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Å 20 seconds  of EEG recording on Fz during slow wave sleep (N2):

Å Firsts seconds of the 1st concerto de Rackmaninoff:
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Spectral densities of intracranial 
(and scalp Cz) recordings from 
healthy brain regions of  patients 
with epilepsy, during sleep.   

JM Lina and K. Jerbi, unpublished, 2015; B. He et al., Neuron66(3), 2010
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In general, we observe a linear relationship 
in log-log i.e. 
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The general question of this talk: Can we 
disentangle the rhythmic narrow band 
processes from this ubiquitous large band 
scale-free background?
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sleep stage, from wake to 
deep sleep (N2, N3) and 
paradoxical sleep (REM)   
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Long-range 
dependencies

The multifractal sleep hypnogram ( ‍ ςὌ ρ ) 

Time (hours)

Cycle 1 Cycle 2 Cycle 3

WAKE

JM Lina and K. Jerbi, unpublished, 2015;  V. Latreille, J. Cobinet al., Oscillatoryand nonoscillatorySleepEEG biomarkersΧΣEpilepsia, 2019

Hurst exponent

Dispersion of Ὄȡ
multifractality

The multifractal formalism 
permits to analyze the scale 
invariance in a robust 
statistical way, througth a 
collection of scaling exponents

No dispersion (pure scale-free or monofractal)
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WT: wild-type mice
KO: Nlgn1 knockout mice 
neuroligin are postsynaptic adhesion molecules  interacting with 
presynaptic partners and regulating synaptic activity. Molecule Involved 
in mechanisms mediating synchronized neuronal activity  

Clock&Sleep, 2019

Anterior

Posteriorr

(ref)

light light
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PLOS One, 2015

Interictal periods of time are
periods between and far from
the seizure (postictal)

Preictal periods of time are
periods just before the seizure
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SOZ: Seizure onset zone (in red)
IZ: Irritative zone (orange)
NZ: Normal zone (green)

Relative Ratio: 

A ratio closer to 0 reflects less 
variability between N2 and N3 
sleep

8
Epilepsia, 2025



The Ὄ exponent can help identify abnormal non oscillatory brain activity 
in good outcome patients (Engel score) :

Resected channels
 (circled)

SOZ: Seizure onset zone (in red)
IZ: Irritative zone (orange)
NZ: Normal zone (green)
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In the good outcome patients, most of 
the SOZ channels that were also 
resected ŘƛǎǇƭŀȅŜŘ ŀƴ ΨŀōƴƻǊƳŀƭΩ 
exponent (low N3/N2 ratio), whereas 
most of the NZ channels showed 
ΨƴƻǊƳŀƭΩ Ὄ values.

9
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Rhythmic activity

Arrhythmic 
activity
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Spectroscopy of EEG Recordings
The rhythms of the sleeping brain revisited

Outline of this talk:
1. The Spectral Density revisited
2. ¢ƘŜ  ΩYƛŘǎ ŎƻƘƻǊǘΩ όŜȄŀƳǇƭŜύ
3. The Wavelet-Ὑὲὄ algorithm
4. w-Ὑὲὄ and iEEG sleep recordings
5. Rhythmic Sleep Slow Waves
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1. The spectral density revisited

ὦὬὸͯ Ὤὦὸaccounting for the time scale invariant part of the signal:

The rhythmicpart, non invariant w.r.t. rescaling

The time scale transformation is the fundamental symmetry present in electrophysiology. It makes it 
possible to distinguish the processes by their characteristic properties related to a particular scale (for 
example, the period of a slow wave oscillation) or of the absence of specific scale (for example, the 
fractals). Electrophysiology presents these two types of processes that we should try to disentangle.

ίὸ ᴼ ί ὸ ίὬὸ Ὤ πḊ
Ὤ ρȡὨὭὰὥὸὭέὲ
Ὤ ρȡὧέὲὸὶὥὧὸὭέὲ

Accordingly, for any signal, we assume  a spectral density of the following form: 

R. Bodizset al., Scient. Reports, 2021
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ϳ
ὗ Ὢ isan unbiasedestimateof the fractal power 
spectrumat a rhythmicfrequency(Ὢ Ὢ) as well at 
the other frequenciesexcept ϳὪ Ὤand  ὬὪ.

