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Sonja Gr̈un Rapporteur
Jean-Philippe Lachaux Rapporteur
Eric Halgren Examinateur
Michel Le Van Quyen Examinateur
Régis Lambert Pŕesident du Jury
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Preface

My training as both a medical doctor and a theoretical scientist has made me very aware of the
gap between diagnostic/therapeutic approaches to diseaseand the quantitative characterization
of biological network dynamics. It is my belief that to bridge this gap, practicing medicine will
and should be supplemented by automated adapting algorithms of combined anticipatory and
therapeutic devices. In keeping with this belief, after completing my medical training I joined
the Harvard/MIT Martinos center for Biomedical Imaging. Since then, I switched to pure re-
search to understand the fundamentals of how different parts of a biological system interact. At
Martinos and then UCSD Multimodal Imaging Lab (a joint venture between Departments of
Radiology and Neuroscience) and MGH Neurology department (Cortical Physiology Lab) un-
der the supervision of Eric Halgren, along with Syd Cash we adapted multimodal investigations
to study the sleep rhythms in healthy and epileptic patients. Together, we studied the electro-
magnetic signature of sleep graphoelements. We continued this line of work in intracranial
recordings from epileptic patients.

Subsequently, I joined Unité de Neurosciences, Information et Complexité (UNIC) at Centre
national de la recherche scientifique (CNRS), to earn a PhD intheoretical and computational
neuroscience under the supervision of Alain Destexhe. At CNRS, we adapted the physics of
electromagnetism toward the understanding of the spectralproperties of non-invasive large scale
neural activity measurements. In studying invasive ensemble recordings of neural spiking and
local field potentials from epileptic patients, we used concepts from statistical physics to assess
self organized criticality in neural tissue. In addition, we analyzed the network properties of
excitation and inhibition in micro-circuitry of the cerebral cortex in order to better understand
cortical spatiotemporal dynamics.

Throughout my independent studies, I have let the questionsdefine what I read and learn
next. The questions that interest me have always been out of the jurisdiction of the reductionist
view. I do believe this is a natural fruit of my initial training in medicine. It is my belief that for
better understanding a complex system, one needs to quantify its characteristics at many scales.
The body of work presented in this thesis, is driven by this belief. I hope to use this invaluable
experience in my future investigations.
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Summary

Analyzing brain function at multiple scales is a necessary step to understand its complexities.
In this thesis work, we tackled this issue at both macro and micro-scales using non-invasive
and invasive recordings. We have used a series of computational techniques and correlation
analyses to analyze recordings of the human brain activity during wakefulness and sleep.

In a first study, we analyzed simultaneous elecroencephalogram (EEG) and magnetoen-
cephalogram (MEG) recordings in awake human subjects. We showed theoretically that if the
medium is resistive, the frequency scaling of EEG and MEG signals should be the same at low
frequencies (<10 Hz). To test this prediction, we analyzed the spectrum of simultaneous EEG
and MEG measurements in four human subjects. In a given region, although the variability of
the frequency scaling exponent was higher for MEG compared to EEG, both signals consis-
tently scale with a different exponent. In some cases, the scaling was similar, but only when the
signal-to-noise ratio of the MEG was low. Several methods ofnoise correction for environmen-
tal and instrumental noise were tested, and they all increased the difference between EEG and
MEG scaling. We conclude that there is a significant difference in frequency scaling between
EEG and MEG, which can be explained if the extracellular medium (including other layers such
as dura matter and skull) is globally non-resistive. The resistive or non-resistive nature of the
extracellular space in the brain is an important determinant for correctly modeling extracellular
potentials.

In a second study, we analyzed the spatio-temporal dynamicsof excitation and inhibition
during human sleep from high-density intracranial recordings. We used high-density record-
ings obtained in epileptic patients and from unit recordings, we successfully separated between
RS neurons (regular or bursting cells) from fast-spiking (FS) cells. The high density of the
array allowing recording from large number of cells (up to 90) helped us to identify apparent
monosynaptic connections, which confirmed the excitatory and inhibitory nature of RS and FS
cells, thus categorized as putative pyramidal and interneurons, respectively. Using such a sep-
aration, we investigated the dynamics of correlations within each class. A marked exponential
decay with distance was observed in the case of excitatory but not for inhibitory cells. Thus,
our study provides, for a first time, insight on the interplayof excitation and inhibition in the
human neocortex.

13
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In a third study, we investigated dynamical signatures of complex dynamics, and self-
organized activity, from intracranial recordings in cat, monkey and humans. We compared
the collective dynamics of different in vivo preparations during wakefulness, slow-wave sleep
and REM sleep, in cat parietal cortex (96 electrodes), monkey motor cortex (64/96 electrodes)
and human temporal cortex (96 electrodes) in epileptic patients. In neuronal avalanches defined
from units (up to 152 single units), the size of avalanches never clearly scaled as power-law, but
rather scaled exponentially or displayed intermediate scaling. Avalanches defined from nLFPs
displayed power-law scaling in double logarithmic representations, as reported previously in
monkey. However, avalanche defined as positive LFP (pLFP) peaks, which are not related to
neuronal firing, also displayed apparent power-law scaling. Closer examination of this scaling
using the more severe cumulative distribution function (CDF) representation did not confirm
power-law scaling. The same pattern was seen for cats, monkey and human, as well as for
different brain states of wakefulness and sleep. We also tested other alternative distributions.
While simple exponentials yielded very good fits of the avalanche dynamics, the bi-exponential
distribution provided the best fit to the data. Collectively, these results show no clear evidence
for power-law scaling or self-organized critical states, at the level of spiking activity or local
field potential, in the awake and sleeping brain of mammals, from cat to man.

Finally, in an appendix, we provide preliminary results about the relations between excita-
tory and inhibitory cells with local field potentials in human sleep. The high-density intracranial
recordings described above (96-electrode array) were usedto analyze the differential firing of
RS and FS cells during different sleep stages, devoid of interictal activity. Up to 90 simultane-
ously recorded units (in Layer III), and 96 local field potential (LFP) recordings, provide a good
basis to characterize the dynamics of excitation and inhibition during different brain states. Dur-
ing slow-wave sleep (SWS, Stage III or IV), dominated by delta-wave activity, all neurons fired
according to Up and Down states, in relation to slow-waves complexes in the LFP, as described
previously. Both RS and FS cells were silent during the Down-states. During REM sleep and
wakefulness, both types of units fired according to very irregular patterns of discharge, while
the LFP or ECoG were desynchronized. In all states, FS cells fired significantly more than RS
cells (about 4 to 5 times on average). These results provide acharacterization of the different
roles of excitation and inhibition in the different wake andsleep states in humans.

In conclusion, we have used different measurement methods,from microscopic scale (single
unit activity), mesoscopic (LFP) and macroscopic (ECoG, EEG, MEG) to characterize wake
and sleep states in humans (as well as cat and monkey in one study). We conclude that the brain
follows complex dynamics at all scales. There is globally noevidence for self-organized critical
dynamics, but the brain activity manifests other signs of self-organization, such as large-scale
rhythmical activity and multiple exponential processes. We suggest that all results could be
explained by the interplay of excitation and inhibition. Weanticipate that coupled oscillator
network models of interacting excitation and inhibition should reproduce these findings, which
constitutes a challenge for future work.



Résuḿe

L’analyse de la fonction cérébrale à de multiples échelles est une étape nécessaire pour com-
prendre ses complexités. Dans ce travail de thèse, nous avons étudié cet aspect aux niveaux
microscopiques et macroscopiques en utilisant des enregistrements invasifs et non-invasifs.
Nous avons utilisé une série d’outils d’analyse computationnels et de corrélation pour étudier
l’activité cérébrale pendant l’éveil et le sommeil.

Dans une première étude, nous avons analysé les enregistrements simultanés d’électro-
encéphalogramme (EEG) et magnétoencéphalogramme (MEG) dans le cerveau de sujets éveillés.
Nous montrons théoriquement, que si le milieu est résistif, le comportement d’echelle en fré-
quence doit être le même pour les signaux EEG and MEG à basse fréquence (<10 Hz). Afin
de tester cette prédiction, nous avons analysé le spectred’enregistrements EEG et MEG simul-
tanés de quatre sujets humains. Le comportement d’échelle en fréquence de l’EEG montre des
variations cohérentes sur la surface du cerveau, avec des exposants en général compris entre
1/ f et 1/ f 2; ces exposants tendent à être plus faibles dans les régions temporales et pariétales.
Dans une région donnée, les exposants de la MEG ont une variabilité plus grande que pour
l’EEG, mais les deux signaux ont systématiquement un exposant différent. Dans certains cas,
les exposants sont proches, mais ces cas correspondent à unmauvais rapport signal/bruit pour la
MEG. Plusieurs méthodes de corrections du bruit instrumental et environmental ont été testées,
et dans tous les cas, ces méthodes augmentent la différence de comportement spectral entre
l’EEG et la MEG. En conclusion, il y a une différence significative de comportement déchelle
en fréquence entre EEG et MEG, ce qui peut être expliqué sile milieu extracellulaire (inclu-
ant d’autres couches telles que la dure-mère et le crâne) est globalement non-résistif. La na-
ture résistive ou non-résistive du milieu extracellulaire est un déterminant important pour la
modélisation des potentiels extracellulaires.

Au cours d’une seconde étude, nous avons analysé la dynamique spatio-temporelle de
l’excitation et de l’inhibition pendant le sommeil à partir d’enregistrements intra-crâniens à
haute densité. Ces enregistrements à haute densité permettent la séparation efficace entre cel-
lules “regular spiking” (RS) et “fast spiking” (FS). La haute densité des électrodes permet
d’obtenir des connections apparemment mono-synaptiques,et de corroborer cette séparation
RS-FS avec la nature excitatrice ou inhibitrice de la connection. Cette procédure confirme
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que les cellules classifiées comme FS sont toujours inhibitrices, alors que les RS sont toujours
excitatrices, et donc peuvent être classifiées respectivement comme cellules pyramidales ou in-
terneurones inhibiteurs. Finalement, nous investiguons la dynamique des corrélations au sein
de chaque classe de neurone. Les corrélations entre excitateurs montrent une décroissance ex-
ponentielle avec la distance, tandis que les cellules inhibitrices restent corrélées à plus grande
distance. L’amplitude des corrélations dépend de l’échelle temporelle du calcul de corrélation,
mais pas la constante spatiale. Cette constante est compatible avec la taille typique des col-
lonnes corticales chez l’homme. Ces résultats permettent, pour la première fois, de caractériser
l’activité neuronale et l’interaction entre excitation et inhibition dans le neocortex humain.

Dans une troisième étude, nous avons investigué les signatures de la dynamique complexe
et l’activité auto-organisée, à partir d’enregistrements intra-crâniens chez le chat, le singe et
l’homme. Nous utilisons des enregistrements à haute densité dans le cortex moteur du chat
(96 électrodes), le cortex moteur et prémoteur du singe etdans le cortex temporal humain (96
électrodes) de patients épileptiques. Lors d’avalanches définies à partir d’unités (jusqu’à 160
neurones), les distributions ne se comportent pas en loi de puissance, mais tendent a être expo-
nentielles ou intermédiaires. Nous analysons égalementles potentiels de champ (LFPs), et en
particulier les pics négatifs (nLFPs) au sein de l’ensemble délectrodes (de 96 a 128 sites, selon
la configuration d’enregistrement). Dans ce cas, les avalanches définies à partir des nLFPs peu-
vent se comporter en loi d’échelle, comme observé précédemment chez le singe. Cependant,
les avalanches définies à partir des pics positifs (pLFPs), qui ne sont pas directement reliées
aux décharges des neurones, ont le même comportement. Uneanalyse plus détaillée en utilisant
la représentation cumulée (CDF) ne confirme pas la présence de loi de puissance. Les mêmes
résultats s’appliquent au chat, au singe et aux enregistrements humains, pendant différents états
cérébraux d’éveil et de sommeil. Nous avons également testé des distributions alternatives, et
des processus multi-exponentiels semblent expliquer les distributions obtenues, de façon op-
timale pour des distributions bi-exponentielles. L’ensemble de ces résultats ne montrent pas
d’evidence de loi de puissance ou d’états critiques dans lecerveau éveillé ou en sommeil de
différents mammifères, du chat à l’homme.

Finalement, dans un appendice, nous montrons des résultats préliminaires concernant les
relations entre cellules excitatrices et inhibitrices, etles potentiels de champ locaux pendant
le sommeil humain. Nous avons pu séparer les cellules entre“regular-spiking” (RS) et “fast-
spiking” (FS), ce qui a été confirmé par connections monosynaptiques (voir Peyrache et al.,
PNAS, 2012). Nous analysons ici la décharge spécifique descellules RS et FS pendant différents
états d’éveil et de sommeil, sélectionnés sans activité interictale. Jusqu’à 92 unités enregistrées
simultanément, procurent une base solide pour la caractérisation de la dynamique de l’excitation
et de l’inhibition pendant ces différents états. Pendantle sommeil lent (Stade III ou IV), dominé
par les ondes lentes de type delta, tous les neurones déchargent selon des états “Up” ou “Down”,
en relation avec les ondes lentes du LFP, comme décrit précédemment. Les cellules RS et FS
sont toutes silencieuses pendant les états “Down”. Pendant le sommeil REM et pendant l’éveil,
les neurones déchargent de façon irrégulière alors quele LFP ou l’ECoG sont désynchronisés.
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Dans tous les états les cellules FS déchargent plus que lescellules RS (4 ou 5 fois plus en
moyenne). En conclusion, ces résultats procurent une caractŕisation des differents rôles de
l’excitation et de l’inhibition pendant l’éveil et le sommeil chez l’homme.

En conclusion, nous avons utilisé différentes méthodesde mesure, aux échelles micro-
scopiques (activité unitaire), mésoscopique (LFP) et macroscopiques (ECoG, EEG, MEG), pour
caractériser les états de veille et sommeil chez l’homme (ainsi que chez le chat et le singe dans
une étude). Nous concluons que le cerveau suit une dynamique complexe à toutes les échelles.
Il n’y a pas d’évidence de dynamique auto-organisée critique, mais l’activité du cerveau man-
ifeste d’autres signes d’auto-organisation, comme l’activité synchrone à grande distance et
des processus multi-exponentiels. Nous suggérons que cesrésultats peuvent être expliqués
par l’interaction entre excitation et inhibition. Nous anticipons que des réseaux d’oscillateurs
couplés, avec interaction entre excitation et inhibition, devraient pouvoir expliquer ces résultats.
Cette perspective constitue un défi pour des études futures.
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Introduction
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Chapter 1

History & Instrumentation

The history of the sciences is a
great fugue, in which the voices of
the nations come one by one into
notice.

Johann Wolfgang von Goethe

In our studies, we used large scale non-invasive and invasive recordings of the brain. The
two non-invasive modalities, Electroencephalogram (EEG)and Magnetoencephalogram (MEG)
are capable of registering the ongoing dynamics of the brainwith millisecond accuracy. They
provide a window to capture the global dynamics of the brain.Multielectrode recordings, on
the other hand, give us the opportunity to zoom into the dynamics of microcircuitry of cortical
columns. Below, we briefly present the instrumentation of each of these modalities. The physics
of the signal obtained from these devices dictates the nature of the biophysical signature of the
underlying measurements of neural computation.

1.1 Macroscale recordings

1.1.1 Electroencephalography (EEG)

1.1.1.1 Brief history of the instrumentation

The first measurements of the spontaneous electrical activity of the brain were carried out by
Richard Caton (1842-1926). The initial report was only a presentation before the British Med-
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ical Association in 1875. A summary of that report, later, appeared in the British Medical
Journal in 1877 [1].

The following paragraph is based on the narrative of his report: ”In every brain hitherto ex-
amined, the galvanometer has indicated the existence of electric currents. The external surface
of the grey matter is usually positive in relation to the surface of a section through it. Feeble
currents of varying direction pass through the multiplier when the electrodes are placed on two
points of the external surface of the skull. The electric currents of the grey matter appear to have
a relation to its functions. When any part of the grey matter is in a state of functional activity, its
electric current usually exhibits negative variation. Forexample, on the areas shown by Dr. Fer-
rier to be related to rotation of the head and to mastication,negative variation of the current was
observed to occur whenever those two acts respectively wereperformed. Impressions through
the senses were found to influence the currents of certain areas, e.g., the currents of that part of
the rabbit’s brain which Dr. Ferrier has shown to be related to movements of the eyelids, were
found to be markedly influenced by stimulation of the opposite retina by light. (1875)” [2].

Caton studied electrical activity of more than 40 cat’s, rabbit’s and monkey’s brains using
unipolar electrodes. In some experiments, he used bi-hemispheres recordings and in the others,
he placed one electrode on the cerebral cortex (or on the greymatter) and the other on the
surface of the skull [2, 3]. Caton used Thompson’s galvanometer to track variations of the
electrical activity; however lacking recording instruments, he amplified the waveform optically
by shining a meniscus lamp on a wall. Therefore his count of these initial studies are based on
personal observations. He also identified the regions associated with motor movement (of the
head and eye). In his 1887 report to the Ninth International Medical Congress in Washington
DC, he mentioned that variations happen across sleep and wakefulness, anesthesia, and noticed
their cessation after death. He was also successful in evoking current variation through shining
light into the eyes and stimulating the skin but was unable toevoke auditory responses [3].
Therefore not only was he the discoverer of EEG, but he was also the first functional topographer
who discovered oscillatory, spontaneous and evoked responses.

After Caton, Danilevsky (Russia, 1852-1939) carried out spontaneous and evoked EEG
recordings in animals (published in 1877). In 1890s, Adolf Beck (Poland, 1863-1939) adapted
these techniques and, in EEGs from rabbit and dog, added desynchronization in visual cor-
tex to the scientific repertoire. Later in 1908, he used a string galvanometer to achieve higher
precision in his recordings. This instrument had just been introduced by Willhelm Einthoven
(Netherlands, 1860-1927) for cardiac electric activity measurements. After this publication, the
Austrian Academy of Science published Fleischel Von Marxov’s unpublished work on disabling
the visual cortices of numerous species by cooling and chloroform, though he had not reported
any oscillatory activity. In Kiev, 1912, Vladimir Vladimirovich Pravdich-Neminsky created the
first photographic recordings through a combination of the galvanometer and a moving paper;
in fact, he reported a very clear description of alpha and beta waves. In 1913, Beck’s advi-
sor, Cybulski combined a camera with the galvanometer and recorded experimentally induced
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seizures in dogs [3,4].

In 1924, Hans Berger (Germany, 1873-1941) was the first to record the human electroen-
cephalogram. In his paper ”Uber das Elektrenkephalogramm des Menschen” (On the EEG in
humans), which was published in 1929, he gave full credit to Caton:

”Caton has already (1874) published experiments on the brains of dogs and apes in which
bare unipolar electrodes were placed either on the cerebralcortex and the other on the surface of
the skull. The currents were measured by a sensitive galvanometer. There were found distinct
variations in current, which increased during sleep and with the onset of death strengthened,
and after death became weaker and then completely disappeared. Caton could show that strong
current variations resulted in brain from light shone into the eyes, and he speaks already of the
conjecture that under the circumstances these cortical currents could be applied to localization
within the cortex of the brain. (Translated by Cohen, 1959, 258)”, [2,5,6].

Berger used the Einthoven string galvanometer. He initially used zinc-plated needle in order
to stabilize electrode and thus reduce the high level of noise. As the amplitude was very weak,
he replaced his needle electrodes with lead-foiled electrodes soaked in saline [2, 3]. Berger
described low-frq (low frequency) as low order and high-frq(high frequency) as high order: ”I
shall subsequently designate the waves of first order as alpha waves and waves of second order
as beta waves, just as i shall use E.E.G as the abbreviation for electroencephalogram and E.C.G
for the electrocardiogram” [2].

Berger discovered alpha rhythm, describing its frequency at 10 cycles per second (hertz)
and as a dominant oscillation during relaxation or eyes-closed condition. He found that this
rhythm would disappear in the eyes-open condition and diminishes during mental effort (such
as arithmetics) and the presentation of loud noises or painful stimuli [2,3,7]. Interestingly, his
reports were unnoticed by the scientific community until 1934, when Lord Adrian (England,
1889-1977) and Matthews confirmed his basic observations recording their own brainwaves
using their cathode-ray oscilloscope [2]. Both Adrien and Einthoven went on to win the Nobel
prize for their work on neurons and ECG. It was the discoveries of EEG pattern dynamics during
sleep by Alfred Loomis (USA, 1887-1975) in the mid1930s thatattracted the attention of the
scientific community to the value of EEG [7]. By the 1940s, EEG had become widespread and
since then, little has changed in the basics of its instrumentation.

1.1.1.2 Apparatus and the recordings

EEG is widely used and had become a popular method for the non-invasive measurement of the
global activity of the brain. Its ease of operation, low cost, non-invasiveness and high temporal
resolution (in the order of millisecond) has put it ahead of the other non-invasive modalities like
PET (positron emission tomography), fMRI (functional magnetic resonance imaging), MRS
(magnetic resonance spectroscopy) and SPECT (Single-photon emission computed tomogra-
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phy). Of the non-invasive methods, only MEG matches its temporal resolution [8–10]. In
contrast, EEG has disadvantage in localization by comparison to the mentioned methods [11].

EEG recordings are done with different spatial arrangementof electrodes. These montages
can have anywhere from a few to a couple hundred electrodes. Recordings can be acquired as
referential, bipolar or referenced to average of electrodes [11]. EEG has clinical usage in mon-
itoring epilepsy, anesthesia, intensive care units (ICU) and in comatose states. In research, it is
widely used in cognitive neuroscience and experimental psychology. In such fields, usually the
focus is on the quantification of behavior using evoked potentials (EPs), associated with sensory
stimuli, or Event-related potentials (ERPs), occurring atlater latencies and are more associated
with endogenous brain state. ERPs, like p300 reported by [12–14] and N400 discovered by [15]
could also be used in brain-computer interface (BCI) research.

One of the key conditions for such studies is that the EP or ERPhas to be reliably linked to
the ongoing behavior and stimuli [16]. Though, the dynamics of the underlying characteristics
of magnitude, phase and coherence are the cornerstone of anyconclusion obtained from EEG
recordings. In chapter 2, we focus on the EEG spectral biophysics as the hallmark of these
features.

1.1.2 Magnetoencephalography (MEG)

1.1.2.1 Brief history of the instrumentation

In comparison to EEG, magnetoencephalography (MEG) is a fairly new method for measuring
brain dynamics. It is much more complex and far more expensive in terms of its cost and oper-
ation. However, with this price, comes powerful abilities to measure extremely weak magnetic
field of the brain. The first sensitive measurements of the magnetic field of currents generated
by biological tissue was done for the heart. In 1967, David Cohen built a magnetic shielded
room to record from weak magnetic signals of the heart at the order of amplitudes of 10−8 to
10−7 gauss [17]. Shortly after, he also pioneered measuring the magnetic field of the brain in a
multilayer magnetically shielded chamber and introduced the MEG [18]. These initial measure-
ments were based on a million turn coil. Later, James Zimmerman invented a highly sensitive
magnetometer, called ”superconducting quantum interference device” (SQUID) which is based
on superconducting loops containing Josephson junctions [19]. By adapting SQUIDs, magne-
toencephalography became much more sensitive to weak magnetic fields of the brain and the
new age MEG was born. In that work, David Cohen measured alpharhythm in a healthy human
and also recorded the abnormal activity of an epileptic patient [20].
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1.1.2.2 Apparatus and the recordings

Electrical currents in the cortex produce minute (10−12 Tesla) perturbation in the magnetic field
outside the skull near the scalp. These changes in magnetic flux will cause current to flow
in a flux transformer. This flux transformer, via an input coilis coupled to the SQUID [8,21].
Because SQUID-sensor units operate at low temperature, they are typically housed in a thermos-
like container, named a dewar, filled with liquid helium. Thebottom of the dewar is shaped like
a helmet and houses hundreds of SQUID-sensor units. Therefore the sensors are only a few
millimeters away, on the other side of the insulating layer,from the scalp [8]. Each sensing coil
samples the local magnetic field (in the case of magnetometers) or the gradient of the magnetic
field (in the case of gradiometers). The sampling frequency of the full set of sensors can reach
a few thousand times a second [10].

In recent years, advancements in atomic magnetometry, based on the interaction of resonant
light with atomic vapor, has become an alternative to SQUIDs[10]. Also, some efforts have
been made to measure the magnetic field at higher temperatures; a magnetic field sensor that
combines a superconducting flux-to-field transformer with alow-noise giant magnetoresistive
sensor. This type of sensor can reliably operate at temperatures up to 77 degrees of kelvin. A
prototype of this design has shown the ability to successfully measure 32 fT (femto Tesla) [22].

1.1.2.3 MEG& noise

Handling noise is a major challenge in MEG. Magnetic fluctuations of the brain signal, are
usually lower than 10−12 T (tesla), or 10−8 G (gauss). This is many orders of magnitude weaker
than the fluctuating magnetic background. Such urban and ambient magnetic fluctuations can
reach 10−7 T (or 10−3 G). Earth’s steady magnetic field is in the range of 0.5x 10−4 T (or 0.5 G).
Therefore, reliable measurements of MEG not only require a very sensitive magnetic detector
(i.e. SQUID), but is also highly dependent on the proper suppression of the magnetic noise (i.e.
fluctuating magnetic background) [23].

There are three major ways to suppress the magnetic noise. The first way is to record in a
magnetically shielded room, which can exclude major components of the fluctuating external
fields. The magnetic shielded room (MSR) is constructed withthree nested enclosures. Each
enclosure consists of a high-permeability magnetic layer as well as an aluminum layer. The mu-
metal reduces the low frequency noise while the aluminum suppresses high-frequency noise
[24]. The second way is to measure the gradient of the magnetic field instead of the field
itself. To do so, some manufacturers, have developed gradiometers, which are of two types: i)
planar gradiometer, consisting of two flux transformer loops within one plane but connected in
opposition, ii) radial gradiometer, consisting of two co-axial flux transformer loops connected
in opposition. When a background fluctuation is far from a gradiometer, its signal at the two
coils is almost equal and therefore its gradient approximates zero and largely cancels. On the
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other hand, fluctuations near the gradiometer have different values when reaching the coil and
therefore their gradient is not canceled. The third way of noise suppression is via software
processing of the MEG signals [8,9,23]. There are numerous ways to implement algorithms to
suppress the noise. Independent Component Analysis (ICA) [25] coupled to electro-oculogram
(EOG) and electrocardiogram (ECG) can be very effective in eliminating magnetic artifacts of
biological origin (see [26] for an example). Another way is the signal source separation (SSS)
method. Assuming that there are no magnetic sources in between the sensors and the outside
of the brain, the measured signal is decomposed to two categories: i) harmonics that arise from
within the sphere surrounding the head, ii) harmonics that must have arisen at a distance. By
removing the external harmonics, one can achieve exclusionof the possible interference [27].

In evaluating the spectrum of the MEG, the background noise deserves meticulous attention.
For dealing with this issue, we have adapted noise suppression techniques based on empty MSR
recordings. Details of the methods are described in chapter5.

1.2 Microscale recordings

1.2.1 Importance of in vivo measurements

Over the last three decades, a variety of in vitro preparations have been used in experimental
neuroscience research. They range from isolated single neurons to cell cultures, brain slices, and
sometimes whole brain preparations. All these techniques have high-resolution. The operator
can control and directly manipulate experimental conditions. The widespread adaptation of
such methods has been very valuable in that they enable us to rapidly explore processes in
individual cells, synapses, and small neuronal networks and increasingly enrich the wealth of
the data on the basic functioning of the neurons. However thecompromise is that such data
are obtained in dramatically altered in vitro preparationswhere the interconnections between
the brain areas are severed. [28,29]. The absence of full connectivity in most brain slices and
distorted GABAergic levels create patterns of spontaneousactivity that are very different from
those observed in vivo situation [30].

Moreover, the in vivo high conductance state has a profound effect on the responsiveness of
neurons, individually and en masse. In individual neurons,total synaptic conductance received
by the neuron is larger than its leaky resting conductance. Therefore, a network of neurons,
has the capacity to operate in certain states that are not properly achievable in the case of low
conductance in vitro (see [31] for an extensive review of high conductance state). Intactcortical
inhibitory processes and connectivity of cortico-thalamic pathways are essential elements of
the oscillatory and synchronicity activity of the reciprocal thalamocortical networks [30]. Such
characteristics magnify the importance of in vivo measurements for studies that, like ours, tackle
the dynamics of sleep and wakefulness.
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1.2.2 Extracellular in vivo measurements

Extracellular recordings are usually done by inserting high impedance microwires. Extracellu-
lar voltage measurements could be split into two components: i) a high-frequency component
(usually>300 or 500 Hz) that contains the action potentials (spikes) of neurons and samples
the activity proximal to the electrode, and ii) a low-frequency component (up to 300 or 500
Hz), called ”Local Field Potential”, which reflects the ensemble activity in the vicinity of the
electrode [29].

High enough signal-to-noise ratios (SNR) for the signals coming from neurons that are in
close proximity (50-100 micron) to the electrode tip enableus to measure the activity of single
units. As the neurons get further and further away from the electrode (up to 150 microns), the
shape of their spikes can no longer be reliably distinguished as it is masked by the noise. This
type of signal is referred to as MUA (multi-unit activity). If the distance to the electrode is too
far, the spiking activity is not reliably separated from noise [32,33].

From the high-frequency component, individual spikes are detected using an amplitude
threshold. Next they are sorted according to the characteristic spike waveform shape of in-
dividual neurons. This shape is mainly dictated by the morphology of the dendritic trees, as
well as the distance from the electrode and the orientation of arborization relative to the elec-
trode [34,35]. These morphological features are then used as inputs to cluster the (or for clus-
tering) algorithms performing the classification [36]. Many different methods of spike sorting
have been proposed. Some detailed reviews solely focus on this issue [37,38]. Based on such
spike waveform features from high-density recordings, it is also possible to reliably separate the
units into two categories of ”regular-spiking” (RS) and ”fast-spiking” (FS) [39–41]. In chapter
6, we show how this can be done in extracellular recordings from the human cortex.

1.2.3 Multielectrode recording of extracellular signature of neural activ-
ity

Gerstein & Clark were among the first to pioneer multiple recordings. In their experiment, they
used a tungsten microelectrode with several small holes in its vinyl insulation. This electrode
enabled simultaneous recording of the action potentials from multiple adjacent neurons [32].
Current acquisition systems allow the simultaneous recording of up to hundreds of channels
simultaneously [29]. This opens up the fascinating opportunity to study large cell populations
in order to understand how they encode sensory processing and behavior in anesthetized ani-
mals and in behaving animals. Also, in recent years, the advancement of etching and silicon
probe fabrication has created the opportunity to record from chronically implanted arrays of
hundreds of electrodes [42]. Multielectrode recording techniques vary in their design, ranging
from ”microwires” [43], stereotrodes and tetrodes [44], to complex 3-D systems built from sili-
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con [45,46]. These types of electrode arrays enable simultaneous recording of MUA, single-unit
activity as well as LFP from large numbers of neurons [42].

Complex brain processes require the recruitment of large population of neurons [47]. The
study of single neurons only provides a very limited scope ofthe whole dynamics [33, 48].
Using multielectrode arrays provides the opportunity to study connectivity patterns of close-
by neurons [33, 49]. Multielectrode recordings of ensembles can act as a bridge between the
activity of individual neurons and their computational orchestration toward a rich collective
dynamics [50]. Expression of these higher-order brain functions is onlyachievable through the
coordinated spatiotemporal activity patterns of distributed neuronal ensembles [51,52]. Some
studies have begun to validate such hypotheses through studies of recordings of the activity
patterns in neural ensembles excited by patterned visual stimuli [53].

In our studies of the dynamics of cortical microcircuitry, we benefited from the Utah elec-
trode arrays (known as UEA, and specifically Neuroport in human recordings). Utah multielec-
trode arrays have been used in visual prosthetics [53], motor prosthetic [54] or in studies of
epilepsy [55,56]. The fabrication and characteristics of these devices aredescribed elsewhere
(see [46, 57]). Their pneumatic insertion technique [58], as well as the stability of record-
ings [59] and their neurosurgical aspects in human patients [60] have been discussed extensively
in those references. In our study, we used these types of arrays to tackle the spatiotemporal dy-
namics of excitation and inhibition (chapter 6), the dynamics of neural avalanches (chapter 7)
and the relationship between spiking and LFP in different states (chapter 8).



Chapter 2

Biphysics

The knowledge of anything, since
all things have causes, is not
acquired or complete unless it is
known by its causes.

Ibn Sina (Avicenna)

Computation and information processing in the brain takes shape at multiple scales. Study-
ing the complex dynamics of the brain requires integration of information acquired at different
levels of neural computation. In the last chapter, we discussed the instrumentation of large-scale
non-invasive methods and invasive electrophysiological modalities. In this chapter, we describe
the biophysics at these scales along with each other.

2.1 Sources of Extracellular fields

Microelectrodes wires in the extracellular space measure the voltage fluctuations at the con-
ductive tip of the electrode. These measurements reflect theelectrical field perturbations that
happen within the vicinity of the electrode [34]. A variety of sources, rising from the interaction
of neural elements, contribute to such fluctuations. It is the superposition of the currents and po-
tentials produced by such sources that is studied in the fieldof electrophysiology. These sources
originate at a multitude of positions on the excitable membrane, ranging from spine to dendrite,
soma, axon or axon terminal. The different temporal nature of these sources, as well as their
electrochemical composition, dictate the biophysical nature of the measured signal. The known
sources include: a) synaptic activity, b) fast action potentials, c) calcium spikes , d) intrinsic
currents, e) gap junctions, f) neuro-glia interaction and g) ephaptic coupling [61].

29
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2.2 From micro-scale to meso-scale to macro-scale

Typically, the measured extracellular electrical signal is divided into the high frequency and low
frequency components. The high frequency component is thought to be mainly influenced by
action potentials while the low frequency component, the so-called ”local field potential (LFP)”
has a much more complicated origin [62, 63]. The relationship between spike and LFP is of
great interest to the neuroscience community. It is believed that spikes reflects the output of
individual neural elements while LFPs serves as some sort ofcollective input. Therefore, in
essence, spike and LFP act as the two pillars of neural network computation. Their interaction
evolves as a bidirectional entity. The LFP acts as a modulator of spiking activity while the
spikes leave their imprint on the oscillatory signals conveyed by LFP [62, 63]. What are the
origins of these different signals? How do they coalesce in cortical computations? How do
they link to the recordings at larger scales (i.e. EEG and MEG)? We evaluate these issues from
theoretical considerations as below:

The assumption that transmembrane current flow is the generator of LFP, was first put for-
ward a few decades ago by Eccles and Lorente de No [64, 65]. It has been suggested that
the spatial weighted average of the synaptic transmembranecurrents constitutes the biophysi-
cal origins of LFP [66]. Some have pointed that it is not the action potentials themselves but
the dendritic processing of synaptic inputs that shape the local field potential [66–68]. Interest-
ingly, there is a study that postulates the possibility of action potentials contributing to the MEG
signal [69].

In contrast to the invasive recordings of extracellular potential, EEG recordings are acquired
through electrodes placed at the surface of the scalp. Usually these electrodes are orders of mag-
nitude bigger than those optimized to record local field potentials [16]. What are the generators
of EEG signals? A much widely practiced assumption is that byusing bigger electrodes, one
scales up the volume of the recorded tissue. Therefore, by moving from micro-meso scale
(LFP) toward meso-macro scale (iEEG and EEG), the nature of the signal stays the same but
the measurement include a much larger population of neurons[61, 70]. In the case of LFP,
complexity is a result of the evolving temporal dynamics of the spatial distribution of current
sources within the conducting volume of the cortex. The conductivity and permittivity prop-
erties of the extracellular medium dictate the spatiotemporal patterns of the electric field. In
this view, the constraints of filtering by the scalp is the major assumptive difference between
LFP and EEG [16]. Computational studies based on the detailed morphology of neurons have
proposed that these spatiotemporal LFP patterns also depend on neuronal morphologies, spatial
positions of the driving synapse, as well as electrode recording positions [68].

