Clinical Validation of ECG-Based Obstructive Sleep Apnea Screening Using Machine Learning UW Medicine

Yoav Nygate, MSc*, Matt Sprague, MSc*, Sam Rusk, BSc*, Chris Fernandez, MSc*, Nathaniel F. Watson, MD, MSc** DEPARTMENT OF NEUROLOGY

* EnsoData Research, Ensodata, Madison, W1, USA Y
** Department of Neurology, University of Washington School of Medicine, Seattle, WA «s e nSOd O TO N

Introduction Methodology Continued Figure 1. Bland Altman and Deming Regression analysis for ECG-based and PPG-based AHI determination
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Figure 2. Bland Altman and Deming Regression analysis for ECG-based and PPG-based TST determination

There is a substantial overlap between the population
undergoing cardiovascular diagnostic testing and those
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This provides the opportunity to identify cardiovascular
patients who are at risk for OSA and refer them for Results Conclusions
further testing and treatment. This approach has the Table 1. Performance of ECG-based and PPG-based Moderate-Severe OSA diagnosis.

potential to significantly enhance diagnostic throughput Sample Size e o . o
: ficity (%, 959 : : : : :
for OSA and improve care for a high-risk, underserved (N=225) Sensitivity (%, 95% 1) | Specificity (¥, 95% €1 The results confirm that a single-lead ECG, analyzed with a tailored deep learning model, can

population. AHI = 15 AHI< ECG PPG ECG PPG reliably detect moderate-to-severe OSA with high sensitivity and specificity in comparison to the

1 gold-standard.

Moderate-Severe 24 143 85.1 82.3 80.4 85.3
OSA (77.0, 93.2) (73.0, 90.5) (74.1, 86.7) (79.0, 90.9)

This study provides clinical validation for an ECG-based ML approach to screen for OSA.

This tool enables scalable screening of OSA in settings where overnight cardiovascular testing is
Methodology Table 2. Performance of ECG-based and PPG-based sleep staging. conducted, to accurately flag OSA and refer patients to further testing and therapy.

A Machine Learning (ML) system was developed Category | N (epochs) Sensitivity (%, 95% Cl) Specificity (%, 95% Cl) This method has the potential to be deployed for existing devices such as Holter monitors, or as part

utilizing over 100,000 diagnostic PSG studies with ECG PPG ECG PPG of smart wearables and bedside monitors that continuously record single lead ECG.

concurrently recorded ECG signals. The system 30.5 845 95 7 94.6
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automatically learn respiratory event patterns, as well as ez | aamoes 80.5 80.6 89.6 84.2 efforts and reach populations that are underserved by traditional sleep medicine services and help

sleep-stage-specific patterns from the ECG. The deep (80';810'7) (80';?'8) (89:;319'8) (84’;?'5) oridge the huge diagnostic gap in OSA, potentially reducing the burden of untreated OSA.

. : Deep NREM 14,212 _ . . . . . . .
Igarmng models takes as nput sequences of the ECG (80.4, 81.8) (674.690) | B37.940) | 48,950 ~uture work should focus on prospective trials to evaluate the impact of implementing this screening
signal and outputs the probability of respiratory events 89.7 83.1 97.7 97.3

within a window, as well as categorical probabilities for REM 21,822 89.3. 90.1) 2.6, 83.6) 976.97.8) | (97.2.97.4) tool on patient outcomes, as well as evaluating the robustness of the approach on various overnight
specific sleep stages.

Total 205.996 N/A N/A N/A N/A ECG devices (i.e different Holter monitors, as well as wearable ECG patches).




