
Boston University

OpenBU http://open.bu.edu

Boston University Theses & Dissertations Boston University Theses & Dissertations

2021

Self-organized criticality in brain

dynamics and network interactions

among organ systems

https://hdl.handle.net/2144/43982

"Downloaded from OpenBU. Boston University's institutional repository."



BOSTON UNIVERSITY

GRADUATE SCHOOL OF ARTS AND SCIENCES

Dissertation

SELF-ORGANIZED CRITICALITY IN BRAIN

DYNAMICS AND NETWORK INTERACTIONS AMONG

ORGAN SYSTEMS

by

JILIN WANG

M.A., Boston University, 2019
B.S., University of Science and Technology of China, 2015

Submitted in partial ful�llment of the

requirements for the degree of

Doctor of Philosophy

2021



© 2021 by
JILIN WANG
All rights reserved



Approved by

First Reader

Plamen Ch. Ivanov, PhD
Professor of Physics

Second Reader

B�ela Suki, PhD
Professor of Biomedical Engineering



Dedicated to my parents and everyone I love.

iv



Acknowledgments

First and foremost I am extremely grateful to my supervisors, Prof. Plamen Ch.

Ivanov for his invaluable advice, continuous support, and patience during my PhD

study. his immense knowledge and plentiful experience have encouraged me in all the

time of my academic research and daily life. I would also like to thank Dr. Bolun Chen,

Dr. Sergi Garcia-Retortillo, Mr. Congtai Hu, Dr. Fabrizio Lombardi, Dr. Rossella

Rizzo and Dr. Xiyun Zhang, for their suggestions and cooperation on my study. I

would like to thank all the members in the Keck Laboratory for Network Physiology

and Physics department at Boston University. It is their kind help and support that

have made my study and life in Boston a wonderful time. Finally, I would like to

express my gratitude to my parents and my girl friend. Without their tremendous

understanding and encouragement in the past few years, it would be impossible for

me to complete my study.

Sincerely,

Jilin Wang

v



SELF-ORGANIZED CRITICALITY IN BRAIN

DYNAMICS AND NETWORK INTERACTIONS AMONG

ORGAN SYSTEMS

JILIN WANG

Boston University, Graduate School of Arts and Sciences, 2021

Major Professor: Plamen Ch. Ivanov, PhD
Professor of Physics

ABSTRACT

Over the last decades sleep research has focused on epidemiological studies of how

di�erent factors a�ect sleep, and how sleep in
uences other physiologic and cognitive

functions. However, the complex dynamics of sleep stage transitions and arousals

which occur at time scales of seconds to minutes during healthy sleep and constitute

the sleep micro-architecture are not yet understood. I analyze long-term continuous

EEG recordings in rats and human, and dissect emergent signatures of criticality

in the dynamics of cortical rhythm bursts in relation to their correlation properties

and reciprocal coupling. I show that active states durations follow a power-law

distribution while the quiet states durations follow an exponential-like behavior. Such

emerging bursting activity in the brain rhythm dynamics described by power-laws and

exhibiting long-range spatio-temporal correlations has been proposed as an indication

of self-organized criticality (SOC).

To have a deeper understanding of SOC in cortical rhythm bursting dynamics,

it is essential to study the dynamical evolution of an entire network of physiologic

interactions in the context of di�erent physiologic states and pathologic conditions.

vi



The human organism comprises various physiological systems, each with its own

structural organization and dynamic complexity, leading to transient, 
uctuating

and nonlinear signals. Understanding integrated physiologic function as emergent

phenomena from complex interactions among diverse organ systems is the main focus

of a new �eld, Network Physiology. I apply Network Physiology approach and the

novel concept of time delay stability (TDS), and I demonstrate their utility to study

transient synchronous bursts in systems dynamics as a fundamental form of physiologic

network communications. My results demonstrate that during a given physiological

state, the physiological network is characterized by a speci�c topology and coupling

strength between systems. Probing physiological network connectivity and the stability

of physiological coupling across physiological states provide new insights on integrated

physiological function.
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Chapter 1

Introduction { Emergent behaviours of

spatiotemporal self-organization and

critical type dynamics in the brain

Over the last decades sleep research has focused on epidemiological studies of how

di�erent factors a�ect sleep, and how sleep in
uences other physiologic and cognitive

functions. Phenomenological studies at the system level, based on EEG and other

polysomnographic recordings, have been extensively used to identify sleep stages and

to quantitatively assess sleep (Carskadon et al., 2005). These investigations have

identi�ed major factors of sleep regulation, such as the homeostatic sleep drive, sleep

inertia, and circadian rhythms (Cannon, 1929; Hyndman, 1974; Borb and Achermann,

1999; Czeisler et al., 1999; Dijk and Czeisler, 1995). Phenomenological oscillatory

models have been developed to account for the diurnal and circadian sleep patterns at

scales of hours and days. However, the complex dynamics of sleep stage transitions

and arousals which occur at time scales of seconds to minutes during healthy sleep

and constitute the sleep micro-architecture are not yet understood.

Sleep regulation is governed by complex interactions between networks of neurons

located in many brain regions, including the hypothalamus and brainstem (Saper

et al., 2005b). Collectively, these neurons are believed to act as a sleep-wake switch

that may help produce stable sleep and stable wakefulness (McCarley and Hobson,

1975; McCarley and Massaquoi, 1986; Saper et al., 2001). Several conceptual models

have been proposed to account for the control of sleep and wakefulness over time scales
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of hours and days, accounting for homeostatic, circadian and ultradian in
uences

(McCarley and Hobson, 1975; McCarley and Massaquoi, 1986; Borb�ely, 1982; Daan

et al., 1984; Achermann and Borb�ely, 2003; Dijk and Kronauer, 1999; Nakao et al.,

2007; Klerman and Hilaire, 2007). In addition to the regular circadian sleep-wake

pattern, humans and animals often exhibit brief awakenings from sleep (arousals),

lasting from seconds to minutes, which appear random in time and occur throughout

the entire sleep period. Arousals are traditionally viewed as random disruptions

of sleep caused by external stimuli or as involved in the pathophysiology of sleep

disorders (Hal�asz et al., 2004; Terzano and Parrino, 1993; Halasz, 1998; Halasz et al.,

1979; Hirshkowitz, 2002). According to the conceptional framework of the American

Sleep Disorders Association (ASDA) criteria, arousals are a marker of sleep disruption

representing a detrimental feature for sleep (Atlas Task Force 1992, (EEG, 1992)).

In contrast, recent �ndings indicate arousals as an integral part and a necessary

element of healthy sleep regulation. Investigations show that brief arousals exhibit

complex temporal organization and scale-invariant behavior, characterized by a power-

law probability distribution for their durations, while sleep stage durations exhibit

exponential behavior (Lo et al., 2002). Such complex scale-invariant organization

of the arousals makes it unlikely that they are merely a linear response to random

external stimuli or that they are primarily associated with sleep pathology.To have a

better understanding on the relation between arousals and sleep, we study the bursting

dynamics in the cortical rhythms.

Bursting dynamics is ubiquitous across systems operating far from equilibrium.

From earthquakes to neuronal and physiologic networks, the dynamics of such systems

can be described as the irregular alternation of active and quiet states. Depending

on the particular systems, active states are characterized by arousals (brief wake

states) in brain dynamics during sleep (Lo et al., 2002; Lo et al., 2004; Lo et al., 2013)
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and burst in cortical rhythms (Wang et al., 2019; Lombardi et al., 2020), avalanches

(Beggs and Plenz, 2003), 
ares or earthquakes (de Arcangelis et al., 2016), and exhibit

power-law size and duration distributions. The emergence of such characteristics,

which are typical of systems at the critical point of a second order phase transition, is

considered a �ngerprint of self-organization at criticality (Bak, 2013). The concept

of self-organized criticality (SOC) was introduced by Bak, Tang and Wiesenfeld to

explain emergent power-law behaviors in far-from-equilibrium systems. They proposed

that such systems may self-organize at criticality through slow accumulation and fast

redistribution of energy, as exempli�ed by the sandpile model (Bak et al., 1987).

The framework of SOC has been used to characterize many physical and biological

systems [6]. Recent empirical results suggest that the brain may also operate at

criticality (Lo et al., 2002; Beggs and Plenz, 2003; Lo et al., 2004; Beggs and Plenz,

2004; Chialvo, 2010; Lo et al., 2013; de Arcangelis et al., 2014). While static properties

as the power-laws of the size and duration distributions have been widely investigated

in this context (Beggs and Plenz, 2003; Petermann et al., 2009), dynamical aspects

and mechanisms leading to the emergent critical behavior remain poorly understood.

Here we study the temporal organization of cortical activity across the sleep-wake

cycle of rats and human, with a particular focus on the correlation and coupling

underlying the emergent critical dynamics of active and quiet states.

The sleep-wake cycle is largely dominated by the � and � rhythms in rat’s brain,

and dominated by the � and � rhythms in the human’s brain. During NREM sleep,

cortical activity is characterized by � rhythm for both rat and human, low-frequency

high-amplitude oscillations referred to as slow-wave activity (Steriade et al., 1993),

whereas REM sleep and arousals/wake state are characterized by � (for rat) or � (for

human) rhythm, desynchronized and localized oscillations of higher frequency and

lower amplitude (Brown et al., 2012). Thus, �-bursts for rats and �-bursts for human
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can be interpreted as active states, and �-bursts as quiet states of the brain activity, in

the sleep-wake cycle. This interpretation is consistent with the basic neurophysiological

understanding of � rhythm as the cortical default mode (von Economo, 1930; Bremer,

1935; Bremer, 1937). In contrast, oscillations in the � and � band are associated with

activated state, such as REM, arousals and wakefulness (Scammell et al., 2017; Boyce

et al., 2016).

We analyze long-term continuous EEG recordings in rats and human, and dissect

emergent signatures of criticality in the dynamics of bursts in relation to their correla-

tion properties and reciprocal coupling. We show that active states durations follow

a power-law distribution while the quiet states durations follow an exponential-like

behavior (Wang et al., 2019). Importantly, we demonstrate that both active and quiet

state durations are long range power-law correlated, and that the observed tempo-

ral organization implies the existence of an anti-correlated coupling between active

and quiet states. Finally, the analysis we present uncovers a striking parallel with

earthquakes dynamics, suggesting that speci�c power-law correlations and coupling

between active and quiet states are distinctive characteristics of a class of systems

with self-organization at criticality.
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Chapter 2

Theory of Self-Organized Criticality

2.1 Equilibrium critical phenomena

The concept of criticality was born in the context of systems at thermodynamic

equilibrium. When certain system’s parameters (e.g., temperature, pressure) are

slowly driven to the edge where the system undergoes a continuous second-order

phase transition, the system approaches the critical point, and scaling behaviors

emerge (Domb, 2000). The correlation length among individual components spans

the whole systems at criticality, leading to a system-wide coordination for the global

re-organization, and a collective phenomenon of symmetry-breaking. For example, in

Ising model, around the critical point, the magnetization m(h = 0; T ) � (Tc � T )�,

susceptibility �(h = 0; T ) � (Tc � T )�
 and speci�c heat C(h = 0; T ) � (Tc � T )��

can be described in terms of a power-law around the critical temperature, and there

are certain scaling relations � + 2� + 
 = 2 among di�erent critical exponents.

2.2 Self-Organized Criticality (SOC)

In contrast, some natural non-equilibrium systems also exhibit signatures of criticality

like scale-invariance, without any apparent need for parameter tuning to bring them

to the edge of a phase transition | such systems tune themselves e�ectively towards

criticality. To describe this type of systems, the theory of Self-Organized Criticality

(SOC) was proposed �rst in 1987 in the famous paper (Bak et al., 1987).
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To have a better understanding of SOC, we can �rst learn the sandpile model from

(Bak et al., 1987). For an open-boundary 2-D grid with length L, we use Z(x; y) for

number of sand grains at site (x; y) (1 � x; y � L). At each time step, we add a sand

grain to a random site: Z(x; y) �! Z(x; y) + 1. When the number of sand grains in a

speci�c site is above a given threshold th, sands at this site will topple and distribute

grains evenly into its up/down/left/right four neighbors, and if the sand grains in

these four positions also reach the threshold, it will repeat the toppling procedure

until there is no position with more sands than the threshold. The positions where

toppling happened together are part of the ‘avalanche’. If we continuously add sands

to the grid, we will �nd that the avalanche size, which is the number of toppled sites in

an avalanche, will exhibit a power-law distribution (Figs. 2�1), and the quiescent time

between two consecutive avalanches, will following an exponential distribution(2�2)

(Bak et al., 1987; S�anchez et al., 2002).

Figure 2�1: Distribution of cluster sizes for sandpile avalanches at criticality
in two dimensions, computed dynamically as described in the text. 50 X 50 array,
averaged over 200 samples.Figure taken from (Bak et al., 1987)

In general, a system in Self-Organized Criticality (SOC) is similar as the sandpile
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Figure 2�2: Distribution of quiet times for sandpile model can be described by
an exponential function. Figure taken from (S�anchez et al., 2002)

model. The SOC mechanism can be seen that it is characterized by a dynamical

feedback loop driving the dynamics of the activity, which acts di�erently depending

on the actual system state. The system in SOC alternates between two opposite

states/phases, quiescent state and active state, at separated timescales { energy slowly

driving for accumulation in the quiescent states, and fast dissipating in the active

states, like the avalanche in the sandpile model. Such systems organize themselves into

a \critical" state, where they exhibit the same kind of scaling properties in equilibrium

systems at the critical point. Unlike the equilibrium systems are driven to the critical

points by tuning system parameters (e.g. temperature) externally, the systems in

SOC tune themselves into a critical states, indicating self-organization. Usually, the

size and duration of the active states exhibits scale-free power-law distribution, while

the duration of the quiescent states follows exponential-like distribution.

2.3 SOC in non-equilibrium physical systems

Earthquakes may be the cleanest and most direct example of a self-organized critical

phenomenon in nature (Bak, 2013). Most of the time the crust of the earth is at
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rest, in periods of stasis. Every now and then the apparent tranquillity is interrupted

by burstS of intermittent, sometimes violent, activity. There are a few very Large

earthquakes and many more smaller earthquakes, and the distribution of earthquake

magnitudes is described by the Gutenberg-Richter law (Gutenberg, 1956): N = 10a�b�m,

where earthquake magnitude m measures the logarithm of the energy released by the

earthquake. The Gutenberg-Richter law is in a format of power-law (Fig. 2�3) (Bak

et al., 2002). Moreover, Earthquake recurrence time � , which is the waiting time

between two consecutive earthquakes, follows a generalized Gamma function, which is

a generalized function with exponential tail (Fig. 2�4) (Corral, 2004).

Figure 2�3: The number of earthquakes N with a magnitude larger than m per
year. Figure taken from (Bak et al., 2002)

Another example of system in SOC is the solar 
are. Solar 
ares are observed to

have a large dynamical range in both energy and duration. The solar 
ares emit x-rays,

so the intensities of the solar 
ares can be measured as the intensity of these x-rays.

Previous work have constructed a simple theory that the local magnetic instability

can be thought of as the toppling grain of sand that triggers an avalanche of further

magnetic instabilities in the solar corona (Lu and Hamilton, 1991). The distribution

of 
are occurrence rate vs peak count rate for all 
ares detected follows a power-law
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Figure 2�4: Recurrence-time distributions without and with rescaling. (top
panel) Probability densities for earthquakes at distinct location and above di�erent
magnitudes without rescaling (bottom panel) Previous data, after rescaling, with a
�t of the scaling function in format of generalized Gamma function. Figure taken
from (Corral, 2004)

function (Fig. 2�5).

Figure 2�5: Histogram of x-ray intensity from solar 
ares. The diagram shows
the relative amount of 
ares with a given energy, as represented by the "counting
rate." The data �t a straight line over four orders of magnitude. The statistics is
poor for the few large events. Figure taken from (Lu and Hamilton, 1991)
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In addition to earthquakes and solar 
ares, SOC has also been observed in many

other systems such as Superconducting Avalanches (Field et al., 1995; Vinokur et al.,

1991), Barkhausen Noise Avalanches (Durin and Zapperi, 2000; dos Santos Lima et al.,

2017), Biological Evolution (Bak and Sneppen, 1993; Paczuski et al., 1996), and even

in Stock Price dynamics (Mantegna and Stanley, 1995; Ivanov et al., 2004).

2.4 SOC in brain dynamics and sleep

The cerebral-cortex of mammalians is never silent, not even during sleep nor in the

absence of stimuli; instead, it exhibits a state of ceaseless spontaneous electro-chemical

activity with very high variability and sensitivity (Munoz, 2018; Arieli et al., 1996;

Yuste et al., 2005), and criticality might play a key role to generate such a variable

and sensitive activity as diverse empirical results suggest.

Figure 2�6: Cumulative distribution of durations P(t) of sleep and wake states
from data. (a) Double-logarithmic plot of P(t) from the pooled data. For the wake
state, the distribution closely follows a straight line, indicating power law behavior.
(b) Semi-logarithmic plot of P(t). For the sleep state, the distribution follows a
straight line, indicating an exponential behavior. Figure taken from (Lo et al., 2002)

Early works in sleep show an intriguing �nding of a power law distribution for wake

period durations and an exponential distribution for sleep period durations, which

are because the same sleep-control mechanisms give rise to two completely di�erent
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Figure 2�7: Size distributions for avalanches follow power laws independently of
bin width. (A), Probability distribution of avalanche sizes (number of electrodes
activated) in log{log coordinates at di�erent �t. The linear part of each function
indicates power law. Cuto� given by maximal number of electrodes. (B), Probability
distribution of avalanche size distributions based on summed LFPs as a function of
bin width �t. Figure taken from (Beggs and Plenz, 2003)

types of dynamics { one without and the other with a characteristic scale (Fig. 2�6),

indicating the sleeping dynamics is emerged from a system under SOC (Lo et al.,

2002). Such behavior is observed across di�erent species of mammals, of which the

durations of brief wake episodes during the sleep period exhibit a scale-free power-law

behavior with an exponent that remains the same for all species, and in contrast, sleep
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episode durations for all species follow exponential distributions with characteristic

time scales, which change across species in relation to body mass and metabolic rate

(Lo et al., 2004).

Another important work from (Beggs and Plenz, 2003) investigates neuronal

avalanches are measured from Local �eld potential (LFP). It shows that propagation

of spontaneous activity in cortical networks is described by equations that govern

avalanches, and as predicted by theory for a critical branching process, the propagation

obeys a power-law (Fig. 2�7).

Earlier phenomenological work on modeling SOC in the brain study how the

power-law and exponential type of behavior are generated (Lo et al., 2002). In this

model, the distribution of durations of the wake state is identical to the distribution

of return times of a random walk in a logarithmic potential. For large times, this

distribution is of a power law form.

Figure 2�8: Stochastic model suggesting the di�erence in the dynamics of sleep
and wake states arises from the constraints on the number of microstates in the
sleep-wake system. (a) The upper panel illustrates the dynamics of the model. The
state x(t) of the sleep-wake system evolves as a random walk with the convention
that x > 0 corresponds to the wake state and �� � x � 0 corresponds to the sleep
state. In the wake state there is a \restoring force," f(x) = �b=x, \pulling" the
system towards the sleep state. The lower panel illustrates sleep-wake transitions
from the model, where Sn and Wn indicate the durations of the n-th sleep and wake
states, respectively. (b) Comparison of typical data and of a typical output of the
model. Figure taken from (Lo et al., 2002)

These series of observations, taken together, lead to the evidence that the mam-

malian brain dynamics is functioning under criticality.
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Chapter 3

Non-equilibrium critical dynamics of

bursts in � and � rhythms as fundamental

characteristic of sleep and wake

micro-architecture

3.1 Introduction

The brain’s ability to adapt and perform complex functions crucially depends on

the cooperation of assemblies of neurons across multiple spatial and temporal scales.

Cortical rhythms represent one of the most fascinating collective phenomena emerging

from the self-organized synchronous activity of large neuronal populations, and are

consistently associated with complex brain functions and distinct physiologic states

such as sleep and wake (Buzsaki and Draguhn, 2004; Buzsaki and Watson, 2012).

Di�erent brain rhythms characterize distinct phases of the sleep-wake cycle. During

deep NREM sleep, brain dynamics are generally dominated by � rhythm, low-frequency

high-amplitude oscillations referred to as slow-wave activity (Rechtscha�en and Kales,

1968). Such slow-wave oscillations result from the synchronized activity of cortical

neurons alternating between ’up’ and ’down’ states. In the up state, cortical neurons

are depolarized, i.e. their membrane potential is closer to the �ring threshold, and

they �re in bursts of close-in-time action potentials. Conversely, in the down state,

cortical neurons are hyperpolarized, i.e. their membrane potential is lower than the

resting potential, and stay mostly silent (Steriade et al., 1993). Slow-wave activity can
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be modulated by the thalamus via thalamo-cortical neurons (Crunelli et al., 2015),

and is enhanced by chemogenetic activation of GABAergic neurons in the parafacial

zone (PZ) (Anaclet et al., 2014), while activation of cholinergic neurons in the basal

forebrain results in signi�cant decrease of slow-wave activity (Anaclet et al., 2015;

Chen et al., 2016). In contrast to NREM sleep, REM sleep and arousals/wake state

are characterized by desychronized and localized cortical rhythms of higher frequency

and lower amplitude, such as � waves in resting humans and � waves in rodents

(Brown et al., 2012). The � rhythm can be generated both in the cortex and in

the hippocampus. During wakefulness, cortical � rhythm is driven by excitatory

inputs from cholinergic, histaminergic, orexinergic, dopaminergic and noradrenergic

sub-cortical neurons (Scammell et al., 2017). During REM sleep, hippocampal �

rhythm is driven by GABAergic inputs from the medial septum (Boyce et al., 2016).

Despite the established association between dominant brain rhythms and emergent

physiologic states, the nature and dynamics of sleep-wake and sleep-stage transitions

remain not understood. Indeed, sleep periods exhibit numerous abrupt transitions

among sleep stages and short awakenings, with continuous 
uctuations within sleep

stages triggering micro-states and brief arousals (Halasz, 1998; Lo et al., 2002; Hir-

shkowitz, 2002). Such transient behavior is typically observed for a class of physical

systems exhibiting self-organization and characterized by (i) multi-component nonlin-

ear feedback interactions; (ii) high susceptibility and responsiveness to perturbations;

(iii) non-equilibrium output dynamics with continuous 
uctuations over a broad range

of time scales; and (iv) maintaining a critical state where alternating active and

quiescent phases co-exist (Munoz, 2018; Bak, 1996; Bak et al., 1988). This is a

challenge to the current conceptual framework for sleep regulation, which is based on

homeostasis, considers sleep as an equilibrium process, and focuses on factors modu-

lating sleep over large time scales, such as homeostatic sleep drive, sleep propensity
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and inertia, ultradian and circadian rhythms (Brown et al., 2012; Saper et al., 2005a).

Models developed within the homeostasis paradigm have successfully accounted for

consolidated sleep and wakefulness over time scales of hours and days, reproducing

homeostatic, ultradian and circadian in
uences (Brown et al., 2012).

Further, a 
ip-
op switching mechanism involving mutually inhibitory interactions

between sleep- and wake-promoting neuronal assemblies distributed across brain areas

(Sherin et al., 1996; Saper et al., 2001; Saper et al., 2010), and regulated by slow

homeostatic factors such as adenosine and nitric oxide (Brown et al., 2012), has been

proposed to explain the transition from stable sleep to stable wakefulness. However, the

mechanism responsible for turning the switch on and o�, the dynamic characteristics

and temporal organization of these transitions remain unclear. Moreover, existing

homeostatic models of sleep regulation (i) do not address empirical observations

of transient behaviors at scales of seconds and minutes | an intrinsic sleep micro-

architecture on time scales much shorter than consolidated sleep and wake states which

last several hours, and sleep-stage episodes lasting from many minutes to an hour; and

(ii) do not account for the emergent complex structure of sleep stage and arousal/brief

wake transitions and the related micro-architecture of bursts in cortical brain waves

activity. The intrinsic 
uctuations in activity of brain rhythms in response to nonlinear

feedback interactions among multi-component sleep- and wake-promoting neuronal

pathways, the high susceptibility to abrupt transitions and the resulting complex

temporal organization of sleep micro-architecture at scales of seconds and minutes rise

the hypothesis that non-equilibrium critical dynamics may underlie sleep regulation

at short time scales, in coexistence with the well-established homeostatic behavior

at large time scales. The traditional description of sleep stages in terms of dominant

cortical rhythms indeed provides only an ’average’, coarse-grained phenomenological

picture that does not re
ect the complex dynamics of sleep microstates and brief
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arousals.

Current guidelines for sleep-stage classi�cation do not consider the role of dynamical

interactions among brain rhythms (Rechtscha�en and Kales, 1968), although these

interactions are potentially an integral feature of the collective neuronal activity

driving physiologic states and related sleep-stage transitions (Roopun et al., 2008;

Kopell et al., 2010; Bashan et al., 2012; Liu et al., 2015a). Furthermore, the relation

between emergent cortical brain-waves dynamics and neuronal activity in sleep- and

wake-promoting areas remains largely unknown. Although many brain areas involved

in sleep control have been identi�ed (Scammell et al., 2017; Brown et al., 2012), the

complex nonlinear dynamics of extended neuronal networks (comprised of diverse

mutually connected neuronal populations) continues to pose severe limitations to a

mechanistic understanding of the collective neuronal behavior underlying observed

sleep-stage transition patterns. This is a general problem that arises in systems

where the emerging behavior at the system level originates from collective dynamics

of a large number of interacting units. While elegant theories bridging micro- and

macro-scales are sometimes available for such systems at thermodynamic equilibrium,

emergent collective phenomena out of equilibrium often require a top-down approach,

where basic mechanisms are inferred from the statistical characteristics of emergent

dynamics.

Following this approach, here we investigate the temporal organization in bursting

activity of brain rhythms across the sleep-wake cycle, with the aim to understand

the basic physical principles bridging neuronal interactions at the microscopic level

and physiologic state at the system level. The present study is motivated by recent

works showing that the complex dynamics of sleep stage transitions give rise to power-

law probability distributions for the durations of brief awakenings and arousals, a

robust scale-invariant organization observed in both humans and animal models (Lo



18

et al., 2002; Lo et al., 2004; Blumberg et al., 2005; Behn et al., 2007; Behn et al.,

2008; Dvir et al., 2018; Lo et al., 2013). Power-law distributions P (x) = Nx��,

where � is the scaling exponent and N is a normalization constant, are the statistical

hallmark of scale invariance, i.e., they are not altered by a change of scale from x to

Lx, hence lacking a relevant characteristic scale. Power-laws are typical features of

physical systems at the critical point of a second order phase transition in equilibrium

thermodynamics (Stanley, 1987; Stoop et al., 1991). At criticality systems exhibit

high susceptibility and sensitivity to interactions among elements, leading to emergent

collective behavior across scales, and thus, power-laws. The critical point is located

at the border between an ordered and a disordered phase, and can be reached by

�ne tuning external parameters. In contrast to this scenario, in non-equilibrium

systems the dynamics can be spontaneously driven at criticality, where an active phase

characterized by bursts/avalanches with power-law distributed sizes and durations

coexists with a quiescent phase with exponential-like statistics (Chialvo, 2010; Munoz,

2018; Bak et al., 1988; Bo�etta et al., 1999). We note that such avalanche criticality

does not necessarily co-occur with edge-of-chaos criticality (Kanders et al., 2017).

Since brief awakenings/arousals can be viewed as ’active’ states of the brain

that interrupt the ’inactive’ phase represented by sleep periods, the scale-invariant

organization of arousals has been interpreted as a �ngerprint of criticality in sleep

dynamics (Lo et al., 2002; Lo et al., 2004; Comte et al., 2006; Lo et al., 2013). Contrary

to the established interpretation of arousals as random and detrimental disruptions of

sleep (Bonnet et al., 1992; Thomas, 2006), caused by external stimuli or as part of the

patho-physiology of sleep disorders (Berry et al., 2012; Hal�asz et al., 2004; Terzano

and Parrino, 1993; Halasz, 1998; Halasz et al., 1979; Hirshkowitz, 2002; Thomas,

2003), such robust scale-invariant temporal organization indicates that arousals are an

integral part of sleep regulation, resulting from a single dynamic principle responsible
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for the emergent temporal organization of sleep stages and sleep-stage transitions.

The hypothesis that sleep phenomenology and micro-architecture may re
ect

underlying scale-invariant dynamics resulting from self-tuning of a system at criticality

(Chialvo, 2010) would imply presence of power-law distributions and long-range

correlations as basic characteristics for sleep-related neuronal activity across spatial

and temporal scales. Although power-law distributions (Beggs and Plenz, 2003; Shriki

et al., 2013; de Arcangelis et al., 2014) and long-range correlations (Linkenkaer-Hansen

et al., 2001) have been previously reported in neuronal and brain dynamics, and

some attempts to correlate them with behavioral scaling laws has been made (Palva

et al., 2013), the connection between (i) dynamics of sleep-related brain waves activity,

(ii) neuronal circuitry and pathways related to sleep regulation, and (iii) emergent

scale-invariant organization of brief arousals/awakenings, remains not understood.

To test this hypothesis, we consider the dominant brain waves in the sleep-wake

cycle of rats, and study their dynamics and coupling in relation to the neuronal circuitry

responsible for wake and sleep control. We focus on sleep-promoting PZ (Anaclet et al.,

2012), a region of the rostral medulla, that plays a signi�cant role in the regulation of

slow-wave sleep (Anaclet et al., 2014; Anaclet and Fuller, 2017; Anaclet et al., 2015;

Chen et al., 2016). Both PZ cell body speci�c lesion and disruption of GABAergic

transmission in PZ result in insomnia, indicating that within the PZ, GABAergic

neurons are primarily in sleep control. Similar to other NREM sleep promoting

neurons, PZ GABAergic neurons project to and inhibit wake promoting systems, such

as the parabrachial neurons that project to basal forebrain neurons, which in turn

project to the cortex and are critical for cortical activation and wakefulness (Anaclet

et al., 2014). It has been shown that lesions of all PZ neurons result in a signi�cant

decrease of total NREM sleep during the light period (when rats are predominantly

asleep), whereas chemogenetic activation of PZ neurons results in an increase of NREM
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sleep and slow-wave activity with dominant � rhythm (Anaclet et al., 2014). However,

the in
uence of PZ sleep-promoting neurons on cortical brain waves activity remains

not clear. In particular, the role played by PZ neurons in the dynamics and temporal

organization of � waves, as well as in the emergence of transient �-bursts arousal

activations during the sleep-wake cycle, has not been investigated.

To this end, we analyze long-term continuous EEG recordings in control rats and

rats where the PZ brain area is lesioned, and we investigate the complex dynamics of �-

and �-bursts in relation to PZ neuronal integrity, during both light and dark periods.

In particular, we focus on the emergent scale-invariant features in the temporal

organization of �- and �-bursts, and study whether alterations in the sleep-wake cycle

are mirrored by a reorganization of dominant brain rhythms, a question that has not

been addressed so far in sleep research. Our aim is to establish basic mechanisms

that underlie cortical dynamics and sleep micro-architecture, and whether these

dynamics exhibit characteristics of a system at criticality. Con�rming our hypothesis,

that cortical activations underlying sleep micro-architecture exhibit critical dynamics,

would lay the foundation for a novel uni�ed framework of the sleep-wake cycle, where

sleep and arousals/wake, consolidated and transient states, originate from the same

fundamental principles and a common mechanism that bridge collective behaviors

across spatio-temporal scales, from neuronal assemblies to brain rhythms and emerging

physiologic states.

