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Abstract

Differences in the apparent 1/f component of neural power spectra require correction
depending on the underlying neural mechanisms, which remain incompletely understood.
Past studies suggest that neuronal spiking produces broadband signals and shapes the
spectral trend of invasive macroscopic recordings, but it is unclear to what extent action
potentials (APs) influence scalp EEG. Here, we combined biophysical simulations with
statistical modelling to examine the amplitude and spectral content of scalp potentials
generated by the electric fields from spiking activity. In physiological parameter regimes,
we found that APs contribute negligibly to the EEG spectral trend. Consistent with this,
comparing our biophysical simulations with previously published data from pharmaco-
logically paralyzed subjects suggested that the EEG spectral trend can be explained

by a combination of synaptic timescales and electromyogram contamination. We also
modelled rhythmic EEG generation, finding that APs can generate detectable narrow-
band power between approximately 60 and 1000 Hz, reaching frequencies much faster
than would be possible from synaptic currents. Finally, we show that different spectral
detrending strategies are required for AP generated oscillations compared to synapti-
cally generated oscillations, suggesting that existing detrending methods for EEG spectra
need to be modified for high frequency signals.

Author summary

Electroencephalography (EEG) allows researchers and clinicians to measure millisecond
changes in human brain activity without surgery or other invasive procedures. However,
the neural mechanisms that produce EEG signals remain only partially understood.
While brain rhythms have been extensively characterized with EEG, scalp recordings
also exhibit non-rhythmic, broadband signals, which are only beginning to be under-
stood. It is known that in recordings made inside brain tissue, neuronal spiking activity
produces broadband signals at high frequencies. Here, we performed detailed biophys-
ical and computational modelling of electric field generation in the brain to ascertain

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012794 February 4, 2025

1/27



https://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012794&domain=pdf&date_stamp=2025-02-10
https://doi.org/10.1371/journal.pcbi.1012794
https://doi.org/10.1371/journal.pcbi.1012794
https://creativecommons.org/licenses/by/4.0/
https://github.com/niklasbrake/apEEG_modelling
https://github.com/niklasbrake/apEEG_modelling
https://orcid.org/0000-0002-4256-2832
https://orcid.org/0000-0002-8228-9914
mailto:anmar.khadra@mcgill.ca
https://doi.org/10.1371/journal.pcbi.1012794

PLOS COMPUTATIONAL BIOLOGY Action potential contribution to scalp EEG

recherche du Quebec — Nature et technologies
(FRQNT) doctoral training scholarship. The
funders had no role in study design, data
collection and analysis, decision to publish, or
preparation of the manuscript.

Competing interests: The authors have
declared that no competing interests exist.

the extent to which spiking activity contributes to scalp EEG. We find that it generally
does not, suggesting that high frequency broadband EEG signals reflect noise unrelated
to brain activity, and validating that low frequency broadband signals are produced by
electrical transmission between neurons and not spiking activity. However, our results
do characterize a range of frequencies where EEG oscillations may be generated, either
in part or in full, by spiking activity. We conclude that spiking activity does not pro-
duce broadband signals, but can still generate narrowband signals at high frequencies.
Understanding the origins of high-frequency EEG signals has important implications for
interpreting scalp recordings and informs the design of quantitative methods for signal
analysis.

Introduction

Understanding the neural mechanisms underlying EEG generation is important for inferring
changes in brain state, as well as developing methods to filter out irrelevant signals. Towards
this latter aim, recent work has focused on characterizing the neural basis of broadband EEG
signals and defining when and how EEG spectra need to be detrended [1-3]. Studies into the
neural basis of broadband EEG have primarily focused on synaptic filtering [3-6] and low
frequency, aperiodic network fluctuations [3,7,8]. However, in addition to synaptic contribu-
tions, the spectral trend observed in invasive, large-scale neural recordings, such as the local
field potential (LFP) [9-11] and intracranial EEG (iEEG) [12,13] including electrocorticog-
raphy (ECoG) [14-17], is believed to reflect broadband contributions from spiking activity
[9,10,18], especially at frequencies above ~60 Hz, the so-called high gamma range. Such high
frequency broadband contributions are thought to be important for determining the slope of
the 1/f spectral trend [19].

In comparison to invasive recording techniques, the majority of the unprocessed EEG
signal above 30 Hz reflects muscle activity [20-23]. Moreover, EEG is thought to be inca-
pable of measuring APs because they are believed to be too brief and unsynchronized [24,25].
Nonetheless, when muscle artifacts are corrected for, EEG recordings have displayed tran-
sients in the high gamma range [26-28], similar to those observed in LFP and iEEG record-
ings. If such high frequency transients are indeed generated by synchronized APs, it would
hold significant implication for interpreting spectral peaks and correcting for the EEG spec-
tral trend. Interestingly, a recent biophysical modelling study showed that APs account for
almost 20% of the amplitude of single-neuron dipoles, and concluded that APs can contribute
significantly to EEG rhythms [29]. However, a systemic investigation into the ability of APs
to produce detectable scalp potentials has not been undertaken. Additionally, the poten-
tial contribution of APs to aperiodic EEG signals and the overall spectral trend has not been
explored.

In this study, we aim to address this gap by employing a quantitative approach that
explores AP-generated EEG signals, a type of signal that we refer to hereafter as apEEG for
brevity. To begin, we employ a combination of biophysical simulations and statistical mod-
elling to examine the impact of single neuron properties and spike synchrony on the ampli-
tude and spectral features of apEEG signals. Using these results, we evaluate whether apEEG
can exhibit experimentally-measurable narrowband and broadband high gamma power. Our
results have implications for interpreting high frequency EEG rhythms and for designing
practical methods for spectral detrending.
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Results
Unitary AP response of single-neuron dipoles is approximately linear

The contributions of an individual neuron to the electric potential measured by a distant elec-
trode can be modelled by a single dipole vector that varies with time [30,31]. This case applies
well to EEG signals due to the distance between the brain and scalp electrodes. To understand
how APs contribute to EEG, we therefore first sought to characterize the contributions of APs
to their respective neurons’ dipoles. We simulated neuron models with detailed morpholo-
gies and distributed passive and voltage-gated ion channels on the soma, axon initial segment,
and dendrites (Fig 1A). To induce spiking, we bombarded the dendrites of this active model
with background synaptic input, whereas to block spiking in the presence of such synaptic
inputs, we set the conductance of voltage-gated sodium channels in the soma and axon initial
segment to zero, obtaining a passive model that allowed us to characterize the dipole gener-
ated in the absence of firing (Fig 1B). By subtracting the active and passive simulation results
and thereafter taking the spike-triggered average of the single-neuron dipole, we estimated the
unitary AP response of the electric field (Fig 1C).

The ensemble electric field is equal to the linear summation of those generated by each
individual neuron in the brain [24,32]. However, the electric fields generated by individual
neurons are not in general linear; sublinear and supralinear interactions among synaptic cur-
rents prevent this [33]. Nonetheless, one might hypothesize the contributions of APs to be lin-
ear. In this case, the spectrum of the single-neuron dipole, S( f) would be proportional to the
energy spectrum of the unitary AP response, S, ( f), satisfying the equation

S(f) =Syn(f) + BSap(f) (1)

where Sy, (f) is the power spectrum of the synaptic contributions, and g is a scaling factor
that should be equal to the cell’s firing rate, as we demonstrate below. To test the accuracy
of this simplified model, we calculated single-neuron dipoles while varying the firing rate
of the neuron by altering the ratio of excitatory to inhibitory input (Fig 1D). We estimated
Ssyn for each EI ratio by considering the passive model in which the sodium channel conduc-
tance was set to zero. Meanwhile, S,, was defined as the energy spectrum of the unitary AP
response calculated at low firing rates (see Methods). By fitting the power spectrum of the
single-neuron dipole at each EI ratio with Eq 1, we estimated the scaling factor 8 and showed
that it closely matches the firing rate (Fig 1E and 1F).

