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Sleep Monitoring: A Modern Need
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Sleep disorders and stroke: A relationship under the scanner

« Nitin K. Sethi, Associate Professor of Neurology, New York-Presbyterian Hospital, Weill Cornell Medical Center,
New York, N
Submitted October 05, 2016
I read with interest the review on the role of sleep-disordered breathing (SDB) and sleep-wake disturbances for
stroke and stroke recovery. (1] Studies exploring the effect of sleep disorders, such as obstructive apnea and
insomnia on stroke incidence and severity, and the treatment of these sleep disorders on stroke recovery have
reported mixed results. Patients with acute stroke may manifest a higher grade of SDB (AHI>10). This may be on
account of depressed sensorium, metabolic changes, and hemodynamic changes occurring in the acute-stroke
setting. The same patient may manifest a lower grade of SDB in the subacute and chronic phases of stroke. Sleep
disorders are modifiable risk factors for stroke; early diagnosis and treatment are prudent and easy to implement
measures. Time-stratified studies looking at the relationship between SDB and stroke are needed.

1. Hermann DM, Bassetti CL. Role of sleep-disordered breathing and sleep-wake disturbances for stroke and stroke
recovery. Neurology 2016;87:1407-1416.
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Sleep disorders as core symptoms of
depression

- David Nutt, DM, FRCP, FRCPsych, FMedSci ,' Sue Wilson, PhD, and
Louise Paterson, PhD 3
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How Sleep Studies Are Done?
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Automatic Sleep Staging
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Longitudinal Sleep Monitoring
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Sequence-to-Sequence Sleep Staging

One-to-One

Phan et al, TNSRE, 2019.
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Sequence-to-Sequence Sleep Staging
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Automatic Sleep Staging

Multi-view Learning

Explanability and Uncertainty

Performance
Method Input Acc. M;;:ro kappa
SeqSleepNet EEG-EOG-EMG | 87.0 83.2 | 0.814
SeqSleepNet EEG-EOG 86.5 82.4 | 0.808
SeqSleepNet EEG 84.5 79.8 | 0.778
SeqSleepNet EOG 83.9 79.1 | 0.769
Attentional RNN | EEG-EOG-EMG | 83.5 78.3 0.76
1-Max CNN EEG-EOG-EMG | 82.7 77.6 0.75
Chambon Net EEG-EOG-EMG | 79.9 76.7 0.73
Tsinalis Net EEG-EOG-EMG | 77.9 70.4 0.68

C. O'Reilly et al., “Montreal archive of sleep studies: An open-access resource for instrument benchmarking
& exploratory research,” Journal of Sleep Research, pp. 628-635, 2014
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Necessity of Going Wearables

Traditional PSG Commercial devices

Around-the-ear EEG In-ear EEG
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Around-the-ear EEG (cEEGrid)

R3 _R2

L ‘ R1 [ cEEGrid print
(a) L8 ’tﬁé Eﬁé! ® Electrode
Ref./Ground
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® ' — Difference

Mikkelsen et al., J. Sleep Res., 2019
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SeqSIeepNet on cEEGrld

Ex ; vlanability and Uncertainty

Method Input Acc. MF1 | kappa
SeqSleepNet EEG-EOG-EMG | 82.1 67.6 | 0.748
SeqSleepNet EEG-EOG 81.5 66.4 | 0.739
SeqSleepNet EEG 71.9 55.2 | 0.597
DeepSleepNet EEG-EOG-EMG | 65.6 57.3 | 0.535
DeepSleepNet EEG-EOG 65.4 57.4 | 0.534
DeepSleepNet EEG 42.5 30.3 | 0.195
Random Forest EEG-EOG-EMG — — —

Random Forest EEG-EOG 72.0 — 0.600
Random Forest EEG 70.0 — 0.580

Phan et al., TBME, 2019
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EarEEG

Mikkelsen et al., Sci. Rep., 2019
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SeqSleepNet on EarEEG
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Mikkelsen et al., arXiv:2104.04567, 2021
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Multi-view Learning
for Robustness
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XSleepNet for Multi-view Learning
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Phan et al., TPAMI, 2021.
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XSleepNet for Multi-view Learning
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XSleepNet for Multi-view Learning
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Performance
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Explanability and Uncertainty
for Trust and Interaction
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Self-attention

Vaswani et al., NIPS, 2017.
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Vaswani et al., NIPS, 2017.
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Self-attention
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Vaswani et al., NIPS, 2017.
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Transformer

MatMul Layer Norm

]
Softmax
Feed Forward
Network

Mask (opt) T‘
Layer Norm

( Scaled Dot-Product Attention D

i i 1l
[LinTear)j (Linearj [LinTear)

Scale

?J

MatMul

Multi-Head

0]

T T Attention
Q K \"
(a) Scaled dot-product attention (b) Multi-head attention (c) Transformer encoder

Vaswani et al., NIPS, 2017.



Explanability an
[e]e]e] Jele]e]

Sleep Transformer
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Interpretability
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Phan et al., arXiv:2105.11043, 2021.
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Uncertainty Quantificatio

@ Normalized entropy for uncertainty quantification:

H) = - ZC _ log(9ec)

=1Y° log C
y=(:% %53 2> HE =0
¥ =1(0,1,0,0,0) » H(§) =1

Phan et al., arXiv:2105.11043, 2021.
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Introduction

Uncertamty Quantlflcatlon

@ Normalized entropy for uncertainty quantification:

ZC . log(7c)

H(S’):— ClogC’

S’: (%7%7%5%5%) —)H(S}) =
y=1(0,1,0,0,0) = H(y) =

@ Network's decision confidence:

Conf(§) =1 - H(§)

Phan et al., arXiv:2105.11043, 2021.
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Confidence
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Phan et al., arXiv:2105.11043, 2021.
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Are we there yet?
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Agreement between SeqSleepNet
and human scorers

0.843 0.844 0.838 0.835 0.816 0.838 \2&

Agreement between different algorithms
to one another and human scorer

Mikkelsen et al., arXiv:2104.04567, 2021; Phan et al., 2021
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We are NOT there yet

@ Heterogeneous data

@ Domain adaptation

@ Personalization

@ Handling scorers’ disagreement
@ Interpretability

@ Uncertainty estimation

@ Privacy preservation

@ Sleep stages, but what are they?

31
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Sleep Staging, then What?

sleep quality
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@ Automatic assessment of sleep diseases
@ Mapping sleep patterns to outcome variables
@ Longitudinal monitoring

o Closed-loop treatment/feedback

32
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