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Background: Postmenopausal women are at elevated risk for carotid atherosclerosis due to estrogen 
decline, yet existing prediction models do not incorporate genetic markers. This study aimed to develop 
and validate a risk prediction model combining clinical variables and estrogen receptor 1 rs9340799 
genotype for postmenopausal Han women in northern China using logistic regression and machine 
learning approaches.
Methods: A total of 276 postmenopausal Han women in northern China were recruited from 1 December 2024 to 30 April 2025. 
They were divided into a case group (n = 162) and a control group (n = 114) based on the presence of carotid atherosclerosis (CAS). 
ESR1 rs9340799, a polymorphism in the estrogen receptor alpha gene, was selected for genotyping (MAF > 0.05 in Chinese 
population) using high–resolution melting PCR. Univariate and multivariable logistic regression identified risk factors, and 
a nomogram was constructed based on age, systolic blood pressure (SBP), glucose (GLU), and rs9340799 genotype. Six machine 
learning algorithms were compared; logistic regression was selected given its ease of interpretation and resistance to overfitting. The 
model was externally validated in 47 subjects in the same institution from 1 May 2025 to 30 June 2025.
Results: In the case group, age, menopause duration, SBP, and GLU were significantly higher than in controls (all P < 0.01), and 
rs9340799 GG genotype showed a protective effect in univariate analysis (P = 0.045). Age, SBP, GLU, and rs9340799 were selected 
as predictors after excluding menopause duration due to collinearity with age. Among six ML algorithms, logistic regression 
achieved the highest AUC (0.709, 95% CI: 0.596–0.821) with acceptable calibration (Brier score = 0.227, HL P = 0.263) and the 
broadest DCA threshold range (0.30–0.75), and was selected as the final model. SHapley Additive exPlanations (SHAP) analysis 
identified age as the most influential predictor. External validation in 47 subjects yielded an AUC of 0.65 (95% CI: 0.48–0.82), 
sensitivity of 0.82, and specificity of 0.55; the wide CI crossing 0.50 reflects the limited sample size, and further validation is 
warranted.
Conclusion: This study developed a logistic regression model that included age, systolic blood pressure, GLU and ESR1 rs9340799 
genotypes. The model demonstrated moderate discrimination in predicting the risk of carotid atherosclerosis in postmenopausal Han 
women in northern China. This model should be considered preliminary and needs further validation in larger, independent, multi
center cohorts for identifying high-risk populations for early intervention.
Keywords: carotid artery atherosclerosis, CAS, postmenopausal, high–resolution melting PCR, HRM–PCR, rs9340799, machine 
learning, ML
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Background
Atherosclerosis (AS) is an inflammatory disease characterized by the accumulation of lipids and leukocytes in the arterial 
wall, which harms human health.1 This process is accelerated in postmenopausal women following estrogen decline.2 

Carotid atherosclerosis can reduce cerebral blood flow and increase the risk of ischemic stroke.3–5 Once the disease 
progresses to carotid stenosis requiring surgical intervention, periprocedural risks also increase.6 Therefore, early risk 
stratification is necessary to intervene in a timely manner before plaque formation and reduce the risk of stroke.7

Postmenopausal women are at elevated risk due to estrogen deficiency and associated metabolic changes, including 
dyslipidemia, impaired glucose metabolism, and elevated blood pressure.8 The prevalence of carotid atherosclerosis is 
significantly higher, even after adjusting for age.9,10 Furthermore, the Han population in northern China faces additional 
risks from distinct dietary patterns (higher sodium, lower vegetable intake) and increased exposure to cold, which can 
increase the risk of cardiovascular and cerebrovascular diseases.11,12 Therefore, we chose postmenopausal Han Chinese 
women in northern China as our research subjects.

