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Brain as a Complex System
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Whole rain dynaics

EEG signals
EEG allows us to characterize how the brain’s collective organization
changes across different states.
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Motivation

Cognitive functions

Human brain

— External factor (anesthesia)

— > Neurodevelopment disorder

Understanding the
relationship between brain
states and statistical
characteristics of brain
signals is both scientifically
and clinically important.

How can we quantitatively measure
the complexity of different brain
states and use that information to
distinguish them from EEG
recordings?
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Two independent datasets of EEG recordings:
(i) Obtained from subjects undergoing a general anesthesia protocol,

(i) Acquired in the resting state from healthy control subjects and
individuals with inattentive-type attention deficit hyperactivity disorder
(ADHD), at eyes-open and eyes-closed conditions.
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Human brain

Two independent datasets of EEG recordings:
(i) Obtained from subjects undergoing a general anesthesia protocol,
(i) Acquired in the resting state from healthy control subjects and

individuals with inattentive-type attention deficit hyperactivity disorder
(ADHD), at eyes-open and eyes-closed conditions.
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Ordinal-pattern analysis faces limitations when applied to high-dimensional
time series.

It is important to identify a representative low-dimensional time series that
sufficiently captures the essential information embedded in high-dimensional

EEG recordings.

Recent research® has identified two principal modes of information flow from
EEG phase dynamics: top-down flow mode and bottom-up flow mode.

EEG phase dynamics allows high-dimensional multichannel EEG data to be
effectively represented by the time series of a dominant principal mode.

Park, Y., Cha, Y., Kim, H., Kim, Y., Woo, J. H., Cho, H., ... & Moon, J. Y. (2026). Current Biology, 36, 1.



Workflow

Human brain
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. General Anesthesia Data Il. Healthy controls and
Inattentive-type ADHD

e Eyes Closed (EC): 5-minute eyes-closed resting

state before anesthesia Healthy Brain Network (H BN) dataset
Propofol iniect: od (P): 5-minut . (released by the Child Mind Institute)
pf§§§f§1 Hifé,ft‘icfﬁn Pee L TIEEE PR L.M. Alexander, et al., Scientific Data 4 (2017) 1.
* Il;losfkgrf Consciousness (LOC): 3-minute post-LOC The resting-state protocol consists of five blocks,
each comprising 20 seconds of eyes-open
e Burst period (B): 5-minute extracted burst period followed by 40 seconds of eyes-closed.

e Suppression period (S): 5-minute extracted sup-
pression period

e Post-Burst /Suppression anesthesia (PBS): 5-
minute pre-recovery final state

e Recovery of Consciousness (ROC): 5-minute post-
ROC marker, return of consciousness

(data recorded at)
’ UNIVERSITY OF MICHIGAN MEDICAL SCHOOL

MICHIGAN MEDICINE

Ann Arbor, Michigan, USA

(Prof. UnCheol Lee)
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The permutation entropy derived from EEG phase dynamics can serve as an  the lower the depth of anesthesia®.
effective indicator of brain states in relation to consciousness levels.
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|l. Results Classification accuracy of a decision tree for distinguishing conscious

and unconscious states in the general anesthesia dataset

Permutation entropy as a
classification feature

» Shows a clear distinction between conscious (EC and ROC) and unconscious (B,S) states.
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» Brain states with different levels of consciousness are readily distinguishable.

» Permutation entropy can serve as an effective feature for distinguishing between conscious and

unconscious states.

Accuracy (%)



l. Results: Comparison with raw data
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ll. Results: Healthy controls and Inattentive-type ADHD across
eyes-open and eyes-closed resting states
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ll. Results: Healthy controls and Inattentive-type ADHD across
eyes-open and eyes-closed resting states
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Concluding remarks

Permutation entropy distributions of EEG phase dynamics exhibit a clear dependence on brain
state.

In particular, conscious, inattentive-type ADHD, and eyes-closed conditions show lower mean
values and larger standard deviations of permutation entropy.

Permutation entropy computed directly from raw EEG data is highly sensitive to the choice of
embedding parameter and does not provide a consistent characterization of brain states. In
contrast, the phase-based representation yields a low-dimensional signal that preserves state-
dependent structure and enables robust estimation of ordinal pattern statistics.

The distinction between conscious and unconscious states can be reliably captured in the general-
anesthesia dataset.

In the resting-state dataset, eyes-open and eyes-closed conditions are distinguishable.
Classification between control and inattentive-type ADHD groups does not show clear separability.

Overall, permutation entropy derived from EEG phase dynamics provides an effective indicator of
brain states, particularly in relation to consciousness, while also highlighting its limitations for
identifying individuals with inattentive-type ADHD.
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for your kind attention!
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