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Background: Carotid atherosclerosis (CAS) is a critical cardiovascular complication in elderly patients with obstructive sleep apnea
(OSA). Current risk assessment tools inadequately capture OSA-specific pathophysiological mechanisms for CAS prediction in this
high-risk population.

Methods: This multicenter retrospective study included 1196 elderly patients (=60 years) with polysomnography-confirmed OSA
from six tertiary hospitals in China. CAS was diagnosed by carotid ultrasound. LASSO (Least Absolute Shrinkage and Selection
Operator) regression identified optimal predictive features from 18 candidate variables. Four machine learning algorithms were
developed and validated using 5-fold cross-validation. Model interpretability was achieved through SHapley Additive exPlanations
(SHAP) analysis.

Results: Among participants, 273 (22.8%) had CAS. LASSO regression selected eight optimal features. XGBoost achieved the best
performance with test AUC of 0.854, accuracy of 79.8%, sensitivity of 81.2%, and specificity of 78.5%. SHAP analysis revealed
systolic blood pressure (importance: 0.3148) and percentage of sleep time with oxygen saturation <90% (T90, importance: 0.2660) as
the most influential predictors, surpassing traditional apnea-hypopnea index. Other significant predictors included alcohol consump-
tion, mean oxygen saturation, body mass index, age, platelet count, and smoking status.

Conclusion: This study developed the first machine learning-based CAS prediction model for elderly OSA patients, achieving
clinically relevant performance (AUC=0.854). The prominence of T90 over conventional apnea-hypopnea index suggests nocturnal
hypoxemic burden is more important than respiratory event frequency for cardiovascular risk stratification in this population.
Keywords: carotid atherosclerosis, obstructive sleep apnea, machine learning, SHAP analysis, cardiovascular risk prediction

Introduction
Obstructive sleep apnea (OSA) represents one of the most prevalent sleep-disordered breathing conditions globally.
Recent global burden analysis estimates that nearly 1 billion adults worldwide are affected by varying degrees of OSA.!
Among elderly populations, OSA prevalence increases dramatically with age, affecting up to 90% of men and 78% of
women in certain cohorts, making it a critical public health concern.”> OSA is characterized by recurrent episodes of
complete or partial upper airway obstruction during sleep, leading to intermittent hypoxia, sleep fragmentation, and
sympathetic nervous system activation.®

The association between OSA and cardiovascular disease involves multiple interconnected pathophysiological path-
ways that extend far beyond simple mechanical airway obstruction. The American Heart Association’s 2021 Scientific
Statement definitively established OSA as an independent risk factor for cardiovascular disease.* Intermittent hypoxia,
the hallmark of OSA, triggers a cascade of molecular and cellular responses including oxidative stress, systemic
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inflammation, endothelial dysfunction, and metabolic dysregulation.’ These repetitive hypoxia-reoxygenation cycles
activate hypoxia-inducible factor-la (HIF-1a), leading to increased expression of pro-inflammatory cytokines such as
tumor necrosis factor-o (TNF-0), interleukin-6 (IL-6), and C-reactive protein.®

Hemodynamic alterations during apneic episodes create significant cardiovascular stress through acute blood pressure
surges, increased cardiac afterload, and enhanced sympathetic nervous system activity.” The resulting chronic hyperten-
sion, combined with increased platelet aggregation and coagulation cascade activation, creates a prothrombotic state that
substantially increases atherothrombotic risk.®® Furthermore, metabolic consequences of OSA, including insulin resis-
tance, dyslipidemia, and adipokine dysregulation, contribute synergistically to accelerated atherogenesis.'®

Carotid atherosclerosis (CAS) represents a particularly concerning manifestation of OSA-related cardiovascular
disease, serving as both a marker of systemic atherosclerotic burden and a direct predictor of cerebrovascular events.'"
The carotid arteries are particularly susceptible to OSA-related damage due to their anatomical location, exposure to
fluctuating pressures during sleep, and high shear stress patterns.'? Studies have consistently demonstrated that OSA
patients exhibit significantly increased carotid intima-media thickness, plaque prevalence, and plaque instability com-
pared to matched controls. "

The elderly OSA population faces unique and compounded risks for CAS development. Age-related vascular
changes, including arterial stiffening, endothelial senescence, and reduced nitric oxide bioavailability, create
a substrate particularly vulnerable to OSA-induced damage.'* The prevalence of comorbidities such as hypertension,
diabetes mellitus, and dyslipidemia in elderly OSA patients creates complex interaction networks that amplify cardio-
vascular risk beyond simple additive effects.'>'

Despite the established association between OSA and CAS, current risk stratification approaches remain inadequate for this
population. Traditional cardiovascular risk calculators, such as the Framingham Risk Score and ASCVD Risk Calculator, were
developed primarily for general populations and fail to capture OSA-specific pathophysiological mechanisms.'” These tools
typically rely on conventional risk factors (age, sex, smoking, blood pressure, lipids) while overlooking critical OSA-related
parameters such as hypoxemic burden, sleep fragmentation indices, and inflammatory markers.'®

Diagnostic approaches for CAS detection also present significant limitations. While carotid ultrasonography remains
the gold standard for CAS assessment, it is operator-dependent, costly for population screening, and may miss early-stage
atherosclerotic changes.'” More advanced imaging modalities, including computed tomography angiography and mag-
netic resonance imaging, offer superior accuracy but are impractical for routine screening due to cost, radiation exposure,
and accessibility constraints.?’

Recent advances in machine learning and artificial intelligence have opened new paradigms for cardiovascular risk
assessment, offering the potential to capture complex, non-linear relationships that traditional statistical approaches
cannot adequately model. Several pioneering studies have demonstrated the potential of machine learning approaches for
CAS prediction in general populations. Chen et al developed random forest models achieving area under the curve
(AUC) values of 0.78-0.85 for carotid plaque prediction.”’ Wu et al reported an XGBoost ensemble model with AUC of
0.864 for asymptomatic CAS detection.”* However, these studies predominantly focused on general populations and did
not specifically address the unique pathophysiological profile of OSA patients.