3.2 Materials and methods

3.2.1 Experimental setup

Animals. Pathogen-free adult male Sprague Dawley rats (Harlan; 275-300 g; n =

20) were used in this study. Care of these animals in the experiments met National

Institutes of Health standards, as set forth in the Guide for the Care and Use of
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Laboratory Animals, and all protocols were approved by the Beth Israel Deaconess

Medical Center and Harvard Medical School Institutional Animal Care and Use

Committees.

Surgery. For details on brain injection and implantation for polysomnographic

recording in rats, see Anaclet et al., 2012 (Anaclet et al., 2012). To perform cell-

speci�c lesions, 10 rats received brain microinjections of 0.1% anti-orexin-B IgG

saporin (OX-SAP; 130-330 nl; Advanced Targeting Systems) within the PZ [AP, -10.3

mm; L, ±2.1 mm; DV, -6.6 mm, as per the rat atlas of Paxinos and Watson (2005)].

The rat control group included �ve rats that received saline brain injections and �ve

rats without brain injection. After the brain injections, the rats were implanted with

polysomnographic electrodes. Four electroencephalogram (EEG) screw electrodes

(Plastics One, stock # E363/20/4.8/SP) were implanted into the skull, in the frontal

(2) and parietal bones (2) of each side. Two 
exible electromyogram (EMG) wire

electrodes (Plastics One, stock # E363/76) were placed in the neck muscles. After

EEG/EMG implantation, rats were single housed until the end of the experiments.

Sleep-wake recording. Ten days after surgery, the rats were moved in an insulated

soundproofed recording chamber maintained at an ambient temperature of 22� 1 C

and on a 12-h light/dark cycle (lights-on at 7 a.m.) with food and water available

ad libitum. They were connected via 
exible recording cables and a commutator

(Plastics One, stock # 363-363) to an analog ampli�er (A-M Systems, Model 3500)

and computer, with an analog-to-digital converter card and running Vital Recorder

(KISSEI COMTEC CO., LTD., Japan). After 3-5 day habituation period, EEG/EMG

were recorded for 48 h, beginning at 7:00 P.M. Cortical EEG and EMG signals were

ampli�ed and digitalized with a resolution of 256 Hz. Recordings used in this study

have already been subjected to sleep-wake analysis and published (Anaclet et al.,
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2012).

Histology. At the end of the experiments, rats were perfused under deep anesthesia

(200 mg per kg of chloral hydrate) with 50-ml saline, followed by 200-ml of neutral

phosphate-bu�ered formalin (4%, vol/vol, Fischer Scienti�c). After perfusion, the

brains were removed, post�xed in neutral phosphate-bu�ered formalin for 2 hr, equili-

brated in PBS containing sodium azide (0.02%) (PBS-azide) and sucrose (20%) for

at least 1 day, and then sectioned at 40 �m on a freezing microtome into four series.

For veri�cation of OX-SAP-induced brain lesions, one series of tissue was processed

for Nissl staining as done previously (Lu et al., 2000). PZ lesion for each rat has

previously been published (see Fig. 2 in (Anaclet et al., 2012)).

3.2.2 Data recording and analysis

Ten control rats and ten rats with PZ lesion were used for this study. Cortical EEG

signals were recorded continuously for 48 h from the left and right hemisphere with a

resolution of 256 Hz. Two electrodes, one frontal and one parietal, were placed on

each hemisphere. Cortical EEG is the di�erential potential between a frontal electrode

(for � frequencies) and a parietal electrode (for � frequencies). The parietal electrode

picks up � rhythm from the hippocampus during REM sleep; both the frontal and

parietal electrodes pick up � rhythm during wakefulness. Hippocampal � rhythm can

be also present during wakefulness, mainly during cognitive wakefulness. The signal

analyzed in this study is the di�erence between frontal and parietal EEG electrode

potentials (frontal � parietal EEG) from one hemisphere (ipsilateral).

3.2.3 Data pre-processing

EEG recordings were �rst normalized to zero mean, � = 0, and unit standard deviation,

� = 1. For each rat, EEG signals were visually inspected and noisy segments were
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discarded according to the following semiautomatic procedure.

Data were �rst examined to identify most typical noise/artifact waveforms and

their speci�c characteristics, such as amplitude and average duration hT i expressed

in number of sampling points. Based on this preliminary analysis, two amplitude

thresholds S1 and s2, with S1 > s2, were introduced. The values of these thresholds

are multiples of the EEG signal standard deviation �, and depend on the speci�c

noise/artifact waveform for each particular rat. Typical values of threshold S1 range

between 3.5� and 6�, and s2 is between 2.5� and 4�. EEG signals were then scanned

using a non-overlapping window W1 = hT i =2. Whenever a window W1 contained a

signi�cant number of points (e.g., ns > 15; EEG signals were sampled at 256 Hz) with

amplitude exceeding the threshold S1, our algorithm identi�es an artifact, and a non-

overlapping sub-window of size w2 < W1 was used to scan again the identi�ed artifact

segment and clean it up. Speci�cally, this second step works as follows: inside the

artifact window W1, segments of length w2 containing points with amplitude exceeding

the threshold s2 are sequentially cleaned up by substituting all points in w2 with zeros.

An artifact segment w2 that follows a preceding cleaned segment but does not contain

points exceeding the threshold s2 is also cleaned; this removes sub-threshold points

in W1 that belong to the decaying part of an artifact. In this case, such procedure

continues and the following sub-windows w2 are also cleaned until the signal crosses

zero. These steps are repeated until the entire artifact segment W1 is scanned. Finally,

500 points (� 2s) are removed from the EEG on both sides of the cleaned artifact

segment W1, to eliminate possible pre-artifact and post-artifact in
uence on the signal.

These steps carefully take into account the general slow decaying waveform of some

EEG artifacts, and are needed to ensure an optimal cleaning of the data. For all rats

in this study W1 = 500 and w2 = 100 data points. At the end of the preprocessing

procedure EEG signals were visually inspected to ensure that all noisy segments were
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properly removed. The total length of removed noisy segments ranges between 5 and

10% of the 24 h recording for each rat.

Data �ltering. Data were bandpass �ltered in the range 0:5� 25 Hz using a FIR

(Finite Impulse Response) �lter designed in Matlab.

3.2.4 Data analysis

Spectral analysis. The clean EEG signal is divided in N non-overlapping windows

of size w and the spectral power in the � band (0:5 � 4 Hz), S�, and in the � band

(4� 8 Hz), S�, is estimated in each window using Welch’s method (Welch, 1967). The

analysis is performed for several values of the window size w, from 2 s to 10 s. Results

are generally independent of w, as shown in Fig. 3�7, 3�8 and in 3�9, and extensively

discussed in the main text.

�- and �-burst detection and de�nition. The ratio R�� = S�=S� between � and

� power is calculated in each window k, with k = 1; 2; :::; N , and a time series R��(k) is

obtained. Given a threshold Th � 1, a �-burst is de�ned as a sequence of n consecutive

windows where R�� > Th, while a �-burst consists in a sequence of n consecutive

windows where R�� < 1=Th (Fig. 3�1). The duration of a burst is given by d = n � w.

Durations of � (�) bursts are denoted by d� (d�). The threshold Th is set equal to 1

throughout the analysis. Results are independent of Th, as shown in Fig. 3�4, 3�5 and

in 3�6, and extensively discussed in the main text.

Surrogate test for �- and �-burst duration distributions (Fig. 3�2). For

each rat, the time series R��(k) is randomly reshu�ed to obtain a surrogate R���(k
0).

Surrogate �- and �-bursts durations are then calculated from R���(k
0) following the

procedure illustrated in the previous paragraph. The corresponding �- and �-burst
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duration distributions are shown in the 3�2, together with distributions from original

data.

De�nition of quiet time �t. A quiet time �t is de�ned as the time interval

between the ending time of a burst tej and the starting time tsj+1 of the following one,

namely �tj = tsj+1 � tej .

Data binning. Probability distributions of �-burst durations are calculated using

logarithmic binning, i.e. linear binning in logarithmic scale. Denoting a set of bin

boundaries as B = (b1; b2; :::; bk) and �xing b1 = 0:5w, the logarithmic bins ful�ll

the relation bi+1 = bi � 10c, which implies that the bin size is constant in logarithmic

scale, i.e. logbi+1 � logbi = c. The following bin size c have been used in this study:

Figs. 3�2,3�3,3�7, 3�8, 3�9, c = 0:2; Fig. 3�4,3�16, 3�5, 3�6, c = 0:18.

Probability distributions of �-burst durations are calculated using the following binning

procedure. Given a window size w, the bin boundaries e1; e2; :::; en; :::; ek are obtained

using the recursive relation en = e1 + w
nP
i=2

bi�1, with e1 = 0:5w and n � 2. The

following values of the parameter b have been used in this study: Figs. 3�10, 3�14,

b = 1:6; All other �gures, b = 1:2.

Fit of burst duration distributions. Power-law exponents are estimated by �tting

the �-burst duration distributions with the functional form log(P (d)) = ��log(d) +C,

using the least square method. The Weibull parameters are estimated by �tting the

observed duration distribution to P (d) = (�=�)(d=�)��1exp�(d=�)�, utilizing the

Levenberg-Marquardt non-linear least squares algorithm (Seber and Wild., 2003),

where the error variance at P (d) is estimated as MSE(1=W ), where W = 1=P�(d)2 is

the weight."
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Error bars. Error bars �P on each value of the distribution presented in Figs.

3�2,3�3 are given by

�P =
1

dD

r
p(1� p)

N
; (3.1)

where p = P (D)dD is the probability to observe a duration D in the range [D;D+dD]

and N is the total number of bursts and dD is the corresponding bin size.

Spearman’s correlation. Given to variables X and Y , the Spearman’s correlation

coe�cient is de�ned as

�s =
cov(rgX ; rgY )

�rgX�rgY
; (3.2)

where rgX and rgY are the tied rankings of X and Y (Alvo and Philip, 71 5),

respectively, �rgX and �rgY their standard deviations, and cov(rgX ; rgY ) indicates the

covariance between rgX and rgY .

Surrogate test for couplings between consecutive �- and �-burst duration.

(Fig. 3�13) To test signi�cance of couplings between consecutive �- and �-burst

durations, a surrogate sequence of burst durations is generated for each rat by randomly

reshu�ing the original order of �- and �-bursts. The Spearman’s correlation coe�cient

�s between consecutive �- and �-bursts is calculated for each surrogate. The average

Spearman’s correlation coe�cient obtained from all surrogates is then compared

with the average correlation coe�cient calculated from the original sequences of burst

durations via t�test (Section Results, Fig. 3�13). Correlation coe�cients for surrogate

data for both control and PZ-lesioned rats during dark, light and 24h are all with

value j�sj < 10�3.

Detrented Fluctuations Analysis (DFA). The DFA is a method based on ran-

dom walk(Peng et al., 1994). It improves the classical 
uctuation analysis (FA) for

non-stationary signals where embedded polynomial trends mask the intrinsic correla-



27

tion properties in the 
uctuations (Peng et al., 1994). The performance of DFA for

signals with di�erent types of non-stationarities and in the presence of variance data

artifacts has been extensively studied and compared to other methods of correlation

analysis (Taqqu et al., 1995; Hu et al., 2001; Chen et al., 2002; Chen et al., 2005; Xu

et al., 2005; Xu et al., 2011; Ma et al., 2010). The DFA method is brie
y described

by the following steps:

(i) A given signal ui (i = 1; :::; N , where N is the length of the signal) is integrated

to obtain y(k) �
Pk

i=1[u(i)� hui], where hui is the mean of ui.

(ii) The integrated signal y(k) is divided into boxes of equal length n.

(iii) In each box of length n we �t y(k) using a �rst order polynomial function

which represents the trend in that box. The y coordinate of the �t curve in each box

is denoted by yn(k).

(iv) The integrated pro�le y(k) is detrended by subtracting the local trend yn(k)

in each box of length n

Y (k) � y(k)� yn(k) (3.3)

(v) For a given box length n, calculate the root-mean-square (r.m.s.) 
uctuation

function for this integrated and detrended signal

F (n) �

vuut 1

N

NX
k=1

[Y (k)]2 (3.4)

(vi) Repeat the above computation over a broad range of box lengths n, where n

represents a speci�c space or time scale, to obtain a functional relationship between

F (n) and n.

For a power-law correlated time series, the average r.m.s. 
uctuation function

F (n) and the box size n are connected by a power-law relation, that is F (n) � n�d .

The exponent �d is a parameter which quanti�es the long-range power-law correlation
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properties of the signal. Values of �d < 0:5 indicate the presence of anti-correlations in

the time series, �d = 0:5 absence of correlations (white noise), and �d > 0:5 indicates

the presence of positive correlations in the time series.

3.2.5 Conditional probability distributions

The conditional probability of an event H for a given event X is de�ned as

P (HjX) =
P (H \X)

P (X)
; (3.5)

where P (H \X) is the probability that H and X jointly occur, and P (X) > 0 is the

probability of the event X. The condition X reduces the statistics and increases the


uctuations of the distribution P (HjX) as compared to P (H). For this reason one

associates the following error to each bin of the densities (Corral, 2006):

�H =
1

dH

r
p(1� p)

N
; (3.6)

where p = P (H)dH is the probability to observe a H in the range [H;H + dH] and

N is the total number of events.

It is a basic result of probability theory that P (HjX) = P (X) if and only if H does

not depend on X. On the contrary, P (HjX) 6= P (X) implies that H and X are not

independent of each other, and their relation can be quanti�ed by a suitable correlation

measure. In the analysis of burst coupling , H and X are considered signi�cantly

correlated if P (HjX)� P (X) > �H .

To obtain a detailed picture of temporal correlations and coupling between consec-

utive bursts, we investigated how the individual �-burst durations are in
uenced by

the preceding �-bursts. To this end, we evaluated the conditional probability density

P (di�jX(i � 1)) for di�erent conditions X(i � 1) on preceding burst durations di�1
�

(3�14). If di� is independent of preceding bursts, then P (di�jX) = P (d�). On the other
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hand, P (di�jX(i� 1)) 6= P (di�) implies that the duration di� depends on the property of

the preceding bursts speci�ed by the condition X(i� 1). We focused on the conditions

di�1
� > d�, and evaluated the conditional probability P (di�jdi�1

� > d�) for di�erent d�.

The analysis of the conditional probability distribution P (di�jdi�1
� > d�) for di�erent d�

values clearly con�rms the existence of �=� anti-correlated coupling across the entire

sleep/wake cycle (3�14). Selecting only longer preceding �-bursts, the probabilities

for long lasting �-bursts systematically decrease, while very short �-bursts become

more and more likely (3�14). Importantly, the analysis of conditional probabilities

shows that increasing the threshold d�, i.e. progressively retaining only longer and

longer preceding �-bursts, produces a selective increase only in the probabilities of very

short �-bursts, a feature that could not be captured by the Spearman’s correlation

coe�cient.

3.3 Results

3.3.1 Transient dynamics in bursting activity of � and � rhythms

To dissect the temporal organization of �- and �-bursts in the broadband brain activity

during sleep and wake, we analyzed the time course of the EEG signal by evaluating

the spectral power in several frequency bands on non-overlapping windows of length w

(Materials and methods, Data analysis). In Fig. 3�1a we show a typical spectrogram

S(f) as a function of time for a 2 h recording of a rat in the control group. We notice

that, in each window, the spectral power is primarily concentrated in either the �-wave

frequency range (0 � 4Hz) or in the �-wave band (4 � 8Hz), and we observe sharp

transitions from periods with dominant � to periods with dominant � waves. Such

dynamics can be understood as the temporal evolution of the ratio R�� = S(�)=S(�)

between � and � spectral power in association with di�erent physiological states |

NREM, REM and arousals/wake (Fig. 3�1 shows the transient dynamics of bursts in
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Figure 3�1: Cortical activity across the sleep-wake cycle is character-
ized by intermittent irregular transitions between brain rhythms with
dominant spectral power. (a) (Top panel) Spectrogram obtained from cortical
EEG signal of a control group rat over a 2 h segment of 12-hour lights-on period
(when rats predominantly sleep). Spectral power is calculated in non-overlapping
time windows w = 5 s, and is color coded over a range (0-20 Hz) of physiologically-
relevant frequencies. Segments in red indicate bursts of prominent activity in the
low frequency band (0-4 Hz, corresponding to � waves) and intermediate frequency
band (4-8 Hz, corresponding to � waves). (Bottom panel) Ratio R�� = S(�)=S(�)
of the spectral power in the � and � band in logarithmic scale obtained for each
window w from the spectrogram shown in top panel. Values R�� above a threshold
Th = 0 indicate predominance of � rhythm (in red), while values below the threshold
Th = 0 correspond to predominance of � rhythm (in blue). (b) Smoothed ratio R��
of the spectral power in the � and � band during a 30 min segment of 12-hour dark
(lights-o�) period for a control rat (top panel) and a PZ-lesioned rat (bottom panel).
R�� is calculated in non-overlapping windows w = 5 s; smoothing is performed using
a 5 point moving average. �- and �-bursts are de�ned as sequences of consecutive
windows w where either the power in � or � band is dominant.
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�- and �-waves power represented by the logarithm of R�� as a function of time t).

The ratio R��(t) exhibits irregular, intermittent 
uctuations between values larger

and smaller than a threshold Th | a typical characteristic of non-equilibrium dynamics:

R�� > Th = 1 indicates that the spectral power in the �-wave band is dominant;

vice-versa, for R�� < Th = 1 the spectral power is dominated by the �-wave. We

de�ne bursts in � and � brain rhythms as sequences of consecutive time windows where

R�� > Th = 1 and R�� < Th = 1, respectively (Fig. 3�1b). The focus of this study is

to establish the dynamical features and underlying mechanisms of bursts in cortical

activity across the sleep-wake cycle by investigating the temporal organization of such

bursts and their coupling. To this aim, we associate a duration d = n � w to each

burst (Materials and methods, Data analysis), where n is the number of consecutive

windows belonging to a given burst and w is the window length (Fig. 3�1b).

3.3.2 Distinct functional forms of �- and �-burst duration distributions

We next study the probability distribution of the durations of �- and �-bursts over

a 24h period for control and PZ-lesioned rats (Materials and methods, experimental

setup ). We notice that � and � bursts follow very di�erent statistics. The probability

density P� of the �-burst durations exhibits a power-law behavior, followed by an

exponential cut-o� (Fig. 3�2a),

P�(d) � d��; (3.7)

where � denotes the scaling exponent of the power-law. Power-laws are the �ngerprint

of scale invariance and, depending on the context, they imply that events of any

size, length or duration are likely to occur with some �nite probability that is larger

than expected in random or short-range correlated processes. Presence of power-law

indicates absence of characteristic time scales in the underlying control mechanism,

which is a typical feature of physical systems at the critical point of continuous phase
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transition | a highly sensitive state where cooperative behavior spontaneously emerges

over a range of time scales characterized by long-range correlations (presence of such

correlations in the duration of consecutive �- and �-bursts is shown in Fig. 3�12 and is

discussed later in the manuscript). Notably, such scale-invariant power-law behavior

is not in
uenced by lesions of the PZ neurons: in both control and PZ-lesioned group,

we �nd an exponent of � ’ 2:35 (Fig. 3�2a), indicating that lesions of the PZ do not

alter the dynamical micro-architecture of �-bursts across the 24h sleep-wake cycle.

In contrast to the power-law characteristic of �-bursts , �-burst durations follow a

distinct behavior that is described by a Weibull distribution (Fig. 3�2b),

P�(d; �; �) =
�

�

�
d

�

���1

e�(d=�)� ; (3.8)

where � is the characteristic time scale and � is the shape parameter. Further, we �nd

that the distribution of �-burst durations follows the same Weibull functional form for

both control and PZ-lesioned groups, with similar values of the Weibull parameters �

and �.

The functional forms established for the distributions of �- and �-burst durations

in Eqs. 3.7,3.8 and Fig. 3�2, indicate a very di�erent temporal organization of �- and

�-bursts. A surrogate test based on randomizing the sequence of windows w in the

EEG spectrogram (Fig. 3�1a) leads to a di�erent pro�le of �- and �-burst durations

with an exponential functional form for their distributions (SI Fig. 3�1), indicating

that the observed temporal organization in bursting activity of brain rhythms is

physiologically relevant and relates to underlying regulation.

The results demonstrate a remarkable duality of power-law scale-invariant dynamics

for �-bursts and Weibull dynamics with characteristic time scale for �-bursts. Such

duality of two unlikely processes appears to be a general feature of brain cortical activity

of individual subjects in each group across the entire sleep-wake cycle. Moreover,
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Figure 3�2: Durations of �- and �-bursts across the 24 h sleep-wake cycle
follow distinct statistics that are robust, do not change with lesion of the
PZ neurons, and are typical for non-equilibrium systems at criticality.
(a) Probability density distribution of �-burst durations for control (open circles)
and PZ-lesioned rats (full triangles) over the 24 h period (pooled data). The
distribution exhibits a power-law behavior in both groups (red tick line), with
exponent �ctrl = 2:34 � 0:06 for control rats and �PZ = 2:31 � 0:07 for PZ, and
is compared with the probability density of surrogate �-burst durations (magenta
dashed line). Procedure for generating surrogate �- and �-burst durations is explained
in the Materials and methods, Data analysis. The power-law exponent value for
control and PZ rats do not show signi�cant di�erence (t-test, p > 0:99). Lesion of the
PZ area does not cause signi�cant variations in the power-law exponent �, indicating
a robust scale-invariant temporal organization of �-bursts. The probability density
of surrogates does not follow a power-law behavior, and is close to an exponential
distribution. (b) Probability density of �-burst durations for control and PZ-lesioned
rats over 24 h period (pooled data). In contrast to the statistics of �-bursts, �-
bursts durations follow a Weibull distribution (stretched exponential tail with a
characteristic time scale, Eq. 3.8). Parameters of the Weibull functional form are
not signi�cantly a�ected by lesion of the PZ (�ctrl = 0:59 , �ctrl = 0:16; �PZ = 0:54
, �PZ = 0:13). Black line is a Weibull �t of the distribution for control rats. All
durations are calculated using window size w = 5 s for the spectrogram and threshold
Th = 1 on the ratio R�� (Fig. 3�1). The probability density of surrogate �-burst
durations departs from the original Weibull and follows an exponential behavior.
Error bars are calculated for each value and where not shown are smaller than the
symbol size. Error bars calculation and binning procedure are described in Materials
and methods, Data analysis.



34

this feature is robust as it remains unchanged in both control and PZ-lesioned rats.

Coexistence of scale-invariant and exponential type behaviors is a hallmark of non-

equilibrium systems at criticality characterized by alternating active and inactive

states, and exhibiting self-organization (i.e., maintaining critical behavior without

external tuning)(Bo�etta et al., 1999; Paczuski M. and M., 2005; Pruessner, 2012).

Thus, our observations indicate an intrinsic common mechanism that underlies the

temporal organization of bursting activity in both � and � cortical waves across the

distinct physiological states of wake/arousals and sleep.

To achieve a more detailed understanding of the temporal organization of bursting

activity of �- and �-waves during sleep and wake, and the role of PZ neurons in these

dynamics, we next analyze the probability distributions of �- and �-burst durations

separately during 12-hour dark (nighttime) and light (daytime) periods. In contrast

to humans, rats are predominantly awake during the dark period and asleep during

the light period. Although sleep and wake are characterized by di�erent dominant

brain rhythms with distinct dynamics, synchronization and coupling patterns across

cortical areas (Liu et al., 2015a; Kopell et al., 2000), our analyses show that the duality

of power-law for the �-bursts and Weibull distribution for the �-bursts durations is

robust and remains independent of the dominant physiologic state (sleep or wake).

Such coexistence of scale-invariant and scale-speci�c temporal organization in �- and

�-bursts appears to be a basic characteristic of cortical activity during both dark

and light periods (Fig. 3�3). Importantly, the scaling exponent � of the power-law

as well as the Weibull parameters � and � concurrently change comparing dark to

light periods, indicating a coordinated modulation of � and � brain dynamics across

sleep and wake. This rises the hypothesis of a coupling mechanism controlling the

durations of consecutive �- and �-bursts (con�rmed by empirical results shown in

Fig. 3�13). The observations are consistent for both control and PZ-lesioned group,
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demonstrating a remarkable robustness of the power-law and Weibull functional form,

which remain present across the dark and light periods, and even after lesioning the

PZ neurons (Fig. 3�3).

Further, considering separately dark and light periods, we observe that the power-

law scaling exponent � is higher for the dark period (Fig. 3�3a,c), indicating that

�-bursts of longer duration are more likely during the light period when rats are

predominantly asleep. Higher probability for longer lasting �-bursts during light

periods could be associated with the presence of longer episodes of REM sleep, where

�-wave oscillations are dominant. This leads to an average increase of spectral power in

the � band, and thus, to a higher likelihood for longer �-bursts (smaller �) during the

light period. For both control and PZ-lesioned rats, the scaling exponent � � 2:45 is

higher during the dark period, and lower � � 2:25 during the light period (Fig. 3�3a,c),

in concurrence with change in Weibull parameters � and � (Fig. 3�3b,d). Notably,

comparing the control vs the PZ-lesioned group within a given dark or light period,

we �nd no signi�cant di�erence for the distributions of �- and �-burst durations,

indicating that the temporal organization of these fundamental brain rhythms across

the sleep-wake cycle is not in
uenced by neuronal assemblies in the PZ area.

3.3.3 Robust organization of �- and �-bursts across time scales

Our �ndings show that bursts associated with � and � rhythms exhibit a distinct

temporal organization described by speci�c duration distributions: power-law for

�-bursts indicating absence of a characteristic time scale (i.e. scale-invariant behavior),

and Weibull distribution for �-bursts with a characteristic time scale � (Figs. 3�2 and

3�3). These �ndings are obtained based on a particular choice for the observational

window size w and threshold Th utilized to analyze bursting dynamics (Fig. 3�1;

Materials and methods, Data analysis). We note that in our analyses, �- and �-bursts

are de�ned as time periods for which the ratio R�� = S(�)=S(�) is above or below
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Figure 3�3: Critical behavior represented by duality of power-law and
Weibull distribution for �- and �-bursts characterizes cortical activity
during both dark and light periods in control and PZ-lesioned rats. (a)
Probability distributions of �-burst durations for control (circles) and PZ-lesioned
(triangles) rats over the 12 h dark lights-o� period (pooled data) follow a power-law
with an exponent �ctrl = 2:44� 0:06 and �PZ = 2:40� 0:06 (higher than for the 24
h sleep-wake cycle, Fig. 3�2), where the line shows a power-law �t for the control
group. (b) Probability distributions of �-burst durations for control and PZ-lesioned
rats over 12 h dark period (pooled data) follow a Weibull form, with no signi�cant
di�erences in the �tting parameters (�ctrl = 0:59 , �ctrl = 0:16; �PZ = 0:54 ,
�PZ = 0:14), where the line shows a Weibull �t for the control group. (c) Probability
distributions of �-burst durations for control and PZ-lesioned rats over the 12h
lights-on period (pooled data) also follow a power-law but with smaller exponent
�ctrl = 2:28� 0:07 and �PZ = 2:24� 0:08 compared to the dark period, indicating
higher probability for longer durations. (d) Probability distributions of �-burst
durations for control and PZ-lesioned rats over the 12 h light period (pooled data)
follow Weibull behavior for both groups with no signi�cant di�erences in the �tting
parameters (�ctrl = 0:54 , �ctrl = 0:12; �PZ = 0:56 , �PZ = 0:14). Lines in (c) and
(d) show �ts for the distributions of the control group. All durations are calculated
using window size w = 5 s for the spectrogram and threshold Th = 1 on the ratio
R�� (Fig. 3�1). Error bars are calculated for each value and where not shown are
smaller than the symbol size. Error bars calculation and binning procedure are
described in Materials and methods, Data analysis. The power-law exponent value
for control and PZ rats do not show signi�cant di�erence for both light and dark
periods (t-test, p > 0:46).
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the threshold Th = 1, where R�� is evaluated over consecutive windows of w = 5 s.

To demonstrate that our results are indeed independent of the particular choice of

parameters Th and w, we repeat the analyses for a range of parameter values. We

�nd that universal scaling functions describe the dynamics of burst durations across

the 24-hour sleep-wake cycle.

We �rst examine the duration distributions of �- and �-bursts for di�erent threshold

values Th, keeping the window size w �xed. By increasing the threshold on the ratio

R�� from Th = 1 to Th = 2, we �nd that the scaling exponent � characterizing the

power-law distribution of �-burst durations remains stable (data collapse on to a single

curve, Fig. 3�4 a,c). The scaling behavior is followed by an exponential cut-o� that,

with increasing Th values, shifts to shorter burst durations d�.

For both control and PZ-lesioned rats this behavior is captured by the relation

P�(d�) � d��� f�

�
d�
Th��

�
; (3.9)

where f�(d�=Th
��) is a universal scaling function, � is the power-law scaling exponent

and � expresses the dependence of the cut-o� on Th. This universal scaling function

is con�rmed by the data collapse obtained by plotting d��P�(d) versus d�=Th
�� for a

range of Th values (insets in Fig. 3�4 a,c). In addition to the universal scaling function,

such exponential cut-o� is reminiscent of �nite size e�ects observed in systems at

criticality.

Similarly, we demonstrate that a unique function f� describes the distribution

of �-burst durations that is independent of the threshold Th (Fig. 3�4b,d). Since a

�-burst is de�ned as a time period of consecutive windows w where R�� < Th = 1

(Fig. 3�1b), to properly explore the behavior of the duration distribution for states

with increasingly dominant � power, we repeat the analyses for di�erent values Th < 1.

We observe that as Th decreases the probability for long �-bursts decreases, while
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Figure 3�4: Critical characteristics in temporal dynamics of bursts in
dominant rhythms are independent of thresholds utilized to de�ne bursts.
The distribution functional forms of power-law for �-bursts durations and Weibull
for �-bursts durations remain preserved for di�erent threshold values Th imposed on
the ratio R�� (Fig. 3�1). (a) Distributions of �-burst durations for control rats over
a 24h period (pooled data, w = 5) evaluated using di�erent Th values consistently
follow the same power-law behavior (red line), with an exponential cut-o� that
is controlled by Th. With increasing Th the distribution cut-o� shifts towards
shorter burst durations, a �nite size e�ect typically observed in systems at criticality.
Inset: data for di�erent Th collapse onto a single universal function f� when we
plot P (d)d� versus Th�d, with � = 2:35 and � = 0:8. (b) Rescaled distributions of
�-burst durations for control rats over a 24 h period (pooled data, w = 5) obtained
for di�erent Th values, consistently follow the same Weibull form. Distributions
are rescaled by hd�i�, where hd�i is the mean �-burst duration and � = 1:2. After
rescaling, distributions collapse onto a single function following a Weibull behavior,
f(d;�; �) (black line) with � = 0:55 and � = 0:59. Inset: Distributions P� for
di�erent thresholds Th (not rescaled). (c) Distributions of �-burst durations for
PZ-lesioned rats over a 24 h period (pooled data, w = 5) evaluated using di�erent
threshold values Th consistently follow the same power-law behavior (red line),
with an exponential cut-o� controlled by Th. Inset: Data collapse onto a universal
function f� by plotting P (d)d� versus Th�d with � = 2:35 and � = 0:8 (same as for
control rats in a). (d) Rescaled distribution of �-burst durations for PZ-lesioned
rats over a 24 h period (pooled data, w = 5) obtained for di�erent Th values
follow the Weibull form. Distributions are rescaled by hd�i�, with hd�i mean �-burst
duration and � = 1:2. After rescaling, the distributions collapse onto a single Weibull
distribution f(d;�; �) (black line) with � = 0:44 and � = 0:54. Inset: Distributions
P� for di�erent thresholds Th (not rescaled).
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short �-bursts become more likely (insets in Fig. 3�4b,d). However, when distributions

are rescaled by their respective mean �-burst duration hd�i, they all collapse onto a

unique function f�, which is the same for both control and PZ-lesioned rats (shown in

main panels of Fig. 3�4b and 3�4d respectively). This universal function f� is de�ned

by the scaling relation,

P�(d�) � hd�i�� f�(d�= hd�i�); (3.10)

where � = 1:2 for both rat groups, and is well �tted by a Weibull functional form as

we �nd by rescaling d� and P�.

