Urea between 5.67 and 31.84 mmol/L (P=0.004) and
for LDL between 98.46 and 170.34 mg/dL (P=0.009). Sex
differences were also found in MO and RB trajectories,
where males had higher risk at lower MO levels (0.41-
0.77, P=0.012) and females had increased risk at mid-
range RB values (3.66—4.36, P<0.001).

Discussion

This study represents, to the best of our knowledge, the
first and largest effort to apply multiple machine learn-
ing algorithms to routine clinical blood indicators and
derived indices for predicting carotid plaque vulnerabil-
ity, with a novel focus on sex-related heterogeneity. The
Random Forest model achieved robust discrimination
and was successfully interpreted using SHAP analysis,
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Fig. 8 A-L Sex-specific SHAP value distributions of key predictors. Scatter plots compare SHAP values between female and male participants. Only
features with statistically significant sex-based differences (P<0.05, Mann-Whitney U test) were included. Fasting blood glucose (FBG), glycosylated
hemoglobin ATc (HbAT1c), creatinine (Cr), uric acid (UA), uric acid to HDL ratio (UHR), triglyceride-glucose index (TyG), atherogenic index of plasma (AIP),
total cholesterol (TC), low-density lipoprotein (LDL), fibrinogen (Fb), lymphocyte count (LYM), red blood cell count (RB), monocyte count (MO), systemic
immune-inflammation index (SlI), systemic inflammation response index (SIR), platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR)

which revealed both global feature importance and indi-
vidual-level effect directions. Notably, gender emerged as
the top predictor, prompting a series of stratified analy-
ses that uncovered significant heterogeneity in biomarker
contributions, correlation structures, and risk trajectories
between male and female patients. These findings sup-
port the clinical relevance of gender-aware risk modeling
and provide mechanistic insight into gender-linked vul-
nerability in carotid atherosclerosis.

The application of ML in this study provided a power-
ful, interpretable framework for identifying individuals at
risk for carotid plaque vulnerability using routinely avail-
able blood test indicators. Among five candidate algo-
rithms, the Random Forest model demonstrated the best

discriminative ability, achieving an AUC of 0.847 (95%
CI0.791-0.895) with high specificity (89.41%) in the test
cohort, outperforming both logistic regression and SVM-
based classifiers. Importantly, the model’s interpretability
was enhanced through SHAP analysis, which quantified
the marginal contribution of each feature to prediction
outcomes (Fig. 5). As shown, Gender, Age, Fb, NLR, and
Cr ranked among the top predictors, highlighting the
relevance of inflammation, coagulation, and renal mark-
ers in plaque destabilization. Notably, gender ranked as
the top predictor, reinforcing the profound influence of
sex-specific biology on atherosclerotic disease processes.
This finding is consistent with prior research indicating
that hormonal status, immune cell function, and vascular
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Fig. 9 A-O SHAP dependence plots of the top 15 features, stratified by gender. Each subplot illustrates the relationship between the raw feature value
(x-axis) and the corresponding SHAP value (y-axis), reflecting the marginal contribution of the feature to the model's predicted probability of vulnerable
carotid plaque. Data points are color-coded by gender (red=male, blue =female), allowing visualization of sex-specific effect patterns. Fasting blood
glucose (FBG), glycosylated hemoglobin A1c (HbA1c), creatinine (Cr), uric acid to HDL ratio (UHR ), triglyceride-glucose index (TyG), atherogenic index of
plasma (AIP), low-density lipoprotein (LDL), fibrinogen (Fb), lymphocyte count (LYM), systemic immune-inflammation index (Sl1), systemic inflammation
response index (SIR), platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR)

responses differ markedly between males and females,
potentially shaping divergent plaque phenotypes and
vulnerability patterns [28, 31]. Age and Fb also emerged
as leading predictors. The strong contribution of age