Research has shown that the diagnostic and predictive power of common clinical single indicators is limited, low- 
density lipoprotein cholesterol (LDL-C) may lack independent predictive value for carotid plaques when adjusted for 
composite lipid ratios,13 and total cholesterol/high-density lipoprotein ratio (TC/HDL) showed no significant independent 
association with carotid plaque presence when used alone in postmenopausal women.14 Combining clinical indicators 
can improve predictive performance, and machine learning (ML) facilitates this by analyzing data, screening biomarkers, 
and constructing multi-indicator models to assist clinical decision-making.15,16 Recently, ML algorithms have been 
applied to carotid plaque prediction in general populations, achieving AUCs of 0.80–0.85,17,18 however, these models 
were developed in mixed populations including both sexes and wide age ranges. A recently developed prediction model 
for postmenopausal women with carotid AS, a 7-variable nomogram based on clinical and biochemical markers achieved 
a C-index of 0.668 in external validation14 but does not incorporate polymorphisms or other genetic markers.

Among potential genetic markers, the estrogen receptor alpha (ESR1) gene polymorphism rs9340799 (XbaI) is of 
particular interest. It is located in intron 1 of ESR1, and its polymorphism has been associated with estrogen-related 
diseases including endometriosis19 and bone mineral density.20 Although there was no statistical difference, the E2 levels 
of rs9340799 AA, GA, and GG genotypes showed a gradually increasing trend.21 Since ESR1 mediates estrogen’s 
vascular protective effects, variants affecting receptor function may modulate atherosclerosis susceptibility.

To address these gaps, the present study retrospectively included postmenopausal Han women between 
December 2024 and June 2025 combining clinical variables and rs9340799 genotype to develop and validate a risk 
prediction model using logistic regression and ML approaches. Through this approach, our goal is to develop a clinically 
applicable screening tool, which integrates genetic and clinical variables, can identify early the high-risk population of 
carotid atherosclerosis in Han postmenopausal women in northern China, and promote timely intervention to reduce the 
burden of stroke.

Methods
Study Design and Participants
This study was a retrospective case-control study. The research data were from 323 postmenopausal women in the 
Physical Examination Center of the Second Affiliated Hospital of Dalian Medical University from 1 December 2024 to 
30 June 2025. According to carotid ultrasound examination results, subjects were divided into a case group and a control 
group based on the presence of carotid atherosclerosis changes or plaques. Carotid atherosclerosis changes were defined 
as an intima–media thickness (IMT) ≥1 mm and carotid plaques as an IMT ≥1.5 mm.22 All women have been 
postmenopausal for more than two years. Subjects with a history of carotid endarterectomy or stent implantation, 
autoimmune diseases, malignant tumors, or incomplete clinical data were excluded. The training and internal validation 
sets included 276 subjects collected from 1 December 2024 to 30 April 2025, comprising 162 cases in the case group and 
114 in the control group. The external validation set consisted of 47 subjects collected from 1 May 2025 to 30 June 2025, 
including 27 cases and 20 controls.
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This study was approved by the Ethics Committee of the Second Affiliated Hospital of Dalian Medical University, 
and the ethical consent letter number is KY2024–151–02. Informed consent was obtained from each patient and the study 
protocol conforms to the ethical guidelines of the 1975 Declaration of Helsinki. The research flowchart is shown in 
Supplementary Figure 1.

Data Collection
Clinical information was collected, including age and menopausal age, general health indicators such as height, weight, 
systolic blood pressure (SBP), and diastolic blood pressure (DBP), as well as biochemical indicators including glucose 
(GLU), total cholesterol (TC), triglycerides (TG), low-density lipoprotein (LDL), and high-density lipoprotein (HDL). 
Biochemical indicators were detected using ADVIA CHEMISTRY XPT (Siemens, Germany).

Single Nucleotide Polymorphism Genotyping
After an overnight fast, whole blood samples were collected from the middle cubital vein of each participant for blood 
routine testing, and we collected clinical discarded blood samples for genotyping experiments. Genomic DNA was 
extracted from 200 μL of each whole blood sample using the Whole Blood DNA Extraction Kit (Magnetic Bead Method, 
BioPerfectus, China) according to the manufacturer’s instructions. Extracted DNA was diluted to 30 ng/μL and stored 
at –80°C.

SNP loci were selected based on the NCBI dbSNP database (http://www.ncbi.nlm.nih.gov/projects/SNP/), according 
to the following criteria: the minimum allele frequency (MAF) of the selected SNP in the Chinese population should be 
greater than 0.05. Primers for HRM–PCR amplification were designed to flank the SNP sites.

