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Background Methods

+ Sleep is essential for: Learning Data - DREAMT Dataset oK Londelence Response over fime " Neural Network
> Physical health » Collected from 100 participants at Duke Sleep Lab | Accuracy: 91%
> Cognitive performance » Participants wore Empatica E4 wristbands overnight|; , | F1Score: 0.75
o Emotional well-being » Collected metrics: § Recurrent Neural | Cohen Kappa: 0.53
- Polysomnography (PSG) is the gold - PPG: Source signal for BVP, HR and HRV A Net""‘?rgw : o
standard for sleep analysis > BVP: Heart rate (HR), heart rate variability (HRV) g Fccgracy: ) Decision Tree
> ACC: Movement intensity § 1 Score: 0.6 Accuracy: 60%
o o o — - EDA: Sympathetic nervous system activity " MNLM MM Cohen Kappa: 0.27 =1 Score: 0.6
o messire i sow—|— M LA e s o TEMP: Circadian rhythm/sleep phase detection »; ' Cohen Kappa: 0.4
/}_#,’j.\' R:: Derived Features: Rolling averages, std. devs, derivatives | | e (Minutes " | 2nd i 1st 1 3rd
7~ = "\ Temperature over Time | BVP over Time The Neural Network has the best metrics overall.
3/ //J\\ Recurrent Neural Network and Decision Tree has
= U\ L Agmmmy ) further optimizations that can be made to
& i \i / ”\\ 2 = @ Improve to be similar to the Neural Network.
S == e smois qg‘)%- 2 Sleep Stage Data (S097)
N~ sensor on finger & N — Real
et Invasive PSG test from [3] § y E Predicted
- Limitations: Expensive, invasive, and E S
conducted in clinical environments S o
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» Sleep Stages used in Sleep Analysis: u\
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Training Steps Data Processing

Take in a full-night's >Single Patients'> Removal of >Normalization>
sleep signal data invalid data
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Segment it into 30- /
Sleep second slices ' 0
StageS Include/Exclude ExtraCting ) Single Remove: Time (Minutes)

certain derived values person’s data out - M|SS|ng Va|ueS Normalize d Slngle
Predict the sleep of the dataset - Null Values person’s data

stage for each slice - Garbage Data
Test accuracy and

update parameters Next Step: Concatenate data back into a master dataset to
Model Decisions: train

Conclusion

* |t accurately classified common stages like
NREM Stage 2, but performed poorly on rarer
stages such as NREM Stage 3

* Planned Improvements:

Neural Network: : . .
Motivations & Objective + Picked for high Architectures |Neural Network Final > Analyze confusion matrices
accuracy potential Classification o Use weighting to better handle rare classes

* PSG is highly invasive. | . Common, there is a Used so far Neurg | DCSRStAge o Better train underrepresented stages
 Photoplethysmography (PPG) is a low- lot of neural network nput Vector | Network —{  Evaluate alternative architectures:

cost, wearable alternative: documentation . LSTM for better time-series analysis
o Uses light to measure blood volume » Lack of Explainability [ ] - CNN for better temporal signal analysis

changes to capture data about pulse rate Recurrent Neural l . . .
o Hybridized models to combine benefits

- Captured via wristbands or finger sensors Network: SYyRIRAESU T |
 This will significantly cut down on the time

Decision Tree
Input Vector

Recurrent Internal State

> Enables comfortable at-home monitoring » Benefits of NN
» Current Sleep Stage scoring is highly + Added bonuses in Secision Neural Network Final required to evaluate a nights worth of sleep,

labor intensive. processing signals Tree \_ Classification while improving the quality of sleep evaluated.

where the previous Recurrent | ©leep Stage

Objective:
) _ _ state matters Input Vector ]—* Neural —’D
o Take in a full-night PPG signal Decision Tree: | Network

o Segment it into 30-second epochs . Highly explainable
o Predict the sleep stage per segment with simple algorithms
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