Repeating the analyses for 12-hour dark and light periods separately, we �nd

that the universal scaling forms in Eq. 3.9 and Eq. 3.10 consistently describe the

dynamics of �- and �-bursts in both control and PZ-lesioned groups (3�5, 3�6). Thus,

our results indicate that the duality of power-law and Weibull distribution, as well

as the scaling properties summarized in Eqs. 3.9 and 3.10, are robust features of the

bursting dynamics of � and � rhythms across the sleep-wake cycle, and do not depend

on the particular threshold Th utilized to study the time evolution and intermittent

dynamics of �- and �-bursts embedded in the EEG spectral power.

Moreover, we also �nd that the functional behavior of the distributions of �-

and �-burst durations is to a large extend independent of the window size w, used

to investigate the time course of the EEG spectral power (Fig. 3�1a). Intuitively,

larger w would tend to fail in identifying short bursts and merge them together, thus

causing an increase in the probability of observing longer durations. In that regard,

considering the power-law temporal organization of �-bursts, larger window sizes

w mainly in
uence the tail of the distribution with longer �-bursts durations, thus

leading to decrease of the scaling exponent � (insets in Fig. 3�7a,c). We note that the

window size e�ect becomes visible only for extremely large w compared to the average

�-burst duration hd�i. However, when the �-bursts distributions (curves in insets of
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Figure 3�5: Distribution of �- and �-burst durations in the
dark period are independent of the speci�c threshold Th used
to identify bursts and can be described by unique scaling func-
tions. Distribution of �- and �-burst durations in the dark period for
di�erent threshold values Th on the ratio R�� and window size w = 5 s.
(a) Distribution of �-burst durations for control rats over a 12 h dark
period (pooled data). Distributions evaluated using di�erent Th values
consistently follow the same power-law behaviour (red tick line), with
an exponential cuto� that is controlled by Th. Inset: the data collapse
onto a universal function f� when we plot P (d)d� versus Th�d, with
� = 2:45 and � = 0:8. (b) Rescaled distribution of �-burst durations for
control rats over a 12 h dark period (pooled data). Distributions are
rescaled by hd�i�, with hd�i mean �-burst duration and � = 1:2. After
rescaling, distributions collapse onto a single function that is well �tted
by a Weibull distribution f(d;�; �) (black thick line), with � = 0:60
and � = 0:54. Inset: distributions P� for di�erent thresholds Th (not
rescaled). (c) Distribution of �-burst durations for PZ-lesioned rats
over a 12h period (pooled data). Distributions evaluated using di�erent
Th values consistently follow the same power-law behavior (red tick
line), with a cuto� that is controlled by Th. Inset: Data collapse onto
a single function by plotting P (d)d� versus Th�d with � = 2:45 and
� = 0:8. (d) Rescaled distribution of �-burst durations for PZ-lesioned
rats over a 12h dark period (pooled data). Distributions are rescaled
by hd�i�, with hd�i mean �-burst duration and � = 1:2. After rescaling,
the distributions collapse onto a single function that is well �tted by
a Weibull distribution f(d;�; �) (black thick line), with � = 0:50 and
� = 0:37. Inset: Distributions P� for di�erent thresholds (not rescaled).
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Figure 3�6: Distribution of �- and �-burst durations in the
light period are independent of the speci�c threshold Th used
to identify bursts and can be described by scaling functions.
Distribution of �- and �-burst durations in the light period for di�erent
threshold values Th on the ratio R�� and window size w = 5 s. (a)
Distribution of �-burst durations for control rats over a 12 h light
period (pooled data). Distributions evaluated using di�erent Th values
consistently follow the same power-law behaviour (red tick line), with a
cuto� that is controlled by Th. Inset: the data collapse onto a single
function when we plot P (d)d� versus Th�d, with � = 2:25 and � = 0:8.
(b) Rescaled distribution of �-burst durations for control rats over a 12
h light period (pooled data). Distributions are rescaled by hd�i�, with
hd�i mean �-burst duration and � = 1:2. After rescaling, distributions
collapse onto a single function, a Weibull distribution f(d;�; �) (black
thick line), with � = 0:55 and � = 0:46 . Inset: Distributions P� for
di�erent thresholds (not rescaled). (c) Distribution of �-burst durations
for PZ-lesioned rats over a 12 h period (pooled data). Distributions
evaluated using di�erent Th values consistently follow the same power-
law behaviour (red tick line), with a cuto� that is controlled by Th.
Inset: data collapse onto a universal function f� by plotting P (d)d�

versus Th�d with � = 2:25 and � = 0:8. (d) Rescaled distribution of
�-burst durations for PZ-lesioned rats over a 12 h light period (pooled
data). Distributions are rescaled by hd�i�, with hd�i mean �-burst
duration and � = 1:2. After rescaling, the distributions collapse onto a
single function, a Weibull distribution f(d;�; �) (black thick line), with
� = 0:56 and � = 0:47. Inset: Distributions P� for di�erent thresholds
(not rescaled).
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Figure 3�7: Critical characteristics in temporal dynamics of bursts
in dominant cortical rhythms are independent of the scale of analysis.
Distributions of �- and �-burst durations for di�erent scales of observation de�ned
by the window size w (Fig. 3�1). (a) Rescaled distribution P� of �-burst durations
for control rats over a 24 h period (pooled data). Distributions obtained for di�erent
scales of observation are rescaled by the window size w and consistently show the
same power-law behavior with � = 2:35, as proven by the data collapse (red line).
Small deviations observed on the tail of P� for w > 6 are due to coarse-graining
e�ect at large-window sizes. Inset: Distributions P� for di�erent window sizes w
(not rescaled). (b) Rescaled distribution of �-burst durations for control rats over a
24 h period (pooled data). Distributions obtained for di�erent window sizes w are
rescaled by hd�i�, where hd�i is the mean �-burst duration and � = 1:2, and collapse
onto a single function that is well described by a Weibull distribution f(d;�; �) with
� = 0:55 and � = 0:59 (black line). Inset: Distributions P� for di�erent window
sizes (not rescaled). (c) Rescaled distribution of �-burst durations for PZ-lesioned
rats over a 24h period (pooled data). Distributions obtained for di�erent window
sizes w are rescaled by the corresponding window size, and consistently show the
same power-law behavior with � = 2:35, as proven by the data collapse (red line).
Small deviation observed on the tail of P� for w > 6 are due to large-window e�ects.
Inset: Distributions P� for di�erent window sizes (not rescaled). (d) Rescaled
distribution of �-burst durations for PZ-lesioned rats over a 24 h period (pooled
data). Distributions are rescaled by hd�i�, with � = 1:2, and collapse onto a single
function following a Weibull behavior f(d;�; �) (black line) with � = 0:44 and
� = 0:54. Inset: Distributions P� for di�erent window sizes (not rescaled). Results
in all panels are obtained for �xed threshold Th = 1 on the ratio R�� (Fig. 3�1).
Results are consistent when considering separately light and dark periods (3�8 and
3�9).
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Fig. 3�7a,c) are rescaled by their respective window size w, all data collapse onto a

single power-law (Fig. 3�7a,c), con�rming the robustness of the results obtained in

Fig. 3�2a for both control and PZ-lesioned rats. This rescaling is represented by the

following relation

P�(d) � w�1 � f�(d=w): (3.11)

Separate analyses of 12-hour dark and light periods for di�erent window sizes w

(shown in 3�8a,c and 3�9a,c) further con�rm the robustness of the established scale-

invariant power-law form for the �-burst durations (Fig. 3�3a,c). A similar data

collapse characterizes the dependence of the �-burst duration distribution on window

size w. Generally, we observe that for increasing w the probability for long �-bursts

increases, while short �-bursts become less likely (insets in Fig. 3�7b,d). We �nd

that the relation between w and the average duration of �-bursts hd�i is given by

w � hd�i�, with exponent � = 1:2 for both control and PZ-lesioned rats. When �-burst

duration distributions corresponding to di�erent window sizes w, are rescaled by their

respective mean duration hd�i, we �nd that all distributions collapse onto a unique

function f� of a Weibull form (Fig. 3�7b,d), expressed by the following scaling relation

P�(d) � w�1 � f�(d=w) � hd�i�� � f�(d=hd�i�): (3.12)

As in the case for �-burst dynamics, we �nd that the temporal organization of

�-bursts is robust and characterized by a scaling function (Eq. 3.12), which is universal

for the control and PZ-lesioned groups, and remains stable during light and dark

periods (3�9b,d and 3�11b,d).

The existence of universal scaling functions (Eq. 3.9-3.12) not only demonstrates

that duration distributions are independent of the speci�c set of parameters used to

identify �- and �-bursts, but also constitutes a striking evidence of scale invariance, a

property associated with systems operating at criticality.



44

a b

c d

Figure 3�8: Distribution of �- and �-burst durations in the
dark period are independent of the speci�c window size w
used to identify bursts and can be described by unique scaling
functions. Distribution of �- and �-burst durations in dark period for
di�erent window sizes w and Th = 1 on the ratio R��. (a) Rescaled
distribution of �-burst durations for control rats over a 12h dark period
(pooled data). Distributions are rescaled by the window size w and
consistently show the same power-law behavior with � = 2:45 (red
tick line), as proven by the data collapse. Inset: Distributions P� for
di�erent window sizes (not rescaled). (b) Rescaled distribution of �-
burst durations for control rats over a 12 h dark period (pooled data).
Distributions are rescaled by hd�i�, with hd�i mean �-burst duration
and � = 1:2, and collapse onto a single function that is well described
by a Weibull distribution f(d;�; �) (black thick line), with � = 0:59
and � = 0:57 . Inset: Distributions P� for di�erent window sizes (not
rescaled). (c) Rescaled distribution of �-burst durations for PZ-lesioned
rats over a 12 h dark period (pooled data). Distributions are rescaled by
the window size w and consistently show the same power-law behavior
with � = 2:45 (red tick line), as proven by the data collapse. Inset:
Distributions P� for di�erent window sizes (not rescaled). (d) Rescaled
distribution of �-burst durations for PZ-lesioned rats over a 12h dark
period (pooled data). Distributions are rescaled by hd�i�, with hd�i
mean �-burst duration and � = 1:2, and collapse onto a single function
that is well �tted by a Weibull distribution f(d;�; �) (black thick line),
with � = 0:54 and � = 0:45. Inset: Distributions P� for di�erent window
sizes (not rescaled).
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Figure 3�9: Distribution of �- and �-burst durations in the
light period are independent of the speci�c window size w
used to identify bursts and can be described by unique scaling
functions. Distribution of �- and �-burst durations in light period for
di�erent window sizes w and Th = 1 on the ratio R��. (a) Rescaled
distribution of �-burst durations for control rats over a 12h light period
(pooled data). Distributions are rescaled by the window size w and
consistently show the same power-law behavior with � = 2:25 (red
tick line), as proven by the data collapse. Inset: Distributions P� for
di�erent window sizes (not rescaled). (b) Rescaled distribution of �-
burst durations for control rats over a 12h light period (pooled data).
Distributions are rescaled by hd�i�, with hd�i mean �-burst duration
and � = 1:2, and collapse onto a single function that is well described
by a Weibull distribution f(d;�; �) (black thick line), with � = 0:54
and � = 0:44. Inset: Distributions P� for di�erent window sizes (not
rescaled). (c) Rescaled distribution of �-burst durations for PZ- lesioned
rats over a 12h light period (pooled data). Distributions are rescaled by
the window size w and consistently show the same power-law behavior
with � = 2:25 (red tick line), as proven by the data collapse. Inset:
Distributions P� for di�erent window sizes (not rescaled). (d) Rescaled
distribution of �-burst durations for PZ-lesioned rats over a 12 h light
period (pooled data). Distributions are rescaled by hd�i�, with hd�i
mean �-burst duration and � = 1:2, and collapse onto a single function
that is well described by a Weibull distribution f(d;�; �) (black thick
line), with � = 0:56 and � = 0:48. Inset: Distributions P� for di�erent
window sizes (not rescaled).
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3.3.4 Self-similar micro-architecture of active and quiet states in the

sleep-wake cycle

Our investigations reveal a scale-invariant power-law structure for the durations of

�-bursts and a homogeneous functional form of Weibull type with a characteristic

time scale for �-burst durations, that are remarkably robust during light and dark

periods across the sleep-wake cycle, and are consistent for both the control and

PZ-lesioned group (Figs. 3�2,3�3). The coexistence of these two distinct types of

dynamics draws a strong parallel with far-from-equilibrium physical phenomena that

are characterized by bursting dynamics and abrupt transitions between active and quiet

states, such as avalanches and earthquakes (Munoz, 2018; Corral, 2004; Corral, 2006;

Bo�etta et al., 1999; Paczuski et al., 2005). For instance, the energy released during

avalanches/earthquakes (active states) is also distributed according to a power-law,

while the distribution of time intervals between consecutive avalanches/earthquakes

(quiet states) is described by a generalized Gamma distribution with a characteristic

time scale (exponential tail). Gamma is a universal scaling function that is independent

of spatial scales and minimum magnitude thresholds, and is consistently observed for

a broad range of conditions despite the large variability associated with phenomena

such as earthquakes and avalanches (Corral, 2004; de Arcangelis et al., 2006; Ribeiro

et al., 2010; de Arcangelis et al., 2016).

In the context of sleep dynamics, wake and brief arousals during sleep can be

considered as active states that, in rodents, are characterized by bursts in � rhythms.

Thus, we focus on the organization of � rhythm in time. Speci�cally, we investigate the

relationship between the duration of �-bursts and their occurrence in time (Fig. 3�10),

and we hypothesize that a self-similar structure, invariant across time scales, may also

characterize the occurrence of �-bursts. In analogy with non-equilibrium phenomena,

where quiet times are associated with the magnitude of active states, presence of
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a self-similar structure between occurrence and duration of �-bursts (active states)

would provide additional evidence for criticality in sleep micro-architecture.

To this end, we consider the time sequence of �-bursts, and we investigate the

statistical features of the quiet times �t separating consecutive bursts, taking into

account the duration d� of each �-burst (Fig. 3�10a). Since �-bursts vary in duration,

we impose a threshold D0 representing the time scale of analysis, and we de�ne quiet

time �ti as the period from the end of �i-burst to the beginning �i+1-burst. Thus, the

statistical characteristics of �ti depend on the threshold value D0. We obtain the

probability distribution P (�t;D0) of quiet times �ti for di�erent values of D0 (insets

in Fig. 3�10c,d). With increasing threshold (scale of observation) D0, the probability

of longer �ti increases, while the probability of short quiet times decreases, leading to

di�erent curves for the distributions P (�t;D0).

Visual inspection of the complex pro�le formed by the time sequence of �-bursts

and their respective durations shows an apparent similarity when comparing short

segments of the pro�le with the entire sequence above a given threshold D0 (Fig. 3�10b).

Indeed, the transformation illustrated in Fig. 3�10b resembles a renormalization-group

transformation, analogous to those studied in the context of critical phenomena. In

particular, the picture in the bottom panel of (Fig. 3�10b) can be seen as a result

of contracting the time axis by a factor a with respect to the middle panel, and

successively decimating the number of events by the same factor. To demonstrate

statistical self-similarity in the sequence of �-bursts, we systematically analyze the

functional form of the probability distributions P (�t;D0) for di�erent thresholds D0

by rescaling the each distribution by the average quiet time h�tiD0
. Remarkably, we

�nd that all distribution curves collapse onto a single functional form G (Fig. 3�10c,d),

de�ned by the following scaling relation

P (�t) = h�ti�1 �G(�t=h�ti): (3.13)
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Figure 3�10: Self-similar structure in quiet times between consecutive �-
bursts indicates coupling between time of occurrence and burst duration.
(a) Schematic diagram of quiet time �t between consecutive �-bursts. A quiet time
�ti is the time elapsed from the end of burst �i to the beginning of the following
burst �i+1. (b) Top: Time series of �-burst durations for about 600 min recording
of a control rat. Middle: A 60 min segment from the sequence shown in top panel.
Bottom: Sequence comprised only of the �-burst durations longer than D0 = 15 s
that are present in the 600 min time series shown in the top panel. Selecting only
bursts longer than D0 = 15 s, the temporal pattern at the scale of 600 min looks
similar to pattern at smaller scale of 60 min, indicating self-similar structure in
quiet times. (c) Distribution of quiet times for di�erent thresholds D0 on �-burst
durations over a 24 h period in control rats (blue symbols). When rescaled by h�ti
(main panel), distributions obtained for di�erent D0 collapse onto a unique function
that is well described by a generalized Gamma distribution G(x; b; �; p) (solid green
line), with b = 0:15, � = 0:31, and p = 0:91. Applying the same procedure to a
sequence of randomly reshu�ed �-burst durations, thus eliminating information
about the timing of �-bursts, leads to distributions that collapse onto an exponential
function (dashed lines). Inset: Distributions of quiet times for di�erent thresholds
D0 before rescaling. (d) Distributions of quiet times for di�erent thresholds D0

on �-burst durations over a 24 h period in PZ-lesioned rats. Distributions collapse
onto a unique function when rescaled by h�ti (main panel). Similar to control rats,
this function is well described by a generalized Gamma function G(x; b; �; p) (solid
green line), with b = 0:17, � = 0:24, and p = 0:83. Distribution of quiet times
obtained from a sequence of randomly reshu�ed �-burst durations collapse onto
an exponential distribution (dashed lines). Insets: Distributions of quiet times in
PZ-lesioned rats for di�erent thresholds D0 before rescaling. Results are consistent
when considering separately light and dark periods (3�11).
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The scaling relation in Eq. 3.13 represents a quantitative, mathematical expression

of the statistical self-similarity in the pro�le formed by the quiet times and �-burst

durations shown in Fig. 3�10b. We �nd that the functional form G is well approximated

by the generalized Gamma distribution (Stacy et al., 1962)

G(�t=h�ti; b; �; p) = (p=b�)(�t=h�ti)��1e�(�t=h�tib)p=�(�=p) (3.14)

where in our analysis �t=h�ti is a dimensionless quiet time. The Gamma functional

form is homogeneous (Ivanov et al., 1996), i.e. rescaling the variable leaves the

functional form unchanged. The existence of such scaling function indicates that

the distribution of quiet times between consecutive �-bursts is independent on the

scale of observation D0. In the limit of D0 = 0, the quiet time distribution P (�t;D0)

coincides with the distribution of �-burst durations P� (Eq. 3.8 and Figs. 3�2b and

3�3b,d) | a Weibull functional form that belongs to the same class of homogeneous

functions as the generalized Gamma.

Our data analysis shows that the scaling relation in Eq. 3.13 and the associated

Gamma functional form for the quiet times are robust: (i) we �nd it across the

24-hour sleep-wake cycle (Fig. 3�10) as well as separately during light and dark periods

(3�11), and (ii) it does not signi�cantly change with lesion of the sleep-promoting

neurons in the PZ brain area (compare Fig. 3�10c and Fig. 3�10d). Further, the

presence of self-similar structure in quiet time indicates speci�c temporal order in

the occurrence of �-bursts. To explicitly verify this, we randomly reshu�e the data

sequence of �-burst durations, while preserving the �-burst durations corresponding

to quiet times at D0 = 0, and we perform the analysis on the reshu�ed sequence

to obtain quiet time distributions Prand(�t;D0) for di�erent thresholds D0. After

rescaling the distributions Prand(�t;D0) by the average quiet time h�tiD0
, their curves

collapse onto an exponential distribution (dashed lines in Fig.3�10c,d) | a hallmark
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of temporal independence between consecutive events (Daley and Vere-Jones, 1988).

This clearly demonstrates that temporal correlations are intimately related to the

existence of universal non-exponential scaling functions (Eq. 3.8 and Eq. 3.13) (Corral,

2007; Daley and Vere-Jones, 1988).

a b

c d

Figure 3�11: Distribution of quiet times between consecutive
�-bursts for di�erent thresholds D0 on �-burst durations in
dark and light periods. When rescaled by h�ti (main panels),
distributions collapse onto a unique function that is well �tted
by a generalized Gamma function G(x; b; �; p) (green tick lines).
(a) Distributions of quiet times for di�erent thresholds D0 on �-burst
durations in 12h dark period for control rats. Generalized gamma �t
(green tick line): b = 1, � = 0:58, and p = 0:8. (b) Distributions of
quiet times for di�erent thresholds D0 on �-burst durations in 12 h light
period for control rats. Generalized gamma �t (green tick line): b = 1,
� = 0:47, and p = 0:77. (c) Distributions of quiet times for di�erent
thresholds D0 on �-burst durations in 12 h dark period for PZ-lesioned
rats. Generalized gamma (green tick line): b = 0:95, � = 0:47, and
p = 0:72. (d) Distributions of quiet times for di�erent thresholds D0 on
�-burst durations in 12 h light period for PZ-lesioned rats. Generalized
gamma �t (green tick line): b = 1:89, � = 0:35, and p = 0:93.
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Notably, a similar temporal organization characterized by coexistence of power-law

and generalized Gamma distribution has been reported for active states and quiet

times between them in a range of non-equilibrium systems self-tuning at criticality

(Munoz, 2018; Pruessner, 2012; Corral, 2004; de Arcangelis et al., 2006). Thus, our

�ndings are a strong evidence in support of the hypothesis that bursting activity of

fundamental brain rhythms and the associated sleep micro-architecture exhibit critical

non-equilibrium behavior.

3.3.5 Long-range scale-invariant correlations in � and � bursts

Physical systems at criticality exhibit high sensitivity to interactions among com-

ponents (Kadano�, 2000; Stanley, 1987). This leads to the emergence of collective

cooperative behavior, where interactions span the entire system across space and time

scales (Stanley, 1987), leading to long-range correlations. Indeed, scaling features in

such systems often arise in conjunction with long-range spatio-temporal correlations of

power-law (scale-invariant) type, as observed at the critical point of continuous phase

transitions (Stanley, 1987). Notably, physiological systems under neuroautonomic

regulation also exhibit dynamics characterized by long-range power-law correlations |

a scale-invariant structure that undergoes a phase transition with transitions from sleep

to wake (Ivanov et al., 1999b; Kantelhardt et al., 2003; Schmitt et al., 2009; Schumann

et al., 2010) , with circadian rhythms (Hu et al., 2004; Ivanov et al., 2007; Hu et al.,

2007; Ivanov, 2007) and under clinical conditions (Goldberger et al., 2002; Ivanov

et al., 1999a; Schulte-Frohlinde et al., 2001). Further, the randomization procedure in

the previous subsection (Fig. 3�10) clearly demonstrates that a self-similar structure in

quiet times, characterized by a Gamma scaling function (Eq. 3.13), can arise only in

the presence of a certain temporal order in �-bursts. Thus, we next perform correlation

analysis to quantify long-range features in the temporal organization of �- and �-burst

durations.
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Figure 3�12: Long-range power-law correlations in sequences of consec-
utive �- and �-burst durations indicate a dynamical system at criticality.
Detrended 
uctuation analysis (Materials and methods: Data analysis) for sequences
of �- and �-burst durations from control and PZ-lesioned rats. Burst durations are
calculated for window size w = 5 s and threshold Th = 1 on the ratio R�� (Fig. 3�1),
and are analyzed separately for 12 h dark and light periods. The root mean square
(r.m.s.) 
uctuation function F (n) is obtained averaging over all rats in the control
(a) and PZ-lesioned group (b), respectively. Log-log plots of F (n) vs the time scale
of analysis n, where n is the number of consecutive burst durations, show power-law
correlations over a broad range of scales n. Note that the scaling exponent of 0.5
indicates absence of correlations (white noise). The scaling exponents are signi�-
cantly larger than 0.5, both in light and dark periods, indicating presence of positive
(persistent) long-range correlations in �-bursts for both control and PZ-lesioned rats.
Similar results are found in sequences of �-bursts for (c) control and (d) PZ-lesioned
rats. The observed di�erence in the correlation exponents between �- and �-bursts
is signi�cant for both control and PZ rats during light and dark periods (t-test,
p < 0:05).

To this end, we utilize the detrended 
uctuation analysis (DFA) | a random

walk based method, specially tailored to quantify long-range power-law correlations

embedded in non-stationary signals with various polynomial trends and bursting

dynamics (Chen et al., 2002; Chen et al., 2005). The DFA method is based on

evaluation of the root mean square (r.m.s.) 
uctuation function F (n) (Materials

and methods, Data analysis), where n is the scale of analysis expressed in number
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of consecutive bursts (Fig. 3�12). A scaling relationship of the form F (n) / n�d

indicates presence of long-range power-law correlations in the time series of burst

durations. Correlation exponent �d 2 [0; 0:5) indicates anti-correlations (where short

burst durations tend to be followed by longer burst durations), while �d 2 (0:5; 1]

indicates positive persistent correlations (long bursts tend to be followed by longer

bursts) | a scale-invariant behavior that is consistent over several decades of time

scale n; �d = 0:5 corresponds to a random walk and absence of correlations.

We performed DFA on sequences of �- and �-burst durations separately, distin-

guishing between dark and light periods as well as between control and PZ-lesioned

rats (Fig. 3�12). We �nd that both �- and �-bursts exhibit long-range power-law corre-

lations, with an exponent �d = 0:60� 0:02 and �d = 0:65� 0:02, respectively. These

exponents are robust and do not change during dark or light periods, in line with our

observations for the duration distributions (Fig. 3�3). Moreover, our analyses indicate

that PZ lesions do not a�ect the nature and strength of temporal correlations, and

consistently shows that �- and �-bursts are long-range correlated across the sleep-wake

cycle (Fig. 3�12).

3.3.6 Anti-correlated coupling between �- and �- bursts

Majority of physical and biological systems at equilibrium (homeostasis) are controlled

by mechanisms that either lead to dynamics with speci�c space or time scales charac-

terized by exponential behaviors or to scale-invariant dynamics without characteristic

scales following power-laws. Non-equilibrium systems self-organizing at criticality

are unique in the sense that they combine two distinct processes | a scale-invariant

process related to the dynamics of active states and an exponential process related

to quiet states | both of which emerge out of a single regulatory mechanism (Lo

et al., 2002). In that context, our �ndings of (i) power-law distribution for theta-burst

durations (scale-invariant dynamics of active states) in coexistence with Weibull dis-
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tribution for �-burst durations (characteristic time scale for the dynamics of the quiet

states) shown in Fig. 3�2 and Fig. 3�3, (ii) universal Gamma distribution characterizing

the temporal organization of quiet times across a range of scales (Fig. 3�10), and (iii)

long-range power-law correlations in the time sequence of �- and �-burst durations

(Fig. 3�12) | all these characteristics are typical for systems at criticality | indicate a

common sleep regulatory mechanism for the bursting activity of both � and � rhythms

and associated sleep micro-architecture. Presence of such common mechanism would

imply coupling between �- and �-bursts. Indeed balanced excitation and inhibition in

neuronal networks is essential to maintain critical-state dynamics (Poil et al., 2012;

Massobrio et al., 2015; Lombardi et al., 2017). Further, the concurrent change we �nd

in both power-law and Weibull distribution parameters with transition from dark to

light periods (Fig. 3�3) is an additional indication of possible coupling between �- and

�-bursts. Thus, we ask whether there is a cross-correlation between the durations of

consecutive �- and �-bursts.

To further understand the temporal organization of bursting dynamics in relation

to neuronal integrity in the PZ, we next investigate the coupling between consecutive

�- and �-bursts, and the role of such coupling in the emergent scaling behavior of

duration distributions in control and PZ-lesioned rats.

We �rst focus on the relationship between ranks of consecutive �- and �-burst

durations, d� and d�. We rank burst durations in ascending order, with the shortest

duration corresponding to the smallest rank, and examine the scatter plots between

the ranks of consecutive d� and d� (Fig. 3�13a, b). We �nd that �-bursts of high ranks

(i.e. long durations) tend to be followed by �-bursts of low ranks (i.e. short durations).

This anti-correlated coupling is consistently present in both control (Fig. 3�13a) and

PZ-lesioned rats (Fig. 3�13b), and appears to be a basic characteristic of dynamics as

it is observed throughout the entire sleep-wake cycle in both dark and light periods.
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Figure 3�13: Coupling between �- and �-burst durations indicates a
common mechanism regulating the activity of these rhythms in relation
to sleep micro-architecture. Scatter plots and rank correlation analysis demon-
strate coupling between consecutive �- and �-burst durations. (a) Scatter plot of
�-burst ranks vs following �-burst ranks in the 24h period for control rats. Each
dot represents a pair formed by a �-burst and the following �-burst, with burst
durations separately ranked among the �-bursts and the �-bursts (longest duration
corresponding to highest rank). (b) Scatter plot of �-burst ranks vs following �-burst
ranks in the 24h period for PZ lesioned rats. For each rat group, ranks are calculated
separately for each rat and then plotted together. (c) Average Spearman’s cross-
correlation coe�cient for control and PZ-lesioned rats in dark, light and 24h periods.
Anti-correlations between consecutive �- and �-bursts are stronger during light than
during dark periods in each of the two rat groups. Comparing dark vs light periods,
the Student’s t-test gives p = 0:651 for control rats and p = 0:461 for PZ-lesioned
rats. Importantly, PZ-lesioned rats generally exhibit stronger anti-correlations than
the control group, in particular during dark periods, where the strength of anti-
correlated coupling increases with � 30% compared to control rats (control vs PZ
t-test : 24h, p = 0:158; dark, p = 0:121; light, p = 0:064). All correlation coe�cients
calculated in both groups are signi�cantly di�erent from the corresponding values
obtained in the surrogates (red bars) after randomly reshu�ing the original order
of �- and �-bursts (t-test : p < 0:001). All durations are calculated using a window
w = 5 s and threshold Th = 1 on the ratio R�� (as in Fig. 3�1). This �nding of
anti-correlated coupling between �- and �-bursts durations is further supported by
an independent analysis based on conditional probability (3�14).

To quantify the coupling between consecutive �- and �-burst durations we utilize

Spearman’s correlation coe�cient, which assesses monotonic relationships between two
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variables (Materials and methods, Data analysis). The Spearman’s cross-correlation

is positive when observations of two variables have similar ranks, and negative if

observations of two variables have opposite ranks. Our analyses show that the cross-

correlation coe�cient calculated for consecutive �- and �-burst durations is always (24h,

dark, light period) signi�cantly negative (Fig. 3�13c) | a clear sign of anti-correlated

coupling. This is veri�ed by a surrogate test where the sequence of consecutive �- and

�-burst durations is randomized (Fig. 3�13c; Materials and methods, Data analysis).

We �nd that the �-� anti-correlated coupling is more pronounced for PZ-lesioned rats,

and this is consistently observed in both light and dark periods. Comparing light vs

dark period, our results show an increase in the anti-correlated coupling during the

light period within each group (Fig. 3�13c).