The link between the meso-scale ”local field potential” (literally known as LFP) and the
meso-macro scale ”global field potential” (i.e. iEEG or EEG)is based on the structure of the
cortex. By adapting quasi-static approximation of Maxwellequations, macroscale recordings
are modeled based on the mesoscopic details of the cortical organization. Cortical architecture
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is arranged in laminar and columnar fashion. The laminarityof the cortex corresponds to the
distribution of the incoming cortical projection from thalamic relay nuclei as well as the special-
ization of the output units of corticothalamic connectivity [71,72]. Columnar modules of the
cortex contain pyramidal cells in layers III, IV and V. The apical dendrite (and initial part of the
axons) of these cells run in parallel and are perpendicular to the cortical sheet, while the spatial
extension of their dendritic tufts binds them together to create a functional module of network
of neurons [73, 74]. In the biophysical characterization of EEG, these features are chosen as
the simple mesoscopic elements of the model. Each mesoscopic element is a simplified cortical
minicolumn ( 0.03 mm) and macrocolumn scales ( 1 mm) with height 2-5 mm [75].

In these mesoscopic elements, post-synaptic potentials cause ionic currents to flow in the
apical dendrites of parallel cortical pyramidal neurons. These currents (”impressed current”),
represent the overall effects of post-synaptic potentialsat layers II/III and V of the neocortex.
Based on the electrical conservation law, impressed currents leave the soma and passively re-
turn through the extracellular space. This passive ohmic propagation of the ions is called ”return
current” [16,76,77]. These return currents propagate through a conductive three-dimensional
extracellular continuum [75,76]. The potential difference of the ”return currents” at the scalp is
the measured EEG signal. [75,78,79]. While both impressed and return currents create magnetic
fields, it is mostly the intracellular longitudinal impressed currents that create measurable mag-
netic induction field at the MEG sensors [8,78]. The connection between the generating current
and the magnetic flux was studied in biophysically realisticcomputational models showing that
local neural dynamics are the products of lamina-specific synaptic drive [80,81].

In the current practice of EEG/MEG modeling, it is suggestedthat the vector sum of the
electrical activity (within the mesoscopic elements of thecortex) can always be approximated
with a current dipole [75, 78]. The post-synaptic current traveling through parallel dendritic
structure and the asymmetrical arrangement of the corticallayers impose the perpendicular
displacement of charges as the major component of electromagnetic signature [8,75,79]. It has
been argued that current multipoles could properly formulate the spatially extended sources and
that dipoles are not physiologically well-suited for modeling such cases [82–84]. The counter
argument has been that quadrupole and higher moments can always be reduced to a combination
of proximal dipoles [78]. Others have argued that single monopoles are mathematically and
physically implausible entities and the description of dipoles as a gradient of monopoles is
solely for mathematical convenience [77]. However, in a recent study, it was shown that this
standard model is insufficient for describing the observed LFP to EEG and that monopoles are
necessary for the macroscopic modeling of these signals [85]. If future investigations further
confirm these findings, it becomes necessary to develop models that incorporate monopoles as
an essential element of the electrical signature of neural activity [63].
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2.3 Forward model and inverse solution in a volume conduc-
tor medium

Given an electromagnetic measurement, what can we say aboutthe source generators of the
observations? Conversely, if we preset the sources to a given value, can we predict the electro-
magnetic measurements at a point, nearby or far? These two questions belong to the general
category of inverse problems and forward predictors. The first, deals with estimating the phys-
ical parameters that we cannot directly observe, while the latter uses physical parameters to
predict observations. In other words, inverse solution andforward predictor are inseparable
sides of the same coin. This concept was first introduced in 1929 by Viktor Hambardzumyan
(1908-1996). Since then, it had been widely used in seismology, astrophysics, and of course
electromagnetism. Naturally, it was adapted in studying EEG/MEG and LFPs. An essential
property of inverse solutions in electromagnetism is its ill-posed property. In other words, given
a set of electromagnetic measurements, there are no unique arrangement of generators; many
different solutions exists for that specific set of measurements. However, as discussed above,
each inverse solution is coupled with its forward predictor. A more accurate forward predictor
will bring us a better approximation in the inverse modeling. Including a priori information in
our inverse models, narrows down the solutions to a few possibilities instead of unlimited counts
of an ill-posed situation. This type of thinking simply translates to the bioelectromagnetism as
well.

The so-called ”source localization”, based on inverse solution, is geared toward identifi-
cation of the sources of the measured signal throughout time. At the micro-meso scale, it
refers to the reconstruction of the membrane potential fluctuations from the measured invasive
extracellular recordings, i.e.,LFP/spikes (for a review see [62]). In the meso-macro scale do-
main, it refers to the reconstruction of the impressed currents from the EEG, MEG or combined
EEG/MEG recordings (for a review see [8,78]).

As discussed above, the accuracy of the forward predictor determines how close the so-
lutions of the inverse problem are to reality. Here, the forward predictor equals the simula-
tion of the field distribution for a given arrangement of current dipoles in a volume conductor
medium. For the rationale behind the adaptation of dipoles as the main sources of the elec-
tromagnetic signature and the pitfalls of such assumptionssee above. The main elements in
forward models of Maxwell’s equations are a) spatial distribution of the sources, b) volume
conductor geometry (morphological structure, detail characteristics of the tissue conductivities)
c) sensor characteristics (their spatial configuration; size and material of the sensors), and d) the
spatial relation between the above mentioned 3 elements. More accurate details of the forward
predictor is paralleled with an improved inverse solution [8, 77,78]. After achieving a proper
forward model, adding constraints (such as temporal behavior, noise characteristics, anatomical
constraints based on MRI, and a priori assumptions from other modalities) to inverse models,
improves the yielded solutions [77,86–88].
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Neglecting the capacitive and inductive effect in the electromagnetic propagation will pro-
vide the opportunity to adapt linear quasi-static Maxwell equations. This approach, because of
it convenience, has become the cornerstone of modeling the forward predictor for both micro-
meso (LFP) and meso-macro scale (EEG/MEG) [8, 62, 76, 77, 89]. In such case, the inaccu-
racies in forward modeling of mesoscopic dipole currents simplifies to a few categories: a)
mis-specification of the source space, b) inaccuracies in the description of the physical proper-
ties of the head (boundary shape, conductivity values of thelarge scale mediums), c) improper
sensor configuration information and d) incorrect or inadequate information on the spatial re-
lation of the last 3 mentioned elements [78]. In parallel, the current forward model of LFP
generators relies on several assumptions: (a) Quasistaticapproximation of Maxwell’s equations
based on the assumption that the electric and magnetic fieldsare decoupled [8], (b) Linearity of
the extracellular medium, (c) Ohmic (resistive) medium andthe assumption that the capacitive
properties of the neural tissue are negligible, (d) Isotropic (scalar) extracellular conductivity, (e)
Frequency-independent extracellular conductivity and (f) Homogeneous extracellular conduc-
tivity [ 62].

In the next few sections, we will evaluate the consequences of these assumptions, will dis-
cuss their pitfalls and provide a summary of experimental/theoretical studies which support or
refute them. We will begin with a brief overview of synchronyat multiple scales followed by a
discussion of the different characteristics of volume conductor.

2.4 Multiscale synchrony

he precise timing between the LFP and spikes is a fundamentalcharacteristic of how they co-
modulate each other. The correlation of LFP with synchronized slow subthreshold membrane
potential oscillations does not necessitate the synchronyof spiking within that neural population
[90]. Some reports have shown that even in the absence of spiking, LFP and nearby neuron
membrane potential could be highly correlated [91]. Studies of spike-free LFP segments have
provided evidence that some LFP-spike relationships follow millisecond precision while other
do not harbor such features [92]. This is in with the notion that LFP could also reflect surplus
spiking activity. In such a scenario, only a fraction of spikes could be devoted to the assembly
formation among neurons [93].

The importance of synchronized activity in modeling LFP andEEG/MEG is severalfold (the
word is actually severalfold, not an indication of multiplefolds). First, when measured signals
are correlated, there are two plausible interpretations: a) the measurements are reflective of two
independent but correlated sources or b) the correlation isa byproduct of volume conduction
from a distant single source and has nothing to do with a correlation at the two spatial location
of electrodes [75]. It has been shown that long-scale synchrony are the signature of cognitive
processing and short-scale synchronies are likely a byproduct of volume conduction. These
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studies also propose an elegant method for separating volume conduction induced effects from
true signal synchrony of the generators. [70,94,95]. Second, based on the hypothesis that the
LFP and EEG are generated by summed postsynaptic potentials, for these signal to gain enough
strength to be recorded, there must exist a synchronized excitation of the cortical neurons within
the generating unit [64]. The non-synchronized fluctuations in the dendritic structure will can-
cel, and the signature at a distant electrode approximatelyfades to zero [77]. Therefore, the
accepted view is that the generation of both LFP and EEG are dependent on the synchronized
synaptic currents leading to the formation of strong enoughdipoles that can be measured at the
recording electrodes [16, 75]. It is because of the influence of synchrony that the size of the
generating region not only depends on the detailed neuron morphology and spatial arrangement
of synapses, but is also heavily influenced by the correlation in synaptic activity [96].

It has been suggested that the synchrony profile of the extracellular potentials may be differ-
ent based on the recording modality. These findings originated from EEG/MEG studies of sleep
spindles. In prior studies of spindles in cats, these graphoelements appear to be synchronous
across the cortex and thalamus [97]. Simultaneous recording of EEG/MEG showed that, like
the prior reports in cats, spindles are highly synchronous across the scalp in the electroen-
cephalogram (EEG). However, they had had a low spatial coherence in MEG. In addition, the
correlation between the MEG and EEG signature of the same graphoelements were low [26,98].
Aside from the variability in spindle frequency and its phase across locations, MEG also mani-
fested a pronounced variability across spindles, and earlyvs late segments of spindles [26,99].
Depth and grid intracranial recordings (iEEG) further certified that, in contrast to the scalp EEG,
cortical spindles show strong dissociations in their phaseand amplitude. Current source density
(CSD) from transcortical laminar recordings proved the existence of two patterns of spindling:
a) spindles with sinks in the middle layer, b) spindles with the sink in the superficial layers [98].
The comparatively higher coherence of the superficial spindles, in light of the incoming pro-
jections from the matrix thalamocortical system to these layers [100,101], suggested a possible
sensitivity of EEG to the matrix system and its diffuse targets across wider areas of the cor-
tex. In contrast, it seems that the MEG may be more sensitive to the focal thalamocortical core
system. The scenario can be summarized as poor sensitivity of MEG (relative to EEG and due
to spatiotemporal cancellation), to widespread synchronous generators along with it higher rel-
ative sensitivity to focal generators [26, 98,102]. These findings and hypotheses were further
confirmed by the experimental and computational studies of spindles [103,104]. Moreover, it
was found that in some cases spindles are only seen by MEG and when they are detected by
both MEG and EEG, the oscillatory fingerprint starts earlierand last longer in the case of MEG.
This study suggests that EEG spindles emerge when MEG spindles become synchronized and
activate diffuse generators visible to EEG [105]. Thus, it is possible that EEG and MEG have
differential sensitivity to thalamocortical core and matrix systems. This conjecture further adds
to the complexity of discerning the sources of the measured multiscale signal.
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2.5 Spatial reach of LFP& Electromagnetic Lead field

One of the complex features of the LFP is its spatial reach. Some investigations pointed to a pos-
sible extreme locality of LFP [106,107]. However, the majority of other reports have provided
evidence to the contrary. These studies report a much more extensive scope of LFP, horizontally
or vertically, ranging from few hundred microns up to few millimeters [68,108–111]. Recent
experimental and biophysically-driven computational studies, shed light on this issue and bring
them together as two sides of the same coin, in that the LFP spatial reach is not statically
fixed [96,112]. It has been shown that LFP can expand beyond its microdomain and, through
volume conduction, be detected many millimeters distant toits active generator. Such volume-
conducted potential may reach the surface of the cortex fromdeep layer generators [111,112].
These studies show that LFPs may reflect two different modes:I) a less differentiated but more
local versus ii) a more differentiated but less local mode. It is the synchrony that dictates
whether the coin is flipped to reflect very local or loosely local neural population signature.
In the case of uncorrelated synaptic input to a population ofneurons, the measured LFP only
reflects the activity within its 200 micrometer perimeter [96]. This finding is in line with the
predictions of Nunez and Srinivasan which indicate that isolated stimuli which activate a very
small area will invoke LFPs that have a very limited spatial reach [75]. When the synaptic
currents are correlated, the activated area is larger and its spatial reach is wider.

In parallel to the spatial reach of LFP, the sensitivity patterns of the MEG and EEG sensors
is known as the lead fields of the sensors. These ”lead fields” are calculated based on the im-
plemented forward predictor. A variety of situation may lead to a microscopic or macroscopic
”silent source” for either MEG, EEG or both. These ”silent sources” do not generate any scalp
potentials or extracranial magnetic fields at all [65, 78]. Therefore, comparison of MEG and
EEG lead fields is not straightforward. The complexity of this comparison lies in their differ-
ential characteristics in a few main categories. First, MEGhas an advantage over EEG in the
insensitivity of the magnetic field to tissue conductivity differences (see section below for de-
tails). In this case, EEG is affected by MEG is not. For example, CSF will have a very minimal
effect on MEG but because of its high conductivity, it amplifies EEG’s leadfield. Secondly
there is an orientation selectivity/bias; this factor mainly affects MEG. In a symmetric spherical
conductive volume, the radial sources are invisible to the magnetic sensor outside [8,113]. In
an analogy, MEG sensors are blind to the dipoles that are oriented perpendicular to the inner
surface of the skull and thus are normal to the surface of the magnetic sensors [23, 76, 114].
One should note that because of the convolutions of the cortex, these so-called, radial dipoles
may be originating from either gyri or sulci. In contrast to MEG sensors, EEG lead fields see
both tangential and radial sources due to the fact that both of these sources produce return cur-
rents. [76, 114–117]. Thirdly, MEG’s relative blindness to the deep sources is caused by loss
of its sensitivity to the small fluctuations in the magnetic field. Assuming that the generator is
a current dipole, the sensor’s sensitivity drops proportional to distance squared between source
and sensor [8, 76, 77]. Goldenholz et al have shown that MEG is more sensitive to superfi-
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cial sources and EEG is more sensitive to deep sources [118]. Lastly one must consider signal
cancellation due to the complex spatial configuration of thesources. In the case of both EEG
and MEG, closely opposing dipole sources cancel each other.This could happen in variety
of complex spatial configuration. An example is the cancellation of sources of the walls of
the sulcus due to their orientation disparity. In such a case, it is possible that even tangential
dipoles get canceled out and therefore do not reach the sensors [116,119]. In addition, when
distributed sources become simultaneously active, there is a chance for widespread cancellation
of the sources [115,116,119]. Selective cancellation of signals due to background brain activity
significantly contributes to the signal to noise ratio (SNR)of the source of interest in MEG vs.
EEG [116, 118,119]. In the light of all these complexities and individual sensors differences
in their lead fields, it is always essential to record from a large number of sensors in order to
deduce the information about the spatial distribution of the sources [78].

There are few of points that are worth mentioning in this section. First, the independence
of the LFP spatial reach from the morphology of the neurons and the spatial distribution of the
synapses [96] does not match with the concept of ”silent sources” as discussed above. Although
the closed sources were defined for mesoscopic models [65], it is very likely that the complex
geometry of source distribution within a microdomain of thecortex dramatically affects the
eventual net electrical field and orientation magnitude. Second, if according the Riera et al.
( [85]) monopoles participate in the field generation, then the lead field or spatial reach are
no longer going to be solely affected as the inverse of squared distance (1/r2), but rather the
monopole sources attenuate much more sharply [63]. This scenario also makes the prediction
of forward models more complex. Finally, in order to gain maximal information about the
lead field, it may be very good to i) increase the number of sensing electrodes and ii) combine
modalities from different scales; for example, simultaneous iEEG and MEG [120] or laminar
electrode with grid [98].

2.6 Frequency-dependent characteristics: Low-pass filtering
and its effect on frequency scaling

To begin, it is important to note that the model in [96] has certain assumptions that dictate the
fate of its predictions. While this model factors out the frequency-dependence of LFP spatial
reach, there is evidence that both intrinsic dendritic filtering of the LFP at the level of individ-
ual neurons [68,121] as well as frequency dependence of the extracellular medium [122,123]
could play a significant role in imposing a frequency-dependence of LFP spatial reach, in vivo.
Moreover, the linearity of the model based on its prior assumptions like passive dendrites and
current-based synaptic inputs, is inconsistent with the existent knowledge of nonlinear interac-
tion of transmembrane current and membrane potential [124,125].
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There are a few types of low-pass filterings that affect the electromagnetic signature of
neural activity. Filtering effects on EEG signal is more aggressive and frequency dependence of
the conductivity of the tissues within the head, acting as a temporal filter, imposes a considerable
effect on the EEG [126]. The reason is because EEG is not only influenced by non-resistivity of
the extracellular medium, but also must propagate through various media, such as cerebrospinal
fluid (CSF), dura mater, cranium, muscle and scalp skin. By comparison, LFP is less filtered;
however, it still is influenced because the signals coming from the sources must pass through the
extracellular medium to reach the recording electrode [63]. These frequency filtering properties
cause the action potential to have minimal contribution to the LFPs, unless the distance to the
recording electrode is very small. Such investigations predict that the relative position of the
neuron, with respect to the electrode, as well as the detailed morphology affect the amplitude
of the extracellularly recorded spikes [35, 62, 66]. The overall effect is that signals of a high
frequency nature travel minimally while low frequencies propagate more widespread pattern.
The result is that the action potentials are only recorded bynearby electrodes while the LFP
reflects signals coming from a larger population. Moreover,neuronal dendritic morphology
also acts as an additional source of low-pass frequency filtering effect for the field potential (for
both LFP and EEG). This type of filtering is mediated by the passive cable properties of the
dendritic tree structure [68,121].

1/ f spectra can be the signature of self-organized criticalphenomena [127,128]. Frequency
scaling has been reported in the power spectra of EEG [129, 130], MEG [131], intrarcranial
recordings (iEEG) from epileptic patients [132, 133] as well LFP from awake cats [134]. It
has been suggested that neuronal activity, manifested in spiking and LFP, could be orchestrated
according to a self-organized fashion [135]. Alternatively, this frequency dependence of the
impedance could be a phenomenon that is caused by ionic diffusion and the filtering properties
of the currents through extracellular media rather than being influenced by the dendritic low-
pass filtering [63,136]. According to this hypothesis, the observed 1/f scaling inmeasurements
of the electrical field (LFP, iEEG and EEG) have the same origins in frequency filtering by
extracellular media. This view is further supported by the consistency of the predictions of this
type of filtering with the transfer function between simultaneously recorded intracellular and
extracellular potentials [123].

2.7 Nonuniformity of the extracellular space and inhomo-
geneity of the conductive medium

The assumption of homogeneity of the extracellular medium has been widely adapted in the
models of LFP and EEG [75,137]. The simplicity of the resultant constant conductivity/permittivity
variable in Maxwell equations has made this assumption a popular one. Such models do not
allow for the frequency-dependence of signals of extracellular origin [63]. This approach is sup-
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ported by findings of an experimental study [138] which reported that the extracellular medium
is purely resistive. However, these experimental findings are opposed by comprehensive studies
of the conductivity in biological tissue [139–141]. For a comparison between the findings by
Logothetis vs Gabrieli and the plausible pitfalls of the experimental conditions , see a recent
review [63]. Moreover, it is known that at the microscale level, the structural composition of
the extracellular space is highly inhomogeneous [142,143].

Similarly, the inverse solution of the macroscale electromagnetic signal is also sensitive to
the conductivities of the medium [8,77,144,145]. Although, because of the adaptation of meso-
scopic current dipole elements in the case of EEG/MEG inverse solution, the conductivity issue
is more limited to tissues ”en large” rather than the small elements in a cortical column. To
be precise, it has been shown that cerebrospinal fluid (CSF),skull, scalp white matter and gray
matter each have their own specific conductivities. For example, it was reported that CSF is
much more conductive than the cellular brain tissue [146–148]. The skull itself was found to
be composed of a low-conducting part named compacta and muchbetter conducting one called
spongiosa [149,150]. Recent advancements have led to the development of numerous in vivo
methods for measuring conductivities of different tissuesin the head. [151–156]. It is important
to point out that MEG and EEG have different conductivity profiles. Skull conductivity imposes
great smearing of the EEG signal, thus reducing its spatial resolution, while MEG is largely un-
affected [8,150]. Modeling MEG, advantageously, requires a much simpler volume conductor
model and fewer tissue boundaries. It has been shown that approximating the outer skull surface
by an isotropic sphere or by a set of overlapping spheres seems to perform on par with more
computationally demanding boundary element methods [76, 157]. The reasoning behind this
model is the assumption that MEG is mostly sensitive to the impressed current (and not to the
ohmic return current) and the induced magnetic field in an infinite medium is independent of
the conductivity [77].

These characteristics also become crucial in cross-scale studies aiming to connect the meso-
scale field potentials (iEEG) to macro-scale field potentials (EEG). It has been shown that holes
in the skull affects the conductivity pattern. Therefore insimultaneous iEEG/EEG recordings,
the relation between the two becomes quite complex unless such conductivity changes are taken
into account. Beside invasive (simultaneous iEEG and EEG) determination of these altered con-
ductivities [155], an indirect MR-based method (Diffusion Tensor Magnetic Resonance Imaging
) has also been developed [152,156].

2.8 Influence of tissue conductivity anisotropy

In micro-meso scale forward models, the assumptions is thatconductivity in all 3 directions
(of x,y,z) is equal [62]. These assumptions, as discussed before, are based on a study reporting
homogeneity of conductivity in the grey matter of monkey cortex [138]. Others have shown ev-



39

idence of anisotropy in the rat barrel cortex [158,159]. There is a possibility that some of these
differences could be species-dependent. However, it seemsthat the reports by Logothetis et al
are inconclusive without further quantitative analysis [159]. Moreover, in another series of stud-
ies done with great emphasis on details, strong evidence of nonhomogeneity in different tissues
are provided [139–141]. ( for a detailed critical evaluation of the technical aspects of these two
studies and their potential shortcomings, see [63] ). Additionally, , if the lack of anisotropy were
to be true, then the spatial reach of LFPs should not be directionally different. Studies by Goto
et al report that horizontal conductivity is half of the vertical direction [159]. Some studies have
reported a vertical volume conduction of layer IV LFPs reaching the cortical surface [111,112].
This observation satisfies the evidence for anisotropy at a micro-meso scale. Yet still, the com-
mon practice of forward modeling is based on the assumption of isotropic conductivity. Recent
advances in studies of connectomics or synaptomics [160, 161], will certainly provide an op-
portunity to not only have a better understanding of the cerebral microcircuitry [162], but also
to have a better formulation of the micro-meso scale volume conductor.

At the meso-macro scale, evidence of strong anisotropy of the brain tissue has been put
forward by number of studies [147,156,163,164]. A recent technically demanding study has
provided very orderly anisotropic rules of the white matter[165]. These anisotropies, depend-
ing on their location, would cause different levels of perturbation on the electrical field. For
example, in the case of skull anisotropy, a severe smearing effect has been observed. However,
these types of anisotropy do not affect the MEG [147,150].

Anisotropy of the white matter forces the return currents toflow in parallel to the white
matter fiber tracts. Naturally, superficial sources are not much affected by this factor before
reaching the extracranial sensors. In contrast, deeper source being surrounded by more of such
anisotropies will affect both MEG and EEG cases [77]. It is possible to non-invasively estimate
the white matter anisotropy based on the Diffusion tensor imaging (DTI) [154, 156, 166]. In
comparison to isotropic models, such anisotropic model shows an improved performance in the
calculation of intracranial EEG forward solution [166].

2.9 State-dependent characteristics

Nonlinear influences of dynamic changes in ionic conductance states [167], the leaky con-
ductance in rest versus high conductance in up state [31] along with the common features of
”up state” and slow-wave sleep [168,169], enforce a complex state-dependent nonlinear local
dynamics that is not accounted for in these experimental/computational studies. The computa-
tional consequences of high conductance state, i.e. ”enhanced responsiveness and gain mod-
ulation” [170], ”modulation of intrinsic neuronal properties” [171, 172], ”increased temporal
resolution” [173] and the resultant randomness in synaptic activity, lead tothe emergence of
stochasticity in neural dynamics. Therefore, as it has beenshown, that the spatial correlation of
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LFPs changes according the state of the cortical dynamics [174].



Chapter 3

Neural avalanche dynamics

In physics we have dealt hitherto
only with periodic crystals.

Erwin Schrodinger

3.1 Self-organized criticality

The dynamics evolution of many natural complex systems happens close to a phase transition
point. Systems which maintain themselves at (or close to) a phase transition point, are called
self-organized critical (SOC) systems. The so-called ”critical configuration” keeps such dissi-
pative dynamical systems with many degrees of freedom to operate near the phase transition.
This critical configuration internally fine tunes the evolution the system [128,175]. After per-
turbation by external stimuli, such systems return back to equilibrium. This behavioral dynamic
leads to the emergence of punctuated equilibrium [175].

The family of SOC systems was introduced by Bak, Tang and Wiesenfeld [127]. SOC
systems have been observed in many different natural phenomena, from sandpiles, to rice piles,
in forest fires and earthquakes [128,175–178]. Scale-invariance is a fundamental characteristic
of SOC systems. The power-law distribution of characteristics of the system’s dynamics, such
as event size or the waiting time between events, is usually considered as the evidence for scale-
invariance. Therefore, the temporal fingerprint of SOC systems is often described by 1/ f or
1/ f 2 noise and their spatial signature is manifested as a scale-invariant fractal [128,175]. These
features indicate a tendency toward long-lasting temporalor long-range spatial correlations in
the system.

41
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Non-critical systems’ response to perturbations relies ontheir characteristic response time
and spatial tuning [128]. In contrast, critical systems may respond with differentmagnitudes
in perturbations each time they are pushed by a given stimulus. This property is preserved
to achieve punctuated equilibrium. This characteristic ofSOC systems, brings them to the
spotlight as a candidate for neural information processing. Specifically, if an SOC state were
to be responsible for neural processing, then the recruitment of “avalanches” would substitute
oscillations or waves as the pillar for neural coding.

The dynamics of SOC systems are structured as “avalanches” of activity, separated by silent
periods. Avalanche sizes are typically distributed as a power law, which is particularly interest-
ing for the scale invariance it presents1. Power-laws are ubiquitous features in many physical
phenomena such as phase transitions. In these cases, the exponent is called the critical exponent.
Diverse natural systems, as they evolve toward criticality, show the same critical exponent. This
may indicate some unifying underlying dynamics for such systems of such nature.

3.2 Neural avalanches

As mentioned above, it is of crucial interest to evaluate whether neural avalanche recruitments
follow a power-law distribution. In such a case, the power-law could be a signature for the
underlying critical dynamics in the neural network. If neural networks were to operate near
criticality, rather than the usual wave-type, oscillatoryor stochastic dynamics, it would then
rely on long-lasting and long-range correlations.

Evidence of SOC in the spontaneous activity of neural network was first shown by Beggs
and Plenzin vitro [135]. The distribution of neural events (or “neuronal avalanches”) was
reported to follow the power-law distribution. This feature was interpreted as evidence for
self-organized criticality in the nervous system (see also[179] for retinal spontaneous activity).
Microscale scale-invariant dynamics were originally reported in spontaneous cortical activity
of in vitro preparations, i.e. slice cultures and acute slices, and later in the anesthetized rat (in
vivo) [135,180]. In all these studies, nLFPs, i.e. local maximas of negative deflections in LFPs
above some threshold, was the reference for creating the avalanche data. Later, studies of spike
avalanche in dissociated cultures also suggested that the avalanches follow a power-law regime
and therefore cortical dynamics are of a self-organizing nature. [181].

The presence of avalanches is however controversialin vivo. Often with no real “pause”
in the firing activity of a large network, it becomes difficultto properly define the ”avalanche”
in the awake in vivo state. [30, 134]. In an early study on awake cats, it was shown that the
spectrum of local field potential (LFP) scales as 1/f. However, spike recordings did not follow

1firstTo be precise, if the probability of observing value x for a given variable is a power-law,p(x) = ax−α ,
then scalingx by a constant factor yields to a proportional law:p(cx) = ac−α x−α .
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a power-law distribution. [134]. It was suggested that the observed power-law in discretized
LFPs of prior studies could be attributed to the filtering of the propagated electrical field in the
extracellular medium [134,136].

In contrast, later studies report that in anesthetized cats[182] and awake monkeys [183],
power-law distributed avalanches are present in the negative peaks of the local field potentials
(LFP). Based on the assumption that LFP negative peaks are statistically related to neuronal
firing, this scale-invariant behavior was taken as evidencefor self-organized criticality. These
observed power-laws in the negative LFP peak were then criticized in a later report showing
that even purely stochastic processes can display power-law scaling when subjected to similar
thresholding procedures [184]. It has to be emphasized that stochastic mechanisms, otherthan
SOC, are perfectly capable of manifesting power-law statistics [184–186]. There are many
different scenarios that lead to the emergence of spurious power-law. For example, sudden
termination of exponentially growing processes will lead to heavy tail power-like distribution
[187]. This case would be similar to a non-stationary Poisson processes, or combining Poisson
processes at different rates, a situation that is likely to happen in the nervous system. Such
scenarios can give rise to spurious power laws.

These contrasting results correspond to different preparations and recording techniques, sin-
gle units or LFPs, or different species, so that it is difficult to compare them. In Chapter 7, we
attempt to overcome these shortcomings by providing a systematic analysis of both units and
LFPs for different species and different brain states.
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Chapter 4

Overview

If biologists have ignored
self-organization, it is not because
self-ordering is not pervasive and
profound. It is because we
biologists have yet to understand
how to think about systems
governed simultaneously by two
sources of order, Yet who seeing the
snowflake, who seeing simple lipid
molecules cast adrift in water
forming themselves into cell-like
hollow lipid vesicles, who seeing
the potential for the crystallization
of life in swarms of reacting
molecules, who seeing the stunning
order for free in networks linking
tens upon tens of thousands of
variables, can fail to entertain a
central thought: if ever we are to
attain a final theory in biology, we
will surely, surely have to
understand the commingling of
self-organization and selection. We
will have to see that we are the
natural expressions of a deeper
order. Ultimately, we will discover
in our creation myth that we are
expected after all.

Stuart Kauffman
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4.1 Electromagnetic properties of the extracellular medium

The electromagnetic nature of the extracellular medium is an essential component of the field
potentials modeling in neural tissue. In the chapter 2, we provided extensive details on the
characteristics of the medium. Here, we briefly re-sketch those concepts and formulate our
approach to study this issue in the case of large scale non-invasive recordings (i.e. EEG and
MEG).

In general, the extracellular space around neurons is considered as a purely resistive medium
[75]. A resistive (or Ohmic) medium simply replaces the extracellular space with a simple resis-
tance. This approach turns the Maxwell equations into quasi-static ones and significantly sim-
plifies the computations of the field potentials. The outcomeof such an assumption is that ev-
erything adds up linearly and the extracellular potentialscan be estimated from the joint activity
of all the existent elements within the studied volume [75,188]. This approach is also routinely
practiced in electromagnetic source localization. In forward/inverse solution, in macroscopic
modeling of the medium, the assumption of resistivity is thecornerstone of forward predictor
calculations. Thus, any inverse solution based on such forward models also treats the medium
as a simple linearly resistive one [76, 189, 190]. However, if we formulate the medium in a
non-resistive fashion, the assumption of a quasi-static approximation of Maxwell equations is
no longer valid and the equations become significantly more complex [122]. In such a case, the
generators within the volume no longer add up in a simple linear fashion and the sum will be
greater than its parts.

As mentioned in the chapter 2, the experimental evidence about the non-resistive charac-
teristics of the medium are contradictory. Some experiments report pure resistivity to be the
case [138] while others present it to be of a non-resistive nature [139–141, 191].This issue is
still subject for debate as none of these studies followed anexperimental setup that would al-
low the use of currents at the level of physiological perturbations in the medium. Using high
current intensities masks the filtering properties of the tissue by preventing phenomena such as
ionic diffusion [192]. Details of the potential pitfalls in these experiments are discussed else-
where [63]. In summary, these studies are inconclusive and further work is needed to test this
issue experimentally.

In chapter 2, we also presented the case for different characteristics of EEG and MEG.
Their rather complex comparative features in terms of lead fields and synchrony, as well as
differential sensitivity to tissue conductance is the bases for the formulation of our study. In
Chapter 5, we propose an indirect method to estimate whetheror not extracellular space can
be considered a purely resistive medium. Like others, we base our assumptions on a non-
capacitive medium. We then show theoretically that in such cases, the frequency-scaling of the
EEG and MEG should behave similarly. We then test the spectral scaling of simultaneous EEG
and MEG measurements in humans. In doing so, we adapt noise corrections for MEG. This
comparative characterization of frequency scaling provides a window to address the question of
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the non-resistivity of the medium.

4.2 State-dependent spatiotemporal dynamics of cortical mi-
crocircuitry

In chapter 2, we reviewed the state-dependent modulation ofLFP correlations. We also dis-
cussed the case for LFP-spike relationship and how their features can help us discern the nature
of the generators in invasive recordings. In humans, intracranial recordings are routinely used
as a means to localize epileptogenic foci prior to surgical treatment of epileptic foci. Recent
advances in these extracellular recordings have provided achance to record from an ensemble
of neurons using microwires [193] or 2D multielectrode arrays [60]. Such recording systems
have been shown to provide excellent recordings of single-neuron activity in human cerebral
cortex (for recent reports, see [194–196]). In our experiments, we used the so-called Neuroport
electrodes based on Utah electrode arrays. A methodological count of the properties of these
high density multielectrode arrays is provided in chapter 6.

Using these electrodes, we were able to tackle the state-dependent spatiotemporal dynam-
ics in the human cortex. Such dynamics manifest rich characteristics of excitation/inhibition
interaction. As the local dynamics are shaped by these two different populations, studying their
functional relationship is crucial in our understanding ofmicrocircuitry of the cortex. In animal
experiments, it is possible to separate units between “regular-spiking” (RS) and “fast-spiking”
(FS). In rat hippocampus, RS and FS cells can be reliably separated based on spike waveform,
duration and mean firing rate [40]. This type of separation was validated using intracellular and
juxtacellular recordings simultaneous with extracellular recordings from the same neurons in
vivo [197–199]. A similar approach was also used to successfully separateunits into RS and
FS cells in human hippocampus [41].

To date, such validation experiments are not available for human cerebral cortex. Nonethe-
less, it was previously shown that separation between RS andFS cells is possible and reliable
using high-density recordings in rat cerebral cortex [39,200]. As for hippocampal recordings,
this separation results in different waveforms, rates and autocorrelations. In addition, occa-
sional monosynaptic connections confirmed the excitatory nature of RS cells, and similarly that
FS cells are inhibitory.

We follow the same approach using high-density microelectrode arrays in human cerebral
cortex as described in Chapter 1. We attempt to separate extracellularly-recorded units into
RS and FS cells, and to investigate their excitatory or inhibitory nature based on monosynaptic
connections. Using this morpho-functional approach, we divide the cells into two clusters of
putative inhibitory (FS) and putative excitatory (RS). We then evaluated their network interac-
tion in different states of consciousness. In chapter 6 and 8, we present an extension of this
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study where we test the balance of excitation and inhibitionin different states and quantify the
dynamic multiscale correlation within the microcircuitryof the human neocortex.

4.3 Neural avalanche dynamics

In chapter 3, we briefly overviewed self-organized critical(SOC) systems. We discussed their
discoveries [127], dynamical properties [128, 175] and their spatiotemporal signatures. We
also briefly discussed why SOC systems are appealing to the eye of neuroscientists from an
information coding point of view. A stark contrast between aneural network operating in SOC
mode with one that relies on oscillatory and stochastic properties is in long-range and long-time
correlation within the system. In an SOC system, the recruitment of avalanches is the defining
characteristic of its dynamic.