We performed this analysis on biophysical models of 68 representative neuron classes
[34] (S1 Table). Across all models, the unitary AP scaling factor § closely followed the firing
rate (Fig 2A). However, as the firing rate increased, the accuracy of the linear approximation
decreased (Fig 2B). This was because the unitary AP responses were less representative of the
AP responses occurring at high frequencies. Nonetheless, we found that the spectral profile of
the AP-generated signal was nearly identical to that predicted by the linear model up to fir-
ing rates of approximately 80 Hz (Fig 2C). We concluded that the amplitude of AP responses
are captured well by a linear model, but that the precise spectral properties of these responses
may be slightly different than those predicted by a fully linear model during sustained high
frequency firing above 80 Hz. However, considering that the average firing rates of active neu-
rons typically fall below 60 Hz [35-38], we deemed this simplification of AP signals to be
acceptable.
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Fig 1. Calculating the unitary AP response. (A) The extracellular electric field generated by a neuron is shown at the peak of an AP. (B) Left: The single-neuron
dipole, g, associated with the neuron in panel A for the active model (black) and passive model with sodium channels removed (grey). The x, y, and z components of
the vector are plotted from top to bottom. Notice the correspondence in the subthreshold fluctuations between the two sets of simulations. Right: The power spec-
trum of each dipole component trace on the left for the active (black) and passive (gray) model. (C) Left: The difference between the single-neuron dipoles calculated
with the active and passive model aligned to each AP (light blue), along with the spike-triggered average (dark blue) which defines the unitary AP response. x, ,

and z components are shown from top to bottom. Right: the power spectrum of the unitary AP response. (D) The firing rate of the active (black) and passive (gray)
model as a function of E:I ratio, defined as the ratio between the rate of excitatory synapse activation, A, to that of inhibitory synapse activation, A;. (E) The power
spectrum of the z component of the single-neuron dipole (black) at three different firing frequencies: 0 Hz (left), 3 Hz (middle) and 7 Hz (right), along with the
spectra of the passive models (gray) and the spectra of the unitary AP response (blue) shown previously in panel C. Notice how the unitary AP spectrum matches,
up to a scaling factor (3), the single-neuron dipole spectrum at high frequency. (F) The scaling factor for the unitary AP spectrum that fits the single-neuron dipole
spectrum, plotted as a function of the firing rate (black dots). These data points almost align perfectly with the unity line (black line). The x and y components of the
dipole vector show the same behaviour (S1 Fig).

https://doi.org/10.1371/journal.pcbi.1012794.9g001

A linear model for the spectrum of AP electric fields

The above results indicate that the EEG signal can be reasonably approximated as the super-
position of a signal generated by synaptic currents and another generated by APs, i.e., the
apEEG signal. Furthermore, this apEEG signal can itself be described as a linear system. It fol-
lows (see Methods) that the amplitude and spectral features of AP contributions to scalp EEG
can be described as

N
A ~ spik A A spik A
|Barl® = 3 RESVT (xi) R v(x:) + ) RE“T () R v (), )
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Fig 2. AP contributions to single-neuron dipoles are linear with firing rate. (A) Fitted unitary AP scaling factor ({; see Eq 1) plotted against firing rate for 68
neuron models covering the 55 neuron classes identified by Markram et al. [34] (S1 Table). These data points align almost perfectly with the unity line (red line).

(B) The R? value obtained from fitting a linear model (Eq 1) to the spectra of the AP dipole response in each simulation. Notice how the line of best fit (red line)
shows that Eq 1 gets less accurate at high firing rate. (C) The spectra of the z component of the single-neuron dipoles (black), averaged across all simulations with
firing rates in the specified ranges, compared to the spectra predicted from the linear model (blue). For firing rates less than 80 Hz, the linear model produces spectra
nearly identical to the simulations. At firing rates above 80 Hz, there is a slight departure is spectral density around 100 Hz. The same results were obtained with the
x and y components of the dipole (S1 Fig).

https://doi.org/10.1371/journal.pcbhi.1012794.9002

where N is the total number of neurons in the cortex, R% (7) is the auto-correlation matrix
of the unitary AP response for neuron i, R. "(T) is the cross—correlatlon matrix for two neu-
spike

rons i and j, Rfﬁike(‘[) is the spike train auto-correlation of neuron i, R;;™"(7) is the spike train

cross-correlation of neurons i and j, and R, i R?f , RSP * and RSP the denote their Fourier trans-
forms, respectively. Note that all correlations are unnormahzed e.g., spike train correlations
scale with firing rate. Finally, v(x;) is the “lead field” [32] that transforms the current dipole at
a location x; into an electric potential at the scalp.

We estimated Rg.’ from the unitary AP responses generated by all 1035 neuron models
from the Blue Brain project [34] using the framework outlined in the foregoing sections. As
expected, when the neurons fired APs with zero lag, their dipoles exhibited strong cross-
correlations along the apical-basal axes of their respective neurons (S2 Fig). Interestingly,
these calculations also revealed significant cross-correlations between the dipoles’ apical-basal
component and their azimuthal components (S2 Fig). This observation suggests that even
neurons that are not aligned in parallel may still generate coherent electric fields during syn-
chronous firing, thus further boosting the signals generated by populations of AP responses.
To compute the final ensemble apEEG spectrum, assumptions need to be made about the
spatiotemporal properties of spike synchrony, ij;ike(r), throughout the cortex.

Magnitude of apEEG depends on dendrite asymmetry

To begin, we investigated the case where neurons fire according to uncorrelated Poisson spike
trains. In this case, R}, lke( f)=0and R lke( f) = 4;, although for simplicity we assumed a single
average A for all neurons. This s1mphﬁes Eq2to

|¢AP| —AZVT xl)R V(x,) (3)

= ANSAp(f), 4)
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where S4p(f) is the average spectrum of a unitary apEEG response—a transient in the EEG
signal caused by a single AP (Fig 3A). To estimate S4p( f), we placed each neuron model

at every cortical location in the head model and calculated the unitary apEEG responses

(S3 Fig). We then calculated the spectra of these responses and averaged them together,
weighting each model’s output by the fraction of cortical neurons it represented (Fig 3B).
These simulations produced both an average spectrum and provided information on the
contributions of each neuron class to this average spectrum.

Among neuron classes, the average power of the unitary apEEG response varied by almost
two orders of magnitude (Fig 3B). Excitatory pyramidal cells tended to generate larger ampli-
tude apEEG signals than inhibitory neurons, as expected [29]. However, certain inhibitory
neurons also generated surprisingly large amplitude signals (Fig 3B). Whereas the average
excitatory neuron generated a unitary apEEG response with an energy of ~0.09 pV?, the
average inhibitory neuron generated signals of ~0.02 pV2. Because pyramidal neurons are
thought to dominate EEG signals due to their polarized dendrite morphology, we hypothe-
sized that many interneurons have significant asymmetries in their dendritic arbours. To test
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Fig 3. Diverse cell types’ unitary AP contributions to scalp EEG. (A) Top: several AP-aligned single-neuron EEG
transients (light blue), along with their average (dark blue), produced by a neuron placed at a random cortical loca-
tion in the New York Head model (bottom) and measured at the Cz electrode site. (B) The unitary apEEG power,
averaged across simulations of all possible neuron locations in the cortex, for each of the 1035 neuron models, split
into various morphology classes; a description of each morphology class is provided in S2 Table. Excitatory neurons
are shown in red and inhibitory neurons in blue. The relative abundance of each morphology type is shown at the
top of the panel. (C) The location-averaged unitary apEEG power of each neuron model plotted against the neuron’s
dendrite asymmetry index (Eq 17, see Methods). The size and opacity of each point is directly proportional to the
neuron’s relative abundance in the brain. Black line: line of best fit. (D) The expected unitary apEEG spectrum,
Sap(f), across all neuron models (black), the excitatory neuron models (red), and the inhibitory neuron models
(blue). (E) The simulated apEEG spectrum generated by the entire brain firing asynchronously at various frequencies,
compared to the noise floor of a typical EEG amplifier [20].

https://doi.org/10.1371/journal.pchi.1012794.9003
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this, we defined a dendrite asymmetry index (Eq 17; see Methods) and evaluated the predic-
tive power of this measure on apEEG signal strength. Consistent with our hypothesis, the uni-
tary apEEG power for each neuron was strongly correlated with its dendrite asymmetry index
(Fig 3C). While in general excitatory neurons exhibited more dendrite asymmetry, many
interneuron dendrites displayed equal or greater asymmetry (Fig 3C). This result demon-
strates that interneuron spikes can generate large electric fields, commensurate with those of
many excitatory neurons. Nevertheless, the average unitary apEEG spectrum, S4p( f), was
dominated by the spectral features of excitatory neurons as they comprised approximately
85% of all neurons (Fig 3D).