reflects the cumulative effects of vascular aging, endo-
thelial dysfunction, and chronic inflammation [32-34].
Fb, a key coagulation factor and acute-phase reactant,
may indicate underlying plaque instability via promotion
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Fig. 10 A-O Sex-stratified RCS modeling of predicted probabilities across biomarker value intervals. RCS curves (upper panels) visualize the predicted
probability of vulnerable plaque stratified by gender, with shaded areas representing 95% confidence intervals. Bar plots (lower panels) compare average
predicted probabilities between male and female patients across binned biomarker intervals. Only biomarkers or features with at least one significant
gender-based difference are included. P-values are derived from independent two-sample t-tests; asterisks denote significance levels (*P <0.05, **P < 0.01,
***P<0.001, ns=not significant). Fasting blood glucose (FBG), creatinine (Cr), uric acid (UA), uric acid to HDL ratio (UHR ), triglyceride-glucose index (TyG),
atherogenic index of plasma (AIP), total cholesterol (TC), low-density lipoprotein (LDL), fibrinogen (Fb), red blood cell count (RB), monocyte count (MO),
systemic inflammation response index (SIRI), neutrophil-to-lymphocyte ratio (NLR)
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of thrombus formation and inflammatory cascades [35—
37]. Inflammatory markers, including NLR, SIRI, and
SII, were ranked highly, underscoring the central role
of systemic inflammation in plaque destabilization [38,
39]. These indices, which reflect neutrophil predomi-
nance and lymphocyte suppression, may be indicative
of innate immune activation and impaired resolution of
inflammation, both of which are implicated in necrotic
core expansion and fibrous cap thinning [40—43]. Renal
function markers, such as Cr and urea, also demon-
strated substantial contributions. This may suggest a link
between microvascular injury, uremic toxins, and accel-
erated atherosclerosis. Additionally, metabolic indicators
such as FBG, TyG, and AIP contributed notably to the
model, supporting the hypothesis that insulin resistance
and lipid dysregulation fuel pro-inflammatory vascular
remodeling [44]. Importantly, several features with rela-
tively modest traditional significance (e.g., PLR, UA, TC)
still showed meaningful SHAP values, implying that ML
models can uncover subtle yet relevant patterns that may
escape conventional statistical thresholds. Together, this
ranking provides mechanistic insight into the multifac-
eted interplay between inflammation, metabolism, and
vascular health, while also emphasizing the central, and
often underappreciated, role of gender in modulating
these effects.