(geometricaverage)
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Scalingtransform(Ὤ): Scaling transform(Ὤ ):

H. Wen and Z. Liu, Brain Topography29(1), 2016

H. Wen and Z. Liu, Separating Fractal and Oscillatory components in the Power Spectrum of Neurophysiological Signal, Brain Topogr., 2016
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ὗ Ὢ ɜ Ὢ ɜ Ὢ (geometricaverage)
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Scalingtransform(Ὤ): Scaling transform(Ὤ ):
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Let us definea collection of (reachable) scales:
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ὗ Ὢ isan unbiasedestimateof the fractal power 
spectrumat a rhythmicfrequency(Ὢ Ὢ) as well at 
the other frequenciesexcept ϳὪ Ὤand  ὬὪ.

Spectral filter (IRASA Algo):

H. Wen and Z. Liu, Separating Fractal and Oscillatory components in the Power Spectrum of Neurophysiological Signal, Brain Topogr., 2016
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Simulation of scale-free times series(200 epochs, ‍ͯ ὔρȢχȟπȢς)

Å Fourier time serieswith randomphase and ϳρὪϳ amplitude.
ÅWavelet-basedtime serieswith ϳ‍ςscalingexponent
P. Abryand F. Sellan, ACHA 3(4), 1996
Y. Meyer et al., J. Fourier Anal. 5(5), 1999
V. Pipiras, ACHA 19, 2005 

¢ƘŜ ΨrhythmicfactorΩ Ὡ
ᶻ

isestimatedfrom eachtimes series
(epoch), with 64 rescalingeachtime 

and further averagedacrossthe time seriesto providethe final 

Ψrhythmicfactor Ὡ
ᶻ
Ω όŀ ²ŜƭǎŎƘ-like approach).

For eachepoch, a IterativeReweightedLeast Square (IRLS)  
regressionon ὗᶻὪͯ gives  an estimate‍ᶻ

Ὡ
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ɜὪ
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Addition of an oscillation (neural mass model):
Å No impact on the scalingexponent
Å¢ƘŜ ΨrhythmicŦŀŎǘƻǊΩ reproducesthe 

spectral peakof the oscillation.
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Å 35 children
Å Age : ωȢφσώχȢπ ρσ
Å Total sleeptime: υυυȢσάὲστρφφςȢπ

Å N1: ρρȢχϷτȢω σπȢψ
Å N2: 47.5%  [30.1 ς55.9]
Å N3: 24.4%  [13.4 ς35.3]
Å REM: 21.8%. [12.3 ς28.9]

We consider artefact free epochs (30 
seconds) of each night recording. The 
total NREM duration is then subdivided 
ƛƴ с ƛƴǘŜǊǾŀƭǎ όΨblocsΩύ ƻŦ Ŝǉǳŀƭ 
duration. The number of epochs in 
each bloc is not constant.

This figure show the real time 
distribution of the epochs, accordingly 
with the bloc they belong to.

In the present study: We merge N2 
and N3 and we consider C4

!Φ wŜȅΣ Wa[Σ WΦ /ŀǊǊƛŜǊΣ Χ {Φ aŀȊȊŀΣ Sleep characteristicsof childrenwith high intelectualǉǳƻǘƛŜƴǘ ΧΣ ƛƴ revision, 2025

2. The ócohort Kidsô (coll. Lyonô2022)

(onset)

(awake)
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The long-ǊŀƴƎŜ ŘŜǇŜƴŘŜƴŎƛŜǎ ό[w5ύ ŘŜŎǊŜŀǎŜ Χ

The s - ǇŜŀƪ ƛƴŎǊŜŀǎŜǎ Χ όǎǇƛƴŘƭŜΩǎ ŘŜƴǎƛǘȅ ƛƴŎǊŜŀǎŜǎ Χ ύ

Å Spectral evolution of rhythms: Weuse the approachthat allowsus to separatethe rhythmic spectral power (top line) 
from the arrhythmic component characterizedby the exponent‍=2Ὄ+1 of the spectrumin 1/Ὢ(distribution of Ὄin 
the graphs of the bottom line)
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3. The óRnBô algorithm
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For a predominantly low pass function Ὢ, the wavelet coefficient

Ὢȟ‪ ς ϳ Ὀ ὪὯς

behaves like a generalized fractional derivative of order ‌ ρ at 
the point Ὧς.
Blu & Unser, A complete family of scaling functions: the †ȟ‌-

fractional splines, 2003.
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P. Abry, P. Goncalves and P. Flandrin, in Lecture 
Notes in Stat.103, 1995