Interestingly, the expected unitary apEEG spectrum revealed both low pass and bandpass
properties (Fig 3D). The bandpass property, which is reflected in the peak in the power spec-
trum around 100 Hz, arises from the fast temporal dynamics of the up and downstroke of the
AP waveform. The low-pass filtering properties are evident in the low frequency power below
10 Hz. This power was disproportionately contributed by certain neuron classes which exhib-
ited significant, slow after-hyperpolarizations that often took tens to hundreds of milliseconds
to return to baseline (54 Fig).

Finally, we examined the ensemble apEEG spectrum (Eq 4). Even with an unrealistically
high brain-wide firing rate of 100 Hz, the amplitude of the ensemble apEEG signal barely
reached the noise floor of high resolution, low noise EEG recordings (Fig 3E). Given the
absence of synchrony, these spectra serve as indicators for defining lower bounds on any con-
tributions of APs to scalp EEG. Unsurprisingly, simulated APs were insufficient to produce
detectable EEG signals when firing asynchronously.

Spike synchrony cannot produce high frequency broadband apEEG

We next investigated the effects of spike synchrony on apEEG generation, and turned to the
full Eq 2. We used a minimal model for spike synchrony based on two general observations:

1. Spike synchrony is strongest among nearby neurons [39-41]. This was implemented in
our model by synchronizing the spike timing of neurons depending on their pairwise
distance according to ngikes(r) x exp(—dij/Zafc), where d;; is the Euclidean distance
between neurons i and j, and o2 is a parameter that controls the cortical distance over
which activity becomes uncorrelated. In accordance with unit recordings in visual cor-
tex [39,40], we set o2 to be 3 mm? (Fig 4A). Although recordings from prefrontal cortex
suggest a slightly lower value of around 1 mm? [42], differences in the value of o, at the
scale of millimeters did not have meaningful effects on the results that follow (S6 Fig).

2. Even neurons with correlated spiking do not fire at exactly the same time. The timescale
of correlation was captured by modelling the spike train cross-correlation as a Gaussian
function, whose variance, o7, reflects the jitter in spike times [39-41,43] (Fig 4B).

Together, these two experimental observations give rise to the following equation describ-
ing spike synchrony

/lRmax

\/2mo?

where R, represents the noise correlation between neurons [43] and A is the average fir-
ing rate of the neurons. According to this model, the dynamics of AP firing and synchrony
are both entirely aperiodic, thus allowing us to examine whether apEEG signals can generate
aperiodic EEG signals and contribute to the EEG spectral trend.

Rifj’,"k“(f) - exp(-d;;/207) exp(-7°/207), (5)
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Under this correlation scheme, we estimated the cross-spectral density among the apEEG
responses of all pairs of neurons in the brain, i.e., the second term in Eq 2, using Monte Carlo
simulations (see Methods; Fig 4C). By excluding excitatory or inhibitory neurons from these
simulations, we could estimate the consequences of spike synchrony in each population sep-
arately, which allowed us to test how much apEEG power may be derived from interneuron
synchrony versus pyramidal neuron synchrony. These simulations revealed that interneu-
rons can exhibit high coherence in their apEEG signals, especially around ~300 Hz (Fig 4C).
Indeed, the average cross-spectrum among interneurons reached 10% of that among pyra-
midal neurons (Fig 4D). This suggests that if the rate and/or synchrony of firing (specifically
ARyax) among inhibitory neurons were 10 times higher, they would contribute equally with
pyramidal neuron pairs to apEEG power between 250 and 500 Hz (Fig 4D). Although the
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Fig 4. Aperiodic APs cannot generate high frequency EEG signals. (A) Schematic illustration of the local nature
of correlated activity in the model. Neighbouring neurons fire spikes with a correlation of Ryax, while neuron pairs
that are increasingly separated show gradually decreasing correlation. (B) Schematic illustrating the timescale of
correlation. Correlated neurons have a given fraction of their spikes synchronized (left) with a jitter value drawn
from a Gaussian distribution of standard deviation o (right). (C) The average cross-spectral density (CSD) among
pairs of excitatory neurons (red), pairs of inhibitory neurons (blue), and all pairs of neurons (black), given the cor-
relation scheme in panels A and B. (D) The ratio between the average CSD for inhibitory and excitatory neuron
pairs. (E) Example ensemble apEEG spectra of a brain with an average firing rate of 1 Hz and maximal correlation of
Rpax = 0.2, plotted for various values of o; (blue). Red line: Noise floor of a typical EEG amplifier [20]. (F) Maximal
spectral density above 30 Hz generated by the model for a whole range of firing rates (1) and jitter values (o), as
well as for various maximal correlation values (Rpax). Red line: The boundary delineating spectral density above
and below the noise floor of the amplifier. Dotted box: the regime of physiologically realistic parameter values (see
Methods).

https://doi.org/10.1371/journal.pcbi.1012794.9004
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high abundance of pyramidal neurons significantly boosts their contributions to the ensem-
ble EEG signal, we conclude that their specific polar geometry is not strictly necessary for
generating coherent AP electric fields.

Considering these coherent fields among excitatory and inhibitory neurons, how large
might ensemble apEEG signals get? Could APs contribute to the high frequency plateau seen
in EEG spectra? Using our estimates for the average auto-spectra (Fig 3D) and cross-spectra
(Fig 4C) of single-neuron apEEG signals, we computed the ensemble apEEG spectrum from
Eq 2. As a specific example, Fig 4E shows the spectra calculated for Ry5 =0.2 and 4 = 1 Hz.
When o = 0, spiking occurs with perfect synchrony, producing an apEEG spectrum that
is essentially a scaled version of the average cross-spectrum among unitary AP responses.
This spectrum indicated that synchronized, aperiodic APs would produce large amplitude,
high frequency broadband EEG signals well above the noise floor of typical EEG amplifiers
(Fig 4E). On the other hand, when o; = o0, the spectrum was identical to the asynchronous
case (Fig 3) and lay far below the noise floor (Fig 4C). For intermediate values, the spectra fol-
lowed the perfectly synchronous spectrum until a cut-oft frequency, determined by o, above
which the spectrum dropped down to the asynchronous spectrum (Fig 4C). This indicates
that the timescale of correlation, oy, is critical in allowing or preventing APs from generating
high frequency, broadband EEG signals.

To investigate further, we performed a full sensitivity analysis of model outcomes with
respect to the jitter (67), maximal correlation (R,u,), and firing rate (1). Fig 4D illustrates
the maximal spectral density produced at frequencies above 30 Hz. The red line indicates
where the apEEG crosses the noise floor and the dotted box shows a physiologically reason-
able parameter range for A, 0y, and R, (see Methods: Determining ranges for parameters).
This dotted box is almost entirely contained below the noise floor of EEG amplifiers. In other
words, realistic firing rates and temporal imprecision in spike synchrony prevent broadband
apEEG signals from generating high frequency EEG. We thus conclude it is extremely unlikely
that APs contribute to the high frequency plateau observed in EEG spectra.

Predicted apEEG magnitudes would be too small to shape the spectral
trend

The main neural sources of EEG, including broadband EEG, are thought to be synaptic cur-
rents [3-7,24,44-46]. However, these scalp potentials are contaminated with broadband
external noise, e.g., electromyogram (EMG) [20,22] and amplifier noise [47], as well as nar-
rowband noise, i.e., 50 or 60 Hz line noise. To further examine whether APs might constitute
a neural source of broadband EEG, we sought to compare our simulation results to EEG data
while accounting for other sources of broadband signals.

This was done be analyzing the EEG data that Whitham et al. [20] collected from subjects
during peripheral blockade of nicotinic cholinergic receptors, which causes muscle paralysis
and attenuates myogenic artifacts [20,22]. Using the technique from Miller et al. [5], we sub-
tracted the noise floor from the spectra, in order to approximate an EEG spectrum free of the
two major known sources of external broadband noise. As expected, these EMG-attenuated,
noise floor-corrected spectra no longer exhibited a high-frequency plateau (Fig 5A); this was
in agreement with our conclusion that APs cannot produce a high-frequency plateau in EEG
spectra.