The presence of anti-correlated coupling between consecutive �- and �-bursts is

further supported by conditional probability analysis (Fig. 3�14). Speci�cally, we ask

how the conditional probability distribution P (d�i jd�i�1
> d�) of �-burst durations d�i

depends on the length of preceding �-burst duration d�i�1
above a given threshold d�

{ i.e., we consider the probability distribution of the subset of �-bursts which follow

�-burst durations longer than d�. Note that when no condition is imposed on d�i�1
, i.e.

d� = 0, the conditional probability is equivalent to the Weibull distribution of �-burst

durations, namely P (d�i jd�i�1
> 0) = P (d�i) (Fig. 3�2 and Fig. 3�3). On the other

hand, for threshold d� > 0 , P (d�ijd�i�1
> d�) 6= P (d�i) implies that d�i and d�i�1

are

not independent of each other. As discussed in further details in the Supplementary

Information, we �nd that increasing the conditional threshold for d�i�1
the probability

for longer d�i signi�cantly drops, while the probability for shorter d�i signi�cantly

increases (3�14 insets). This dependence is observed during light and dark periods for

both control and PZ-lesioned groups, and clearly con�rms the anti-correlated coupling

between the durations of consecutive �- and �-bursts.
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Figure 3�14: Distributions of conditional probabilities for �-
burst durations. (a) Distribution of durations d�i given that the
duration of the preceding �-burst is larger than a given threshold d�

(d� = 15s and d� = 50s) for control rats in dark periods. (b) Distribution
of durations d�i given that the duration of the preceding �-burst is larger
than a given threshold, d� = 15s and d� = 50s, for PZ-lesioned rats in
dark periods. Durations are calculated using a window w = 5 s and
a threshold Th = 1 on the ratio R�=�. (c) Distribution of durations
d�i given that the duration of the preceding �-burst is larger than a
given threshold d� (d� = 15s and d� = 50s) for control rats in light
periods. (d) Distribution of durations d�i given that the duration of
the preceding �-burst is larger than a given threshold, d� = 15s and
d� = 50s, for PZ-lesioned rats in light periods. Durations are calculated
using a window w = 5 s and a threshold Th = 1 on the ratio R��. Inset
in each panel shows details of conditional probability distribution for
short d�i < 0:4 min.

3.3.7 Phenomenological model of coupling and criticality in �- and �-

bursts dynamics

We next test whether the established anti-correlated coupling between consecutive

�- and �-burst durations is essential for the emergent duality of power-law and
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Figure 3�15: Schematic diagram of a phenomenological model to gen-
erate sequences of �- and �-burst durations with varied degree of anti-
correlated coupling. (a) First, burst durations d� and d� are randomly drawn
from the empirically obtained distributions (power-law and Weibull, Fig. 3�2) and
separately ranked. Durations d = n � w are a multiple of the scale of analysis
(window size w = 2 s). (b) Ranks of �- and �-burst durations are then paired to form
an anti-correlated sequence: if the rank(d�) of a �-burst is large, than the rank(d�)
of the following d�-burst is selected to be smaller, and vice versa. Repeating this
process leads to a sequence of generated d� and d� durations with a certain degree
of anti-correlation. (c) This newly generated anti-correlated time series is binarized,
i.e. ’+’/’-’ is assigned to each window w that belongs either to a d� (red, ’+’) or
d� (blue, ’-’) duration, respectively. The binary time series is then coarse grained
according to a majority rule applied over a window � = 5w. From the resulting
coarse-grained (CG) binary series, consecutive � durations, dCG� , and � durations,
dCG� , are extracted. Details of the model are given in Materials and methods: Model
of anti-correlated burst coupling.

Weibull distribution as a basic characteristic of systems at criticality. We develop

a phenomenological model (Fig. 3�15) based on anti-correlated pairing of � and �
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durations randomly drawn from the empirical distributions of the �- and �-burst

durations established in our study (Fig. 3�2). The model allows to control the degree

of anti-correlations between consecutive �- and �-burst durations, and thus to examine

if and how anti-correlations a�ect the emerging power-law and Weibull distributions of

burst durations, and the related scale-invariant temporal structure of �- and �-bursts.

The basic steps to generate sequences of alternating �- and �-burst durations with

the desired degree of correlations are schematically outlined in Fig. 3�15.The model

consists of the following steps:

Random drawing and ranking. N durations d� and d� are randomly drawn from

the empirical distributions previously obtained using a speci�c window size w. d�

and d� are separately sorted in ascending order, i.e. from shortest to longest, and

get a distinct ordinal numbers from k = 1; 2; :::; N , which corresponds to their rank.

This procedure ensures that each duration has a unique rank. The ranked d� and

d� are then paired with a tunable degree of anti-correlation and a new time series of

alternating �- and �-burst durations is thus generated. The coarse-grained properties

of the resulting time series depends on the degree of anti-correlations used in the

pairing.

Correlated pairing. Once d� and d� are ranked and a distinct, unique ordinal

number is associated to them, one randomly choose a d� with rank k1 between 1

and N . To choose the following d�, one draws a random number k2 from a Gaussian

distribution with mean � = 1 +N � k1 and standard deviation �, and takes d� as the

duration corresponding to rank k2. This procedure is iterated N times, and at each

iteration i the mean of the Gaussian from which one draws the next random rank,

ki, depends on ki�1, i.e. � = 1 +N � ki�1. At each iteration, ki will correspond to a

duration d� from the sorted �-burst durations if the preceding burst was a �-burst with

duration d�, whereas ki will select a duration d� from the sorted �-burst durations if
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the preceding burst was a �-burst with duration d�. As a result one obtains a sequence

of d� and d� whose degree of anti-correlations is controlled by a single parameter, �.

The smaller �, the stronger anti-correlations are.

Binary series and coarse-graining. To characterize the coarse-grained properties,

the time series is �rst converted in a binary sequence, namely a sequence of ’+’ and

’-’. Since each duration is by de�nition a multiple n of the unit window w, namely

d = nw, the n windows belonging to a d� are populated with ’+’, while the n windows

belonging to a d� with ’-’ (Fig. 3�15c). As a results one has a sequence of windows

populated with ’+’ and ’-’. This binary sequence is then coarse-grained grouping

a given number � of consecutive windows, with � odd number, and assigning ’+’

or ’-’ to the new windows of size � according to a majority rule, i.e. one assign ’+’

(’-’) if the number of ’+’ is larger (smaller) than the number of ’-’ (Fig. 3�15c). A

Coarse-Grained Binary Sequence (CGBS) is thus obtained, and dCG coarse-grained

durations are calculated as shown in Fig. 3�16.

We utilize this model to test our hypothesis that coupling between �- and �-bursts is

essential for the emergent duality of power-law and Weibull behavior across time scales

as a hallmark of system at criticality. We test to what extent �-� coupling strength

plays role in the emergent scale-invariant organization of sleep micro-architecture. Our

simulations show that the generated distributions of �- and �-burst durations depend

on the degree of anti-correlation introduced in the model. When the Spearman’s

cross-correlation coe�cient of burst durations generated by the model corresponds

to the empirical values found in real data, the distributions obtained from the model

approximate the empirical distributions (Fig. 3�16), and scale-invariant temporal

organization in burst durations emerges over a range of coarse-graining scales �. In

contrast, absence of anti-correlated coupling in our model (i.e. random pairing of �

and � durations in the generated time series) leads to exponential distribution for
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Figure 3�16: Anti-correlations between consecutive �- and �-bursts
durations are essential for emerging critical behavior with duality of
power-law and Weibull dynamics. Probability distributions of �- and �-
burst durations from 24 h control and PZ-lesioned rat data coarse-grained (CG)
over a window � = 10 s, are compared with the distributions obtained from the
model-generated coarse-grained binary time series of �- and �-bursts durations
with anti-correlations and without correlations (random pairing of �- and �-bursts,
Fig. 3�15). (a) Distributions P�(d) of �-burst durations for: (i) 24 h control rats data
(red diamonds), (ii) model-generated time series of �- and �-bursts durations with
anti-correlations (green circles), and (iii) model-generated time series with random
pairing of �- and �-bursts durations (magenta dashed line). Inset shows results from
same analysis on P�(d) for the group of PZ-lesioned rats. (b) Distribution P�(d) of
�-burst durations for: (i) 24h control rats data (blue diamonds), (ii) model-generated
time series with anti-correlations (green circles), and (iii) model-generated time
series with random pairing of �- and �-bursts durations (magenta dashed line). Inset
shows results from same analysis on P�(d) for the group of PZ-lesioned rats. In both
(a) and (b), durations are in units of �, which is the window size used to coarse
grain the sequences of �- and �-bursts durations. The distributions obtained from
the model using anti-correlated d� and d� pairing (green circles) closely match the
duration distributions for the original data (diamonds) | power-law for P�(d) and
Weibull for P�(d) | for both control and PZ-lesioned rats. In contrast, a random
pairing of d� and d� produces duration distributions following the Poisson functional
form (magenta dashed lines) that signi�cantly deviates from the original data.
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both �- and �-bursts, signi�cantly di�erent from real data (Fig. 3�16).

3.4 Discussion

We show that transient bursts in both the � and � cortical rhythms continuously

occur during the sleep-wake cycle and exhibit a complex temporal organization that

is invariant across a range of time scales, from seconds to minutes, and underlies sleep

micro-architecture. We discover a remarkable duality of scale-invariant power-law

distribution for �-burst durations (active states) and a Weibull distribution with a

exponential characteristic time scale for the �-burst durations (quiet states) (Fig. 3�2)

| a behavior which is typically observed in non-equilibrium systems self-organizing at

criticality, where a quiescent phase with exponential dynamics coexists with active

events following power-law distributed sizes and durations (Bo�etta et al., 1999;

Chialvo, 2010; Paczuski et al., 2005; Munoz, 2018). Further, we identify presence of

coupling between �- and �-bursts dynamics which is characterized by signi�cant anti-

correlation in consecutive �- and �-burst durations (Fig. 3�13), and we demonstrate

through both empirical and modeling approaches that this anti-correlated coupling is

essential part of the mechanism responsible for the emergent duality of power-law and

Weibull behavior across time scales (Fig. 3�15 and 3�16). Importantly, we �nd that

sequences of consecutive �- or �-burst durations are long-range power-law correlated,

indicating a scale-invariant organization in the temporal order of burst durations and

a unique underlying process with persistent ’memory’ spanning over a wide range of

scales that statistically couples the duration of a given burst with the durations of

hundreds of following bursts (Fig. 3�12). Presence of complex temporal organization

and coupling in cortical rhythms is also manifested through the self-similar structure

we uncover in the quiet times separating consecutive �-busts (active events) above

a given duration (Fig. 3�10) | described by a homogeneous generalized Gamma
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distribution (Stacy et al., 1962). This self-similar structure links, across time scales,

the duration of a given �-burst with the time of its occurrence.

Our empirical analyses show that the characteristics of �- and �-bursts dynamics

do not depend on the scale of observation or on the threshold used to separate �- from

�-bursts, and remain continuously present during dark and light periods (Figs. 3�4,

3�7, 3�5, 3�6, 3�8 and 3�9), under di�erent dominant physiologic states, and both in

control rats and rats where all PZ neurons are lesioned. Thus, our �ndings indicate

that the discovered scale-invariant organization in the bursting activity of � and �

cortical rhythms is independent of behavioral factors across the sleep-wake cycle,

and is not a�ected by the loss of neuronal inputs from the PZ, a major component

of the sleep-promoting circuitry. Further, the presence of multiple scale-invariant

characteristics related to distributions, correlations, coupling and timing of bursting

events is a strong evidence of critical self-organization in � and � cortical rhythms | a

signature of collective behavior over a range of time scales that emerges from neuronal

interactions across brain areas which is essential to maintain system’s susceptibility and


exibility for abrupt sleep-stage and arousal transitions. The reported self-organization

at the integrated cortical level, with dynamics spontaneously driven at criticality by

active and quiet states, indicates that a non-equilibrium mechanism regulates sleep

micro-architecture on time scales from seconds to minutes | a behavior which is in

contrast to the homeostatic (equilibrium) regulation that controls consolidated sleep

and wake, ultradian and circadian rhythms at large horizons of hours and days.

Our observations provide new insights about the role of PZ. Previous studies have

demonstrated that PZ lesions cause a signi�cant decrease of NREM sleep during the

light period, without a�ecting the distribution of EEG spectral power among di�erent

brain rhythms (Anaclet et al., 2014; Anaclet and Fuller, 2017). Our results suggest

that such stability of the spectral power distribution results from the robust temporal
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organization and cross-talk of � and � rhythms, which seems not to be signi�cantly

altered by lesion of the PZ neurons. Furthermore, our �ndings show that the decrease

in NREM sleep is not associated with signi�cant changes in the dynamic characteristics

and temporal organization of � rhythms.

Sleep and wake are under control of complex regulatory circuitry involving multiple

neuronal assemblies and specialized brain areas. GABAergic neurons from the PZ,

together with other NREM sleep-promoting neurons, inhibit wake-promoting popula-

tions and arousal pathway which are crucial for cortical activation and wakefulness.

During the past few years multiple NREM sleep promoting neuronal populations

have been described (Liu et al., 2017; Oishi et al., 2017; Yang et al., 2018; Yu et al.,

2019). Understanding the speci�c role of PZ sleep-promoting neurons and how they

interact with other sleep- and wake-promoting brain areas to in
uence cortical activity

is crucial to develop an integrated picture of sleep-wake control. For example, it is

likely that other neuronal assemblies compensate for the loss of PZ neurons, e.g. the

sleep-promoting neurons located in the ventrolateral preoptic area (VLPO) (Kroeger

et al., 2018). Our �ndings of scale-invariant features of �- and �-bursts dynamics

which remain present after lesioning the PZ neurons, while at the same time total

NREM sleep declines (Anaclet et al., 2014; Anaclet and Fuller, 2017), are a strong

indication that the function of PZ neurons relates to sleep initiation, and may not

be actively involved in regulating the dynamics once a sleep episode is initiated |

i.e., lesioning the PZ reduces sleep initiation, and thus leading to decline in total

NREM sleep; however, once sleep is initiated the dynamics and micro-architecture

of �- and �-bursts are not signi�cantly altered, raising the hypothesis that another

sleep-promoting center (possibly the VLPO) may be involved in the dynamic aspects

of sleep regulation. Moreover, our empirical �ndings of increased anti-correlation

between durations of consecutive �- and �-bursts under PZ lesion (Fig. 3�13) and
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model simulations demonstrating that such �-� coupling is essential for the emerging

scale-invariant temporal organization in these cortical rhythms (Fig. 3�15 and 3�16),

indicate that PZ neurons may have dual role for both sleep and arousal/brief wake

activation.

Importantly, the uncovered complex dynamics in � and � cortical rhythms do not

depend on the time scales of observation, and share striking similarities with the

dynamical characteristics of natural phenomena exhibiting non-equilibrium behavior

of active and quiet states, and self-organization at criticality. Our analyses and

�ndings are based on the interpretation of �-bursts as active states and �-bursts

as quiet states, and on the hypothesis that the observed scale-invariant temporal

organization of � and � rhythms emerges out of a common sleep regulatory mechanism,

in analogy to the cooperative mechanisms underlying the dynamics of non-equilibrium

systems at criticality. This approach is consistent with the basic neurophysiological

understanding of � rhythm as the quiet state cortical default mode | indeed, lesion

and transection experiments have reported that interruption of sensory inputs to the

cortex results in a cortical EEG similar to that in NREM sleep (von Economo, 1930;

Bremer, 1935; Bremer, 1937). In contrast, oscillations in the � band are associated

with REM, arousals and wakefulness (Scammell et al., 2017; Boyce et al., 2016). Due

to the respective amount of wakefulness and REM sleep in our data (Anaclet et al.,

2012), most of the analyzed �-bursts are likely associated with arousals and wake.

Further, during wakefulness cortical � activations are desynchronized with a wide

range of burst durations, and correspondingly our analyses show that collective cortical

neuronal activity follows robust universal scaling laws: power-law distribution for burst

durations, long-range power-law correlations in the sequence of burst durations, and a

self-similar structure in quiet times between bursts, all reminiscent of the dynamic

characteristics and temporal organization of active states found in avalanche and
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earthquake dynamics (de Arcangelis et al., 2016; Ribeiro et al., 2010).

The presented �ndings provide a general picture unifying previous empirical

observations of criticality in spontaneous brain dynamics at di�erent levels | from

networks of dissociated cortical neurons (Pasquale et al., 2008) and local �eld potentials

(LFP) in cortex slice cultures (Beggs and Plenz, 2003), human EEG and fMRI resting

state dynamics (Linkenkaer-Hansen et al., 2001; Palva et al., 2013; Marinazzo et al.,

2014; Tagliazucchi et al., 2012), awake monkeys (Petermann et al., 2009) and resting

magnetoencephalography of the human brain (Shriki et al., 2013), to the dynamics

of sleep-stage and arousal transitions across species (Lo et al., 2002; Lo et al., 2004;

Blumberg et al., 2005; Lo et al., 2013; Sorribes et al., 2013) | where either distributions

or temporal correlations of active events have been studied and discussed in the context

of self-organization at criticality. Several models based on statistical physics have also

shown that the functional properties of the healthy brain resemble those of systems

at criticality, and that altered physiologic states may correspond to super-critical

or sub-critical states (Stramaglia et al., 2017; Fraiman Borraz�as et al., 2009). In

particular, models including disorder and frustration (Miranda and Herrmann, 1991;

de Arcangelis et al., 2014) | essential features of spin glasses as well as of multi-layer

cortical networks where neurons may be frustrated by receiving both excitatory and

inhibitory inputs | provide critical exponents in good agreement with those observed

experimentally depending on the balance between excitatory and inhibitory neurons

and their distributions among cortical layers (Lombardi et al., 2017). Crucially, here

we show that important physiologic functions may bene�t from underlying critical

dynamics, and demonstrate presence of the full spectrum of scaling characteristics

typical for non-equilibrium systems self-organizing at criticality. Furthermore, we

link our observations to the collective behavior of a key sleep-promoting neuronal

population leading to emerging cortical rhythms in relation to physiological alternation
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of sleep and wake. We �nd that the power-law scaling exponent of the distribution

for �-burst durations is � ’ 2:35, a robust temporal organization in bursting activity

across the sleep-wake cycle in both control and PZ lesioned rats. Notably, this scaling

exponent is close to the power-law exponent � ’ 2 for the distribution of neuronal

avalanches in cortex slice cultures (Beggs and Plenz, 2003) and dissociated cortical

neurons (Pasquale et al., 2008), to � ’ 2:2 reported for arousal/wake episodes in

coarse-grained sleep-stage recordings in humans (Lo et al., 2002; Lo et al., 2013) and

other species (Lo et al., 2004; Blumberg et al., 2005; Sorribes et al., 2013; Dvir et al.,

2018).

In summary, our �ndings of scaling features for a full spectrum of dynamic char-

acteristics in the bursting activity of cortical � and � rhythms strongly support the

hypothesis of an underlying critical dynamics for sleep regulation (Lo et al., 2004;

Kadano�, 2000). In systems far from equilibrium, emerging bursting activity de-

scribed by power-laws and exhibiting long-range spatio-temporal correlations has been

proposed as an indication of self-organized criticality (SOC) (Bak et al., 1988; Bak,

1996; Beggs and Plenz, 2003). In this context, bursts do not have a characteristic

duration, and short as well as long bursts are expression of the same underlying

dynamics (Bak et al., 1988). Consecutive bursts are separated by quiescence periods

whose distribution depends on the details of the system and generally exhibit an

exponential tail (Lombardi et al., 2012; Lombardi et al., 2014; Corral, 2004; de Arcan-

gelis et al., 2006), and is an exponential for the paradigmatic sandpile model of SOC

(Bak et al., 1988; Bo�etta et al., 1999). Thus, in systems exhibiting self-organized

criticality power-law and exponential dynamics for active and quiet states coexists,

and emerge out of the same regulatory mechanism. The robust duality of power-law

(scale invariant) and Weibull (exponential tail) distribution for the bursting dynamics

of � and � rhythms is closely reminiscent of this scenario, where scale-free �-bursts in
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cortical activity can be seen as avalanches or earthquakes (Corral, 2004; Bak et al.,

1988), while �-bursts can be interpreted as the quiet periods between active states.

Notably, the Weibull functional form for the distribution of quiet periods represents

an extreme (minimal) event statistics. In the proposed here criticality framework of

cortical rhythm dynamics and sleep micro-architecture, one can interpret the Weibull

distribution as realization of shortest quiet periods between spontaneous initiation of

active states (�-bursts). Since such activations are spontaneously initiated at multiple

brain locations, what one measures at the EEG probe is the closest (fastest arriving)

activation. Following the analogy with SOC systems, we further demonstrated that

the organization (occurrence in time) of �-bursts is coupled with their durations,

forming a scale-invariant structure for the quiet times between consecutive �-burst

above a given duration described by a universal Gamma distribution (also observed in

earthquake dynamics (Corral, 2004)).

Overall, the combined empirical observations and modeling simulations reported

here lay the foundation for a new paradigm for the investigation of sleep dynamics

and sleep-stage transitions mechanisms, considering sleep micro-architecture as result

of a non-equilibrium process and self-organization among neuronal assemblies to

maintain a critical state | a behavior which is in stark contrast to the traditional

homeostasis paradigm of sleep regulation at large time scales. Within this criticality

paradigm arousals/brief wake and sleep-stage dynamics emerge out of a common

regulatory mechanism, where arousals play an essential part in maintaining a non-

equilibrium behavior at criticality, as evidenced by our observations of coupling

between consecutive �- and �-bursts durations. Systems at criticality exhibit high

susceptibility and sensitivity to interactions, leading to cooperative behaviors over

a range of space/time scales, and thus, maintaining a critical state through self-

organization is important for system’s 
exibility and for generating spontaneous
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transitions (Lehnertz et al., 2018; Ansmann et al., 2016). Such transitions can not

occur intrinsically in a homeostatic (equilibrium) systems. In the context of sleep

micro-architecture, the proposed criticality-based paradigm may provide new insights

on the origin and mechanisms underlying the dynamics of sleep-stage and arousal

transitions, and o�ers a unifying picture of sleep and wake.
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Chapter 4

Self-organized criticality as a new

paradigm of sleep regulation in health and

disease

4.1 Introduction

On top of the regular circadian sleep-wake pattern, humans and animals often exhibit

brief awakenings from sleep (arousals), lasting from seconds to minutes, which appear

randomly in time and occur throughout the entire sleep period. These arousals are

traditionally viewed as random disruptions caused by external stimuli or as involved in

the pathophysiology of sleep disorders. Statistical analyses of the sleep stage durations

of human and animal data have revealed a universal pattern of temporal dynamics of

sleep-wake patterns on short time scales of seconds and minutes. In particular, while

durations of sleep episodes can be well characterized by an exponential distribution,

durations of wakefulness and arousals exhibit a power-law type temporal organization

(Lo et al., 2002). This unique coexistence of power-law for the \active" state and

exponential behavior for the \quiet" state observed in sleep dynamics is certainly

intriguing as it resembles the characteristics of certain non-equilibrium physical systems

that exhibit Self-Organized Criticality (SOC). Moreover, these properties of sleep

micro-architecture are not accounted by the existing theoretical framework including

the 
ip-
op bi-stable switch paradigm (Saper et al., 2010), where the durations of

both \on" and \o�" states follow exponential distributions. Therefore, approaching
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sleep dynamics with a SOC-type alternative view may provide new insights into the

fundamental mechanisms underlying sleep regulation. A recent work on sleep apnea

subjects (Lo et al., 2013) who su�ers from excess undesirable disruptions during sleep

suggested the scale-invariant structure of arousals is robust even in the presence of

pathological disorders. Notably, the only e�ect of sleep apnea is to shift the entire

power-law distribution to a new exponent while preserving the scale-invariant nature

of the temporal organization. Hence, it is tempting to ask the question of how this

scale-invariant temporal organization is a�ected by sleep disorder directly associated

with excess wakefulness.

Sleep disorders are the typical pathologic conditions in the context of sleep studies.

Insomnia is one of the most widely concerned sleep disorders, and is understood as

a disorder of hyperarousal (Riemann et al., 2010). It is usually the result of the

elevated activity of arousal system, which can be caused by the over-expression in

either the activation of sleep inhibiting neurons or the suppression of sleep promoting

neurons (Levenson et al., 2015; Prober et al., 2006). Hyperarousals in the central

nervous system and the peripheral nervous systems due to increased somatic, cognitive,

and cortical activation (Riemann et al., 2010; Perlis et al., 1997). These anomalies

is manifested in abnormal brain activities at particular brain areas (Merica et al.,

1998; Perlis et al., 2001b; St-Jean et al., 2012), in the certain frequency bands (Perlis

et al., 2001b; Perlis et al., 2001b; Krystal et al., 2002; Perlis et al., 2001a), and

function connectivity across brain areas (Li et al., 2014; Li et al., 2016). Thus,

deriving objective quantitative measures from physiological recordings will provide

complimentary information on the undesirable sleep outcome and will help to elucidate

the underlying mechanisms involved in sleep regulation and pathological perturbation.

To this end, we investigate long-term continuous EEG recordings in 20 healthy

subjects and 31 patients with insomnia, and we analyze the complex dynamics of �-
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and �-bursts during 8-hour overnight sleep periods. In particular, we focus on the

emergent scale-invariant features in the temporal organization of �- and �-bursts, and

study whether alterations in the brief arousals and sleep-stages are mirrored by a

reorganization of dominant brain rhythms, a question that has not been addressed

so far in sleep research. Importantly, Our aim is to establish basic mechanisms that

underlie cortical dynamics and sleep micro-architecture, and whether these dynamics

exhibit characteristics of a system at criticality. Con�rming our hypothesis, that

cortical activations underlying sleep micro-architecture exhibit critical dynamics,

would lay the foundation for a novel uni�ed framework of the sleep-wake cycle, where

sleep and arousals/wake, consolidated and transient states, originate from the same

fundamental principles and a common mechanism that bridge collective behaviors

across spatiotemporal scales, from neuronal assemblies to brain rhythms and emerging

physiologic states, as well as how such reorganization and temporal dynamics in the

brain would be a�ected by sleep disorders like insomnia.

4.2 Methods

4.2.1 Data

Data analyzed in this study were obtained from the EU-project SIESTA (Klosh et al.,

2001). We utilize electroencephalogram (EEG) signals from 20 healthy young subjects

(9 males and 11 females, ages between 22 and 35, average 28 years) and 31 subjects

with insomnia (anxiety patients, 18 males and 13 females, ages between 21 and 66,

average 44 years), continuously recorded during night-time sleep (average record

duration 7.8 h). All participants provided written informed consent. The research

protocol (IRB number 3380X) was approved by the Institutional Review Board of

Boston University (Boston, MA, USA).

To study the electrical activity over the occipital scalp region we used the voltage
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recordings for channel pairs O2 �M1, O1 �M2 and M2 �M1 as de�ned by the

international 10-20 system. All subjects exhibited alpha activity in occipital EEG

during eyes-closed wakefulness and brief arousals.

4.2.2 Pre-analysis

For a particular subject s and time point t , we use the notation V s
L;M(t) to refer to

the potential at location L in respect to location M . Then, for each subject and time

point t, we estimate the potential di�erence at location O2 in respect to O1 from the

recorded locations, i.e. O2�M1, O1�M2 and M2�M1:

V s
O2;O1(t) � V s

O2;M1(t)�
�
V s
O1;M2(t) + V s

M2;M1(t)
�
: (4.1)

4.2.3 Spectral analysis

We aim for a smooth estimate of the spectral EEG power. To this end, we extracted

�t (�t = 5, 10, 15, or 30s) epochs of non-overlapping segments of the data. We

refer to the segment around time point tm as the mth segment of the data, i.e.

V s;m
O2;O1(t) � V s

O2;O1(tm � �t=2 � t < tm + �t=2). We further segmented �t into

half-second long windows where the jth window in the mth segment is given by

V
s;mj
O2;O1(t) � V s

O2;O1(tmj � t < tmj + 0:5s). We detrended each half second window by

removing the best linear �t. Correspondingly, the detrended elements of V
s;mj
O2;O1(t) are

denoted by w
s;mj
1 , w

s;mj
2 , ..., w

s;mj
N , where N is the number of half-second samples within

segment m. We computed the Fourier transform of V
s;mj
O2;O1(t) within the half-second

detrended window w
s;mj
n by:

W
s;mj
f �

NX
n=0

ws;mjn une
i2�nf (4.2)

where un is the nth element of a windowing function. We chose u to be the �rst Slepian
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sequence satisfying
PN

n=1 u
2
n = 1. The total power in window m for given �t is

Ss;mf =
JX
j=1

��W s;mj
f

��2 ; (4.3)

where J = �t=(0:5s). In our estimation of the power, we excluded the windows

showing artifacts, such as sharp, high amplitude changes.

4.2.4 �- and �-burst detection and de�nition

For a given subject s and segment m, we calculated the ratio of � to � power by

Rs;m
�;� � Ss;m� =Ss;m� � Ss;m8Hz<f�12Hz=S

s;m
0Hz<f�4Hz: (4.4)

Given a threshold Th = 1, an �-burst is de�ned as a sequence of n consecutive

windows, where Rs;m
�;� � Th, while a �-burst consists of a sequence of n consecutive

windows where Rs;m
�;� < Th. The duration of a burst is given by d = n � w. Durations

of � (or �) bursts are denoted by d� (or d�). The threshold Th is set equal to 1

throughout the analysis, except for Fig. 4�3 where we systematically investigate the

e�ect of Th on the probability distribution of �-burst durations.

4.2.5 Cumulative distributions

To study the distribution of �- and �-burst durations, we examine the quantity,

P (t) �
R1
t
p(w)dw, where p(w) is the probability density function of durations

between w and w + dw. We refer to the distribution of �-bursts as P�(t), and the

distribution of �-bursts as P�(t).

4.2.6 Detrented Fluctuations Analysis (DFA)

The DFA is a method based on random walk theory, which improves the classical


uctuation analysis (FA) for non-stationary signals where embedded polynomial trends
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mask the intrinsic correlation properties in the 
uctuations (Peng et al., 1994). The

performance of DFA for signals with di�erent types of non-stationarities and artifacts

has been extensively studied and compared to other methods of correlation analysis

(Chen et al., 2005; Taqqu et al., 1995; Hu et al., 2001; Xu et al., 2005; Xu et al., 2011;

Ma et al., 2010).

The DFA method is brie
y described by the following steps (Peng et al., 1994): (i)

A given signal ui (i = 1; :::; N , where N is the length of the signal) is integrated to

obtain y(k) �
Pk

i=1[u(i)�hui], where hui is the mean of ui. (ii) The integrated signal

y(k) is divided into boxes of equal length n. (iii) In each box of length n we �t y(k)

using a �rst order polynomial function which represents the trend yn(k) in that box.

(iv) The integrated pro�le y(k) is detrended by subtracting the local trend yn(k) in

each box of length n: Y (k) � y(k)� yn(k) (v) For a given box length n, we calculate

the root-mean-square 
uctuation function for this integrated and detrended signal

F (n) �

vuut 1

N

NX
k=1

[Y (k)]2: (4.5)

(vi) Repeat the above computation over a broad range of box lengths n, where n

represents a speci�c space or time scale, to obtain a functional relationship between

F (n) and n.

For a power-law correlated time series, the average root mean square 
uctuation

function F (n) and the box size n are connected by a power-law relation, that is

F (n) � n�DFA . The exponent �DFA is a parameter which quanti�es the long-range

power-law correlation properties of the signal. Values of �DFA < 0:5 indicate the

presence of anti-correlations, �DFA = 0:5 absence of correlations (white noise), and

�DFA > 0:5 indicates the presence of positive correlations in the time series.