Polymerase chain reaction with HRM–PCR (Roche Applied Science, Germany) was used for SNP genotyping. 
Primer Premier 6 was used to design primers with annealing temperatures ranging from 58°C to 62°C; amplicons were 
limited to 100–200 bp (Supplementary Table 1). Real–time PCR cycling and HRM analyses were conducted using the 
Light Cycler® 480 System (Roche Applied Science, Germany). Samples were supplemented with known wild–type DNA 
as a standard. Wild–type and mutant homozygotes were distinguished by mixing samples with a known genotype 
sequence prior to PCR. Each reaction contained 30 ng of unknown genomic DNA as a template, along with an additional 
3.0 ng of known wild–type DNA. PCRs were conducted in 96–well plates using touchdown–PCR cycling. HRM curve 
data were obtained by melting over the range 65–95°C, at a rate of 25 data acquisitions per 1°C. Results were analyzed 
using Light Cycler® 480 Gene Scanning software (Roche Applied Science).

Logistic Regression and Model Evaluation
We obtained the candidate predictors of carotid atherosclerosis in postmenopausal women through univariate logistic 
regression analyses. Variables with P < 0.05 in univariate logistic regression were entered simultaneously into the 
multivariable logistic regression model. Variable selection was performed on the entire dataset prior to data splitting, with 
odds ratios (ORs), 95% confidence intervals (CIs), and P values reported for each predictor. Based on these candidate 
predictors, we constructed a nomogram.

The dataset was randomly split into 70% training and 30% test sets, stratified by case/control status. The test set was 
held out completely during model training and hyperparameter tuning. No missing data required imputation as complete 
data were available for all participants. Features in the training set were standardized (z-score normalization), and the 
same transformation parameters were applied to the test set to prevent data leakage.

Six machine learning algorithms—logistic regression, decision tree, random forest, SVM, XGBoost, and neural 
network—were trained using the four candidate predictors (age, SBP, GLU, rs9340799). Hyperparameters were tuned via 
10-fold cross-validation grid search on the training set with AUC as the optimization criterion: (1) Logistic Regression: 
binomial logit link; all predictors entered simultaneously. (2) Decision Tree: cp = 0.0737, optimized via 10-fold CV. (3) 
Random Forest: mtry = 1, ntree = 50, optimized via 10-fold CV grid search. (4) XGBoost: max_depth = 2, eta = 0.1, 
nrounds = 150, objective = binary: logistic, optimized via 10-fold CV grid search. (5) SVM: cost = 1000, gamma = 0.01 
(RBF kernel), optimized via 10-fold CV grid search. (6) Neural Network: 4 hidden units. The optimal classification 
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threshold for each model was determined by maximizing the Youden index (J = Sensitivity + Specificity − 1) on the ROC 
curve.

Model performance was evaluated across three dimensions as recommended by TRIPOD+AI guidelines: discrimina
tion (AUC), calibration (Brier score, Hosmer–Lemeshow test), and clinical utility (decision curve analysis).23 SHAP 
analysis was performed on the finalized logistic regression model after all hyperparameter tuning was completed, to 
interpret feature contributions to individual predictions. KernelSHAP was applied using the first 100 observations from 
the training set as the explanation set, with the first 50 observations from the test set serving as the background reference.

Finally, an external validation set collected separately and not involved in any aspect of model development or 
selection was used to validate the final prediction model. Variable selection on the full dataset prior to cross-validation is 
acknowledged as a potential source of optimistic bias, mitigated by the external validation.

Statistical Analysis
The clinical data were tested for normality using the Kolmogorov–Smirnov (K–S) test. Data with a normal distribution 
were analyzed by t–test, and results are presented as mean ± standard deviation (�X � s). Non–normally distributed data 
were analyzed by Mann–Whitney U-test, and results are presented as median (Q1, Q3). A chi-square test was used to 
analyze genotype and allele frequencies in patients and control groups. All control genotype distributions were in Hardy– 
Weinberg equilibrium. A two–tailed P–value less than 0.05 was considered statistically significant.