The development of CAS prediction models specifically for OSA populations requires consideration of sleep-specific
parameters that traditional cardiovascular models ignore. Polysomnographic metrics such as the apnea-hypopnea index
(AHI) and percentage of time spent with oxygen saturation below 90% (T90) provide crucial insights into the severity
and pattern of nocturnal hypoxemia.>

Despite the growing recognition of OSA as a major cardiovascular risk factor, several critical knowledge gaps persist
in CAS risk assessment for elderly OSA patients: 1) lack of OSA-specific prediction models; 2) underutilization of OSA-
specific parameters; 3) limited focus on elderly populations; 4) insufficient exploration of complex interactions. These
limitations hinder clinicians’ ability to identify high-risk patients for targeted interventions.

This study addresses these limitations by developing the first machine learning-based CAS prediction model specifically
designed for elderly OSA patients. Our approach integrates traditional cardiovascular risk factors with OSA-specific

polysomnographic parameters, utilizing advanced ensemble learning algorithms capable of capturing complex feature
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interactions and non-linear relationships. Early identification of high-risk elderly OSA patients could enable targeted
preventive interventions, optimize resource allocation for diagnostic imaging, and guide personalized treatment strategies.

Methods

The overall machine learning methodology pipeline is illustrated in Figure 1, which outlines the systematic approach
from data collection through model development and validation.
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Study Design and Population

This was a retrospective, multicenter observational study conducted from January 2015 to October 2017. Patients
diagnosed with OSA were continuously enrolled from six tertiary hospitals in China, including Chinese PLA General
Hospital, Peking University International Hospital, and four other affiliated medical centers.

Inclusion criteria were: (1) age >60 years and (2) confirmed diagnosis of OSA by polysomnography (PSG). Exclusion
criteria included: (1) chronic obstructive pulmonary disease and (2) malignant tumors.

OSA diagnosis and severity classification followed the American College of Physicians Clinical Practice Guidelines for the
Diagnosis of Adult Obstructive Sleep Apnea. OSA was defined as AHI >5 events/hour with typical nocturnal symptoms (apnea
episodes with snoring, daytime sleepiness) or AHI >15 events/hour with or without symptoms. OSA severity was classified
based on AHI values: mild (5< AHI <15 events/hour), moderate (15< AHI <30 events/hour), and severe (AHI >30 events/hour).

PSG monitoring employed standardized protocols across all centers. All PSG equipment met American Academy of
Sleep Medicine technical standards and simultaneously recorded AHI, oxygen saturation, and other key parameters. Data
analysis utilized the Australian Compumedics sleep analysis system with standardized interpretation following the latest
AASM scoring manual guidelines.

CAS diagnosis was determined by experienced ultrasonographers at each tertiary hospital based on standardized
carotid ultrasound examinations. Diagnostic criteria for atherosclerotic plaque included: (1) carotid intima-media thick-
ness (IMT) >1.5mm, or (2) focal IMT increase >50% compared to surrounding normal vessel wall thickness. CAS was
diagnosed when atherosclerotic plaques were present in any of the common carotid artery, internal carotid artery, or
external carotid artery. This study was approved by the Ethics Committee of the Chinese People’s Liberation Army
General Hospital (S2019-352-01), and all participants provided written informed consent prior to their study enrolment.
The study was conducted in accordance with the Declaration of Helsinki.

Data Collection and Variables

Clinical data were collected retrospectively from electronic medical records at each participating center using standar-
dized data extraction protocols. A total of 19 potential predictive variables were systematically collected, including
demographic characteristics, anthropometric measurements, lifestyle factors, OSA-related parameters from PSG studies,
cardiovascular parameters, and laboratory findings.

Demographic and lifestyle variables included age, sex, body mass index (BMI), smoking history, and alcohol
consumption status. OSA-related parameters derived from PSG studies included apnea-hypopnea index (AHI), mean
oxygen saturation (MSpO2), and percentage of total sleep time with oxygen saturation below 90% (T90). Cardiovascular
parameters comprised systolic blood pressure (SBP), diastolic blood pressure (DBP), and heart rate (HR) measured
during routine clinical assessment. Laboratory parameters included fasting glucose (Glu), total cholesterol (TC),
triglycerides (TG), high-density lipoprotein (HDL), low-density lipoprotein (LDL), platelet count (Plt), white blood
cell count (WBC), and red blood cell count (RBC).

Data quality assurance was maintained through standardized collection protocols across all participating centers and
systematic verification of data completeness and consistency. All collected data were complete with no missing values for
the final analytical dataset.

Data Preprocessing
Data preprocessing followed a systematic pipeline to ensure optimal model performance and reproducibility (Figure 1).
All analyses were conducted using R statistical software with reproducibility ensured through fixed random seed settings
(seed = 123).

Data standardization was performed using Z-score normalization to eliminate scale differences between variables. All
continuous variables were standardized by subtracting the mean and dividing by the standard deviation (Z = (x - p)/o),
where p and ¢ were calculated from the training dataset. Categorical variables were maintained as binary encodings (0/1)

without transformation.

2354  hees Nature and Science of Sleep 2025:17



Cai et al @

Class imbalance was addressed using the ROSE (Random Over-Sampling Examples) technique to generate
a balanced dataset for model training. This synthetic sampling approach creates new synthetic examples by smoothly
interpolating between existing minority class samples, thereby improving model performance on imbalanced datasets
while maintaining the underlying data distribution characteristics.

The dataset was randomly partitioned into training (80%) and testing (20%) sets using stratified sampling to maintain
proportional representation of CAS cases in both subsets. The training set was used for model development, hyperpara-
meter tuning, and cross-validation, while the testing set remained completely independent and was reserved solely for
final model evaluation to assess generalizability.