To examine how short bursts a�ect the auto-correlations measured by DFA, for

sequences of fdi�g and fdi�g from each subject, we shu�e the order of indexes for
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durations that are less or equal to 5 min, while keeping the order of indexes for long

burst durations greater than 5 min. This procedure destroys the auto-correlations

generated by short bursts, and allows to measure their contribution to the correlation

properties of a time series.

4.2.7 Spearman’s correlation

Given two variables X and Y , the Spearman’s correlation coe�cient is de�ned as

�s =
cov(rgX ; rgY )

�rgX�rgY
; (4.6)

where rgX and rgY are the tied rankings of X and Y (Alvo and Philip, 71 5),

respectively, �rgX and �rgY their standard deviations, and cov(rgX ; rgY ) indicates the

covariance between rgX and rgY .

To test signi�cance of correlations between consecutive �- and �-burst durations,

a surrogate sequence of burst durations is generated for each subject by randomly

reshu�ing the original order of �- and �-bursts. The Spearman’s correlation coe�cient

�s between consecutive �- and �-bursts is calculated for each surrogate. The average

Spearman’s correlation coe�cient obtained from all surrogates is then compared to the

average correlation coe�cient calculated from the original sequences via a student’s

t-test.

4.3 Results

4.3.1 Transient dynamics and distinct functional forms in bursting activ-

ity of � and � brain rhythms

We investigate the temporal organization of �- and �-bursting dynamics in brain

activity during sleep by evaluating the time evolution of the spectral power of their

respective frequency bands (�-wave: 0-4 Hz and �-wave: 8-12 Hz; see Materials and



77

Methods for details). Figure 4�1a (upper panel) shows a typical example of an EEG

spectrogram for a 2.5-hour period of a healthy subject. For most of the windows of

size �t = 5s, the highest spectral power is either observed in the 0-4 Hz �- or the 8-12

Hz �-band, and there are sharp transitions from periods with dominant � to periods

with dominant � waves. Such transitions can be well studied through the dynamics

of the � to � power ratio, R�� � S(�)=S(�) in association with distinct physiological

states { NREM, REM and short arousals/awakenings. The 
uctuations of R�� exhibit

intermittent behavior, which is typical for non-equilibrium dynamics. Within each

window �t = 5s, logR�� � 0 indicates dominance of the �-wave, and, conversely,

if logR�� < 0 the �-wave is dominant (Fig. 4�1a, lower panel). Therefore, �- and

�-bursts are de�ned as the sequences of consecutive time windows where logR�� � 0

and logR�� < 0, respectively (red and blue lines in Fig. 4�1a, lower panel). The

duration d of each burst is then calculated as d = n ��t, where �t is the window size

and n is the number of consecutive windows within the current burst.

To establish dynamical features and underlying mechanisms of bursts in cortical

activity during sleep, we �rst investigate the temporal organization of the bursts

by examining the cumulative distribution functions (CDF) of their durations. Our

analyses, based on full-night sleep recordings of 20 healthy and 31 insomnia subjects,

show that the CDF of �- and �-burst durations follow a markedly di�erent statistical

behavior. More speci�cally, we �nd the CDF of �-burst durations, P�, to exhibit

a power-law behavior in healthy subjects (Fig.4�1b, open squares) { P�(d) � d��,

where � denotes the power-law exponent (i.e., for healthy subjects: � = 1:5). In

contrast, �-burst durations are characterized by a CDF with exponential tail (Fig.4�1c)

{ P�(d) � e�d=� , where � is the characteristic time scale.

Power-law and exponential probability distributions are generated by fundamentally

di�erent types of mechanisms and most physical and biological systems fall in either



78

Duration, �@�� (min)

C
um

ul
at

iv
e 

P
ro

ba
bi

lit
y,

 �2 �
��

:�@
�;

C
um

ul
at

iv
e 

P
ro

ba
bi

lit
y,

 �2
��
�:�

@�
;

�. - Bursts

�/ - Bursts
�ÎH = 15

�ÎIns = 15

�
 ��
Time (min)

F
re

qu
en

cy
(H

z)
�Ž

�‘�
‰�>�
5�:

�Ù
�;�

��5
�:�

Ü�
;�?

�	

Healthy
Subjects

�@�� (min)

�2
��
�:�

@�
;

Healthy
Subjects

�@�� (min)

�2 �
��

:�@
�;

Healthy
Insomnia

Power Law

Exponential
�»H = 1.5

Duration, �@�� (min)

Healthy
Insomnia

Figure 4�1: Complex bursting activity in brain dynamics exhibits tem-
poral micro-architecture indicative of self-organized criticality. Cortical
brain wave activations are characterized by continuous bursts of � and � waves with
abrupt avalanche-type transitions on scales from seconds to hours, as demonstrated
by high-resolution spectral analysis of EEG signals. (a) (Top panel) Spectrogram
obtained from an EEG signal of a representative human subject recorded from the
occipital area over a 2.5-hour period during night-time sleep. Spectral power is
calculated in non-overlapping windows �t = 5s. Color code represents the ratio of
spectral power in physiologically-relevant frequency bands to the total power in each
window, and segments with highest values (red color code) are predominantly found
in the lowest frequency band (0-4 Hz, � waves) and in an intermediate frequency
band of 8 - 12 Hz, � waves. (Bottom panel) Ratio of the spectral power of � and �
frequency bands in logarithmic scale obtained from the spectrogram in top panel.
Ratios above zero indicate dominance of �-wave activation, otherwise correspond to
dominance of �-waves. The burst duration is de�ned by the sequence of consecutive
5s windows where either � or � power is dominant. (b) Cumulative probability
distribution P�(d) of �-burst durations d�, following a scale-invariant power-law
form for healthy subjects with a scaling exponent �H = 1:5. Such scale-invariant
temporal organization is not found for patients with insomnia. (c) Cumulative
probability distribution P�(d) of �-burst durations d�. In contrast to P�(d), P�(d)
follows an exponential form with a time constant � = 15 min for both healthy
and insomnia subjects, indicating the presence of a characteristic time scale in the
dynamics of �-bursts. Individual distributions of P�(d) and P�(d) for a subset of
healthy subjects are shown in the insets of (b) and (c), respectively.

the scale-invariant (power-law) or scale-speci�c (exponential) class. The power-law

distribution is characterized by scale-invariance because it is not altered by a change
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of scale from, for example, x to �x. In particular, for �-bursts this implies that

there is no typical �-burst duration and any duration is likely to occur with some

�nite probability. Such complex scale-invariant organization of the �-bursts makes it

unlikely that they are merely a linear response to random external stimuli nor that

they are associated with sleep disorders, as we observe this behavior under healthy

conditions. The presence of a power-law also indicates the absence of characteristic

time scales in the underlying dynamics, which is a typical feature in most physical

systems at the critical point of continuous phase transitions { a highly sensitive state

where cooperative behavior by characterized long-range correlations spontaneously

emerges over a broad range of spatial and temporal scales.

One important observation is that the distribution of �-burst durations is signi�-

cantly a�ected by insomnia: while from the group of healthy subjects we obtain a clear

power-law (i.e., straight line on log-log scale, Fig.4�1b), insomnia causes alterations in

the micro-architecture of �-bursts across the 8-hour sleep period leading to decreased

likelihood of short �-bursts and a breakdown of the power-law (i.e., curved behavior

on log-log scale in Fig.4�1b).

In contrast to the power-law distribution in �-bursts for healthy subjects, the CDF

of �-burst durations is following an exponential distribution (Fig.4�1c): P�(d) � e�d=� ,

where � is the characteristic time scale. However, unlike the breakdown of the

power-law for �-burst durations for insomnia, we �nd that the distributions of �-burst

durations are preserved for insomnia, and both groups of healthy and insomnia subjects

have the same values for the characteristic time scale � = 15min corresponding to the

average duration of delta bursts.

4.3.2 Robustness of the organization of �- and �-bursts across time scales

The results presented in Fig.4�1 are obtained based on certain choice of two parameters:

window size of �t=5s for EEG spectral power calculations, and logR�� = 0 to
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distinguish between �- and �-bursts. In order to verify that our results are independent

of the particular choice of these parameters, we repeat our analyses for a range of

di�erent parameter values. To this end, we �rst examine the distribution of �- and

�-burst durations for four di�erent window sizes �t, used to investigate the time course

of the EEG spectral power. As shown in Fig.4�2a, by coarse-graining the EEG signal

and increasing �t from 5s to 30s, shorter �-bursts would not be detected and adjacent

�-bursts are merged together, thus causing an increase in the probability of observing

longer �-burst durations (i.e., horizontal shift in the CDF in Fig.4�2b,c). However, the

overall characteristics of the CDFs are preserved con�rming the power-law distribution

for healthy subjects and showing the same power-law exponent independent of �t

(Fig.4�2b). For insomnia subjects, no power-law is observed in �-burst durations for

any window size �t (Fig.4�2c).

Similarly, we �nd a vertical shift in the CDF of �-burst durations in healthy subject

and the exponential function persists with a characteristic time scale �=15 min across

di�erent �t (Fig.4�2d). The exponential distribution is also preserved for insomnia

subjects, however, the characteristic time scale � is a�ected by the coarse-graining

procedure and � increases with window size �t (Fig.4�2e).

Furthermore, we �nd that the functional behavior of the distributions of �-burst

durations is also independent of the particular choice of a threshold Th for the ratio

R�� = S(�)=S(�), used to identify �- and �-bursts. In fact, as sleep depth decreases

from deep to light and REM sleep to wake, the typical duration of �-bursts increases

from very brief and intermediate arousals to segments of consolidated wakefulness

(Fig.4�3a). By increasing the threshold from Th = 0:8 to Th = 1:2, we �nd that the

scaling exponent characterizing the power-law distribution of �-burst durations in

healthy subjects remains stable (Fig.4�3b). Such persistence across all sleep stages

and the robust scale-invariant temporal organization of �-bursts over a broad range of
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Figure 4�2: Stability of SOC-type temporal organization in brain dy-
namics. Micro-architecture of bursting activity of �- and �-waves persists across a
wide range of time scales. (a) Time series of EEG spectral power ratios S(�)=S(�)
(shown on logarithmic scale) obtained from a healthy subject over a 90 min period
during night-time sleep. Panels represent �- and �-bursts where spectral power is cal-
culated at di�erent time scales of observation �t = 5, 10, 15, 30s; solid horizontal line
in each panel represents a threshold ratio of log[S(�)=S(�)] = 0. (b,c) Cumulative
probability distributions P�(d) of �-burst durations d�, and (d,e) distributions P�(d)
of �-burst durations d� for healthy and insomnia subjects, respectively, obtained for
a broad range of time scales �t. While the �ne micro-structure of �- and �-bursts
notably changes with increasing �t (a), the power-law distribution for �-bursts and
the exponential form of �-burst durations remain stable with power-law exponent �
and exponential time constant � practically unchanged for healthy subjects. Such
stability indicates a robust SOC-type micro-architecture in healthy brain dynamics
during sleep. However, this robustness breaks down with insomnia { �-burst dura-
tions do not obey a power-law organization, and the characteristic time scale � for
�-bursts increases with window size �t.
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scales indicates that arousals are an integral part of healthy sleep regulation and are

generated by a common mechanism. However, disruptions of healthy sleep regulation

through insomnia leads to a breakdown of the power-law distribution of �-burst

durations, which is independent of Th (Fig.4�3c).

Thus, our results indicate that the co-existence of power-law and exponential

behavior are robust features of the bursting activity in brain dynamics during sleep for

healthy subjects, and do not depend on the particular window size �t and threshold

Th of R��. Nevertheless, those features do not exist for insomnia { the power-law

distribution of �-burst durations breaks down, and the characteristic time scale of

�-burst durations also changes as a function of �t and Th, suggesting a disruption in

brain rhythm dynamics for sleep disorders such as insomnia.

4.3.3 Self-similar micro-architecture of active and quiet states in sleep

The remarkable coexistence of a power-law and exponential process for �- and �-bursts

is reminiscent of certain non-equilibrium physical phenomena that are characterized

by bursting dynamics and abrupt transitions between active and quiet states, such

as avalanches and earthquakes (Munoz, 2018; Corral, 2004; Corral, 2006; Bo�etta

et al., 1999; Paczuski et al., 2005). For example, the distribution of earthquake energy

magnitudes in any given region and time period is described by the Gutenberg{Richter

law (Gutenberg and Richter, 1944), which is a power-law distribution, while the

distribution of time intervals between consecutive earthquakes (quiet states) above any

given magnitude is described by a generalized Gamma distribution with exponential

tail. For earthquake statistics, this gamma function is universal and independent of

spatial scales and minimum magnitude thresholds, and it is consistently observed

across di�erent locations despite very di�erent types of earthquakes (Corral, 2004;

de Arcangelis et al., 2016).

In the context of brain dynamics during sleep, wake and brief arousals can be
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Figure 4�3: Bursts in spectral power of �-waves transcend all sleep
stages following a common temporal organization for brief and interme-
diate arousals as well as for consolidated wake. Micro-states identi�ed as �-
and �-bursts are consistently observed during all sleep stages over the course of
the night. (a) Time series of EEG spectral power ratios S(�)=S(�) for a healthy
subject in 15 min long segments during di�erent sleep stages. Spectral powers S(�)
and S(�) are calculated in non-overlapping windows of �t = 5s duration. Solid
horizontal lines in panels correspond to a threshold ratio Th � S(�)=S(�) = 1 (i.e.,
log[S(�)=S(�)] = 0). Typical �-bursts for di�erent sleep stages are marked by pink
ovals. As sleep depth decreases, the duration of �-bursts increases from brief and
intermediate arousals to segments of consolidated wake during sleep. (b) Cumulative
probability distribution P�(d) of �-burst durations in healthy subjects exhibits
power-law scaling over more than two decades of time scales. This scale-invariant
behavior remains stable over a broad range of threshold ratios (Th = 1:0 � 0:2),
indicating a robust temporal organization of �-bursts (P�(d) for Th = 1 is the
same as shown in Fig. 1b.). The persistence of �-bursts across all sleep stages
and their robust scale-invariant temporal organization over a broad range of scales
indicates that arousals of di�erent duration (brief, intermediate and consolidated
wake) are generated by a common mechanism and are an integral part of healthy
sleep regulation. (c) Cumulative probability distribution P�(d) of �-burst durations
in insomnia subjects do not follow a power-law and change for di�erent spectral
power ratios Th, indicating a breakdown of the scale-invariant temporal organization
of �-bursts with insomnia.

considered as active (\earthquake" like) states that are characterized by bursts in

� rhythms. Applying the same kind of earthquake analysis as Corral (Corral, 2004)
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Figure 4�4: The distribution of quiet times between consecutive �
bursts is invariant under a time re-normalization group transformation
(a) Schematic de�nition of quiet time � between consecutive �-bursts; only �-bursts
above a certain threshold D(�) are considered. The quiet time �i is the time period
between the end of burst �i to the beginning of the following burst �i+1, where both
�i and �i+1 are greater than D(�). (b) Distributions of quiet times for di�erent
thresholds D(�) in healthy subjects (blue symbols). When re-scaled by R = 1= h�i,
distributions collapse onto a unique function that can be �t by a generalized Gamma
function G(x; �; b; p) (dark green solid line) with � = 0:11, b = 0:3 and p = 1 (the
x-axis represents the dimensionless quite-time � �R). Applying the same procedure
to a sequence of randomly shu�ed � durations leads to a data collapse onto an
exponential distribution (dashed lines). Such analysis has previously been performed
for earthquakes, where the waiting times (i.e., quiet times) between earthquakes
above a certain threshold follow the same statistics best described by a generalized
Gamma function. (c) Distribution of quiet times for di�erent thresholds D(�) for
insomnia subjects. When re-scaled by R = 1= h�i, distributions collapse onto a single
function which, however, cannot be described as a generalized Gamma function.

on brain activity data, we investigate the relationship between �-burst durations

and their recurrence time (Fig. 4�4). We hypothesize that, similar to earthquakes,

a hierarchical structure may underlie the occurrence of �-bursts, which is invariant

across time scales. In analogy with non-equilibrium critical phenomena, presence of

a hierarchical structure between occurrence and duration of �-bursts would provide
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additional evidence for criticality in sleep micro-architecture. To this end, we compute

the quiet-time intervals � separating consecutive �-bursts, taking into account the

duration d� of each �-burst above a certain threshold D(�). In this context, the

threshold D(�) can be seen as a scaling parameter that includes shorter �-bursts for

small D(�) values, or predominantly longer bursts, if D(�) is large (Fig. 4�6a). The

quiet-time interval �i is then de�ned as the period from the end of the i-th �-burst

�i to the beginning of the next burst �i+1. Thus, the statistical characteristics of �i

depend on the threshold value D(�).

We investigate the functional form of the probability density distributions p(� ;D(�))

of quiet-time intervals �i for di�erent values of the threshold D(�). With increasing

D(�) (scale of observation), the probability of longer � increases, while the probability

of short quiet times decreases, leading to di�erent distributions p(�t;D(�)). Notably,

re-scaling each distribution on the rate of the average quiet time R = 1= h�iD(�) for dif-

ferent thresholds D(�), we �nd that all probability density distributions of quiet times

� in healthy subjects collapse onto a single universal functional form G (Fig. 4�6b), de-

�ned by p(�) = R �G(� �R). This scaling relation represents a mathematical expression

of the statistical self-similarity in the pro�le formed by the quiet-time intervals and

�-burst durations. We �nd that the functional form G is well approximated by the gen-

eralized Gamma distribution G(� �R; b; �; p) = (p=b�)(�R)��1e�(�Rb)p=�(�=p) (Stacy

et al., 1962), where in our analysis � �R is a dimensionless quiet-time. The generalized

Gamma functional form is homogeneous (Ivanov et al., 1996), i.e., re-scaling the vari-

able leaves the functional form unchanged. Such homogeneous scaling function clearly

indicates a unique hierarchical structure in the quiet times between consecutive �-

bursts that is independent on the scale of observation D(�). In the limit of D(�) = 0,

the quiet-time interval distribution P (� ;D(�)) coincides with the distribution of

�-burst durations P� (Fig. 4�1c).
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The presence of a hierarchical structure in quiet times, as quanti�ed by the gen-

eralized Gamma function, indicates that there is a speci�c temporal order in the

occurrence of �-bursts. To explicitly verify this, we reshu�e the data sequence of

�-burst durations, while preserving the sequence of �-burst durations that correspond

to quiet-time intervals at D(�) = 0. The analysis of the reshu�ed �-burst sequences

for di�erent thresholds D(�) yields the quiet-time interval distributions Prand(� ;D(�))

that are characterized by an exponential decay { a hallmark of temporal independence

between consecutive events (Daley and Vere-Jones, 1988). After proper re-scaling

by the rate of average quiet time R = 1= h�tiD(�), all distributions Prand(�t;D(�))

collapse onto each other (dashed lines in Fig.4�6b). This clearly demonstrates that tem-

poral correlations are intimately related to the existence of universal non-exponential

scaling functions (Corral, 2007; Daley and Vere-Jones, 1988; Lennartz et al., 2008).

In summary, we �nd a scale-invariant power-law distribution for �-burst durations

(Fig. 4�1) combined with a homogeneous Gamma function for the quiet-time intervals

between �-bursts at di�erent scales of observation D(�) (Figs. 4�4b). This coexistence

of power-law for active state durations and generalized Gamma distribution for

quiet-time intervals (\waiting times") has been reported for a range of \self-tuning"

non-equilibrium systems at the edge of criticality (earthquakes, avalanches) (Munoz,

2018; Pruessner, 2012; Corral, 2004; de Arcangelis et al., 2006). Drawing these parallels

strongly supports our hypothesis that bursting activity of brain rhythms and the

associated sleep micro-architecture exhibit critical non-equilibrium behavior in healthy

sleep. We note that for insomnia patients these characteristics do not exist: while the

probability density distributions of quiet times � in insomnia subjects also collapse

onto one single curve after re-scaling by R, the resulting distribution is not of the

form of a generalized Gamma function (Figs. 4�4c). This �nding could be of clinical

relevance demonstrating that, albeit preservation of the hierarchical structure of quiet
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times, the intrinsic brain dynamics and sleep micro-architecture may be disrupted for

sleep disorder such as insomnia.

4.3.4 Long-range scale-invariant correlations in � and � bursts

Physical systems at criticality are highly sensitive to interactions among their com-

ponents (Kadano�, 2000; Stanley, 1987). This leads to the emergence of collective

cooperative behavior, where interactions span the entire system across space and time

scales (Stanley, 1987), leading to long-range correlations. Indeed, scaling features in

such systems often arise in conjunction with long-range spatio-temporal correlations of

power-law (scale-invariant) type, as observed at the critical point of continuous phase

transitions (Stanley, 1987). Notably, physiological systems under neuroautonomic

regulation also exhibit dynamics characterized by long-range power-law correlations {

a scale-invariant structure that undergoes a phase transition with transitions from

sleep to wake (Ivanov et al., 1999b; Kantelhardt et al., 2003; Schmitt et al., 2009;

Schumann et al., 2010), with circadian rhythms (Hu et al., 2004; Ivanov et al., 2007;

Hu et al., 2007; Ivanov, 2007) and under clinical conditions (Goldberger et al., 2002;

Ivanov et al., 1999a; Schulte-Frohlinde et al., 2001). Further, the analysis presented in

Fig. 4�4 indicates that a hierarchical structure in quiet-time intervals characterized

by a universal Gamma scaling function can arise only in the presence of a certain

temporal order of �-bursts.

To quantify the temporal organization of �- and �-burst durations, we utilize the

detrended 
uctuation analysis (DFA) { a random walk based method, speci�cally

tailored to quantify long-range power-law correlations embedded in non-stationary

signals with various polynomial trends and bursting dynamics (Chen et al., 2002; Chen

et al., 2005). The DFA method is based on evaluating the root mean square 
uctuation

function F (n), where n is the scale of analysis expressed in number of consecutive

bursts (Fig. 4�5). A scaling relationship of the form F (n) � n�DFA indicates presence
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of long-range power-law correlations in the time series of burst durations. Correlation

exponents �DFA 2 [0; 0:5) indicate anti-correlations (where short burst durations tend

to be followed by longer burst durations and vice versa), while �DFA 2 (0:5; 1] indicate

positive persistent correlations (e.g., long bursts tend to be followed by longer bursts)

{ a scale-invariant behavior that is consistent over several decades of time scale n;

�DFA = 0:5 corresponds to a random walk and absence of correlations.

We performed DFA on sequences of �- and �-burst durations separately, distinguish-

ing between healthy and insomnia subjects. We �nd that for healthy sleep, both �- and

�-bursts exhibit long-range power-law correlations with exponents �DFA � �� = 0:70

and �DFA � �� = 0:63, respectively (Fig. 4�5). Interestingly, insomnia does not a�ect

the nature and strength of the temporal correlations, as we obtain the same scaling

exponents for �- and �-bursts as for healthy subjects. We note that a large contri-

bution to the long-term correlated behavior in �- and �-bursts originates from the

temporal organization of short bursts of duration shorter than 5min. In fact, shu�ing

these short bursts while preserving the temporal order of longer bursts (for details

see Method section) results in a close to random behavior indicated by �DFA = 0:55

(Fig. 4�5). These short �-bursts are also responsible for deviations from the strictly

exponential decay of P�(d) as shown in Fig. 4�1c.

4.3.5 Anti-correlated coupling between �- and �-bursts

To further understand the temporal organization of bursting dynamics in relation

to neuronal integrity in sleep regulation, we next investigate the coupling between

consecutive �- and �-bursts, and the role of such coupling in the emergent scaling

behavior of duration distributions in healthy and insomnia subjects.

We �rst focus on the relationship between ranks of consecutive �- and �-burst

durations in healthy subjects, d� and d�. We rank burst durations in ascending order,

with the shortest duration corresponding to the lowest rank, and examine the scatter
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Figure 4�5: Consecutive �- and �-bursts show long-range power-law
correlations. Detrended 
uctuation analysis (DFA) for a) �- and b) �-burst
duration sequences. Durations are calculated using a window of �t = 5s and
threshold Th = 1 on the ratio R��. The root mean square 
uctuation function
F (n) is obtained by averaging over all subjects in the healthy and insomnia group,
respectively. The scaling exponents are signi�cantly larger than 0.5, for both �- and
�-burst durations, indicating the existence of positive long-range correlations that are
slightly more pronounced for the �-burst durations. There is no di�erence between
the healthy and insomnia groups, which show the same value for the DFA exponent
�DFA for �-bursts (i.e., �� � 0:70) and for �-bursts (i.e., �� � 0:63). We note that
the positive long-range auto-correlations are mainly due to the temporal organization
of short �- and �-bursts (duration shorter than 5 min) because a reshu�ing of those
short events yields more uncorrelated behavior as shown by �DFA values close to 0.5
(black solid lines in a and b). Reshu�ing all bursts irrespective of duration yields
DFA exponents of 0.55 for �- and 0.54 for �-bursts, which is practically identical to
the values of �Shuf

� � 0:56 and �Shuf
� � 0:55 where only short bursts were shu�ed.

plots between the ranks of consecutive d� and d� (Fig. 4�6a). We �nd that �-bursts of

high ranks (i.e., long durations) tend to be followed by �-bursts of low ranks (i.e., short

durations). This anti-correlated coupling is a basic characteristic of the � � �-burst
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Figure 4�6: Robust anti-correlations in �- and �-burst durations across
subjects at di�erent scales of observation. (a) Scatter plot of pairs of con-
secutive �- and �-bursts in healthy subjects, where each data point represents the
normalized rank of the duration of the �- and �-burst. Bursts were ranked in increas-
ing order according to their duration and ranks were normalized to the interval [0, 1].
Data points represent all pairs of consecutive �- and �-bursts from all subjects and
are obtained from spectral EEG analysis in non-overlapping windows of �t = 5s (left
panel) and 30s (right panel). �-bursts of high rank (long duration) are predominately
followed by �-bursts of low rank (short duration), whereas long �-bursts are rarely
followed by long �-bursts, indicating strong anti-correlations. For larger scales of
observation �t where EEG spectral power is coarse-grained, anti-correlations are
less pronounced. (b) Spearman’s correlation coe�cient (vertical axis) for paired
durations of �-bursts followed by �-bursts (blue circles) and �-bursts followed by
�-bursts (red triangles) obtained for individual healthy subjects (horizontal axis),
indicate universality of these anti-correlations across subjects. Horizontal blue and
red lines represent the averages of the correlation coe�cients for the group of healthy
subjects. There is no signi�cant di�erence between anti-correlations of consecutive
� � � or �� � burst durations. Data are obtained from spectral analysis for �t =
5s. (c) Group-averaged Spearman’s correlation coe�cients C�;� for paired durations
of �-bursts followed by �-bursts as a function of the scale of observation �t for
both healthy and insomnia subjects. C�;� < 0 indicates anti-correlation. Error bars
represent the standard error. For healthy subjects, the degree of anti-correlation
becomes less pronounced as �t increases (green bars), whereas there is no change
for insomnia patients (orange bars). Red bars represent C�;� for a surrogate binary
signal obtained by randomly pairing durations of �- and �-bursts drawn from the
empirical distributions P�(d) and P�(d) for di�erent �t.
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dynamics and appears under the condition �t = 5s (Fig. 4�6a left panel) as well as

�t = 30s (Fig. 4�6a right panel).

To quantify the coupling between consecutive �- and �-burst durations, we utilize

Spearman’s correlation coe�cient (see Methods section). Spearman’s cross-correlation

is positive if the observations of two variables have similar ranks, and negative if two

variables have opposite ranks. Our analyses show that the cross-correlation coe�cient is

signi�cantly negative (Fig. 4�6b,c) { a clear sign of anti-correlated coupling. Moreover,

these anti-correlations are consistent across all subjects, with no signi�cant di�erence

between the rank couplings of d� followed by d� or d� followed by d� (Fig. 4�6b), and

they are found in both healthy and insomnia subjects, independent of window size �t

(Fig. 4�6c). This signi�cant and robust anti-correlation pattern across subjects and

across scales of observation �t (pairwise comparisons between healthy and surrogate

data as well as insomnia and surrogate data yield p-values p <= 0:011 across all

window sizes �t) indicates presence of a complex interaction between �- and �-bursts

in brain dynamics during sleep that may also be responsible for the stability of the

functional form of the distributions P�(d) and P�(d) for a broad range of time scales

�t.

However, we �nd that the �-� anti-correlated coupling is more pronounced for

insomnia than for healthy subjects across all window sizes �t (pairwise comparisons

p-values p < 0:044, except for �t = 5s with p = 0:162.). Comparing healthy and

insomnia subjects, our results also show a decrease of anti-correlations in healthy

subjects with larger �t, while for insomnia subjects, �-� anti-correlations are barely

a�ected by the window size (Fig. 4�6c).
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4.3.6 Phenomenological model of coupling and criticality in �- and �-

bursts dynamics

To test whether the anti-correlated coupling between consecutive �- and �-burst

durations is essential for the emergent duality of power-law and exponential distribution

as a basic characteristic of systems at criticality, we develop a phenomenological model

based on anti-correlated pairing of � and � durations randomly drawn from the

empirical distributions of the �- and �-burst durations (Fig. 4�1). The model allows to

control for the degree of anti-correlations between consecutive �- and �-burst durations,

and thus helps to probe whether and how anti-correlations a�ect the emerging power-

law and exponential distributions of burst durations with the corresponding exponents.

The model consists of the following steps:

Random drawing and ranking. N durations of �- and �-bursts, d� and d�, respec-

tively, are randomly drawn from the empirical distributions previously obtained using

a speci�c window size w (Fig. 4�7a). Durations d� and d� are separately sorted in

ascending order, i.e., from shortest to longest, to obtain distinct ordinal numbers

from k = 1; 2; :::; N , which corresponds to their rank (Fig. 4�7b). This procedure

ensures that each duration has a unique rank even if durations are of equal length.

The ranked d� and d� are then paired with a tunable degree of anti-correlation and

a new time series of alternating �- and �-burst durations is generated (Fig. 4�7c).

The coarse-grained properties of the resulting time series depend on the degree of

anti-correlations used in the pairing.

Correlated pairing. Once d� and d� are ranked and a distinct, unique ordinal

number is associated to them, one randomly chooses a d� with rank k1 between 1

and N . To choose the corresponding consecutive d�, one draws a random number k2

from a Gaussian distribution with mean � = 1 +N � k1 and standard deviation �,

and takes the d� that corresponds to rank k2. This procedure is repeated N times,
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Figure 4�7: Schematic diagram of our phenomenological model to gen-
erate sequences of �- and �-burst durations with varied degree of anti-
correlated coupling. (a) Burst durations d� and d� are randomly drawn from the
empirically obtained distributions (power law and exponential) and ranked separately.
(b) Ranks of �- and �-burst durations are paired to form an anti-correlated sequence.
(c) This generated anti-correlated time series is binarized in each window w that
belongs either to a d� (red, ‘+’) or d� (blue, ‘-’) duration followed by coarse-graining
applying a majority rule.

and at each iteration i the mean of the Gaussian from which one draws the next

random rank, ki, is adjusted by ki�1, i.e., � = 1 +N � ki�1. At each iteration, ki will

correspond to a duration d� from the sorted �-burst durations if the preceding burst

was a �-burst with duration d�, whereas ki will select a duration d� from the sorted

�-burst durations if the preceding burst was a �-burst with duration d�. As a result

one obtains a sequence of d� and d� whose degree of anti-correlations is controlled by
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Figure 4�8: Essential role of anti-correlations between �- and �-bursts
for the stability of the SOC-type temporal organization in brain dynamics
across time scales. Introducing anti-correlations in paired durations of consecutive
�- and �-bursts, our modeling approach successfully accounts for the stability of
the SOC-type behavior observed over a broad range of time scales. The empirical
distributions for healthy subjects were obtained from EEG spectral power with
non-overlapping windows of �t = 5s and coarse-grained to �T = 5�t (see Method
section). Panel (a) shows P�(d) (red diamonds) and in panel (b) P�(d) is depicted by
blue diamonds; the black solid line represents the best �t to the distributions in both
panels. Taking into account the empirically observed anti-correlations between �-
and �-bursts, our model reproduces the distributions P�(d) and P�(d) (green �lled
circles in both panels). However, random pairing of �- and �-bursts in our model
leads to distributions (dashed lines in both panels) that deviate from the empirical
data (diamonds). Thus, �-� pairing with anti-correlations preserves the functional
forms and characteristic parameters of their distributions, and accounts for the
stability of these distributions under coarse-graining across scales of observation �t.

a single parameter, �. The smaller �, the stronger the anti-correlations are.