All analyses were performed using R software (version 4.4.1, R Foundation for Statistical Computing, Vienna, 
Austria). The following packages were used: caret (v7.0.1) for model training and evaluation; rpart (v4.1.23) for decision 
tree modeling; randomForest (v4.7.1.2) for random forest modeling; xgboost (v3.2.1.1) for extreme gradient boosting 
modeling; e1071 (v1.7.17) for support vector machine modeling; nnet (v7.3.19) for neural network modeling; pROC 
(v1.19.0.1) for ROC curve analysis and AUC calculation; ResourceSelection (v0.3.6) for Hosmer–Lemeshow goodness- 
of-fit test; rmda (v1.6) for decision curve analysis; kernelshap (v0.9.1) and shapviz (v0.10.3) for SHAP analysis; and 
ggplot2 (v4.0.3) for data visualization.

Results
Analysis and Comparison of Clinical Laboratory Indicators in Postmenopausal Female 
Participants
A total of 276 postmenopausal female participants were included in the model construction process. Among them, 162 
were in the case group and 114 in the control group. Their demographic and clinical characteristics are summarized in 
Supplementary Table 2. Compared with controls, patients in the case group were older (61.00 [58.00, 67.00] vs 57.00 
[54.00, 62.00] years, P < 0.001), had a longer menopause duration (10.00 [6.25, 17.00] vs 7.00 [4.00, 12.00] years, P < 
0.001), higher SBP (133.00 [121.25, 149.00] vs 127.00 [114.50, 138.25] mmHg, P = 0.002), and higher GLU (5.78 [5.35, 
6.41] vs 5.54 [5.22, 5.96] mmol/L, P = 0.002) (Supplementary Table 2).

Predictors of Carotid Atherosclerosis Based on Logistic Regression Analysis
Univariate analysis revealed significant associations between several factors and the occurrence of CAS: age (OR = 1.09, 
95% CI: 1.05–1.14, P < 0.001), menopause duration (OR = 1.08, 95% CI: 1.04–1.12, P = 0.0002), SBP (OR = 1.02, 95% 
CI: 1.01–1.03, P = 0.0018), Glu (OR = 1.68, 95% CI: 1.26–2.39, P = 0.0017), and rs9340799 GG genotype (OR = 0.20, 
95% CI: 0.03–0.83, P = 0.045). Menopausal age (P = 0.088), height, weight, DBP, TC, TG, LDL and HDL were not 
significantly associated with CAS. The ROC curves for these significant variables are presented in Figure 1A. 
Multivariable logistic regression analysis including age, menopausal age, SBP, GLU, and rs9340799 genotype showed 
that increasing age (OR = 1.07, 95% CI: 1.02–1.11, P = 0.0044) and elevated blood glucose (OR = 1.49, 95% CI: 1.15– 
2.12, P = 0.013) were independent risk factors for CAS. SBP (OR = 1.01, 95% CI: 0.99–1.02, P = 0.26), menopausal age 
(OR = 1.03, 95% CI: 0.93–1.14, P = 0.59), and rs9340799 GG genotype (OR = 0.13, 95% CI: 0.01–0.80, P = 0.064) were 
not statistically significant in the multivariable model (Table 1). Menopause duration was not included in the multi
variable model due to collinearity with age and menopausal age.
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We constructed a nomogram (Figure 1B) to visualize the logistic regression model. Each subject’s detection results 
are plotted on the corresponding variable axes. For each variable value, a vertical line was drawn upward to determine 
the corresponding score, and the points for all variables were summed. Then, a line was drawn on the total points axis to 
estimate the probability of CAS in the postmenopausal female population.

Model Establishment, Comparison and Evaluation
Based on univariate analysis results, we planned to incorporate age, menopause duration, SBP, blood glucose, and 
rs9340799 with P-values < 0.05 into the model construction. Due to concerns about multicollinearity among 
predictor variables—since menopause duration was calculated as the difference between age at enrollment and age 

Figure 1 Univariate ROC results and nomogram chart. (A) Univariate ROC results of case group and control group. (B) Nomogram predicting the probability of carotid 
atherosclerosis (CAS) in postmenopausal women. 
Abbreviations: SBP, systolic blood pressure, Glu, glucose; AUC, area under the curve.