All preprocessing steps were applied consistently across training and testing datasets, with normalization parameters
derived exclusively from the training set and subsequently applied to the testing set to prevent data leakage and ensure
unbiased performance evaluation.

Feature Selection

Feature selection was performed using LASSO (Least Absolute Shrinkage and Selection Operator) regression to identify
the most predictive variables from the 19 potential features. LASSO regression applies L1 regularization to the absolute
values of regression coefficients, automatically setting less important coefficients to zero and thereby achieving both
feature selection and model sparsity.

The optimal regularization parameter (1) was determined through cross-validation to minimize cross-validation error
while achieving the desired level of feature sparsity. A range of lambda values was systematically evaluated, with the
final lambda selected to balance model performance and complexity. The cross-validation procedure identified the
optimal parameter that maintained predictive accuracy while reducing model complexity.

Selected features were required to have non-zero coefficients in the final LASSO model, ensuring that only variables
with meaningful predictive contributions were retained. This systematic approach reduced the feature space to a focused
subset of clinically relevant variables for subsequent machine learning model development.

Machine Learning Model Development

Four machine learning algorithms were implemented to develop CAS prediction models using the selected feature subset:
logistic regression, random forest, XGBoost (eXtreme Gradient Boosting), and LightGBM (Light Gradient Boosting
Machine). These algorithms were selected to represent different modeling approaches, including traditional statistical
methods and advanced ensemble techniques capable of capturing complex nonlinear relationships.

Logistic regression served as the baseline model using generalized linear modeling with class weights to address
potential imbalance issues. Random forest employed ensemble learning with multiple decision trees to improve predic-
tion stability and reduce overfitting. XGBoost and LightGBM utilized gradient boosting frameworks with optimized
implementations for enhanced performance and computational efficiency.

Hyperparameter optimization was performed for each algorithm using grid search and early stopping strategies to
prevent overfitting. Key parameters were systematically tuned, including learning rates, tree depths, regularization
parameters, and ensemble sizes. All models were trained on the preprocessed training dataset with consistent evaluation
metrics to ensure fair comparison across algorithms.

Model training incorporated cross-validation procedures to assess performance stability and select optimal config-
urations. The training process utilized standardized preprocessing pipelines to ensure consistency in data handling and
feature scaling across all modeling approaches.

Model Validation and Performance Assessment

Model validation employed 5-fold cross-validation to assess performance stability and generalizability across different
data subsets. Each fold maintained proportional representation of outcome classes, with models trained on four folds and
validated on the remaining fold. Cross-validation results were aggregated to provide robust estimates of model
performance and variance.
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Performance evaluation utilized multiple metrics including area under the ROC curve (AUC), accuracy, sensitivity,
specificity, positive predictive value (PPV), negative predictive value (NPV), and F1-score. Optimal decision thresholds
were determined through F1-score maximization to balance sensitivity and specificity for clinical application. ROC curve
analysis provided comprehensive assessment of discriminative ability across all possible threshold values.

Model calibration was evaluated using Hosmer-Lemeshow goodness-of-fit tests, calibration plots, and Brier scores to assess
agreement between predicted probabilities and observed outcomes. Calibration improvement techniques including temperature
scaling, Platt scaling, and isotonic regression were applied when necessary to enhance probability estimation accuracy.

Clinical utility was assessed through decision curve analysis (DCA) to evaluate net benefit across different threshold
probabilities compared to treat-all and treat-none strategies. Final model evaluation was performed on the independent test set
to provide unbiased estimates of real-world performance, with results reported using the optimal threshold determined from
cross-validation.

Model Interpretability Analysis

Model interpretability was achieved through SHAP (SHapley Additive exPlanations) analysis to provide comprehensive
understanding of feature contributions and model decision-making processes. SHAP values quantify the marginal contribution
of each feature to individual predictions using game-theoretic principles, enabling both global and local model explanations.

Global interpretability analysis included feature importance ranking based on mean absolute SHAP values across all
predictions, and summary plots showing the distribution of feature effects on model outputs. Dependence plots were
generated to visualize the relationship between individual features and their SHAP values, with color coding by
secondary features to reveal interaction effects.

Local interpretability focused on individual patient explanations through waterfall plots and force plots, demonstrat-
ing how specific feature values contributed to individual risk predictions. These visualizations showed the cumulative
effect of positive and negative contributions from baseline probability to final prediction.

SHAP analysis encompassed multiple visualization types including beeswarm plots for feature effect distributions, bar plots
for feature importance rankings, and interaction analysis to identify synergistic relationships between predictors. All SHAP
calculations were performed on the optimal model to ensure clinical relevance and interpretability of the final prediction system.

Statistical Analysis

Baseline characteristics were compared between CAS and non-CAS groups using appropriate statistical tests based on
variable types. Continuous variables were compared using independent sample #-tests and reported as mean + standard
deviation. Categorical variables were analyzed using chi-square tests and presented as frequencies and percentages.

Statistical significance was set at P < 0.05 for all analyses without adjustment for multiple comparisons, given the
exploratory nature of the baseline characteristic analysis. Normality assumptions were assessed prior to parametric
testing, with appropriate non-parametric alternatives considered when necessary.

All statistical analyses were performed using R statistical software (version 4.3) with relevant packages including
dplyr for data manipulation, caret for machine learning implementation, glmnet for LASSO regression, and pROC for
ROC analysis. Machine learning analyses utilized specialized packages including xgboost, randomForest, lightgbm, and
shapviz for model interpretability.

Reproducibility was ensured through systematic documentation of all analytical procedures and consistent use of
random seed settings across all computational steps. All analyses followed established guidelines for machine learning in
medical research to ensure methodological rigor and clinical applicability.