Binary series and coarse-graining. To characterize the coarse-grained properties,

the time series is �rst converted into a binary sequence, namely a sequence of ’+’ and

’-’ (Fig. 4�7c). Since each duration is by de�nition a multiple n of the unit window
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w, namely d = nw, the n windows belonging to a d� are populated with ’+’, while

the n windows belonging to a d� with ’-’. As a results one has a sequence of windows

populated with ’+’ and ’-’. This binary sequence is then coarse-grained grouping a

given number � of consecutive windows, with �T odd number, and assigning ’+’ or ’-’

to the new windows of size �T according to a majority rule, i.e., one assigns ’+’ (’-’) if

the number of ’+’ is larger (smaller) than the number of ’-’. A Coarse-Grained Binary

Sequence (CGBS) is thus obtained, and dCG coarse-grained durations are calculated.

For our analysis we use w = 5s and �T = 25s.

The simulations obtained from our model indicate that the generated distributions

of �- and �-burst durations strongly depend on the degree of � � � anti-correlations.

If the Spearman’s cross-correlation coe�cient of burst durations applied to the model

corresponds to the empirical values found in real data, the simulated distributions

approximate the empirical distributions very well (Fig. 4�8), and the scale-invariant

temporal organization in burst durations emerges over a range of coarse-graining scales

�. In contrast, absence of anti-correlated coupling in our model (i.e., random pairing

of � and � durations in the generated time series) leads to a distribution for both �-

and �-bursts very di�erent from real data (dashed lines in Fig. 4�8).

4.4 Discussion

The majority of physical and biological systems at equilibrium (homeostasis) are

controlled by mechanisms that either lead to dynamics with speci�c space/time scales

characterized by exponential behavior or to scale-invariant dynamics following power-

laws. Non-equilibrium systems that self-organize into criticality (\SOC systems") are

unique in the sense that they combine these two distinct processes and show scale-

invariance related to the dynamics of active states, as well as an exponential process

characterizing quiet states. In this context, our �ndings of a power-law distribution
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for �-burst durations (i.e., scale-invariant dynamics of active states) in coexistence

with an exponential distribution for �-burst durations (i.e., characteristic time scale

for quiet states) (Fig. 4�1) during healthy sleep, strongly indicate the sleeping brain

to be a SOC system. In contrast, for insomnia patients, we do not �nd a power-law

organization of �-burst (arousal) durations indicating clinically-relevant alterations in

brain dynamics with this type of sleep disorder.

The notion of SOC in healthy sleep dynamics is supported by our �nding of

quiet-time intervals following a generalized Gamma function across a range of scales

(Fig. 4�4), similar to what has been found for earthquakes { a prime example of SOC

systems (Sornette and Sornette, 1989; Bak and Chen, 1991). Other examples of

SOC systems include sand-pile models (Bak et al., 1988; Feder, 1995), Barkhausen

avalanches of ferromagnetic domains (Durin and Zapperi, 2000; dos Santos Lima et al.,

2017), superconducting vortex avalanches (Vinokur et al., 1991; Field et al., 1995) and

solar 
ares(Paczuski et al., 2005; Baiesi et al., 2006), all of which are characterized

by bursting, avalanche-like dynamics. Drawing parallels to these physical systems,

we speculate that during sleep, certain excitations in brain dynamics may built up

driving the system into criticality, and active states such as arousals or �-bursts that

behave like avalanches lead to the \release of excitations".

A further indication of the brain being at a state of criticality during sleep is the

presence of long-range power-law correlations in the time sequences of �- and �-burst

durations (Fig. 4�5). Because both, �- and �-bursts emerge out of a single sleep

regulatory process, this would imply a mutual coupling between these two dominant

brain rhythms. Indeed balanced excitation and inhibition in neuronal networks is

essential to maintain critical-state dynamics (Poil et al., 2012).

The interrelation between � and � bursts can be probed by cross-correlation

analysis, and we �nd relatively weak but robust anti-correlations, where � bursts of
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long duration are more likely to be followed by short � bursts and vice versa (Fig. 4�6).

These anti-correlations in �-�-burst coupling turn out to be essential for the duality

of power-law and exponential behavior, and, as we show in our model simulations,

the generated distributions of �- and �-burst durations depend on the degree of

anti-correlations applied to the model (Fig. 4�8). To our knowledge, this interrelation

between active and quiet states has not been previously observed in non-equilibrium

physical or biological systems exhibiting SOC, and indicates that anti-correlations of

� and � bursts are a necessary component in the emergent scale-invariant organization

of the sleep micro-architecture, and in particular, for the process of self-organization

of brain dynamics during sleep.

In summary, we show that arousals and the related �-bursts are an intrinsic

SOC-like phenomenon of brain dynamics during sleep. Because of the robust coupling

between arousals and quiet states it seems likely that this SOC process is driven

by interactions between wake- and sleep-promoting neurons in the brain. These

interactions, which are intermittent in nature, lead to the non-equilibrium critical

behavior of sleep dynamics at short time scales and can explain the micro-architecture

of arousals and quiet states as well as the frequent sleep-stage transitions. Therefore,

the current paradigm of sleep as a equilibrium homeostatic process may hold only for

long, ultradian and circadian time scales, while at short time scales, sleep is in fact a

non-equilibrium process.
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Chapter 5

Introduction { Network of dynamic

interactions among organ systems

The human organism comprises various physiological systems, each with its own

structural organization and dynamic complexity, leading to transient, 
uctuating

and nonlinear signals. States and functions at the organism level are traditionally

de�ned by the dynamics of individual organ systems, and their modulation in response

to internal and external perturbations. However, coordinated network interactions

among systems are essential to generate distinct physiologic states and to maintain

health. These interactions occur through di�erent coupling forms (Bartsch and Ivanov,

2014; Bartsch et al., 2014), stochastic and nonlinear feedbacks across spatiotemporal

scales and at multiple levels of integration to optimize and coordinate organ functions.

Currently there is no established theoretical framework, computational and analytic

formalism to probe interactions between diverse systems in the human organism.

Understanding integrated physiologic function as emergent phenomena from com-

plex interactions among diverse organ systems is the main focus of a new �eld, Network

Physiology (Bashan et al., 2012; Ivanov and Bartsch, 2014; Quill, 2012). Network

Physiology aims to develop theoretical framework and a system-wide network approach

to understand how horizontal integration of physiological systems, each with its own

complex structure and mechanisms of regulation, leads to global behavior and distinct

physiologic functions at the organism level. The need of new analytic tools and a

theoretical framework to address the special class of dynamical networks encountered
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in physiological systems has recently generated a broad interest in the community of

physicists, applied mathematicians, neuroscientists and physiologists.

To have a deeper understanding on the nature of interactions between a number

of key physiologic organ systems during, we apply Network Physiology approach

(Bashan et al., 2012; Ivanov and Bartsch, 2014; Ivanov et al., 2016) and the novel

concept of time delay stability (Bartsch et al., 2015), and we demonstrate their

utility to study transient synchronous bursts in systems dynamics as a fundamental

form of physiologic network communications. We investigate new aspects of network

interactions among brain rhythms across and within cortical locations, and their

relation to neural plasticity in response to changes in autonomic regulation underlying

di�erent physiologic states. Further, we uncover dynamical features of brain-organ

and organ-organ networks as a new signature of physiologic control, and establish

association of network structure and dynamics with physiologic state and function.

The presented methodology is an initial step in developing novel signal processing

and computational tools, and reported �ndings establish building blocks of an atlas of

dynamical interactions among key organ systems in the human body.
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Chapter 6

The New Field of Network Physiology

6.1 Network Physiology

Each organ system has its own complex structure and mechanisms of regulation follow-

ing complex transient, intermittent and nonlinear dynamics. Nevertheless, the di�erent

physiologic systems interact with each other through an integrated network of various

feedback mechanisms, exhibiting, in their dynamics, pronounced phase transitions

across physiologic states and pathologic conditions. Coordinated interactions between

organ systems are essential to maintain health and a dysfunction or failure of one

system can trigger a breakdown of the entire network and, therefore, a collapse of the

entire organism, e.g., fever, hypertension, coma. Despite the importance to under-

standing basic physiologic laws regulating network of interactions between di�erent

organ systems and how they dynamically change passing from one physiological state

to another, we know almost nothing about the nature of organs’ mutual interactive

role in maintaining the health status of the entire organism.

Identifying and quantifying organ interactions is a major challenge since the only

available information is contained in the output signals of the systems, and di�erent

systems have di�erent types of output dynamics and operate on di�erent time scales

from seconds to hours. Moreover, the general status of the human organism can be

in
uenced by changes not only in the network topology of interactions but also in the

strength of the links. It is, therefore, necessary a tool that could allow to correlate the

dynamics of di�erent organs and analyze their interactions and how they dynamically
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change through time (Bartsch et al., 2015). A new �eld Network Physiology has been

initiated at the Keck Laboratory for Network Physiology, Boston University in order

to study interactions among organ systems and to develop a framework to understand

how integrated behaviors and physiological states emerge at organism level.

6.2 Time Delay Stability concept and method to quantify

interactions among diverse dynamical systems

Due to di�erent types of output signals, through which we can examine the behavior

of diverse physiological systems (cortical EEG for the brain, EMG for muscles, ECG

or EKG for the heart, eye movement signal), there was no theoretical framework,

computational and analytic formalism to quantify the links strength in the complex

network of interactions and to interpret the dynamical changes in network topology

and structure in the transitions from one physiological state to another.

The novel idea that led to the development of a new method to analyze the

interactions between organs under neural regulation was the observation of synchronous

bursts in the signals (time series) recorded during the examination of di�erent organ

systems, underlying a general event occurring in all the systems and expressing, then,

a transition from a physiological state to another. The novel concept of Time Delay

Stability (TDS) came to light in 2012 (Bashan et al., 2012) and was based on a

fundamental physics concept, the time delay in the cross-correlation function of two

time sequences. In particular, the method studies the time delay with which bursts in

the output signal of a system are consistently followed by corresponding bursts in the

signal of other systems.

Consider two signals g and h and two frequency bands �fg and �fh; the power

spectrum S�fg(t) for g and S�fh(t) for h both long N (e.g. in Fig. 6�1 (a) segments

of 200 s of S
2(f) for the brain EEG signal in the Fp1 channel and S�(f) for the chin
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EMG signal are shown), are divided in time windows of L = 60 s with an overlap

of L=2 = 30 s, which corresponds to the time resolution of conventional sleep-stage-

scoring epochs. Thus the total number NL of time windows is NL = b2N=Lc � 1.

Then the cross-correlation function C(�) between S�fg(t) and S�fh(t) is calculated

in each time window (e.g. the cross-correlation graph for one time window is shown

in Fig. 6�1 (b) on the left) by applying periodic boundary conditions as it follows:

Cw
xy(�) =

1

L

LX
i=1

xw
i+(w�1)L

2
yw
i+(w�1)L

2
+�
;

within each segment w = 1; : : : ; NL � 1 and where for ease of notation x and y

indicate S�fg(t) and S�fh(t).

In each time window w the time delay �w0 is de�ned as point of maximum in the

absolute value of the cross-correlation function Cw(�) in the window w. In this way a

new time series is de�ned, the series of time delays f�w0 jw2f1;:::;NLgg.

Under the assumption that stable interrelations between two signals are represented

by periods of approximately constant �0, we can consider, for instance, a time window

wj 2 f1; : : : ; NLg whose the corresponding time delay is �
wj
0 . If the number of time

windows nj such that 8 wi 2 fwj; : : : ; wj + nj � 1g; �wi0 2 [�
wj
0 � 1; �

wj
0 + 1] is nj � 4,

then each wi 2 fwj; : : : ; wj + nj � 1g is labelled as stable, a value of 1 is associated

to these windows and they are represented with red dots in Fig. 6�1 (b) right panel,

otherwise they are unstable, a value of 0 is associated to these windows and they are

represented with black dots.

The TDS value corresponding to the pair S�fg�S�fh is computed as ratio between

the number of stable segments and the total number of time windows of 60s in each

physiological state of the signal. So the TDS value v 2 [0; 1], and can be expressed

as a percentage multiplying v by 100. Thus longer periods of constant time delay

� , i.e. higher percentage of TDS, indicate stronger coupling between two di�erent
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power spectrum and are represented by stronger links in the network of physiologic

interactions.

The previous explanation regards the most di�cult case of pair-wise coupling

in network interactions, e.g. in the case of coupling interactions between the power

spectrum of two di�erent frequency bands for two di�erent EEG signals, but the TDS

can be applied to any pair of time series signals associated to systems with bursting

dynamics. For example, it can be taken into account the pair between the power

spectrum Fp1 S�(t) of �-band for the Fp1 EEG channel and the time sequence of

standard deviation of ECG for the heart across time.

Analyzing coordinated bursts in di�erent types of physiologic signals, taking into

account di�erent brain cortical rhythms, TDS allowed to identify and quantify pair-

wise coupling and network interactions between diverse physiological systems, de�ning

a new measure for the coupling strength of links between di�erent organ systems,

expressed by their correlated dynamics in each physiological state. As shown in

(Bartsch et al., 2015; Bartsch and Ivanov, 2014; Bashan et al., 2012; Liu et al., 2015b),

the TDS method is robust and general enough to identify and quantify the temporal

dynamical changes in the pair-wise coupling between di�erent physiological systems.

It can be applied to diverse systems with very di�erent types of output dynamics

(oscillatory, stochastic or mixed), and does not have the limitations of synchronization

methods applicable only to systems with oscillatory dynamics.

6.3 Maps of Organ Network Interactions

The new �eld of Network Physiology aims to build an atlas of the entire complex

network of communications between di�erent organ systems, in order to identify which

changes in this interactions network could allow us to discriminate a pathological

situation from a physiological one. Recent studies (Bartsch et al., 2015; Bashan et al.,
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Figure 6�1: Schematic presentation of the Time Delay Stability
(TDS) method. (a) Segments of brain EEG spectral power S(f) in
the 
2 band (Fp1 channel) and chin muscle tone EMG spectral power in
the � band. Segments with synchronous bursts in S(
2) and S(�) lead
to pronounced peak in the cross-correlation C(�) at time lag �0 (shown
in (b) left panel), and to periods with stable time delay characterized by
constant �0 (marked by red dots in (b) right panel). Cross-correlation
C(�) is performed for overlapping windows of 60s (vertical dashed lines
in (a)) with a moving step of 30s, and the time lag �0 corresponding to
the peak of C(�) in each window is recorded ((b) right panel), where
consecutive red dots indicate periods of Time Delay Stability (TDS)
with constant �0. Long periods of constant time delay �0 indicate
strong TDS coupling, represented by strong links in the network of
physiologic interactions between cortical EEG rhythms and muscle tone
frequency bands. The TDS approach is general, and can identify and
quantify interactions between diverse systems with di�erent dynamic
characteristics across physiological states.

2012; Ivanov and Bartsch, 2014) demonstrated that integrated organ systems can

communicate through several independent mechanisms of interaction which operate at

di�erent time scales, and that di�erent forms of coupling can simultaneously coexist.
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Already in 2012 it has been demonstrated that each physiological state is uniquely

characterized by a particular network topology and structure and that each transition

to another physiological state is accompanied by fast reorganization of the network of

interactions, showing the high 
exibility of the network of communications between

di�erent organs in response to perturbations (Bashan et al., 2012).

In all these studies physiological dynamics of di�erent organ systems have been

analyzed using high-frequency output signals synchronously and continuously recorded

during night-time sleep, because sleep stages are well-de�ned physiological states;

moreover, during sleep external in
uences due to physical activity or sensory inputs

are reduced, therefore the ratio noise-to-signal is relatively low. In particular, the

following sleep stages have been considered: Wake, REM, Light Sleep (LS) and Deep

Sleep (DS). Sleep stages are scored in 30 s epochs by sleep lab technicians based on

standard criteria.

Traditionally, the modulation in the sympatho-vagal balance assumed a fundamen-

tal role in understanding di�erences between sleep stages, in particular it has been

observed a dominant sympathetic tone during Wake and REM; moreover, Wake and

REM have been identi�ed as similar to each other in terms of spectral, scale-invariant

and nonlinear characteristics of the dynamics of individual physiological systems,

while during LS and DS physiological dynamics exhibit weaker correlations and loss of

nonlinearity (Bartsch and Ivanov, 2014). Di�erently, the network of physiological inter-

actions show a completely di�erent picture. Network organization and link strength of

interactions between physiological systems during Wake and LS are similar compared

to REM and DS, when the link strength is intermediate and very low respectively.

Therefore, we can conclude that the dynamics of regulation mechanisms of individual

physiological systems during sleep stages are di�erent from the dynamics of network

reorganization in the communications between organ systems.
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In general, the connectivity between di�erent organ systems increases during Wake

and LS, while it decreases during REM and DS. This is especially true for the brain-

organ and organ-organ interactions that are strong only during Wake and LS, while the

interactions between di�erent brain waves are still present during DS and more during

REM in the network framework of correlations, even though weaker compared to Wake

and LS. Moreover, the link strength of brain-brain interactions is � 5 times stronger

than all the other network links during all sleep stages. Furthermore, considering in

particular all the interactions involving the heart and all the interactions concerning the

chin muscle, it has been observed that both systems follow the network pattern exposed

before for general interactions, namely strong links during Wake and LS, intermediate

links during REM and weak (or absent) links during DS. Nevertheless, the two systems

show di�erences in the interactions with other organs: all the interactions involving

the chin muscle are 0:5 times stronger than the interactions involving the heart during

REM and even 2 times stronger during DS. A particular case is represented by the

heart-respiration connectivity that, according to the TDS measure, is very low, i.e.

the time delay is rarely stable for periods longer than 2{4 min. This phenomenon can

be explained by a ‘on’ and ‘o�’ intermittent interaction dynamic between these two

systems, which is observed also in other independent measures of cardio{respiratory

coupling: respiratory sinus arrhythmia (RSA) (Angelone and Coulter JR, 1964; Song

and Lehrer, 2003). In particular, periodic variation of the heart rate (HR) within each

breathing cycle has been observed: the HR increases with inspiration and decreases

with expiration for normal breathing frequencies (� 7� 12 breaths per min). ’The

strength of the coupling is de�ned by the amplitude of the HR variation measured

relative to the mean heart rate HR, called RSA amplitude. RSA is most pronounced

at low breathing frequencies and nonlinearly decreases with increasing breathing

frequency’ (Bartsch et al., 2012; Sornette, 2006).
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Further studies (Liu et al., 2015b) reveal that interactions involving heart and

respiration respectively with all the other organ systems decrease going from Wake

to DS, while those involving muscles and eye movement respectively with the rest

of physiologic network increase during sleep. Moreover, the relative weight of the

heart in network dynamics is higher than respiration. The loss of strength in brain-

respiration interactions is consistent with earlier �ndings of reduced sympathetic input

and associated loss of long-range auto-correlation in cardiac and respiratory dynamics

during Light and Deep Sleep (Kantelhardt et al., 2003; Kantelhardt et al., 2002;

Schmitt et al., 2009; Schumann et al., 2010).

In order to achieve a complete knowledge of the entire network of interactions

between physiological systems, further studies on dynamics of network communications

and mechanisms of regulations during di�erent sleep stages have been conducted

(Bartsch et al., 2015). In these studies all the brain waves (� for 0� 4 Hz, � for 4� 8

Hz, � for 8� 12 Hz, � for 12� 16 Hz, � for 16� 20 Hz, 
1 for 20� 34 Hz and 
2 for

34� 100 Hz) have been considered in the interactions between di�erent brain locations

(frontal left{Fp1, frontal right{Fp2, central left{C3, central right{C4, occipital left{O1,

and occipital right{O2) and other physiological systems and it has been observed that

not only brain-brain, brain-organ and organ-organ interactions networks change in

topology and structure, but also a unique frequency pro�le is associated with each

sleep stage. In particular, regarding the brain-brain interactions, the inter-channel

links show the network reorganization previously discovered in the other studies, i.e.

stronger links during Wake and LS, intermediate during REM and weaker during DS,

while intra-channel interactions show that while the frontal channels maintain the same

degree of connectivity across all sleep stages, the intra-channel links in the central brain

locations are weaker during Wake and REM, but the connectivity degree increases

in LS and even more during DS; the occipital brain areas show intermediate strong
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links during Wake and DS and almost absent links during REM and LS. Moreover,

eye movement and respiration show strong links with the frontal areas of the brain

along all sleep stages, while chin muscle tone and heart are connected with the central

brain areas during Wake and REM, but during LS and DS they strongly communicate

with the frontal brain locations. Furthermore, the brain seems to prefer the low brain

cortical rhythms, especially �, in the communication with the eye, while it mainly

interact with chin muscle tone along all sleep stages and with the heart during Wake

and REM through high brain rhythms, especially 
2.
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Chapter 7

Modality and network regularity of organ

interactions

7.1 Introduction

Physiological systems under neural regulation exhibit high degree of complexity with

non-stationary, intermittent, scale-invariant and nonlinear behaviours (Bassingth-

waighte et al., 2013; West et al., 1997). Moreover, physiological dynamics transiently

change in time under di�erent physiological states and pathologic conditions (Bunde

et al., 2000; Dvir et al., 2002; Ivanov et al., 1996), in response to changes in the

underlying control mechanisms. This complexity is further compounded by various

coupling (Sch�afer et al., 1998; Bartsch et al., 2007) and feedback interactions (Guyton

et al., 1955; Ivanov et al., 1998; Hegger et al., 1998) among di�erent systems, the

nature of which is not well-understood. Quantifying these physiological interactions is

a challenge as one system may exhibit multiple simultaneous interactions with other

systems where the strength of the couplings may vary in time. To identify the network

of interactions between integrated physiological systems, and to study the dynamical

evolution of this network in relation to di�erent physiological states, it is necessary to

develop methods that quantify interactions between diverse systems.

Recent studies have identi�ed networks with complex topologies (Albert and

Barab�asi, 2002; Song et al., 2005; Dorogovtsev and Mendes, 2002), and have focused

on emergence of self-organization and complex network behaviour out of simple
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interactions (Williams and Martinez, 2000; Zhou and Kurths, 2006; Hasty et al., 2002;

Bhalla and Iyengar, 1999), network robustness (Newman, 2003; Pastor-Satorras and

Vespignani, 2001; Banavar et al., 1999), and, more recently, critical transitions due

to failure in the coupling of interdependent networks (Havlin et al., 2012). Growth

dynamics of structural networks have been investigated in network models (Albert and

Barab�asi, 2002; Dorogovtsev and Mendes, 2002), and in physical systems (Dorogovtsev

and Mendes, 2002; Boccaletti et al., 2006), and various structural and functional

brain networks have been explored (Boccaletti et al., 2006; Bullmore and Sporns,

2009). However, understanding the relationship between topology and dynamics of

complex networks remains a challenge, especially when networks are comprised of

diverse systems with di�erent types of interaction, each network node represents a

multi-component complex system with its own regulatory mechanism, the output

of which can vary in time, and when transient output dynamics of individual nodes

a�ect the entire network by reinforcing (or weakening) the links and changing network

topology. A prime example of a combination of all these network characteristics

is the human organism, where integrated physiological systems form a network of

interactions that a�ects physiological function, and where breakdown in physiological

interactions may lead to a cascade of system failures (Buchman, 2006).

To this end, we utilize Network Physiology, which is a novel framework designed to

study the network of interactions between diverse physiologic systems in the human

organism (see Chapter. 6). We focus on the topology and dynamics of the human

organism network and their relevance to physiological function. We hypothesize that

during a given physiological state, the physiological network may be characterized by a

speci�c topology and coupling strength between systems. Further, we hypothesize that

coupling strength and network topology may abruptly change in response to transition

from one physiological state to another. Such transitions may also be associated with
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changes in the connectivity of speci�c network nodes, that is, the number of systems

to which a given physiological system is connected can change, forming subnetworks of

physiological interactions. Probing physiological network connectivity and the stability

of physiological coupling across physiological states may thus provide new insights on

integrated physiological function.

Besides the physiological network in the healthy human, a deep understanding

of progressive neuro-degenerative diseases has also been a main challenge in medical

research in the last decades, among which Parkinson’s Disease (PD) is the second

most common disorder a�ecting older adults and is predicted to increase in prevalence

as the population ages. Symptoms include resting tremors, slow movements, rigid

muscles and unsteady gait. In addition, sleep, mood, cognition and the autonomic

nervous system are a�ected. These non-motor symptoms in PD have gained increasing

attention and both motor and non-motor signs are now included among the supportive

criteria. Patients with Parkinson’s disease have changes in sleep regulation early

in the disease and often even prior to the onset of motor symptoms. PD patients

frequently exhibit alterations in their sleep micro-architecture and also experience

signi�cant sleep fragmentation, and have much more di�culty initiating sleep and

staying asleep and experience numerous awakenings. In general, PD patients have

less amount of restful sleep, less REM sleep, and increased nighttime arousals. We

aim to provide a general overview of the di�erences in brain dynamics exhibited in

Parkinson’s disease in sleep compared to healthy controls. It is crucial to establish a

system-wide perspective on physiological interactions, tracking multiple components

simultaneously, which is necessary to understand the relationship between network

topology and function under healthy conditions, and how they would be a�ected by

neuro-degenerative disorders.
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7.2 Methods

7.2.1 Data

We analyze high-frequency output signals from di�erent physiological systems that are

synchronously and continuously recorded during night-time sleep (polysomnographic

recordings) from 97 healthy subjects (51 female, 46 male, ages 50-95 years; average

record duration 8.0 h) and 33 Parkinson’s disease (PD) patients (9 female, 24 male, 5

subjects with PD score 1-1.5, 16 subjects with PD score 2-2.5, 8 subjects with PD

score 3, 4 subjects with PD score 4-5, ages 50-87 years; average record duration 7.1

h). Data are recorded over night for each subject, and sleep stages are scored in 30

s epochs by certi�ed sleep lab technicians based on standard criteria. We focus on

network dynamics during sleep as sleep stages are well-de�ned physiological states,

and external in
uences due to physical activity or sensory inputs are reduced. Thus,

the data structure allows (i) to investigate the dynamics and organization of networks

representing interactions among organ systems during di�erent physiological states

(sleep stages), and (ii) to study the reorganization of these networks between healthy

and PD subjects, with the aim to uncover universal network characteristics, basic laws

of physiologic regulation underlying organs communications and the in
uence of PD.

In particular, we analyze electroencephalogram (EEG) data from six scalp locations

(frontal left-Fp1 and right-Fp2 for healthy group, left-F3 and right-F4 for PD group,

central left-C3, central right-C4, occipital left-O1, and occipital right-O2 for both

groups) and electromyogram (EMG) signals from chin and leg. To compare these very

di�erent signals with each other and to study their coupling, we extract the following

time series from the raw signals: the spectral power in moving windows of 2 s with 1

s overlap for seven physiologically relevant EEG frequency bands: � waves (0.5-3.5

Hz), � waves (4-7.5 Hz), � waves (8-11.5 Hz), � waves (12-15.5 Hz), � waves (16-19.5

Hz), 
1 waves (20-33.5 Hz), 
2 waves (34-99.5 Hz); the variance of the EMG signals
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in moving windows of 2 s with 1 s overlap. Thus, all time series have the same time

resolution of 1 s before the analysis.

Using sleep-stage strati�cation on a large population of subjects, we demonstrate

that each physiologic state is characterized by a speci�c network structure of physiologic

interactions that (i) uniquely de�nes state and function at the organism level and (ii)

is universal across subjects. With transitions across physiologic states organ network

connectivity and strength of interactions follow a speci�c reorganization pattern that

is preserved in PD group, indicating that the proposed Network Physiology approach

reveals fundamental new laws of physiologic regulation.

7.2.2 Time Delay Stability (TDS) Method

Physiological systems exhibit complex dynamics with nonlinear and transient charac-

teristics across multiple scales. Di�erent mechanisms regulating diverse physiological

systems lead to distinct behaviors (i.e. oscillatory, stochastic or mixed), with pair-wise

interactions between systems mediated through distinct forms of coupling. This poses

challenges to study networks of various physiological interactions. Methods have been

developed to quantify coupling between (i) transient signals generated by processes of

the same type, (ii) pairs of dynamical sources across locations within the same system

(e.g. neuronal groups and functional areas in the brain), and (iii) pairs of systems with

similar dynamics and behavior (e.g. cardiac-respiratory coupling). However, currently

there is no theoretical framework, computational and analytic formalism to probe

interactions among diverse systems in the human organism { an integrated network of

organs (each with speci�c dynamics and regulatory mechanisms) interacting through

multiple nonlinear feedback and/or feedforward loops over a broad range of scales and

time delays. Network integration is essential to coordinate and synchronize output

dynamics of physiological systems, to optimize their functions and to generate distinct

physiological states at the organism level, and is manifested through coordinated
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cross-communications and consistently synchronized bursting activities with certain

time delays among systems.

We develop a new general approach to identify and quantify pair-wise coupling and

network interactions among diverse systems with bursting dynamics, and to track the

evolution of networks of organ interactions across physiological states and conditions.

We introduce a novel concept, Time Delay Stability (TDS), and a TDS method to

study the time delay with which bursts of activity in a given system are consistently

followed by corresponding bursts in the signal output of other systems { periods of

TDS with constant time delay between bursts in the activation of two systems indicate

stable interactions, and correspondingly stronger coupling between systems results in

longer periods of TDS.

The Time Delay Stability (TDS) method consists of the following steps:

To probe the interaction between two physiologic systems X and Y, we consider

their output signals fxg and fyg each of length N . We divide both signals fxg

and fyg into NL overlapping segments of equal length L = 60 sec. We chose an

overlap of L=2 = 30 sec which corresponds to the time resolution of the conventional

sleep-stage scoring epochs, and thus NL = [2N=L]. Prior to the analysis, each segment

is normalized separately to zero mean and unit standard deviation, in order to remove

constant trends in the data and to obtain dimensionless signals. This normalization

procedure assures that the estimated coupling between the signals is not a�ected by

their relative amplitudes.

Second, we calculate the cross-correlation function,

C�
xy(�) =

1

L

LX
i=1

x�
i+(��1)L

2
y�
i+(��1)L

2
+�
; (7.1)

within each segment � = 1; : : : ; (NL � 1) by applying periodic boundary conditions.

For each segment � we de�ne the time delay � �0 to correspond to the maximum in the
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absolute value of the cross-correlation function C�
xy(�) in this segment:

� �0 = � jjC�xy(�)j�jC�xy(� 0)j 8� 0 : (7.2)

Time periods of stable interrelation between two signals are represented by seg-

ments of approximately constant �0 in the newly de�ned series of time delays, f� �0 g

(� = 1; : : : ; NL � 1). In contrast, absence of stable coupling between the signals corre-

sponds to large 
uctuations in �0 .

