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Learning Objectives

Upon completion of this activity, participants should be able to: 
• Understand the need to monitor sleep early in patients with stroke

• Identify the importance of patient acceptance in sleep apnea screening

• Describe the advantages of machine learning and wearable devices for 
sleep apnea screening 



Background

Sleep facilitates:
• neural plasticity, learning, and 

memory consolidation.1-3

But, 50-70% of stroke survivors 
suffer from sleep apnea.4

Sleep is an essential factor in the 
stroke recovery process
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Background

Early Continuous positive airway 
pressure (CPAP) improves: 

• neurological and functional 
recovery.5-10

Therefore there is a need to 
address sleep apnea early in 
stroke.



Background

Current methods to screen apnea pose challenges in inpatient 
rehabilitation

• PSG and HSAT: resource intensive, low patient acceptance/comfort. 

• Questionnaires: risk assessment only. 



Our Research

This study aimed to address these limitations by developing and 
validating a sleep apnea screening system for individuals with stroke, 

utilizing wearable sensors and machine learning which could be 
worn by patients during early hospitalization and post-acute care



Devices

1ApneaLink Air HSAT 
2Advanced NeoNatal Epidermal (ANNE) Chest
3ActiWatch Spectrum watch 
4Advanced NeoNatal Epidermal (ANNE) Finger
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Device Acceptance (N = 76)

48 

(63%)

28 

(37%)

75 

(99%)

69 

(91%)

4.57 (±1.67)

4.25 (±2.01)

N = 76, collected as part of a larger clinical trial, 

SIESTA-Rehab (ClinicalTrials.gov: NCT04254484)



Device Timeline

s s+1 s+2 d-2 d-1 ds+3 d-3a

Study 

Consent

a: admission
s: Start of study
d: discharge



Devices for Machine Learning
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Acceleration

Temperature
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N = 48 with ApneaLink



Machine Learning: Feature Design

*
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Feature Design:
Example SpO2 PSD median frequency feature
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Machine Learning: Pipeline

Feature Selection:
Variance Threshold, 

SelectFromModel (Logistic Regression)
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Normal

Moderate

Severe

Normal

Moderate

Severe

Mild

Logistic Regression

Sleep Apnea Prediction

N=500
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Machine Learning: Results

3
Normal

Moderate

Severe
Vs. Best model:

Finger derived 
features



Model Deployment in Acute Care
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Model Deployment in Acute Care-
Validation

Normal

Moderate

Severe

3

Retrain:
on all but oneBest Performing Model:

Finger Sensor, set 3

Validate: 
on the one excluded



Impact of Abnormal Sleep

s s+1 s+2 d-2 d-1 ds+3 d-3s0
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• Efficiency

• Activity Count

• Wake After Sleep Onset

• Fragmentation

N = 8 with 
abnormal 

sleep



Model Deployment in Acute Care-
Results
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Model Deployment in Acute Care-
Results
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Conclusion

This work highlights the potential of integrating easy-to-use, 
non-invasive wearable technology, continuous recordings, and 

automated analyses into sleep apnea screening, offering a 
promising avenue for improving sleep, patient care, and 

outcomes.
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