Results

Study Population and Patient Characteristics

The study flow and patient selection process are illustrated in Figure 2. A total of 1196 elderly patients with OSA were
included in this multicenter study after applying inclusion and exclusion criteria. Among these patients, 273 (22.8%) were
diagnosed with carotid atherosclerosis (CAS) and 923 (77.2%) were classified as non-CAS. The study population was
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Figure 2 Study Population Selection and Flowchart.

randomly divided into a training set (n=958, 80%) and a test set (n=238, 20%), maintaining proportional representation of
CAS cases in both datasets (training set: 219 CAS cases, 739 non-CAS; test set: 54 CAS cases, 184 non-CAS).

Baseline characteristics revealed significant differences between CAS and non-CAS groups across multiple clinical
domains (Table 1). Cardiovascular parameters demonstrated the most pronounced disparities: patients with CAS had
significantly elevated systolic blood pressure (143.40+£23.20 vs 133.77+16.50 mmHg, P<0.001) and diastolic blood
pressure (77.92+11.29 vs 75.98+9.13 mmHg, P=0.010). OSA-related parameters showed that CAS patients experienced
more severe nocturnal hypoxemia, characterized by significantly prolonged time with oxygen saturation below 90%
(T90: 19.35+23.41% vs 10.34+16.69%, P<0.001) and reduced mean oxygen saturation (MSpO2: 91.534+4.04% vs 93.26
+2.96%, P<0.001). Notably, the apnea-hypopnea index (AHI) was slightly but significantly lower in the CAS group
(30.04£20.25 vs 32.904+20.67 events/hour, P=0.041).

Table | Patient Baseline Characteristics by CAS Status

Variable Non-CAS (n=923) | CAS (n=273) | P-value
Age 66.59+6.26 69.52+6.97 <0.001
Sex (Male) | 539 (60.6%) 167 (61.2%) 0912
BMI 27.01+4.50 26.39+4.85 0.038
Smoking 171 (18.5%) 84 (30.8%) <0.001
Alcohol 80 (8.7%) 51 (18.7%) <0.001
OSA-related parameters
AHI 32.90+20.67 30.04+20.25 0.041
T90 10.34+16.69 19.35£23.41 <0.001
MSpO2 93.26+2.96 91.53+4.04 <0.001
(Continued)
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Table | (Continued).

Variable Non-CAS (n=923) | CAS (n=273) | P-value

Cardiovascular parameters

SBP 133.77£16.50 143.40+23.20 <0.001
DBP 75.98+9.13 77.92%11.29 0.010

Laboratory parameters

Plt 211.98+51.79 193.67+60.39 <0.001
WBC 6.52+1.91 6.26+1.87 0.042
HDL 1.18+0.40 1.10+0.33 0.004

Notes: Data presented as mean+SD for continuous variables and n(%) for
categorical variables. P-values from t-test for continuous variables and chi-
square test for categorical variables.

Demographic and lifestyle factors also differed significantly between groups. CAS patients were older (69.52+6.97 vs
66.59+6.26 years, P<0.001), had higher smoking prevalence (30.8% vs 18.5%, P<0.001), and increased alcohol consump-
tion (18.7% vs 8.7%, P<0.001). Laboratory parameters revealed that CAS patients had significantly lower platelet counts
(193.67+£60.39 vs 211.98+51.79 x10%/L, P<0.001), reduced white blood cell counts (6.26+1.87 vs 6.52+1.91 x10°/L,
P=0.042), and decreased HDL cholesterol levels (1.10+0.33 vs 1.18+0.40 mmol/L, P=0.004).

Feature Selection Results

LASSO (Least Absolute Shrinkage and Selection Operator) regression was employed to identify the most predictive
features from 18 potential variables through a systematic feature selection process (Figure 3). The cross-validation
procedure determined the optimal lambda parameter that balanced model complexity and predictive performance while
achieving sparsity in feature coefficients.

A. LASSO Selected Features and Coefficients B. LASSO Cross-Validation Error Curve

19 19 19 18 18 18l 17 1l B 0
SBP

MSpO2

Age

Pit
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T90

Binomial Deviance

Alcohol

Smoking

BMI 0.9

N

-0.2 -0.1 0.0 0.1 0.2 -10 -8 -6
Regression Coefficients Log(A)

Figure 3 Feature Selection Result. LASSO regression feature selection results for CAS prediction model. (A) Horizontal bar chart showing selected features and their
regression coefficients, with blue bars indicating positive associations and Orange bars indicating negative associations with CAS risk. Features are ordered by absolute
coefficient magnitude. (B) Cross-validation error curve plotting binomial deviance (y-axis) against log-transformed lambda values (x-axis), with gray error bars representing
standard deviations across folds. Numbers above the plot indicate the number of features retained at each lambda value. Vertical dashed lines mark key lambda thresholds:
lambda.min (blue), lambda.Ise (green), and the selected lambda for 8 features (red).
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The feature selection process successfully identified 8 optimal predictive features that demonstrated the strongest associations
with CAS risk (Figure 3A). These features, ranked by their absolute regression coefficients, included: systolic blood pressure
(SBP) as the most influential predictor, followed by time spent with oxygen saturation below 90% (T90), alcohol consumption,
mean oxygen saturation (MSpO2), body mass index (BMI), age, platelet count (Plt), and smoking status.

The cross-validation error curve (Figure 3B) demonstrated the relationship between lambda values and model
performance, with the optimal lambda selected to achieve the target number of features while minimizing binomial
deviance. The selected features represented diverse clinical domains: cardiovascular parameters (SBP), OSA-specific
metrics (T90, MSpO2), demographic factors (age, BMI), lifestyle factors (alcohol, smoking), and hematological markers
(platelet count).

These 8 features showed both positive and negative associations with CAS risk. SBP, T90, alcohol consumption, age,
and smoking demonstrated positive coefficients, indicating increased CAS risk with higher values, while MSpO2, BMI,
and platelet count showed negative coefficients, suggesting protective or inverse associations. This feature subset
effectively captured the complex multifactorial nature of CAS development in elderly OSA patients, incorporating
traditional cardiovascular risk factors alongside OSA-specific pathophysiological markers.