Third, we identify two systems as linked if their corresponding signals exhibit a

time delay that does not change by more than �1 sec for several consecutive segments

�. We track the values of �0 along the series f� �0 g: when for at least four out of �ve

consecutive segments � (corresponding to a window of 5 � 30 sec) the time delay

remains in the interval [�0 � 1,�0 + 1] these segments are labeled as stable. This

procedure is repeated for a sliding window with a step size one along the entire series

f� �0 g. The �nal TDS value is �nally calculated as the fraction of stable points in the

time series f� �0 g.

Longer periods of TDS between the output signals of two systems re
ect more

stable interaction/coupling between these systems. Thus, the strength of the links

in the physiologic network is determined by the percentage of time when TDS is

observed: higher percentage of TDS corresponds to stronger links.

The TDS method is general, and can be applied to diverse systems with bursting

dynamics. It is more reliable in identifying physiological coupling compared with tra-

ditional cross-correlation, cross-coherence, and classical Granger causality approaches,

which are not suitable for heterogeneous non-stationary signals with time varying

coupling, and are a�ected by the degree of auto-correlations and irregular bursts

embedded in these signals.
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7.2.3 Averaging procedure for estimating links strength and links number

in physiological networks

To probe basic laws of organ network integration at the organism level as well as for

the major sub-networks of brain-brain, brain-organ and organ-organ interactions, and

how these networks evolve with transition from one physiologic state to another and

change from health to PD, we introduce a procedure to quantify the average strength

of a particular network link for a given physiological state (sleep stage). We note that

the total duration of each sleep stage during night-time sleep varies from subject to

subject in the same group as well as between di�erent groups. Thus, instead of taking

the standard averaging procedure, where the strength of a network link during a given

sleep stage is �rst calculated for one subject and is then averaged for all subjects in

the same group (which would give equal weight for all subjects in the group average),

we perform a weighted averaging procedure where the contribution of each subject

is weighted proportionally to the total duration of a given sleep stage during the

night. The %TDS measure we introduce to quantify links strength does not depend

on the total duration time of a given sleep stage, but represents the fraction of time

delay stability within the sleep stage (Methods, Section B). In our analyses network

links are obtained by quantifying the TDS for each pair of physiological systems after

calculating the weighted average for all subjects for a given condition (sleep stage):

%TDS= (�isi=�iLi)� 100 where Li indicates the total duration of a given sleep stage

for subject i, and si is the total duration of TDS within Li for the considered pair

of physiological signals. A network link between two systems is de�ned when their

interaction is characterized by TDS value above a signi�cance threshold determined

by a surrogate analysis test (Methods, Section D).

The weighted group average link(s) strength is represented by bar plots in the

�gures. Error bars (marked on top of each bar) indicate the standard error based
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on the distribution of link(s) strength values (%TDS) obtained from the individual

subjects during a given sleep stage.

The reported in the �gures average links strength for di�erent networks, sleep

stages are obtained using the above weighted average procedure for each network link,

and then averaging over all links in the network (i.e. global network average of group

averaged links strength). The reported in the �gures average link number is obtained

after imposing a threshold on the network of weighted group average links.

7.2.4 Surrogate tests and signi�cance threshold for network links strength

To test that network links identi�ed by the TDS method are physiologically relevant

and represent endogenous interactions between physiological systems, we perform a

surrogate test to establish a threshold of signi�cance for links strength. Statistical

signi�cance is estimated by comparing the strength distribution of a given link obtained

from all subjects in a given sleep stage with the distribution of surrogate links

representing ‘interactions’ between the same two systems paired from di�erent subjects.

This surrogate test, based on the TDS analysis, leads to (i) signi�cantly reduced links

strength (P � 10�3) and (ii) no di�erentiation between physiological states (sleep

stages) and conditions (healthy and PD groups). The signi�cance threshold is marked

by horizontal green lines in all �gure panels showing bar plots of average links strength,

indicating that the TDS method uncovers genuine physiological network interactions.

To determine the signi�cance threshold for network links strength, we perform

the following steps: for a given link connecting two systems in the network of organ

interactions that corresponds to a particular sleep stage and group, we generate 200

surrogates of this link where the signal outputs from the same two physiological

systems taken from di�erent subjects are paired, and the strength (%TDS) of the

surrogate links is obtained. The procedure is repeated for each network link to obtain

a distribution of links strength values from the surrogates generated for all links in the
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network. For di�erent sleep stages, the corresponding distributions of surrogate links

strength are obtained for the subjects in a given group, and the mean �surr and stand

deviation �surr of these distributions are estimated. Thus, the signi�cance threshold

at 95% con�dence level for the network links strength is de�ned as �surr + 2�surr for

each group (horizontal green lines in bar plots).

7.2.5 Graphical representation of physiological interactions

To investigate complex dynamical interactions among diverse organ systems that

continuously change in time as function of physiological state and are simultane-

ously mediated through various physiological rhythms, we develop a representation

framework based on graphic objects (maps) encoded with information on the coupling

strength and areas of interaction. Graphical visualization is essential to identify univer-

sal patterns in diverse and time-varying interactions, to establish principles of network

integration among dynamical systems, sub-systems and modules, and to track transi-

tion and network reorganization across physiological states. This graph-representation

framework can integrate diverse brain-brain, brain-organ and organ-organ interac-

tions, and can help establishing association of network structure and dynamics with

physiologic states, functions and conditions under health and disease { thus, laying

the foundations of the Human Physiolome, a �rst of its kind BigData and blueprint

reference maps representing physiologic interactions in the human organism.

Brain-Brain networks: Interactions among di�erent brain areas mediated through

various brain rhythms (i.e., frequency bands: �, �, �, �, �, 
1, and 
2) are mapped

onto a network that consists of six heptagons each representing individual EEG

channels (Fp1 and Fp2 for healthy group; F3 and F4 for PD group; C3, C4, O1 and

O2 for both groups) and located at the six corresponding brain areas (2 Frontal, 2

Central and 2 Occipital areas), forming a hexagon. Each node in the heptagons is

assigned a color, and represents a speci�c brain rhythm identi�ed in the spectral
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power derived from the EEG signal recorded at the corresponding brain EEG-channel

location (represented by the heptagon). These networks are undirected graphs where

inter-channel links strength is divided into three categories: very strong links with

TDS � 0:83 (thick magenta lines); strong links with 0:58 � TDS � 0:83 (thick blue

lines); and intermediately strong links with 0:4 � TDS � 0:58 (thin cyan lines).

Brain-Organ networks: We develop a radar-chart representation to map onto a

single network the interactions of a given organ with di�erent brain areas mediated

through di�erent frequency bands. Each brain-organ network is represented by (i) six

heptagons representing six brain areas (two Frontal, two Central and two Occipital

areas) corresponding to the locations of the EEG channels (Fp1 and Fp2 for healthy

group; F3 and F4 for PD group; C3, C4, O1 and O2 for both groups), and (ii) a

centered hexagon representing the organ. Each node in the heptagons is assigned a

color and represents a speci�c physiologically-relevant frequency band (�, �, �, �, �,


1, and 
2) identi�ed in the spectral power derived from the EEG signal recorded at

the corresponding brain EEG-channel location (represented by the heptagon). Brain

heptagons are connected to the organ hexagon by links where coupling strength is

represented by the line thickness, and where the color of each link corresponds to the

color of the connected brain heptagon node (EEG frequency band). A radar-chart

centered in the organ hexagon represents the relative contribution of brain control

from di�erent brain areas to the strength of brain-organ network links. The length of

each segment along each radius in the radar-charts represents TDS coupling strength

between the organ and a speci�c frequency band (heptagon node) at a given EEG

channel location. These segments are shown in same color as the corresponding

heptagon nodes (EEG frequency bands).

The developed visualization framework is useful for studying spatial distribution of

brain control and its change in time with transitions across di�erent physiologic states
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and conditions. By associating links strength with line thickness and assigning colors

to frequency bands, we are able to identify dominant interaction and the corresponding

frequencies that mediate di�erent brain-organ network interactions, as well as key

sub-networks and modules that underlay brain-organ interactions.

7.2.6 Cortico-muscular interaction networks

TDS matrix and network link de�nition

We utilize the TDS method to calculate the pairwise coupling strength between seven

cortical rhythms (�, �, �, �, �, 
1 and 
2) derived from an EEG channel and each

EMG frequency bands representing leg and chin muscle activation. The coupling

strength between two signals is de�ned as the percentage of time over which TDS

is observed, i.e. %TDS = (
PNL

i si)=L � 100 where si is 1 if the corresponding i-th

segment is labelled as stable for the TDS measure or 0 if the corresponding i-th

segment is labelled as unstable for the TDS measure and L is the total duration of

signals.

For each physiologic state, we calculate a group-average TDS matrix for couplings

of leg EMG (chin EMG) frequency band with each cortical rhythm from each of the

EEG channels (Frontal Fp1 and Fp2 for healthy, and F3 and F4 for PD subjects,

Central C3 and C4, Occipital O1 and O2 for both groups of subjects). The TDS

coupling strength between signal a and b during a given sleep stage s averaged over

all subjects for each group is de�ned as:

%TDS
s

ab =

PM
i=1 TDSi � LsiPM

i=1 L
s
i

� 100; (7.3)

where Lsi represents the total duration of a given sleep stage s for subject i, and TDSi

stands for the TDS coupling strength between signal a and b for sleep stage s obtained

from subject i.
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Graphical visualization of the full cortico-muscular network. In the cortico-muscular

network (Fig. 7�7 and 7�8), brain areas are represented by Frontal (Fp1 and Fp2, F3

and F4), Central (C3 and C4) and Occipital (O1 and O2) EEG channels, where nodes

with di�erent color in each brain area represent distinct brain waves. Peripheral nodes

indicate EMG frequency bands of leg (Fig. 7�7) and chin (Fig. 7�8) muscle tone shown

in the same color code as the brain waves. Network links show the coupling strength

of each cortical rhythm across cortical areas with an EMG frequency band. Links

strength is marked by line width: thin lines for 6% < %TDS < 9% for Wake, REM,

and LS, 6% < %TDS < 8% for DS; thick lines for %TDS > 9% for Wake, REM, and

LS, %TDS > 8% for DS for brain-leg network interactions (Fig. 7�7); thin lines for

6% < %TDS < 12%, thick lines for %TDS > 12% for brain-chin network interactions

for all sleep stages (Fig. 7�8).

Network of interactions between cortical rhythms and integrated EMG

activity

To obtain information on the relative contribution of each brain rhythm on a given

EEG channel with the integrated EMG activity, we consider the average coupling

strength of a given brain wave from a given EEG channel with all EMG bands. We

take the average of coupling of the integrated EMG activity with each cortical rhythm

�fj; j = 1; :::; 7 from a cortical location; the average is given by

n1h =
1

7

7X
EMG(�fi):i=1

%TDS[EMG(�fi); Brain(�fj)] (7.4)

where h = 7(k � 1) + j, k = 1; :::; 6 corresponding to a given EEG channel, and

%TDS[EMG(�fi); Brain(�fj)] is the group-average %TDS between the frequency

band �fi of EMG and the cortical rhythm �fj at a given EEG channel averaged

across all subjects in each group.

Radar-chart graphical representation. We develop a radar-chart representation
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to map such interactions from across di�erent brain areas (Fig. 7�9 A and Fig. 7�11

A). This network consists of (i) six heptagons, one for each of the six brain areas

corresponding to the locations of the EEG channels, and (ii) a centered hexagon

representing the leg (Fig. 7�9 A) or the chin (Fig. 7�11 A). Nodes in the heptagons

are color-coded according to the following scheme: dark blue for �, light blue for

�, turquoise for �, green for �, yellow for �, orange for 
1 and red for 
2. Brain

heptagons are connected to the organ hexagon by links whose thicknesses encode the

corresponding coupling strengths. Networks include only links above a statistically

signi�cant threshold (Section 7.2.4). The radar-chart centered in the organ hexagon

represents the relative contribution to muscle control from di�erent brain areas. The

length of each segment along each radius in the radar-charts represents TDS coupling

strength between each cortical rhythm at each EEG channel location and leg (Fig.

7�9 A) or chin (Fig. 7�11 A) muscle tone.

Network of interactions between EMG frequency bands and integrated

EEG activity

Similarly, in order to obtain information on the relative contribution of each EMG

frequency band on a given EMG muscle tone with the integrated EEG activity, we

consider the average coupling strength of a given EMG frequency band with all brain

waves from a given EEG channel. We take the average of the each EMG frequency

band �fi; i = 1; :::; 7 and get the average coupling strength with the k-th EEG channel

as

mik =
1

7

7X
Brain(�fj):j=1

%TDS[EMG(�fi); Brain(�fj)]: (7.5)

Graphical network representation of interactions between EMG frequency bands

and integrated EEG activity. This type of network represents the response of a EMG

band to signals from the brain. The focus is to understand the role of each EMG
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band in the brain-muscle communication, for instance if there is preferential EMG

frequency, and if there is physiologic state speci�c pattern in the cross-talk (Fig. 7�9

and 7�11). Each network is constituted by six heptagons representing the six EEG

channels, whose spatial distribution reminds to the physical locations of electrodes

on the brain surface from an axial point of view (Fp1/F3, C3 and O1 on the left

side and Fp2/F4, C4, and O2 on the right side). Each of them represents the entire

power spectrum of the corresponding EEG channel. The peripheral nodes represent

the 7 frequency bands identi�ed in the power spectrum of the leg (Fig. 7�13) or chin

(Fig. 7�15) EMG muscle tone. The links between each node and a heptagon represent

interactions of a given EMG band with each cortical location averaged over all cortical

rhythms as de�ned in eq. 7.5; color of links and nodes corresponds to the frequency

bands. Only the links with a TDS � 3% are plotted; the thickness depends on the

coupling strength. In particular, there are three di�erent types of link thickness:

thin links with 4%(5%) � TDS < 6:5(9%)%, intermediate links with 6:5%(9%) �

TDS < 8:5%(13%), and thick links with TDS � 8:5%(13%) for brain-leg (brain-chin)

interactions.

7.3 Results

7.3.1 Network interactions among brain-rhythm across cortical areas

We focus on physiological systems network dynamics during sleep because sleep

stages are well-de�ned physiological states with speci�c neuroautonomic regulation,

and external in
uences due to physical activity or sensory inputs are reduced. The

structure of our database, comprising of multi-channel synchronously recorded signals

from di�erent organ systems, allows to investigate the dynamics of interactions among

organ systems and their network organization during di�erent physiological states

(sleep stages). Utilizing the TDS method, specially tailored to probe interactions
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among diverse systems with di�erent dynamics, we aim to measure couplings between

organ systems and their network characteristics, and quantify how such couplings

are disrupted by PD. This is essential to understand how physiologic regulation

underlying a given state in
uences the dynamics of organ network communications,

how integration of organ systems as a network leads to emergent behaviours and

physiological functions at the organism level (Ivanov et al., 2017), and most importantly,

how the interactions in organ network is manipulated by PD and therefore leads to

distinct emergent behaviours.

We �rst investigate the network of interactions among di�erent brain rhythms.

Sleep stages are traditionally de�ned by the presence of dominant brain rhythms in

cortical EEG dynamics. However, little is known whether and how brain rhythms

across cortical locations interact as a network to generate sleep stages (Liu et al., 2015a).

We consider seven distinct cortical rhythms (�, �, �, �, �, 
1, and 
2) from six cortical

areas (EEG channels, 2 Frontal, 2 Central and 2 Occipital) that are traditionally

used in sleep-stage scoring, and look into the detailed topology of brain rhythms

network across sleep stages as shown in Fig. 7�1. Networked interactions between

di�erent brain areas mediated through various frequency bands are mapped onto a

network that consists of six heptagons each representing individual EEG channels and

located at the six corresponding brain areas, forming a hexagon (Fig. 3�3a). Each

node in the heptagons is assigned a color and represents a speci�c physiologically-

relevant frequency band identi�ed in the EEG spectral power derived from the EEG

signal recorded at the corresponding brain EEG-channel location (represented by the

heptagon). Coupling strength is measured as the fraction of time (out of the total

duration of a given sleep stage throughout the night) when TDS (i.e., constant time

delay) is observed in the synchronous bursting between brain rhythms. There is a

pronounced reorganization in network topology with transition across physiologic
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Figure 7�1: Brain-waves interaction networks across sleep stages for
healthy subjects and patients with Parkinson’s disease. (a) Network nodes
with di�erent colors represent seven physiologically-relevant frequency bands (�,
�, �, �, �, 
1, and 
2) derived from EEG signals at six brain locations (Fp1/F3,
Fp2/F4, C3, C4, O1 and O2). Network links represent physiologic interactions
among brain waves across brain areas mediated through coordinated bursts in their
activity as quanti�ed by the TDS method. Coupling strength is measured as the
fraction of time when TDS is observed in the synchronous bursting between brain
rhythms shown by di�erent colors: strong links with %TDS � 0:83 (thick magenta
lines); intermediate links with 0:58 � %TDS � 0:83 (thick blue lines); and weak
links with 0:4 � %TDS � 0:58 (thin cyan lines); links with 0:4 � %TDS are not
shown. (b, c) Network characteristics of brain-waves interactions averaged for sleep
stages (error bars represent standard error, horizontal green lines in each panel mark
the signi�cance threshold of links strength). With transitions across sleep stages
brain-waves networks for both healthy subjects and Parkinson’s patients reorganize
exhibiting a strati�cation pattern in connectivity (link number for the networks
shown in left panels) and links strength (shown in right panels) { stronger and denser
network interactions during wake and LS, weaker and sparser network interactions
during REM and DS { indicating a physiologic law that regulates brain-waves
networks across di�erent physiologic states. Brain-waves interaction networks for
Parkinson’s patients show signi�cantly higher link number (� 50% increase) and links
strength (� 20% increase) compared to healthy subjects , especially for REM and
DS, leading to a less pronounced sleep-stage strati�cation. These changes indicating
perturbation by Parkinson’s Disease to the brain-brain network interactions.

states, where each sleep state is characterized by speci�c modules of cortical locations

with strong or weak interactions. A clear sleep-stage strati�cation is observed when we
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coarse-grain the network by averaging the coupling strength over all pairs of rhythms

for each two cortical areas { the interactions is in general stronger in quiet wake and

LS, and is weaker during REM and DS for both healthy subjects and PD patients,

while Parkinson’s patients show much stronger and denser interaction across all stages

(Fig. 3�3a).

Our results show the overall total number and average link strength of the networks

represented in panel a across sleep stages for both healthy and PD subjects (panels b,c).

With transitions across sleep stages brain-waves networks for both healthy subjects

and Parkinson’s patients reorganize exhibiting a strati�cation pattern in connectivity

(link number for the networks shown in left panels) and links strength (shown in

right panels) (with one-way ANOVA tests p � 0:001) { stronger and denser network

interactions during wake and LS, weaker and sparser network interactions during

REM and DS (with MW tests p � 0:008, except in the PD group, comparing between

wake vs REM the link number has p = 0:552, and the link strength has p = 0:078)

{ indicating a physiologic law that regulates brain-waves networks across di�erent

physiologic states. Brain-waves interaction networks for Parkinson’s patients show

signi�cantly higher link number (� 50% increase) and links strength (� 20% increase)

compared to healthy subjects (test for average over 4 stages with MW tests p � 0:014,

except for link number in wake p = 0:086 and LS p = 0:114, as well as link strength

in LS p = 0:160), especially for REM and DS, leading to a less pronounced sleep-stage

strati�cation. These changes indicating perturbation by Parkinson’s Disease to the

brain-brain network interactions.

We may divide the brain-rhythm network into spatially distributed sub-networks.

We �rst examine the sub-networks within the same brain hemispheres, i.e. left and

right brain hemispheres, respectively (Fig. 7�2). The left and right hemisphere sub-

networks exhibit symmetric behaviors for corresponding modules. The consistent
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Figure 7�2: Spatially distributed sub-networks and modules of brain-
waves interactions within the (a) left and (b) right brain hemisphere
across di�erent sleep stages for healthy and PD subjects. Links of brain-
waves network interactions within the left/right hemisphere (Frontal-Central, Central-
Occipital and Frontal-Occipital) across di�erent sleep stages for healthy subjects
and Parkinson’s patients. Network nodes and links represent the seven fundamental
brain waves and network links represent physiologic interaction quanti�ed by TDS
method, as in Fig 7�1. Bar plots show (top panels) link number and (bottom panels)
links strength for (left panels) average links strength over all modules and (right
panels) each modules separately. Error bars represent standard error, horizontal
green lines in each panel mark the signi�cance threshold of links strength. as shown
by red guiding lines. A signi�cant increase in Parkinson’s networks is observed for
all sleep stages, especially for REM and DS.
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sleep-stage strati�cation pattern is observed for healthy subjects but less pronounced

for Parkinson’s patients, with denser and stronger interaction during wake and LS,

sparser and weaker interaction during REM and DS (with one-way ANOVA and MW

tests p � 0:018, except for the PD group comparing link numbers between wake vs

REM p = 0:445 and LS vs DS p = 0:216, as well as link strength between wake vs

REM p = 0:083), as shown by red guiding lines. Comparing to healthy subjects, a

signi�cant increase in Parkinson’s networks is observed in REM and DS (MW tests

p � 0:023). A rank order in the links strength and link number for the modules is

consistently observed for both left and right hemisphere sub-network, for healthy

and Parkinson’s subjects across sleep stages { strong frontal-frontal interactions,

intermediate central-central interactions and weak occipital-occipital interactions.

For across brain hemisphere sub-networks, we investigate horizontal links (Frontal-

Frontal, Central-Central and Occipital-Occipital) and diagonal links (Frontal-Central,

Central-Occipital and Frontal-Occipital) sub-networks for both healthy and PD sub-

jects (Fig. 7�3). In the horizontal sub-networks, signi�cant shift up in Parkinson’s

networks for the occipital module is observed (MW tests p < 0:007, except for link

number in DS p = 0:277). A rank order in the links strength and link number

for the modules is consistently observed for healthy subjects across sleep stages {

strong frontal-frontal interactions, intermediate central-central interactions and weak

occipital-occipital interactions (Fig. 7�3a). The links strength and link number of the

modules for Parkinson’s patients networks maintain the same rank order as healthy

networks for wake and DS, while show inversed rank order for REM and DS compared

to healthy networks due to the dramatically increased occipital-occipital interaction.

In the modules of diagonal links of brain-waves network interactions, a rank order is

also consistently observed for both group of patients across sleep stages (Fig. 7�3b) {

strong frontal-central interaction, intermediate central-occipital interaction and weak
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Figure 7�3: Spatially distributed sub-networks and modules of brain-
waves interactions across brain hemispheres across sleep stages for
healthy and PD subjects. (a) Modules of horizontal (Frontal-Frontal, Central-
Central and Occipital-Occipital) links of brain-waves network interactions. Network
nodes and links represent the seven fundamental brain waves and network links
represent physiologic interaction quanti�ed by TDS method, as in Fig 7�1. Bar plots
show (left panels) link number and links strength over the three horizontal interaction
modules across sleep stages and (right panels) link number and links strength for
each modules for both healthy subjects and Parkinson’s patients, similar as Fig 7�2.
Link number includes only links shown in the network plots. (b) Modules of diagonal
(Frontal-Central, Central-Occipital and Frontal-Occipital) links of brain-waves net-
work interactions. The general sleep-stage strati�cation pattern is observed in both
sub-networks for healthy subjects but less pronounced for Parkinson’s patients, with
denser and stronger interaction during wake and LS, sparser and weaker interaction
during REM and DS, as shown by red guiding lines. Error bars represent standard
error, horizontal green lines in each panel mark the signi�cance threshold of links
strength.
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central-occipital interaction { with a signi�cant increase for Parkinson’s networks

(MW tests p � 0:033, except for the average link strength during LS p = 0:169).

The general sleep-stage strati�cation pattern is again observed in both horizon-

tal and diagonal brain sub-networks for healthy subjects but less pronounced for

Parkinson’s patients (Fig. 7�3), with denser and stronger interaction during wake and

LS, sparser and weaker interaction during REM and DS (in horizontal sub-netowkrs,

one-way ANOVA and MW tests p � 0:012, except for the PD group comparing link

numbers between wake vs REM p = 0:825, LS vs DS p = 0:057 and comparing average

link strength between wake vs REM p = 0:219; in diagnal sub-networks, one-way

ANOVA and MW tests p � 0:001, except for the PD group comparing between wake

vs REM link numbers p = 0:921 and link strength p = 0:118).

7.3.2 Brain-organs interactions

We next investigate the communication between brain rhythms and di�erent peripheral

organ systems. We study �ve key organ systems (heart, lungs, chin, eye and leg), and

show detailed radar plot (see method) and average link strength pro�le between each

brain rhythm and heart/leg for both healthy and PD subjects across all sleep stages.

Networks of brain-organ interactions reorganize with transition from one sleep stage

to another following a common pattern for both healthy and PD subjects (Fig. 7�4a,b)

{ strong interactions during wake and LS (larger hexagons) and weaker for REM

and DS (smaller hexagons). In contrast to signi�cant increase in link strength in

brain-rhythm networks for PD patients during REM and DS, instead, the overall

links strength for both brain-heart and brain-leg interactions shows signi�cant decline

(> 30%) for wake and LS (pairwise MW tests p � 0:002), leading to a less pronounced

sleep-stage strati�cation pattern (one-way ANOVA tests give p � 10�21 for healthy

subject, p � 10�2 for PD subject). Di�erent from the over expression in brain-brain

interaction networks, PD mainly weakens brain-organ interactions indicating that PD
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Figure 7�4: Brain-heart and brain-leg interaction networks for healthy
subjects and Parkinson’s patients across di�erent sleep stages. Networks
of (a) brain-heart and (b) brain-leg interactions for healthy subjects and Parkinson’s
patients. Brain areas are represented by Frontal (Fp1/F3 and Fp2/F4), Central (C3
and C4) and Occipital (O1 and O2) EEG channels. Network nodes with di�erent
colors represent seven brain waves (�, �, �, �, �, 
1, and 
2) in the spectral power
of each EEG channel. Network links between the heart and leg and EEG frequency
nodes at di�erent locations are quanti�ed by the TDS measure; links color matches
the brain waves and links strength is illustrated by line thickness. Shown are all
links above the signi�cance threshold %TDS � 0:025 based on a surrogate test.
The length of each segment along each radius in the radar-charts represents TDS
coupling strength between the organ (heart/leg) and a speci�c wave. (c) and (d)
Pro�les of links strength for brain-heart and brain-leg network for both healthy and
PD subjects across sleep stages. Each bar in the panels represents the strength
of an individual brain-organ link through a speci�c brain wave from the C4 brain
area averaged over all subjects in each group. Error bars represent standard error,
horizontal green lines in each panel mark the signi�cance threshold of links strength.
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may a�ect di�erently in di�erent parts of human physiologic interaction network.

Meanwhile, di�erent frequency pro�les are observed for each sleep stage superposed

by the sleep-stage strati�cation for healthy subjects (Fig. 7�4c,d). PD pro�les show

more homogeneous 
at pro�les compared with healthy pro�les, indicating that PD

perturbs the network interaction between brain and heart/leg. Meanwhile, the overall

links strength for both brain-heart and brain-leg interactions shows signi�cant decline

(> 30%) for wake and LS (pairwise MW tests p � 0:002) , leading to a less pronounced

sleep-stage strati�cation pattern (one-way ANOVA tests give p � 10�21 for healthy

subject, p � 10�2 for PD subject). Di�erent from the over expression in brain-brain

interaction networks, PD mainly weakens brain-organ interactions indicating that PD

may a�ect di�erently in di�erent parts of human physiologic interaction network.

Overall, the network interactions between brain and all the �ve key organs exhibit

clear network reorganizations across sleep stages for healthy subjects, with strong

interactions during wake and LS, weak interactions during REM and DS (Fig. 7�5).

Yet a signi�cant decline is also observed for wake and LS comparing healthy and PD

group (pairwise MW tests p � 0:05, except for chin and wake of eye with p � 0:1),

which makes the sleep-stage network reorganization for PD subjects becomes not as

dramatic as healthy subjects (one-way ANOVA tests give p � 10�21 for healthy subject,

p � 10�2 for PD subject), as we observed in brain-rhythm network interactions.

7.3.3 Organ-organ interactions

Finally, we �nd that the reorganization in network of physiologic interactions among

key organ systems across sleep stages occurs simultaneously and in parallel to brain-

organs interactions { stronger coupling between organs and the brain (larger size of

organ nodes in the maps in Fig 7�6) during wake and LS is paralleled by stronger

links of organ-organ networks; in contrast to REM and DS where weaker brain-organs

interactions are paralleled by weaker organ-organ interactions. In addition, a decline
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Brain-Organs Network Interactions
b

Healthy

Figure 7�5: Networks of physiologic interactions between brain areas
and key organ systems during di�erent physiologic states for healthy and
PD subjects. (a) Networks of interactions between six brain areas (Frontal Fp1/F3
and Fp2/F4, Central C3 and C4, Occipital O1 and O2) and �ve key organ systems
(heart, lungs, chin, eye and leg). The Color of network nodes representing brain
corresponds to the seven brain waves (�, �, �, �, �, 
1, and 
2). The size of each
organ node in the network is proportional to the strength of the overall brain-organ
interaction as measured by the summation of the TDS links strength for all frequency
bands and EEG channel locations. The color of organ nodes represents the dominant
frequency band in the coupling of the organ system with the brain. The width and
color of each link re
ects the strength of dynamic coupling as measured by %TDS:
strong links with %TDS � 0:25 (thick magenta lines); intermediately links with
0:1 � %TDS � 0:25 (thick blue lines); and weak links with %TDS � 0:1 (thin cyan
lines). (b) Bar plots for the average links strength between brain C4 channel and
each organ system. Error bars represent standard error, horizontal green lines in
each panel mark the signi�cance threshold of links strength.
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Organ-Organ Network Interactions

Healthy

Figure 7�6: Networks of physiologic interactions among key organ
systems and their reorganization across physiologic states and between
health and PD. (a) Interactions among organ systems are represented by weighted
undirected graphs, where links re
ect the strength of dynamic coupling as measured
by TDS. Darker and thicker links between organ systems correspond to stronger
interactions. Nodes representing individual organ are marked by di�erent color,
and the size of each organ node in the network is proportional to the strength
of the overall brain-organ interaction as measured by the summation of the links
strength for all brain waves and EEG channel locations. Hexagons and radar-charts
representing interactions between individual organs and the brain are obtained in the
same way as in Fig 7�4a, and are normalized to the same size. Color bar represents
di�erent physiologically relevant frequency bands in the EEG spectral power, and
is used for the radial segments in the radar-charts for the brain-organ interactions
shown in each hexagon. The contour line color of each organ hexagon corresponds
to the dominant frequency band in the coupling of the organ system with the brain
(over all brain areas) at a given physiological state. (b) Bar plots for links strength
of organ-organ networks. Left column panels show the average links strength for
each sleep stage and for healthy and PD organ-organ interaction networks.

in the coupling strength for wake and LS is also observed for PD organ-organ networks.

A decline in the average links strength is consistently observed for each sleep stage
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comparing healthy with PD subjects, especially for wake and LS (> 30%) (Fig 7�6b).

Our results show that, comparing healthy and PD subjects, the pro�les of links

strength pro�les for organ-organ interaction networks present a decline in the links

strength, but to a certain extend keep the pro�le shape. Di�erent from the brain-brain

interactions but similar to the brain-organ interactions, PD perturbs the organ-organ

network mainly by weakening the coupling strength, indicating that PD may cause

a dis-balance in the human physiologic network interactions and may weaken the

interaction between brain and other parts of the human body.