Å First : a wavelet - based estimator of the spectral exponent of a ϳρὪprocess
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Synthesis

where,

áÐßÑØÔÈÏÌ
(sparsity)

whitening filter

normalisation

J. Dubé et al., Rhythmsans Background (RnB), BioRXiv, 2024

Analysis

ύȟ

ύᶻ
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Note: ‍ π gives the usual wavelet shrinkage denoising technique



Example: one scale- free time series + óNeural Massô oscillation: 

Fourier Spectrum

Fourier Spectrum
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J. Dubé et al., Rhythmsans Background (RnB), BioRXiv, 2024
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J. Dubé et al., Rhythmsans Background (RnB), eNeuron, 2026



4. Rhythms and 
Background (RnB) and 
iEEG Sleep Recordings
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w-RnB Algorithm

Wavelet based signal processing 
allowing an estimation of the ‍ 
exponent for each epoch AND a 
signal of the rhythmic activity

On the right: the spectroscopy of 
the NREMs
Å The (averaged) spectrum of 

the rhythmic signals
Å The distribution of the ♫Ωǎ

Here, we had
Å Ant. Cingulate: 
Å 821 epochs (NREM2); 
Å 809 epochs (NREM3)
Å Precuneus: 
Å 967 epochs (NREM2); 
Å 951 epochs (NREM3)
[ epochs of 4 seconds ]
 

(from Wikipedia)

(from Wikipedia)
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FOOOF (fitting Oscillations & One Over f) Algorithm: numerical tool to parametrize the neural power spectra.
B1 and B2: You see here the oscillatory part of this fit.

Ref: T. Donoghue et al., Parametrizing Neural Power spectral into periodic and aperiodic components, Nature 
neuroscience, 2020
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J. Dubé, M. Foti et al., Rhythms & Background (RnB): The spectroscopy of Sleep Recordings, eNeuron , 2026



SLEEP SLOW WAVES
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J. Dubé, M. Foti et al., Rhythms & Background (RnB): The spectroscopy of Sleep Recordings, eNeuron , 2026



SleepSlow  Wave
(hyperpolarizationphase)

SleepSlow Wave
(depolarization phase with spindle)

J.S. Boucher et al., unpublished, 2016

5. Sleep Slow Waves

On the scalp recording:

(up)

(up)

(up)

(up)(up)

(down)
(down)

(down)

(down)

(down)

(up)(down)
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Å NREM3: Detection of Slow Waves (óspectroscopy driven ô)

υȢυάὲ

υȢφάὲ

Epochs with SSW

Epochs without SSW
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J. Dubé, M. Foti et al., Rhythms & Background (RnB): The spectroscopy of Sleep Recordings, eNeuron , 2026



Å NREM3: Slow WaveôsôHyp . Ą Dep.ô Transition

υȢυάὲ

υȢφάὲ

Epochs with SSW

Epochs without SSW

†

†
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We defined* a transition frequency for each slow 
waves as the properties to transit between the 
hyperpolarization (down) state to the 
depolarization (up) state:

Ὢ
ρ

ς†

* M. Bouchard et al., Sleeping at the switch, eLife, 
2021; 
V. Botella-Soler et al., Large-Scale cortical dynamics of 
sleep slow waves, PLoS One, 2012  

J. Dubé, M. Foti et al., Rhythms & Background (RnB): The spectroscopy of Sleep Recordings, eNeuron , 2026



Rhythmic Switchers

32
J. Dubé, M. Foti et al., Rhythms & Background (RnB): The spectroscopy of Sleep Recordings, eNeuron (in revision), 2025

The rhythmic switchers (SSW) know 
something about the arrhythmic 
background



Weconsideredthe Amplitude-Phase couplingbetweenthe the SSW (phase) 
and the concomitant amplitude of the sigma band: 

ὖὃὅ

ᶰ

ὃ ὸὩFor each{{²Σ ŀ ΨcouplingΩ feature:

SSW ï sigma coupling
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J. Dubé, M. Foti et al., Rhythms & Background (RnB): The spectroscopy of Sleep Recordings, eNeuron (in revision), 2025



SSW ï sigma coupling

34
J. Dubé, M. Foti et al., Rhythms & Background (RnB): The spectroscopy of Sleep Recordings, eNeuron (in revision), 2025



Rhythmic SSW 
without theta 

burst

Rhythmic SSW 
with  theta burst

SSW ï sigma coupling

J. of Neuroscience, 2019
35