Model Performance Comparison

Four machine learning algorithms were systematically evaluated and compared for their ability to predict CAS in elderly
OSA patients using the selected 8-feature set (Table 2 and Figure 4). The models demonstrated varying levels of
performance across multiple evaluation metrics, with clear distinctions in their predictive capabilities and generalization
performance.

XGBoost emerged as the best-performing model with superior performance across most evaluation metrics. On the
test set, XGBoost achieved an AUC of 0.854, accuracy of 0.798, sensitivity of 0.812, specificity of 0.785, positive
predictive value (PPV) of 0.785, negative predictive value (NPV) of 0.812, and Fl-score of 0.798. Random Forest
demonstrated the second-best performance with a test set AUC of 0.851, though with slightly lower balanced perfor-
mance metrics. LightGBM showed comparable performance to XGBoost with a test set AUC of 0.846, while Logistic
Regression exhibited the most modest performance with a test set AUC of 0.722.

ROC curve analysis (Figure 4A and B) visually confirmed the superior discriminative ability of tree-based ensemble
methods compared to traditional logistic regression. The test set ROC curves (Figure 4A) demonstrated that XGBoost,
Random Forest, and LightGBM achieved similar and substantially higher AUCs than logistic regression, with XGBoost
showing the most favorable sensitivity-specificity trade-off across different threshold values.

Overfitting assessment revealed acceptable generalization performance across all models. XGBoost demonstrated an
AUC gap of 0.044 between training (0.897) and test (0.854) performance, indicating well-controlled overfitting despite
its complexity. Random Forest showed a larger AUC gap of 0.054, while LightGBM and Logistic Regression demon-
strated gaps of 0.050 and 0.020, respectively. The relatively modest overfitting in XGBoost, combined with its superior
test set performance, supported its selection as the optimal model.

Table 2 Machine Learning Model Performance Comparison

Model Dataset | AUC | Accuracy | Sensitivity | Specificity | PPV | NPV | Fl AUC Gap | Grade
Logistic Regression | Training | 0.703 | 0.657 0.610 0.702 0.665 | 0.650 | 0.636 | 0.020 Fair
Test 0.722 | 0.676 0.692 0.661 0.664 | 0.690 | 0.678 Fair
Random Forest Training | 0.905 | 0.817 0.816 0.819 0.814 | 0.821 | 0.815 | 0.054 Excellent
Test 0.851 | 0.782 0.855 0.711 0.741 | 0.835 | 0.794 Good
XGBoost Training | 0.897 | 0.814 0.814 0.815 0.810 | 0.818 | 0.812 | 0.044 Good
Test 0.854 | 0.798 0.812 0.785 0.785 | 0.812 | 0.798 Good
LightGBM Training | 0.895 | 0.812 0.784 0.840 0.826 | 0.800 | 0.804 | 0.050 Good
Test 0.846 | 0.777 0.744 0.810 0.791 | 0.766 | 0.767 Good

Notes: AUC Gap = Training AUC - Test AUC. Performance grade: Excellent (20.9), Good (0.8-0.89), Fair (0.7-0.79), Poor (<0.7).
Abbreviations: AUC, Area Under ROC Curve; PPV, Positive Predictive Value; NPV, Negative Predictive Value.
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A. ROC Curves - Test Set B. ROC Curves - Training Set

1.00 1.00

0.756 0.75
2 2
= =
2 o5 B 05
(=1 c
Q 3
»n (7]

LightGBM (AUC = 0.846) LightGBM (AUC = 0.895)
0.25 == | ogistic Regression (AUC = 0.722) 0.25 == Logistic Regression (AUC = 0.703)
== Random Forest (AUC = 0.851) == Random Forest (AUC = 0.905)
XGBoost (AUC = 0.854) XGBoost (AUC = 0.897)
0 0
0 0.25 0.5 0.75 1.00 0 0.25 0.5 0.75 1.00
1 - Specificity 1 - Specificity
C. Calibration Curves with Brier Scores D. Confusion Matrix - XGBoost (Test Set, 6=0.55)
Predicted
CAS No CAS
1.00
40
0.75 No CAS
(16.8%)
2
3
©
Q
e s
a 3
= 0.5 3
4
Q
17
el
[e]
LightGBM (Brier = 0.165) 44 10
0.25 == | ogistic Regression (Brier = 0.215) CAS
== Random Forest (Brier = 0.160) (1 85%) (42%)
XGBoost (Brier = 0.162)
0

0 0.25 0.5 0.75 1.00
Predicted Probability

Figure 4 Model Performance Comprehensive Comparison. Comprehensive performance comparison of four machine learning models for CAS prediction. (A) ROC curves
for test set performance, with each colored line representing one model and AUC values displayed in the legend. (B) ROC curves for training set performance of the same
four models. (C) Calibration curves comparing predicted probabilities (x-axis) with observed probabilities (y-axis) for all models, with Brier scores shown in the legend and
the diagonal dashed line representing perfect calibration. (D) Confusion matrix for XGBoost model on test set, displaying true/false positives and negatives with both
absolute counts and percentages. Color intensity indicates the magnitude of each cell value.

Model calibration analysis (Figure 4C) revealed that XGBoost achieved excellent calibration with a Brier score of
0.162, indicating excellent agreement between predicted probabilities and observed outcomes. The confusion matrix for
XGBoost (Figure 4D) on the test set using the optimal threshold of 0.55 demonstrated well-balanced performance with
44 true positives, 40 false positives, 144 true negatives, and 10 false negatives, corresponding to sensitivity of 81.5% and
specificity of 78.3%.

Optimal Model Validation and Clinical Utility
Comprehensive validation of the XGBoost model was conducted through rigorous cross-validation and multiple analytical
approaches to ensure robustness and clinical applicability (Figure 5). The validation process encompassed performance
stability assessment, learning curve analysis, calibration improvement, and clinical decision utility evaluation.