Table 1 Univariate and Multivariable Logistic Regression Analysis of Case Group and 
Control Group

Characteristics Univariate Analysis Multivariable Analysis

OR (95% CI) P value OR (95% CI) P value

Age (years) 1.09 (1.05–1.14) <0.001 1.07 (1.02–1.11) 0.0044
Menopausal.age (years) 1.09 (0.99–1.2) 0.088 1.03 (0.93–1.14) 0.59

Menopause durationa (years) 1.08 (1.04–1.12) 0.0002 NA NA
Height (cm) 0.97 (0.93–1.01) 0.19

Weight (kg) 1.01 (0.98–1.03) 0.53

SBP (mmHg) 1.02 (1.01–1.03) 0.0018 1.01 (0.99–1.02) 0.26
DBP (mmHg) 1 (0.98–1.02) 0.89

Glu (mmol/L) 1.68 (1.26–2.39) 0.0017 1.49 (1.15–2.12) 0.013
TC (mmol/L) 1 (0.8–1.25) 0.98
TG (mmol/L) 0.95 (0.78–1.15) 0.60

LDL (mmol/L) 1.14 (0.86–1.51) 0.36

HDL (mmol/L) 0.72 (0.37–1.37) 0.32
rs9340799 GG vs. AA 0.2 (0.03–0.83) 0.045 0.13 (0.01–0.8) 0.064

Notes: a Due to the collinearity issue caused by the difference between age and menopausal age, the 
multifactorial results of menopausal years will not be calculated here. Bold text: P < 0.05 indicates statistical 
significance. 
Abbreviations: NA, not applicable; SBP, systolic blood pressure. DBP, diastolic blood Pressure. GLU, 
glucose. TC, total cholesterol. TG, triglycerides. LDL, low-density lipoprotein. HDL, high-density lipoprotein.
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at menopause—this variable was excluded. Multicollinearity was assessed using the generalized variance inflation 
factor (GVIF), and all variables in the final model had GVIF values well below the acceptable threshold of 5 (age: 
1.09, SBP: 1.09, GLU: 1.02, rs9340799: 1.01), indicating no multicollinearity concerns. Therefore, age, SBP, 
blood glucose, and rs9340799 were ultimately included as predictor variables in this study. Six machine learning 
algorithms were then used for model building and comparison.

On the test set, logistic regression achieved the highest AUC (0.709, 95% CI: 0.596–0.821), followed by neural 
network (0.657), SVM (0.651), random forest (0.642), decision tree (0.621), and XGBoost (0.591) (Supplementary 
Table 3). Pairwise DeLong tests with Bonferroni correction revealed no statistically significant discrimination 
difference between logistic regression and any other model (all adjusted P > 0.01). In terms of calibration, only 
logistic regression (Brier score = 0.227, HL P = 0.263) and SVM (Brier score = 0.242, HL P = 0.267) 
demonstrated acceptable agreement between predicted and observed probabilities, while random forest, 
XGBoost, and neural network showed significant deviations (all P < 0.01; Supplementary Table 3, 
Supplementary Figure 2). Decision curve analysis (Supplementary Figure 3) showed that logistic regression 
(0.30–0.75) and SVM (0.35–0.80) provided the broadest threshold range of positive net benefit, followed by 
decision tree (0.35–0.60), random forest (0.40–0.65), XGBoost (0.40–0.60), and neural network (0.50–0.60). 
Based on comprehensive consideration of discrimination, calibration, clinical utility, and interpretability, logistic 
regression was selected as the final model.

The ROC curves of the logistic regression model on the training and testing sets are shown in Figure 2A–B, with 
AUCs of 0.71 (95% CI: 0.63–0.78) and 0.71 (95% CI: 0.60–0.82), respectively. The calibration curve indicates good 
agreement between observed and predicted probabilities (Figure 2C; HL P = 0.26). Decision curve analysis confirmed 
positive net benefit across threshold probabilities of 0.30–0.75 (Figure 2D).