In addition to the predictive contributions of individ-
ual biomarkers, our correlation analysis revealed distinct
patterns of inter-marker connectivity across plaque phe-
notypes and between sexes, suggesting that plaque vul-
nerability may arise not only from the elevation of single
indicators but also from the disruption and reorganiza-
tion of biological networks. In the overall population, a
dense and significant correlation structure was observed
among inflammatory, metabolic, and hematological
markers, reflecting a tightly coupled systemic profile
under general physiological conditions. However, upon
stratification by plaque subtype, the network architec-
tures diverged. In the vulnerable plaque group, markers
such as TyG, UHR, SIRI, FBG, and Cr exhibited stron-
ger pairwise correlations (e.g., TyG-UHR, SIRI-FBG,
Cr-SII; see Fig. 2), suggesting coordinated activation of
pro-atherogenic, pro-inflammatory, and metabolic stress
pathways. This integrated network may reflect a more
unstable vascular milieu, in which systemic metabolic
and immune dysregulation drive plaque destabiliza-
tion. In contrast, the stable plaque group demonstrated
weaker, more fragmented correlations, possibly indica-
tive of more localized or compartmentalized biological
regulation, consistent with a less activated pathophysi-
ologic state. Beyond plaque phenotype, sex-stratified
analyses further revealed divergent correlation topolo-
gies. In males, inflammatory and metabolic indices (e.g.,
SII-Age, Cr—NLR, RB-Fb, Cr-HbA1c) were more tightly
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linked, pointing toward a cohesive inflammatory—renal—
hematologic axis. In females, a distinct pattern emerged,
with stronger coupling between markers of glycemic con-
trol, lipid metabolism, renal function, and immunity (e.g.,
HbA1c-SIRI, MO-Cr, Age-HbA1lc, MO-TC, LDL-Cr).
These sex-specific correlation structures likely reflect
differences in immune-metabolic regulation, hormonal
milieu, and vascular remodeling processes. Mechanisti-
cally, these sex-specific correlation patterns may reflect
fundamental biological differences in atherosclerotic
disease evolution. Men are more likely to develop symp-
tomatic carotid atherosclerosis earlier in life, often char-
acterized by lipid-rich necrotic cores and intraplaque
hemorrhage, which are closely associated with plaque
rupture and thromboembolic events [8]. In contrast,
women—particularly in the postmenopausal stage—
exhibit a shift toward plaque erosion rather than rupture,
potentially linked to changes in endothelial integrity,
immune cell activation, and the loss of estrogen’s vascular
protective effects [45]. These gender-related differences
in plaque morphology and remodeling have been con-
firmed in histological and imaging studies [8, 28, 46, 47].
SHAP analysis identified non-linear, threshold-depen-
dent effects for several key features, including Age, TyG,
FBG, and HbAlc. These variables exhibited SHAP=0
crossings at biologically relevant points, indicating shifts
from protective to harmful contributions. First-order
SHAP derivatives further revealed sharp gradient peaks
in specific value ranges, reflecting rapid increases in pre-
dicted plaque vulnerability. For example, age showed its
steepest SHAP increase between 66 and 70 years, high-
lighting this range as a critical window of accelerated vas-
cular vulnerability. LDL also showed non-linear behavior,
with SHAP =0 crossings around 69 and 134 mg/dL, and
gradient peaks near 144 mg/dL. These patterns sug-
gest that risk contribution increases primarily at higher
LDL levels, consistent with lipid-driven plaque progres-
sion [9]. Likewise, TyG, FBG, and HbA1c presented pro-
nounced gradient peaks near 9.1, 135 mg/dL, and 6.3%,
respectively—values aligned with subclinical metabolic
stress and glycemic thresholds. Notably, inflammatory
indices such as SIRI, SII, and PLR showed steep SHAP
derivatives despite relatively low mean SHAP values,
suggesting that even mild elevations may mark early sys-
temic inflammatory activation. For instance, SIRI reached
a gradient peak above 0.13 within the 0.6—0.7 range, and
SII displayed sharp risk transitions between 360 and 390.
These localized patterns imply that certain biomarkers
act as early “tipping points” in the pathogenesis of plaque
destabilization. Coagulation and renal markers such as
Fb and Cr also exhibited non-linear contributions. Fb
showed inflection points between 2.5 and 3.3 g/L, con-
sistent with early prothrombotic states, while Cr pre-
sented steeper SHAP gradients in the 85-100pmol/L
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range, corresponding to subclinical renal impairment.
In addition, characteristics such as age and HbAlc were
previously classified as linear based on comparable AUCs
between logistic regression and XGBoost models, SHAP
dependence plots revealed localized non-linear contribu-
tions. This apparent discrepancy reflects the difference
in analytic focus: AUC-based comparisons assess global
predictive performance, while SHAP captures local mar-
ginal effects across the feature range. Thus, a feature may
exhibit linear behavior at the model level but still demon-
strate threshold-like patterns or inflection points at spe-
cific value intervals. These insights highlight the value of
combining global and local interpretability methods for
a more comprehensive understanding of feature impact.
Integration of routine clinical blood tests and derived
indicators—such as TyG, AIP, NLR, SIRI, and UHR—sub-
stantially enhanced model performance [48—53]. These
indices represent converging axes of metabolic dysregula-
tion, immune activation, and endothelial stress, which are
now recognized as core drivers of atherosclerotic plaque
instability [54-56]. Importantly, our findings extend
prior work by demonstrating that the contributions of
these biomarkers vary significantly between genders. Our
SHAP-based analysis revealed notable sex-specific dif-
ferences in both the timing and dynamics of biomarker
contributions to carotid plaque vulnerability. Age consis-
tently emerged as a key contributor, but with distinct pat-
terns between genders. In males, the SHAP value became
positive at 63 years, with concentrated risk acceleration
at 66—70 years. In females, although the SHAP inflection
occurred later (66 years), the sharpest changes in risk
contribution were spread across a broader range (59-68
years). These patterns may reflect differences in vascular
aging trajectories, with men experiencing earlier endo-
thelial dysfunction and cumulative damage, while women
transition into risk more gradually—potentially mediated
by perimenopausal hormonal changes and the loss of
estrogen’s vascular protective effects. Lipid and metabolic
markers such as LDL and TyG showed threshold-based
risk increases in both sexes but with different profiles.
Females exhibited steeper SHAP gradients at higher LDL
values, while males had more distributed transitions.
TyG showed multiple inflection points and SHAP peaks
in males, reflecting prolonged metabolic stress, whereas
females showed sharper risk shifts in a narrower range,
aligning with hormonally modulated metabolic sensitiv-
ity. Glycemic markers (FBG, HbAlc) also revealed sex-
specific behavior. Males showed SHAP risk transitions
at lower glucose values, while females displayed sharper
gradient peaks even near or below conventional diag-
nostic cutoffs (e.g., HbAlc 5.3-6.1%), consistent with
heightened vascular reactivity to glycemic disturbance.
Inflammatory indices, particularly SII and PLR, showed
substantially higher SHAP derivatives in females (e.g., SII
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up to 8033.27), indicating a more abrupt transition into
risk. These results may reflect sex differences in immune
regulation, endothelial activation, and inflammatory
amplification, particularly after menopause. In addition,
the SHAP scatter plots in Fig. 8 further confirmed that
males consistently exhibited significantly higher SHAP
values for several high-ranking features—including Cr,
FBG, UHR, TyG, and SIRI—indicating stronger mar-
ginal contributions of renal, glycemic, and inflamma-
tory stress to predicted risk in men. Meanwhile, females
showed comparable or even elevated SHAP distribu-
tions for features such as HbAlc, LYM, and TC, sug-
gesting distinct immune-metabolic sensitivity patterns.
Overall, males tended to exhibit earlier but smoother
risk transitions, while females displayed later but more
abrupt shifts across multiple biological domains. These
differences may reflect sex-specific responses to systemic
inflammation, hormonal regulation, and vascular stress,
echoing observations from prior cardiovascular cohorts
[57-59]. Such divergence further reinforces the rationale
for incorporating gender into model interpretation and
clinical decision-making.