One of the fundamental the characteristics of SOC systems isthe occurrence of “avalanches”
of activity, separated by quiescent periods. The probability of occurrencep(x) of a given
avalanche sizex typically follows a power-law:

p(x)∼ x−α ,

whereα is the scaling exponent of the distribution.

As discussed previously, if a system manifests power-law, then it is likely that it is of an
SOC nature. A number of in vitro studies (slices/cultures) provide evidence of a power-law
distribution and thus verify the assumption of neural avalanches. However, the existence of
power-law in an intact brain in vivo is a subject for debate. Some prior studies have shown
evidence of criticality in invasive recordings from the cortex [135,182,183]. In parallel, there
are also some large-scale non-invasive recordings that have reported the presence of spectral
1/f in MEG and EEG recordings [130, 131]. In contrast, some reports have shown that the
spiking activity in awake in cats does not scale as power-law[134] and that stochastic processes
subjected to the arbitrary thresholding of LFP could also show spurious power-laws [184] and
that the observed 1/f scaling in LFP could be described basedon the filtering properties of the
extracellular medium [136]. Footnote: (For a comprehensive review of criticality research in
nervous system, see [186]).

To overcome these controversies, in our investigations, westudied the system at both ends
of the scale. The spectral frequency scaling of MEG and EEG was accomplished with detailed
attentions to the MEG noise as well considering the SNR and topographical distribution of the
sensors with different lead fields (chapter 2). In studying spike/LFP avalanches, we approached
the system at multiple conscious states of wakefulness, slow-wave sleep (SWS) and rapid-eye
movement (REM). To avoid species-specific findings, we used multielectrode recordings from
cats, monkeys and humans, sometimes from two cortical locations recorded simultaneously. In
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all these preparations, we used the data from Utah electrodearrays (see chapter 1 for instru-
mentation details). In addition to studying avalanches in spiking activity, we also studied LFP
avalanches. In our examination, we investigated both the negative LFP (nLFP) peaks (which is
related to spiking of neurons) as well as the positive LFP (pLFP) peaks, which are not related to
neuronal firing. To analyze this extensive set of data, from multi-states, multi-species, multiple
cortical areas and multiple scales, we used rigorous methods that are proposed to be capable
of discerning true power-laws from spurious observations [201]. These studies are presented in
chapter 7.



Chapter 5

MEG/EEG Spectra

It is the harmony of the diverse
parts, their symmetry, their happy
balance; in a word it is all that
introduces order, all that gives
unity, that permits us to see clearly
and to comprehend at once both
the ensemble and the details.

Henri Poincaré
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5.1 Summary

The resistive or non-resistive nature of the extracellularspace in the brain is still debated, and
is an important issue for correctly modeling extracellularpotentials. Here, we first show theo-
retically that if the medium is resistive, the frequency scaling should be the same for electroen-
cephalogram (EEG) and magnetoencephalogram (MEG) signalsat low frequencies (<10 Hz).
To test this prediction, we analyzed the spectrum of simultaneous EEG and MEG measurements
in four human subjects. The frequency scaling of EEG displays coherent variations across the
brain, in general between 1/ f and 1/ f 2, and tends to be smaller in parietal/temporal regions. In
a given region, although the variability of the frequency scaling exponent was higher for MEG
compared to EEG, both signals consistently scale with a different exponent. In some cases,
the scaling was similar, but only when the signal-to-noise ratio of the MEG was low. Several
methods of noise correction for environmental and instrumental noise were tested, and they all
increased the difference between EEG and MEG scaling. In conclusion, there is a significant
difference in frequency scaling between EEG and MEG, which can be explained if the extra-
cellular medium (including other layers such as dura matterand skull) is globally non-resistive.

Reference:
J Comput Neurosci. 2010 Dec;29(3):405-21. Epub 2010 Aug 10.“Special issue on modeling
extracellular potentials”

Keywords:
EEG , MEG; Local Field Potentials , Extracellular resistivity , Maxwell Equations , Power-law
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5.2 Résuḿe

La nature résistive ou non-résistive du milieu extracellulaire est toujours débattue, mais elle con-
stitue un élément important pour la modélisation des potentiels extracellulaires. Nous montrons
d’abord théoriquement, que si le milieu est résistif, le comportement d’echelle en fréquence doit
être le même pour les signaux d’électroencéphalogramme (EEG) et magnétoencéphalogramme
(MEG) à basse fréquence (<10 Hz). Afin de tester cette prédiction, nous avons analyséle
spectre d’enregistrements EEG et MEG simultanés de quatresujets humains. Le comporte-
ment d’échelle en fréquence de l’EEG montre des variations cohérentes sur la surface du
cerveau, avec des exposants en général compris entre 1/ f et 1/ f 2; ces exposants tendent à
être plus faibles dans les régions temporales et pariétales. Dans une région donnée, les ex-
posants de la MEG ont une variabilité plus grande que pour l’EEG, mais les deux signaux ont
systématiquement un exposant différent. Dans certains cas, les exposants sont proches, mais ces
cas correspondent à un mauvais rapport signal/bruit pour la MEG. Plusieurs méthodes de cor-
rections du bruit instrumental et environmental ont été testées, et dans tous les cas, ces méthodes
augmentent la différence de comportement spectral entre l’EEG et la MEG. En conclusion, il y
a une différence significative de comportement déchelle en fréquence entre EEG et MEG, ce qui
peut être expliqué si le milieu extracellulaire (incluant d’autres couches telles que la dure-mère
et le crâne) est globalement non-résistif.
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5.3 Introduction

An issue central to modeling local field potentials is whether the extracellular space around
neurons can be considered as a resistive medium. A resistivemedium is equivalent to replacing
the medium by a simple resistance, which considerably simplifies the computation of local
field potentials, as the equations to calculate extracellular fields are very simple and based on
Coulomb’s law [75,188]. Forward models of the EEG and inverse solution/source localization
methods also assume that the medium is resistive [76,189,190]. However, if the medium is non-
resistive, the equations governing the extracellular potential can be considerably more complex
because the quasi-static approximation of Maxwell equations cannot be made [122].

Experimental characterizations of extracellular resistivity are contradictory. Some experi-
ments reported that the conductivity is strongly frequencydependent, and thus that the medium
is non-resistive ( [139–141,191]. Other experiments reported that the medium was essentially
resistive [138]. However, both types of measurements used current intensities far larger than
physiological currents, which can mask the filtering properties of the tissue by preventing phe-
nomena such as ionic diffusion [192]. Unfortunately, the issue is still open because there exists
no measurements to date using (weak) current intensities that would be more compatible with
biological current sources.

In the present paper, we propose an indirect method to estimate if extracellular space can be
considered as a purely resistive medium. We start from Maxwell equations and show that if the
medium was resistive, the frequency-scaling of electroencephalogram (EEG) and magnetoen-
cephalogram (MEG) recordings should be the same. We then test this scaling on simultaneous
EEG and MEG measurements in humans.

5.4 Methods

5.4.1 Participants and MEG/EEG recordings

We recorded the electromagnetic field of the brain during quiet wakefulness (with alpha rhythm
occasionally present) from four healthy adults (4 males ages 20-35). Participants had no neuro-
logical problems including sleep disorders, epilepsy, or substance dependence, were taking no
medications and did not consume caffeine or alcohol on the day of the recording. We used a
whole-head MEG scanner (Neuromag Elekta) within a magnetically shielded room (IMEDCO,
Hagendorf, Switzerland) and recorded simultaneously with60 channels of EEG and 306 MEG
channels [202]. MEG SQUID (super conducting quantum interference device) sensors are ar-
ranged as triplets at 102 locations; each location containsone “magnetometer” and two orthog-
onal planar “gradiometers” (GRAD1, GRAD2). Unless otherwise noted, MEG will be used
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here to refer to the magnetometer recordings. Locations of the EEG electrodes on the scalp of
individual subjects were recorded using a 3D digitizer (Polhemus FastTrack). HPI (head posi-
tion index) coils were used to measure the spatial relationship between the head and scanner.
Electrode arrangements were constructed from the projection of 3D position of electrodes to a
2D plane in order to map the frequency scaling exponent in a topographical manner. All EEG
recordings were monopolar with a common reference. Sampling rate was 1000 Hz.

For all subjects, four types of consecutive recordings wereobtained, in the following order:
(1) Empty-room recording; (2) Awake “idle” recording wheresubjects were asked to stay com-
fortable, without movements in the scanner, and not to focuson anything specific; (3) a visual
task; (4) sleep recordings. All idle recordings used here were made in awake subjects with eyes
open, where the EEG was desynchronized. A few minutes of suchidle time was recorded in the
scanner. For each subject, 3 awake segments with duration of60 seconds were selected from
the idle recordings (see example signals in Fig.5.1).

As electrocardiogram (ECG) noise often contaminates MEG recordings, Independent com-
ponent analysis (ICA) algorithm was used to remove such contamination; either Infomax ( [25]
or the “Jade algorithm” from the EEGLAB toolbox [203] was used to achieve proper decontam-
ination. In all recordings, the ECG component stood out veryrobustly. In order not to impose
any change in the frequency content of the signal, we did not use the ICA to filter the data
on any prominent independent oscillatory component and it was solely used to decontaminate
the ECG noise. We verified that the removal of ECG did not change the scaling exponent (not
shown).

In each recording session, just prior to brain recordings, we recorded a few minutes of the
electromagnetic field present within the dewar in the magnetic shielded room. Similar to wake
epochs, 3 segments of 60 seconds duration were selected for each of the four recordings. This
will be referred to “empty room” recordings and will be used in noise correction of the awake
recordings.

In each subject, the power spectral density (PSD) was calculated by first computing the
Fast Fourier transform (FFT) of 3 awake epochs, then averaging their respective PSDs (square
modulus of the FFT). This averaged PSD was computed for all EEG and MEG channels in
order to reduce the effects of spurious peaks due to random fluctuations. The same procedure
was also followed for empty-room signals.

5.4.2 Noise correction methods

Because the environmental and instrumental sources of noise are potentially high in MEG
recordings, we took advantage of the availability of empty-room recordings to correct for the
presence of noise in the signal. We used five different methods for noise correction, based on
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different assumptions about the nature of the noise. We describe below these different correc-
tion methods, while all the details are given inSupplementary Methods.

A first procedure for noise correction, exponent subtraction (ES), assumes that the noise is
intrinsic to the SQUID sensors. This is justified by the fact that the frequency scaling of some
of the channels is identical to that of the corresponding empty-room recording (see Results). In
such a case, the scaling is assumed to entirely result from the “filtering” of the sensor, and thus
the correction amounts to subtract the scaling exponents.

A second class of noise subtraction methods assume that the noise is of ambient nature and
is uncorrelated with the signal. This chatacteristics, warrants the use of spectral subtraction
(where one subtracts the PSD of the empty-room from that of the MEG recordings), prior
to the calculation of the scaling exponent. The simplest form of spectral subtraction, linear
multiband spectral subtraction (LMSS), treats the sensorsindividually and does not use any
spatial/frequency-based statistics in its methodology [204]. An improved version, nonlinear
multiband spectral subtraction (NMSS), takes into accountthe signal-to-noise ratio (SNR) and
its spatial and frequency characteristics [205, 206]. A third type, Wiener filtering (WF), uses
a similar approach as the latter, but obtain an estimate of the noiseless signal from that of the
noisy measurement through minimizing the Mean Square Error(MSE) between the desired and
the measured signal [207,208].

A third type of noise subtraction, partial least squares (PLS) regression, combines Principal
component analysis (PCA) methods with multiple linear regression [209, 210]. This methods
finds the spectral patterns that are common in the MEG and the empty-room noise, and removes
these patterns from the PSD.

5.4.3 Frequency scaling exponent estimation

The method to estimate the frequency scaling exponent was composed of steps: First, applying
a spline to obtain a smooth FFT without losing the resolution(as can happen by using other
spectral estimation methods); Second, using a simple polynomial fit to obtain the scaling ex-
ponent. To improve the slope estimation, we approximated the PSD data points using a spline,
which is a series of piecewise polynomials with smooth transitions and where the break points
(“knots”) are specified. We used the so-called “B-spline” (see details in [211].

The knots were first defined as linearly related to logarithm of the frequency, which naturally
gives more resolution to low frequencies, to which our theory applies. Next, in each frequency
window (between consecutive knots), we find the closest PSD value to the mean PSD of that
window. Then we use the corresponding frequency as the optimized knot in that frequency
range, leading the final values of the knots. The resulting knots stay close to the initial dis-
tribution of frequency knots but are modified based on each sensor’s PSD data to provide the
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optimal knot points for that given sensor (Fig.5.2A). We also use additional knots at the outer
edges of the signal to avoid boundary effects [212]. The applied method provides a reliable
and automated approach that uses our enforced initial frequency segments with a high emphasis
in low frequency and it optimizes itself based on the data. After obtaining a smooth B-spline
curve, a simple 1st degree polynomial fit was used to estimatethe slope of the curve between
0.1-10 Hz (the fit was limited to this frequency band in order to avoid the possible effects of
the visible peak at 10 Hz on the estimated exponent).Using this method provides a reliable and
robust estimate of the slope of the PSD in logarithmic scale,as shown in Fig.5.2B. For more
details on the issue of automatic non-parametric fitting, and the rationale behind combining the
polynomial with spline basis functions, we refer the readerto [213] as well as [214] and [215].

This procedure was realized on all channels automatically (102 channels for MEG, 60 chan-
nels for EEG, for each patient). Every single fit was further visually confirmed. In the case of
MEG, noise correction is essential to validate the results.For doing so, we used different meth-
ods (as described above) to reduce the noise. Next, all the mentioned steps of frequency scaling
exponents were carried out on the corrected PSD. Results areshown in Fig.5.4.

5.4.4 Region of Interest (ROI)

Three ROIs were selected for statistical comparisons of thetopographic plots. As shown in
Figure5.4(panel F), FR (Frontal) ROI refers to the frontal ellipsoid,VX (Vertex) ROI refers to
the central disk located on vertex and PT (Parietotemporal)refers to the horseshoe ROI.

5.5 Theory

We start from first principles (Maxwell equations) and derive equations to describe EEG and
MEG signals. Note that the formalism we present here is different than the one usually given (as
in [216,217], because the linking equations are here considered in their most general expression
(convolution integrals), in the case of a linear medium (seeEq. 77.4 in [218]. This generality is
essential for the problem we treat here, because our aim is tocompare EEG and MEG signals
with the predictions from the theory, and thus the theory must be as general as possible.

5.5.1 General formalism

Maxwell equations can be written as

∇ ·~D = ρ f ree ∇ ·~B= 0

∇ ×~E =−∂~B
∂ t ∇ × ~H = ~j + ∂~D

∂ t

(5.1)
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If we suppose that the brain is linear in the electromagneticsense (which is most likely), then
we have the two following linking equations. The first equation links the electric displacement
with the electric field:

~D =

∫ +∞

−∞
ε(τ )~E(t− τ )dτ (5.2)

whereε is a symmetric second-order tensor.

A second equation links magnetic induction and the magneticfield:

~B=

∫ +∞

−∞
µ(τ )~H(t− τ )dτ (5.3)

whereµ is a symmetric second-order tensor.

If we neglect non-resistive effects such as diffusion (Bédard and Destexhe, 2009), as well
as any other nonlinear effects2, then we can assume that the medium is linear. In this case, we
can write:

~j =
∫ +∞

−∞
σ(τ )~E(t− τ )dτ (5.4)

whereσ is a symmetric second-order tensor3. Because the effect of electric induction (Fara-
day’s law) is negligible, we can write:

∇ ·~D = ρ f ree ∇ ·~B = 0

∇ ×~E = 0 ∇ × ~H = ~j + ∂~D
∂ t

(5.5)

This system is much simpler compared to above, because electric field and magnetic induction
are decoupled.

By taking the Fourier transform of Maxwell equations (Eqs.5.1) and of the linking equations
(Eqs.5.2,5.3,5.4), we obtain:

∇ ·~D f = ρ f ree
f ∇ ·~Bf = 0

∇ ×~Ef = 0 ∇ × ~H f = ~j f + iω~D f
(5.6)

whereω = 2π f and
~D f = ε f~Ef
~Bf = µ f ~H f
~j f = ~j p

f +σ f~Ef

(5.7)

2Examples of nonlinear effects are variations of the macroscopic conductivityσ f with the magnitude of electric
field ~E. Such variations could appear due to ephaptic (electric-field) interactions for example. In addition, any type
of linear reactivity of the medium to the electric field or magnetic induction can lead to frequency-dependent
electric parametersσ ,ε,µ (for a detailed discussion of such effects, see [192].

3Note that in textbooks, these linking equations (Eqs.5.2–5.4) are often algebraic and independent of time (for
example, see Eqs. 5.2-6, 5.2-7 and 5.2-8 in [217]. The present formulation is more general, more in the line of
Landau and Lifchitz [218].
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where the relationσ f~Ef in Eq. 5.7 is the current density produced by the (primary) current
sources in the extracellular medium. Note that in this formulation, the electromagnetic pa-
rametersε f , µ f andσ f depend on frequency4. This generalization is essential if we want the
formalism to be valid for media that are linear but non-resistive, which can expressed with
frequency-dependent electric parameters. It is also consistent with the Kramers-Kronig rela-
tions (see [218,219]).

~j p
f is the current density of these sources in Fourier frequencyspace. This current density is

composed of the axial current in dendrites and axons, as wellas the transmembrane current. Of
course, this expression is such that at any given point, there is only one of these two terms which
is non-zero. This is a way of preserving the linearity of Maxwell equations. Such a procedure
is legitimate because the sources are not affected by the field they produce5.

5.5.2 Expression for the electric field

From Eq.5.6(Faraday’s law in Fourier space), we can write:

~Ef =−∇ Vf . (5.8)

From Eq.5.6(Ampère-Maxwell’s law in Fourier space), we can write:

∇ · (∇ × ~H f ) = ∇ ·~j f + iω∇ · (ε f~Ef )

= ∇ ·~j p
f − ∇ · ((σ f + iωεf )∇ Vf ) = 0 (5.9)

Settingγf = σ f + iωεf , one obtains:

∇ · (γf ∇ Vf ) = ∇ ·~j p
f (5.10)

where∇ ·~j p
f is a source term andγf is a symmetric second-order tensor (3×3). Note that this

tensor depends on position and frequency in general, and cannot be factorized. We will call this
expression (Eq.5.10) the “first fundamental equation” of the problem.

5.5.3 Expression for magnetic induction

From the mathematical identity

∇ × ∇ ×~X =−∇ 2~X+ ∇ (∇ ·~X) (5.11)

4In textbooks, the electric parameters are sometimes considered as complex numbers, for example with the
notion of phasor (see Section 5.3 in Gulrajani, [217], but they are usually considered frequency independent.

5If it was not the case, then the source terms would be a function of the produced field, which would result in
more complicated equations
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it is clear that this is sufficient to know the divergence and the curl of a field~X, because the
solution of∇ 2X is unique with adequate boundary conditions.

As in the case of magnetic induction, the divergence is necessarily zero, it is sufficient to
give an explicit expression of the curl as a function of the sources.

Supposing thatµ = µoδ(t) is a scalar (tensor where all directions are eigenvectors),and
taking the curl of Eq.5.6(D), multiplied by the inverse ofγf , we obtain the following equality:

∇ × (γinv
f ∇ ×~Bf ) = µo∇ × (γinv

f
~j p

f ) (5.12)

because∇ ×~Ef = 0. This expression (Eq.5.12) will be named the “second fundamental equa-
tion”.

5.5.4 Boundary conditions

We consider the following boundary conditions:

1 - on the skull, we assume thatVf (~r) is differentiable in space, which is equivalent to
assume that the electric field is finite.

2 - on the skull, we assume that ˆn ·γf ∇ Vf is also continuous, which is equivalent to assume
that the flow of current is continuous. Thus, we are interested in solutions where the electric
field is continuous.

3 - because the current is zero outside of the head, the current perpendicular to the surface
of cortex must be zero as well. Thus, the projection of the current on the vector ˆn normal to the
skull’s surface, must also be zero.

n̂(~x) ·γf ∇ Vf (~x) = 0 (5.13)

The latter expression can be proven by calculating the totalcurrent and apply the divergence
theorem (not shown).

5.5.5 Quasi-static approximation to calculate magnetic induction

The “second fundamental equation” above implies invertingγf , which is not possible in general,
because it would require prior knowledge of both conductivity and permittivity in each point
outside of the sources. If the medium is purely resistive (γf = γ whereγ is independent of
space and frequency), one can evaluate the electric field first, and next integrate~Bf using the
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quasi-static approximation (Ampère-Maxwell’s law). Because for low frequencies, we have
necessarily~j f >> iω~D f , we obtain

∇ ×~Bf = µo~j f ,

which is also known as Ampère’s law in Fourier space.

Thus, for low frequencies, one can skip the second fundamental equation. Note that in
case this quasi-static approximation cannot be made (such as for high frequencies), then one
needs to solve the full system using both fundamental equations. Such high frequencies are,
however, well beyond the physiological range, so for EEG andMEG signals, the quasi-static
approximation holds if the extracellular medium is resistive, or more generally if the medium
satisfies∇ ×~Ef =−iω~Bf ⋍ 0 (see Eqs.5.5and5.6).

According to the quasi-static approximation, and using thelinking equation between current
density and the electric field (Eq.5.7), we can write:

∇ ×~Bf = µo(~j
p
f −γ∇ Vf ) (5.14)

Because the divergence of magnetic induction is zero, we have from Eq.5.11:

∇ × ∇ ×~Bf =−∇ 2~Bf =−µo∇ × (~j p
f −γ∇ Vf ) (5.15)

This equation can be easily integrated using Poisson integral (“Poisson equation” for each
component in Cartesian coordinates) In Fourier space, thisintegral is given by the following
expression

~Bf (~r) =
µo

4π

∫∫∫

head

∇ × (~j p
f (
~r ′)−γ∇ Vf (~r ′))

‖~r −~r ′‖
dv′ (5.16)

5.5.6 Consequences

If the medium is purely resistive (“ohmic”), thenγ does not depend on the spatial position
(see [122,192]) nor on frequency, so that the solution for the magnetic induction is given by:

~Bf (~r) =
µo

4π

∫∫∫

head

∇ ×~j p
f (~r)

‖~r −~r ′‖
dv′ (5.17)

and does not depend on the nature of the medium.
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For the electric potential, from Eq.5.10, we obtain the solution:

Vf (~x) =− 1
4πγ

∫∫∫

head

∇ ·~j p
f

|~x−~x′|
dv′ (5.18)

Thus, when the two source terms∇ ×~j p
f and∇ ·~j p

f are white noise, the magnetic induction
and electric field must have the same frequency dependence. Moreover, because the spatial
dimensions of the sources are very small (see appendices), we can suppose that the current
density~j p

f (~x) is given by a function of the form:

~j p
f (~x) = ~j pe(~x)F( f ) (5.19)

such that∇ ×~j p
f and∇ ·~j p

f have the same frequency dependence for low frequencies. Eq.5.19
constitutes the main assumption of this formalism.

In Appendix A, we provide a more detailed justification of this assumption, based on the
differential expressions of the electric field and magneticinduction in a dendritic cable. Note
that this assumption is most likely valid for states with lowcorrelation such as desynchronized-
EEG states or high-conductance states, and for low-frequencies, as we analyze here (see details
in the appendices).

Thus, the main prediction of this formalism is that if the extracellular medium is resistive,
then the PSD of the magnetic induction and of the electric potential must have the same fre-
quency dependence. In the next section, we will examine if this is the case for simultaneously
recorded MEG and EEG signals.

5.6 Test on experimental data

A total of 4 subjects were used for the analysis. Figure5.1 shows sample MEG and EEG
channels from one of the subjects, during quiet wakefulness. Although the subjects had eyes
open, a low-amplitude alpha rhythm was occasionally present (as visible in Fig.5.1). There
were also oscillations present in the empty-room signal, but these oscillations are evidently
different from the alpha rhythm because of their low amplitude and the fact that they do not
appear in gradiometers (see Suppl. Fig. S1).

In the next sections, we start by briefly presenting the method that was used to estimate the
frequency scaling of the PSDs. Then we report the scaling exponents for 0.1-10 Hz frequency
bands and their differences in EEG and MEG recordings.
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5.6.1 Frequency scaling exponent estimation

Because of the large number of signals in the EEG and MEG recordings, we used an automatic
non-parametric procedure to estimate the frequency scaling (see Methods). We used a B-spline
approximation by interpolation with boundary conditions to find a curve which best represents
the data(see Methods). A high density of knots was given to the low-frequency band (0.1-
10 Hz), to have an accurate representation of the PSD in this band, and calculate the frequency
scaling. An example of optimized knots to an individual sensor is shown in Figure5.2A; note
that this distribution of knots is specific to this particular sensor. The resulting B-spline curves
were used to estimate the frequency scaling exponent using a1st degree polynomial fit. Fig-
ure5.2B shows the result of the B-spline analysis with optimized knots (in green) capturing the
essence of the data better than the usual approximation of the slope using polynomials (in red).
The goodness of fit showed a robust estimation of the slope using B-spline method. Residuals
were -0.01± 0.6 for empty-room, 0.2± 0.65 for MEG awake, 0.05± 0.6 for LMSS, 0.005±
0.64 for NMSS, 0.08± 0.5 for WF,0.001± 0.02 for PLS, and -0.02± 0.28 for EEG B-spline
(all numbers to be multiplied by 10−14).

5.6.2 MEG and EEG have different frequency scaling exponents

Figure5.3 shows the results of the B-spline curve fits to the log-log PSDvs frequency for all
sensors of all subjects. In this figure, and only for the ease of visual comparison, these curves
were normalized to the value of the log(PSD) of the highest frequency. As can be appreciated,
all MEG sensors (in red) show a different slope than that of the EEG sensors (in blue). The
frequency scaling exponent of the EEG is close to 1 (1/ f scaling), while MEG seems to scale
differently. Thus, this representation already shows clear differences of scaling between EEG
and MEG signals.

However, MEG signals may be affected by ambient or instrumental noise. To check for this,
we have analyzed the empty-room signals using the same representation and techniques as for
MEG, amd the results are represented in Fig.5.3(insets). Empty-room recordings always scale
very closely to the MEG signal, and thus the scaling observedin MEG may be due in part to
environmental noise or noise intrinsic to the detectors. This emphasizes that it is essential to
use empty-room recordings made during the same experiment to correct the frequency scaling
exponent of MEG recordings.

To correct for this bias, we have used five different procedures (see Methods). The first
class of procedure (ES) considers that the scaling of the MEGis entirely due to filtering by the
sensors, which would explain the similar scaling between MEG and empty-room recordings.
In this case, however, nearly all the scaling would be abolished, and the corrected MEG signal
would be similar to white noise (scaling exponent close to zero). Because the similar scaling



67

may be coincidental, we have used two other classes of noise correction procedures to comply
with different assumptions about the nature of the noise. The second class, is composed of
spectral subtraction (LMSS and NMSS) or Wiener filtering (see Methods). These methods are
well-established in other fields such as acoustics. The third class, uses statistical patterns of
noise to enhance PSD (PLS method, for details see Methods).

5.6.3 Spatial variability of the frequency scaling exponent

We applied the above methods to all channels and representedthe scaling exponents in topo-
graphic plots in Fig.5.4. This figure portrays that both MEG and EEG do not show a homoge-
nous pattern of the scaling exponent, confirming the differences of scaling seen in Fig.5.3.
The EEG (Figure5.4A) shows that areas in the midline have values closer to 1, while those
at the margin can deviate from 1/ f scaling. MEG on the other hand shows higher values of
the exponent in the frontal area and a horseshoe pattern of low value exponents in parietotem-
poral regions (Figure5.4B). As anticipated above, empty-room recordings scale moreor less
uniformly with values close to 1/ f (Figure5.4C), thus necessitating the correction for this phe-
nomena to estimate the correct MEG frequency scaling exponent. Different methods for noise
reduction are shown in Figure5.4: spectral subtraction methods, such as LMSS (Figure5.4D),
NMSS (Figure5.4E), WF enhancement (Figure5.4F). These corrections preserve the pattern
seen in Figure5.4B, but tend to increase the difference with EEG scaling: one method (LMSS)
yields minimal correction while the other two (NMSS and WF) use band-specific SNR informa-
tion in order to cancel the effects of background colored-noise (see Suppl. Fig. S2), and achieve
higher degree of correction (see Supplementary Methods fordetails). Figure5.4G portrays
the use of PLS to obtain a noiseless signal based on the noise measurements. The degree of
correction achieved by this method is higher than what is achieved by spectral subtraction and
WF methods. Exponent subtraction is shown in Figure5.4H. This correction supposes that the
scaling is due to the frequency response of the sensors, and nearly abolishes all the frequency
scaling (see also Suppl. Fig. S3 for a comparison of different methods of noise subtraction).

5.6.4 Statistical comparison of EEG and MEG frequency scaling

Based on the patterns in Fig.5.4, we created three ROIs covering Vertex (FR), Vertex (VX) and
the horseshoe pattern (PT). These masks are shown in Fig.5.4I.

Figure5.5A represents the overall pattern providing evidence on the general difference and
the wider variability in MEG recordings. The next three panels relate to the individual ROIs. Of
the spectral subtraction methods, NMSS achieves a higher degree of correction in comparison
with LMSS (see Figure5.4C, Figure5.4D as well as Suppl. Fig. S3). Because NMSS takes into
account the effects of the background colored-noise (Suppl. Fig. S2), it is certainly more rele-
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vant to the type of signals analyzed here. The results of NMSSand WF are almost identical and
confirm one another (see Figure5.4E, as well as Suppl. Fig. S3). Therefore, of this family of
noise correction, only NMSS is portrayed here. Of the methods dealing with different assump-
tions about the nature of the noise, the “Exponent subtraction” almost abolishes the frequency
scaling (Also see in Figure5.4H, as well as Suppl. Fig. S3). Applying PLS yields values in
between “Exponent subtraction” and that of NMSS and is portrayed in Figure5.5.

In the Frontal region (Figure5.5B), the EEG scaling exponents show higher variance by
comparison to MEG. Also, EEG shows some overlaps with the distribution curve of non-
corrected MEG; this overlap becomes limited to the tail end of the NMSS correction and is
abolished in the case of PLS correction. As can be appreciated, VX (Figure5.5C) shows both
similar values and similar distribution for EEG and non-corrected MEG. These similarities, in
terms of regional overall values and distribution curve, are further enhanced after NMSS cor-
rection. It is to be noted that, in contrast to these similarities, the one-to-one correlation of
NMSS and EEG at VX ROI are very low (see below, Table 1B-C). Thevalues of PLS noise
correction are very different from that of EEG and have a similar, but narrower, distribution
curve shape. Two other ROIs show distinctively different values and distribution in comparing
EEG and MEG. Both NMSS and PLS agree on this with PLS showing more extreme cases.
Figure5.5D reveals a bimodal distribution of MEG exponents in the parietotemporal region
(PT ROI). This region has also the highest variance (in MEG scaling exponents) compared to
other ROIS. The distinction between EEG and MEG is enhanced in PLS estimates; however,
the variance of PT is reduced in comparison to NMSS while the bimodality is still preserved but
weakened. The values of mean and standard deviation for these ROIs’ exponents are provided
in Table 1A (mean± standard deviation).

The box-plots of Fig.5.5-plots further show the difference between the medians, lower/upper
quartile and interquartile range. The overall difference is that the uncorrected MEG has much
wider variance compared to EEG and corrected MEG (in case of PLS correction); the absolute
value of the median of MEG (uncorrected, or corrected with either NMSS or PLS) is always
smaller than that of EEG. The VX region is an exception to the above rules; interestingly, the
one-to-one correlation of VX happens to be the lowest of all (see below). In the case of NMSS-
corrected MEG, the shape of the pdf is preserved. However, PLS narrows the distribution curve
of MEG but further enhances the differences between MEG and EEG. Therefore, median and
lower/upper quartiles will have different value than that of EEG.

Correlation values (Table 1B-C) show that, although VX ROI has the closest similarity in
terms of its central tendency and probability distribution, it provides the lowest correlation in a
pairwise fashion. P-values (for testing the hypothesis of no correlation against the alternative
that there is a nonzero correlation) for Pearson’s correlation were calculated using a Student’s t-
distribution for a transformation of the correlation and they were all significant (less than 10−15

for α = 0.05). Similarly, a non-parametric statistic Kendall taurank correlation was used to mea-
sure the degree of correspondence between two rankings and assessing the significance of this
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correspondence between MEG and EEG in the selected ROIs (Table 1C). P-values for Kendall’s
tau and Spearman’s rho calculate using the exact permutation distributions were all significant
(less than 10−15 for α = 0.05). Kendall tau shows that the rank correlation for all areas consid-
ered together as well as for PT, show a lesser correlation than that is shown by Pearson linear
correlation. Furthermore, we carried out a Kruskal-Wallisnonparametric version of one-way
analysis of variance. We used this test to avoid bias in ANOVA(KruskalWallis assumes that the
measurements come from a continuous distribution, but not necessarily a normal distribution as
is assumed in ANOVA). KruskalWallis uses analysis of variance on the ranks of the data values,
not the data values themselves and therefore is an appropriate test for comparison of the homo-
geneity of pattern between ROIs of two image as well as their statistical median. As shown in
Table 1D, all p-values were significant emphasizing the difference between the spatial aspect of
the spectral nature of MEG and EEG. Note that the difference of scaling exponent of EEG and
MEG was also confirmed by nonlinear spatial kendall correlation analysis, independently of the
ROIs classification (not shown).

5.6.5 Relation of scaling exponent to signal-to-noise ratio

Noise correction does not affect all the sensors in a same fashion. As presented in Suppl.
Fig. S3, the simple linear spectral subtraction (LMSS) may lead to an increment or decrement
of the scaling exponent. In any case, the correction achieved by this method is minimal. This
is due to the fact that LMSS ignores the complex non-linear patterns of the SNR in different
channels (Suppl. Fig. S2). We show that for all subjects, as the frequency goes up, the SNR goes
down. It is also noticable that in each defined frequency band, i.e. 0-10 Hz (Slow, Delta and
Theta), 11-30 Hz (Beta), 30-80 Hz (Gamma), 80-200 Hz (Fast oscillation), 200-500 Hz (Ultra-
fast oscillation), there is an observable sensor-to-sensor SNR variability. This variability is at its
maximum in the band with the highest SNR (i.e. 1-10 Hz). All together, the non-linear nature
of MEG SNR shows that a linear spectral subtraction could behave non-optimally, leading to
minimal correction. This also conveys that the optimal spectral correction can be achieved
only by non-linear methods that explicitly take into account the SNR information of the data.
Therefore the correction achieved by NMSS and WF have highervalidity, in agreement with the
fact that both methods yield similar results in terms of values and spatial distribution (Fig.5.4E,
Fig. 5.4F).

5.7 Discussion

In this paper, we have used a combination of theoretical and experimental analyses to investi-
gate the spectral structure of EEG and MEG signals. In the first part of the paper, we presented
a theoretical investigation showing that if the extracellular medium is purely resistive, the equa-
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tions of the frequency dependence of electric field and magnetic induction take a simple form,
because the admittance tensor does not depend on spatial coordinates. Thus, the macroscopic
magnetic induction does not depend on the electric field outside the neuronal sources, but only
depends on currents inside neurons. In this case, the frequency scaling of the PSD should be
the same for EEG and MEG signals. This conclusion is only valid in the linear regime, and for
low frequencies.

An assumption behind this formalism is that the spatial and frequency dependence of the
current density factorize (Eq.5.19). We have shown in the appendices that this is equivalent
to consider the different current sources as independent. Thus, the formalism will best apply
to states where the activity of synapses is intense and of very low correlation. This is the
case for desynchronized-EEG states or more generally “high-conductance states”, in which the
activity of neurons is intense, of low correlation, and the neuronal membrane is dominated
by synaptic conductances [31]. In such conditions, the dendrites are bombarded by intense
synaptic inputs which are essentially uncorrelated, and one can consider the current sources
as independent [123]. In the present paper, we analyzed EEG and MEG recordings insuch
desynchronized states, where this formalism best applies.