We next asked how much of the remaining broadband features could be explained by
synaptic currents. Past modelling studies have suggested that the EEG spectral trend reflects
the timescales of inhibitory and excitatory synaptic currents, with each contributing a “knee”
to the spectrum, one at a lower frequency and another at a higher frequency, respectively
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Fig 5. EEG spectral trend can be explained entirely by synaptic timescales. (A) Spectra of EEG signals collected
from unparalyzed (grey) and paralyzed (black) subjects by Whitham et al. [20]. Here, the paralyzed spectrum has
been noise-floor corrected (see text). (B) The noise-floor corrected spectra of paralyzed individuals, fit with Eq 18
(solid blue; see Methods). The dashed blue lines indicate the contributions of GABA receptor (GABAR) and AMPA
receptor (AMPAR) timescales to the fit. Parameter values: Tyy =4 ms, Tjp = 20 ms, Tg1 = 1 ms, Tg2 =3 ms, Aj = 3.6,
and A = 3.3. S7 Fig shows that the scaling values A; and A are consistent with biophysical simulations. (C) Same
data as panel B, here plotted alongside the apEEG simulations from Fig 4E. (D) The ratio between the data and sim-
ulated apEEG spectra for various ARax values, ranging from 104 to 107! (y-axis of each sub-panel), and o; values,
ranging from 11 ms to 100 ms (top to bottom). Red contour lines show where the apEEG spectra attain 1% and 10%
of the power seen in the data.

https://doi.org/10.1371/journal.pcbi.1012794.9005

[3,4]. We therefore attempted to fit the spectrum with the sum of two Lorentzian func-
tions (see Methods). We found that the spectral trend could be almost entirely explained by
inhibitory synaptic timescales (Fig 5B), consistent with the profound effect GABA receptor
agonists have on the scaling of EEG spectra [3,48]. Excitatory timescales were estimated to
contribute modestly at higher frequencies, around 100 Hz.

Are these estimated synaptic contributions biophysically reasonable? To address this, we
extended a previous model of synaptically generated aperiodic EEG [3] to include variable
coherence among excitatory and inhibitory currents (S7 Fig). This extension allowed us to
examine how different levels of excitatory and inhibitory coherence impact the amplitude
and scaling of EEG spectra. We found that the EEG spectral trend from paralyzed subjects
could indeed be captured by biophysical simulations of aperiodic synaptic activity (S7 Fig). In
our simulations, we reduced the contributions of excitatory timescales relative to inhibitory
timescales by constraining the spatial extent of excitatory synchrony. This result could also
have been achieved by reducing the amplitude of excitatory synchrony or by perturbing the
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spatial organization of correlated synapses, as previously shown [3]. We therefore cannot draw
definitive conclusions about which mechanism(s) might cause the differences in amplitude
between AMPA and GABA mediated timescales in the data, except insofar that these differ-
ences are biophysically plausible. Broadly speaking, the simulations and data analysis suggest
that the EEG spectral trend can be almost entirely explained by coherent, inhibitory synaptic
currents, along with EMG and amplifier noise.

Even if APs do not contribute to the data from Whitham et al. [20], it is possible that APs
could contribute under other conditions. By comparing the amplitude of simulated apEEG
signals under various parameters to the EMG-attenuated, noise floor-corrected spectra, we
determined whether it would be possible for broadband apEEG to ever contribute notice-
ably to the EEG spectral trend (Fig 5C and 5D). Consistent with our results above, we found
that apEEG signals are far to small to produce EEG signals above ~60 Hz for any physiolog-
ically realistic parameter values (Fig 5D). However, we found that aperiodic apEEG signals
could potentially contribute small amounts of power at lower frequencies for low jitter val-
ues (o; ~ 10 ms) and high firing rates and/or synchrony levels (AR, > 0.01). Nevertheless,
these parameter values are at the extrema of possible parameter values (see Methods). For
most other parameter combinations, particularly with less temporally precise spike synchrony
(higher o values), apEEG could only contribute at most ~1% to the spectral trend observed
in the Whitham et al. [20] data. In conjunction with our synaptic timescale analysis, these
modelling results suggest that broadband EEG signals are generally produced by synaptic
currents, with minimal or no contributions from APs.

APs can contribute to EEG rhythms in gamma range and above

Even if APs do not produce aperiodic EEG signals, it may still be possible that they contribute
to EEG rhythms [29]. We therefore used our framework to investigate the consequences of
rhythmic synchrony in AP firing activity. We modelled oscillatory synchronization by making
the cross-correlation between pairs of neurons a damped sine wave [49,50]. Mathematically,
this means that the spike train cross-correlation is now described by the following equation,

/‘lRmax

\/27mo? oP

where f; is the synchronous rhythm frequency. A representative parameterization of this
equation is plotted in Fig 6A. Based on this, we investigated the EEG spectra produced by APs
when the frequency of synchronous oscillation, f, was systematically varied. The value of o,
only altered the sharpness of the oscillations spectral peak, but did not affect its amplitude

(S8 Fig); we therefore set o, to maintain a constant peak width in the subsequent simulations.

To evaluate the amplitude of these apEEG oscillations, we computed its power relative to
the synaptic trend fit to the data of paralyzed subjects (Fig 5B). In this way, we could com-
pare the modelled amplitude of AP-generated rhythms to a “null” EEG spectrum absent brain
rhythms.

When the firing rate or the magnitude of the spiking correlation was too low, APs could
not generate any detectable EEG signals (Fig 6B). Interestingly, when the product of the two
scaling factors in our model, AR,,, was above approximately 107, synchronous rhythmic AP
firing could generate pronounced spectral peaks in the EEG spectrum, but only if the oscil-
lation frequency was around 200 Hz. When the value of AR, was further increased, the
regime of oscillation frequencies that produced detectable apEEG signals expanded (Fig 6B).

RI (1) = (~d2;/20%) exp(~2/207) cos(27Tfy), (6)
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Fig 6. APs can contribute to gamma and higher frequency oscillations. (A) The spike train cross-correlation used
to model rhythmic spike synchrony, with 6; = 11.3 ms and fy = 40 Hz as an example. (B) Simulated amplitudes of
spectral peaks generated by APs synchronized at rhythm frequencies between 1 and 1000 Hz. The simulated peak
amplitude was defined relative to the power of fitted spectral trend from Fig 5B at the specified oscillation frequency.
(C-H) The average spectra of paralyzed patients (grey) and the fitted spectral trend (black). Notice how at higher
frequencies, the spectral trend is constrained by the noise floor (red). The simulated spectrum of the apEEG signal
(solid blue) generated by rhythmic spike synchrony at f = 5 Hz (C), 10 Hz (D), 20 Hz (E), 40 Hz (F), 80 Hz (G)

and 160 Hz (H). Dotted blue line: the apEEG spectrum generated by the brain with the same average firing rate and
maximal correlation as solid blue lines, but with perfectly synchronized spikes, i.e., 0y = 0 ms.

https://doi.org/10.1371/journal.pchi.1012794.9006

To better illustrate how these values arose, we plotted one specific example when 4 =1 Hz
and Ry,qc = 0.2. By superimposing the apEEG spectra on the example EEG data, one can see
that APs with slower synchronous rhythm frequencies, fy, produce apEEG signals below the
amplitude of the EEG spectral trend (Fig 6C-6E). However, at higher f, the amplitude of
the generated spectral peak increased significantly. The amplitudes of these peaks trace out
the spectrum generated by the model when synchrony is entirely aperiodic with zero jitter
(Fig 4F-4H). It follows that the amplitude of apEEG rhythms can be predicted by the simpli-
fied synchrony model described in the previous section.