Our RCS modeling revealed pronounced sex-specific
differences in the non-linear risk trajectories of multiple
hematological and metabolic markers associated with
carotid plaque vulnerability. These differences extended
beyond simple threshold shifts, reflecting divergent
biological inflection patterns and magnitudes across
biomarker distributions. For instance, males exhibited
steeper risk elevations in age intervals beyond 57 years,
suggesting accelerated vascular aging and earlier endo-
thelial dysfunction. This aligns with prior findings that
men tend to develop clinically relevant carotid lesions
earlier in life, often with a rupture-prone phenotype.
In contrast, females showed more gradual age-associ-
ated risk escalation, potentially influenced by hormonal
transitions such as menopause and the loss of estro-
gen’s vascular protective effects. Notably, glycemic and
glyco-inflammatory markers—including FBG, HbAlc,
TyG, and UHR—demonstrated higher risk contribu-
tions in females at elevated levels. These findings suggest
increased metabolic sensitivity and inflammatory reac-
tivity among women, particularly under stress or insulin-
resistant states. This is supported by mechanistic studies
showing enhanced endothelial dysfunction and immune
activation in postmenopausal females, even at subclini-
cal glucose elevations [60, 61]. Conversely, males dis-
played sharper inflection points for markers such as Cr,
Fb, and MO, indicating stronger associations between
renal function, coagulation, and hematologic status with
plaque risk in men. These sex-specific patterns may
reflect differential immune-metabolic setpoints and sys-
temic compensation mechanisms across the sexes. The
observed divergence in RCS curves also highlights the
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limitations of applying uniform biomarker thresholds
across genders. For example, at similar LDL levels, pre-
dicted risk diverged between sexes, with males show-
ing higher probabilities in low LDL ranges, suggesting
distinct lipid handling and vascular response profiles.
The observed gender differences in biomarker impor-
tance and inflection points are biologically plausible and
increasingly supported by research evidence. A recent
single-cell RNA sequencing study identified substantial
gender-based heterogeneity in the subcellular compo-
sition and gene-regulatory activity of carotid plaques.
In females, smooth muscle cells (SMCs) showed a shift
toward osteogenic phenotypes, while macrophage sub-
clusters were enriched f or immune presentation and
TREM1-high inflammatory signatures. In contrast, male
plaques were dominated by chondrocytic SMCs, angio-
genic endothelial cells, and T cell cytotoxicity pathways
[28]. These gender-divergent subcellular landscapes mir-
ror our findings of differing inflammatory-metabolic cor-
relations and SHAP-derived risk curves, supporting the
biological basis for sex-specific modeling approaches.
By capturing nuanced, gender-stratified, non-linear bio-
marker-risk relationships, our model provides a more
biologically aligned framework for individualized stroke
prevention strategies.