Note that the above reasoning neglects the possible effect of abrupt variations of impedances
between different media (e.g., between dura matter and cerebrospinal fluid). However, there is
evidence that this may not be influential. First, our previous modeling work [122] showed that
abrupt variations of impedance have a negligible effect on low frequencies, suggesting that even
in the presence of such abrupt variations should not play a role at low frequencies. Second, in
the frequency range considered here, the skull and the skin are very close to be resistive at low
frequencies [140], so it is very unlikely that they play a role in the frequencyscaling in EEG
and MEG power spectra even at high frequencies.

In the second part of the paper, we have analyzed simultaneous EEG and MEG signals
recorded in four healthy human subjects while awake and eyesopen (with desynchronized
EEG). Because of the large number of channels involved, we used an automatic procedure (B-
splines analysis) to calculate the frequency scaling. As found in previous studies [129,134,220],
we confirm here that the EEG displays frequency scaling closeto 1/ f at low frequencies6. How-
ever, this 1/ f scaling was most typical of the midline channels, while temporal and frontal leads
tended to scale with slightly larger exponents, up to 1/ f 2 (see Fig.5.4A). The same pattern was
observed in all four patients.

This approach differs from previous studies in two aspects.First, in contrast to prior studies
(such as [130,131]), we calculated the frequency scaling of all the sensors and did not confine
our analysis to a specific region. Second, unlike other investigators (such as [221, 222]), we

6Note that to compare scaling exponents between studies one must take into account that the electrode montage
may influence the scaling. For example, in bipolar (differential) EEG recordings, if two leads are scaling as
1/(A+ f ) and 1/(B+ f ), the difference will have regions scaling as 1/ f 2.
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did not limit our evaluations to either EEG or MEG alone, but rather analyzed the scaling of
both type of signals simultaneously. Such a strategy enables us to provide an extended spatial
analysis of the frequency scaling. It also provides a chanceto compare the scaling properties of
these signals in relation to their physical differences.

For the MEG recordings, the frequency scaling at low frequencies was significantly lower
compared to the EEG (see Fig.5.3). This difference in frequency scaling was also accompanied
by spatial variability patterns (see Fig.5.4) showing three distinct regions: 1) a frontal area
where the exponents had their highest values in the case of MEG; 2) a central area where the
values of exponents of EEG and MEG get closer to each other and3) a parietotemporal horse-
shoe region showing the lowest exponents for MEG with bimodal characteristics (Fig.5.5). In
some cases, the scaling of the uncorrected and corrected MEGsignal was also close to 1/ f , as
reported previously (Novikov et al., 1997). In the frontal area (FR mask), the scaling exponent
of the EEG was generally larger. At Vertex (VX mask), EEG and MEG had similar values
and at the Parietotemporal region (PT mask), MEG showed a bimodal property with a much
broader range of scaling exponent in comparison to EEG (see Fig. 5.4). Note that to avoid the
effect of spurious peaks, Novikov et al. used the spectrum ofsignal differences and argued for
the existence of a local similarity regime in brain activity[131]. This approach fundamentally
changes the spectral characteristics of Magnetometers (which measure the absolute magnitude
of the magnetic induction) into a measure that only for the neighboring sensors approximates
the behavior of the gradiometers (which measures the gradient of the magnetic induction). So
it is not clear how to relate their values to the ones obtainedhere.

To make sure that the differences of frequency scaling between EEG and MEG were not
due to environmental or instrumental noise, we have used fivedifferent methods to remove the
effect of noise. These methods are based on different assumptions about the nature and effect of
the noise. A first possibility is to correct for the noise induced by the MEG sensors. It is known
that the SQUID detectors used in MEG recordings are very sensitive to environmental noise and
they can produce 1/ f noise [8]. Under this assumption, part of the scaling of the MEG could
be due to “filtering” by the sensors themselves, which justifies a simple subtraction of scaling
exponents to remove the effects of this filtering. Note that such empty-room recordings were not
possible for the EEG, although the noise from the recording setup could be estimated (see [133]
for example). Because in some cases both MEG and emptyroom signals have similar scaling,
a simple correction by subtracting the exponents would almost entirely abolish the frequency
scaling while in other cases it may even revert the sign of thescaling exponent (see Fig.5.4H ,
Suppl. Fig. S3).

However, if noise is not due to the sensors but is of additive uncorrelated nature, then an-
other method for noise correction must be used. For this reason, we have used a second class
of well-established methods consisting of spectral subtraction [204,223]. Using three of such
methods (LMSS, NMSS and WF) changed the scaling exponent, without fundamentally chang-
ing its spatial pattern (Fig.5.4D-F). The largest correction was obtained by non-linear methods
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which take into account the SNR information in the MEG signal. We also applied another
class of method which uses the collective characteristics of all frequencies in noise correction
(PLS). Similar to exponent subtraction, this method nearlyabolished all the scaling of the MEG
(Fig.5.4G). In conclusion, although different methods for noise subtraction give rise to different
predictions about frequency scaling, all of the used methods enhanced the difference between
EEG and MEG scaling. Thus, we conclude that the difference ofEEG and MEG scaling cannot
be attributed to noise, but is significant, therefore reinforcing the conclusion that the medium
must be non-resistive.

An alternative method to investigate this is the “DetrendedFluctuation Analysis” (DFA;
see [130,221,222,224]). Like many nonlinear approaches, DFA results are very vulnerable to
the selection of certain parameters. Different filters severely affect the scaling properties of the
electromagnetic signals to different extents, and therefore the parameters estimated through the
DFA analysis could be false or lead to distorted interpretations of real phenomena [225], and
these effects are especially prominent for lower frequencies, which are precisely our focus of
investigation here. One of the fields for which DFA can provide robust results is to analyze
surrogate data with known characteristics. Although the use of DFA to evaluate the scaling
exponents of EEG was vigorously criticized [225], a previous analysis [221,222] reported two
different regions, a central and a more frontal, which somehow correlate with the FR and VX
regions identified in our analysis. Similarly, a study by [226] using DFA provided evidence
for topographical differences in scaling exponents of EEG recordings. They report that scaling
exponents were homogeneous over the posterior half of the scalp and became more pronounced
toward the frontal areas. In contrast to Linkenkaer-Hansenet al., [130] (where envelope of alpha
oscillations was used for DFA estimation), this study uses the raw signal in its DFA analysis
and yields values closer to those reported here.

Both uncorrected signals and empty-room correction show that there is a fundamentally
different frequency scaling between EEG and MEG signals, with near-1/ f scaling in EEG,
while MEG shows a wider range at low frequencies. Although itis possible that non-neuronal
sources affect the lower end (<1Hz) of the evaluated frequency domain [227], the solution to
avoid these possible effects remain limited to invasive methods such as inserting the electrode
into the scalp [228] or using intracranial EEG recordings (similar to [133]. This approach would
render wide range spatial recording as well as simultaneousinvasive EEG and MEG recordings
technically demanding or impractical. However, if technically feasible, such methods could
provide a way to bypass non-neuronal effects at very low frequency. It could also provide a
chance to evaluate the effects of spatial correlation on spectral structure at a multiscale level.

The power spectral structure we observe here is consistent with a scenario proposed previ-
ously [134]: the 1/ f structure of the EEG and LFP signals is essentially due to a frequency-
filtering effect of the signal through extracellular space;this type of scaling can be explained
by ionic diffusion and its associated Warburg impedance7 (see Bédard and Destexhe, 2009).

7Ionic diffusion can create an impedance known as the “Warburg impedance”, which scales as 1/
√

ω, giving
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It is also consistent with the matching of LFPs with multi-unit extracellular recordings, which
can be reconciled only assuming a 1/ f filter [134]. Finally, it is also consistent with the recent
evidence from the transfer function calculated from intracellular and LFP recordings, which
also showed that the extracellular medium is well describedby a Warburg impedance [123].
If this non-resistive aspect of extracellular media is confirmed, it may influence the results of
models of source localization, which may need to be reformulated by including more realistic
extracellular impedances.

In conclusion, the present theoretical and experimental analysis suggests that the scaling of
EEG and MEG signals cannot be reconciled using a resistive extracellular medium. The 1/ f
structure of EEG with smaller scaling exponents for MEG is consistent with non-resistive ex-
tracellular impedances, such as capacitive media or diffusion (Warburg) impedances. Including
such impedances in the formalism is non trivial because these impedances are strongly fre-
quency dependent. The Poisson integral (the solution of Poisson’s law∇ ·~D = −∇ · ε ∇ V = ρ)
would not apply anymore (see [122,192]). Work is under way to generalize the formalism and
include frequency-dependent impedances.

Finally, it is arguable that the scaling could also be influenced by the cancellation and the
extent of spatial averaging of microscopic signals, which are different in EEG and MEG (for
more details on cancellation see [115]; for details on spatial sensitivity profile see [114]). Such
a possible role of the complex geometrical arrangement of underlying current sources should
be investigated by 3D models which could test specific assumptions about the geometry of the
current sources and dipoles, and their possible effect on frequency scaling. Such a scenario
constitutes another possible extension of the present study.

5.8 Appendices

5.8.1 A: Theoretical

5.8.1.1 Frequency dependence of electric field and magneticinduction

To compare the frequency dependence of magnetic induction and electric field, we evaluate
them in a dendritic cable, expressed differentially. For a differential element of dendrite, in
Fourier space, the current produced by a magnetic field (Amp`ere-Laplace law) is given by the
following expression (see Appendix B):

δ~Bf (~r) =
µo

4π
~j p

f (
~r ′)× ~r −~r ′

‖~r −~r ′‖3
δv′ (5.20)

1/ f scaling in the power spectra [229,230].
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when the extracellular medium is resistive. Note that the source of magnetic induction is es-
sentially given by the component of~j p

f along the axial direction (j if ) within each differential
element of dendrite because the perpendicular (membrane) current does not participate to pro-
ducing the magnetic induction if we assume a cylindrical symmetry.

For the electric potential, we have the following differential expression for a resistive medium
(see Appendix C):

δ~Vf (~r) =
1

4πγ
δI⊥f (~r

′)

‖~r −~r ′‖
=

1
4πγ

jmf (~r
′)

‖~r −~r ′‖
δS′ (5.21)

where jmf is the transmembrane current per unit of surface.

If we consider the differential expressions for the magnetic induction (Eq.5.20) and electric
potential (Eq.5.21), one can see that the frequency dependence of the ratio of their modulus
is completely determined by the frequency dependence of theratio of current densityjmf and

j if . In Appendix D, we show that this ratio is quasi-independentof frequency for a resistive
medium, for low frequencies (smaller that∼10 Hz), and if the current sources are of very low
correlation.

Thus, magnetic induction and electric potential can be verywell approximated by:

Vf (~r) = N <V >= N <
N
∑

l=1
δV l

f >

~Bf (~r) = N < ~B>= N <
N
∑

l=1
δ~Bl

f >
(5.22)

for sufficiently small differential dendritic elements (N/l large).

Because the functions of spatial and frequency are statistically independent, we can write
the following expressions for the square modulus of the fields (see Eqs.5.20and5.21):

|Vf (~r)|2 = N2|<
N
∑

l=1
V l (~r)Gm

l ( f )> |2 = |V(~r)|2|G( f )|2

‖~Bf (~r)‖2 = N2‖<
N
∑

i=1

~Bi(~r)Gm
l ( f )> ‖2 = ‖~W(~r)‖2|G( f )|2

(5.23)

where G( f ) =< Gm
l ( f ) >, V l (~r) =< V l (~r) > and ~W(~r) =< ~Bl (~r) > . Thus, the scaling of the

PSDs of the electric potential and magnetic induction must be the same for low frequencies
(smaller than∼10 Hz) if the medium is resistive and when the current sourceshave very low
correlation.
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5.8.1.2 Differential expression for the magnetic induction

According to Maxwell equations, the magnetic induction is given by:

~Bf (~r) =
µo

4π

∫∫∫

head

∇ ′×~j p
f (
~r ′)

‖~r −~r ′‖
dv′ (5.24)

wheredv′ = dx
′1dx

′2dx
′3 and

∇ ′(
1

‖~r −~r ′‖
) =

~r −~r ′

‖~r −~r ′‖3

for a perfectly resistive medium.

We now show that this expression is equivalent to Ampere-Laplace law.

From the identity∇ ′× (g~A) = g(∇ ′×~A)+ ∇ ′g×~A, where∇ ′ = êx
∂

∂x′ + êy
∂

∂y′ + êz
∂

∂z′ , we
can write:

~Bf (~r) =
µo

4π

∫∫∫

head

[∇ ′× (
~j p

f (
~r ′)

‖~r −~r ′‖
)+

µ
4π

~j p
f (
~r ′)× ∇ ′ 1

‖~r −~r ′‖
] dv′ (5.25)

Moreover, we also have the following identity
∫∫∫

head

∇ ′× (
~j p

f (
~r ′)

‖~r −~r ′‖
) dv′ =−

∫∫

∂head

~j p
f (
~r ′)

‖~r −~r ′‖
× n̂ dS′ (5.26)

wheren̂ is a unitary vector perpendicular to the integration surface and going outwards from
that surface. Extending the volume integral outside the head, the surface integral is certainly
zero because the current is zero outside of the head. It follows that:

~Bf (~r) =
µo

4π

∫∫∫

head

~j p
f (
~r ′)× ~r −~r ′

‖~r −~r ′‖3
dv′ (5.27)

wheredv′ = dx
′1dx

′2dx
′3 because

∇ ′(
1

‖~r −~r ′‖
) =

~r −~r ′

‖~r −~r ′‖3

Eq. 5.27 is called the Ampère-Laplace law (see Eq. 13 in Hämäläinen et al., 1993). It is
important to note that this expression for the magnetic induction is not valid when the medium
is not resistive.

Finally, from the last expression, the magnetic induction for a differential element of den-
drite can be written as:

δ~Bf (~r) =
µo

4π
~j p

f (
~r ′)× ~r −~r ′

‖~r −~r ′‖3
δv′ (5.28)
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5.8.1.3 Differential expression of the electric field and electric potential

In this appendix, we derive the differential expression forthe electric field. Starting from
Eq.5.10, we obtain the solution for the electric potential:

Vf (~r) =− 1
4πγf

∫∫∫

head

∇ ·~j p
f (~r

′)

‖~r −~r ′‖
dv′ (5.29)

It follows that the electric field produced by the ensemble ofsources can be expressed as:

~Ef (~r) =−∇ Vf (~r) =
1

4πγf

∫∫∫

head

∇ ·~j p
f (~r

′) · ~r −~r ′

‖~r −~r ′‖3
dv′ (5.30)

such that every differential element of dendrite produces the following electric field:

δ~Ef (~r) =
∇ ·~j p

f (~r
′)

4πγf
· ~r −~r ′

‖~r −~r ′‖3
δv′ (5.31)

The transmembrane currentδI⊥f obeysδI⊥f = iωρf (~r ′)δv′ because we are in a quasi-stationary
regime in a differential dendritic element. Taking into account the differential law of charge
conservation∇ ·~j f (~r ′) =−iωρf (~r ′), we have:

δ~Ef (~r) =
δI⊥f (~r

′)

4πγf

~r −~r ′

‖~r −~r ′‖3
=

jmf (~r
′)

4πγf

~r −~r ′

‖~r −~r ′‖3
δS′ (5.32)

where jmf is the density of transmembrane current per unit surface andδS′ is the surface area
of a differential dendritic element. This approximation iscertainly valid for frequencies lower
than 1000 Hz because the Maxwell-Wagner time (see Bedard et al., 2006b) of the cytoplasm
(τ cyto

mw = ε/σ ∼ 10−10 s.) is much smaller than the typical membrane time constant of aneuron
(τm ∼ 5−20ms).

Finally the contribution of a differential element of dendrite to the electric potential at posi-
tion~r is given by

δ~Vf (~r) =
1

4πγf

δI⊥f (~r
′)

‖~r −~r ′‖
=

1
4πγf

jmf (~r
′)

‖~r −~r ′‖
δS′ (5.33)

We note that the expressions for the electric field and potential produced by each differential
element of dendrite have the same frequency dependence because it is directly proportional to
jmf
γf

for the two expressions. Also note that if the medium is resistive, thenγf = γ and the
frequency dependence of the electric field and potential aresolely determined by that of the
transmembrane currentjmf .
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5.8.1.4 Frequency dependence of the ratioj if (~x)/ jmf (~x).

For each differential element of dendrite, we consider the standard cable model, in which the
impedance of the medium is usually neglected (it is usually considered negligible compared to
the membrane impedance). In this case, we have:





jmf =
Vm

f
rm

+ iωcmVm
f

j if = −σ
∂Vm

f

∂x =− 1
r i

∂Vm
f

∂x

(5.34)

whereVm
f , j if , jmf , cm, rm et r i are respectively the membrane potential, the current density

in the axial direction, the transmembrane current density,the specific capacitance (F/m2), the
specific membrane resistance (Ω.m2) and the cytoplasm resistivity (Ω.m).

It follows that
j if (~x)

jmf (~x)
=

rm

r i(1+ iωτm)
· ∂
∂x

[ln(Vm
f (~x)] (5.35)

whereτm = rmcm.

Underin vivo–like conditions, the activity of neurons is intense and of very low correlation.
This is the case for desynchronized-EEG states, such as awake eyes-open conditions, where the
activity of neurons is characterized by very low levels of correlations. There is also evidence
that in such conditions, neurons are in “high-conductance states” [31], in which the synaptic
activity dominates the conductance of the membrane and primes over intrinsic currents. In such
conditions, we can assume that the synaptic current sourcesare essentially uncorrelated and
dominant, such that the deterministic link between currentsources will be small and can be
neglected (see [123]). Further assuming that the electric properties of extracellular medium are
homogeneous, then each differential element of dendrite can be considered as independent and
the voltagesVm have similar power spectra.

In such conditions, we have:

Vm
f (~x) = Fm(~x)Gm( f ) (5.36)

Note that this expression implies that we have in general foreach differential element of den-
drite: 




jmf (~x) = Fm(~x)(1+iωτm
rm

)Gm( f )

j if (~x) = − 1
r i

∂Fm(~x)
∂x Gm( f ) = F i(~x)Gm( f )

(5.37)

according to Eq.5.34.
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It follows that

j if (~x)

jmf (~x)
=

rm

r i(1+ iωτm)
· ∂
∂x

[ln(F(~x))]≈ rm

r i
· ∂
∂x

[ln(F(~x))] (5.38)

Thus, for frequencies smaller than 1/(ωτm) (about 10 to 30 Hz forτm of 5-20 ms), the ratio
j if (~x)

jmf (~x)
will be frequency independent, and for each differential element of dendrite, we have:

{
jmf (~x) = Fm(~x)Gm( f )
j if (~x) = F i(~x)Gm( f )

(5.39)

for frequencies smaller than∼10 Hz.

5.8.2 B: Methodological

5.8.2.1 SNR

Two of the used methods for noise-correction are based on band-specific signal-to-noise ra-
tio (SNR) in order to cancel the effects of background colored-noise in the spectra of in-
terest. In each subject, average PSD was used to calculate signal-to-noise ratio (SNR). For
SNR calculation, few frequency bands were defined based on the categorization in Buzsaki &
Draguhn [231]: 0-10 Hz (Slow, Delta and Theta), 11-30 Hz (Beta), 30-80 Hz (Gamma), 80-200
Hz (Fast oscillation), 200-500 Hz (Ultra-fast oscillation). SNR was calculated as:

SNRbi =
∑10∗ log10(PSDsignalbi

PSDnoisebi
)

n
(5.40)

for a given band ”b” and sensor ”i”, ”n” is the frequency resolution of that band. This method
was applied on individual average PSD as well as shape preserving spline of each average PSD
where each PSD was fist smoothed in log10 scale using a shape preserving spline, i.e, Piecewise
Cubic Hermite Interpolating Polynomial (PCHIP).

5.8.2.2 Multiband spectral subtraction

Assuming the additive noise to be stationary and uncorrelated with the clean signal, nearly most
spectral subtraction methods can be formulated using a parametric equation:

|Ŝ(k)|α = ak|Y(k)|α −bk|D̂(k)|α (5.41)
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where|Ŝk|, |Yk| and|D̂k| refer to enhanced magnitude spectrum estimate (corrected signal), the
noisy magnitude spectrum (original signal) and noise magnitude spectrum estimate (“noise”),
respectively.k is the frequency index, whileak andbk are linear coefficient parameters of the
summation. Spectral subtraction methods fall into three main categories (Sim et al., 1998). The
simplest of all, a linear method whereak = bk = 1, α=2, following [204] was used here. This
linear multiband spectral subtraction (LMSS) method is well-established for noise subtraction
(see [206] for a comparative study of noise subtraction methods).

An improved method, withak = 1 andbk = v, where ”v” is the oversubtraction factor. This
method uses oversubtraction and introduces a spectral flooring to minimize residual noise and
musical noise [232]. A second category of spectral subtraction is based onak = bk = f(k). Third
and the most robust methods are based on a non-linear multiband subtraction (NMSS) where
ak = 1 andbk = v(k); i.e., the oversubtraction factor is adjusted based on a specfic band’s SNR.
These methods proposed by [205,206] are suitable for dealing with colored noise [223,233], a
case similar to MEG recordings. The spectrum is divided intoN non-overlapping bands, and
spectral subtraction is performed independently in each band. The Eqs.5.41is simply reduced
to:

|Ŝi(k)|2 = |Yi(k)|2−α iδi |D̂i(k)|2,bi ≤ k≤ ei (5.42)

wherebi and ei are the beginning and ending frequency bins of the ith frequency band,α i

is the overall oversubtraction factor of the ith band andδi is a tweaking factor. The band
specific oversubtraction factorα i is a function of the segmentalSNRi of the ith frequency band.
After calculating bandspecific SNR (Eqs.5.40), we used the product of lower 10 percent of
crosssubject average SNR and standard deviation ofSNRi to estimate theα i δi subtraction
coefficient. Next, simply by multiplying the noise PSD by this coefficient and subtracting it
from the measured PSD, the enhanced PSD was achieved.

5.8.2.3 Wiener filter (WF) spectral enhancement

The principle of the Wiener filter is to obtain an estimate of the clean signal from that of the
noisy measurement through minimizing the Mean Square Error(MSE) between the desired and
the measured signal [207,208]. In the frequency domain, this relation is formulated as filtering
transfer function:

WF(k) =
Ps(k)

Ps(k)+Pn(k)
(5.43)

where, as before,Ps(k) andPn(k) refer to enhanced power spectrum estimate and noise power
spectrum estimate respectively for a signal frame andk is the frequency index. Based on the
definition of SNR as, the ratio of these two elements, one can formulate the WF as:

WFK = [1+
1

SNRk
]−1 (5.44)
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After calculation of bandspecific WF, the noisy signal is simply muliplied by the WF to obtain
the enhanced signal.

5.8.2.4 Partial least square (PLS) approximation of non-noisy spectrum

Partial least squares (PLS) regression, combines “Principal component analysis” (PCA) and
“Multiple linear regression” [209, 234]. While PCA finds hyperplanes of maximum variance
between the response and independent variables, PLS projects the predicted variables and the
observable variables to a new space. Then from this new space, it finds a linear regression model
for the projected data. Next, using this model, PLS finds the multidimensional direction in the X
space that explains the maximum multidimensional variancedirection in the Y space [210,234].
If X is the PSD of noise measurement and Y is the PSD of the measured signal contaminated
with background noise, one can use PLS to ”clean” one matrix (Y) by predicting Y from X and
then using the residual of the prediction of Y by X as the estimate of pure PSD. The patterns
of the awake spectrum that statistically resembles the patterns of emptyroom spectral noise are
those that should be removed. As during PLS algorithm, the data is mean subtracted and z-
normalized, the predection of Y from X is an approximate of the zscored PSD. Therefore, the
reseidual Y, which is taken as the spectral features that cannot be predicted by noise, also has
zscored values. It has too be emphasized that this approach of denoising only works in the
spectral but not the time domain.

5.9 Figures& Tables

5.9.1 Figures
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Figure 5.1. Simultaneous EEG and MEG recordings in an awake human subject. This
example shows a sample of channels from MEG/EEG after ECG noise removal. Labels refer
to ROIs as defined in methods (also see Figure5.4). FR: Frontal, VX:Vertex and PT:
Parietotemporal. These sample channels were selected to represent both right and left
hemispheres in a symmetrical fashion. Inset: magnificationof the MEG (red) and
“empty-room” (green) signals superimposed from 4 sample channels. All traces are before any
noise correction, but after ECG decontamination.
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Figure 5.2. A.log-log scale of the PSD vs frequency of a sample MEG sensoralong with the
corresponding log(PSD) values (shown as circles) at optimized knots in log-scale. B. 1st
degree Polynomial fit on B-spline curve effectively captures properties of the signal better than
simple polynomial fit and avoids the 10 Hz peak. The fit was limited between 0.1 to 10 Hz
excluding the boundaries. This limits the fit approximationto the next limiting optimized
knots (between 0.1 and 0.2 to between 9 and 10 Hz) to avoid the peaks at alpha and low
frquencies (shown by vertical dotted lines).
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Figure 5.3. B-spline fits of EEG awake and MEG awake (prior to noise correction) recordings
from all four subjects. Each line refers to the fit of one sensor in log(PSD)-log(frequency)
scale. For the ease of visual comparison of the frequency scaling exponent, log(PSD) values
are normalized to their value at the maximum frequency. Eachpanel represents the data related
to one of our four subjects. These plots show a clear distinction between the frequency scaling
of EEG and MEG. Insets show the comparison between MEG awake (prior to noise
correction) and MEG empty-room recordings (not normalized). Note that the empty-room
scales the same as the MEG signal, but in general EEG and MEG scale differently.
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Figure 5.4. Topographical representation of frequency scaling exponent averaged across four
subjects. A. EEG awake. B. MEG awake. C. MEG empty-room. D, E.MEG after spectral
subtraction of the empty-room noise using linear (LMSS) andnon-linear (NMSS) methods
respectively. F. MEG spectral enhancement using Wiener filtering (WF). G. MEG, partial least
square (PLS) approximation of non-noisy spectrum. H. Exponent subtraction (the exponent
represented is the value of the frequency scaling exponent calculated for MEG signals,
subtracted from the scaling exponent calculated from the corresponding emptyroom signals).
I. Spatial location of ROI masks (shown in yellow). FR coversthe Frontal, VX covers Vertex
and PT spans Parietotemporal. Dots show spatial arrangement of 102 MEG SQUID sensor
triplets. The background gray-scale figure is same as the onein panel B. Note that panels A
through H use the same color scaling.
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Figure 5.5.Statistical comparison of EEG vs. MEG frequency scaling exponent for all regions
(A) and different ROI masks (B,C & D). In each panel, a box-plot on top is accompanied by a
non-parametric distribution function in the bottom. In thetop graph, the box has lines at the
lower quartile, median (red), and upper quartile values. Smallest and biggest non-outlier
observations (1.5 times the interquartile range IRQ) are shown as whiskers. Outliers are data
with values beyond the ends of the whiskers and are displayedwith a red + sign. In the bottom
graph, a Non-parametric density function shows the distribution of EEG, MEG and
empty-room-corrected MEG frequency scaling exponents (note that LMSS and WF are not
shown here; see the text for description.). Thick and thin vertical lines show the mean and
mean± std for each probability density function (pdf).
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5.9.2 Tables

A. Mean and standard deviation
EEG MEG (awake) NMSS

All -1.33± 0.19 -1.24± 0.26 -1.06± 0.29
FR ROI -1.36± 0.25 -0.97± 0.10 -0.76± 0.09
VX ROI -1.21± 0.13 -1.36± 0.10 -1.14± 0.11
PT ROI -1.36± 0.12 -1.30± 0.29 -1.16± 0.32

B. Pearson correlation
EEG vs. MEG EEG vs. Corrected MEG (NMSS)

All 0.29 0.32
FR ROI 0.41 0.32
VX ROI -0.17 -0.15
PT ROI 0.35 0.38

C. Kendall Rank Corr
EEG vs. MEG EEG vs Corrected MEG (NMSS)

All 0.21 0.24
FR ROI 0.29 0.21
VX ROI -0.03 -0.04
PT ROI 0.23 0.26

D. KruskalWallis
p value Chi-square df Error

All < 10−15 1.53 103 34838
All noise-corrected < 10−15 8.03 103 34838

FR ROI < 10−15 3.30 103 5008
FR ROI noise-corrected < 10−15 3.72 103 5008

VX ROI < 10−15 1.72 103 5452
VX ROI noise-corrected < 10−15 0.23 103 5452

PT ROI < 10−15 0.21 103 13010
PT ROI noise-corrected < 10−15 1.18 103 13010

Table 5.1.ROI statistical comparison. A. mean and std of frequency scale exponent for all
regions and individual ROI. B. numerical values of linear Pearson correlation. C. rank-based
Kendall correlation. D. non-parametric test of analysis ofvariance (KruskalWallis). Corrected
MEG refers to spectral subtraction using NMSS. The full table is provided in Supplementary
information.
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5.10 Suplplementart Tables& Figures

5.10.1 Supplementary table

A. Mean and standard deviation
EEG MEG (awake) MEG(empty) LMSS

All -1.33± 0.19 -1.24± 0.26 -1.04± 0.13 -1.24± 0.28
FR ROI -1.36± 0.25 -0.97± 0.10 -0.97± 0.06 -0.96± 0.11
VX ROI -1.21± 0.13 -1.36± 0.10 -1.10± 0.09 -1.36± 0.10
PT ROI -1.36± 0.12 -1.30± 0.29 -1.08± 0.15 -1.31± 0.32

NMSS WF PLS ES
All -1.06± 0.29 -1.05± 0.27 -0.50± 0.11 -0.20± 0.23

FR ROI -0.76± 0.09 -0.76± 0.08 -0.40± 0.05 -0.00± 0.09
VX ROI -1.14± 0.11 -1.12± 0.11 -0.50± 0.04 -0.26± 0.08
PT ROI -1.16± 0.32 -1.14± 0.30 -0.54± 0.11 -0.22± 0.26

B. Pearson correlation of EEG vs.
MEG LMSS NMSS WF PLS ES

All 0.29 0.29 0.32 0.33 0.37 0.35
FR ROI 0.41 0.39 0.32 0.37 0.01 0.17
VX ROI -0.17 -0.10 -0.15 -0.13 0.01 -0.28
PT ROI 0.35 0.34 0.38 0.39 0.46 0.41

C. Kendall Rank Corr of EEG vs.
MEG LMSS NMSS WF PLS ES

All 0.21 0.21 0.24 0.25 0.29 0.23
FR ROI 0.29 0.23 0.21 0.27 -0.06 0.12
VX ROI -0.03 0.04 -0.04 -0.03 0.07 -0.09
PT ROI 0.23 0.23 0.26 0.26 0.30 0.27

Table 5.2.ROI statistical comparison for different noise correctionmethods. A. mean and std
of frequency scale exponent for all regions and individual ROI. B. numerical values of linear
Pearson correlation. C. rank-based Kendall correlation.

5.10.2 Supplementary figures
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Figure 5.6. Figure S1: Frequency spectra of magnetometers and gradiometers. Comparison of
awake (blue) vs empty-room (red) recordings between Magnetometers (MAG) and
Gradiometers (GRAD1, GRAD2) in a sample subject. As for the EEG, the MEG signal is
characterized by a peak at around 10 Hz, which is presumably due to residual alpha rhythm
(although the subject had eyes open). This is also visible from the MEG signals (Fig.5.1) as
well as from their PSD (Fig.5.3and MAG panel here). The power spectrum from the
empty-room signals also show a peak at around 10 Hz, but this peak disappears from the
gradiometer empty-room signals, while the 10 Hz peak of MEG still persists for gradiometers
awake recordings. This suggests that these two 10 Hz peaks are different oscillation
phenomena. All other subjects showed a similar pattern.
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Figure 5.7. Figure S2: Signal-to-noise ratio (SNR) of Magnetometers (MAG) for multiple
frequency bands: 0-10 Hz (Slow, Delta and Theta), 11-30 Hz (Beta), 30-80 Hz (Gamma),
80-200 Hz (Fast oscillation), 200-500 Hz (Ultra-fast oscillation). In the scatterplots, red
astrisks relate to individual sensors and the blue line is the band-specific mean across the
sensors. In boxplots, the box has lines at the lower quartile, median (red), and upper quartile
values. Smallest and biggest non-outlier observations (1.5 times the interquartile range IRQ)
are shown as whiskers. Outliers are data with values beyond the ends of the whiskers and are
displayed with a red + sign. In all subjects, the SNR shows a band-specific trend and has the
highest value for lower frequencies and gradually drops down as band frequency goes up. As
the frequency drops, the variability of SNR (among sensors)rises; therefore, the SNR of the
lowest band (1-10 Hz) shows the highest sensors-to-sensor variability and the highest SNR in
comparison to other frequency bands.



90

Awake LMSS NMSS PLS ES

0

-0.5

-1

-1.5

-2

Figure 5.8. Figure S3: Noise correction comparison. Every horizontal line showes a voxel of
the topographical maps shown in Fig.5.4sorted based on the scaling exponent values of
awake MEG (left stripe). Using a continuous color spectrum,these stripes show that minimal
correction is achived by LMSS. As indicated in the text, the performance of this method is not
reliable due to the nonlinear nature of SNR (see Suppl. Fig. S2). NMSS yields higher degree
of correction. WF performs almost identical to NMSS (not shown here). Exponent subtraction
almost abolishes the sacling all together (far right stripe). PLS results in values between
NMSS and ”Exponent subtraction”. For details of each of these correction procedures, see
Methods. LMSS, NMSS and WF rely on additive uncorrelated nature of noise. “Exponent
subtraction” assumes that the noise is intrinsic to SQUID. PLS ascertains the characteristics of
noise to the collective obeserved pattern of spectral domain across all frequencies. See text for
more details.



Chapter 6

Human neocortical excitation and
inhibition

There is a fundamental error in
separating the parts from the
whole, the mistake of atomizing
what should not be atomized. Unity
and complementarity constitute
reality.

Werner Karl Heisenberg
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6.1 Summary

Intracranial recording is an important diagnostic method routinely used in a number of neuro-
logical monitoring scenarios. In recent years, advancements in such recordings were extended
to include unit activity of an ensemble of neurons. However,a detailed functional characteri-
zation of excitatory and inhibitory cells has not been attempted in human neocortex particu-
larly during the sleep state. Here, we report that such feature discrimination is possible from
high-density recordings in the neocortex using 2-dimensional multielectrode arrays. Successful
separation between RS neurons (regular or bursting cells) from fast-spiking (FS) cells resulted
in well-defined clusters where each showed unique intrinsicfiring properties. The high density
of the array allowing recording from large number of cells (up to 90) helped us to identify ap-
parent monosynaptic connections, which confirmed the excitatory and inhibitory nature of RS
and FS cells, thus categorized as putative pyramidal and interneurons, respectively. Finally, we
investigated the dynamics of correlations within each class. A marked exponential decay with
distance was observed in the case of excitatory but not for inhibitory cells. While the amplitude
of that decline was dependent on the timescale at which the correlations were computed, the
spatial constant was not. Furthermore, this spatial constant is compatible with the typical size
of human columnar organization. These findings provide a detailed characterization of neu-
ronal activity, functional connectivity at the micro-circuit level and the interplay of excitation
and inhibition in the human neocortex.