SHAP Analysis and Feature Interpretation
SHapley Additive exPlanations (SHAP) analysis was performed on the probability scale to clearly explain the model’s 
prediction mechanism. Among the four predictor variables, age contributed the most to the model’s predictions, followed by 
SBP, rs9340799, and GLU (Figure 3A). The SHAP waterfall plot (Figure 3B) visualizes the specific impact of each variable 
on the predicted probability for a representative patient. In the waterfall plot, the left axis displays the variable name and its 
value; features that increase the predicted probability and those that decrease it are shown in distinct colors. The baseline 
value E[f(x)] represents the average predicted probability across the background reference dataset. For this patient, the 
predicted probability is 0.501, lower than the baseline of 0.603: age contributed the most, decreasing the probability by 
0.093; SBP decreased it by 0.012; rs9340799 increased it by 0.003; and GLU decreased it by 0.001. The waterfall plot 
demonstrates that the direction and magnitude of each variable’s contribution depend on individual feature values, providing 
a transparent decomposition of how each predictor shifts the predicted probability from the population average.

External Set
To further assess the predictive model, an external validation set was used to evaluate its performance. It was 
performed on an independent cohort of 47 postmenopausal Han women collected from the same institution 
between May and June 2025. The demographic and clinical characteristics of the external cohort were comparable 
to those of the development cohort (P > 0.05, Supplementary Table 4). The logistic regression model achieved an 
AUC of 0.65 (95% CI: 0.48–0.82, Supplementary Figure 4), with sensitivity of 0.82 (0.62–0.94), specificity of 
0.55 (0.32–0.77), positive predictive value (PPV) of 0.71 (0.52–0.86), negative predictive value (NPV) of 0.69 
(0.41–0.89), and accuracy of 0.70 (0.55–0.83) (Supplementary Table 5). The wide 95% CI, which includes 0.50, 
indicates that the model’s discrimination was not statistically significantly different from chance in this small 
external cohort. This is likely attributable to the limited sample size, although the possibility of reduced general
izability cannot be entirely excluded. Nonetheless, further validation in larger cohorts is warranted.
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Discussion
In our study, the age and menopausal duration of the case group were significantly greater than those of the control group, 
which is largely consistent with existing previous data.14 Research reports indicate that age is the strongest independent 
predictor of carotid intima-media thickness (IMT).24 The carotid IMT and plaque formation in postmenopausal women 
are significantly greater than those in premenopausal women.10 In addition, prolonged menopausal duration means 
a prolonged duration of low estrogen status. A previous hemodynamic study showed that the vascular response of 
postmenopausal women to acetylcholine is negatively correlated with age and menopausal duration, indicating that 
estrogen deficiency is a key factor leading to endothelial dysfunction.25 Estrogen deficiency leads to vascular endothelial 
dysfunction, upregulation of inflammatory factors, and increased oxidative stress, which collectively accelerate the 
development of atherosclerosis.26 These findings support the widely accepted mechanism that increasing age and 
prolonged menopausal duration mediate vascular injury and atherosclerosis progression through estrogen deficiency.

Elevated SBP and GLU are well-established contributors to carotid atherosclerosis. Many large cohort studies have 
shown that elevated systolic blood pressure is an independent risk factor for carotid atherosclerosis.27,28 Increased SBP 

Figure 2 The evaluation indicators related to logistic regression models. (A) The ROC in the train set. (B) The ROC in the test set. (C) The calibration curve. (D) The 
result of decision curve analysis. 
Abbreviation: AUC, area under the curve.
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exposes the vascular wall to greater pulsatile tensile stress. Low and oscillatory shear stress at arterial bifurcations 
promotes endothelial dysfunction and plaque initiation, while the elevated tensile stress from hypertension further 
exacerbates vascular injury.29,30 In the Swedish population, the number and area of carotid plaques in patients with 
prediabetes and diabetes are greater than those in individuals with normal blood glucose, suggesting that blood glucose 
levels are associated with greater severity of atherosclerosis.31 Even after adjusting for traditional cardiovascular risk 
factors, a significant correlation exists between blood glucose levels and carotid intima–media thickness (CIMT).32 The 
sustained expression of inflammatory genes induced by hyperglycemia (which can last for an extended period even after 
blood glucose returns to normal) can lead to sustained entry of monocytes into the vascular wall, promoting plaque 
formation.33 The elevated SBP and GLU in our case group are consistent with large-scale cohort data.14 These results 
emphasize that the management of blood pressure and blood glucose levels is particularly critical for the prevention of 
atherosclerosis in postmenopausal women.

