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How effective and robust are various machine learning models at detecting OSAHS using pulse oximetry (SpO2) and heart rate 
variability (HRV) data, particularly when simulating real-world constraints like reduced recording time, lower signal quality, and 
noise?

INTRODUCTION
• Obstructive Sleep Apnea (OSAHS) is a common and dangerous condition, linked to heart failure 

and stroke.
• It is severely underdiagnosed, with an estimated 80% of moderate-to-severe cases remaining 

undiagnosed and untreated.[1]
• The “gold standard” diagnostic, Polysomnography (PSG), is expensive, complex, and not accessible 

for mass screening.
• Goal: We tested machine learning models using physiological signals, e.g., pulse oximetry (SpO2) 

and heart rate variability (HRV), that can be collected from wearables to find a robust, scalable 
screening method. We specifically tested the performance of these methods under real-world 
constraints, e.g., limited data, lower quality,  and signal noise.

METHOD
1. Dataset

• N = 6399 recordings from two public cohorts: Cleveland Family Study (CFS)[2] and Sleep 
Heart Health Study (SHHS).[3]

• Outcome: Binary classification (AHI >= 5 for OSAHS positive).
• Data Split: 80% Training, 20% Independent Test Set.

2. System Overview

1. Model Development
• Features: 41 features (Demographic, SpO2, and HRV).
• Models Tested: Logistic Regression, Gaussian Naive Bayes, Support Vector Machine (SVM), 

Random Forest (RF), XGBoost, and Multi-Layer Perceptron.
• Training: Nested 10-fold cross-validation with SMOTE to handle class imbalance.

2. Real-World Simulations: We tested the best model (XGBoost) against:
• Limited Data Availability: Full 8-hour data vs. 4h, 2h, 1h, and 30-min segments.
• Signal Fidelity: SpO2 sampling rates of 1 Hz vs. 0.5 Hz and 0.25 Hz.
• Signal Type: SpO2-Only vs. HRV-Only features, and a combination of the features.

Overview of the proposed system: Wearable sensors (pulse oximeter, smart watch) record SpO2 and pulse rate. 
Features are extracted and fed into an ML model to detect OSAHS and provide clinical interpretation

RESULT
• Signal Visualization

• XGBoost was the Best Classifier 

Raw ECG and SpO2 signals for a representative (Top) OSAHS Positive patient (AHI: 53.15) and 
(Bottom) OSAHS Negative patient (AHI: 1.59). Note the clear desaturations and relatively noisy 

ECG in the top plots.

Model F1-Score 
(Test)

Specificity 
(Test) AUC-PR (Test)

SVM 0.892 0.016 0.805
Random 
Forest 0.879 0.574 0.954

XGBoost 0.897 0.510 0.957

ROBUSTNESS
• Robust to Lower Sampling Rate and Shorter Data

• Performance did not decrease with a lower sampling rate. It improved slightly, with 0.25 Hz 
achieving the highest AUC-PR (0.970). This is ideal for low-power wearables.

• Performance shows graceful degradation with reduced data availability. It remains high (F1: 
0.885) with just 1 hour of data.

• Model Explainability (SHAP)

• Key Drivers: Predictions are driven by physiologically relevant markers:
• SpO2 Entropy (e.g., spo2_ShanEn, spo2_FuzzyEn): High signal irregularity pushes prediction to 

'Apnea’.
• Desaturation (e.g., spo2_time_below_80): More time spent below 80% oxygen strongly 

predicts 'Apnea’.

SHAP summary plot (top 5 features) for the XGBoost model.

• Visualizing Data Complexity

• The highly mixed group with complicated boundary requires a non-linear model like XGBoost.
• SpO2 Features Dominates

• The XGBoost using only SpO2 features performed nearly as well as the full model, while the 
HRV-only model’s performance dropped significantly.

RESULT contd.

• The XGBoost algorithm’s predictive power is primarily driven by SpO2 features.
• The system is highly robust to real-world constraints, maintaining strong performance with:

• Only 1 hour of recording data.
• SpO2 signal downsampled to 0.25 Hz.

• These findings show a strong potential for developing scalable, reliable, and accessible OSAHS 
screening tools using low-cost, consumer-grade wearable devices

CONCLUSION
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Precision-Recall (PR) and Receiver Operating Characteristic (ROC) curves for the XGBoost model on the 
independent test set, showing strong performance