For an 80 Hz rhythm, the parameter combination AR, needed to be at least ~ 0.03 to
produce a signal of equal or greater amplitude than the spectral trend (Fig 6B). This condi-
tion could be met, for example, with a maximal correlation value around 0.1 and average fir-
ing rates around 0.3 Hz, which are within the range of values measured experimentally (see
Methods: Determining ranges for parameter values). In contrast, no reasonable set of param-
eters would allow APs to contribute significantly to EEG signals of lower frequency rhythms.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012794 February 4, 2025 12/ 27



https://doi.org/10.1371/journal.pcbi.1012794.g006
https://doi.org/10.1371/journal.pcbi.1012794

PLOS COMPUTATIONAL BIOLOGY Action potential contribution to scalp EEG

We conclude that lower frequency EEG rhythms likely reflect purely synaptic activity, whereas
rhythmic EEG signals in the gamma range or higher may contain significant contributions
from APs.

APs explain EEG oscillations above 250 Hz

Given an EEG oscillation, how much of it is due to synaptic currents versus APs? Even under
the most extreme parameter values, our simulations indicate that APs cannot contribute sig-
nificantly to EEG oscillations at low frequencies (Fig 6C-6H). We used this result to estimate
lower bounds on the contributions of APs to higher frequency oscillations. Specifically, we
approximated the contributions of synaptic currents at higher frequencies by translating the
alpha peak—which we assumed to be generated purely by synaptic currents—along the fitted
spectral trend towards the new rhythm frequency (Fig 7A). This procedure has the follow-
ing mechanistic interpretation. Because of the gating kinetics of AMPA and GABA receptors,
synaptic contributions to EEG reflect a low-pass filtered version of the oscillations in neural
spiking. Thus, by holding the amplitude of the spectral peak constant relative to the synap-
tic filter’s frequency response (i.e., the spectral trend), one is assuming that the underlying
oscillation only differs in its frequency. In reality, EEG oscillations are known to attenuate

for other reasons as well, such as the decrease in spatial synchrony with increasing frequency
[51,52]. We therefore took our translated peak as an upper bound for high frequency synaptic
contributions.

We combined these surrogate, synaptic peaks with simulated apEEG peaks and estimated
the fraction of the ensemble peak contributed by APs (Fig 7B). Due to the upper limit on
synaptic contributions, this approach provides a lower bound for AP contributions. This anal-
ysis indicated that EEG oscillation faster than 250 Hz must be due to APs, because any synap-
tic component would be too strongly attenuated to overcome the noise floor. This can be seen
from the fact that above the noise floor cutoft in Fig 7C, any oscillation above 250 Hz would
be predominantly AP generated. At the other extreme, oscillations slower than ~30 Hz con-
tained minimal apEEG content, no matter how we parameterized the apEEG simulations
(Fig 7C), consistent with our results above. For oscillations at intermediate frequencies, the
contribution of APs would depend on the precise value of the parameter combination AR,
which is unknown in practice. Decreasing the spatial extent of AP synchrony constrained the
parameter regime where APs could generate detectable EEG, but still indicated that APs are
alone capable of generating detectable EEG oscillations above 250 Hz (S9 Fig). Altogether,
these simulations predict that AP-related currents are responsible for EEG oscillations faster
than 250 Hz, and potentially even those as slow as 80 Hz depending on yet uncharacterized
parameters of apEEG generation.

Discussion

We have shown using biophysical simulations that asynchronous spiking activity cannot cross
the noise floor of EEG amplifiers in our models and that, while synchronous aperiodic spiking
can generate detectable EEG signals, these signals are dwarfed by the contributions of synap-
tic currents. On the other hand, we found that rhythmic spiking activity can potentially gen-
erate significant EEG oscillations depending on the frequency of such rhythmicity. Together,
our results provide quantitative insights into the neural basis of EEG and have direct practical
implications for interpreting EEG spectra.
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Fig 7. APs can explain high frequency EEG oscillations. (A) Scheme for estimating upper bound on synaptic con-
tributions to spectral peaks at high frequencies. See text for details. (B) Two spectral peaks reflecting the sum of the
synaptic component, i.e., panel A, and the apEEG component, shown in Fig 6. APs contribute negligibly to the alpha
peak, but are estimated to contribute ~70% to the 120 Hz peak under these specific model parameters. (B) The frac-
tions that APs are estimated to contribute to spectral peaks at various frequencies, coded in opacity (see color bar), as
a function of parameter combination ARmax. Red line: contour below which the combined synaptic-AP spectral peak
does not overcome the noise floor.

https://doi.org/10.1371/journal.pchi.1012794.9007

Interpreting and analyzing EEG spectra

To detrend or not to detrend EEG spectra depends on the mechanisms underlying the
changes in the spectral trend [3]. Our results therefore provide important theoretical guid-
ance for spectral detrending. First, our modelling suggests that high frequency broadband
EEG signals are unlikely neural in origin, in constrast to more invasive techniques where APs
are thought to contribute. This point highlights that detrending requires different methodolo-
gies at high and low frequencies. While additive noise at high frequencies can be corrected
through subtractive detrending [5], synaptic timescales should be corrected divisively [3].
Notably, “whitening” EEG spectra typically involves subtracting the log slope of the spectrum
[1,53], which is a divisive operation. Our results suggest that this process will overestimate
changes in higher frequency EEG oscillations, particularly above 30 Hz.
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We illustrate this point using a toy model in Fig 8. Suppose two EEG spectra are being
compared, one of which reflects a lower excitatory to inhibitory (E:I) ratio and less elec-
tromyogram (EMG) (Fig 8A1 and Fig 8B1). Due to the difference in E:I ratio, the spectra
need to be detrended of synaptic timescales prior to comparison, as described previously [3,4]
(Fig 8C1). However, in cases where the high frequency plateau is also changing, for exam-
ple due to differences in muscle tone, the high frequency plateau needs to be subtracted first.
Otherwise, peak estimates will be nonuniformly biased (Fig 8D1 and Fig 8E1).

Importantly, correcting for synaptic timescales assumes that spectral peaks are gener-
ated by synaptic currents. Our results suggest that this is may not be the case for high fre-
quency oscillations. In this case, correcting for synaptic timescales when analyzing high fre-
quency oscillations would lead to incorrect conclusions (Fig 8 A2-Fig 8E2). Our results thus
strongly indicate that high frequency oscillations should be analyzed separately from lower
frequency oscillations. Our simulations provide a reasonable frequency range where oscilla-
tions can be generated by AP activity and therefore suggest principled cutoft frequencies for
performing different spectral trend analyses. Nonetheless, lower bounds for this frequency
cutoft depended on parameters for which we still lack brain-wide estimates, including lev-
els of spiking synchrony and average firing rates. Spectral analysis of EEG would thus benefit
from future experimental work investigating these parameters in more detail as the necessary
techniques for collecting large scale, simultaneous spiking data continue to improve [54]. Fur-
thermore, future work applying our modelling framework to determine AP contributions to
intracranial EEG could be useful for extending our conclusions to patients with epilepsy who
exhibit high frequency oscillations [55-57].
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Fig 8. A toy model illustrating the implications of this study’s results on spectral detrending. (A1) EEG spectrum (black) modelled with (i) Gaussian functions at
10 and 40 Hz, a constant offset and 1/f noise at low frequencies, all filtered by synaptic timescales (the synaptic timescales fitted in Fig 5 were used), plus (ii) additive
EMG noise. The equation describing the spectrum was P(f) = (1 + a(f) + y(f) + 1/f)Pyn + noise, where & and ¥ represent the Gaussian peaks. The spectral
density from synaptic timescales (blue) and additive noise (red) are overlaid on the simulated spectrum. (B1) Same as in A1, but the EMG noise has been decreased
by 50% and the E:I ratio was decreased ~2.5 fold. The spectrum from panel A1 is shown in grey for comparison. The amplitude of the the Gaussian functions were
not changed. (C1) Power of spectrum after parameter modifications relative to before (i.e., black vs gray lines in B1). Differences in the spectral trend were not
corrected for. (D1) The same as in C1, but with the spectral trend, defined as Py, + noise, removed divisively from the spectra. Notice how this analysis artifactually
displays an increase in the alpha and especially the gamma peak, even though these components of the spectrum were not changed. (E1) The same as in C1, but with
spectra detrended using a mixed approach. Here, the EMG noise was subtracted prior to detrending divisively with the synaptic timescales, producing correctly no
changes in rhythmic power. (A2-E2) The same as in A1-E2, respectively, but with the inclusion of a high frequency oscillation (HFO) at 250 Hz generated by APs
using the equation P(f) = (1 + a(f) + ¥ (f) + 1/f*)Psyn + HFO(f) + noise.