7.3.4 Networks of cortico-muscular interactions

Brain-muscle network and its reorganization with Parkinson’s across sleep

stages

We study the brain-muscle network interactions and their reorganization across four

major physiologic states - Wake, REM, LS and DS, and investigate how the networks

are a�ected by PD. We consider brain activities from six major cortical areas (frontal

left{Fp1/F3, frontal right{Fp2/F4, central left{C3, central right{C4, occipital left{O1,

and occipital right{O2), leg muscle tone and chin muscle tone, simultaneously recorded

over night-sleep using EEG and EMG (Methods Section 7.2.1). Recorded signals at

each brain and peripheral muscle location are decomposed into seven physiologically

relevant frequency bands | �, �, �, �, �, 
1, and 
2 | in order to understand

the frequency-dependent brain-muscle cross-talk and identify speci�c communication

pathways for each physiologic state. Thus, each location can be represented by

seven network nodes, which dynamically interact with nodes from di�erent locations.

Moreover, we are interested in understanding how the brain-muscle communication

networks reorganize with PD.

To better visualize and dissect the information provided by the TDS method,

we next map the obtained TDS calculations into a network format, of which nodes
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and links represent the brain EEG and leg muscle EMG frequency bands and their

pair-wise coupling (Fig. 7�7). Nodes corresponding to EEG frequency bands in a

speci�c scalp location form a heptagon. Six heptagons, each for one EEG channel,

are located at the vertices of a hexagon representing the brain. Network nodes with

di�erent colors represent di�erent cortical rhythms and leg EMG frequency bands.

Network links show the interactions of cortical rhythms and leg EMG bands with

thickness representing coupling strength and link color corresponding to the involved

cortical rhythm (Fig. 7�7).

We observe that the cortico-muscular network reorganizes across physiologic states.

Speci�cally, for healthy subjects (left networks) the network is denser and exhibits

stronger links during Wake and LS, and weaker during REM and DS, while PD

networks (right networks) show a gradual decline in link strength from Wake to

DS. Overall the PD networks are less dense compared to healthy across all sleep

stages with exception for REM. The complex reorganization in the communication

network is marked by the emergence of cortical rhythms and EMG frequency bands

as main mediators of the brain-muscle interaction. The strongest links correspond to

interactions mediated by the high frequency cortical rhythms, and in particular 
2

(red links), indicating their prominent role in brain-muscle communication across all

sleep stages and more clearly for healthy than for PD (Fig. 7�7).

Similarly, we map the previously obtained TDS calculations into networks of which

nodes and links represent the brain EEG and chin muscle EMG frequency bands

and their pair-wise coupling in order to clearly visualize the information provided

by the TDS method (Fig. 7�8). The cortico-muscular networks reorganize across

sleep stages. Speci�cally, for healthy subjects (left networks) the network follows the

up-down-up-down pattern observed in healthy brain-leg networks, while PD networks

(right networks), as brain-leg interactions, exhibit a gradual decline in link strength
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Network of Brain-Leg Interactions
Healthy Group �3�D�U�N�L�Q�V�R�Q�¶�V��Group

Figure 7�7: Brain-Leg interactions networks

from Wake to DS. Overall, the di�erences between PD and control subjects are less

pronounced in brain-chin interactions than brain-leg (Fig. 7�7). The dynamic networks

of interactions are marked in each sleep stage by the emergence of speci�c cortical
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rhythms and chin EMG frequency bands as main mediators of the brain-muscle

interaction. In both healthy and PD networks the strongest links correspond to

interactions mediated by the high frequency cortical rhythms, and in particular 
1

and 
2 (orange and red thick links) across all sleep stages. In addition, low frequency

cortical rhythms �, �, � (dark and light blue thick links) involve strong interactions

during REM for healthy and during DS for PD subjects (Fig. 7�8).

The reorganization of brain-muscle interaction networks across di�erent sleep stages

shows that di�erent links strength, particular cortical rhythms and EMG frequency

bands as main mediators in brain-muscle communication (i) uniquely de�ne each

physiologic state, associating a speci�c network structure to a given sleep stage, and

(ii) allow us to discriminate between physiologic and Parkinson’s conditions.

Coarse-grained interaction networks of cortical rhythms with integrated

muscle tone: Parkinson’s vs Healthy

In order to better visualize the information present in the coarse-grained TDS in-

teraction networks, we show the derived brain-to-leg networks (Fig. 7�9 A). PD

interaction networks clearly show an overall decrease in link strength compared to

healthy (general smaller size of the leg hexagon in PD networks). Observing in more

details the dynamic change of the radar-chart size and structure across sleep stages, we

note di�erent patterns for healthy and PD subjects. The brain-to-muscles interaction

for healthy subjects clearly show the dominant role of high frequency cortical rhythms

across all sleep stages, while in PD subjects the role of main mediators in brain-leg

networks interactions is equally played by high frequency cortical rhythms (
1 and


2 brain waves) as well as � brain wave. Brain-to-leg interaction networks (Fig. 7�9

A) exhibit a general symmetry between left and right brain hemisphere and among

di�erent cortical locations across all sleep stages for both healthy and PD subjects.

A certain dominance in the brain-muscle cross-talk is observed in healthy subjects
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Network of Brain-Chin Interactions
Healthy Group �3�D�U�N�L�Q�V�R�Q�¶�V��Group

Figure 7�8: Brain-Chin interactions networks

during LS for frontal and central cortical areas, and for PD subjects during DS for

frontal and central left brain areas, as indicated by the radar chart inside the leg

hexagon and by the histogram (Fig. 7�9 B).
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Coarse-Grained Interactions Network
Cortical Rhtyhms across Brain Areas with Leg Muscle Tone
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Figure 7�9: Interaction Networks: Leg vs Brain Waves



142

The e�ect of Parkinson’s on cortico-muscular networks across sleep stages can

follows two possible scenarios: (i) PD a�ects the links strength homogenously across

brain waves, or (ii) PD a�ects the brain-muscle communication in a complex way,

preferring certain cortical rhythms more than others, i.e. a�ecting the link strength of

interactions involving particular brain waves more than others. In order to understand

how PD changes the cortico-muscular networks structure, we study the characteristic

network links strength pro�le of interactions between individual cortical rhythms at

a given brain location and integrated leg EMG activity (Fig. 7�10) for healthy (left

panels) and PD subjects (right panels) across di�erent sleep stages. The change in sleep-

stage strati�cation pattern with PD, already observed in the previous �gures, is now

investigated in more details: (i) the percentage of increase/decrease in link strength is

correspondingly given for each brain location, (ii) the particular change in link strength

for each interaction involving individual cortical rhythms and integrated leg muscle

tone activity is now presented. During Wake almost all brain locations exhibit the same

decline 20%�25% in link strength, while during LS frontal F3/F4 EEG locations show

the highest decrease 35%� 40% in left (Fig. 7�10A) and right (Fig. 7�10B) hemisphere

respectively; central C3/C4 medium decrease, 35% both hemispheres; occipital O1/O2

smallest decrease, 30% both hemispheres. Di�erently, during DS the percentage of

decrease across di�erent brain locations follows the opposite pattern: smallest decrease

for frontal 15% � 35%, medium for central 25% � 40%, and highest for occipital

35%� 45% (left and right hemisphere). The right hemisphere is overall more a�ected

by Parkinson’s in the breakdown of link strength of brain-leg muscle interactions. The

moderate increase in link strength in PD compared to healthy during REM follows

opposite patterns across brain locations in left and right hemisphere: central left

C3 EEG location registers the smallest increase in link strength 5% compared to F3

and O1, while the right central C4 exhibit the highest increase 15% compared to F4
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and O2. A Wilcoxon test for pairwise comparisons between links strength average

in healthy and PD for each left brain location and each sleep stage (Fig. 7�10A)

shows a statistically signi�cant di�erence during Wake, REM and LS (p � 0:0272),

and borderline signi�cant di�erence during DS (p=0.0848). Similarly, for the right

hemisphere (Fig. 7�10B) the pairwise comparisons test between healthy and PD shows

a statistically signi�cant di�erence during Wake, REM and LS (p � 0:0299), and

borderline signi�cant di�erence during DS (p=0.1210). The analysis of the brain-to-leg

network shows that the frequency pro�le of network links remains stable for all brain

areas (frontal, central and occipital) in the left and right hemispheres in a given sleep

stage for both healthy and PD subjects. However, the pro�le dramatically changes

with Parkinson’s, providing new information on the e�ect of PD on individual cortical

rhythms interactions: not only PD causes a general change in link strength (increase

during REM and decrease during Wake and NREM sleep stages), but also it a�ects

the di�erent cortical rhythms in a di�erent way, altering the frequency pro�le observed

in physiologic conditions. Healthy brain-to-leg interactions pro�le is characterized

by strongest links for the high-frequency bands 
1 and 
2 and a gradual decrease in

links strength for the lower-frequency bands �; �; �; � followed by a slight kink up

in link strength for the � band. This characteristic pro�le is very marked during

Wake, and gradually 
attens during REM, LS and DS, keeping though the general

shape. The frequency pro�le in PD is similar but not identical. The role of main

mediators in brain-leg interactions played for healthy subjects by high-frequency bands,

is here shared, during Wake, and almost overtaken, during REM, LS and DS, by the

lowest frequency band �. Moreover, the ratio between the link strength of interactions

involving high-frequency cortical rhythms and medium-frequency cortical rhythms is

lower for PD than for healthy. The change in the frequency pro�le during Wake, LS

and DS, sleep stages that register a decrease in link strength, is due to a main e�ect
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of PD on high-frequency bands 
1 and 
2, main mediators in brain-leg interactions

in physiologic conditions, while during REM, where an increase in link strength is

observed, PD mainly a�ects � band.

Healthy Group �3�D�U�N�L�Q�V�R�Q�¶�VGroup
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Figure 7�10: Frequency pro�le of brain waves in the interac-
tions with leg across sleep stages. Each bar group contains 7 bars,
representing the links strength of the interaction involving the leg muscle
tone and the corresponding brain wave

Our �ndings demonstrate the need to extend the traditional framework of under-

standing physiologic states to the complex ensemble of interactions of cortical rhythms

with muscle activation at large time scales. We �nd that in healthy conditions the
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network structure of cortico-muscular communications reorganizes across sleep stages,

and uniquely de�nes a given physiologic state. Moreover, for the �rst time we uncover

physiologic laws of regulation in muscle control in rest, during sleep, in absence of

targeted movements, and their collapse with Parkinson’s. The dramatic change of the

network reorganization pattern in the sleep-stage regulation is investigated in very

details, showing not only a general e�ect of PD on network links strength, but also a

complex mechanism that sees particular frequency bands as the main target of PD in

cortico-muscular communications and their reorganization across sleep stages.

Similarly to brain-leg interactions, the brain-to-muscle interaction for brain-chin

interactions are obtained by taking the average across chin EMG frequency bands, for

each cortical rhythm column for healthy (left panels) and PD subjects (right panels),

and the brain-to-chin networks (Fig. 7�11 A) are derived from these coarse-grained

interactions and summarized in the histogram in 7�11 B. The structure of the coarse-

grained interaction changes across physiologic states similarly to the reorganization in

brain-leg interaction networks. Healthy brain-chin networks exhibit an up-down-up-

down pattern, with stronger coupling during Wake, weaker during LS, and weakest

coupling during REM and DS, while PD networks follow an up-down-down-down

pattern, with a gradual decline in link strength from Wake to DS. The sleep-stage

strati�cation pattern is observed in details in the networks of Fig. 7�11 A (change in

hexagon size in the radar-charts) and in the di�erent bars height of the histogram in

Fig. 7�11 B.

The brain-to-muscles interaction for both healthy and PD subjects clearly show the

dominance of high frequency cortical rhythms across all sleep stages, demonstrating

that this general physiological law in chin muscle control is robust and invariant to

pathologic conditions. We �nd that PD e�ect on brain-chin interaction networks

is di�erent from brain-leg networks, demonstrating that the muscle control in both
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physiologic and pathologic conditions depends on the particular muscle group analyzed.

Our analysis of the brain-to-chin interaction network shows symmetric interaction of

chin with right and left brain hemisphere for all sleep stages (Fig. 7�11. Moreover, the

average link strength across di�erent brain areas exhibits a non-uniform pattern for

both healthy and PD subjects, with a prevalence in strength for the links between

chin and central areas (C3 and C4) during Wake for healthy, and frontal areas (Fp1

and Fp2) for healthy during REM and LS and (F3 and F4) for PD across all sleep

stages.

Further, we are interested to understand the complex mechanism of PD e�ect on

muscle control across the whole spectrum of di�erent cortical rhythms at di�erent

cortical areas. Therefore, we analyze the characteristic pro�le of network links strength

of interactions between individual cortical rhythms at a given brain location and

integrated chin EMG activity (Fig. 7�12) for healthy (left panels) and PD subjects

(right panels). Similarly to brain-leg interaction networks, Fig. 7�12 provides new

information not only on the sleep-stage reorganization of the cortico-muscular network

in healthy conditions, but also on the particular change of links strength with PD at

each brain area and for each cortical rhythm. Comparing the percentage decrease

of link strength with PD during LS and DS across cortical areas we note that the

two sleep stages exhibit di�erent pattern, but generally symmetric between left and

right hemispheres. Frontal F3 and central C3 left EEG locations show the highest

decrease 20% during LS, while the occipital O1 left EEG location the smallest decrease

15% (Fig. 7�12A); similarly, on the right hemisphere central C4 right EEG location

show the highest decrease 25%, and frontal F4 and occipital O2 the smallest decrease

20% (Fig. 7�12B). On the other hand, during DS both left and right hemispheres

show the opposite pattern across cortical areas: smallest decrease for frontal 5� 15%,

medium for central 5%� 25%, and highest for occipital 15%� 30% for left and right
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hemispheres respectively. The right hemisphere is overall more a�ected by Parkinson’s

in a breakdown of link strength of brain-chin muscle interactions, as for brain-leg

interactions. Regarding the increase in link strength during REM the frontal areas

F3 and F4 register the highest increase 15% � 10% for left and right hemispheres

respectively, compared to a milder increase in central areas 5% for both hemispheres

and occipital 15%� 5% (left and right hemispheres), following the pattern observed

during LS. Di�erently to the decrease in brain-chin link strength with PD during LS

and DS that a�ected more the right hemisphere, the increase in link strength during

REM is overall more present in the left hemisphere. A Wilcoxon test for pairwise

comparisons between links strength average in healthy and PD for each brain location

and each sleep stage shows a statistically signi�cant di�erence (p � 0:0260 for all

brain areas during REM and LS, with exception of O1 during LS p = 0:0939), and

borderline signi�cant di�erence during DS (p = 0:0980; p = 0:1220 and p = 0:4733 for

left hemisphere, and p = 0:1138; p = 0:1768 and p = 0:6136 for right hemisphere). We

�nd that for a given physiologic state, the frequency pro�le of brain-to-chin network

links remains stable for all brain areas (Frontal, Central and Occipital) in the left and

right hemisphere in a given sleep stage for both healthy and PD subjects. Di�erently

from brain-to-leg interactions network, the pro�le remains stable also with Parkinson’s,

exhibiting almost identical shape compared to healthy networks during all sleep stages

and across all brain areas. Similarly to brain-leg interactions healthy brain-to-chin

interactions pro�le is characterized by strongest links for the high-frequency bands 
1

and 
2 and a gradual decrease in links strength for the lower-frequency bands �; �; �; �

followed by a slight kink up in link strength for the � band. This characteristic pro�le

is very marked during Wake, and gradually 
attens during REM, LS and DS, keeping

though the general shape. The frequency pro�le in PD is almost identical, as mentioned

before, with the only di�erence that �-frequency brain wave interactions have generally
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the same link strength as for the medium-frequency brain waves interactions. We

note that Parkinson’s a�ects brain-chin interactions in a di�erent way compared to

brain-leg interactions.

Healthy Group �3�D�U�N�L�Q�V�R�Q�¶�VGroup
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Figure 7�12: Frequency pro�le of brain waves in the interac-
tions with chin across sleep stages. Each bar group contains 7
bars, representing the links strength of the interaction involving the
chin muscle tone and the corresponding brain wave

This is a further demonstration that, despite the general pattern of cortico-muscular

interaction networks and their reorganization across sleep stages are the same between

leg and chin muscle tone showing a certain universal behavior in muscle control in
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physiologic conditions, the e�ect of PD in brain-muscle cross-talk is related to the

di�erent role of di�erent muscle groups, and then, muscle �bers in cortico-muscular

communication.

Coarse-grained interaction networks of integrated brain activity at cortical

locations and muscle activation frequency bands: Parkinson’s vs Healthy

In order to better visualize and dissect the information provided by the TDS method,

we present our results in the corresponding leg-to-brain networks (Fig. 7�13) for

healthy (left networks) and PD subjects (right networks). PD interaction networks

clearly show the change in the sleep-stage strati�cation pattern and an overall decrease

in link strength compared to healthy (networks links thinner and almost absent in

DS). Our analysis of the leg-to-brain interaction network shows a uniform distribution

of links over cortical areas for both healthy and PD subjects, with exception of frontal

areas in healthy and frontal and central cortical areas in PD, which are involved in the

strongest interactions during REM. We note that during REM healthy networks show

strong interactions between frontal brain areas and 
2-leg EMG frequency band (thick

red links), while in PD subjects the strongest interactions during REM are engaged

by low-frequency EMG bands �; � and � (thick dark and light blue links). Similarly

to brain-to-leg interaction networks (Fig. 7�9), the leg-to-brain networks exhibit a

general symmetry between left and right hemispheres, with exception of PD during

DS, where left frontal and central cortical areas are involved in stronger interactions

compared to the other brain areas.

We found that PD a�ects the cortico-muscular networks and their reorganization

across sleep stages in a complex way preferring certain brain waves as the main target

in the brain-muscle communication. Therefore, we hypothesize that even the spectrum

of di�erent EMG frequency bands in PD networks will show an intricate mosaic of

e�ects on the individual links. To this aim, we next study the characteristic pro�le of
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Interaction Networks: Brain vs Leg Bands
Healthy

Figure 7�13: Interaction Networks: Brain vs Leg Bands.

network links strength of interactions between individual leg EMG frequency bands

and integrated cortical activity at a given brain location in left (Fig. 7�14A) and

right brain hemispheres (Fig. 7�14B) for healthy (left panels) and PD subjects (right

panels).

Di�erently from brain-to-leg interactions (Fig. 7�10), we do not observe dominant

links in the interactions of individual leg EMG bands with integrated cortical activity
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in all brain areas during all sleep stages for healthy subjects (left panels) in both left

(Fig. 7�10A) and right brain hemisphere (Fig. 7�10B). Alternatively, PD interactions

(right panels) show the slight dominance of low-frequency � and � leg-EMG bands for

the left hemisphere in the cortico-muscular communication during REM, LS and DS;

the frequency pro�le in the right hemisphere is similar, with the only di�erence that

during REM � leg-EMG band engages the strongest interactions.

Figure 7�14: Frequency pro�le of leg frequency bands in the
interactions with chin across sleep stages. Each bar group con-
tains 7 bars, representing the links strength of the interaction involving
a given brain area with the 7 frequency bands of leg EMG muscle tone
signal
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Similarly to leg-to-brain interaction, the chin-to-brain coarse-grained interactions

provide information on the relative contribution of each chin muscle EMG band in the

communication with di�erent brain areas for healthy and PD subjects. The change in

the sleep-stage strati�cation pattern with Parkinson’s is evident in the chin-to-brain

interaction networks (Fig. 7�15). Furthermore, the PD brain-chin interactions are

overall weaker compared to healthy across all sleep stages (sparser networks and

thinner links). In both healthy and PD brain-chin interactions the most interested

brain locations in the brain-muscle interactions are the frontal and central areas |

Fp1/F3, Fp2/F4, C3, and C4 | which are closer to the motor cortex (ticker links to

these brain areas in the networks). The chin-to-brain networks (Fig. 7�15) show a

general symmetry between left and right hemisphere, with exception of PD during DS,

where the left hemisphere is involved in stronger links than the right hemisphere, and

a uniform distribution across di�erent cortical areas, with exception for frontal and

central EEG locations which are involved in the strongest interactions during REM

and LS in healthy conditions. Speci�cally, during REM and LS the main mediators of

the brain-muscle cross-talk are lowest frequencies � and � and highest frequencies 
2

chin EMG bands (thicker blue and red links). Di�erently from leg-to-brain interaction

networks, the dominant role of certain chin EMG frequency bands is observed for both

healthy and PD subjects, characterizing the chin muscle group and di�erentiating it

from the leg muscle group. In healthy subjects during REM low-frequency � and �

chin EMG bands exhibit stronger TDS coupling (marked by warm colors) compared

to the other frequencies, while during LS the role of main mediator in the brain-chin

interactions is shared with high-frequency 
1 and 
2 chin EMG bands. Di�erently, in

PD subjects high frequency �, 
1 and 
2 chin EMG bands are the main mediators

in the brain-chin interactions across all sleep stages. This is a demonstration that a

change in the network structure not only characterizes speci�c physiologic states, but
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also allows us to discriminate between physiologic and pathologic conditions.

InteractionNetworks: Brain vs Chin Bands
Healthy �3�D�U�N�L�Q�V�R�Q�¶�V

Figure 7�15: Interaction Networks: Brain vs Chin Bands.

Comparing pro�les of healthy cortico-muscular interactions for di�erent physiologic

states (Fig. 7�16), we discover that each state is characterized by a speci�c ensemble

of pro�les, universal for all subjects (error bars in the bar plots). During Wake, the

distribution of links strength across EMG frequency bands for all cortical areas is

uniform, with a corresponding nearly 
at frequency pro�le, while links corresponding
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Figure 7�16: Frequency pro�le of leg frequency bands in the
interactions with chin across sleep stages. Each bar group con-
tains 7 bars, representing the links strength of the interaction involving
a given brain area with the 7 frequency bands of leg EMG muscle tone
signal

to low-frequency � and � EMG bands become dominant during REM, sharing the

dominance role with high-frequency 
1 and 
2 during LS and DS. These pro�les speci�c

for a given physiologic state dramatically change with Parkinson’s, where a pro�le with

high-frequency as main mediators, followed by medium and then low-frequency EMG

bands { 
2; 
1; �; �; �; � and � { is consistently observed across all cortical areas and
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almost all sleep stage, with the only exception of DS, which presents a more uniform

distribution. This charactheristic let us conclude that, di�erently from the brain-to-

muscle interactions, where PD a�ects more the high-frequency cortical rhythms, in

the muscle-to-brain interactions the low-frequency EMG bands are the main target of

PD. Again, the whole spectrum of di�erent cortico-muscular interactions involving

di�erent frequency bands allows us to distinguish between one physiologic state to

another, and between healthy and pathologic conditions.

The interaction pro�les result from short scale synchronous modulation in brain

waves and EMG amplitudes. The observed pro�les of brain waves and EMG interac-

tions indicate a hierarchical reorganization of the entire brain-muscle communication

network with transition across physiologic states. Furthermore, the change with

Parkinson’s in network structure and frequency pro�les across sleep stages, and the

di�erent patterns observed in the brain control of two di�erent muscle groups can

serve as a biomarker to diagnose the disorder in early course.

7.4 Discussion

We show that in the framework Network Physiology (Bashan et al., 2012; Ivanov

and Bartsch, 2014), the concept of time delay stability and the TDS method can be

successfully employed to quantify the coupling and network interactions of systems

with complex time-varying and diverse dynamics. Utilizing continuous recording

during sleep from healthy subjects, we demonstrate that each sleep stage is uniquely

characterized by a network of physiologic interactions across scales in the human

organism { from coupling among brain rhythms within and across cortical locations

to networks of organ interactions. We �nd that with the transition from one state

to another, physiologic network structure undergoes a consistent reorganization that

occurs across scales.
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However, The sleep-stage strati�cation pattern, clearly individuated in healthy

subjects, becomes less dramatic in PD patients: the interactions signi�cantly increase

during REM and DS in the brain-rhythm networks and decrease during wake and DS

in the brain-organ and organ-organ networks, indicating that PD may a�ect di�erently

in distinct human physiologic interaction sub-networks. This study allows us to

understand basic physiological laws that characterizes the network communication

across sleep stages in healthy and PD subjects, but also discriminate a pathological

condition from a physiological situation, individuating fundamental changes in the

dynamical behavior of interactions networks across physiological states.

More importantly, mapping the cortico-muscular interactions across di�erent sleep

stages in healthy and pathologic conditions, we (i) uncover basic physiologic laws

of regulation speci�c for each physiologic state, and (ii) provide useful multi-level

biological markers for PD identi�able in the general change of coupling strength {

speci�cly for each sleep stage { and in the complex behavior across di�erent frequency

bands, which characterizes di�erent muscle groups. Our results demonstrate a strong

association between the network of coordinated cortico-muscular communications and

physiologic states, and o�ers new insights on cortico-muscular connectivity with PD,

that can be used to rigorously descriminate a pathologic from a physiologic condition.

The dynamical networks method and empirical �ndings provide new insights into

the mechanisms of autonomic regulation underlying physiologic states. Thus, the

Network Physiology approach (Bartsch et al., 2015; Ivanov et al., 2016; Ivanov et al.,

2017), reveals fundamental new laws of physiologic regulation and can enhance our

understanding of how behaviors and functions emerge at the organism level out of

integrated network interaction among diverse systems.
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Chapter 8

Conclusion and Outlook

8.1 Summary

Our �ndings of scaling features for a full spectrum of dynamic characteristics in the

bursting activity of cortical rhythms strongly support the hypothesis of an underlying

critical dynamics for sleep regulation (Lo et al., 2004; Kadano�, 2000). In systems far

from equilibrium, emerging bursting activity described by power-laws and exhibiting

long-range spatio-temporal correlations has been proposed as an indication of self-

organized criticality (SOC) (Bak et al., 1988; Bak, 1996; Beggs and Plenz, 2003).

Consecutive bursts are separated by quiescence periods whose distribution depends

on the details of the system and generally exhibit an exponential tail (Lombardi

et al., 2012; Lombardi et al., 2014; Corral, 2004; de Arcangelis et al., 2006), and is an

exponential for the paradigmatic sandpile model of SOC (Bak et al., 1988; Bo�etta

et al., 1999). Thus, in systems exhibiting self-organized criticality power-law and

exponential dynamics for active and quiet states coexists, and emerge out of the

same regulatory mechanism. The robust duality of power-law (scale invariant) and

exponential-like distribution for the bursting dynamics of two brain rhythms is closely

reminiscent of this scenario, where scale-free �/�-bursts in cortical activity can be

seen as avalanches or earthquakes (Corral, 2004; Bak et al., 1988), while �-bursts can

be interpreted as the quiet periods between active states. Following the analogy with

SOC systems, we further demonstrated that the organization (occurrence in time)

of �/�-bursts is coupled with their durations, forming a scale-invariant structure for
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the quiet times between consecutive �/�-burst above a given duration described by a

universal Gamma distribution (also observed in earthquake dynamics (Corral, 2004)).

Moreover, we �nd the existence of anti-correlation between active and quiet states

in cortical bursting dynamics, and prove its necessity in generating the duality of

power-law and exponential-like behaviors in the brain by a designed phenomenological

model, leading to a new class of SOC systems.

Overall, our �ndings of cortical activations underlying sleep micro-architecture

exhibit critical dynamics would lay the foundation for a novel uni�ed framework of the

sleep-wake cycle, where sleep and arousals/wake, consolidated and transient states,

originate from the same fundamental principles and a common mechanism that bridge

collective behaviors across spatiotemporal scales, from neuronal assemblies to brain

rhythms and emerging physiologic states, as well as how such reorganization and

temporal dynamics in the brain would be a�ected by sleep disorders.

The current molecular techniques can not be used to study the above SOC-type

of bursting dynamics. Indeed, given a set of neuronal signaling interactions, as

determined by cellular biochemical experiments, only a certain network topology

can lead to the self-organization of any group of neurons needed to generate the

empirically observed SOC-type dynamics at the system level. Therefore, we also

investigate the network of interactions between physiological systems, and focus on the

topology and dynamics of this network and their relevance to physiological function.

We demonstrate that during a given physiological state, the physiological network is

characterized by a speci�c topology and coupling strength between systems. Further,

we show that coupling strength and network topology abruptly change in response

to transition from one physiological state to another. Such transitions is associated

with changes in the connectivity of speci�c network nodes, forming subnetworks of

physiological interactions. Probing physiological network connectivity and the stability
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of physiological coupling across physiological states provide new insights on integrated

physiological function.

In summary, We provide a general overview of the di�erences in brain dynamics

exhibited in Parkinson’s disease in sleep compared to healthy controls. It is crucial to

establish a system-wide perspective on physiological interactions, tracking multiple

components simultaneously, which is necessary to understand the relationship between

network topology and function under healthy conditions, and how they would be

a�ected by neuro-degenerative disorders. The presented here �ndings and visualization

maps are initial steps in building the �rst atlas of dynamic interactions among organ

systems.

8.2 Future Directions

The investigations we propose here aim to validate SOC as a new paradigm of sleep

regulation, and to identify principles of neuronal network architecture that would

account for the SOC-type dynamics in arousal and sleep-stage transitions. How non-

equilibrium arousal 
uctuations and SOC in sleep dynamics emerge from collective

neuronal interactions is still not fully understand. The goal of our study is to continue

utilize the proposed research to identify the relative contribution that certain key

neuronal signaling pathways between sleep- and wake-promoting neurons may have in

the emergence of SOC patterns at the system level. Also, it would be instructive to

build neuronal models which create similar bursting dynamics that exhibit duality of

power-law and exponential-like behaviors, and therefore leads a deeper understanding

of the underlying mechanism generating SOC in the brain. Moreover, the existence

and speci�c exponent of power-law in the active bursting dynamics shed light on

developing a novel methods on prognosis and diagnosis sleep disorder diseases.

As for the unique fundamental questions we address in Network Physiology, it
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will change the current paradigm of de�ning physiologic states, health and disease

by shifting the focus from single organs to the network of physiologic interactions.

Investigations in the �eld will help unravel the mystery of how health emerges as a

result of network interactions among systems. Coordinated interdisciplinary research

e�orts in the �eld will establish basic principles of organ integration essential to

generate emergent behaviors at the organism level, and to facilitate responses and

adaptation to internal and external perturbations, and thus, will rede�ne physiological

states and functions in health and disease through unique network maps of physiologic

interactions.

Novel mathematical and computational methods will be developed to address the

complexity of physiological systems, to facilitate empirical �ndings of physiological

interactions, and to build the �rst theoretical framework for investigations of emerging

global behaviors in networks of dynamical systems. This will directly impact areas of

applied math, computer and data science, and network theory as 1) we develop new

techniques for physiological data analyses, and 2) introduce new generation network

models of dynamical systems with time-dependent interactions to uncover mechanisms

of hierarchical integration, global network evolution across states and re-organization

between distinct network modules, motifs, and communities of integrated physiological

systems and sub-systems.

Future developments in Network Physiology will revolutionize our knowledge and

understanding of the mechanisms that regulate and coordinate organ-to-organ interac-

tions; establish �rst quantitative measures of the interactions between diverse organ

systems and of their collective network behavior; uncover relations between physiologic

states and patterns of organ network interactions; establish the hierarchical structure

of physiological networks, the mechanism of network control and re-organization with

states, conditions and disease; and thereby open entirely new areas of research at the
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interface of computational and data science, applied mathematics and physics, AI and

bioengineering, physiology and medicine.
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