Despite its strengths, several limitations should be
acknowledged. First, this was a single-center retrospec-
tive study, which may limit external generalizability.
Second, reliance on ultrasound for plaque classification
introduces potential variability compared to histological
or MRI-based assessment. Third, the absence of critical
confounders such as smoking status, physical activity,
and medication use restricts comprehensive risk adjust-
ment. Fourth, while SHAP and RCS analyses enhance
model transparency, they are inherently associative and
do not establish causal links. Finally, external validation
in larger, multicenter cohorts is essential to confirm the
robustness and utility of the proposed model.

In summary, this study demonstrates that integrat-
ing routine clinical blood biomarkers with interpretable
machine learning models enables accurate prediction of
vulnerable carotid plaques. Notably, sex-specific differ-
ences emerged as a central theme, with divergent bio-
marker contributions, inflection points, and correlation
structures observed between men and women. The com-
bination of SHAP and RCS analyses revealed critical non-
linear feature effects and identified threshold-based risk
transitions, offering practical tools for early risk stratifi-
cation. By acknowledging and leveraging sex-based het-
erogeneity, this approach advances the development of
individualized, precision-targeted strategies for stroke
prevention, particularly in asymptomatic or subclinical
populations.
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SHAP SHapley Additive exPlanations

RCS Restricted cubic spline

ROC Receiver operator characteristic curve
AUC Area under the ROC curve
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LR Logistic regression
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TG Triglyceride-glucose index

AIP Atherogenic index of plasma

NLR Neutrophil-to-lymphocyte ratio

SIRI Systemic inflammation response index
UHR Uric acid to high-density lipoprotein ratio
CTA Computed tomography angiography
MRI Magnetic resonance imaging

PLR Platelet-to-lymphocyte ratio

SI Systemic immune-inflammation index
SHR Stress hyperglycemia ratio

MLR Monocyte-to-lymphocyte ratio

AlSI Aggregate index of systemic inflammation
HbATc Glycosylated hemoglobin Alc

FBG Fasting blood glucose

TG Triglycerides

TC Total cholesterol

LDL Low-density lipoprotein

HDL High-density lipoprotein

VLDL Very-low-density lipoprotein
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