Reference:Proc Natl Acad Sci U S A. 2012 Jan 31;109(5):1731-6

Keywords: spontaneous activity , ensemble recordings , single unit , functional dynamics
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6.2 Résuḿe

Les enregistrements intra-crâniens constituent une méthode importante de diagnostic ultilisée de
façon routinière dans plusieurs scenarios de monitoringen neurologie. Ces dernières années, les
avancées de ces méthodes ont permis l’enregistrement de signaux unitaires multiples. Cepen-
dant, une caractérisation fonctionnelle détaillée de neurones excitateurs et inhibiteurs n’a pas
encore été réalisée dans le neocortex humain, et en particulier pendant le sommeil. Dans cette
étude, nous montrons qu’une telle discrimination entre neurones excitateurs et inhibiteurs est
possible à partir d’enregistrements à haute densité au moyen de peignes d’électrodes en 2D.
Une séparation efficace entre cellules “regular spiking” (RS) et “fast spiking” (FS) est possi-
ble et résulte en deux ensembles bien séparés, avec des propriétés distinctes. La haute densité
des électrodes permet d’obtenir des connections apparemment mono-synaptiques, et de corro-
borer cette séparation RS-FS avec la nature excitatrice ouinhibitrice de la connection. Cette
procédure confirme que les cellules classifiées comme FS sont toujours inhibitrices, alors que
les RS sont toujours excitatrices, et donc peuvent être classifiées respectivement comme cel-
lules pyramidales ou interneurones inhibiteurs. Finalement, nous investiguons la dynamique
des corrélations au sein de chaque classe de neurone. Les corrélations entre excitateurs mon-
trent une décroissance exponentielle avec la distance, tandis que les cellules inhibitrices restent
corrélées à plus grande distance. L’amplitude des corr´elations dépend de l’échelle temporelle du
calcul de corrélation, mais pas la constante spatiale. Cette constante est compatible avec la taille
typique des collonnes corticales chez l’homme. Ces résultats permettent une caractérisation
détaillée de l’activité neuronale, de la connectivitéfonctionnelle au niveau de microcircuits, et
de l’interaction entre excitation et inhibition dans le neocortex humain.
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From columnar microcircuits [235–237] to higher-order neuronal functional units, neocorti-
cal dynamics are characterized by a large range of spatial and temporal scales [231,238]. Recent
technical improvements have allowed the nature of these dynamics in the human brain to be di-
rectly explored: Single-neuron activity in conjunction with local field potentials (LFPs) can be
detected from the cerebral cortex and hippocampus in the course of intense monitoring of brain
activity before surgical treatment of epileptic foci [239]. Modern electrode systems provide the
possibility of extracellular recordings of neuronal ensembles by using either microwires [193] or
high-density microelectrode arrays [60,240]. Prior efforts have demonstrated excellent record-
ings of single-neuron activity in human cerebral cortex [194–196]. Separation of units between
“regular-spiking” (RS) and “fast-spiking” (FS) neurons, presumably excitatory (pyramidal) and
inhibitory (interneuron) cells, respectively, is commonly practiced in animal experiments. In
the neocortex of various mammalian species, RS and FS cells can be reliably separated based
on spike waveform, duration, and firing rates [39,241]. Similar criteria were also used to suc-
cessfully separate units into putative pyramidal (Pyr) cells and inhibitory interneurons (Int) in
human hippocampus [41]. Two recent studies have used morphological features to distinguish
between these two classes of neurons [55,56]. However, the network interaction between these
types of morphofunctional discriminated units has still largely not been investigated. Neuronal
correlations have been shown to decay with space in primary visual cortex, possibly caused by
the highly structured nature of inputs [242]. In parallel, it has been shown that, in the rodent
hippocampus, at the top of cortical processing, such an effect of distance on neuronal corre-
lations was also present and was different for excitatory and inhibitory cells [243]. The 2D
high-density recordings of human neuronal activity offer aunique opportunity to study the spa-
tiotemporal dynamics of excitation and inhibition in the neocortical network [55, 56,244]. In
the present paper, we successfully categorize the extracellularly recorded units into RS and FS
during sleep and show their putative excitatory or inhibitory nature based on monosynaptic con-
nections. We also provide evidence for distinctive networkdynamics for each category of these
neurons during drowsiness and sleep spontaneous activity.

6.3 Results

6.3.1 Separation of RS and FS Cells

A sample recording of intracranial EEG, LFP, and unit recordings from the microelectrode array
is shown in Figure6.1. The firing of excitatory and inhibitory cells was strongly correlated
(Figure6.1C). By using standard methods [39, 241], those two cell types were discriminated
on the basis of their action potential waveforms (SI Materials and Methods). The waveform
half-widths and valley-to-peak distributions exhibited two automatically detected well-defined
clusters (Figure6.2 A and B). Other waveform features can be used and yielded the same
separation (Figure6.6B and C). Each cluster showed a distinct spike waveform (Figure 6.2C):
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A short, fast-decaying action potential represents putative FS and GABAergic cells; a large
and slower one depicts putative RS and glutamatergic neurons. A total of 190 RS and 46 FS
cells were discriminated from three patients (four recording sessions). This ratio amounts to
an 80% excitatory and 20% inhibitory distribution of cells.This morphological clustering was
validated by distinctive cell intrinsic properties. The average firing rates showed remarkable
separation between the two groups, with FS firing at higher rates (Figure6.2D, P < 10−10,
one-way ANOVA). Both firing-rate distributions had a Gaussian-like shape in logarithmic x
coordinates (Figure6.2D); therefore, firing rates can be estimated as being drawn from log-
normal distribution for both cell types. FS firing rate was onaverage five times higher than
RS cell firing rate was, which, interestingly, is comparableto the ratio of discriminated FS and
RS cells in the whole dataset. Coefficients of variation [theratio of the SD to the mean of
the interspike interval (ISI) distribution] were also significantly different for the two cell groups
(Figure6.2E, P< 0.01, one-way ANOVA). Furthermore, cells could be also segregated based on
their autocorrelogram (Figure6.2F): Int are known to have long refractory periods and show a
slow rising autocorrelation. On the other hand, RS cells show sharp autocorrelograms, reflecting
their shorter refractory period and their tendency to fire inbursts. The distributions of the
modes (i.e., time of maximal values in the autocorrelogram)were highly distinct (Figure6.2G).
Finally, isolated neurons were tested for their burstiness. The histograms of the ISIs were
sometimes characterized by a clear bimodality, especiallywhen the logarithm of the ISI was
considered (Figure6.2H, Left and Center). Cells were classified as bursty when theypassed the
significance level of a bootstrap-based test for bimodality[245]. As displayed in Figure6.2H,
of the population that did not have FS morphological characteristics, 64% expressed bursting
behavior. Only 2% of FS (that is only one cell in the whole dataset) showed such properties.

6.3.2 Putative Monosynaptic Connections

Analysis of cross-correlograms between pairs of units allows the characterization of putative
monosynaptic connections [39]: Positive, short-latency peaks (<4ms) are the sign of a biased
tendency of the reference cell A firing just before the other cell (B) at above chance level, which
would thus be the functional signature of an excitatory monosynaptic connection from cell A
to cell B. Conversely, a gap in the crosscorrelograms indicates an inhibitorymonosynaptic con-
nection. The expected cross-correlogram for two unrelatedcells was obtained by jittering each
pair of spike trains and by computing the 99% confidence interval (SI Materials and Methods).
Cell pairs showing an excess of biased spikes occurring above this threshold were categorized
as monosynaptically connected. Figure6.3A shows an example of a reciprocally connected pu-
tative Pyr/Int pair. Occasionally, some Pyr cells excited another target cells without any signifi-
cant reciprocal connection (Figure6.3B). The excitatory or inhibitory nature of the postsynaptic
effect from the efferent cells was remarkably matched to their spike waveform characteristics
(Figure6.3C). This association of synaptic effects with action potential waveforms significantly
differed from chance (χ2 = 33.6,d f = 2,P¡0.0001) and provides converging evidence for the
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validity of the morphofunctional dichotomy within the network. The monosynaptic connectiv-
ity matrix was typically sparse. In the dataset, only 0.17% of the possible connections (28 of
16,932) showed a significant monosynaptic effect in the cross-correlograms. This result was
not different for postsynaptic excitation and inhibition (respectively, 0.16% and 0.19% of the
total numbers of possible postsynaptic contacts from Pyr orInt cells; P> 0.05, binomial test).
Monosynaptic contacts were almost entirely local, 76% (16 of 21) of excitatory effects, and
the totality of inhibitory ones was confined to pairs recorded on the same electrode (Fig. 3D);
5.65% of the possible contacts on pairs from same electrode showed a significant bias in the
cross-correlograms. Based on this functional categorization, throughout the rest of the paper,
we interchangeably use FS, inhibitory, and Int. Similarly,we do the same for RS, excitatory,
and Pyr.

6.3.3 Spatiotemporal Dynamics of Cell Interaction

To investigate the interaction at the maximum possible spatial scale (i.e., 4 mm), we correlated
the binned spike trains at various timescales. This approach provides a spatiotemporal view
of cell-cell interaction, mono- or polysynaptically. Figure 6.4, Center Upper and Right shows
the strength of the absolute correlation between one example Pyr cell and all other Pyr cells:
The strength of the correlation between Pyr cells seems to decrease with distance. The absolute
Pearson’s correlation coefficients were directly related to peak or trough in the cell’s cross-
correlograms for different randomly chosen Pyr cells (Figure 6.4, Right) in reference to the
spike trains of the example cell from Figure6.4, Center Upper. Conversely, for Int (Figure6.4,
Center Lower and Left), the correlation between cell pairs appeared to be independent of the
distance separating the two cells. Also, unlike for Pyr cells, the degree of modulation of the
cross-correlograms did not appear to be related to the size of Pearson’s correlation, possibly
because of the dependence of correlation coefficients on cell-intrinsic firing rates [246].

To further analyze the relationship between correlation and spatial arrangement of the cells,
all of the cell pairs from the datasets were pooled together,and the absolute coefficients of cor-
relation, computed with 50-ms time bins, were plotted as a function of interelectrode distance
(Figure6.5A). To remove bias caused by firing-rate inhomogeneity in correlation values and to
render Pyr-Pyr correlation coefficients comparable to those of Int pairs, correlations were then
normalized by the geometric mean of each cell pair’s averagefiring rates [246]. Furthermore, to
avoid experiment-dependent spurious covariation, which may, for example, arise from electrode
drift, a local version of correlation was used (SI Materialsand Methods). This analysis revealed
that, first, the correlation between cell pairs recorded from the same electrode depended on their
connectivity: As expected, putative monosynaptically connected pairs–whatever the nature of
the synapse(s)–showed significantly higher absolute correlation than did nonconnected pairs
(Figure6.72), revealing fine-scale structure in local microcircuits.Second, at the level of the
whole recording matrix, the cell pairs were divided in two categories: putative inhibitory Int
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pairs (designated as the I-I group) and excitatory Pyr pairs(E-E group). Because of the improb-
ability of an equal sampling ratio of the recorded Int and Pyrcells to the existent cells in the
examined tissue, the E-I comparison does not hold the same validity as do E-E and II compar-
isons of correlation and therefore is not reported here. Thelinear regression between absolute
correlations and distance between recording sites showed anegative slope for both groups but
was significant only for the E-E group. Furthermore, when thesame analysis was carried out for
different time bin sizes (Figure6.5B and Figure6.83), the negative slope of the linear regression
was significant (P< 0.05, Pearson’s correlation test) across all timescales for the E-E group,
but not for the I-I group. To ensure that the oversampling of Pyr cells compared with Int did
not yield the difference in the significance levels, the number of Pyr pairs was down-sampled
to match the number of Int pairs and bootstrapped. The correlation between neuronal pairwise
correlation and distance remained significantly lower than0 for time bins smaller than 200 ms
(Figure6.9).

Next, the correlation values were averaged in equally spaced 0.8-mm intervals of interelec-
trode distance (Figure6.5C). The relationship between correlation and spatial distance was ap-
proximately flat in the I-I group, thus confirming the lack of asignificant relationship. The E-E
correlations decayed with distance and were well fit with a three-parameter exponential (Fig-
ure 6.5D). The fitting parameters can be reduced to two meaningful values: the spatial extent
of the exponentialλ and the relative (dimensionless) amplitude modulationκ /β that quantifies
the amplitude of the decay relatively to the baseline.κ /β decreased monotonically with time
bin widths, whereas the spatial constantλ was more or less constant, with an average value of
1 mm. Notice that such decay did not sustain for time bins longer than 2 s (the two far right
points in Figure6.5D). This decay resulted from a monotonic increase in the baseline correla-
tion β and from a decrease of the exponential amplitudeκ (Figure6.5D, Inset; values diverged
for time bins longer than 2 s). Similar results were yielded for non-normalized coefficients of
correlation (Figure6.105).

6.3.4 State-Dependent Long-Range Correlation

Finally, we investigated the difference in spatial correlation between different states (Figure6.5E).
Clear periods of light and deep non-rapid eye movement (NREM) sleep were detected in ad-
dition to wake/drowsiness epochs in two of the three patients (three recording sessions, repre-
senting 87% of the total discriminated cells in the analysis). The rapid eye movement (REM)
episodes were brief, if detectable at all. For Int pairs, thelinear regression between neuronal
pairwise correlation and distance was never different from0. For Pyr pairs, this correlation
was highly significant for wake/drowsiness and light NREM over almost all tested time bin
sizes. During deep NREM, the correlation was smaller for thedifferent time bins but was still
significant, or very close to significance, for most comparisons.
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6.4 Discussion

The present paper reports a detailed quantitative analysisof the dynamics of excitation and
inhibition in the human neocortex during overnight sleep. In particular, using massive cell
recordings we have shown (i) robust morphological (extracellular waveform features) discrimi-
nation of putative cortical excitatory and inhibitory neurons; (ii) in vivo evidence of functional
monosynaptic connections in the human neocortex; (iii) functional behavior of inhibitory and
excitatory cells during human sleep; (iv) distinctive spatiotemporal patterns of Pyr-Pyr and Int-
Int assembly interactions; and (v) detailed quantificationof corticocortical correlations. Hence,
this paper provides a unique insight to the dynamics of humanneocortical microcircuits.

6.4.1 Separating Excitation from Inhibition

Different attempts were carried out recently to distinguish between putative Int and Pyr cells,
for example, in the hippocampal formation [247]. In nonprimates, the separation between the
two populations on the basis of extracellular features is now generally accepted [39, 241]. In
this paper, human neocortical cell recordings were clustered on their extracellular waveforms.
The two parameters describing waveform morphology formed well-defined clusters that were
captured by standard algorithms (Figure6.2and Figure6.6A). First, despite the a priori higher
probability to detect the high-amplitude spikes from largePyr cells, the overall proportion of
cells in each group (80% Pyr and 20% Int) was consistent with the known ratio between Pyr
and Int cells in the neocortex [143]. In other words, a random sampling with extracellular
electrodes gives rise to the expected distribution of cell types, thus indicating that they are both
detectable with sufficient reliability. Second, this segregation was consistent over several other
cell-intrinsic parameters, such as firing rates (higher forFS Int) or the high tendency of the Pyr
cells to burst (Figure6.2). As supplementary evidence of separation between Int and Pyr cells,
we analyzed the potential monosynaptic interactions between cell pairs and categorized them
as excitatory or inhibitory. The distribution of cells’ postsynaptic effects perfectly matched the
clustering of excitatory and inhibitory cells based on their extracellular features (Figure6.3).
Overall firing rates were surprisingly low,< 0.5 Hz for the RS cells and 2 Hz for the FS cells.
However, using long-lasting recordings allowed us to reliably isolate the cells’ spikes during
cluster-cutting procedures, even if those were sometimes very rare, whereas those low firing-
rate cells could have been disregarded in other situations.This low firing rate may relate to the
recordings being in superficial layers because animal studies have demonstrated that many of
these neurons have lower firing rates than in the deep layers [248]. It is also consistent with other
recordings in human neocortex [195] and may reflect fundamental metabolic constraints in large
brains [249]. Theoretical studies have emphasized that, in a sparsely connected network, the
seemingly irregular firing of cells could be the consequenceof the balance between excitation
and inhibition [250–252] . Similarly, intracellular recordings have revealed a balance between
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excitatory and inhibitory conductance both in vitro [172] and in vivo [253], they and even shown
a possible excess of inhibition in vivo [254]. However, inhibitory cells are four to five times
less common than excitatory cells, as are the number of synapses they form onto postsynaptic
targets [143]. Although direct demonstration of balanced excitation and inhibition requires
intracellular recordings, our extracellular analysis provides indirect evidence in favor of such
a balance. First, the average firing rate of Int was five times higher than that of Pyr cells
(Figure6.2), which is the same ratio as the total number of cells from each type. Second, it
has been shown theoretically that balanced networks exhibit a heavy-tailed, wide range of firing
rates [250], which was found to be the case for the human neurons recorded here, where, for
both Pyr and Int, the firing rates were log-normally distributed (Figure6.2).

6.4.2 Spatiotemporal Extent of Neuronal Interrelationships

The interaction between neocortical neurons takes place atdifferent spatiotemporal scales, and
this paper sheds light on such interactions in human neocortex. We found that the short-latency
monosynaptic effects from spike-train cross-correlograms were confined to the same or very
proximal electrodes (Figure6.3D), in agreement with the rapid decrement with distance of
synaptic contact probability [143,255]. The extent of monosynaptic contacts in local circuits is
still a subject of debate [143,235,236,255], and it is important to bear in mind that spike-train
correlation analysis [255] is likely to underestimate the number of actual contacts because it is
based only on suprathreshold activity from pre- and postsynaptic neurons. The connected cells
showed higher long-timescale correlations than the cells recorded from the same electrodes
without any detectable synaptic contact (Figure6.7). This finding suggests that connected units
tend to participate in the same cell assemblies [49] and echoes the recent findings that suggest
that those units are more likely to receive common inputs within the cortical column [235]. We
also found that the binned spike-train correlations showedspatial dependence only for excita-
tory cell pairs, whereas inhibitory cell pairs were as much correlated with both proximal and
distal electrodes over the 4-mm extent of the array. For the Pyr cell pairs, the modulation of the
spatial extent decreased with the timescale at which correlations were computed; however, the
spatial constant of this decay ( 1 mm) was approximately the same, independent of the timescale
(Figure6.5and Figure6.8).

These results have strong implications for our understanding of cortical network dynamics.
First, the neuronal activity of Pyr cells remains coherent on a scale corresponding to the spatial
extent of the axonal arborization in superficial layers. This is also the same spatial extent of a
typical “hyper-columnar” organization of human neocortex[143], robustly described in primary
sensory cortices and less in higher-order areas such as the temporal neocortex. Second, the cor-
relations tended to equalize, as measured by the spatial-modulation factor, for longer timescales.
This is a known result from neocortical LFPs that shows high spatial correlation over a large
proportion of the network during slow wave activity [238,256] (characterized by long-timescale
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dynamics) compared with low spatial correlation during states dominated by short timescales
exhibiting desynchronized, low-amplitude, and fast oscillations [174]. Accordingly, when the
relationship between Pyr pairwise correlations and distance was investigated separately for the
different wake/sleep states, the main difference was the decrease of this relationship during deep
NREM sleep, although still significant (Figure6.5E), presumably because of the widespread
entrainment of neuronal activity by slow/δ oscillations. Conversely, the large spatial extent of
interneuronal correlations could be caused by common subcortical inputs over large neocortical
areas impinging directly onto GABAergic cells, as can be thecase for thalamocortical [80,97]
projections. In addition, the highly complex distributionof interneuronal connectivity, with
some cells contacting very distant areas, could produce large-scale synchronization of the in-
hibitory network [257]. It is important to keep in mind that these recordings were made in
epileptic patients, and, although the present analyses were done in periods of activity devoid
of seizures or activity on either the microelectrode array or any subdural electrode, we cannot
eliminate the possibility that some of our results may reflect a pathological rearrangement of
neuronal numbers and/or interconnections. The current results suggest that neocortical princi-
pal cells may be organized into coherent firing units, or cellassemblies, mainly on the basis of
local excitatory interactions ( 1 mm). In parallel, the inhibitory network maintains coherent ac-
tivity over much larger distances (>4 mm). The role of such large-scale synchronized inhibition
should be investigated by future studies. These results constitute an initial step toward under-
standing the dynamic and functional microarchitecture of human neocortical circuits, charac-
terized by spatiotemporal interactions spanning several orders of magnitude. Overall, this paper
not only extends the prior work reported in animals to the human cortex but also tackles it with
an exhaustive quantification that can be verified in future studies (in animals as well as in hu-
mans) and will prove useful in the interpretation of the manystudies, published and underway,
that explore the details of human single neurons during cognition, sleep, seizures, and a wide
range of other situations.

6.5 Materials and Methods

Recordings were made from three patients (ages 21, 24, and 52y; two women and one man).
All patients had focal epilepsy arising from differing causes: a cortical dysplasia, a glioneural
tumor, or postencephalitic cortical gliosis and hippocampal sclerosis as confirmed by postoper-
ative histology. The NeuroPort electrode array, 1mmin length, was placed in layers II/III of the
middle temporal gyrus in all three patients. This array is silicon-based, made up of 96 micro-
electrodes with 400-µm spacing, covering an area of 4x 4 mm(40). A total of four nights of
natural sleep were examined (one night for two of the patients, two nights for the other patient).
Data were sampled at 30 kHz (Blackrock Microsystems). The implantation site was included
in the therapeutic resection in all patients. Recordings were made in 40-min segments, which
were concatenated over a given night for spike sorting. Single units were discriminated by using
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standard clustering methods (SI Materials and Methods). Onaverage, 57% (±12%) of the elec-
trodes showed visible neuronal activity, including electrodes that were not possible to cluster:
Individual cells were isolated from 75% (±14%) of these electrodes. On average, 1.39 (±0.26)
neurons were discriminated from each electrode where at least one neuron was isolated. See SI
Materials and Methods for further details.

6.6 Supporting Information

6.6.1 Unit Recording and Spike Sorting

For offline sorting, the first three principal components of spike waveforms were computed in-
dependently for recordings from each electrode. The spikeswere then clustered automatically
with an expectation-maximization (EM) algorithm (Klustakwik, http://klustakwik.sourceforge.net)
and then manually processed with Klusters software (http://klusters. sourceforge.net/). Because
the signal was sometimes not stable, great care was taken during spike cluster cutting. Some
cells with drifting action potential amplitudes were considered only for a portion of the total
recording during which they were unequivocally distinguishable from the background noise. In
that case, the average firing rates were computed only over the period those cells were firing.

6.6.2 Discrimination of Pyramidal (Pyr) Cells and Fast-Spiking (FS) In-
terneurons (Int)

Average waveforms were computed for each isolated cell. As described previously, the half
width of the extracellular positive deflection has, at the neuronal population level, a bimodal
distribution [39,241]. The separation is even more striking when the valley-to-peak parameter
[39] is added for 2D clustering (Figure6.2 A and B). Automatic clustering of these average
waveforms from individual cells by using a k-means algorithm discriminated two groups of
cells (Figure6.2A and B). The resultant clustering was further confirmed by anE-M clustering
method (Figure6.6).

6.6.3 Detecting Monosynaptic Connections from Cross-Correlograms

We used established methods [255] to detect statistically significant temporal bias in the cell
pair relative spike timing indicative of putative monosynaptic connections. The spikes were
jittered by adding a random value (froma normal distribution with a 10-msSD and 0 mean) to
the spike times. For each cell pair, 1,000 jittered spike trains were created, and the expected
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cross-correlogram (and 99% confidence interval) was estimated on 0.5-ms time bins under the
null hypothesis of no monosynaptic effects between the two cells. For any given cell pair
where at least two consecutive bins in the [1.5 ms, 4 ms] interval exceeded or were below
the 99% confidence interval, the interaction was consideredmonosynaptic. A final and blind
examination of the cell pair cross-correlograms was carried out to remove noisy pairs. The
strength of the interaction was defined, at the time lag of maximal (or minimal) value in the
actual cross-correlogram, as the ratio between the value ofthe actual cross-correlogram (from
which was subtracted the average value expected for uncorrelated units) and the SD of the
distribution from jittered spike trains.

6.6.4 Nonstationary Correlation

The firing rates of neurons may not be stationary over the longrecordings performed in the
present study. To avoid any potential bias that could resultfrom such long-timescale fluctua-
tions, we filtered the spike trains so that only local firing rates were taken into account [252].
The binned spike trains (in time bins of the indicated length) were filtered with a “Mexican
hat”-shaped kernel, equal to the sum of a positive (width T) and a negative Gaussian function
whose width is the quadratic mean of T and a value J. Throughout the present paper, we used
T = 3 (expressed in number of time bins) andJ= 4T. The covariance between two neurons’ fir-
ing was obtained by computing the dot product of the resulting filtered and binned spike trains.
The correlation was calculated by dividing the covariance by the product of the square roots
of the two individual variances (the dot product of the filtered binned spike train with itself).
Only cells with an average firing rate above 0.1 Hz were included in the correlation study unless
stated otherwise.

6.6.5 Sleep Scoring

The postimplantation recordings were performed during clinical monitoring for seizures. We
used a combination of video monitoring, scalp EEG, electrooculography (EOG), and clinical
intracranial EEG to stage the sleep. The sleep staging was carried out in three of the four
recording sessions (comprising 87% of the neural data).Rapid eye movement (REM) episodes
were too brief; therefore, we did not include REM in our analysis. Nonetheless, all states-
including clear episodes of quiet waking/ drowsiness, light non-rapid eye movement (NREM),
and deep NREM were present during all recordings. In this paper, we focused on these states
and excluded the rare REM episodes as well as periods when thepatient was interacting with
medical personnel. In addition, any seizure activity (one event in one patient) was removed
from the data and not further analyzed.
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6.6.6 Electrode Localization

The electrode-localization procedure was based on combining coregistration of high-resolution
preoperative MRI with postoperative computed tomography (taking into account the parenchy-
mal shift introduced by the implantation) and 3D rendering of each patient’s cortical surface
[these methods are described elsewhere [258]].

6.7 Figures& Tables
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Figure 6.1. (A) Localization of subdural electrodes (SI Materials and Methods) and the
NeuroPort electrode array (gray square in Inset). (B) Greentraces show electrocorticogram
(EcoG) of the four closest contacts to the microelectrode. LFP recorded from the NeuroPort is
plotted in black. Raster plot shows the pooled firing of inhibitory (red) vs. excitatory (blue)
cells for this period of slowwave sleep (note: the color is purly for visualization purposes. For
morpho-functional discrimination of putative inhibitoryand excitatory cells see Figure6.2and
Figure6.3and the realted text). Histogram shows normalized neuronalfiring rate for the two
groups of cells in 200-ms time bins. (C) Total spikes by RS andFS cells in successive 200-ms
bins, plotted against each-other (same epoch as in B).
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Figure 6.2. Separation of FS and RS cells based on spike waveform. (A) Valley-topeak and
half-peak widths were the two parameters chosen to describespike waveforms. (B) Each cell’s
average waveform is represented in the 2D space of the previous two parameters. The two
clusters were identified with a k-means algorithm representing in red FS and in blue RS cells.
(C) Average spike waveform for the two groups. Shading represents SD. (D) Probability
density of firing rates for the two groups. (Inset) Average± SEM. (E) Box plot indicating
interquartile distribution of coefficients of variation (CV) of ISIs. (F) Average autocorrelogram
normalized to maximum for each group. (G) Distribution of autocorrelogram modes (time of
maximum peak) for each group. (H) Distribution of ISIs for anexample RS cell (Left) and an
FS cell (Center). The gray part of the distribution indicates the ISI categorized as bursts.
(Right) Percentage of cells classified as bursty for each cell type. AP, action potentials. In D
and G, the density probabilities were computed from kernel-smoothing density estimates of
the actual data and displayed such that the sum over the wholedisplayed interval is equal to
100 for each group.
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Figure 6.3. Putative monosynaptic connections reflect neuronal type. (A) Crosscorrelogram
(Lower, referenced to firing by the putative Int) implies reciprocal monosynaptic interactions
between an FS Int and an RS Pyr cell identified by their autocorrelograms (y-axis display rate
in Hz) and spike waveforms (Upper Left and Upper Right, respectively). The large peak in the
cross-correlogram indicates that the putative Pyr cell is systematically firing 2 ms before the
putative FS Int. Conversely, the decreased firing for 4 ms after the putative Int firing suggests
that it inhibits the putative Pyr cell. Dashed green lines show the 99% confidence interval from
jittered spike trains. (B) In this example a putative Pyr cell (reference of the
cross-correlogram) tended to excite a putative Int at a latency of 3 ms. In A and B, cells were
recorded on the same electrodes; because of the nature of spike detection, the central values of
the cross-correlograms are thus null. (C) The sign and strength of the putative monosynaptic
connections were matched to the spike’s average waveform. Small dots, all neurons; large
dots, identified cell that appeared to monosynaptically affect another cell. Color code for sign
(blue, excitation; red, inhibition) and strength (dark, weak; light, strong) of the connection. (D)
Total number of synaptic connections between pairs of cellsrecorded by the same first- or
second neighbor electrodes.



108

��� �������	A�B

C�C �������	A�B

� � � � ��

�

�

�

�

��

�

����

0.4 Hz

4 Hz

1 Hz

1 Hz

4 Hz

2 Hz

�	AB CD	EF �AC�
���� � ���

��B�F���B �	FBC

�
�B
�
F�
�
�
B
�
	F
B
C

�

����

� � � � ��

�

�

�

�

��

��B�F���B �	FBC

�
�B
�
F�
�
�
B
�
	F
B
C

0.4 Hz

1 Hz

1 Hz

10 Hz

0.5 Hz

10 Hz

10 Hz

10 Hz

20 Hz

�	AB CD	EF �AC�
���� � ���

1 Hz

2 Hz

5 Hz
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Figure 6.5. Relation of firing correlation to distance between cells. (A) Normalized
coefficients of correlations were plotted against the distance between the two cells in each pair
of putative Int (I-I correlations, Left) and putative Pyr (E-E correlations, Right) cells computed
on time bins of 50 ms. Only the E-E group shows a significant linear regression (red and blue
lines). (B) Correlation values of linear regressions for different time bins. Shaded areas
indicate the 95% confidence interval (Fisher method). Numbers of cell pairs are indicated for
the two populations. (C) Same as in A but normalized correlation coefficients were averaged
over 0.8-mm spatial intervals. For E-E connections, the decay is well fitted with an
exponential. (D) Strength and extent of spatial modulationof E-E correlations relative to the
time bin width. Strength of spatial modulation is estimatedwith the dimensionless quantity
kappa/beta. Green intensity codes for spatial extent of themodulation (lambda). (Inset) Values
(y axis) of the fitting parameters beta (solid line) and kappa(dotted line) in function of time
bin length (x axis). (E) Same as in B but in different wake/sleep states. Analyses were
restricted to cells with mean firing rate> 0.3 Hz in each particular state, resulting in the
different numbers of cell pairs as indicated.
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Figure 6.6. Separation of regular-spiking (RS) and FS cells with a Gaussian mixture model.
The E-M algorithm was used to obtain maximum likelihood estimates of the parameters in a
Gaussian mixture model with two components for an n-by-d data matrix, where n = 238 is the
number of observations (individual cells pooled together from all subjects) and d = 2 is the
dimension of the data (valley-to-peak and half-peak widths). The Mahalanobis distance (in
squared units) of each observation to the mean of each of the two components of the Gaussian
mixture distribution (described above) was computed. The plotted results form a curve in a
non-Euclidean space where those above the diagonal represent FS and those below show RS
characteristics. The asterisk indicates the only mismatching point between the two clustering
procedures. (B) Spike waveform clustering using valley-to-peak amplitude ratio and
valley-to-peak widths. Colors indicate clustering based on the features used in the main text
(half-peak width and valley-to-peak distance). (C) Same asin B but using half-valley width
and valley-to-peak distance.



111

0

0.1

0.2

0.3

��� � ��
�

��

��

��

��

���� � ���
�

�

��

��

��

��� � ��
�

�

�

	

���� � ���
�

�A�

�A�

�A�

�A�

��� � ��
�

�

�

�

�

���� � ���
�

�

�

	

�

BCDE FC�E�����E ��D� FC�E�����E

�
�

FE
��

�
�

�
�

FE
��

�
�

�
�
FE

��
�
�

�C�E���C F ���� �C�E���C F ����

!
"

�
�

�#
FE

$
�

%%
E

��
FC
�

D

&�F ��DDE�FE'

(�C%�

$�DDE�FE'

(�C%�

�
�

FE
��

�
�

�
�

FE
��

�
�

�
�
FE

��
�
�

!

)

Figure 6.7. Correlation between pairs recorded on the same electrodes depended on their
connectivity. (A) Examples of putative monosynaptically connected cells as revealed by the
short-timescale cross-correlograms. At a longer timescale, the cross-correlograms tended to
show positive peaks indicative of strong correlation. (B) Box plot of absolute correlation of
binned spike trains (using 50-ms bins) depicting interquartile distribution. Correlations were
significantly stronger for monosynaptically connected pairs (P< 0.0001, one-way ANOVA).
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Figure 6.8.Correlations calculated for different time bins. The same plots are shown as in Fig.
5 A and C but for different time bins.
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indicate the 95% confidence interval obtained by bootstrapping the down-sampled pairs (5,000
random samplings).
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Chapter 7

Avalanche dynamics

The irreversibility of time is the
mechanism that brings order out of
chaos.

Ilya Prigogine
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7.1 Summary

Self-organized critical states are found in many natural systems, from earthquakes to forest
fires, they have also been observed in neural systems, particularly, in neuronal cultures. How-
ever, the presence of critical states in the awake brain remains controversial. Here, we compared
avalanche analyses performed on differentin vivo preparations during wakefulness, slow-wave
sleep and REM sleep, using high-density electrode arrays incat motor cortex (96 electrodes),
monkey motor cortex and premotor cortex and human temporal cortex (96 electrodes) in epilep-
tic patients. In neuronal avalanches defined from units (up to 160 single units), the size of
avalanches never clearly scaled as power-law, but rather scaled exponentially or displayed in-
termediate scaling. We also analyzed the dynamics of local field potentials (LFPs) and in par-
ticular LFP negative peaks (nLFPs) among the different electrodes (up to 96 sites in temporal
cortex or up to 128 sites in adjacent motor and pre-motor cortices). In this case, the avalanches
defined from nLFPs displayed power-law scaling in double logarithmic representations, as re-
ported previously in monkey. However, avalanche defined as positive LFP (pLFP) peaks, which
are less directly related to neuronal firing, also displayedapparent power-law scaling. Closer
examination of this scaling using the more reliable cumulative distribution function (CDF) and
other rigorous statistical measures, did not confirm power-law scaling. The same pattern was
seen for cats, monkey and human, as well as for different brain states of wakefulness and sleep.
We also tested other alternative distributions. Multiple exponential fitting yielded optimal fits
of the avalanche dynamics with bi-exponential distributions. Collectively, these results show no
clear evidence for power-law scaling or self-organized critical states in the awake and sleeping
brain of mammals, from cat to man.

Reference:
Submitted to Frontiers in Physiology, 2012 Aug. 3:302. doi:10.3389/fphys.2012.00302, special
issue on “Critical Brain Dynamics”
(Edited by He BY, Daffertshofer A, Boonstra TW).

Keywords:
Criticality, Self-organization, Brain Dynamics, Scale invariance, Complexity, Power-law
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7.2 Résuḿe

Les états auto-organisés critiques (SOC) ont été identifiés dans de nombreux systèmes naturels,
des tremblement de terre aux feux de forêt, et ils ont également été observés dans le système
nerveux, en particulier en culture. Cependant, la présence de tels états dans le cerveau éveillé
reste encore controversée. Dans cette étude, nous comparons des analyses d’avalanche dans
différentes préparationsin vivo pendant l’éveil, le sommeil lent et le sommeil REM. Nous
utilisons des enregistrements à haute densité dans le cortex moteur du chat (96 électrodes),
le cortex moteur et prémoteur du singe et dans le cortex temporal humain (96 électrodes) de
patients épileptiques. Lors d’avalanches définies à partir d’unités (jusqu’à 160 neurones), les
distributions ne se comportent pas en loi de puissance, maistendent a être exponentielles ou
intermédiaires. Nous analysons également les potentiels de champ (LFPs), et en particulier
les pics négatifs (nLFPs) au sein de l’ensemble délectrodes (de 96 a 128 sites, selon la con-
figuration d’enregistrement). Dans ce cas, les avalanches définies à partir des nLFPs peuvent
se comporter en loi d’échelle, comme observé précédemment chez le singe. Cependant, les
avalanches définies à partir des pics positifs (pLFPs), qui ne sont pas directement reliées aux
décharges des neurones, ont le même comportement. Une analyse plus détaillée en utilisant
la représentation cumulée (CDF) ne confirme pas la présence de loi de puissance. Les mêmes
résultats s’appliquent au chat, au singe et aux enregistrements humains, pendant différents états
cérébraux d’éveil et de sommeil. Nous avons également testé des distributions alternatives,
et des processus multi-exponentiels semblent expliquer les distributions obtenues, de façon
optimale pour des distributions bi-exponentielles. L’ensemble de ces résultats ne montrent
pas d’evidence de loi de puissance ou d’états SOC dans le cerveau éveillé ou en sommeil de
différents mammifères, du chat à l’homme.
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7.3 Introduction

Self-organized criticality (SOC) is a dynamical state of a system which maintains itself at (or
close to) a phase transition point. This family of systems were initially described by Bak, Tang
and Wiesenfeld [127], and have been found in many natural systems (reviewed in [128,175]).
SOC systems are characterized by scale invariance, which isusually identified as a power-
law distribution of characteristics of the system’s dynamics such as event size or the waiting
time between events. The temporal fingerprint of SOC systemsis often 1/ f or 1/ f 2 noise.
These features are interesting because they show the presence of long-lasting or long-range
correlations in the system.

