
Unsupervised clustering
of sleep data

Background
• Current sleep scoring manual (AASM) is designed for the human eye.
• Limited information is extracted from polysomnographic data.
• Interscorer agreements are poor for patients with sleep disorders.

Aim
• Novel approach to cluster sleep data using 
unsupervised classification 
• Moving towards a data-driven sleep classifi-
cation system
• Application to non-standard cases 
(e.g. lucid dreaming)

Zhao Hui Koh1, Jasmine Walter1, Mu Sribanditmongkol1, Benjamin Fulcher3, Jennifer Michelle Windt2, 
Thomas Andrillon1, Ursula Voss4, Romain Holzmann5, Naotsugu Tsuchiya1

Methods

Result - Clustering

[1] Dean, D. A., Goldberger, A. L., Mueller, R., Kim, M., Rueschman, M., Mobley, D., ... & Surovec, S. (2016). Scaling up scientific discovery in sleep medicine: the National Sleep Research Resource. Sleep, 39(5), 1151-1164.
[2] Voss, U., Holzmann, R., Tuin, I., & Hobson, A. J. (2009). Lucid dreaming: a state of consciousness with features of both waking and non-lucid dreaming. Sleep, 32(9), 1191-1200.
[3] Fulcher, B. D., Little, M. A., & Jones, N. S. (2013). Highly comparative time-series analysis: the empirical structure of time series and their methods. Journal of the Royal Society Interface, 10(83), 20130048.
[4] Sleep Diagnostic Software [Online image]. Retrieved November 18, 2018 from https://images.philips.com/is/image/philipsconsumer/2780fa52f97249409475a80f01405625?wid=305&hei=172&$pnglarge$
[5] Berry, R. B. (2012). Fundamentals of sleep medicine. Philadelphia: Elsevier/Saunders.

Discussion

• Algorithm and humans scored 
30-second epochs with no prior knowl-
edge.
• Algorithm outperformed novice 
human scorers in 3 channels.
• Human experts had the best perfor-
mance in scoring 1 channel and 3 
channels.
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Psychophysics
Experiment

sleep.org CCSHS dataset [1]
(5 females, 5 males) random

Lucid dreaming dataset [2]
(3 participants, 6 nights)

• Our unsupervised approach has reasonable agreement with human ex-
perts and has strong potential in detecting lucid dreaming episodes. 
• This novel approach could analyse more complex features and richness 
of sleep data, compared to current sleep scoring practice.
• Automating our approach could improve consistencies in sleep scoring, 
potentially including sleep disorders data.
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Result - Lucid dreaming

• Clustering performance is better 
with EEG+EOG+EMG (600 features) 
than EEG alone (200 features)
• More features do not necessarily im-
prove performance (Accuracies between 
EEG+EOG and EEG+EOG+EMG are not sig-
nificantly different)
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• Algorithm scores align well with human scorers, especially in the sleep 
stage NREM3.
• Without prior knowledge, algorithm scored the Wake stage (determined 
by human scorers) with a combination of Wake, NREM1 and REM stages.

• Algorithm prediction of the approximate occurrence of lucid dreaming.
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hctsa operation/feature
Continuous wavelet transform (db3)
PCA in an embedding space

(2nd k-means clustering)(manual inspection)

Lucid dreaming episode 
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