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Introduction

The objective of this work is to integrate scientific
research and engineering principles to advance
Engineering Education.
The research project is, therefore, to evaluate less
complex biological systems that tend to have
reduced entropy.
EX: A person whose heart is unhealthy will have
a lower amount of entropy in their cardiac
cycles compared to someone with a healthy
heart.
Obijective: To further examine this theory the sleep
data of many subjects was examined using
electroencephalogram (EEG) to determine entropy
as a person falls into deep sleep.
Sleep scoring can help identify sleeping disorders,
like insomnia.
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1.Example of sleep scoring

e Sleep Stages

o W: Wakefulness, when a person is awake.

o N1/N2: Represent light sleep

o N3/N4: represent deep sleep

o R: Rem cycle where a person dreams heaviest.
High-rate body movement, eye movement, and
heart rate.

e Entropy

o Approximate Entropy (ApEn) : Calculates the
number of similar values between two
sequences to find repetitive patterns. More
repetitive patterns mean less entropy.
Multiscale Entropy (MSE) : Calculate entropy
over multiple time scales which are created by
averaging a series of data points.

m EX: (X1 +X2)/2

Engineering
Proceedures

o Matlab and its plugin EEGLAB is used to import

data, process it, and calculate the entropy values.

e Subject data is obtained from the publicly available

Sleep-EDF Database Expanded, which contains

roughly 20 hours of EEG recording for 153 different

recordings total.

Apply filter to remove
pasic artifacts

| ow pass filter of 35 HZ
High pass filter of .3 HZ

Filtering

Events are created to signify
sleep stage

30 second Segments (or
epochs) are created around
each sleep stage

Segmenting

Approximate and
Multiscale Entropy values
are calculated for each
sleep stage

The average entropy for a
stage is then found

Calculations

e The method outlined above 1s mainly based on
fundamental engineering principles that is typically
required for analyzing Engineering problems.

Results and Engineering

Data Analysis

| Sleep stage 1-4 show progressively lower
approximate entropy values, until sleep stage R,
where it increases as shown in figure 2.

Multiscale entropy follows the same trend for the
first few scale factors before reversing towards the
end as shown in figure 3.

This reversal in entropy may hint at hidden
complexities in deeper stages of sleep that may
reflect important brain activity.
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2.(A).Average Approximate Entropy for channel Fpz-Cz
for each night.. (B) Average Approximate Entropy for
Chanel Pz-Oz for each night. Error bars represent
standard error.

Figure #3
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2.(A).Average Multiscale Entropy for channel Fpz-Cz for
each stage across scale factors. (B) Average Multiscale
Entropy for Chanel Pz-Oz for each stage across scale
factors.

Conclusions

Approximate Entropy results are mostly consistent
with the level of activity observed in each sleep
stage with deeper levels of sleep corresponding to
lower levels of entropy.

Multiscale Entropy reveals a potentially more
complex system at play with deeper stages in
sleep.

The correlation between sleep stages and entropy
can be used for automated sleep scoring by
providing features that help identify individual
sleep stages. This may also prove useful in the
training of sleep technicians by providing a
method of checking their hypnograms with an
external source.

This will also improve the knowledge and
education of sleep technicians and engineers,
providing them with new methods of analyzing
sleep.

The learning components from this research are:
(1) Application of Engineering Principles and
Procedures and (ii) Engineering Data analysis.
For the advancement of engineering education,
future projects may apply this research to further
the technique of sleep scoring and diagnosis.

Bibliography

. Goldberger, A., et al. "PhysioBank, PhysioToolkit, and PhysioNet:

Components of a new research resource for complex physiologic
signals. Circulation [Online]. 101 (23), pp. €215—e220." (2000).

. B Kemp, AH Zwinderman, B Tuk, HAC Kamphuisen, JJL Oberye.

Analysis of a sleep-dependent neuronal feedback loop: the
slow-wave microcontinuity of the EEG. IEEE-BME
47(9):1185-1194 (2000).

. Costa, Madalena, et al. “Multiscale Entropy Analysis of Biological

Signals.” Physical Review. E, Statistical, Nonlinear, and Soft
Matter Physics, U.S. National Library of Medicine, Feb. 2005,
www.ncbi.nim.nih.gov/pubmed/15783351.

. RazerM / CC BY-SA

(https://commons.wikimedia.org/wiki/File:Sleep Hypnogram.svg)(
http://creativecommons.org/licenses/by-sa/3.0/)

. Richman JS, Moorman, JR (2000) Physiological time series

analysis using approximate entropy and sample entropy. Am J
Physiol 278:H2039-H2049

. Abasolo D, Hornero R, Espino P, Alvarez D, Poza J (2006)

Entropy analysis of the EEG background activity in Alzheimer’s
disease patients. Physiological Measurement 27:2417?53.

. Molina-Pico A, Cuesta-Frau D, Aboy M, Crespo C, Mir?Martinez

P, Oltra-Crespo S (2011) Comparative study of approximate
entropy and sample entropy robustness to spikes. Artificial
Intelligence in Medicine 53:97706.

. Kulkarni, Nilesh & Bairagi, Vinayak. (2015). Electroencephalogram

based diagnosis of Alzheimer Disease.
10.1109/ISC0O.2015.7282275.

printed by WlegaXPPxrint Inc. www.postersession.com



http://www.ncbi.nlm.nih.gov/pubmed/15783351
https://commons.wikimedia.org/wiki/File:Sleep_Hypnogram.svg