https://doi.org/10.1371/journal.pcbi.1012794.g008
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Neural basis of EEG

Past work has found that apEEG signals can in theory produce low frequency EEG oscilla-
tions [29], contrary to our findings. In this previous study, the relative contributions of APs
and synaptic currents to the single-neuron dipole were investigated, concluding that APs con-
tribute up to 20% of the single-neuron dipole signal. Our simulations indicated that the aver-
age unitary apEEG response is approximately 0.08 pV?, whereas the average single-neuron
EEG power generated in our passive simulations was 0.09 pV?. Thus, at the single-neuron
level, our results agree with this previous study, assuming an average firing rate of approxi-
mately 0.25 Hz. However, this ratio would only persist in the ensemble EEG if the synaptic
and AP components were similarly coherent. Our findings indicate that, even at upper param-
eter bounds, APs and their after-hyperpolarizations can contribute only minimally to lower
frequency EEG rhythms. Our results thus demonstrate that the relative contributions of APs
and synaptic currents to single-neuron signals do not carry over to ensemble EEG signals.
Nonetheless, our results do indeed suggest that at higher frequencies, APs can account for sig-
nificant fractions of EEG rhythms, potentially forming the sole neural basis of these rhythms
above 250 Hz.

Our work also has implications for understanding the cellular basis of EEG signals. In par-
ticular, EEG signals are typically thought to be generated by pyramidal neurons [24,58]. How-
ever, despite the prototypical morphology of an inhibitory neuron as a stellate cell, with a
closed field structure that would prevent them from generating EEG signals [59], we found
that the slight asymmetries in interneuron morphologies allowed them to generate unitary
apEEG signals only four-fold smaller than excitatory neurons. This result is broadly in line
with those of Tenke et al. [60], who found that asymmetries in stellate cells allow them to
exhibit open field configurations and generate significant current source densities.

Moreover, we found that almost the entirety of the apEEG signal amplitude is conferred
by spiking synchrony. While the parallel morphologies of pyramidal neurons allowed their
apEEG signals to cohere more strongly, even interneurons exhibited the ability to gener-
ate coherent electric fields, especially between 250 and 500 Hz. While differences in spiking
dynamics are not well quantified in vivo, interneurons are typically thought to fire faster and
more synchronously than excitatory neurons [61]—especially parvalbumin-expressing (PV)
interneurons which account for ~30% of all interneurons. It may therefore be possible that
interneurons contribute significantly to high frequency apEEG signals. Coincidentally, the
frequency range where inhibitory neurons generate the strongest ensemble apEEG signals
(250-500 Hz) is also the frequency range where our model suggested EEG rhythms could be
predominantly AP-driven. In future work, it would be interesting to quantify precisely the
degree to which experimentally determined differences in firing rate and spike synchrony
compensate for the weaker unitary AP responses and lower abundance of inhibitory neurons.
Combined with our other results, these insights may inform what cell types are predominately
responsible for high frequency EEG rhythms.

Modelling assumptions and limitations

In modelling the apEEG signal, we assumed that the AP component of the EEG is indepen-
dent of the synaptically-generated EEG signal; that is, in Eq 10 we assumed a null cross-
spectrum between electric fields generated by APs and postsynaptic potentials (PSPs). The
AP-PSP cross-spectrum could be estimated from simulations of neural circuits with mor-
phologically detailed neuron models. However, the results would depend strongly on the
precise network topology and sub-cellular targeting of synaptic connections which remain
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only vaguely constrained by experiments. As more data emerge on cellular and sub-cellular
connectivity patterns, it could be worthwhile to examine this assumption in more detail.
Nonetheless, we do not expect that including the cross-spectrum would qualitatively
change our study’s conclusions. Firstly, in an aperiodic regime, the majority of power from
subthreshold fluctuation will be unrelated to the timing of spikes due to the cancellation
between excitatory and inhibitory currents [62] (Fig 1). In this case, a null cross spectrum
is a reasonable approximation and we therefore expect our results pertaining to broadband
apEEG to be robust. During synchronous oscillations, both synaptic and AP events are
strongly entrained, and their correlation could either increase or decrease the power of EEG
oscillations depending on the nature of the cross-spectrum. Regardless, the amplitude of this

modification is bounded above by |syuxap| < \/|Psyn|?|Pap|? in other words, the low pass fil-

tering of synaptic kinetics would prevent the cross-spectrum from having a large impact on
high frequency EEG power. Consequently, quantifying the cross-spectrum would likely not
change our conclusions about the neural sources of high frequency oscillations.

Finally, recent work has suggested that APs propagating along axons generate dipoles that
contribute to LFP recordings [63]. On the other hand, it has been argued that due to the ran-
dom orientations of axonal termination segments, these signals would not contribute to EEG
[29]. In the current study, we only considered back-propagating APs. However, a similar the-
oretical framework could be used to investigate the electric fields generated by forward prop-
agating APs in more detail. Including these contributions could increase the amplitude of the
unitary AP response, potentially expanding the parameter range that permits AP-generated
EEG oscillation. On the other hand, including forward propagating APs would not change
our finding that jitter in spike timing prohibits high frequency aperiodic apEEG signals, and
therefore our conclusions pertaining to the spectral trend would likely be unaffected.

Conclusion

Based on our findings, we conclude that APs are unlikely to contribute to the EEG spectral
trend, and that this trend can be explained entirely by synaptic timescales, electromyogram
contamination, and amplifier noise. However, we also conclude that APs can produce nar-
rowband EEG power at high frequencies, with potentially significant contributions from
interneurons. If true, these model predictions suggest that high frequency oscillations and
low frequency oscillations interact with the spectral trend differently. While low frequency
oscillations require detrending of synaptic timescales, applying this analysis to EEG oscilla-
tions generated by APs would produce incorrect results. Altogether, this work indicates that
the interactions between spectral peaks and the spectral trend is frequency dependent, fur-
ther highlighting that the EEG spectral trend is not a singular phenomenon and should not be
removed as a single parameterized function when higher frequencies are included.

Methods
Mathematical framework

We will derive an equation for the contributions of APs to scalp EEG assuming that the EEG
signal can be treated as a linear superposition of a signal generated by APs and a signal gener-
ated by synaptic currents, an assumption we validate in Figs 1 and 2. In general, the potential
between two electrodes can be calculated from their lead field [32], v(x), which describes the
sensitivity of the measured potential with respect to a unit dipole vector at the spatial point x.
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Using this formalism, we can write the potential generated by N neurons as

#(1) =3V (x)a,(0), @)

where g, is the single-neuron dipole of neuron i, located at coordinate x; in the brain. This
equation leads to the following power spectrum for the ensemble signal

|PI* = Z V(%) R jv(x;), (8)
irj

where R;;(7) is the cross-correlation matrix of the single-neuron dipoles for neurons i and j,
and R;; denote their Fourier transforms.

We now make use of the superposition assumption by decomposing g; into its synaptic and
AP component

qi(t) = qsyn(i) + qAP(i)’ (9)

where the vector Doyniy i the synaptic component of the single-neuron dipole for neuron 4,
and q,p(; is the AP component of the dipole of neuron i. This decomposition allows us to
rewrite the ensemble EEG power spectrum as

|$|2 = |$AP|2 + |§£syn|2 + 2Re($AP><syn)a (10)

where |¢1p|? is the apEEG power spectrum, |¢,,|? is the synaptic EEG power spectrum, and
qSApxSyn is the cross-spectrum between these two signals. In the present study, we will assume
that the AP-synapse cross spectrum is negligible (see Discussion). Consequently, the contri-
butions of APs to scalp EEG will be characterized by the amplitude and spectral properties of
the term | p|*.