The dynamics of SOC systems are structured as “avalanches” of activity, separated by silent
periods. Avalanche sizes are typically distributed as a power law, where the probability of
occurrencep(x) of a given avalanche sizex scales as:

p(x)∼ x−α ,

whereα is the scaling exponent of the distribution.

SOC systems have been observed in many different natural phenomena, from sandpiles, to
rice piles, in forest fires and earthquakes [128,175–178]. Evidence of SOC was also demon-
strated in circuits of neuronsin vitro [135], where network activity was found to alternate be-
tween active and quiescent periods, forming “neuronal avalanches”. The presence of avalanches,
although clearin vitro, is more controversialin vivo. Since power-laws fit neuronal avalanches
better than other alternative probability distributions [259], their presence has been taken as
evidence for neuronal avalanchesin vivo. In anesthetized cats [182] and awake monkeys [183],
power-law distributed avalanches have been found in the peaks of local field potentials (LFP).
However, LFP peaks are only statistically related to neuronal firing. In a study on awake and
naturally sleeping cats, no sign of avalanches were found inneuronal firing [134], and the
apparent power-law scaling of LFP peaks could be explained as an artifact induced by the
thresholding procedure used to detect LFP peaks. Previous studies have shown that even purely
stochastic processes can display power-law scaling when subjected to similar thresholding pro-
cedures [184]. It was also stressed that power-law statistics can be generated by stochastic
mechanisms other than SOC [184–186]. Similarly, if exponentially growing processes are sud-
denly killed (or “observed”), a power-law at the tail ends will emerge [187]. This case, would
be similar to a non-stationary Poisson processes, or combining Poisson processes at different
rates, a situation that is likely to happen in the nervous system. Such scenarios can give rise to
spurious power laws.

These contrasting results correspond to different preparations and recording techniques, sin-
gle units or LFPs, or different species, so that it is difficult to compare them. In the present
paper, we attempt to overcome these shortcomings by providing a systematic analysis of both
units and LFPs for different species and different brain states.



120

7.4 Materials and Methods

7.4.1 Recordings

7.4.1.1 Cat

Recordings of local field potentials (LFPs) and action potentials (APs) were obtained from
motor cortex in 2 felines (M1 and approximately hindlimb region). Commercially obtained
96-electrode sputtered iridium oxide film arrays (Blackrock Microsystems, Inc., Salt Lake City
UT) were chronically implanted and recordings were performed in the awake, unrestrained
feline (as described in [59]). Electrodes on the array were arranged in a square with 400micron
spacing and 1 mm shank length. LFPs and APs were recorded using a Cerebus data acquisition
system (Blackrock Microsystems). Spike sorting on AP data was performed using the t-dist
EM algorithm built into Offline Sorter (Plexon, Inc.). All animal procedures were performed in
accordance with University of Utah Institutional Animal Care and Use Committee guidelines.

We also compared these data with previously published multi-electrode data on cat parietal
cortex ( [174]. In this case, a linear array of 8 bipolar electrodes (separated by 1 mm) was
chronically implanted in cortical area 5-7, together with myographic and oculographic record-
ings, to insure that brain states were correctly discriminated (quiet wakefulness with eyes-open,
slow-wave sleep, REM sleep). Throughout the text, this cat will be referred to as “cat iii”
LFP signals were digitized off-line at 250 Hz using the Igor software package (Wavemetrics,
Oregon; A/D board from GW Instruments, Massachusetts; low pass filter of 100 Hz). Units
were digitized off-line at 10 kHz, and spike sorting and discrimination was performed with the
DataWave software package (DataWave Technologies, Colorado; filters were 300 Hz high-pass
and 5 kHz low-pass).

7.4.1.2 Monkey

Recordings from three monkeys were used in this study. Each monkey was chronically im-
planted with 100-electrode Utah arrays (400microm inter-electrode separation, 1.0 mm elec-
trode length; BlackRock Microsystems Inc., Salt Lake City UT). In two monkeys (i) and (ii), we
used recordings made during the performance of motor tasks.The motor tasks involved mov-
ing a cursor to visually-presented targets in the horizontal plane by flexing and extending the
shoulder and elbow of the arm contralateral to the cerebral hemisphere that was implanted. In
monkey (iii), sleep recordings were used to test avalanche dynamics. Monkey i was implanted
with one 96 electrode array in primary motor cortex (MI) and asecond 96 electrode array in
dorsal premotor cortex (PMd) from which recordings were made on 64 electrodes in each cor-
tical area. Monkey ii had an array implanted in MI from which 96 electrodes were recorded.
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and Monkey iii had two arrays in MI and PMd from which 96 electrodes were recorded in
PMd cortex and 32 electrodes were recorded in MI area. Duringa recording session, local field
potential (LFP) signals were amplified (gain, 5000), band-pass filtered (0.3 Hz to 250 Hz or
0.3 to 500 Hz), and recorded digitally (14-bit) at 1 kHz per channel To acquire extracellular
action potentials, signals were amplified (gain, 5000), band-pass filtered (250 Hz to 7.5 kHz)
and sampled at 30 kHz per channel. For each channel, a threshold was set above the noise
band: if the signal crossed the threshold, a 1.6ms duration of the signal - as to yield 48 samples
given a sampling frequency of 30 kHz - was sampled around the occurrence of the threshold
crossing and spike-sorted using Offline Sorter (Plexon, Inc., Dallas, TX). All of the surgical and
behavioral procedures performed on the non-human primateswere approved by the University
of Chicago’s IACUC and conform to the principles outlined inthe Guide for the Care and Use
of Laboratory Animals (NIH publication no. 86-23, revised 1985).

7.4.1.3 Human

Recordings were obtained from two patients with medically intractable focal epilepsy using
NeuroPort electrode array as discussed previously [54, 260]. The array, 1mm in length, was
placed in layers II/III of the middle temporal gyrus with informed consent of the patient and
with approval of the local Institutional Review Board in accordance with the ethical standards
of the Declaration of Helsinki. This array is silicon-based, made up of 96 microelectrodes with
400-µm spacing, covering an area of 4× 4 mm. Since the corners are omitted from the array,
the furthest separated contacts are 4.6 mm apart. Data were sampled at 30 kHz (Blackrock
Microsystems, Salt Lake City, Utah, USA). The continuous recording was downsampled to
1250 Hz to obtain LFPs. The dataset we analyzed was devoid of any form of identifiable
epileptic activity (such as interictal spikes), and there was no seizure in the analyzed dataset.
The implantation site was included in the therapeutic resection in both patients. For details on
spike sorting, see [260].

7.4.2 Avalanche detection

Avalanches are defined by temporally contiguous clusters ofactivity among the different elec-
trodes, separated by periods of silence. Either trains of neuronal action potentials (spikes) or
LFP peaks can can be analyzed for the occurrence of avalanches. There are two empirical limits
on bin duration. The smallest bin size is set by the duration of the action potential. The upper
boundary, is limited by how many unique values of the aggregate ensemble activity occur in a
window. When the number of unique values approaches 1, avalanche loses its definition, be-
cause there is no silent period left. In the cat data, where there are 160 cells, we reach this limit
at a bin-width of 16 ms. So, we have stayed within the 1-15 ms regime in which an avalanche
could be well defined.
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7.4.2.1 Spike avalanche

In each set of recordings, regardless of the spatial location of a given electrode in the multi-
electrode array, its spiking activity was put in the same pool with all other spikes recorded from
other electrodes of the same array. This ensemble trace was then binned and coarse grained for
differentδt ranging from 1 ms to 16 ms in 2 ms steps. This created a series of bins containing
the ensemble of activity across all neurons for thatδt. The sum of spiking in that bin represents
the total bin activity. The sum of all bin activities betweentwo quiescent bins, represents the
avalanche size, which was later used for statistical analyses. Notice that in the case of the min-
imum δt = 1, avalanche size would range between 0 and maximum numberof neurons present
as this bin approximates the size unity of spiking period. Figure7.1A shows the definition of
avalanche in spike series from human recordings.

7.4.2.2 LFP avalanche

Each LFP trace was first detrended through a least-squares fitof a straight line to the data and
subsequent subtraction of the resulting function from all the sample points. After this detrending
removed the mean value or linear trend from a LFP vector, it was then normalized (Z score)
to have a common reference frame for discretization across channels, recordings, states and
species. The z-scored LFP, was then discretized through a local maxima peak detection. An
optimizing small running average filter was designed and 3 passes of the filter were applied to
the data in order to remove small spurious peaks in each LFP deflection. Next, by comparing
each element of data to its neighboring values, if that sample of data was larger than both of
its adjacent ones, that element was considered as a local peak. Next, all the peaks were sorted
in descending order, beginning with the largest peak, and all identified peaks not separated by
more than minimum peak distance (of 3 samples) from the next local peak were discarded.

The threshold was fixed and defined as a multiple of the standard deviation (STD) of the
LFP signal. Different thresholds were tested, starting at 1.25×STD and increasing in 0.25 steps
up to 5×STD for both negative and positive maxima. This procedure was realized on each LFP
channel, state, species (Fig.8.1B). Such matrix of discrete events (for a given polarity and a
given threshold), was then treated the same way the spike matrix was used to create avalanche
vectors of quiescent and active periods.
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7.4.3 LFP peak and spiking relationship

7.4.3.1 Wave-triggered-average (WTA)

We used wave-triggered averaging (WTA) to analyze the differences in the relationships of
spikes to nLFP versus pLFP. In WTA, the individual negative LFP peaks (nLFP) were used to
epoch the ensemble spike series. The epoched ensemble spikeseries were normalized by the
number of epochs (triggered by nLFPs). This procedure was performed for the three differ-
ent thresholds (low, medium and high) and the results were averaged across these thresholds
to obtain cross-threshold WTA percentage firing to quantifythe spike-nLFP relationship. An
identical procedure was applied to pLFPs. The red and blue solid lines in Figure7.6 refer to
nLFP-spike and pLFP-spike WTA percentage firing, respectively.

7.4.3.2 Controls and Randomization Methods

We used 4 methods of surrogate/randomization in order to evaluate the statistical robustness
of the comparative relation of spike-nLFP vs spike-pLFP. Each of the following 4 methods,
was first performed on all 3 chosen thresholds and then the results were averaged to obtain the
overall randomization effect.

7.4.3.2.0.1 Poisson surrogate dataAt the first step, we wanted to test whether the ob-
served nLFP and pLFP differences could be reproduced by surrogate spike series. For this type
of control, first, each individual channel’s spike rate was calculated. Then, using a renewal
process, a surrogate Poisson spike series for that channel was created (matching the firing rate
and duration of the experimental data from that channel). Then, all Poisson spike series (across
all channels) were aggregated together to create the ensemble spike series (similar to the ex-
perimental data). Next, for each pLFP (or nLFP), the WTA of this Poisson aggregate series
was created. This procedure was repeated 1000 times and thenaveraged across the 1000 trials.
The results were close to a constant WTA percent firing and didnot fluctuate according to the
timing of the peak LFP that was used to epoch each individual WTA event. This control test
showed that the simple aggregate of surrogate Poisson spikes can not reproduce the observed
relation between nLFP and spikes in the WTA or mimic the behavior of natural peak(positive
or negative)-induced percentage firing. This procedure wasalso repeated with Poisson spikes
without a refractory period and provided similar results.

7.4.3.2.0.2 Random permutation In a follow up test, we wanted to verify that random-
izing the aggregate spike series by itself can not mimic the observed the LFP-spike relation.
For this procedure, we performed a random permutation on theaggregate spike series and then
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calculated the nLFP(and pLFP)-based WTA. This procedure was repeated 1000 times. The
observations are similar to the Poisson randomization, verifying that the nLFP peak is not re-
producible by randomization of spikes and the fluctuations of WTA percentage firing are not
results of random events.

7.4.3.2.0.3 Local jitter randomization of LFP peaksNext, we wanted to evaluate the
effects of randomization based on the statistics of the individual channel’s LFP peak times
(before aggregating them into the ensemble LFP peak train).First, each channel’s nLFP IPI
(inter-peak-interval) were calculated. Then these IPIs from all channels were put in the same
pool and the, 0.25, 0.5 and 0.75 quantiles IPI for the aggregate nLFPs were extracted. Next,
we created a normal distribution with 0.5 percentile as the mean, the interquartile range (0.75
quantile minus 0.25 quantile) as the standard deviation of the pdf, and N events matching the
number of aggregate nLFPs. This set of values, were used to jitter nLFPs in the following
manner. Each sample from the aggregates nLFP peak series wasshifted according to one drawn
sample (without replacement) from the nLFP jitter pool. Thedirection of the shift was to the
right if the drawn jitter value was negative (and to the left for the positive value). The magnitude
of the shift was defined by the value of the jitter itself. The same procedure was repeated for
pLFPs. The results of this randomization are shown in Figure7.6.A. As can be appreciated, with
this tightly regulated data-driven local randomization, the structure of the WTA is preserved
except for the peak curve around 0 for the nLFP case.

7.4.3.2.0.4 Fixed-ISI circular shift of spikes In this procedure, we kept the ISI (inter-
spike interval) of the aggregate spike series as well as the IPI (inter-peak intervals) of the nLFP
and pLFP intact but randomized the relation between the aggregate spike and aggregate peak
series. In each of the 1000 trials, a circular shift with the magnitude chosen randomly between
1 and the range of the ISI, was performed. The results, shown in Figure7.6.B, show that by
destroying the relation between ensemble spikes and ensemble peaks while preserving their
internal structure, the observed fluctuations and most importantly, the tightly bound relation of
nLFP and spikes, is lost.

7.4.4 Testing power law distribution in empirical data

For testing the power-law behavior, usually a simple least square method is applied to fit a
power-law on the data. If such fit in a log-log scale, follows astraight line, the slope of the
probability density function (PDF) line is taken as the scaling exponent. Such method is widely
practiced but is highly inaccurate in its estimation of trueexistence of power-law in a given
dataset. It has been argued that, for obtaining statistically sound results in estimating power-
law in empirical data, one has to rely on rigorous statistical methods. In a detailed analysis
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of the problem [201, 261], it was proposed that the cumulative distribution function (CDF) is
much more accurate to fit the power-law exponent, as well as toidentify if the system obeys a
power-law.

If the initial distribution of the PDF is power-law, i.e.,

p(x) =Cx−α ,

then CDF is defined as

Pr(X > x) =C
∫ inf

x
x′−α dx′ =

C
α −1

x−(α−1) .

Thus, the corresponding CDF also behaves as a power-law, butwith a smaller exponent

α −1

being 1 unit smaller than the original exponent [261].

Generally, in fitting the power-law to the empirical data, all the initial values (left hand of
the distribution histogram i.e, smallest sizes of avalanches) are included in the used decades
to obtain the slope of the fit (scaling exponentα ). The inclusion of these initial parts may
cause significant errors, and should be removed [201, 262, 263]. Thus, before calculating the
scaling exponent, it is essential to discard the values below the lower bound (Xmin). It is only
above this lower bound that, a linear PDF or CDF can be reliably used for estimation of the
scaling exponent. There are different methods for proper estimation of theXmin. We used
a Kolmogorov-Smirnov (KS test) optimization approach thatsearches for the minimum “dis-
tance” (D) between the power-law model and the empirical, where for Xi>Xmin, “D” is defined
as

D = max|S(x)−P(x)| ,
S(x) the CDF of the empirical data and P(x) the CDF of the best matching power-law model.
TheXmin value that yields the minimum D, is the optimalXmin. TheXmin is used in a maximum
likelihood estimate (MLE) of power-law fit to the CDF of the avalanches in order to obtain the
scaling exponent. This fitting, however, does not provide any statistical significance on whether
the power-law is a plausible fit to the data or not. After the estimation ofXmin and the exponent,
we generated N (N=1000) power-law distributed surrogate data with the exact same features
of Xmin and exponent. Each of these surrogate series are then fitted with power-law and KS
statistics of distance D (to the surrogate power-law), is performed. The fraction of N that the
resultant statistics was bigger than the one obtained from the empirical data, comprises the p-
value. If p-value6 0.1, the power-law is ruled out. However, even if p-value is larger than this
threshold, the data is not necessarily guaranteed to be generated by a power-law process unless
no better distribution is found to estimate the properties of the data. For this, the alternative test
was adapted as following.
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7.4.4.1 Generating power-law distributed random numbers with high precision

It is essential to use high precision and reliable algorithms to generate random numbers from
a given probability distribution; otherwise the statistical tests based on such distributions may
be erroneous. For initializing the generator with an “Integer Seed”, we adapted the reliable
Mersenne Twister algorithm (known as MT19937AR) with full precision of Mersenne prime
(219937−1) [264]. . This algorithm provides a proper method for running Monte Carlo simu-
lations. After initialization, “Transformation algorithm” was used to generate the desired dis-
tribution [201, 265]. All the random number generations and analyses were performed on a
16-core Intel 48 GB Linux platform equipped with 448 core Tesla C2050 GPU with double
precision of 515 Gflop and single precision of 1.03 Tflops. Thecustom code was based on Mat-
lab (Mathworks) and CUDA (NVIDIA) wrapper Jacket (Accelreyes) for parallel computing on
GPU.

7.4.5 Alternative fits

The power-law fit was compared with alternative hypotheses to test which distribution best fits
the data. The alternatives included exponential distribution (as predicted by a Poisson type
stochastic process), ”Discretized log-normal distribution” (which is represented as a linear fit in
log-normal scale), as well as fit of ”Discrete exponential distribution” nature. These fits had two
general types of simple exponential, defined as:f (x) = aexp(bx) as well as sum of exponential
set as:f (x) = aexp(bx)+cexp(dx) In each case, residual analyses, goodness of fit as well as
confidence and prediction bounds were used to evaluate the properties of each fit vs power-law.
In case of a good fit model, Residual, defined as the differencebetween data and fit, should
approximate random error and behave randomly.

7.4.5.1 Goodness of fit comparison of exponential models

A measure of “goodness of fit”, R-square, is the ratio of the sum of squares of the regression
(SSR) and the total sum of squares (SST). This measure, represents the square of the correla-
tion between the observed and predicted response values, and indicates what percentage of the
variance of the data is explained by the chosen fit (values of R-square range from 0, worst fit, to
1, the best possible fit). If we have SSR as:SSreg= ∑i(ŷi − ȳ)2, and SSE as:SSerr= ∑i(yi − ŷ)2,
and SST as:SStot = ∑i(yi − ȳ)2, where,yi , ȳ, ŷ are the original data values, their mean and
modeled values respectively. Then, it follows that:

R2 = SSreg/SStot = 1− SSerr

SStot
.

Correction by “total degree of freedom” and “error degree offreedom”, defines adjusted R-
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square:

R̄2 = 1− (1−R2)
N−1

N−M−1
= 1− SSerr

SStot

d ft
d fe

.

where “N” is the sample size, and “M” is the number of fitted coefficients (excluding constants).
Usage ofR̄2 in the comparison of “simple exponential” and “sum of exponential” is warranted
by the fact that by an increase in the fitted number of the components, from one model to
the other, the degrees of freedom changes. BothR2 andR̄2 measures were estimated through
nonlinear least square optimization of exponential curve fitting. In the optimization process for
estimating the coefficients of the models, we adapted Levenberg-Marquardt algorithm with a
tolerance of 10−8 [266].

7.4.5.2 Test of linearity in log-normal scale

Linearity in log-normal scale, is a hallmark of an exponential family process. In order to
test the linearity of the PDF in log-normal scaling, we used Root mean square error (RMSE),

RMSE(θ̂) =
√

MSE(θ̂) where MSE is:SSerr
d fe

. This measure ranges from 0 to 1, where closer
value to 0 is an indicator of a better fit.
This test was performed by fittingy= Log(P(x)) with a linear least square first degree polyno-
mial. As shown in Fig.7.13C, sometimes, the initial values in the left tail may slightly deviate
from a simple 1st degree polynomial. Therefore, we tested whether the linearity was improved
or worsened when the data range was reduced to above someXmin. For doing so, we adapted a
more stringent regression, bisquare robust 1st degree polynomial [266]. This method is an iter-
atively reweighted least-squares, based onR̄2, and assigns less weight to the values farther from
the line. This procedure was repeated after excluding consequent single values from the left tail
(up to 20 percent of the points). For each new shortened series, the RMSE (based on bisquare
method) was re-calculated. The rational behind using RMSE for testing the linearity range in
these datasets (with variable N) is that when a distinct point is removed from the dataset, 2
other reductions follow: a) the sum of squares and b) degreesof freedom. Thus, if after lim-
iting the range, the error remains the same,SSerr would increase. Similarly, when the error is
significantly reduced,SSerr would increase. Therefore, any change in the error, should only be
considered significant if it is compensated by the amount of change in the degree of freedom.
For quantifying this, we defined two measures for linearity improvement after limiting the data
aboveXmin. The first measure, “overal RMSE change” (oRMSE), was definedas:

oRMSEi =
RMSEn−RMSEn−i

RMSEn
∗100.

In parallel, “relative RMSE change” (rRMSE), was defined as:

rRMSEi =
RMSEn−i+1−RMSEn−i

RMSEn
∗100.
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, whereRMSEn was the RMSE of the full length data. Next, these measures were normalized
to their maximum (noRMSEandnrRMSE) and a 3rd dimension was created by the distance of
each pair (noRMSEi, nrRMSEi), from the geometrical diagonal defined as

D =
det[(Q2−Q1) · (P−Q1)]

‖(Q2−Q1)‖

, where P was the coordinates of a point (noRMSEi, nrRMSEi) while Q1=[0 0] and Q2=[1 1]
were the vertices of the geometrical diagonal of the RMSEs pair space. The point that had the
maximum “(1−Di) + noRMSEi + nrRMSEi” (this value can range between 0 to 3), was taken
as the optimal linearizing shortening index (Xmin) (Fig. 7.13D). Next, we fitted all data ranges
(from N sample points toN−Xmin) with the two exponential models as described above.

7.5 Results

In this study, we used data from multielectrode recordings in 3 species: cat motor cortex (cats
i and ii with a 96 channel multielectrode array in primary motor cortex, hindlimb area), cat
parietal cortex (cat iii, 8 bipolar electrodes), monkey motor cortex (three monkeys with a 64
or 96 recordings from 96 channel multielectrode arrays in motor and/or premotor cortex), and
humans (2 patients with a 96 multielectrode array in middle temporal gyrus). In the following,
we briefly address definition of avalanche, then describe theresults of power-law analyses on
spike avalanche, state-dependence, regional differencesand polarity-dependence of LFP max-
ima avalanche. At the end, we briefly discuss alternative fitsto the data.

7.5.1 Avalanche definition

Figure7.1illustrates the definition of avalanche for discrete (spike) and continuous (LFP) data,
as they are used in this study. For both spikes and LFP, we usedbins of 1 to 15 ms (in 2ms
steps) for defining the quiescent vs active periods. Avalanches are defined by contiguous bins
of non-zero activity, separated by periods of quiescence (empty bins). The size of the avalanche
is defined as the sum of all activities (spikes or LFP peaks) within that active period. Thus, the
avalanches depend on the bin size (as illustrated in Fig.7.1A for spikes). For LFPs, we first
discretized the continuous data based on its local maxima. Both positive and negative maxima
were examined in our study. For each polarity, 17 levels of thresholds were chosen (see Methods
for details). After discretization, the obtained matrix (Fig. 7.1B) was used for the same binning
and avalanche definition as used for spike series.
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7.5.2 Power-law fit

It has been shown that that CDF provides a a better measure than PDF as it avoids erroneous
measures at the far end of the distribution tail of probability curve [201,261]. It is also necessary
to exclude the values below the valid lower bound, or else thecalculated coefficient could be
highly biased [201]. In each of the following estimates of power-law distribution, based on
the methods described previously, we adapted the followingsteps on analyzing the CDF of
avalanches: Values above a givenXmin are used in a maximum likelihood estimate (MLE) of
the exponentα . For each CDF, the proper lower bound ofXmin is selected using a KS test. We
also used 1000 semi-parametric repetitions of the fitting procedure for obtaining estimates of
uncertainty and goodness of fit.

7.5.3 Avalanche analysis from spikes

Next, we studied whether the spike avalanches follow power-law distributions.

7.5.3.1 Avalanche analysis in wakefulness

We first studied avalanche dynamics in awake resting recordings from cats and humans. As
depicted in Fig.7.2, neither of these species, showed a dominant power-law behavior in their
spike avalanche size distribution. The average scaling exponent of awake recordings for the
decades that could be considered to follow power-law (i.e.>Xmin), was to high to be related to
SOC systems (see Table.7.1and Table.7.2and Fig.7.2.i,ii,iii). These values not only are distant
from those of 1/f noise, but also only apply to partial parts of the CDF (cumulative distribution
function) of avalanche sizes. These lack of clear power-lawcharacteristics is shown withXmin

lower boundary (green dotted lines in Fig.7.2). Only values aboveXmin could ”statistically”
follow a power-law regime and as mentioned, even in those cases, the exponent values were
too high to be considered a signature of SOC systems. It is important to note that the CDF
representation is cumulative, and thus the left tail is not excluded from the data but its influence
is shifted to the right (see details in [201]; see also Methods).

Interestingly, representing the size distributions in log-linear scale revealed a scaling very
close to linear for all species (Fig.7.3), indicating that avalanches defined from spikes scale
close to an exponential, as would be predicted by a Poisson-type stochastic process. This con-
clusion was also reached previously by analyzing units and LFP recordings in cats [134]. Also,
as can be seen in the inset of panel A of Fig.7.2, the same analyses done on the awake record-
ing from the parietal cortex (albeit spatially sampled at only 8 electrodes) shows similar scaling
behavior.

In addition to wake resting recordings, we also considered recordings made while monkeys
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engaged in cognitive motor tasks. Similar to awake resting recordings in cat and man, the lower
bound was variable between different binning sizes, thus excluding parts of the ”invalid” initial
avalanche sizes, which are usually used as evidence of existence of power-law [135,183,259].
The inclusion of these initial parts may cause errors, and were removed here; however, their
cumulative effects are still present in the tested regimen aboveXmin of the analyzed “cumulative
distribution function” [201,261–263]. Above the lower bound value, all the CDF curves showed
significant high exponent values. Interestingly, the MI (inboth monkeys A and B) had similar
mean to PMd (Table.7.1, Fig. 7.2D,E,F), suggesting similar dynamics in the two areas.

7.5.3.2 Avalanche analysis during natural sleep

It has been claimed that wakefulness may not be the best stateto display SOC, and that avalanches
may be more naturally related to brain states with oscillations, and slow-wave oscillations in
particular [267]. In contrast to this, a previous study in cat found that likewakefulness, slow-
wave sleep (SWS) did not display power-law scaling as definedfrom spike avalanches [134],
but this latter study suffered from a limited spatial sampling. To further investigate the issue,
we have examined SWS and Rapid Eye Movement (REM) sleep periods with more dense sam-
pling of spike activity. Figures7.4and7.5, show the analyses for cat, human i and ii as well as
monkey iii (MI and PMd) for SWS and REM periods. In none of these cases we see clear sign
of power-law scaling. In all cases (except human ii), the variability of lower bound between dif-
ferent bin sizes is robust. All the curves represent ”partiality of power-law” with high exponent
values. During SWS, cat, human subjects and monkey iii (MI and PMd) all manifested either
lack of significant power-law scaling, or had such higher exponent values that makes it highly
unlikely for power-law to be the generating process of spikedynamics (Table.7.1). Similarly, in
REM periods, there was no evidence for power-law scaling in human i’s first and second REM
episodes. Together, with Cat REMs’ high exponents values, power-law scaling appears to be an
unlikely candidate to describe the statistics of neural firing (Table.7.1). Taken together, these
various tests all based on proper statistical inferences, show that spike avalanches do not follow
power-law scaling, for any brain state or sampling density.

Detailed numerical values for spike avalanche CDF exponents and their goodness of fit are
provided in Table.7.1and Table.7.2.

7.5.4 Avalanche dynamics from local field potentials

Next, we investigated the occurrence of avalanche type of dynamics from the local field poten-
tials, which were simultaneously recorded with unit activity, in all datasets.
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7.5.4.1 Relation between LFP peaks and spiking activity

Calculation of neuronal avalanches from LFP data is based onthe assumption that statistically
speaking, in comparison with the positive LFPs (pLFP), the negative LFP (nLFP) peaks are
more strongly related to neuronal activity (e.g., see [174] and references therein). Indeed, the
8-electrode cat LFP data analyzed here show such a relation [174,184]. To further test this re-
lation, we also examined the simultaneous LFP and unit recordings in the ensemble recordings
in cat, man and monkey. We used a wave-triggered-average (WTA) procedure, where the en-
semble of nLFPs were used to epoch the ensemble spike activity. Averaging across these WTAs
across different thresholds, show that there is indeed a weak relationship between nLFP and
spiking (Fig.7.6A). However, repeating the same procedure for positive LFP (LFP) peaks, did
not display any relation (Fig.7.6B), in agreement with the same analysis in cats [184]. Through
four different types of control and randomization, we show that the relation between nLFP and
spike is robust and is not attributable to randomness of the spiking events or spurious fluctua-
tions in the LFPs. For details of these control/randomization, see methods and Fig.7.6. This
fundamental difference between nLFP and pLFP peaks provides a very important test to infer if
a given power-law observation from LFPs is related to the underlying neuronal activity, as we
will see below.

7.5.4.2 nLFP avalanches

Similar to previous studies, we investigated the avalanchedynamics from nLFPs. The nLFPs
were detected using a fixed threshold, defined as a multiple ofthe standard deviation (STD)
of the LFP signal (see Methods), and several thresholds weretested. In the following, we use
“high”, “medium” and “low” thresholds, which correspond to2.25, 1.75 and 1.25 multiples of
the standard deviation, respectively. As shown in Figs.7.7 and7.8, the distributions defined
for avalanches at different bin sizes and thresholds seem todisplay power-law scaling, both for
human and monkey. This result seems to be in agreement with similar analyses done on awake
monkey [183]. However, plotting the same data as CDF revealed that the scaling as power-law
was very narrow (Fig.7.9). While Monkey ii displayed apparent power-law over more than
one decade, the other cases from cats and humans, did not display any convincing power-law
scaling. For details of nLFP avalanches for an example subject, and its comparison with pLFP
avalanches, see Table.7.3. One can also note that in some of the CDFs (and their counterpart
PDF), there is a possibility that the distribution can be segmented into two regions each covering
certain decades of avalanche size. In such cases, relying ona single scaling exponent to describe
the totality of the functional dynamics of the network does not seem adequate. This could be
an indication that the space of the distributions is not uniform and the underlying mechanisms
could be of metastability nature [268]. In such scenario, interaction with the external world
could push the system from the “currently most stable state”to a new “most stable state”. Such
constant changes may lead to the formation of nonuniform distribution of the neural events at
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different temporal scales. Therefore it is essential to emphasize that, in some cases, one scaling
exponent may not be sufficient to describe the complexity of the spiking or oscillations.

7.5.4.3 pLFP avalanches

Next, we investigated the avalanche dynamics of positive LFP peaks, which, as we have seen
above, is not statistically related to firing activity (Fig.7.6). Similar to nLFP peaks, the pLFP
avalanches defined for human wakefulness did not display power-law scaling (Fig.7.10). Both
nLFP and pLFP had similar CDF of avalanche size across different species and cortices. The
example shown in Fig.7.10(awake human) shows that across different thresholds, bothnLFP
and pLFP had variable lower bounds and high scaling exponents for the region of the data
that could statistically be considered for power-law properties. Moreover, the absence of any
region with clear linear scaling in the logarithmic coordinates further confirms that there is no
power-law scaling in this case. For details, see Table.7.3.

7.5.4.4 Avalanches in different cortical regions

In the cases that we had simultaneous, dual array multielectrode recordings from PMd and MI,
the analyses showed that these two cortical areas do not showsigns of criticality but have slight
differences in their exponent values for MI and for PMd (Table. 7.1and Table.7.2, Fig. 7.11).
Such findings show that the fact that these two cortices directly interact with each other, and one
acts as input and one as the output of motor processing unit, is reflected in their slightly different
CDF features. Thus, two different cortical areas seem to display similar features, although no
sign of power-law scaling.

7.5.5 Statistical analysis of the avalanche distributions

7.5.6 Goodness of fit

Given datax and given lower cutoff for the power-law behaviorXmin, we computed the cor-
responding p-value for the Kolmogorov-Smirnov test, according to the method described in
Clauset et al. [201]. See methods for details. The results are given in Tables7.1, 7.2and 7.3
(“gof” columns).
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7.5.7 Avalanche size boundaries

Imposing lower or upper bounds when fitting avalanche distributions can greatly affect the
outcome of the fit [201]. In many cases, the analyses have been limited to the lower boundary
of avalanche size= 1 andXmax of N, where N is the number of channels. Using such bounds
improves the fitting of the data by power-law compared to other distributions, as confirmed
by KS-statistics [259]. The pitfalls of such an approach are two-fold: a) the lowerboundary
is set to 1, therefore the avalanches that are below the acceptable lower bound ofXmin are
erroneously fitted with the power-law, thus reducing the reliability of the fit while producing
mis-estimated scaling exponents (see [201] for details of lower bound selection). b)Xmax is set
to the maximum active channels, and any return to a given channel is counted in the avalanche,
but the maximum allowed avalanche size is limited to N, basedon the argument that the large
avalanches are infrequent and their inclusion implies misfit. This type of approach, limits the
number of avalanches to an extreme degree and introduces a bias. Below we investigate this
bias.

7.5.7.1 Avalanche size distribution and upper boundary limits

Fig. 7.12 tests the effect of enforcing an upper boundary to the avalanche analysis. The red
color shows the excluded (saturated) avalanches enforced by limiting the Xmax to N (number
of independent measures), while cyan represents the acceptable avalanches below this upper
threshold. This figure shows that setting theXmax to a cutoff value of N, produces variable
biases based on the bin size. Importantly, in simultaneously recorded regions, the majority
of avalanches will be included in one case (like in PMd as shown in panel A) but not in the
other (like MI, as depicted in panel B). Such discrepancy emphasizes that setting a cutoff will
necessarily introduce a bias and causes variable results from region to region and from bin size
to bin size.

7.5.7.2 Comparison of exponential and power-law fit: Model Mis-specification and lower
boundary problem

It has been argued whether neuronal avalanches are better fitted by an exponential or power-
law distribution. Here we tested two aspects, exponential vs. power-law comparison, as well
as the effect of setting a lower boundary to the fit. It has beenshown that defining a proper
lower boundary improves the maximum likelihood that the distribution could be fit by a power-
law [201]. In agreement with this, Klaus et al. (2011) used a lower boundary of 1 and showed
that using KS-statistics, the power-law indeed provides a better fit to the data in comparison
to exponential distribution. Here, we systematically tested whether such practice would return
erroneous results in avalanche analysis. The results shownin Fig. 7.13A,B, are from cat spikes
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data. For each bin size, we first defined the optimal lower boundary after Clauset et al. (
[201]; see Methods), calledXmin. We started with a lower boundary set to 1, and reduced the
distribution of avalanche data gradually up toXmin. For each newly produced set, we calculated
the empirical CDF (ECDF) as well as the provisional fitted probability’s CDF (based on direct
maximum likelihood) for both exponential as well as power-law. The results for a sample bin
size are shown in Fig.7.13A. Power-law at the lower boundary of 1 provides a bad fit. However,
overall, power-law outperforms the exponential fit, specially after limiting the range of the data
by increasing the lower boundary. The best power-law fit is obtained when the lower boundary
approachesXmin.