Five-fold cross-validation demonstrated consistent and stable performance across different data subsets (Figure SA and B).
The training set ROC curves (Figure 5A) showed high performance with AUCs ranging from 0.885 to 0.921 across the five
folds, while validation set performance (Figure 5B) maintained good consistency with AUCs between 0.743 and 0.824. The
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Figure 5 XGBoost Model Validation and Clinical Utility. Comprehensive validation of XGBoost model performance across multiple evaluation metrics. (A) ROC curves for
training sets across 5-fold cross-validation, with each colored line representing one fold and AUC values displayed in the legend. (B) ROC curves for validation sets across
5-fold cross-validation, showing model performance on held-out data for each fold. (C) ROC curve for the final model evaluated on the independent test set. (D) Learning
curves plotting AUC performance against training sample size, with red line showing training performance and blue line showing validation performance. (E) Calibration
curve comparing predicted probabilities (x-axis) with observed probabilities (y-axis), with the diagonal dashed line representing perfect calibration. Brier Score and Hosmer-
Lemeshow p-value are displayed. (F) Decision curve analysis showing net benefit (y-axis) across different threshold probabilities (x-axis) for three strategies: treat all patients
(blue), treat none (green), and model-guided decisions (red).

final model achieved a test set AUC of 0.854 (Figure 5C), confirming excellent discriminative ability on completely
independent data. The average validation AUC of 0.784 + 0.033 across folds demonstrated acceptable variance, indicating
robust model stability.
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Learning curve analysis (Figure 5D) revealed that model performance improved steadily with increasing sample size
and reached a plateau, suggesting that the current dataset size was adequate for model training. The convergence of
training and validation curves indicated well-controlled overfitting, with the final gap between training and validation
performance remaining within acceptable limits. This analysis confirmed that the model would benefit from additional
data but performed optimally given the current sample size.

Model calibration was significantly improved through temperature scaling, addressing the initial calibration concerns
(Figure SE). The post-calibration analysis showed excellent agreement between predicted probabilities and observed out-
comes, with a Hosmer-Lemeshow p-value of 0.089 and improved Brier score. The calibration curve demonstrated near-perfect
alignment with the ideal diagonal line, indicating that predicted probabilities accurately reflected true CAS risk.

Decision curve analysis revealed substantial clinical utility across a wide range of threshold probabilities (Figure 5F). The
XGBoost model demonstrated superior net benefit compared to “treat all” and “treat none” strategies for threshold prob-
abilities below 65%. At the optimal threshold of 0.55, the model provided a net benefit of 0.162, indicating significant clinical
value for risk stratification. The analysis suggested that using this model for screening would result in better clinical outcomes
than universal screening or no screening approaches, particularly for patients with moderate risk profiles.

The comprehensive validation results confirmed that the XGBoost model achieved optimal balance between sensi-
tivity and specificity while maintaining excellent calibration and demonstrating clear clinical utility for CAS risk
assessment in elderly OSA patients.

Model Interpretability and Clinical Insights

SHAP (SHapley Additive exPlanations) analysis was employed to provide comprehensive model interpretability and
elucidate the clinical mechanisms underlying CAS prediction in elderly OSA patients (Table 3 and Figure 6). This
analysis revealed not only the relative importance of individual features but also their complex interactions and biological
pathways contributing to CAS risk.

Feature importance analysis identified systolic blood pressure (SBP) as the most influential predictor with a SHAP
importance of 0.3148, confirming its central role in CAS pathogenesis (Figure 6A and Table 3). T90 emerged as the second
most important feature (SHAP importance: 0.2660), highlighting the critical role of nocturnal hypoxemia severity over
traditional OSA metrics like AHI. Alcohol consumption ranked third (SHAP importance: 0.2187), suggesting multifactorial
mechanisms involving vascular inflammation and metabolic dysfunction. The complete ranking included mean oxygen
saturation (MSpO2: 0.1725), BMI (0.1616), age (0.1553), platelet count (0.0872), and smoking status (0.0286).

SHAP dependence plots revealed complex nonlinear relationships between key predictors and CAS risk (Figure 6C).
The SBP dependence analysis demonstrated that CAS risk increased exponentially above 140 mmHg, with significant
interactions with T90 severity. Beeswarm plots (Figure 6B) illustrated the distribution of feature effects across the patient
population, showing that higher SBP values (orange points) consistently drove predictions toward higher CAS risk, while

lower values (purple points) were protective.

Table 3 XGBoost Feature Importance and Clinical Interpretation

Feature | SHAP Importance | Rank | Clinical Category | Pathophysiological Pathway Evidence Level
SBP 0.3148 | Cardiovascular Hypertension — Endothelial dysfunction | Strong

T90 0.2660 2 OSA-Related Hypoxia — Oxidative stress Strong

Alcohol | 0.2187 3 Risk Factors Multi-factorial mechanism Emerging
MSpO2 0.1725 4 OSA-Related Oxygen desaturation severity Moderate

BMI 0.1616 5 Risk Factors Metabolic dysfunction Moderate

Age 0.1553 6 Risk Factors Vascular aging process Strong

Plt 0.0872 7 Hematological Inflammation — Thrombosis Moderate
Smoking | 0.0286 8 Risk Factors Endothelial damage Emerging

Notes: SHAP = SHapley Additive exPlanations values representing feature importance for model predictions. Evidence levels based on established
literature supporting the association between each feature and carotid atherosclerosis. — indicates the pathophysiological pathway direction from cause
to effect.