The contributions of APs to scalp EEG can therefore be written, in parallel to Eq 8, as

|fapl’ ZZVT(xi)ﬁffV(xj), (11)

ij

where Rff (7) is the cross-correlation matrix between q,,p;) and q,p(;), i.€., the cross-
correlation for specifically the AP components of the single-neuron dipoles of neurons i
and j, and R;; denote their Fourier transforms. To arrive at Eq 2, we make use of the results
in Figs 1 and 2 that the AP-component of the single-neuron dipole can be described as an
impulse response function—that is, a spike train driving unitary AP responses. Mathemati-
cally, this means q,,p ;) = (qap( ) * w;) (), where w; is the spike train and 4, is the unitary
AP response of neuron i. The cross-correlation between g, p(;y and q,p;y is thus the cross-
correlation between their unitary AP responses, Rg , convolved with the cross-correlation

between their spike trains, Rjgike. After taking the Fourier transforms, we therefore get

SAP b spike 5ap
R =RIRS. (12)
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Using our above definition for the contributions of APs to scalp EEG, we arrive at the equa-
tion we will attempt to estimate throughout this paper,

A A spiki N
|Barl® = 3 RE“VT (x:) RS v(x;) (13)
irj

A k A N k N
= DRIV () R v () + 3 RESVT (x) RS v(x;). (14)
i i#i

Biophysical simulations of unitary AP responses

To calculate the unitary AP responses of various neuron types, we simulated 1034 biophys-
ical neuron models originally developed by the Blue Brain Project [34]. These models have
detailed morphological reconstructions of the dendritic arbours and 13 voltage-dependent
channels distributed throughout the axonal, somatic, and dendritic segments. For the present
work, background synaptic input was added to the model to drive AP firing by distributing 1
excitatory synapse and 0.15 inhibitory synapses per um of dendrite. The average firing rate of
all synapses was set to 1.75 Hz and the ratio of excitation to inhibition, defined as the ratio of
mean activation rates between excitatory and inhibitory synapses, was tuned for each neuron
model to bring the firing rate below 40 Hz but above 0 Hz. This ensured that APs occurred
sparsely enough that the electric fields they generated were independent of one another.

Models were simulated using the python package LFPy [64], built on top of the NEURON
simulation environment [65], and the single-neuron dipole generated at each time point was
calculated using the totality of the current in the dendritic and somatic compartments, as
described by Neess et al.[30]. These simulations were then repeated with spiking abolished
by setting the somatic sodium channel conductances to zero. The difference between the
single-neuron dipoles was then computed and taken to approximate the AP component of the
dipole. To calculate the unitary AP response, APs were identified in the somatic compartment
of the spiking neuron models using MATLAB’s findpeaks algorithm with a minimum peak
height set to 0 mV. The spike-triggered average of the AP component of the dipole was then
computed for each neuron model. Every model was simulated sufficiently long to obtain at
least 10 spikes for averaging.

To simulate EEG signals, we used the lead field from the New York Head model [66]. The
New York Head model is an average head model based on the MRI of 152 individuals and
has the lead field calculated at approximately 75,000 cortical mesh points. All the simulations
results here are based on the potential at the Cz electrode site measured against the common
average reference. Note that when a neuron morphology was placed at a source location in the
cortex, it was embedded in the local coordinates. In other words, the apical-basal axis of the
neuron morphology was aligned perpendicular to the cortical surface.

Monte Carlo simulations for apEEG spectrum with spike synchrony

Evaluating the second term in Eq 2 required computing the cross spectra for all pairwise com-
binations of cortex coordinates and neuron models (> 10'° unique pairings), making this

step intractable. We therefore used a Monte Carlo sampling approach [67]. Because spike
synchrony was assumed to be local in nature with

BRI (f) = h(f) exp(-d; /297), (15)
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for a spike train cross correlogram of the form h(t), we could rewrite the second term in Eq 2
as follows

SR )R v(5) =h(f) [ e (NdNG), (16)

i reR+

Note the assumption that 4 is independent of space. To calculate this equation, we needed to
calculate dN(r) and S, (7).

The density dN(r) reflects the number of neuron pairs in the cortex separated by a distance
1, e.g., of all pairs of neurons in the cortex, how many are separated by 5 mm? We estimated
this directly from the anatomical data of the New York head model as described previously
[3]. Briefly, we placed a ball of radius r centered at some coordinate in the cortex and calcu-
lated the total surface area of the cortex within this ball. Assuming a uniform distribution
of 16 billion neurons across the cortical surface area [68], we determined the total number
of neuron within a radius r of this point. We then repeated this procedure with the ball cen-
tered at 10000 different points in the cortex and for balls of radii ranging from 0 to 200 mm.
By averaging across the different center points, we estimated the average number of neurons
that exist within r mm of any point in the cortex (S5 Fig). The derivative of neuron count with
respect to r gives the value dN(r).

The spectrum S, () is the expected cross-spectrum between single-neuron EEG signals
generated by cells separated by a distance r and was estimated using Monte Carlo sampling.
First, two neuron models were selected proportionally to the estimated abundance of each
morphology type and placed at the same random location, sampled uniformly from the entire
cortex. Then, one neuron was displaced in the cortex by a random distance chosen with a
probability defined by the distribution dN(r). From this setup, the unitary apEEG responses
for the two neurons at their respective locations were calculated. The cross-spectrum between
these two unitary apEEG responses was then included in the estimate of Eq 16. This proce-
dure was repeated approximately 44 million times, which was determined when Chebyshev’s
inequality [67,69] indicated there was less than 1% probability that our estimate was off by
an absolute error of 8,5, =4 X 1072° uV?/Hz, thus corresponding to an error in the ensem-
ble EEG of equal magnitude to the noise floor of typical EEG amplifiers, i.e., approximately
1073 uV?/Hz [20].

Dendrite asymmetry index

Each dendritic arbour was defined by N truncated cones with volumes V; and midpoints x;,
fori € {1,2,..N}. The dendrite asymmetry index was then defined as

N
Al = ZV,-xiQ (17)

i=1

where |-| denotes the Euclidean norm, while @ and © denote element-wise division and mul-
tiplication, respectively. The calculation of this index is illustrated in S10 Fig. Conceptually,
this equation measures how far the weighted centroid of the dendrites is from the origin, nor-
malized in a sense by the span of the dendritic tree. We found that normalization by the actual
span of the dendrites over-penalized cells with long apical dendrites. Conversely, without any
normalization, cells with large dendritic spans could have relatively symmetric dendrites but
large absolute asymmetries, causing their apEEG signals to be overestimated. We found that
normalizing by the standard deviation balanced these two extremes well.
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Determining ranges for parameter values

Magnitude and timescale of correlation. Co-tuned neurons in area MT exhibit cor-
relations of approximately Ry, = 0.2 with a timescale estimated to be around o; = 11.3 ms
[43]. Unless otherise stated, we used these values in our example simulations. For two rea-
sons, these parameter values likely represent upper bounds for brain-wide spike train cor-
relations. First, neurons that are not co-tuned exhibit less correlated activity [70], meaning
that the average spike synchrony among all neighbouring neurons is likely lower than that
between co-tuned neurons. Consistent with this, a survey of studies across different experi-
mental paradigms and cortical areas found correlation values ranging between 0.05 and 0.25
[41]. In area MT, the timescale of correlation was found to be around 10 ms [43], whereas
studies in V4 indicate timescales of tens or hundreds of milliseconds [40,71]. We therefore
took a liberal range of 10 to 100 ms as an acceptable range for o;.

Mean firing rate. Because activity is sparse in the cortex, most neurons are silent at any
particular moment; this silent fraction has been estimated to be up to 90% of all cells [72]. As
a consequence, the average firing rate across the entire brain is significantly lower than would
be expected from measurements of only responsive neurons, with estimates averaging around
0.1 to 2 Hz [72-74].

EEG data and spectral trend fitting

The experimental data shown in Fig 5, Fig 6, and Fig 7 were extracted directly from the figures
in Whitham et al. [20], and were fit with the equation

Al(tn -1)? Ap(tp - TR)?

S(f) = (1+ 7frn)?) (1 + (27frp)?) * (1+ 2afre)?) (1 + 27fre)?)’

(18)

where 7;; and 7, are the rise and decay time constants associated with inhibitory synaptic
responses and 7p; and 7, are the rise and decay time constants associated with excitatory
synaptic responses, while A; and Ag govern the relative contribution of inhibitory and exci-
tatory currents to the EEG spectrum. This equation was adapted from Eq 6 in Brake et al. [3],
except that here the high frequency plateau was explicitly decomposed into excitatory synap-
tic contributions and the noise floor, which was empirically determined to be ~107* uV?*/Hz
[20] and subtracted from the spectrum prior to fitting. The parameters 7;; and 7, were taken
to be the same as in Brake et al. [3], while the exact values for 7g; and 7p, did not have a sig-
nificant impact on our conclusions provided they were chosen to be faster than the GABA
receptor timescales.