This finding matches the results of the KS test (based on [201]) as we report in this manuscript.
However, from our analyses, we know that when we reach the best power-law fit, the estimated
scaling exponents are too high for any known natural system to follow a self-organized critical-
ity regime. Therefore, we have a situation where either one gets unreliable but desired scaling
exponent by setting the lower boundary to 1, or one obtains reliable but undesired scaling ex-
ponent by setting the lower boundary toXmin> 1.

Next, we quantified the goodness of fit with a more rigorous approach than the simple KS
test. If the parametric CDF is close to the probabilities from the ECDF, then the depicted line
should approach the diagonal (1:1) line with minimal drift from it. For quantifying this, we
measured the integral of the distance of each point on the p-pcurves from the 1:1 diagonal line.
This value should be zero in a perfect fit; its non-zero value shows departure from a perfect
fit. Fig. 7.13B shows the results for all bin sizes. Similar to Klaus et al. [259], the power-law
provides a better fit in comparison to exponential. However,there are two aspects that can not
be ignored for this condition to be true: a) the distance improves only as we tighten the lower
bound criteria to be close toXmin, but it does not mean that this is a proper fit.; b) there is no
rule of thumb for such an improvement; in almost all of the cases, a linear relationship in the
normal probability plot distribution of the distance was not found. This shows that power-law
provides a better fit than the exponential distribution, butthat both fits are not satisfactory. We
consider alternative distributions below.

7.5.8 Alternative distributions for avalanche dynamics

Although previously, at the microcircuit scale, some studies have asserted the existence of
criticality as a universal characteristic of neural dynamics in both spike and LFP avalanches
[135,269], other evidence suggest that same behavior can also be observed through stochastic
processes [134,184]. In this study, after rigorous testing, we showed that the avalanches do not
follow power-law as a universal feature. Thus we also testedwhether an alternative probability
distribution could provide a better estimate for the experimental observations.

We first tested a simple exponential fitting of the spike avalanches, by fitting straight lines in
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a log-linear plot. As seen from Fig.7.13C, a linear fit (“exp1”) can only fit part of the data, as the
initial points (for small size) do not scale linearly. In detection of the lower bound of linearity,
i.e. (Xmin), the robust bi-square method is more stringent than simpleleast square fits and leaves
behind more data points for exponential fitting (see different lines in Fig.7.13C; errors based
on bi-square are plotted in Fig.7.13D; see Methods for details on linearity optimization).

Next, we tested a multiple exponential fitting of the data. The rationale is that two expo-
nential processes may represent differences in two populations of cells, for example excitatory
and inhibitory cells. The fit resulting from a “sum of exponential processes” was extremely
good in minimum residual and reliable prediction bounds forthe data (Fig.7.13E). This “sum
of exponential” model (“exp2”) gave a very good performancein both full length (dark blue)
and reduced above “Xmin” (red). The “simple exponential” model (exp1) reaches a very good
fit only for the reduced set (cyan) but not for the full length of the avalanches (light brown). For
comparison of “exp1” and “exp2” on different spike avalanches, with and without “linearity
improvement”, see Fig.7.13F. Overall, it seems that both exp1 and exp2 exhibit comparably
high values of goodness of fit for the reduced sets. However, only the double exponential fit
was able to fit the entire dataset.

7.6 Discussion

In the present paper, we have analyzed and compared the avalanche dynamics obtained from
multielectrode recordings of spikes and LFPs, for three species, cat, monkey and human. In
each case, we used recordings exclusively made in non-anesthetized brain states, including
quiet and active wakefulness, SWS (slow-wave sleep) and REM(Rapid eye movement). The
primary result of our analysis is that there is no power-law scaling of neuronal firing, in any
of the examined recordings, including “desynchronized” EEG states (wakefulness), SWS, and
REM sleep. All species consistently showed distributions which approached exponential distri-
butions. This confirms previous findings of the absence of power-law distributions from spikes
in cats [134], and extends these findings to monkeys and humans. An obvious criticism to that
prior study is that a set of 8 electrodes is too low to properlycover the system, and the absence
of power-law may be due to this subsampling. We show here thatthe same results are obtained
when a significantly higher density of recording is used, confirming the absence of power-law.

In contrast, avalanche dynamics built from nLFPs displayedmore nuanced results. In some
cases, the avalanche size distributions appear to draw a straight line in log-log representations,
but the more reliable CDF-based tests did not show clear evidence for power-law scaling. In-
deed, statistical tests such as the KS test did not give convincing evidence that these data are
universally distributed according to a power-law. More importantly, while nLFP are related
to firing activity, we showed that a similar behavior was alsoobserved for pLFP peaks. The
avalanche analysis from positive peaks displayed similar results as for negative peaks, although
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positive peaks displayed a weaker statistical relation to firing activity. Using 4 types of con-
trol/randomization we provide very robust evidence that the fundamental differences between
nLFP and pLFP are not attributable to random behavior of spikes or LFP peaks. Yet still, the dis-
cretized thresholded LFPs, show strikingly similar behavior in their avalanche statistics. These
findings render any conclusions about self-organized criticality based on simple power-laws of
PDFs as phenomenological.

Together, these results suggest that the power-law behavior observed previously in awake
monkey [183,269] cannot be reproduced in awake humans’ temporal cortex or cat and monkey
motor cortex. This conclusion also extends to slow-wave sleep and REM sleep, which we found
did not display power-law distributed avalanches, as defined from either spikes or LFPs. In
searching for the linear domains in CDF based on the KS test, one can force the scaling exponent
to fall within the range of the plausible values (comparableto those observed in known physical
phenomena). Doing so, of course, yields more conservative values of scaling, but means that
such scaling would be applicable to only a limited range of data. In fact, unless the system
has universal scaling, there is always a tradeoff between the range to which a scaling exponent
can be extended (i.e. the linear regime in the data) and the proximity of the scaling exponent
value to those of a narrow range (in this case, values of the SOC systems are of interest). Our
tests, did not force the scaling exponent to be limited to values between 1-2, therefore it had
a more stringent emphasis on the linearity of more decades ofthe avalanche sizes. In some
cases where the data showed statistically significant linearity, the obtained scaling exponents
were an order of magnitude higher than what falls in the rangeof the critical regime of known
physical phenomena. Conversely, these observations implythat, a single scaling exponent is
not sufficient to explain the complex dynamics of ensemble activity.

A possibility worth exploring is that some form of power-lawin LFPs is the result of volume
conduction associated with LFPs recorded in high density arrays. When a peak is detected, it is
often also present in many different channels. A possibility worth to explore is whether the same
event could be volume-conducted across many channels in thearray, which may lead to an arti-
ficial increase the large-size avalanches. This possibility should be examined by mathematical
models of the volume conduction effect.

It must be noted that the evidence for self-organized criticality in neuronal cultures or in
slices [135], as well as in anesthetized states [182] is not contradictory with the present findings.
The wiring ofin vitro preparations, as well as the network dynamics in anesthesia, are evidently
different than in the intact brain. We find here that there is no evidence for SOC in wakefulness
and natural sleep states, and for 3 different species. On theother hand, the report of power-law
scaling of nLFPs avalanches in awake monkey [183] seems in contradiction with the present
findings. Many possibilities exist to reconcile these observations, such as differences between
brain region, recording method, cortical layer or volume conduction effects. These possibilities
should be investigated in future studies. Moreover, in a recent report [270], it has been shown
that data from high density recordings (up to 512 electrodes) from from neural culture show
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elements of universality and that avalanches can be collapsed into a universal scaling function
[271]. Such findings confirm that brain circuitsin vitro operate near criticality. Further studies
should examine how to reconcile such evidence with the present in vivo findings.

Due to the high dimensionality of neural data, it is crucial to separate the features of the
inferred models that are induced solely by the inference scheme from those that reflect natural
tendencies of the studied system [268]. In some cases, one could fit the data with different lines
by limiting the range of the decades within which a fit is analyzed. While it is indeed possible,
and highly likely, that neural data at this level follow a multi-scale regime, albeit such a property
would push the system away from cohesively operating at selforganized criticality because the
relation between microscopic interaction of the (neural) elements and collective behavior (of the
cortical network) no longer manifests in single valued features, like a single scaling exponent.

Finally, it is important to emphasize that the present results were obtained using statistical
tests similar to previous statistical analyses [201,261]. In particular, the use of the CDF distri-
bution rather than simple log-log representations of the size distribution is a particularly severe
test to identify if a system scales as a power-law. The use of statistical measures such as the
Kolmogorov-Smirnov test (Table.7.1, 7.2 and 7.3) also constitutes a good quantification of
which distribution fits the data, and is largely superior to the least square fit in double loga-
rithmic scale [201]. The uncertainty and goodness of fit were estimated by 1000 repetitions of
each fitted distribution. We also showed that setting boundsto the fit can introduce biases in
favor of power-law fits, as analyzed previously [201]. In agreement with this, it was found with
bounded fits that power-law provides a better match to data compared to exponential distribu-
tions [259]. Our analysis shows that neither power-law nor exponential distributions provide
acceptable fits to the datasets analyzed here. Multi-exponential fits suggest that bi-exponential
processes provide a particularly good fit to the distributions, which suggests that the underly-
ing neuronal dynamics is most compatible with two exponential processes, which could be for
example excitation and inhibition, both scaling as exponential distributions. Such a possibility
should be tested by further studies, and seem in agreement with the complementary excitatory
and inhibitory dynamics found in the awake and sleeping brain [260].

7.7 Figures
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A) Avalanche definition for ensemble spiking

B) Local negative maxima LFP discretization
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Figure 7.1. Definition of avalanches. (A)comparison of avalanche definition for 8ms vs 16
ms binning; green vertical lines define the boundaries of 16ms binning; naturally, each 16ms
bin is composed of 2 independent 8ms bin (depicted with red dotted lines). Accolades point to
the avalanches, separated by quiescent periods. Top, 8ms avalanches and their sizes, Bottom:
16ms avalanches and their corresponding size. Please note that last avalanche continues after
of the limits in this figure.(B) negative local maxima obtained from the grid of electrodes for a
period of 10 sec. Each row represents negative maxima of a single LFP channel of a selected
threshold level>1.75×STD of the normalized LFP. The red dots in the bottom refer to
ensemble presence of nLFP maxima.
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A) Cat i

D) Monkey i, MI

B) Human i

E) Monkey i, PMd

C)  Human ii

F) Monkey ii, MI
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Figure 7.2. Avalanche analysis on spiking activity during wakefulness.In idle awake ,(A).
Cat i (96-electrode array) and Cat iii (inset, 8-electrode array), (B). Human i (96-electrode
array),(C). Human ii (96-electrode array). Different line colors refer to different bin sizes as
shown in the legend. The lower bound (Xmin, shown in green dotted line), shows that the CDF
of avalanche size, only partially, may follow power-law distribution. Even in such cases, the
exponents had very high values, well above the criticality regime that is hypothesized for 1/f
noise. Panels(D),(E) and(F), show the same type of curves for monkeys engaged in cognitive
motor task (96-electrode array; augmented with a 64-electrode array). Same pattern is
observed; it also seems MI has slightly higher values than PMd in the plausible power-law
regime. For the mean/std exponent values, see Table.7.1and Table.7.2.
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Figure 7.3. Spike avalanche distributions in log-linear representation.Different line colors
refer to different bin sizes as shown in the legend. An exponential process has a linear trend in
log-linear scale. Spike avalanches for all coarse graininglevels, showed a linear trend. Please
notice that bin sizes 11 and 15 are not shown because for the clarity in the line plot, but
showed similar linear trend in this scale (not shown).
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A) Cat iii B) Human i

C) Monkey iii, MI D) Monkey iii, PMd
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Figure 7.4. Avalanche analysis of spiking activity during slow-wave sleep. (A)Cat iii, (B)
Human i,(C) monkey iii MI and(D) monkey iii PMd. Different line colors refer to different
bin sizes as shown in the legend. In parallel to awake dynamics (Figure 2), there is no sign of
criticality, the curves follow different partial power-law with high exponents and variable
lower bound values. The avalanche dynamics do not show a state-dependent trend. For the
mean/std exponent values, see Table.7.1.
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A) Cat iii, REM 1 B) Cat iii, REM 2

C) Human i, REM 1 D) Human i, REM 2
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Figure 7.5. Avalanche analysis of spiking activity during REM sleep. (A)cat iii REM
episode 1,(B) cat iii REM episode 2,(C) human i REM episode 1,(D) human i REM episode
2. Different line colors refer to different bin sizes as shown in the legend. Similar to awake and
SWS, the lack of criticality, variability through different coarse graining thresholds and lower
bounds is the universal finding. For the mean/std exponent values, see Table.7.1.
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A) Ensemble WTA vs local jitter

B) Ensemble WTA vs fixed ISI
circular shift randomization
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Figure 7.6. Relation between unit firing and LFP peaks in wakefulness.nLFP (red) and
pLFP(blue)-based wave-triggered average (WTA) of percentage unit activity, showing that the
negative peaks have closer association with an increase of neuronal firing.(A) Tightly
regulated local jitter of nLFP peaks destroys the large nLFPpeak. Inset shows the zoom
around 0.(B) Preserving the internal structure of aggregate spike trainand ensemble LFP
peaks, but destroying the relation between the two leads to the disappearance of the nLFP
peak. See text for details of randomization and controls. The WTA traces in this figure are
from Human i, (based on 183127, 98520 and 47451 nLFP and 158737, 79225 and 36020 pLFP
peaks for low, medium and high threshold respectively.)
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Figure 7.7. Avalanche analysis in awake monkey LFPs in logarithmic representation. A
power-law process has a linear trend in log-log scale. LFP (negative or positive) maxima
avalanches for all coarse graining levels, as well as all thresholds, showed a linear trend.
Please notice that bin sizes 11 and 15 are not shown because for the clarity in the line plot;
however, they too, also showed a very clear linear trend in this scale. Such trend is necessary
but not sufficient for a process to be power-law. See text and Fig. 8.9
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Figure 7.8. Avalanche analysis in awake human LFP in logarithmic representation.A
power-law process has a linear trend in log-log scale. LFP (negative or positive) maxima
avalanches for all coarse graining levels, as well as all thresholds, showed a linear trend.
Please notice that bin sizes 11 and 15 are not shown because for the clarity in the line plot;
however, they too, also showed a very clear linear trend in this scale. Such trend is necessary
but not sufficient for a process to be power-law. See text and Fig. 8.9
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Figure 7.9. Avalanche analysis based on LFP negative peaks in wakefulness. (A)Cat ii (96
electrode array) and Cat iii (inset, 8 electrode array),(B) Human i,(C) Human ii ,(D) Monkey
ii MI. In all cases, different binnings lead to variable lower bound and scaling exponents. Lack
of linear trend in CDF shows that the observed linear trend inlog-log scale, as shown in
Fig. 8.7and Fig.8.8, are not sufficient for showing that avalanche dynamics are power-law
processes. For the mean/std exponent values, see Table.7.3.
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Figure 7.10. Comparison of Avalanche analysis based on negative and positive peaks.
LFP (negative or positive) maxima avalanches for all coarsegraining levels, as well as all
thresholds did not show linear trend in CDF, therefore negate power-law as the generating
process. These curves show while nLFP has a closer relation with spiking, the avalanche
dynamics of nLFP and pLFP are strikingly similar in their lack of robust criticality when tested
with rigorous statistical tests.
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Figure 7.11. Avalanche analysis in different cortical areas recorded simultaneously.
Avalanche dynamics in nLFP shows that the CDF of the input andoutput units of two
interacting cortices have slightly different characteristics but neither follow criticality regime.
(A) Monkey i, MI, low threshold(B) Monkey i, MI, medium threshold,(C) Monkey i, MI,
high threshold,(D) Monkey i, PMd, low threshold(E) Monkey i, PMd, medium threshold,(F)
Monkey i, PMd, high threshold.
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Figure 7.12. Effects of setting upper boundaries on avalanche size distribution. Each
column shows avalanches of a different bin size (increasingfrom left to right).Panel(A) and
(B), show the results of spike avalanche size distribution of the PMd and MI (respectively).
For each bin size, the distributions of different avalanchesizes are shown in circles; the
avalanche size increases from the bottom to the top, while the size of each circle represents the
ratio to the overall number of avalanches. Red color shows the excluded (saturated) avalanches
enforced by limiting the Xmax to N (number of independent measures; i.e. units in the case of
spike avalanches and electrodes in the case of LFP avalanches). Cyan color shows the included
avalanches. Y axis is in logarithmic scale for better visualization and the values of Y represent
the orders of magnitude of N for proper comparison between different bin sizes (i.e. a given
circle at y=2, represents the avalanches that their size =2log(N), its diameter shows the number
of avalanches that had that size and its color shows whether it is included or excluded
according to the Xmax=N rule).
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Figure 7.13. A-B: Fits comparison and lower boundary.C-F:Alternative fits for avalanche
size distributions. (A) Probability-Probability plot (ECDF vs provisional CDF) for a sample
bin-size (cat i spike avalanche). Green colors are p-p plot for ECDF vs exponential, and blue
colors are for p-p plot for ECDF vs power-law. In each color family, as the lower boundary is
increased (from 1 to Xmin), the color saturation fades; i.e.darkest color shows lower boundary
of 1 and the lightest shows lower boundary of Xmin (where Xminis based on the Clauset
method for fitting power-law to empirical data).(B) Integral of p-p distance to the 1:1 diagonal
(perfect match of the parametric CDF to ECDF). The colors (blue to red) are related to bin
sizes (from smallest to biggest). Cross signs represents exponential distance and circles
represents power law distance to the ECDF.(C) Simple exponential fitting of spike avalanche
data. The data points (purple and green) are plotted in a log-linear representation, together
with a simple polynomial fit (blue), a robust fit calculated onthe full length data (red) and a
robust fit on the reduced data (magenta). The two vertical lines indicate the lower bound of the
region of linearity, i.e. “Xmin”, calculated based on the simple polynomial fit (black) and the
bi-square method (grey).(D) Comparison of the goodness of fit of different exponential fits to
different reductions of the same dataset. The 3 coordinatesare “normalized overall
improvement of RMSE” (noRMSE), “normalized relative improvement of RMSE” (nrRMSE)
and distance of a point from the diagonal in (noRMSE,nrRMSE)plane. Each point in this 3D
space, is the result of a bi-square robust fit after elimination of the firsti elements of the data
(best fit in red).(E) Bi-exponential fitting of the same data. The “sum of exponential” model
(exp2) gave a very good performance in both full length (darkblue) and reduced above “Xmin”
(red). The “simple exponential” model (exp1) reaches a verygood fit only for the reduced set
(cyan) but not for the full length of the avalanches (light brown). (F) Effects of linearity
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7.8 Tables

Table 7.1. Summary spike avalanche

Species Loc State CDF exponent Pval gof
Monkey i MI Awake 3.4413± 0.7616 0.0419± 0.1152 0.0442± 0.0216
Monkey i Pmd Awake 4.1660± 0.6590 0.1130± 0.2140 0.0180± 0.0050
Monkey ii MI Awake 4.6250± 0.4730 0.4550± 0.3600 0.0330± 0.0120
Monkey iii MI SWS 4.5560± 0.7980 0.0030± 0.0100 0.0220± 0.0080
Monkey iii Pmd SWS 3.7760± 0.8660 0± 0 0.0430± 0.0170
Cat ii MI Awake 2.8412± 1.2184 0.3056± 0.3844 0.0599± 0.0368
Cat iii Parietal Awake 3.1410± 0.8720 0.2010± 0.3680 0.0270± 0.0180
Cat iii Parietal SWS 4.2110± 0.7930 0.3290± 0.3620 0.0350± 0.0140
Cat iii Parietal REM 1 3.3240± 0.8150 0.2990± 0.2170 0.0290± 0.0110
Cat iii Parietal REM 2 3.4050± 0.8250 0.4250± 0.4470 0.0230± 0.0140
Human i Temporal Awake 3.5490± 0.8790 0.3870± 0.3650 0.0210± 0.0080
Human i Temporal SWS 1 3.6340± 0.6410 0.3790± 0.3150 0.0250± 0.0100
Human i Temporal SWS 2 3.2550± 0.5770 0.1710± 0.2670 0.0330± 0.0150
Human i Temporal REM 1 3.3740± 0.8560 0.0930± 0.1720 0.0300± 0.0090
Human i Temporal REM 2 3.6430± 0.5540 0.0960± 0.1950 0.0320± 0.0170
Human i Temporal Awake 3.9200± 0.7970 0.0080± 0.0230 0.0090± 0.0070
Human i Temporal SWS 3.8950± 0.7630 0.0070± 0.0140 0.0100± 0.0070

Cross species summary of spike avalanche
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Table 7.2. Detailed Awake spike Avalanche

Loc Bin size(ms) CDF exponent Pval gof
MI 1 2.5 0 0.036
MI 3 5 0.008 0.020
MI 5 3.36 0 0.029
MI 7 3.63 0 0.039
MI 9 3.03 0 0.047
MI 11 3.83 0.327 0.034
MI 13 3.35 0 0.060
MI 15 2.83 0 0.089

PMd 1 4.1 0 0.006
PMd 3 2.81 0 0.021
PMd 5 5 0 0.018
PMd 7 4.85 0.061 0.017
PMd 9 4.03 0 0.022
PMd 11 4.21 0.018 0.024
PMd 13 4.25 0.216 0.019
PMd 15 4.08 0.61 0.017

Monkey i detailed table.



153

Table 7.3. Detailed Awake LFP Avalanche

Bin size(ms) Polarity Threshold CDF exponent Pval gof
1 neg Low 1.71 0 0.019
3 neg Low 2.99 0.056 0.051
5 neg Low 2.55 0 0.052
7 neg Low 2.84 0.074 0.052
9 neg Low 2.42 0 0.053
11 neg Low 2.37 0 0.059
13 neg Low 2.43 0 0.054
15 neg Low 2.36 0 0.052
1 neg Mid 1.83 0.002 0.015
3 neg Mid 2.79 0.425 0.040
5 neg Mid 2.84 0.55 0.042
7 neg Mid 2.81 0.376 0.048
9 neg Mid 2.84 0.345 0.050
11 neg Mid 2.84 0.435 0.048
13 neg Mid 2.71 0.098 0.058
15 neg Mid 2.74 0.204 0.056
1 neg High 1.9 0 0.018
3 neg High 1.55 0 0.029
5 neg High 2.44 0.645 0.036
7 neg High 2.43 0.201 0.046
9 neg High 2.41 0.672 0.036
11 neg High 2.39 0.67 0.035
13 neg High 2.3 0.496 0.036
15 neg High 2.3 0.36 0.040
1 pos Low 1.68 0 0.020
3 pos Low 1.37 0 0.073
5 pos Low 3.03 0 0.066
7 pos Low 4.21 0.762 0.051
9 pos Low 3.59 0.585 0.048
11 pos Low 3.39 0.43 0.047
13 pos Low 2.98 0.079 0.046
15 pos Low 2.9 0.032 0.052
1 pos Mid 1.74 0 0.018
3 pos Mid 3.67 0.128 0.062
5 pos Mid 3.79 0.047 0.069
7 pos Mid 5 0.827 0.061
9 pos Mid 3.78 0.797 0.041
11 pos Mid 3.68 0.926 0.036
13 pos Mid 3.87 0.797 0.049
15 pos Mid 3.51 0.553 0.046
1 pos High 1.76 0.009 0.020
3 pos High 1.47 0 0.061
5 pos High 3.19 0.169 0.067
7 pos High 3.17 0.063 0.066
9 pos High 3.07 0.251 0.061
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Chapter 8

Appendix: Cell/LFP relations and E/I
balance

al-gabr means “restoring”,
referring to the process of moving a
subtracted quantity to the other
side of an equation; al-muqabala is
“comparing” and refers to
subtracting equal quantities from
both sides of an equation.
al-Kitab al-mukhtasar fi hisab
al-jabr wál-muqabala (“The
Compendious Book on Calculation
by Completion and Balancing”).

al-Khwarizmi
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Appendix: Relations between excitatory and
inhibitory cell activity and local field potentials

during human brain states.

Nima Dehghani1, Adrien Peyrache2, Eric Halgren3, Alain Destexhe1,∗ and Sydney S. Cash4,∗

1 Laboratory of Computational Neuroscience. Unit́e de Neurosciences, Information et
Complexité (UNIC). CNRS. Gif-sur-Yvette, France.

2 NYU Neuroscience Institute, New York University Medical Center , New York, NY,
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3 Multimodal Imaging Laboratory, Departments of Neurosciences and Radiology,
University of California San Diego, La Jolla, CA, USA.

4 Department of Neurology, Massachusetts General Hospitaland Harvard Med. School,
Boston, MA, USA.

∗ co-corresponding authors.1

Reference: Dehghani, N., Peyrache, A., Eskandar, E.N., Madsen, J.R., Anderson, W.S.,
Donoghue, J.S., Hochberg, L.R., Halgren, E., Destexhe, A. and Cash, S.S. Relationship be-
tween excitatory and inhibitory neuronal activity and local field potentials during human sleep.
Society for Neuroscience Abstracts37: 451.05, 2011.

Keywords: Pyramidal, Interneuron, Fast spiking (FS), Regular spiking (RS), Human, cor-
tex, sleeping

1Author contributions: N.D. and A.D. designed research; N.Ddesigned the tests and analyzed data.; N.D., A.P.,
E.H., S.S.C., and A.D. performed research.
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8.1 Summary

High-density intracranial recordings (NeuroPort 96-electrode array) were obtained in the tem-
poral cortex of humans under treatment for neurosurgery. Wesuccessfully separated regular-
spiking (RS) and fast-spiking (FS) cells, as confirmed from monosynaptic connections (see
Peyrache et al., SFN Abstract 2011). We report here the differential firing of RS and FS cells
during different sleep stages, devoid of interictal activity. Up to 90 simultaneously recorded
units (in Layer III), and 96 local field potential (LFP) recordings, provide a good basis to charac-
terize the dynamics of excitation and inhibition during different brain states. During slow-wave
sleep (SWS, Stage III or IV), dominated by delta-wave activity, all neurons fired according to
Up and Down states, in relation to slow-waves complexes in the LFP, as described previously.
Both RS and FS cells were silent during the Down-states. During REM sleep and wakeful-
ness, both types of units fired according to very irregular patterns of discharge, while the LFP
or ECoG were desynchronized. In all states, FS cells fired significantly more than RS cells
(about 4 to 5 times on average). We next evaluated the characteristics of the different stages
in more detail by using an automatic categorization of sleepstages combined with sequential
multitaper spectral estimation. Dividing the recordings in episodes of light SWS, deep SWS,
REM and wakefulness, we calculated and compared the spectral transfer function (LFP-Units)
for each stage. We also estimated the correlated firing of theunits, as well as the spatial and
temporal correlation of LFPs and cells, which are significantly larger for SWS. In conclusion,
these results show unit firing and spectral properties for human sleep, and are consistent with
well-known electrophysiological characteristics in catsand rats.
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8.2 Résuḿe

Des enregistrements intra-crâniens de haute-densité (NeuroPort, 96 électrodes) ont été obtenus
dans le cortex temporal de patients traités pour la neuro-chirurgie. Nous avons pu séparer les
cellules entre “regular-spiking” (RS) et “fast-spiking” (FS), ce qui a été confirmé par connec-
tions monosynaptiques (voir Peyrache et al., PNAS, 2012). Nous analysons ici la décharge
spécifique des cellules RS et FS pendant différents étatsd’éveil et de sommeil, sélectionnés
sans activité interictale. Jusqu’à 92 unités enregistrées simultanément, procurent une base solide
pour la caractérisation de la dynamique de l’excitation etde l’inhibition pendant ces différents
états. Pendant le sommeil lent (Stade III ou IV), dominé par les ondes lentes de type delta, tous
les neurones déchargent selon des états “Up” ou “Down”, enrelation avec les ondes lentes du
LFP, comme décrit précédemment. Les cellules RS et FS sont toutes silencieuses pendant les
états “Down”. Pendant le sommeil REM et pendant l’éveil, les neurones déchargent de façon
irrégulière alors que le LFP ou l’ECoG sont désynchronisés. Dans tous les états les cellules FS
déchargent plus que les cellules RS (4 ou 5 fois plus en moyenne). Ensuite, nous avons évalué
les caractéristiques de chaque état en utilisant une procédure de classification automatique et
analyse spectrale. En divisant les enregistrements en sommeil leger, sommeil profond, sommeil
REM et éveil, nous calculons la fonction de transfert entreles neurones et le LFP pour chaque
état. Nous estimons aussi le degré de corrélation des neurones, et l’étendue spatiale et tem-
porelle de ces correlations, qui est la plus grande pour le sommeil profond. En conclusion, ces
résultats démontrent que les relations entre unités et LFP dépendent de l’état cérébral, et sont
consistantes avec les résultats publiés chez le chat et lerat.
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8.3 Materials and Methods

Human intracranial recordings

Recordings were obtained from two patients with medically intractable focal epilepsy using
NeuroPort electrode array as discussed previously [54, 260]. The array, 1mm in length, was
placed in layers II/III of the middle temporal gyrus with informed consent of the patient and
with approval of the local Institutional Review Board in accordance with the ethical standards
of the Declaration of Helsinki. This array is silicon-based, made up of 96 microelectrodes with
400-µm spacing, covering an area of 4× 4 mm. Since the corners are omitted from the array,
the furthest separated contacts are 4.6 mm apart. Data were sampled at 30 kHz (Blackrock
Microsystems, Salt Lake City, Utah, USA). The continuous recording was downsampled to
1250 Hz to obtain LFPs. The dataset we analyzed was devoid of any form of identifiable
epileptic activity (such as interictal spikes), and there was no seizure in the analyzed dataset.
The implantation site was included in the therapeutic resection in both patients. For details on
spike sorting, see Peyrache et al. [260].

8.4 Figures
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Figure 8.1. Relation between units and LFPs during wakefulness.
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Figure 8.2. Relation between units and LFPs during light slow-wave sleep (Stage II).
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Figure 8.3. Relation between units and LFPs during deep slow-wave sleep (Stage IV).
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Figure 8.4. Relation between units and LFPs during REM sleep.
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Figure 8.5. Relation between units and LFPs during a focal seizure.
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Figure 8.6. Relation between units and LFPs using spike-triggered averages (STA),
during different brain states.
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Figure 8.7. State-dependent descriptive statistics of FS vs. RS.
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Figure 8.8. State-dependent firing probability.Density probabilities were computed from
kernel smoothing density estimates of the actual data and displayed such that the sum over the
whole displayed interval is equal to 100 for each group. Top row: in deep NREM, both firing
rate distributions (FS in red and RS in blue) had a gaussian-like shape in logarithmic
x-coordinates suggesting log-normal distribution for FS and RS cells. The FS cell distribution
in Wake/drowsy as well as light NREM show possibility of bimodal characteristics. Bottom
row: Distribution of auto-correlogram modes (time of maximum peak) for each group.
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Awake

SWS

Figure 8.9. Multiscale dynamic excitation/inhibition balance: distribution of ensemble
magnitude. Top:Awake, Bottom: SWS. Moving 30 sec windows, sliding in 1 sec steps, were
used to characterize the dynamics of E/I balance. In each time step, the 30 sec window of the
spike matrix was binned at multiple time-scales of 1, 5, 10, 20, 40, 80 and 100 ms. For each
binned spike matrix, the ensemble magnitude of excitation and inhibition was calculated as the
sum of all FS (or RS) spikes within that window. Scatter histograms, show how the magnitude
range is distributed for FS (negative on x axis) and RS (positive on x axis). The range of the
size of these ensemble magnitudes, seem to be in balance at all time scales. The L-R symmetry
shows that ”distribution of ensemble magnitude” is similarfor FS and RS for all scales. The
pyramidal shape shows that as the scale increases, naturally, higher ensemble magnitudes are
plausible and the range of possible magnitudes is wider. Similar pattern was observed for both
awake and SWS.
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Figure 8.10. Multiscale dynamic excitation/inhibition balance: frequency of ensemble
magnitude. Top:Awake, Bottom: SWS. The histogram count of different ensemble
magnitudes (regardless of their time scale) is symmetricalfor both FS (red) and RS (blue).
Therefore the frequency of ensemble magnitude also seem to follow a balanced regime for
both awake and SWS states.
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Figure 8.11. Dynamic pairwise-correlation of LFP.Top:Awake, Bottom: SWS. Moving 30
sec windows, sliding in 1 sec steps, were used to characterize the dynamics of LFP correlation.
In each time step, pair-wise correlation coefficient among LFP channels was calculated. The
values from all pairs, all time steps were pooled together tocreate the historgram distribution
of dynamics LFP correlation. In case of SWS, the shift to the right of the histogram, shows an
overall higher level of correlation within this 4mmx4mm patch of the cortex.
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Chapter 9

EEG/MEG Spectra

You can’t say A is made of B or
vice versa. All mass is interaction.

Richard Feynman

In Chapter 5, we have combined theoretical and experimentalanalyses to investigate the
spectral structure of EEG and MEG signals.

9.1 Theoretical investigation of the frequency scaling of EEG
and MEG signals

9.1.1 recount of biophysics

As discussed in chapter 2, in macroscopic modeling of MEG/EEG, the common practice is to
assume that the cortex is composed of mini-columns or macro-columns [272]. In each of these
elements, the vector sum of electrical activity is modeled as a current dipole [78]. It is hypoth-
esized that such dipoles have the same biophysical roots. Given the structural organization of
the cortex, when pyramidal cells in a given column are activated, the current passes through the
apical dendritic structure toward the soma. This ”impressed” current leaves the soma and ”pas-
sively” returns to the superficial layers of the cortex [16, 76]. The magnetic induction caused
by the impressed current is responsible for the MEG signal and the ohmic passive current is
the source of EEG signal [8, 79]. If the activity within mesoscopic elements is synchronized,
the approximated current dipole has a big enough amplitude that can be detected by distant
electrodes.
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The propagation of the electromagnetic source through the extracellular medium abides by
the same principles that any electromagnetic wave would follow in its propagation through a
volume conductor. By assuming that the extracellular is purely resistive, quasi-static Maxwell
equations can be used to predict the propagation of the electromagnetic field generated by cur-
rent dipoles. Given a set of sources, the precise predictionof their spatial spread, i.e. forward
model, would rely on the volume conductor’s geometry and conductivity. In defining the con-
ductivity profile, the common practice is to neglect the capacitive effects, but leave room for
possible inclusion of medium inhomogeneity and anisotropyif one decides to include more
details in the model [77, 78]. In the numerical approach to the conductor modeling, whether
one uses ”Quasi-analytical solutions” [76, 89, 273], or relies on ”Boundary element model
(BEM)” [ 102, 157] or adapts ”Finite element/volume model (FEM/FVM)” [166], the differ-
ences are only in piecewise details. In principle, by including more details, the computational
cost adds up but the equations remain quasi-static. Based onthese assumptions, the conductivity
profile of the gray matter is similar for both MEG and EEG.

Other barriers, between the source and the sensor outside ofthe skull, include CSF, scalp
and skull. It is known that electrical field is influenced by all these elements while the magnetic
field is not [8,16,75,77]. These barriers acting as spatial filters cause a smearing effect on EEG
but not MEG. However, the spectral content of EEG and MEG should remain the same.