2362  hes Nature and Science of Sleep 2025:17



Cai et al @

A. SHAP Feature Importance

Smoking 4

Pit

Age 4

BMIA

Features

MSp0O24

Alcohol 4

T90 1

SBP 4

o
o
=)

Mean |SHAP Value|

C. SHAP Dependence Plot - SBP

o
)

o
w

Color by: T90
.
.
K} °
0.8 . —
°y %o _o
e g®
ce e * .
w|2® .
0.44 L

SBP SHAP Value

T90

004 ®e
.
.\ L] .s
:‘0 s o'?("
?
2 “
0.4 b3
2.5 0.0 2.5 5.0
SBP Value
E. SHAP Force Plot - Sample 1
3 other features Alcohol=2.07 T90=-1.94 MSp02=0.531 SBP=0.119
Plt=-1.82
T
1 +0.507
1(x)=0.667
E[f(x)]=-0.014
0.0 05 10
SHAP value

B. SHAP Beeswarm Plot

SEF L. ove BALe 9% WPNICe o0 o o
T90{ (3 < § ISLEN N
Alcohol 4
g MSpO2 4 2 £ X5
=
3
s BMI{ oo e -“uﬂ .
Ageq
Pit
Smoking 4
0.5 0.0 0.5 1.0
SHAP Value
D. SHAP Individual Explanation
Sample 1 - Pred: 0.661
T90
Alcohol 4
MSp02
3
2 g Pitq
]
1 T
3]
0 L seP
-1
2 Age 1
BMI
Smoking 4 I
0.0 0.2 0.4
SHAP Value
Impact . Negative . Positive
F. SHAP Waterfall Plot - Sample 1
f(x)=0.667
T90 = -1.94 | +0.507 >
Alcohol = 2.07 +0.216 y
mspoz=0531{  (RER
sep=0119] RORER
Age = 0.0048 [+0.08)
BMI = 0.0534 D
Smoking = -0.824 ‘
E[f(x)}=-0.014
0.0 02 0.4 06
SHAP value

Feature value

High

Figure 6 SHAP Model Interpretability Analysis. SHAP interpretability analysis of the XGBoost model. (A) Bar plot showing feature importance ranked by mean absolute
SHAP values. (B) Beeswarm plot where each point represents one patient, with horizontal position indicating SHAP value and color representing feature value magnitude
(purple=low, Orange=high). (C) Dependence plot showing the relationship between SBP values (x-axis) and corresponding SHAP values (y-axis), with points colored by T90
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cumulative effect of SHAP values from baseline expectation to final prediction probability.

Individual patient explanations (Figure 6D—F) demonstrated the model’s ability to provide personalized risk assess-
ments. Waterfall plots (Figure 6F) showed how each feature contributed to moving individual predictions away from the
baseline risk, while force plots (Figure 6E) visualized the balance between risk-increasing and risk-reducing factors for
specific patients. These visualizations confirmed that the model integrates multiple clinical domains—cardiovascular
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(SBP), OSA-specific (T90, MSpO2), demographic (age, BMI), lifestyle (alcohol, smoking), and hematological (platelet
count)—to generate individualized risk estimates.

The SHAP analysis revealed distinct pathophysiological pathways underlying CAS development in elderly OSA
patients (Table 3). Cardiovascular mechanisms were primarily driven by hypertension-induced endothelial dysfunction,
while OSA-related pathways involved hypoxia-mediated oxidative stress and vascular inflammation. Risk factor inter-
actions suggested that intermittent hypoxia (T90) amplified the harmful effects of elevated blood pressure, creating
synergistic risk profiles in the most vulnerable patients.

Clinical insights from the interpretability analysis indicated that CAS risk prediction in elderly OSA patients requires
consideration of both traditional cardiovascular risk factors and OSA-specific pathophysiological markers. The promi-
nence of T90 over AHI suggests that hypoxemia severity may be more clinically relevant than apnea frequency for
cardiovascular risk stratification. Furthermore, the model’s ability to capture complex feature interactions provides
a more nuanced understanding of CAS risk than traditional linear approaches, supporting its potential utility for
personalized cardiovascular risk assessment in sleep medicine practice.

Discussion

This study represents the first machine learning-based prediction model specifically developed for carotid atherosclerosis
(CAS) risk assessment in elderly patients with obstructive sleep apnea (OSA). Our XGBoost model achieved discrimi-
native performance with an AUC of 0.854, which is comparable to recent machine learning applications in CAS
prediction. The prevalence of CAS in our elderly OSA cohort (22.8%) underscores the clinical importance of systematic
risk stratification in this vulnerable population, particularly given that many patients remain asymptomatic until severe
cardiovascular events occur.

Sample representativeness in our study presents both strengths and limitations. Our multicenter design encompassing six
tertiary hospitals across different Chinese regions, including Beijing and Gansu, provides reasonable geographic coverage with
patients referred from nationwide. The demographic profile of our elderly OSA cohort (mean age 66.59—69.52 years, ~60%
male) aligns with reported characteristics of Chinese elderly OSA populations. However, the tertiary care setting may introduce
referral bias toward more severe cases with higher comorbidity burden, potentially explaining the elevated CAS prevalence
(22.8%) compared to community-based elderly OSA patients. Additionally, our sample predominantly consists of Han Chinese
individuals, which may limit generalizability to other ethnic populations with different genetic and lifestyle risk profiles.

Recent machine learning applications for CAS prediction have demonstrated varying but generally promising results
across different populations. Machine learning models for CAS early screening using health check-up data achieved
AUCs of 0.860 in internal validation and 0.851 in external validation with GBDT algorithms.** Excellent discrimination
has been reported when applying machine learning approaches to identify carotid subclinical atherosclerosis endotypes,
with C-statistics ranging from 0.75 to 0.85 depending on the endpoint.?' An XGBoost ensemble model for carotid plaque
prediction in asymptomatic populations achieved AUC of 0.864 with sensitivity of 86.8% and specificity of 85.9%.%
AUCs of 0.755-0.759 across development and validation datasets were obtained in a risk prediction model for carotid
atherosclerosis progression in early middle-age adults.”> Our model’s performance falls within this range of published
studies, though the direct comparison is limited by differences in study populations, particularly our focus on elderly
OSA patients rather than general populations.