Supporting information

S1 Fig. Scaling of the x and y components of the unitary AP spectrum. (A-C) Same as Fig
2, but for the x component of the single-neuron dipole. (D-F) Same as Fig 2, but for the y
component of the single-neuron dipole.

(TIF)

S2 Fig. Cross-correlation among unitary AP responses. Solid black line indicates average
across all pairs of 1035 neuron models, weighted by the relative abundance of the pairing
(Fig 3B). Shading reflects 95% confidence interval of the mean.

(TIF)

$3 Fig. Example unitary apEEG responses from five neuron models placed at six cortical
locations. The source locations are labeled on the brain template at the top of the figure. The
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lines extending from each labeled location indicate the direction of the respective normal vec-
tor, which were used to orient the apical-basal axes of the neurons. The morpohlogies of the
five neuron models are shown below the cortical template and are labeled using the syntax
from Markram et al. [34]. From left to right, these models represent a layer 6 pyramidal neu-
ron, a layer 2/3 pyramidal neuron, a layer 4 basket cell, a layer 4 chandelier cell, and a layer

5 thick-tufted pyramidal neuron. Below each neuron morphology is shown the x (blue), y
(red), and z (orange) components of the single-neuron dipole in response to an AP. Finally,

at the bottom of the figure is shown the unitary apEEG responses produced at the Cz elec-
trode when each neuron model is placed at each of the six indicated cortical locations. Note
that amplitude of the apEEG signal depends on the overall size of the neuron and the distance
from the neuron to the electrode.

(TIF)

S4 Fig. Low frequency apEEG power generated by afterpotentials. (A) The slope of the
unitary AP spectrum for every neuron model, calculated between 1-10 Hz. A neuron (ID:
L4_BP_bAC217_1) with a particularly negative slope is indicated in blue. (B) Power spectrum
of the unitary AP spectrum for the neuron indicated in panel A, with 1/f trend fitted at low
frequencies (dashed black line). (C) Top: z component of the single-neuron dipole of the neu-
ron indicated in panel A (black) and with somatic and axonal sodium channels removed to
generate a passive model (grey). Bottom: Difference between the active and passive neuron
models. Note that the spikes have been truncated at +0.5 nA pm. After each spike, the active
model’s dipole takes hundreds of milliseconds to reconverge to the passive model. The same
phenomena were observed in the dipoles x and y components.

(TIF)

S5 Fig. Distribution of neuron pairs with respect to pairwise distance. (A) Surface area
(SA) of the cortex from New York head model enclosed within balls of increasing radii, with
the origin of the ball placed at 10,000 cortical locations. Black dots indicate the discrete ball
radii for which the surface area was calculated. Shading reflects standard deviation across the
10,000 starting points. (B) The derivative of the surface area with respect to radius (black),
scaled to obtain the density of neuron pairs for each pairwise distance (see Methods). The
red curve illustrates the coupling kernel, as in Fig 4A. The vast majority of neuron pairs are
separated by more than 10 mm and are therefore not correlated in the model.

(TIF)

S6 Fig. Sensitivity of aperiodic apEEG to o. (A) Same as in Fig 4F, but for g2 = 1 mm?.

(B) Same as in Fig 4F. (C) Same as in Fig 4F, but for 62 = 5 mm?. (D) Left: Same as in Fig 5D,
but for 02 = 1 mm*. Middle: Same as in Fig 5. Right: Same as in Fig 5D, but for o7 = 5 mm?
(left).

(TIF)

S7 Fig. Validation that AMPA and GABA receptor timescales can scale independently.
(A) Nlustration from Brake et al. [3] of the minimal model for dipole coherence between
two neurons. Briefly, synapses on the two neurons are activated with correlated Poisson pro-
cesses, with correlation strengths determined by the angular distance between the synapses.
See Brake et al. [3] for more details. (B) Only GABA receptor activation has been correlated.
Left: the average power spectral density (PSD) and cross spectral density (CSD) for the two
single-neuron EEGs. Middle: The PSD has been fit with the sum of two Lorentzian functions
(Eq 18) (green). The GABA receptor (blue) and AMPA receptor (red) related timescales are
also shown. Right: The CSD is entirely fit with the GABA receptor timescale from the mid-
dle panel. In other words, the cross spectrum is entirely determined by the timescale of the
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correlated GABA receptors. (C) The PSD of the summed single-neuron EEGs from the two
neurons when the synapses were correlated and independent. Both PSDs were fit with Eq 18
(black lines) using the same 71, Tn2, Tg1, and 7, as the PSD in panel B. As expected from the
CSD, the difference between the correlated and independent ensemble EEG was captured by
increasing the scaling of the GABA receptor timescales. (D) Same as panel B, but here only
AMPA receptor activation has been correlated. Now the CSD (right) is captured entirely by
the timescale of the AMPA receptor, i.e., the cross-spectrum is entirely determined by the
timescale of the correlated AMPA receptors. (E) Same as panel C, but for the case where only
AMPA receptors have been correlated. Notice that now the correlations boost the amplitude
of the AMPA receptor timescale in the ensemble signal. (F) When all synapses are correlated,
the CSD is equal to the sum of the GABAR only CSD (panel B) and the AMPAR only CSD
(panel D) (G) Correlating all synapses boosts the amplitude of both the AMPA and GABA
receptor timescales. (H) Based on panels B-G, the CSD between two neurons was modelled as
a weighted sum of their GABAR CSD (panel B) and their AMPAR CSD (panel D). The CSD
amplitudes decreased with distance following a Gaussian function with variance o* such that
nearby neurons were more correlated than distant neurons. Illustration adapted from Brake
etal. [3]. (I). The ensemble EEG spectrum was modelled while separately varying the spatial
decay for the GABAR component (0§ 5,r) and AMPAR component (o5 psr) of the CSD.
The data in Fig 5B was captured with 0% 45, = 0.1 mm? and 03 ;p,x = 0.005 mm?.

(TIF)

S8 Fig. Correlation timescale influences the spectral peak width of apEEG rhythm.
(A) Plot of Eq 6 for 0; = 60 ms. (B) Same as in Fig 6G, but for o, = 60 ms. (C) Same as in
Fig 6B, but for o, = 60 ms. (D-F) Same as in A-C, but for o, = 4 ms.

(TIF)

S9 Fig. APs synchronized over shorter distances still explain high frequency oscillations.
Same as Fig 7C, except with apEEG simulated with o, = 1 mm instead of 3 mm.
(TIF)

S10 Fig. Schematic of dendrite asymmetry index calculation. (A) Example morphology

of a layer 6 pyramidal cell. Note that the diameter of the dendrites have been increased by a
factor of two in the figure to better illustrate the variation in dendrite diameter throughout
the arbour. (B) Zoomed in view of the indicated dendritic branch, showing that the dendrite
morphology is represented by truncated cone segments.The diameter and length of each trun-
cated cone is printed. For illustrative purposes, the dendrite diameter is drawn with a scaling
factor of 10. The same dendrite segment with correct proportions is shown in the insert for
comparison. (C) To calculate the dendrite asymmetry index (Eq 17), each segment is repre-
sented by its midpoint in space (x;) and its total volume (V;), calculated as 1/37L(r} +rry+13).
The black dots plotted at the midpoint of each dendrite segment are scaled proportionally

to the segment’s volume. (D) The black dots represent the midpoints and their sizes repre-
sent the volume of all dendrite segments. The red star indicates the result of the asymmetry
index calculation (Eq 17), prior to taking the Euclidean norm. The length of the red line is
thus the asymmetry index of this neuron. For illustrative purposes, the equation result has
been scaled here by 0.01 as otherwise the vector would be too long to depict. Note, however,
that the regression in Fig 3 holds for any arbitrary scaling of Eq 17.

(TIF)

S1 Table. List of 68 neuron models used in Fig Fig 2. Nomenclature from Markram et al. [1].
(XLXS)
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S2 Table. List of morphology classes used in Fig 3. Nomenclature from Markram et al. [1].
(XLXS)
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