9.1.2 Theoretical assumptions

Our first study was formulated to explore these assumptions about the conductivity profile of
gray matter and the negligible effect of other barriers on spectral content. In chapter 5, we start
with theoretical formulation of the spectral density of MEGand EEG based on a purely resis-
tive medium, and then follow with an experimental section testing the validity of such assump-
tions against the simultaneous measurements of EEG/MEG. Based on resistivity assumption,
the frequency scaling of EEG and MEG signals should be similar. Based on our theoretical
calculations, this conclusion is only valid in the linear regime, and for low frequencies. One of
prerequisites of this phenomenon to be fully realized, is the assumptive independence of current
densities at large scale. Therefore, the desynchronized state is the best matching experimental
scenario to test this hypothesis. It has been shown that in such a state (a form of the high conduc-
tance in vivo) increased excitability of the neural membrane due to the synaptic bombardment
is associated with the low correlation [31]. This situation results in focal activation, where at
the micro-meso scale would lead to independence of the source [123].
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9.2 Analysis of the frequency scaling of EEG and MEG sig-
nals

9.2.1 precisions and precautions

9.2.1.1 Optimal state

In the second part of the chapter, we have presented the scaling exponent analyses obtained
from the PSD of simultaneously recorded EEG/MEG signals from four healthy subjects. In all
cases, the recording were from the ”desynchronized EEG state”, awake with eyes open (which
are the states at which our formalism best applies).

9.2.1.1.0.5 Data-driven optimized exponent estimationFor automated and proper cal-
culation of the frequency scaling exponent on large number of channels, we used a semi-
parametric data-adapting ”B-spline” optimization methodto obtain a smooth FFT without los-
ing its frequency resolution. This method enforced criteria that would maximally improve the
estimates from the low frequencies (which are the range at which our formalism best applies).

9.2.1.1.0.6 Multimodal topographical characterization of scaling exponent Due to
the complex geometry of the volume conductor and differential sensitivity of MEG and EEG
to orientation of the current dipoles, it is important to calculate the scaling exponent for all of
the sensors (more is better) not a small group confined to a given region [as in studies such
as [130, 131]. Naturally, the best case scenario is to compare the topographical maps of ”si-
multaneously” recorded MEG and EEG instead of limiting the analyses to only one modality
(such as [221, 222]). Thus we relied on multimodal topographical characterization of scaling
exponent to yield higher reliability.

9.2.1.1.0.7 Proper selection of the MEG sensor typeMagnetometers measure the ab-
solute magnitude of the magnetic induction and Gradiometers measure the gradient of the mag-
netic induction. Due to this property, a distant backgroundsource largely cancels at gradiome-
ters. Therefore, these types of sensors are less noisy [8, 23]. This characteristic may prompt
one to inadvertently estimate the scaling exponents from the spectral difference of magnetome-
ters. This estimation is rationalized by the desire to mimicthe higher SNR of the gradiometers
and avoid spurious peaks [131]. Such a practice is improper because it fundamentally changes
the spectral characteristics of the source and turns it intoan approximated behavior of the gra-
diometers. Not only is this an uncontrolled approximation but also the gradiometers themselves
are not the prime choice for the estimation of frequency scaling exponents. A better approach is
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to use Magnetometers in a highly shielded room and apply ”spectrally” proper noise reduction
methods to achieve reliability in the estimates. In the nextsection, we discuss such methods.

9.2.1.1.0.8 Noise correction As discussed in chapter 2, magnetic measurements are
highly susceptible to the environmental and instrumental noise. While our data was recorded
in a highly effective 6-layer magnetic shielded room [24], it is desirable to exclude the effects
of the magnetic noise from the estimated scaling exponent. It is also shown that the MEG sen-
sors may have different SNR characteristics depending on their relative location with respect
to head [118]. In order to remove the noise effect, we developed a few measures of noise re-
duction based on the empty room recordings prior to the experimental session. As, a priori, the
nature of noise was not known, each method was designed with adifferent source of noise in
mind. In case of SQUID sensor noise induced 1/ f , a simple subtraction of scaling exponents
was used to remove the effects of this filtering. In case of additive uncorrelated noise, spectral
subtraction methods (linear, non-linear multi-band subtraction and Weiner Filter) based on the
band-specific SNR information, would remove the frequency scaling imposed by the noise pres-
ence. To address general additive uncorrelated noise, partial least squares (PLS) was applied to
help remove the noise based on its collective features.

9.2.1.2 Comparison with other studies

Prior studies have reported that, at low frequencies, EEG has a frequency scaling of 1/ f
[129,134,220]. Our findings showed that while (at low frequencies) EEG displays frequency
scaling close to 1/ f , the spatial distribution of scaling exponents is not uniform. MEG showed
significantly lower scaling exponents and it too had a non-uniform, but more complex, to-
pographical map of scaling exponent. This variable topographical map could further be se-
questered into 3 main regions: 1) a frontal area where the exponents had their highest values in
the case of MEG 2) a central area where the values of exponentsof EEG and MEG get closer to
each other and 3) a parietotemporal horseshoe region showing the lowest exponents for MEG
with bimodal characteristics.

Prior studies results each match with a subset of our observations [130,131,221,222,226].
However, as they were more methodologically limited, (as mentioned above and discussed in
chapter 5) it is not clear how to relate their values to the ones obtained here. It is safe to say
that the burden of the confirmation of our findings is upon future detailed and methodologically
sound experiments. In summary, both uncorrected signals and empty-room correction show
that there is a fundamentally different frequency scaling between EEG and MEG signals. Even
in the light of different noise subtraction, the noise-corrected MEG showed a further distance
from EEG in terms of frequency scaling exponent.
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9.2.1.3 Mismatch of the quasi-static approximations with the experimental findings

The mismatch between the predictions of quasi-static approximations, and the complex vari-
ability of the measured scaling exponent of EEG vs MEG, showsthat the original assumptions
about the conductivity profile of gray matter and the negligible effect of other barriers on spec-
tral content are improper. These findings are consistent with the hypothesis that the 1/ f struc-
ture of the field potentials (EEG or LFP) is essentially due toa frequency-filtering effects of the
extracellular medium due to the Warburg impedance caused byionic diffusion [123,134,192].

9.3 concerns and future possibilities

9.3.1 Precise 3D geometric models

Complex spatial configuration of the sources and the differential sensitivity of the MEG and
EEG signals to dipole orientation [114–116], remain as possible reasons for the different spec-
tral behavior of EEG and MEG. The questions of whether the extent of spatial averaging of
microscopic signals or the cancellation of sources of the walls of the sulcus due to their ori-
entation disparity could affect the scaling of spectral density should be examined in the future
studies adapting detailed 3D geometric models of the tissue.

9.3.2 Multiscale studies

Bypassing non-neuronal effects at very low frequency usinginvasive electromagnetic measure-
ments is a possibility. Moreover, multiscale simultaneousrecordings from an invasive method
with a non-invasive one, like iEEG and MEG (as in [120]) could provide a chance to evaluate
the effects of spatial correlation on spectral structure ata multiscale level.

9.4 Conclusion

These theoretical considerations and experimental analyses suggest that a purely resistive ex-
tracellular medium cannot explain the observed differencein frequency scaling of EEG. The
1/ f structure of EEG with smaller scaling exponents for MEG is consistent with non-resistive
extracellular impedances, such as capacitive media or diffusion (Warburg) impedances (see
[63,122,192]) . If this non-resistive aspect of extracellular media is confirmed, it may influence
the results of models of source localization, which may needto be reformulated to include more
realistic extracellular impedances.
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Chapter 10

Network dynamics

For it is the same whether you take
it that the Earth is in motion or the
Sky. For, in both the cases, it does
not affect the Astronomical
Science. It is just for the Physicist
to see if it is possible to refute it. .

Abu-Rayhan Biruni

In Chapter 6, we used multielectrode array recording of cells from layer II/III of the of
the middle temporal gyrus in epileptic patients. Details ofthe instrumentation are presented
in Chapter 1. These high-density arrays, provide an opportunity to analyze the dynamics of
the microcircuitry of a 4x4 mm patch of the cortex which is in the same order of magnitude
as a cortical column. We used overnight sleep recordings to perform a detailed quantitative
analysis of the spatiotemporal dynamics of excitation and inhibition in the human neocortex.
The findings are categorically divided to: (i) robust morphological (based on the extracellular
waveform features) discrimination of putative cortical excitatory and inhibitory neurons; (ii) in
vivo evidence of functional monosynaptic connections in the human neocortex; (iii) functional
behavior of inhibitory and excitatory cells during human sleep; (iv) distinctive spatiotemporal
patterns of Pyr-Pyr and Int-Int assembly interactions; (v)detailed quantification of cortico-
cortical correlations. Below, we provide an overview thesefindings.
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10.0.1 Morpho-functional discrimination of putative inhibitory and pu-
tative excitatory units.

10.0.1.1 Morphological clustering of spike waveforms

It has been shown that the extracellular spike waveform may carry information about the func-
tional characteristic of its generating cell. A short, fast-decaying action potential has been asso-
ciated with Fast-spiking (FS) and GABAergic cells; therefore such characteristics are indicative
of putative inhibitory neurons. A large and slower action potential depicts Regular-spiking
(RS) and glutamatergic neurons, thus suggesting that the generator is a putative excitatory cell.
The spike waveform features, along with firing rate characteristics, have therefore been used
to discriminate FS and RS cells in various mammalian species, such as rats [39] and guinea
pigs [241]. Using spike waveform features, later studies succeeded in separating FS and RS
cells in human hippocampus [41,247] as well as human neocortex [55,56].

In our study, we computed the average waveform from each sorted cell. Then the wave-
form’s ”half width” and ”valley-to-peak” were used in a K-means clustering algorithm to suc-
cessfully separate the units into the two category of FS and RS. Selecting different pairs of
waveform features, like ”valley-to-peak amplitude ratio”and ”valley-to-peak widths” or ”half-
valley width” and ”valley-to-peak distance” also providedmatching results. Moreover, a more
sophisticated Expectation-Maximization (E-M) algorithmbased on the Gaussian mixture mod-
els provided robust discrimination and confirmed the separation.

This segregation was consistent with several other cell intrinsic parameters of pyramidal and
inhibitory neurons. For example, as anticipated, FS cells fire at much higher rates (five times
higher than RS) while RS cells showed 64% bursting behavior (in comparison to the only 2%
of FS). These two groups manifested different coefficients of variation (the ratio of the standard
deviation to the mean of the interspike interval (ISI) distribution). Additionally, the autocor-
relogram of putative inhibitory neurons showed a slow rising autocorrelation while putative
excitatory cells had sharp autocorrelaograms. The two groups also had highly distinctive distri-
butions of the mode (i.e., time of maximal values in the autocorrelogram). These characteristics
match the known longer refractory period in the case of FS cells and shorter refractory period
for the RS cells. Such properties may equip the inhibitory cells as members of an ensemble
with longer memory of the immediate past events.

The ratio of the ”putative” excitatory (RS) to ”putative” inhibitory (FS) was 4 to 1 which
is consistent with the known ratio between the pyramidal andinhibitory cells in the neocortex
[143]. This finding is interesting because despite the assumption that larger pyramidal cells
generate higher amplitude spikes (and thus are more easily detectable in the extracellular space),
a random sampling within the dense multielectrode array’s field of view detected both groups
with sufficient reliability.
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It has to be emphasized that not all excitatory cells have a narrow extracellular spike wave-
form signature. This issue seems to be especially clear in the motor cortex. In cats, in vitro
[274], in vivo [275], and during anesthesia [276], it has been shown that pyramidal neuron
exhibits a wide variety of spike durations and waveforms, including thin spikes. Similarly, evi-
dence for thin spikes from a recent study in awake monkey secondary motor area [277] suggests
that spike duration alone may not be a reliable tool propertyto discriminate interneurons and
all types of pyramidal neurons in extracellular recordings. Perhaps the finding of these studies
shows that the different functional cytoarchitecture of the motor cortex (morphology of cells,
their density, modes of action and the composition of the extracellular tissue itself) and/or the
specific layer of the cortex may play a role in how electrodes record the extracellular signature
of action potentials.

10.0.1.2 Functional discrimination of units

Monosynaptic connectivity can be used as an evidence for thevalidity of the morphofunctional
dichotomy within the network. Pairwise cross-correlograms can help characterizing putative
monosynaptic connections [39]. Statistically significant temporal bias in the cell pair relative
spike timing can be used as an indicator of putative monosynaptic connections [255]. For any
given pair of units, excessive biased spikes occurring above/below a statistical thresholdwithin
the short-latency (<4 ms) interval was the indicator of their monosynaptic functional connec-
tivity. In the analyzed cross-correlograms, statistically significant peaks were considered as
the functional signature of an excitatory monosynaptic connection from cell A to cell B. Con-
versely, statistically significant drops were interpretedas a sign for an inhibitory monosynaptic
connection.

The distribution of the observed monosynaptic functional connectivity perfectly matched
the morphological clustering of the two excitatory and inhibitory populations. The monosynap-
tic connectivity matrix was typically sparse (17%) and not different for excitatory or inhibitory
units. Monosynaptic connections were almost entirely local (pairs recorded on the same elec-
trode) for both populations. These observations have certain limitations based on the fact that
the adapted method underestimates the number of actual functional connectivities based on its
reliance on suprathreshold activity from pre- and post-synaptic neurons. The locality of the
monosynaptic connectivity is in line with the fast distance-dependent decay of synaptic con-
nections [143,255]. The spatial extent of local monosynpatic connectivity is, however, still a
subject of debate [235,236]. Studying longer scale correlations showed that the unitsrecorded
from the same electrodes had higher functional connectivity with each other than with those
recorded from other electrodes. This resonates with the hypothesis that connected units are
more likely to form dynamic cell assemblies [49]. The observed morpho-functional dichotomy
in our investigations enabled us to characterize the dynamic interaction of excitatory and in-
hibitory units, which is discussed next.
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10.0.1.3 Functional balance of inhibition and excitation

Theoretically, it has been suggested that in a sparsely connected network, the seemingly irregu-
lar firing of cells could be the consequence of the excitation/inhibition (E-I) balance [250–252].
These theoretical predictions match with intracellular indications of a balance between exci-
tatory and inhibitory conductance both in vitro [172] and in vivo [253]. Possible excess of
inhibition in vivo has also been suggested [254]. Our extracellular analysis in chapters 6 and
8 represent indirect evidence in favor of E-I balance. The average firing rate for inhibitory
neurons were five times higher than the excitatory neurons while the inhibitory cells were 4
to 5 times less common than excitatory cells. Thus it seems that total synaptic activity of the
two populations are in an ongoing balance. Also, the lognormal distribution of the firing rates
(for both populations), matches the theoretical prediction of heavy-tailed firing rate in sparsely
connected networks [250].

10.1 Spatiotemporal dynamics of excitation and inhibition

Proponents of rate coding hypothesis have argued that the ample evidence for correlated corti-
cal activity is not mirrored by a functional significance, and that the firing rate is sufficient for
mediating perceptual binding [278]. In contrast, according to the temporal coding hypothesis,
it has been suggested that the overall functional architecture along with coordinated spiking
activity on a fine temporal scale is an essential property of the functioning brain [279]. What
is neglected in the former claim is the detailed cytoarchitecture of the neocortex and the local
spread of synaptic connectivity. What is missing from the later claim is the approximate bal-
ance of excitation-inhibition. Earlier studies have shownthe existence of a distant-dependent
pairwise correlation between MUAs. In addition, the spatial extend of the functional clusters
was reported to match with the spatial organization of the sensory cortex contained by optical
imaging [280]. The morpho-functional characterization of FS and RS units from the ensemble
recordings gave us the opportunity to test the spatiotemporal extent of excitation and inhibition.

We found that the excitatory cells show a distant-dependentcorrelation whereas inhibitory
cell pairs were equally correlated with both proximal and distal electrodes over spatial extent
of the array. Our findings were later confirmed by an in vitro study reporting that, in contrast
to RS neurons, FS interneurons correlation was not distant dependent [281]. We also noticed
that in the case of excitatory cell pairs, as the timescale (bin size) increased, the modulation of
the spatial extent decreased and the correlations tended toequalize irrespective of the distance
between the units.

These results have strong implications for our understanding of cortical network dynamics,
particularly with respect to the spatial extent of E-E correlation with the axonal arborization of
the excitatory units of the human hypercolumn. Interestingly it is known that this spatial extent
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of arborization is more evident in the primary sensory cortices than the higher order areas, like
the examined temporal neocortex in our study [143]. In contrast, common subcortical inputs
over large neocortical areas impinging directly onto GABAergic [80, 97] could be the result
of the observed large spatial extent of inhibitory correlations. This finding shows that what is
neglected in the rate coding hypothesis [278] is a major property of the cortical microcircuitry.
The tendency of the correlations to equalize at longer timescales, along with the E-I balance
measures (presented in Chapters 6 and 8) are reflective of theapproximate balance of excitation-
inhibition; this concept is missing from the temporal coding hypothesis [279].

In studying the spatiotemporal dynamics in different wake/sleep states, we also found that
the distance-dependent E-E relationship decreased duringdeep NREM (non-REM) sleep. Al-
though this distance-dependent property still remained statistically significant. From the meso-
scopic or macroscopic field potentials, i.e. LFP and EEG, we know that during the slow-wave
sleep, functional units orchestrate over large areas [238, 256], while during desynchronized
state, neocortex manifests low spatial correlation [174]. The fact that SWS is matched with
”long time scale dynamics” and that desynchronized state show characteristics of ”short time
scale dynamics” gives us a hint that functional units of the cortex are capable to operate in
different modes. In addition, along with the intricate group-specific spatiotemporal connectiv-
ity of excitatory and inhibitory cells, some neurons are capable of reaching very distant areas
and could produce large-scale synchronization of the inhibitory network [33]. Also, different
thalamocortical (core and matrix) projections could recruit more focal or widespread cortical
areas [26,98,102]. If cognition and feature binding is needed, perhaps the system tends to use
a mode that rapidly but specifically recruits the proper excitatory cell. It is the task of the in-
terneurons to balance the network in terms of the temporal and the spatial extent of excitation.
In such a scenario, temporal and rate codes are two sides of the same coin, where one morphs
into another depending on the required computation.

10.2 Limitations

Our study was based on recordings from epileptic patients. Although the selected segments
were void of epileptic activities, there is a possibility that the studied tissue is not cytoarchi-
tecturally and/or functionally normal. However, studyingthe E-I balance in the seizure and the
preliminary findings of E-I disturbance during seizures (Chapter 8) may hint that the studies
tissue may functionally behave normal except at the time of seizures when the whole network
is pushed out of balance.
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10.3 Conclusion& future directions

Our study not only extends some of the prior work in animal literature to the human cortex
but also provides novel characterization of the dynamics ofthe neocortical microcircuitry. The
observed large-scale synchronized inhibition, along withthe more focal synchronized excitation
and their variable characteristics at different time-scales and conscious states, serves as an initial
step toward better understanding the intricate dynamics ofthe neural network computation.
Extension of these findings to the study of cognition, sleep and seizures will help to better see
the ever evolving spatiotemporal dynamics of the brain.



Chapter 11

Avalanche dynamics

A cloud is made of billows upon
billows upon billows that look like
clouds. As you come closer to a
cloud you don’t get something
smooth, but irregularities at a
smaller scale.

Benoit Mandelbrot

The dynamics of SOC systems are structured as “avalanches” of activity, separated by silent
periods. Avalanche sizes are typically distributed as a power law, which is particularly in-
teresting for the scale invariance it presents. In Chapter 7, we have analyzed and compared
the avalanche dynamics obtained from multielectrode recordings of spikes and LFPs, for three
species: cat, monkey and human. In each case, we used recordings exclusively made in non-
anesthetized brain states, including quiet and active wakefulness, SWS (slow-wave sleep) and
REM (Rapid eye movement). In monkeys, we had the opportunityto, simultaneously, record
from two different patches of the cortex. In all cases, we used Utah-type multielectrode arrays.
The details of the instrumentation are described in Chapter1.

11.1 Avalanche dynamics from unit recordings

Previously, it had been shown that awake spike avalanche dynamics do not show power-law
characteristics [134]. This study was criticized as having poor spatial sampling(only 8 elec-
trodes, arranged linearly with contacts far from each otherfor properly characterizing avalanche
dynamics). In our study, we used the significantly higher density two dimensional arrays.
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Whether the recordings were from “desynchronized” EEG states (wakefulness), SWS, and
REM sleep, we found no evidence for meaningful power-law scaling in the neural avalanches.
This was the case for all three species.

11.2 Avalanche dynamics from LFP recordings

In evaluating LFP avalanche dynamics, we not only evaluatednegative LFP (nLFP) peaks, but
also analyzed positive LFP (pLFP) peaks. Additionally, foreach of these polarities, we used
numerous thresholds to discretize LFP in order to create an avalanche matrix. Our analyses for
LFP avalanche dynamics was only done in awake state. In some cases, the subject was in idle
wakefulness and in others they were engaged in a cognitive/motor task.

In contrast to spikes, analysis of nLFP avalanches displayed slightly variable results. In the
log-log representation, some cases appeared not to follow astraight line and therefore could
not be considered to have power-law distribution. Others, however, appeared to distribute close
to a power-law in such representation. Albeit, when these cases were tested with stringent
statistical tests (CDF-based evaluation of power-law in empirical datasets), they did not show
clear evidence for meaningful power-law scaling. It is considered that nLFPs have a closer tie to
cell spiking activity. This factor, along with the reportedpower-law scaling of nLFP in vitro, has
been taken as evidence of self-organized criticality in theneural dynamics [135]. If that were
the case, pLFPs (which are not as tightly related to neural firing) should not scale as a power-
law. If pLFPs scale as a power-law as nLFPs do, then such scaling is a spurious one and is the
result of something else rather than self-organized criticality. Based on the above argument, we
also tested pLFPs from the three species at different thresholds and at different time scales. The
results were similar to the findings drawn from the analyses of nLFP avalanches, in that in some
cases pLFPs did not scale as power-law and other cases they did scale as power-law but with
estimated exponents that were not meaningfully relevant toself-organized critical systems.

Given these findings, it is necessary to provide a comparative analyses of the relationship
between spiking and the LFP peaks. Comparing nLFPs vs pLFPs showed that the former had
a closer relationship with spike timing. We then used 4 methods of surrogate/randomization in
order to evaluate the statistical robustness of the comparative relation of spike-nLFP vs spike-
pLF. Each of these randomization methods tested a specific property of spike/LFP distribution
: i) using Poisson surrogate data, we tested whether the observed nLFP and pLFP differences
could be reproduced by surrogate spike series, ii) Random permutation was used to verify that
randomizing the aggregate spike series by itself cannot mimic the observed the LFP-spike re-
lation, iii) Local jitter randomization was used to evaluate the effects of randomization based
on the statistics of the individual channel’s LFP peak times(before aggregating them into the
ensemble LFP peak train) of LFP peaks, and iv) Fixed-ISI circular shift of spike was applied
todestroy the relation between ensemble spikes and ensemble peaks while preserving their in-
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ternal structure. All these test confirmed that the fundamental differences in the comparative
nLFP-spsike and pLFP-spike relationships are not attainable from randomness of spikes or LFP
peaks. Together, these findings show that basing self-organized criticality on the power-law
scaling of pLFPs is not proper as it seems that such observations are phenomenological rather
than depicting true nature of the underlying computation inthe neural tissue.

While it is imperative that findings of some earlier studies be revisited and tested with more
robust statistical methods, the evidence for power-law distribution (and the conclusion of self-
organized criticality based on that) from in vitro [135] or anesthetized state [182] match our
understandings about the natural differences of functional organization in comparison with in
vivo non-anesthetized brain. Additionally, a recent report has shown that collapsing avalanches
(from high density in vitro recordings) show elements of universality [270], a feature that is
better tied to self-organized criticality. These observations do not contradict our results from
in vivo non-anesthetized cortex in that the wiring ofin vitro preparations are fundamentally
different from the in vivo situation [30]. In addition, the network dynamics in anesthesia are
much different from the high conductance state [31]. On the other hand, our results do contradict
the report of power-law scaling of nLFPs avalanches in awakemonkeys [183]. The scope of
that study has been more limited in terms of i) the density of the electrodes and number of
independent recordings of LFP and spike andii) the statistical rigor. Additionally, there are
other possibilities that could reconcile these different observations, such as differences between
the examined brain region, recording method, cortical layer or volume conduction effects.

11.3 Methodological considerations

In the search for the power-law in empirical data, using CDF distribution is statistically much
more superior to the simple log-log representations of the size distribution [201, 261]. Addi-
tionally, the Kolmogorov-Smirnov test is also largely superior to the least square for fitting a
distribution to an empirical data [201]. It is also important to note that in using CDF-based KS
test, one can force the scaling exponent to fall within the range of the plausible values. After
such practice, and if the scaling exponent passes statistical significance testing, naturally, the
yielded scaling exponents will have values comparable to those in known self-organized nat-
ural systems. However, it is the range of the data that has to be sacrificed in order to achieve
these ”acceptable” (from self-organized criticality point of view) exponent values. The only
scenario that will not impose any trade-off between the range of the data and the plausible scal-
ing exponent of SOC systems, is when the system universally scales across all the decades of
its events.

In our analyses, we adapted the CDF-based KS testing of power-law. We opted to conserve
more decades of the avalanche sizes in order to better understand the avalanche dynamics at
the operating scales of the brain. Therefore, we did not force scaling the exponent range to be
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limited to that of the known SOC systems (i.e 1-2). Therefore, in cases where the data was
fit with a proper power-law, examining of the scaling exponent value becomes essential. In
such situations, the obtained exponents were orders of magnitude higher than those of the SOC
systems. Therefore, we claim that the power-law was non-existent or meaningless.

Conversely, some may opt to sacrifice the range in order to obtain desirable scaling expo-
nents. This is exactly the approach that was adapted by Klauset al [259]. In their approach,
they limit the range of the data between 1 and maximum number of independent observations.
Based on this range, they claimed that the power-law was performing better than exponentials
in describing the avalanche distribution. Therefore, we tested our data in a similar fashion and
found that setting such lower and upper bounds can introducebiases in favor of power-law fits.
However, while power-law outperformed exponential, none were a proper fit for the avalanche
data. We further showed that the avalanche data can be very well fit with a bi-exponential dis-
tribution. Of course this was done with statistical rigor toprove that the added coefficients are
not the reason behind the fit improvement. This finding could be in line with the fact that the
two populations of excitatory and inhibitory neurons, bothcould have their specific exponential
distribution and therefore the conjoint ensemble reflects properties of the two system as one
bi-exponential process. Moreover, our results show that there is a possibility that avalanche
dynamics follow a multi-scale regime.

11.4 Future directions

One of the shortcomings of the LFP avalanche analysis is thatit ignores the volume conduc-
tion and the spatial reach of the LFP altogether (for detailson these biophyscial characteristics
of extracellular recordings, see Chapter 2). In high density arrays, peak detection at a given
recording site, is usually accompanied closely at different channels. Therefore, it is essential
to theoretically and experimentally test the possibility of volume-conduction contribution to the
avalanches. Additionally, it would be interesting to test whether the data can be collapsed into
a universal scaling function [271].



Chapter 12

Grand conclusion

More is different.

Philip Anderson

The fundamental differences between the analysis of neurophysiological measurements and
other non-biological or biological time-series are twofold, a) neurophysiological measurements
contain information encoding dynamics and b) the dimensionality of neural data is many orders
of magnitude larger than that of the other types of time-series. With the birth and rapid devel-
opment of high throughput neural data, recorded by miniaturized devices, we are facing new
challenges. There is an increased necessity to develop methods that are capable of unraveling
the inherent complexity of biological systems as observed in multidimensional data. At the
same time, this provides us the opportunity to adapt new methods and create algorithms that
would help to detect the emergence of disorders of neural networks or evaluate the functional
dynamics of their modification through the course of medicalintervention.

In this thesis we have taken a multimodal approach to analyzethe observed brain dynamics.
Our multiscale experimental methods included large scale recordings including non-invasive
methods at the macro-scale, i.e. EEG/MEG, at invasive largescale recordings at meso-scale,
i.e. ECOG (electrocorticogram), and at micro-scale high density 2-D multielectrode arrays
(for recording from a small patch of cortex). It is essentialto use a multiscale approach to
understand the system better and predict its behavior with higher accuracy. Whether we are
interested in unraveling the mysteries behind cognition, or we wish to predict seizure or devise
brain-computer interfaces, studying the system at its multitude modes of operation (ranging
from desynchronized state to SWS and other states of consciousness) and at different levels of
resolution is to the key to understanding and harnessing thecomplexity of the brain.

Brain shows a complexity unseen in other systems. Partly, this complexity is a reflection
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of computation at multitude of levels. Other face of the brain complexity roots in the fact that
as the registration and process of information happens at one scale, it transcends to the other
scales. This creates an information processing system thatis ever changing dynamically. ”How
these system-wide changes happen across the different scales?”; this is one of the key questions
in the daunting task of unraveling the mysteries behind the intricacy of neural computation.
There is no doubt that only the simultaneous measurements across many scales can show us
the right answer. However, technically, such task is still ahead of us. Surly, with the future
advancements, it will be feasible to study the computation at many scales at once. At the
time being, we can approach this problem through indirect ways. One way to find such links
would be to investigate a certain type of information processing through parallel studies at
multiple scales. For example, one can study facial recognition using macro-scale recordings
(like EEG or MEG) and then, separately, he could repeat the same experiment while recording
LFPs or spikes in the region of interest. Then, by combining the information, he could arrive
at a detailed picture of that specific brain function. Such anapproach is good for pinning down
the properties of information processing behind a certain functionality of the brain. The other
approach, which we adapted, is to find the links that reflect the nature of large-scale organization
of neural computation. This body of work investigates the state-dependence of organization of
computing characteristics of the brain.

It is now understood that the neural doctrine of Ramon y Cajalis not sufficient to tell us how
the brain works. In the last decade, the nature of network computation at micro-scale and large-
scale network interaction at macro-scale have became the subject of active research in neuro-
science. By adapting a multi-scale multi-modal approach, we have a chance to combine details
obtained from these different angles and construct theories that integrate microscopic models
(that track the details of the system) with macroscopic ones(that track the global dynamics of
the system). In parallel to dynamic assessment of multiscale neural complexity, it is essential to
bind them together in a cohesive manner. The adapted modalities in our work are indeed com-
plementary, each having a unique vantage point. The differential sensitivity between EEG and
MEG to core and matrix thalamocortical projections providevaluable information about syn-
chrony and recruitment vs asynchrony and fragmentation of neural networks. But how does the
brain orchestrates its many scales of computation into one unique functional structure? Inves-
tigating the possibility of spectral self-organization, long-term state-dependent spatiotemporal
dynamics at microscale and the avalanches at micro and meso level help to decipher how the
system is governed. In this thesis, we have shown that the spectral characteristics of MEG and
EEG have fundamental differences in their characteristics. In contrast to the prior belief, we
show evidence to the contrary of self-organized criticality in large-scale spectra. The findings
were suggestive of a highly complex pattern of spectral features (at the studied frequencies) that
are reflective of the dynamics oscillatory aspects of cortexas well as the nature of the medium.
It suggest that while the system may be communicating en-large through rhythmic activity, the
controlling elements are not all summarized in near a phase transition. This temporal character-
istic of self-organization at the spectral regime was mirrored by our investigation of the spatial
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avalanches at the other end of the computing scale, i.e. spiking activity, and at the mediator
stage, i.e. the avalanches constructed from the local field potentials. The studies of avalanche
dynamics show us that neural networks of the brain may operate in a multi-scale regime rather
than in punctuated equilibrium. In this study, we suggest that the dynamics are best predicted if
one assumes that multiple processes interact with each other and form the future computational
connectivity of the system rather than being pushed back to the phase transition zone each time
a perturbation (here, information processing) occurs. Ourstudy on microcircuitry is a step to-
ward better prediction of the spatiotemporal dynamics of information flow within the neural
networks. The rich dynamics of the two populations, i.e. excitatory and inhibitory neurons,
and their distinctive spatiotemporal correlation characteristics show that the cortex, fine tunes
its state-dependent activity through focal computing excitatory elements controlled by a more
wide-spread inhibitory force. It is the constant interplaybetween these two systems that shapes
an ongoing balance between the systems while providing the playground for instant response to
the incoming stimuli and replay of information.

Bringing these findings under the same roof will enable us to better understand how the
computation at a multitude of scales emerges from the interaction of the units with each other
within their medium and how the medium affects the way the information is encoded within the
network. In summary, we found no evidence for global features of self-organized critical dy-
namics at the levels that we have investigated. However, ourresults show that self-organization
may emerge through other routes. It could be that large-scale rhythmical activities recruit the
individual elements into a cohesive action. But it has to be emphasized that speaking of “in-
dividual elements” does not just simply translate to a semi-departure from the neuron doctrine
by scaling up the size of functional units from the individual neurons to, for example, a hyper-
column. The observed rich spatiotemporal dynamics in our studies and the emerging evidence
from other investigators guide us to a new doctrine in which the functional elements are not
rigid and predefined. But perhaps, the state-dependent oscillatory and rhythmic activity recruit
ensemble of neurons, tune them for the action that itself generates the forthcoming rhythmic
activity. Self-organization happens within a dynamic environment where it is influenced by the
medium’s physical characteristics and limitations and influences the components of the system.
But where are the switches for controlling this self-organization? We suggest that perhaps the
interplay of excitatory and inhibitory elements (again we wish to emphasize that by element we
mean a dynamic collection of individual neurons and their surrounding medium and perhaps
glia) is they key element. It is through the interaction of multiple exponential processes that
the inhibition and excitation mutually control each other and the fate of the neural network.
We suggest that the coupled oscillator network models of interacting excitation and inhibition
should reproduce these findings. To what degree such abstraction could reflect the dynamics of
the system, is a challenge for future work.

Theories built upon multimodal, multi-scale investigations and computational studies, will
help pave the way for quantitative medicine. By adapting a multi-scale multi-modal approach,
one can create a dynamic algorithm that would search for patterns in multidimensional space
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of high throughput neurophysiological data. Such algorithms would detect any perturbation
that could lead to the abnormal behavior of the system as changes in its fractal dimensionality
and complexity emerge. My expectation is that, in the near future, this work will be directly
applicable to an anticipatory device. These types of anticipatory devices are critical because
they will stand as one of the pillars of modern medicine and will prove to be inseparable from
therapeutical control of biological networks. We are at theinfancy of unraveling the mysteries
of biological computation. The bits of a constantly morphing computing environment perhaps
are not limited to a series of units that their dissociation or integrations would create a less or
more sophisticated being. It is the emerging ascent of bits of interacting elements that truly
defines the complexity of the system. Surly as Philip Anderson said, “more is different”; but in
our case, it is the emerging information processing throughmultitude of scales that transcends
us from being to becoming.



Part IV

Bibliography

193





Bibliography

1. M.A.B. Brazier. A history of the electrical activity of the brain; the first half-century.
Macmillan, New York, 1961.

2. L.A. Geddes. Historical perspective Electroencephalography. In Joseph Bronzino,
editor,The Biomedical Engineering Handbook, Volume 2, chapter 5, pages HP 5–1 to
HP 5–7. CRC Press, Hartford, second edition, 2000.

3. T F Collura. History and evolution of electroencephalographic instruments and tech-
niques.Journal of clinical neurophysiology : official publicationof the American Elec-
troencephalographic Society, 10(4):476–504, October 1993.

4. B E Swartz and E S Goldensohn. Timeline of the history of EEGand associated fields.
Electroencephalography and clinical neurophysiology, 106(2):173–6, February 1998.
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states of the hippocampal network affect functional clustering of neurons.The Journal
of neuroscience : the official journal of the Society for Neuroscience, 21(10):RC145,
May 2001.

244. Catherine A Schevon, Sau K Ng, Joshua Cappell, Robert R Goodman, Guy McKhann,
Allen Waziri, Almut Branner, Alexandre Sosunov, Charles E Schroeder, and Ronald G
Emerson. Microphysiology of epileptiform activity in human neocortex. Journal
of clinical neurophysiology : official publication of the American Electroencephalo-
graphic Society, 25(6):321–30, December 2008.

245. BW Silverman. Using kernel density estimates to investigate multimodality.J R Stat
Soc B, (43):97–99, 1981.

246. Jaime de la Rocha, Brent Doiron, Eric Shea-Brown, Kresimir Josić, and Alex
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