From a clinical perspective, the inclusion of rs9340799 in the model may serve as a preliminary attempt at integrating 
genetic information for postmenopausal women. Although the GG genotype showed a protective effect in our univariate 
analysis, its contribution to the multivariable prediction model was minimal, indicating that rs9340799 does not 
constitute a meaningful improvement over existing clinical models; however, it may serve as a starting point for future 
polygenic risk models should additional variants be identified and validated. In elderly postmenopausal women, high 
estrogen levels in carriers of the rs9340799 AA genotype are significantly associated with the risk of ischemic arterial 
disease (IAD) (HR = 1.62), while there is no such association in carriers of the AG/GG genotype.34 These findings 
suggest potential biological links between rs9340799 and estrogen-mediated pathways; however, the clinical and 
mechanistic relevance of rs9340799 to carotid atherosclerosis remains uncertain. Therefore, the inclusion of rs9340799 
should be considered exploratory, and whether genetic polymorphisms meaningfully enhance risk prediction for carotid 
atherosclerosis in postmenopausal women warrants further investigation with additional variants and larger cohorts.

In our model, age and SBP showed a moderate correlation (r = 0.43, P < 0.001), while other predictor pairs were 
weakly or non-significantly correlated (age–GLU r = 0.13, P = 0.075; SBP–GLU r = 0.12, P = 0.092). rs9340799 showed 
no significant association with any clinical variable (all P > 0.05). Therefore, some caution is warranted when 
interpreting the individual contributions of age and SBP, as their SHAP values may be partially interchangeable; 
however, the overall model prediction remains unaffected. The generally low inter-predictor correlations are unlikely 
to substantially affect the SHAP-based interpretation of individual feature contributions, which was intended for 
visualization of feature importance rather than causal attribution.

Figure 3 Contribution of the 4 parameters for Logistic Regression model. (A) The relative contribution of each parameter. (B) SHAP waterfall plot. SBP, systolic blood 
pressure. 
Abbreviations: Glu, glucose; SHAP, SHapley Additive exPlanations.
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The limitations of this study include the following. First, the sample was sourced from a single-center physical 
examination population within a specific time period, limiting representativeness across race, region, and comorbidity 
distributions, which may limit external generalizability. Second, the case-control design precludes causal inference and does 
not allow for longitudinal outcome prediction; future studies incorporating prospective follow-up are needed to evaluate the 
model’s ability to predict incident carotid atherosclerosis. Third, the external validation set was small and covered only 
a short time period, providing limited temporal validation; moreover, its wide AUC CI crossing 0.50 means we cannot 
confirm that the model discriminates better than chance. Fourth, overfitting was observed in complex models such as 
random forest and XGBoost, underscoring the importance of overfitting assessment in model selection and supporting the 
choice of logistic regression for its balanced performance. Fifth, only a single ESR1 polymorphism (rs9340799) was 
included, and its contribution to the model was minimal, limiting the generalizability of the genetic findings. Sixth, variable 
selection was performed on the entire dataset before cross-validation rather than within each fold, which may introduce 
slight optimistic bias in model performance estimation, although independent external validation provides an unbiased 
assessment of generalizability. Seventh, no formal sample-size calculation was performed a priori; however, the events per 
variable (EPV = 29.5) exceeded the recommended minimum for logistic regression. In summary, this model should be 
considered preliminary, and no clinical application should be considered until validated in larger, independent, multicenter 
cohorts with broader populations and more comprehensive genetic data.

Conclusion
This study developed a logistic regression model that included age, systolic blood pressure, GLU and ESR1 rs9340799 
genotypes. The model demonstrated moderate discrimination in predicting the risk of carotid atherosclerosis in post
menopausal Han women in northern China. This model should be considered preliminary and needs further validation in 
larger, independent, multicenter cohorts for identifying high-risk populations for early intervention.
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