The prominence of systolic blood pressure (SBP) as our strongest predictor (SHAP importance: 0.3148) confirms its
central role in CAS pathogenesis and aligns with established cardiovascular epidemiology. A systematic assessment of
polysomnographic indices with blood pressure in the Multi-Ethnic Study of Atherosclerosis revealed that long-term
hypertension leads to vascular wall damage and endothelial dysfunction, promoting atherosclerotic plaque formation.*®
The importance of discriminating between systolic/diastolic hypertension and isolated systolic hypertension in elderly
populations has been emphasized, with particular significance noted for elevated systolic pressure in older adults.?” The
interaction between blood pressure and nocturnal hypoxemia revealed in our SHAP dependence plots suggests that
patients with both elevated blood pressure and severe oxygen desaturation face exponentially increased CAS risk,
supporting a synergistic rather than additive relationship.
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The emergence of T90 as the second most important predictor (SHAP importance: 0.2660) represents a significant
finding that challenges the traditional reliance on AHI for cardiovascular risk assessment in OSA patients. Direct
evidence has shown that the severity of oxygen desaturation is predictive of carotid wall thickening and plaque
occurrence, with T90 serving as a more comprehensive indicator of tissue hypoxia severity and duration compared to
traditional AHI.'® Recent studies have further supported this finding, with nocturnal hypoxemic burden, particularly T90,
being associated with incident major adverse cardiovascular events in patients with type 2 diabetes, while AHI showed
no significant association.”® Independent associations have been found between nocturnal hypoxemia parameters,
including minimum oxygen saturation <90% and T90 >5%, and coronary microvascular dysfunction, whereas no

1.%° These findings suggest that the pathophysiological impact of OSA

significant association was observed with AH
on cardiovascular disease may be better captured by hypoxemia metrics than by respiratory event frequency.

The inclusion of alcohol consumption as the third most important predictor (SHAP importance: 0.2187) reflects the
complex multifactorial mechanisms underlying CAS development in elderly OSA patients. While specific literature on
alcohol-CAS relationships in OSA populations is limited, alcohol’s effects encompass vascular endothelial function
modification, inflammatory response activation, and alterations in sleep architecture and upper airway muscle tone. These
mechanisms may synergistically interact with OSA-related pathophysiology to accelerate atherosclerotic progression in
elderly patients.

Age emerged as a significant predictor despite our study population being exclusively elderly (=60 years), indicating
that even within this age-restricted cohort, advancing age continues to confer incremental CAS risk. According to
a national study of Chinese adults, age represents an independent risk factor for carotid atherosclerosis across all age
groups.’® The mechanisms of dysfunction in the aging vasculature have been well-characterized, showing that aging
leads to reduced vascular elasticity and endothelial dysfunction, which may synergistically interact with OSA-related
vascular damage to accelerate atherosclerotic progression.'

The significance of hematological markers, particularly platelet count (SHAP importance: 0.0872), reflects OSA’s
systemic impact on hemostasis and inflammation. Research has established that OSA-related intermittent hypoxia
stimulates sympathetic nervous system activation, promoting platelet activity and aggregation, while chronic hypoxia
activates circulating leukocytes that contribute to vascular inflammation through cytokine release and endothelial
adhesion.>! These findings provide biological plausibility for the observed associations and suggest that OSA’s cardio-
vascular risk extends beyond traditional risk factors to encompass prothrombotic and proinflammatory pathways.

Several important limitations must be acknowledged. Our study’s cross-sectional design precludes assessment of
temporal relationships between OSA parameters and CAS development, limiting causal inference. The sample derives
primarily from Chinese tertiary medical centers, which may limit generalizability to other ethnic groups, healthcare
systems, and community-based populations. Elderly OSA patients in tertiary care settings may represent more severe
cases with higher comorbidity burden compared to community populations, potentially affecting the observed associa-
tions. The age restriction to patients >60 years limits applicability to younger OSA populations who may exhibit different
risk factor profiles and atherosclerotic progression patterns.

Our findings have several clinical implications. The three-tier risk stratification approach suggested by our decision
curve analysis could facilitate clinical decision-making: high-risk patients (predicted probability >55%) warrant immedi-
ate carotid ultrasound and aggressive cardiovascular risk factor modification; intermediate-risk patients (25-55%) should
receive carotid ultrasound within six months and standard cardiovascular management; and low-risk patients (<25%) can
be managed with routine follow-up focused on OSA therapy adherence. The prominence of T90 over AHI supports
optimizing OSA therapy based on oxygenation improvement rather than solely reducing apnea frequency. Until external
validation is completed, we recommend implementing this model as a decision-support tool alongside clinical judgment,
with periodic monitoring of prediction accuracy and local calibration adjustments as needed.

Future research priorities include external validation in international cohorts representing different ethnic back-
grounds and healthcare systems. To address this limitation, we are planning to collect data from additional elderly
OSA patients across multiple centers for external validation of our model. Longitudinal studies to establish temporal
relationships and validate prognostic value are also essential next steps. The integration of additional biomarkers, genetic
risk scores, or novel cardiovascular markers may further improve prediction accuracy. Given the aging global population
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and increasing OSA prevalence, developing specialized approaches for elderly OSA patients represents an important area
for continued investigation, as highlighted in recent comprehensive reviews.*>

In conclusion, this study establishes a foundation for precision medicine approaches in sleep-related cardiovascular
risk assessment for elderly OSA patients. The integration of OSA-specific parameters with traditional cardiovascular risk
factors offers a more comprehensive understanding of atherosclerotic risk and supports the development of personalized
treatment strategies. While external validation and real-world implementation studies are essential next steps, our work
provides evidence for the feasibility and potential impact of machine learning-enhanced cardiovascular risk assessment in
this high-risk population.
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